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Abstract 

In the present manuscript-based cumulative doctoral thesis, investigations were carried out on 

the topic of visual search and decision-making in aviation security X-ray screening. In 

particular, the question of how the overall system performance, including the interaction 

between human operators and technology, can be enhanced is being addressed. This thesis 

includes eight manuscripts which are divided into three different sections. The first section 

covers factors and challenges for visual search and decision-making in X-ray image inspection. 

Besides the discussion of known factors from literature, studies were conducted to evaluate the 

effect of knowledge about everyday objects and its relevance for visual inspection. Results of 

three experiments revealed interesting relationships between everyday object knowledge and 

performance in visual inspection. In the second section of the thesis, the impact of advanced 

technology for visual search and decision-making of improvised explosive devices (IEDs) in 

X-ray image inspection was investigated. Moreover, the application of newly developed 

technologies for cabin and hold baggage screening was evaluated in terms of their benefits on 

the overall human-machine system performance. Results showed promising benefits for 

detecting IEDs with the help of advanced technologies on the overall human-machine system 

performance in both, cabin and hold baggage screening. In the third section, studies were 

carried out to evaluate the validity of research about visual search and decision-making in X-

ray image inspection. Results revealed insights on the generalizability and validity of different 

tasks, populations and detection measures in X-ray security screening. In order to obtain high 

external validity, all experiments conducted within the scope of this thesis used X-ray screeners 

working at European international airports as participants as well as realistic stimuli recorded 

and developed with aviation security experts. All results are discussed in the context of the 

corresponding literature and future research and implications are outlined. Conclusions are of 

high practical relevance and can thus deliver valuable contributions to the aviation security 

industry, including airports, appropriate authorities, regulators and manufacturers of X-ray 

technology.  
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Introduction 

 Inspection research in the early days of the 20th century began with the assumption that the 

outcomes of said inspections were completely rigorous, elaborate and reliable. When studying 

the inspection process in depth in order to characterize and understand inspection errors, 

research in the 1950s disproved this assumption (Latorella & Drury, 1982, 1992; Wiener, 1986). 

In the 1970s, signal detection theory was applied to model inspection performance and various 

attempts were carried out to mathematically model the visual search phase of the inspection 

process (Drury & Fox, 1975; Harris & Chaney, 1969; Sheehan & Drury, 1971). In the 1980s, 

the focus was shifted to understanding individual differences in inspection performance and to 

derive techniques to select the best suited people for this job (Gallwey, 1982; Gallwey & Drury, 

1986). Continued in the 80s, Drury and Sinclair (1983) were the first to carry out studies in the 

attempt to understand the use of automation for visual inspection. Following the Aloha Airlines 

incident in 1988, research regarding the reliability of aircraft maintenance and inspection 

drastically increased in the 1990s. The aforementioned scientific breakthroughs were 

accompanied by the introduction of computers to aid computer-based instruction and training 

for inspection tasks (Czaja & Drury, 1981; Drury & Gramopadhye, 1990; Drury & Kleiner, 

1990; Shepherd & Parker, 1990; Thapa, Gramopadhye, Melloy, & Grimes, 1996). With 9/11, 

the application of findings from inspection research started to be applied in X-ray screening of 

passenger bags at airports (Drury, 2001). Inspection studies published after 9/11 investigated 

more thoroughly the use of automation using detection algorithms, new technologies including 

multi-view and 3D computer tomography (CT) imaging, the utility of virtual reality training 

techniques and many other factors (for reviews see Graves et al., 2011; McCarley, Kramer, 

Wickens, Vidoni, & Boot, 2004; Merry, 2015; Mounton & Breckon, 2015; Singh & Singh, 

2003; Wells & Bradley, 2012). To summarize, research in this field is driven by the concerted 

effort to understand, minimize and cope with inspection errors. 

 X-Ray image inspection of passenger bags can be understood as a form of visual inspection 

(Drury, 1978; Koller, Drury, & Schwaninger, 2009; Wales, Anderson, Jones, Schwaninger, & 

Horne, 2009). Spitz and Drury (1978) assumed that the inspection task in general is composed 

of a search and a decision component, which are independent of each other. Thereby, visual 

search includes the visual scanning of an area and is terminated by either directing the attention 

to a suspicious part of an area (i.e. potential threat object) or by an upper bound on time spent 

on visual search. This search stage can be described as bottom-up, rapid, and global. Bottom-

up processing relies on basic visual features that attract visual attention. Decision includes the 

fixation of the suspicious object, the matching of the visual stimulus with representations stored 
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in the visual memory, the decision itself (i.e. threat object vs. harmless) and the time to execute 

the response (OK vs. NOT OK). This decision stage of visual inspection involves both bottom-

up (sensory) and top-down (cognitive) processes influenced by previous knowledge and 

expertise of the task. Thereby, signal detection theory (SDT) provides a framework to model 

this decision process. The basic idea of SDT is that when confronted with a binary decision 

task, cognitive information processing will ultimately result in some kind of one-dimensional 

subjective evidence variable for or against one of the alternatives (Wickens, 2002). 

 One major aspect in aviation security involves the mandatory process of baggage screening 

using X-ray machines. The implementation of X-ray machines to support baggage screening 

has been introduced over 40 years ago (Peil, 1972; Wetter, 2013). Instead of unpacking and 

hand searching every piece of baggage, X-ray images displaying the contents of a bag allow 

speeding up the inspection process. Based on the X-ray image, a screener who sits in front of a 

screen has to decide if a bag is OK and allowed to pass or whether it needs further inspection. 

As required by law (e.g. European Commission, 2015), screeners visually inspect every piece 

of cabin baggage at airport security checkpoints. Passengers’ carry-on bags are stored in the 

cabin of airplanes during flight. Because this baggage can be accessed during a flight, guns, 

knives, improvised explosive devices (IED), and other items that could pose a threat (e.g., 

electric shock devices) are prohibited (Hancock & Hart, 2002; Harris, 2002; Schwaninger, 

2005). Larger baggage is stored in the hold of an aircraft and processed differently (Shanks & 

Bradley, 2004). Passengers have to register such hold baggage at check-in stations before going 

through airport security checkpoints. At big airports, hold baggage is processed by a baggage 

handling system containing X-ray machines that have explosive detection systems (EDS) for 

detecting explosive material. Whereas in cabin baggage screening, there are multiple target 

types (guns, knives, IEDs, explosives, other threats), this is not the case in hold baggage 

screening. As passengers cannot access items stored in the hold of an aircraft, a gun or a knife 

does not pose a threat, and hold baggage screening targets only fully functioning IEDs (Bretz, 

2002). Only X-ray images of hold baggage on which an EDS has raised an alarm are sent to 

remote screening locations for on-screen alarm resolution by screeners, thus visual inspection. 

If screeners decide that an X-ray image is suspicious, more time-consuming investigations 

follow, including rescreening with other X-ray technology, trace detection, explosive detection 

dogs and passenger investigation (Shanks & Bradley, 2004; Singh & Singh, 2003).  

 One conclusion has been drawn repeatedly and consistently since the initial investigations 

of visual search and decision-making: the final performance outcome relies on human 

inspectors who are not perfect. Or in other words and as Drury (1992) stated, inspection errors 

are a fact of life. They can be minimized with appropriate optimizations, but they cannot be 
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eliminated so far. Inspection errors can occur in the search and decision process of visual 

inspection. Wiener (1984) stated that inspection errors can either be omissions (missing a defect 

or a threat object) or commissive errors (so called false alarms—judging a harmless object as 

threat). In regard to airport security screening, missing a threat item can have severe 

consequences while producing false alarms has an influence on efficiency and costs (Dixon, 

Wickens, & McCarley, 2007). In other words, missing an item is mostly due to a search error 

that can occur due to factors such as target prevalence (frequency of occurrence), search 

strategy, visual-cognitive abilities or image-based factors (rotation/view of objects, 

superposition and bag complexity). While false-alarms are more often a result of errors in 

decision making that can be due to factors such as visual knowledge about objects (knowledge-

based factors), task experience and training, environmental or situational factors and individual 

factors influencing the decision criterion. 

Aim and Scope 

 A lot of research has already been conducted to investigate different factors and challenges 

influencing visual inspection performance, and therefore search and decision-making processes 

of X-ray screeners. Studying these factors will help to understand the occurrence of errors in 

search and decision-making of visual inspection and how to minimize and cope with them. 

Some factors already known from past research that have an influence on visual inspection are 

image- and knowledge-based factors (item view difficulty, superposition, complexity and 

visual knowledge: Schwaninger, 2003; 2005; 2006), individual factors such as visual-cognitive 

abilities, aptitudes, anxiety and motivation (e.g. Hardmeier, Hofer & Schwaninger, 2006; 

Mitroff, Biggs, & Cain, 2015; Schwaninger, 2006) as well as situational factors  (Graves et al., 

2011; Hättenschwiler, Michel, Kuhn, Ritzmann, & Schwaninger, 2015; Kraemer, Carayon, & 

Sanquist, 2009). Challenges further include target prevalence, variations in target visibility, the 

possible presence of multiple targets or the translation of results from lab-based research to the 

field and vice versa (Biggs & Mittroff, 2014; Clark, Cain, Adamo, & Mitroff, 2012; Godwin et 

al., 2010; Godwin, Menneer, Cave, Thaibsyah, & Donnelly, 2015; Mitroff, Biggs, & Cain, 

2015). As new and unknown threats are emerging on a regular basis, it is important that 

screeners are well trained and constantly updated on what to actually search for in X-ray images. 

While advancements in technology can certainly enhance screening processes, recognizing 

objects in X-ray images remains a demanding and challenging task, which currently cannot be 

solved by machines solely. 

 This thesis aims to answer the question of what factors have an influence on search and 

decision-making (errors) in X-ray image inspection and therefore the overall system 
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performance, including both machine and human performance. This research question will be 

answered from three different angles involving (1) challenges and factors for visual search and 

decision-making, (2) the impact of advanced technology for visual search and decision-making 

and (3) the validity of results in visual search and decision-making in X-ray image inspection. 

Results from the conducted experiments shall give indications on how to cope with and 

minimize errors in search and decision-making. 

(1) Challenges and Factors influencing Visual Search and Decision-making 

 Firstly, the detection of prohibited items, and therefore the search and decision process, can 

be affected by different image-based factors. Studies have identified three image-based factors 

which influence the probability of identifying a threat object in an X-ray image: viewpoint 

(rotation of threat items in a bag), superposition of a threat item by other items and bag 

complexity (Hardmeier et al., 2005; Hardmeier, Hofer & Schwaninger, 2005, 2006; Hofer, 

Hardmeier & Schwaninger, 2006; Schwaninger, 2003). Items which are presented from unusual 

or rotated viewpoints become more difficult for a person to identify (effect of viewpoint) 

(Palmer, Rosch & Chase, 1981). Similarly, the position of a prohibited item in a bag and its 

superimposition by other objects (effect of superposition), or the number and types of items in 

a bag which could attract attention (effect of bag complexity) also affect the difficulty of 

recognizing prohibited items. Bag complexity comprises the factors clutter (disarrangement, 

textural noise, chaos, etc.) and opacity (X-ray penetration of objects) (Schwaninger et al., 2008).  

 Studies have shown that coping with image-based factors is greatly dependent on a person’s 

visual cognitive abilities and can thus only to a limited extent be improved through training 

(Hardmeier et al., 2005; Hardmeier et al., 2006b). Especially visual-cognitive abilities such as 

figure-ground segregation (related to superposition) or mental rotation (related to view 

difficulty) can play an important role for visual inspection performance. Such abilities are rather 

stable within a person (Hardmeier, Hofer & Schwaninger, 2006b) but vary substantially 

between people. Consequently, only people suited to conduct the screening task regarding the 

required visual-cognitive abilities should be recruited for this job (Hardmeier, Hofer & 

Schwaninger, 2005, 2006a; Harris, 2002). Therefore, investigating different cognitive abilities 

separately, such as tests on mental rotation, figure-ground segregation and visual search on 

complex backgrounds has been shown to be useful (see Bolfing & Schwaninger, 2009; 

Hardmeier & Schwaninger, 2008). In particular, logical thinking, spatial imaging and the ability 

to recognize a shape by ignoring irrelevant other features (figure-ground segregation) proved 

to be important predictors (Hardmeier & Schwaninger, 2008). 
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 Secondly, previous studies in the field of X-ray security screening showed that the detection 

of forbidden objects in X-ray images of passenger bags depends on extensive visual knowledge, 

or so called knowledge-based factors (Schwaninger, Hardmeier & Hofer, 2005). Prohibited 

items are difficult to recognize without training because a) objects often look very different in 

X-ray images than in reality, b) certain prohibited items are not known from everyday 

experience (e.g. IEDs), c) some prohibited items look similar to harmless objects (e.g. a 

switchblade knife can resemble a pen), and d) when objects are depicted from unusual 

viewpoints, they become difficult to recognize (Schwaninger, 2003; 2005; 2006). During initial 

classroom, computer-based and on the job training, X-ray screeners learn how to interpret X-

ray images in order to recognize everyday objects and prohibited items. Different studies could 

demonstrate, that the required knowledge-based factors for X-ray screening can be very well 

trained with appropriate computer-based training (e.g. Hardmeier et a., 2006b; Koller et al,. 

2008). While these studies have provided converging on the importance to learn which items 

are prohibited and what they look like in X-ray images, the role of everyday object knowledge 

and the use of a specific search strategy to reduce search and decision errors for visual 

inspection has not yet been addressed thoroughly. These are interesting topics especially from 

an operational point of view but also regarding the emergency of new threats. Manuscripts 1 

and 2 of this thesis therefore aim to answer whether the knowledge about everyday object and 

a specific search strategy have an influence on the visual inspection performance. 

(2) The Impact of Advanced Technology on Visual Inspection Performance 

 The above mentioned factors focus on ways to mitigate search and decision errors and 

improve visual inspection performance of X-ray screeners. However, it is also vital to consider 

the technology applied and its interaction with the screener to continuously assess the 

effectiveness and efficiency of the combined system. It is for this reason that the technical and 

human elements of airport security systems must work together effectively, as weaknesses in 

either element can diminish the effectiveness of the overall system (Graves et al., 2011). To 

reduce challenges and errors of visual inspection of X-ray images, manufacturers of X-ray 

machines, regulatory bodies, airport research centers as well as scientists are investing into 

improvements of X-ray screening technology and therefore the overall human-system 

performance. From a technical perspective, these investments include enhancements of image 

quality, the provision of multiple or 3D rotatable views, and automated detection algorithms. 

Technological advancements bring along possibilities to increase effectiveness and efficiency 

of security X-ray screening by enhancing threat detection and supporting screeners in their 

decision. Nevertheless, it is crucial to thoroughly assess their effects on the overall system 
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performance and how well screeners can actually benefit from these new features. Despite the 

continuous advancements, the final decision on whether a bag is allowed to pass or not still 

relies on the human operators and depends on the image outcome provided by the machines 

(Graves et al., 2011; Koller et al., 2008). 

 Looking at the history of attacks against airplanes (both successful and near misses), one of 

the biggest concerns are bombs – that is, improvised explosive devices (IEDs; Baum, 2016; 

Novakoff, 1992; Singh and Singh, 2003). The Global Terrorism Database (2017) lists 893 

attacks on airports or aircrafts with explosives, 247 of which occurred after 2001. The most 

recent attack involving an IED in hold baggage occurred on October 31, 2015 when Metrojet 

Flight 9268 was blown up during flight killing all 224 passengers (Baum, 2016). Just recently 

on July 29 2017, a terrorist plot was prevented at Sydney airport in which an IED was concealed 

inside a cabin bag (Westbrook and Barrett, 2017). Whereas even novices can recognize certain 

objects shapes such as guns and knives in X-ray images (Schwaninger et al., 2005), especially 

IEDs are difficult to recognize without respective training (Schwaninger and Hofer, 2004; 

Koller et al., 2008; Koller et al., 2009; Halbherr et al., 2013). An IED is composed of a 

triggering device, a power source, a detonator, and explosive that are usually all connected by 

wires (Turner, 1994; Wells and Bradley, 2012). Through computer-based training, screeners 

can learn to recognize these components, and they can achieve and maintain a high detection 

performance (Schwaninger and Hofer, 2004; Koller et al., 2008; Koller et al., 2009; Halbherr 

et al., 2013; Schuster et al., 2013). In cabin baggage screening however, bare explosives also 

pose a threat, because these could be combined with other IED components after passing an 

airport security checkpoint. Therefore, detecting bare explosives can be a challenge even for 

well-trained screeners, because they often look like a harmless organic mass (Jones, 2003). 

 In response to bomb threats, explosive detection systems (EDS) based on 2D imaging for 

hold baggage screening (HBS) were developed and introduced about 15 years ago (Caygill, 

Davis, & Higson, 2012; Harding, 2004; Singh & Singh, 2003). In the last few years, these 

explosive detection systems have become available for cabin baggage screening (EDSCB) as 

well (Sterchi and Schwaninger, 2015). These systems change the search and decision process 

of visual inspection. Manuscript 3 to 6 therefore aim to investigate the impact of these new 

technologies on the search and decision process and the overall system performance. 

Manuscript 3 focuses on the impact of automation using explosive detection systems for cabin 

baggage screening, while manuscripts 4, 5 and 6 investigate an explosive detection system 

using 3D computer tomography technology for hold baggage screening. 

(3) Validity of Results in Visual Search and Decision-making in X-Ray Screening 
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 Ideally, the knowledge gained from traditional research of visual search and decision-

making could be directly applied to professionals and therefore provide high external validity. 

But several obstacles stand in the way of a straightforward translation; the tightly controlled 

visual searches performed in the traditional lab setting can be drastically different from applied 

X-ray image inspection (Clark, Cain, Adamo, & Mitroff, 2012). There are some major hurdles 

in directly translating results from traditional visual search to X-ray image inspection and vice 

versa: In comparison to traditional search tasks like feature or conjunction search (Eckstein, 

2011), applied settings like X-ray image inspection differ in terms of the nature of the stimuli, 

the task itself, the environment in which the search is taking place, and the experience and 

characteristics of the searchers themselves (Clark et al., 2012). Research on traditional visual 

search certainly provides important theoretical insights for X-ray image inspection. 

Nevertheless, external validity should be questioned, as there are some limitations when 

interpreting traditional visual search results in terms of their implications for the X-ray 

inspection task at security checkpoints. Challenges of visual inspection in X-ray baggage 

screening compared to visual search in traditional search tasks further include low target 

prevalence, variation in target visibility, an unknown target set and the possible presence of 

multiple targets (for recent reviews see Biggs & Mitroff, 2014; Mitroff, Biggs, & Cain, 2015). 

To decide whether a bag contains a prohibited item or not, screeners need to know which items 

are prohibited and what they look like in X-ray images (Schwaninger, 2005, 2006). In the case 

of X-ray image inspection, a screener’s task is to stay alert even though targets are hardly ever 

present. Further, screeners must search for different targets at a time from a diversity of 

categories. Traditional visual search tasks, on the other hand, normally include searching for 

only one target at a time, which often is known beforehand and occurs with high prevalence 

(e.g. 50%). Other important stimuli differences are target and distractor complexity. Targets in 

X-ray image inspection are not well-specified, not salient and not predictable by the context 

(Bravo & Farid, 2004), and distractors may additionally produce clutter and superposition (see 

image-based factors).  Furthermore, it is often students performing traditional visual search 

tasks, lacking the experience of a professional even when completing test trials beforehand. 

Professionals have received directed visual search training and on-job experience with 

feedback. It might therefore be possible that professionals’ experiences, above and beyond 

actual training, can significantly impact visual inspection behaviours and outcomes. Out of this, 

manuscript 7 of this thesis investigated underlying processes and the validity of visual search 

and inspection research in regard to whether results gained from a traditional visual search task 

can be directly translated to an X-ray visual inspection tasks and vice versa while testing 

students and professionals. 
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 Next to the above-mentioned challenges, another important consideration is whether 

inspection measures used to map detection performance of standardized visual search tasks in 

the lab can be mapped to measure the task of visual inspection in X-ray screening. The outcome 

of the visual inspection task can be determined by screeners’ decisions on whether an X-ray 

image of a passenger bag is harmless (target absent) or not because it might contain a prohibited 

item (target present). According to SDT (Green & Swets, 1966; Macmillan & Creelman, 2005) 

the proportion of bags that contain a prohibited item and are correctly classified as such is called 

hit rate (HR), while the percentage of harmless bags that are falsely classified to contain a 

prohibited item is the false alarm rate (FAR). There is a trade-off between the HR and FAR: if 

a screener heightens the tendency to respond with target present, both the HR and FAR will 

increase. It is therefore possible that one could always decide to respond with target present 

resulting in a HR and FAR of 100%. Individuals with the same ability to detect prohibited items 

can however show a different HR and FAR due to differences in their response tendency. Signal 

detection theory provides measures (such as d' and A') for detection performance in terms of 

sensitivity that are based on HR and FAR and are assumed to be (relatively) independent of the 

observer’s response tendency (Macmillan & Creelman, 2005, p. 39).  

 Since 9/11 a growing body of research on X-ray image visual inspection of passenger bags 

lead to an increased use of d' and A' in this domain (e.g. Brunstein & Gonzalez, 2011; Halbherr, 

Schwaninger, Budgell, & Wales, 2013; Ishibashi, Kita, & Wolfe, 2012; Madhavan, Gonzalez, 

& Lacson, 2007; Mendes, Schwaninger, & Michel, 2013; Menneer, Donnelly, Godwin, & Cave, 

2010; Rusconi, Ferri, Viding, & Mitchener-Nissen, 2015; Schwaninger, Hardmeier, Riegelnig, 

& Martin, 2010; Yu & Wu, 2015). D' and A' are also frequently used in related domains like 

the visual inspection of medical X-ray images (e.g. Chen & Howe, 2016; Evans, Tambouret, 

Evered, Wilbur, & Wolfe, 2011; Evered, Walker, Watt, & Perham, 2014; Nakashima et al., 

2015) or other visual search tasks with artificial stimuli (e.g. Appelbaum, Cain, Darling, & 

Mitroff, 2013; Huang & Pashler, 2005; Ishibashi & Kita, 2014; Miyazaki, 2015; Russell & 

Kunar, 2012). However, recent studies cast doubt on the validity of d' or A' for visual inspection 

tasks in X-ray screening due to differences in the underlying evidence distribution compared to 

simplified visual search tasks with artificial stimuli. Therefore, manuscript 8 of this thesis 

investigated the validity of commonly used visual search and inspection performance measures. 

Outlook 

 Taken together, X-ray image inspection and the involved interaction of humans and 

technology is a research field of high practical relevance. The research studies conducted within 

the scope of this thesis thus deliver valuable contributions for the aviation security industry, 
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including airports, appropriate authorities, regulators and manufacturers of X-ray technology. 

After presenting the methods used to conduct the experiments, results of the conducted 

experiments will be discussed in relation to their practical relevance and implications. 
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Methods 

 In the following, a short overview on the methods and measures relevant for understanding 

the research conducted within this thesis is provided. In order to obtain high external validity, 

all experiments conducted within the scope of this thesis used X-ray screeners working at 

European international airports as participants as well as realistic stimuli recorded and 

developed with aviation security experts. 

Participants 

 Participants for all studies conducted within this thesis were professional X-ray screeners 

from different European international airports who had been qualified, trained, and certified 

according to the standards set by the appropriate national authority (civil aviation 

administration) in compliance with the relevant EU Regulation (Commission Implementing 

Regulation [EU], 2015/1998). For each conducted experiment, the research complied with the 

American Psychological Association Code of Ethics and was approved by the Institutional 

Review Board of the University of Applied Sciences and Arts Northwestern Switzerland.  

Experimental Tools and Procedure 

 For each experiment, X-ray screeners were tested using realistic stimuli that was recorded 

or created with the help of aviation security experts. Aligned to experimental research of visual 

inspection, images were split between target-present images (containing a target of interest) and 

target-absent images (no target item present). Target-present images always contained one 

threat object from the categories guns, knives, improvised explosive devices (IEDs) or other 

threat objects except for manuscript 3 to 6 where target-present images only contained single 

IEDs. Target-absent images did not contain any threat object (clear bag) and sometimes 

represented a false alarm (e.g., cheese, chocolate, or certain liquids) for studies with simulated 

automation aids. A target prevalence of 50% was used except for manuscript 3 where the target 

prevalence was set at 12.5%.  

 For the testing situations, four to six participants performed the tests in each session while 

working individually, quietly, and under supervision. Participants received instructions before 

the start of each test informing them about the imaging systems, the number of images, and the 

target items used. To prevent a criterion shift (change of response bias) during the experiment, 

screeners were informed beforehand about the target prevalence in the experiment (see also 

McCarley, 2009; Rich et al., 2008). All tests were conducted without giving performance 

feedback. 
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 For every experiment, participants task was to visually inspect each X-ray image as if they 

were working at the airport and to decide as accurately and quickly as possible whether or not 

the image contained a target by clicking on a target-present or a target-absent button on the 

simulator interface (a yes–no task in signal detection theory; see MacMillan & Creelman, 

2005). After receiving their instructions, all screeners started the experiment with practice trials 

(target-absent and target-present images in random order). As the European regulations 

mandates that screeners have to take a break of at least 10 min after 20 min of continuous visual 

inspection of X-ray images (European Commission, 2015), all tests were divided into blocks 

and screeners were asked to take breaks of 10 to 15 min after completing each block. 

Measures 

 The outcome of the task of visually inspecting X-ray images of passenger bags is 

determined by X-ray screeners decisions on whether a bag is harmless (target absent) or might 

contain a prohibited item (target present). Table 1 presents the four possible combinations and 

the associated terminology from visual search (e.g. Eckstein, 2011), signal detection theory 

(e.g. Green & Swets, 1966) and X-ray security screening (e.g. Drury & Fox, 1975). 

Table 1 

Outcome of Response/Decision Depending on Stimulus Using the Terminology of Visual 

Search, Signal Detection Theory, and X-ray Baggage Screening 

 Response/decision 

Stimulus 

Target absent 

No signal  

Bag is harmless 

Target present 

Signal 

Bag requires secondary search  

Target absent 

Noise 

No prohibited item present 

 

Correct rejection 

 

False alarm 

 

Target present 

Signal plus noise 

Prohibited item present 

Miss Hit 

Note. Target present and target absent are terms used in visual search studies (Biggs & Mitroff, 2015; Eckstein, 2011; Wolfe, 2007). Noise, 
no signal, signal plus noise, signal, hit, miss, false alarm, and correct rejection are terms used in signal detection theory (Gescheider, 1997, p. 

106; Green & Swets, 1966). The other terms have been used in X-ray security screening studies (Cooke & Winner, 2007; Hättenschwiler et 

al., 2015). 

 In detection theory (Macmillan & Creelman, 2005), the probability of bags containing a 

prohibited item that are correctly classified as such is called the hit rate (HR), whereas the 

percentage of harmless bags that are falsely considered to contain a prohibited item is the false 

alarm rate (FAR). For all the analyses of the manuscript presented within this thesis, detection 
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performance measures were calculated using SDT formulas (Green & Swets, 1966; MacMillan 

& Creelman, 2005). 

Factors and Challenges for Visual Search and Decision-making in X-Ray 

Screening 

 As mentioned before, several studies have provided converging evidence on the importance 

of image-based and knowledge-based factors and therefore the need to learn which items are 

prohibited and what they look like in X-ray images. However, the role of everyday object 

knowledge has not yet been addressed specifically. This is an interesting topic especially from 

an operational point of view. In particular, one could assume that the knowledge on what 

everyday objects look like in X-ray images could result in fewer cases where an everyday object 

is confused with a prohibited item (e.g. pen can resemble a switchblade knife). This would 

result in less decision errors and therefore fewer false alarms, i.e. wrongly deciding that a bag 

contains a prohibited item. False alarms have to be resolved by secondary search which 

typically involves manual search and/or alarm resolution using explosive trace detection 

technology (Koller & Schwaninger, 2006). Due to the additional time needed for secondary 

search, high false alarm rates can have a strong negative impact on throughput (Koller & 

Schwaninger, 2006) and could also result in lower passenger satisfaction (Hardmeier, Hofer & 

Schwaninger, 2006). 

 Two experiments within this thesis investigated the role of everyday object knowledge and 

training and its relevance for effective and efficient X-ray image inspection. For all 

experiments, screeners conducted a newly created test to measure how well novices and X-ray 

screeners can categorize and name everyday objects in X-ray images as well as a simulated X-

ray baggage screening task. In the first experiment, we examined whether there is a statistically 

significant and meaningful relationship between everyday object knowledge and false alarm 

rate in a simulated X-ray baggage screening task (published in Hättenschwiler et al., 2015). In 

a second experiment, we tested whether e-learnings can be used to learn everyday object 

knowledge effectively and efficiently (published in Hättenschwiler et al., 2015).  

 We found a negative relationship between the percentage of correct answers for the naming 

of harmless everyday objects in an object categorization and naming task and the false alarm 

rate in a simulated X-ray baggage screening task. We could further show promising results on 

e-learning as an effective and efficient tool for building knowledge of harmless everyday 

objects in X-ray images. An intuitive explanation of this result could be that once an item is 

identified as harmless, it can no longer be mistaken for a threat item and thereby not result in a 
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false alarm. This assumption implies that screeners search an X-ray image and decide for one 

object after another whether it is harmless or not, in accordance with the model proposed by 

Wolfe and Van Wert (2010). This model is similar to the two-component model by Spitz & 

Drury (1978), in which search continues until an inspector either finds what she or he is looking 

for (e.g. a prohibited item) or determines that enough time has been spent searching. 

 Based on this results, it is possible that screeners with good knowledge about everyday 

objects can detect novel prohibited items by an exclusion principle: They could only declare a 

bag as harmless if all contained objects are identified as harmless everyday objects, which in 

terms of SDT means the application of a very liberal decision strategy. If screeners can 

successfully be instructed to apply such a liberal decision criterion, this could allow for 

interesting practical applications, e.g. for increased effectiveness when screening bags of high-

risk passengers. In a third experiment, we therefore investigated whether the effects of 

instructing a new inspection strategy using the knowledge about everyday objects can effect 

effectiveness of X-ray screening (published in Sterchi, Hättenschwiler, Michel, & 

Schwaninger, 2017). Results showed that an instruction to decide more liberal, with the help of 

knowledge about everyday objects, led to increased hit and false alarm rates while sensitivity 

remained constant what implies that the observed change in hit and false alarm rates was due 

to a change in the decision criterion. These findings are consistent with understanding visual 

inspection of X-ray images as a task consisting of visual search and decision, where the decision 

is made according to signal detection theory. 

Implications 

 Results from my studies and earlier literature show that the task of visual inspection in X-

ray screening cannot be compared to a simple visual search task. Not only threat objects but 

also distractors have to be recognized to reach a high inspection performance. To this date, the 

mostly used learning strategy for threat detection is simple computer-based training. There is 

still a lot of potential to improve and adapt learning environments, methods and strategies for 

X-ray image inspection. Innovations concerning training systems or training modules could 

therefore support screeners in their challenging task of visual inspection but also enhance their 

motivation. Training systems could for example also include interactive modules concerning 

topics such as everyday objects, known components of IEDs based on realistic scenarios, 

behaviour patterns of passengers, coping strategies for stress situations and so on. Additionally, 

multi-modal learning like computer simulation or virtual reality software could provide a wider 

spread interface by including the implementation of situational factors (surrounding distractors 

and time pressure) which can also affect performance (McCarley, 2004; Michel et al., 2014). A 
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future goal should be to enable operators to train with more realistic scenarios including mobile 

apps and e-learning, job aids and simulations. Trainees need multiple touches and ways to 

consume information as these transform training from an event into an extended learning 

experience. 

 X-ray screeners not only have very high job demands (high responsibility, high workload, 

time pressure) and therefore a lot of pressure as missing a threat can have severe consequences. 

However, they also have limited resources in regard to external motivation factors (conduct a 

task of high monotony, low autonomy and flexibility, shift work) which are important 

predictors of job satisfaction. Future studies on X-ray image inspection could also look at the 

wider spectrum of the whole screening process at security checkpoints, including aspects such 

as work environments, motivational factors, team compositions and organizational or cultural 

differences. Interventions could be set to reinforce motivational factors to enhance job 

satisfaction for example by reducing the workload of screeners, enlarging the job 

responsibilities or promoting a supportive working environment. 

Impact of new Technology for Visual Search and Decision-making in X-Ray 

Screening 

 The implementation of new technology is another important factor to reduce the occurrence 

of errors in search and decision making of visual inspection. Innovations will be discussed 

separately for cabin baggage screening (CBS) and hold baggage screening (HBS). 

Cabin baggage screening 

 Explosive detection systems for cabin baggage (EDSCB) use automation that influences 

both aspects of visual inspection in X-ray screening: search and decision. Automation refers to 

functions performed by machines (usually computers) that assist or replace tasks performed by 

humans (for recent reviews, see Parasuraman and Wickens, 2008; Sheridan, 2011; Vagia et al., 

2016). One form of automation is assisting a human operator with a diagnostic aid (Wickens 

and Dixon, 2007) that provides support in the form of alerts or alarms and influences attention 

allocation (Cullen et al., 2013). In X-ray security screening, these systems indicate potentially 

threatening objects in X-ray images of passenger baggage and aim reduce search errors in visual 

inspection.  

 Common to this type of automation is that it categorizes events into target or non-target 

states (Wickens and Dixon, 2007). Signal detection theory (Green and Swets, 1966) provides a 

useful framework to describe the performance (reliability) of such diagnostic automation 

(Wickens and Dixon, 2007; Parasuraman and Wickens, 2008; Rice and McCarley, 2011). In 
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signal detection theory, high performance (reliability) in terms of d' is achieved when targets 

are detected well (high hit rate) and the false alarm rate is low. The criterion (or response bias) 

is a threshold that can be changed, while d' remains constant (Macmillan and Creelman, 2005). 

The criterion can be changed by adjusting thresholds for alerts, resulting in a trade-off between 

two types of automation errors: misses and false alarms (Parasuraman, 1987; Parasuraman et 

al., 1997; Wickens and Colcombe, 2007). Designers often set low thresholds because the 

consequences of automation misses are considered to be more costly than false alarms 

(Parasuraman and Wickens, 2008). However, if the base rate of dangerous events to be detected 

is low it will result in many false alarms and only few hits (Parasuraman et al., 1997). This can 

produce a ‘cry wolf’ effect what leads operators to ignore system warnings (Breznitz, 1983; 

Bliss, 2003). Such an effect can drastically reduce or even eliminate the benefits of automation 

when it is implemented as a diagnostic aid. Alongside automation as a diagnostic aid, other 

(higher) levels of automation are possible (for a review, see Vagia et al. 2016).  

 To investigated the possible benefits of EDSCB, a study within this thesis (published in 

Hättenschwiler, Sterchi, Mendes, & Schwaninger, 2018) compared two different levels of 

automation currently being discussed by regulators and airport operators: automation as a 

diagnostic aid with on-screen alarm resolution (OSAR) by screeners or EDSCB with an 

automated decision by the machine. We conducted two experiments to test and compare both 

scenarios and a condition without automation as baseline. Participants were screeners at two 

international airports who differed in both years of work experience and familiarity with 

automation aids. Results showed that experienced screeners were good at detecting IEDs even 

without EDSCB, while EDSCB with OSAR induced a cry-wolf effect. EDSCB increased only 

their detection of bare explosives. In contrast, screeners with less experience (tenure < 1 year) 

benefitted substantially from EDSCB in detecting both IEDs and bare explosives. A comparison 

of all three conditions showed that automated decision provided better overall human–system 

performance than on-screen alarm resolution and no automation. This came at the cost of 

slightly higher false alarm rates on the human–machine system level, which would still be 

acceptable from an operational point of view. Based on the results it can be indicated that an 

implementation of EDSCB increases the detection of explosives in passenger bags and 

automated decision instead of automation as diagnostic aid with OSAR should be considered. 

Hold baggage screening 

 Explosive detection systems (EDS) in hold baggage screening assist screeners to visually 

inspect X-ray images of passenger bags before they are loaded into the hold of an aircraft (Wells 

& Bradley, 2012). They indicate areas in X-ray images that might be explosive by colored 
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frames or a specific surface color (Wells & Bradley, 2012). X-ray images on which an EDS has 

raised an alarm are sent to remote screening locations for on-screen alarm resolution (OSAR) 

by screeners. Compared to cabin baggage screening without automation, the task of hold 

baggage screeners is therefore mainly a decision tasks and involves the visual inspection of the 

alarmed areas in X-ray images and decide whether such EDS alarms are harmless (false alarms 

of the EDS) or whether the hold baggage needs further inspection because it might contain an 

IED. 

 Several years ago, advanced CT technology, which has been implemented highly 

successfully in medical imaging (Barrat, 2000), became available for hold baggage screening 

(Mouton & Breckon, 2015; Wetter, 2013). Compared to the 2D imaging X-ray systems used in 

HBS, state-of-the art CT scanners feature better automated explosive detection, slicing, and 3D-

rotatable images (Mouton & Breckon, 2015; Wells & Bradley, 2012). This might result in better 

detection performance of screeners as it might be easier to recognize the different components 

of an IED that, in certain 2D views, would be displayed from a difficult viewpoint and/or 

superimposed by other items in a complex bag (Bolfing et al. 2008; Schwaninger et al., 2005). 

Further, exposure to 3D objects results in richer visual object representations (Tarr & Vuong, 

2002; Vuong & Tarr, 2004) that could improve screeners' detection performance not only in 3D 

but also in 2D images. On the other hand, CT systems have lower image resolution compared 

to EDS-HBS with 2D imaging (Flitton, Breckon, & Megherbi, 2010: Flitton et al., 2013; 

Mouton & Breckon, 2015), and this could impair detection performance with 3D imaging.  

 To accompany this technological change, a study conducted within the scope of this thesis 

(published in Hättenschwiler, Mendes & Schwaninger, 2018) compared the visual inspection 

performance of screeners when screening hold baggage with newer 3D versus older 2D multi-

view imaging. Screeners from two European international airports, some used to working with 

2D imaging (2D screeners) and some used to working with 3D imaging (3D screeners) 

conducted a simulated hold baggage screening task with both types of imaging. The results 

revealed that despite lower image quality (we assessed the image quality of the imaging systems 

with the standard procedure for 2D imaging), detection performance of both screener groups 

with 3D imaging was similar to that with 2D imaging. 3D screeners revealed higher detection 

performance with both types of imaging than 2D screeners which leads to the conclusion that 

features of 3D imaging systems (3D image rotation and slicing) seem to compensate for lower 

image quality. Further, visual inspection competency acquired with one type of imaging seems 

to transfer to visual inspection with the other type of imaging. These results imply that replacing 

older 2D with newer 3D imaging systems can be recommended. Also, 2D screeners do not need 

extensive and specific training to achieve comparable detection performance with 3D imaging.  
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 The above described results could be replicated by a further study within the scope of this 

thesis (published in Hättenschwiler, Merks & Schwaninger, 2018). Moreover, an on-screen 

alarm resolution protocol (OSARP) that was created to facilitate the decision making process 

of screeners using 3D imaging was assessed in regard to its effectiveness. Our study showed 

that screener’s visual inspection performance could be increased when they followed this 

specific OSARP. Due to the OSARP training, screeners also shifted their response bias to be 

more neutral (more biased toward judgement of target present). This implies that screeners were 

very compliant with the protocol resulting in more hits but also more false alarm decisions in 

the OSARP condition. The same study also investigated visual-cognitive abilities and 

correlations to visual inspection performance with 2D and 3D imaging (published in Merks, 

Hättenschwiler, Zeballos & Schwaninger, 2018). The results suggest that screening with 3D 

imaging systems might also require different visual-cognitive abilities. The possibility of 

rotating the X-ray image of a bag and its content around 360 degrees seems to facilitate the 

recognition of prohibited items when depicted from unusual viewpoints, when superimposed 

by other items and when placed in visually complex bags. This might explain why fewer visual 

cognitive abilities become relevant for 3D screening compared to 2D screening. 

Implications 

 Prior to actually applying new technologies in the airport setting, it is advisable to properly 

evaluate how these actually benefit human performance and the overall system. It is not only 

important to carefully analyze possible advantages but also disadvantages when implementing 

new technologies and automation features. New devices will not only demand different skills 

from screeners to conduct their job successfully, they should also be assessed in terms of 

possible adjustments in object recognition, knowledge- and image-based factors and visual-

cognitive abilities, as well as selection and training procedures for screeners. For example, a 

discrepancy between trust in an automation aid and system reliability can influence how 

automation is used. Automation aids with high false alarm rates may induce a cry wolf effect 

and therefore reduced compliance with alerts of the automation (Bliss, Gilson, & Deaton, 1995; 

Dixon, Wickens, & McCarley, 2007; Parasuraman et al., 2000; Wickens & Dixon, 2007). This 

low reliability of the automation system may result in disuse or misuse of the automation aid 

(Meyer, Wiczorek, & Günzler, 2014; Parasuraman, Molloy, & Singh, 1993).  

 EDS in CBS and HBS is a good example of the trend to use higher levels of automation in 

diverse work environments, also outside of airport security screening. This brings up several 

questions of how future developments might look like: Will the human operator still be involved 

in the workflow process? How will the function allocation be divided between human and 
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machine? Will work processes still be holistic or is there a trend towards more specialization? 

Will the scope of action be reduced for humans?  

 Even though technological advancement might increase effectiveness and efficiency, it 

should still be considered what impact these advancements have on the human operator. Future 

research should investigate good concepts that promote an ideal function allocation while also 

considering the well-being of the human operator to conduct a holistic work process. It should 

be investigated whether Taylorism might be a misconception of an increase in productivity as 

it might come at the cost of job satisfaction and all its consequences on the human operator. All 

this mentioned points demonstrates the need for a joint evaluation of the performance of the 

human operator and the effect of advanced technology to investigate whether the system 

performance as a whole can be actually improved and search and decision errors reduced.  

Validity of Results in Visual Search and Decision-making in X-Ray 

Screening 

 Over the past decades, psychological research has made tremendous effort in understanding 

the processes responsible for performing traditional visual search tasks and the mechanisms 

that allow for the successful identification of target items (Clark et al. 2015). However, it is 

important to note that the traditional visual searches performed with student participants can 

lead to significantly different results when compared to X-ray image inspection by 

professionals. In X-ray image inspection, missing a threat can have severe consequences, while 

falsely rejecting too many bags will result in inefficiency and long waiting lines. Also, the large 

variety of potential threat items and distracting objects in passenger bags make X-ray image 

inspection a difficult task. Compared to traditional visual search, in this real-world scenario the 

accuracy of professional searchers can have life-or-death implications. Whereas traditional 

visual searches can usually be titrated down to the search for a specific target in a specific 

scenario, professional searches are often more noisy and ambiguous. This difference highlights 

a potential hurdle between traditional cognitive psychology research and how searches are 

actually conducted in real life. A fundamental research question derived from these challenges 

and hurdles is to know how traditional visual search might translate to X-ray image inspection 

and vice versa and if the same visual-cognitive abilities can predict performance of these tasks.  

 Comparing a traditional visual search task with an X-ray image inspection task is important 

to gain a better understanding regarding the external validity of the large number of studies that 

used traditional visual search paradigms with rather simple and artificial stimuli. Another study 

within the scope of this thesis (Hättenschwiler, Merks, Sterchi, & Schwaninger, submitted) 

therefore investigated this research questions by comparing two populations (students vs. 
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professionals) using the same experimental stimuli, including both a traditional visual search 

task and an X-ray image inspection task as well as an assessment of visual-cognitive abilities 

of these populations. Results showed that the same visual-cognitive abilities predict 

performance for both tested tasks and populations. A group difference was only found for the 

X-ray image inspection task where professionals performed faster and more accurately but not 

for the traditional visual search task. Based on the tasks and populations tested in this study, 

results can be seen as transferrable to a certain point. The understanding that a traditional visual 

search tasks without domain-specific knowledge can be generalize from students to 

professionals can be a huge advantage, allowing for certain applied studies to be run with 

relatively easier accessible populations. Further, comparing visual-cognitive abilities and their 

influence on performance showed that the same specific visual-cognitive abilities were able to 

predict performance and response times in both tasks. As the same cognitive processes are 

underlying the tested tasks, future searchers can be differentiated based on some very specific 

abilities. However results should be interpreted with caution if domain- and knowledge-specific 

tasks with unknown features of stimuli are performed, as students differ from professional 

populations due to differences in knowledge and experience. 

 To model performance for the traditional visual search task vs. X-ray image inspection task 

in the submitted manuscript (Hättenschwiler, Merks, Sterchi, & Schwaninger, n.d.), we used a 

different performance measure for each task implying different evidence distributions. An equal 

variance Gaussian model is the most common model of SDT (Pastore, Crawley, Berens, & 

Skelly, 2003) and the basis for the detection measure d'. In the equal variance Gaussian model, 

d' is the distance between the means of the two distributions in units of their standard deviation 

and fully defines the detection ability (sensitivity), while the decision criterion captures the 

response tendency. However, recent studies indicate that d' (and also A') is not always a valid 

measure for visual inspection tasks in X-ray screening. Whereas SDT is often interpreted as 

implying the equal variance Gaussian model (Pastore et al., 2003), SDT can also assume other 

underlying evidence distributions. One example is a SDT model that assumes the two evidence 

distributions to be normal but with unequal variance. For a given ratio s between the standard 

deviation of the signal-plus-noise (target-present) and noise (target-absent) distribution, the 

resulting zROC (z-transformed receiver operating characteristic) has slope s. This assumption 

makes sense as the prohibited items that have to be detected vary and therefore bring additional 

variation into the X-ray image. Therefore, Wolfe (2010) proposes a zROC slope of 0.6, which 

indicates that the noise (target-absent) distribution has a smaller standard deviation than the 

signal-plus-noise (target-present) distribution. 
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 Two experiments within the scope of this thesis (Sterchi, Hättenschwiler & Schwaninger, 

submitted) investigated the validity of different measures of detection performance (d', A', da). 

In the first experiment, 31 screeners completed a simulated X-ray visual inspection task, while 

response tendency was manipulated directly by an instruction. Results showed that for two 

different levels of task difficulty, d' and A' decreased when the criterion became more liberal 

and were therefore not valid measures of detection performance for the investigated task. In 

contrast, another measure implying unequal variance distribution (da) with a slope parameter 

of 0.6 did not change significantly. In the second experiment, confidence ratings data from 122 

screeners conducting a simulated X-ray baggage inspection task were used to estimate ROC 

curves and slope parameters. Repeatedly, results could confirm that da is a solid measure for 

the investigated X-ray baggage screening task. Therefore within both experiments, d’ and A’ 

were found to be less valid sensitivity measures for the investigated X-ray baggage inspection 

tasks. More specifically, d’ and A’ did wrongly indicated lower sensitivity for a more liberal 

decision criterion. While the two experiments and the reviewed literature focus on X-ray image 

inspection, related domains such as the inspection of medical X-ray images or other visual 

search tasks with artificial stimuli should also not expect d’ and A’ to be valid without further 

consideration. Future research should specifically investigate to what extent the reported 

findings apply to other related domains. 

Implications 

 Results from my studies and earlier literature show that the task of visual inspection in X-

ray screening cannot be directly compared to a simple visual search task. The reported research 

shows the need for further considerations to enhance validity, internal and external, in visual 

search and decision-making in general. Concerning research about X-ray image inspection, 

attempts could be made to promote generalizations to different populations, settings, times and 

measures. Very often, university students are used as the main participants in traditional visual 

search research. Whilst this provides an easy accessible sample, it will inevitably result in 

selection bias, reducing the ability to generalize to a specific population. Testing more than one 

population could provide more variance for the results. Studies of visual inspection in X-ray 

screening chould therefore test screeners at multiple airports and report results in multi-

experiment papers. Future research could further investigate to what extent reported findings 

from traditional visual search and X-ray image inspection apply to other related domains like 

X-ray inspection in radiology. Can the same conclusions be drawn? Are results transferable 

from students to radiologists? Are professionals themselves comparable regarding their visual-
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cognitive abilities in visual inspection of X-ray images in security vs medical settings? 

However, most of these visions are questions of resources and costs. 

 Another important approach to higher external validity in this research area and in general 

should be the aspiration to report multiple measures. This could prevent researchers from only 

reporting measures suiting their expected results. Many of these points could for example be 

made as requirements to publish in certain journals to higher quality of research. 
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Summary and Conclusion  

 Addressing the question of how performance of the overall human-machine system in X-

ray screening can be further enhanced while reducing search and decision-making errors, the 

experiments reported within this thesis provide important insights on factors and challenges 

influencing search and decision-making in visual inspection performance. The summarized 

experiments demonstrate that security and efficiency can be improved if the human factor is 

considered, evaluated and supported appropriately. Further, the process of using higher levels 

of automation should be accompanied with research about different levels of system reliability 

and how these affect performance indicators. Also, when developing new technological 

features, it needs to be considered how these may affect the task of the human operators and 

how the mentioned factors and challenges might change. As further advancements in screening 

technology are to be expected in the future, the mentioned points demonstrates the need for a 

joint evaluation of the performance of the human operator and the effect of advanced 

technology. It needs to be investigated whether the system performance can be improved and 

training systems, selection of screeners and supervision procedures might need adaptions. 

Besides performance indicators of a security checkpoint such as efficiency and effectiveness, 

future studies should also take the employee (screeners) and passengers into account when 

evaluating the outcome of the whole human-system performance by including aspects such as 

the work environments, motivational factors, team compositions and organizational or cultural 

differences. 

  To get more insights for applied research in the field of aviation security and visual 

inspection of X-ray images, laboratory research might be a good starting point. However, 

differences and shortcomings must be accounted for and there are still several hurdles when 

directly translating research from the lab to the field (e.g. Clark et al., 2012). Studies with 

professionals using real stimuli in preferably realistic settings are therefore important and field 

studies assessing the effectiveness of measures and system performance are also required (e.g. 

Hofer & Wetter, 2012).  

 To this date, the human factor remains an indispensable element for visual inspection of X-

ray images despite the constant improvements in X-ray screening technology. By addressing 

the factors and challenges of visual search and decision-making in X-ray image inspection, this 

thesis treats a topic of high practical relevance and delivers important insights for the aviation 

security industry. Based on the results and implications, not only future research can be initiated 

but also security regulations can be enhanced accordingly, complying with both technological 

standards and human capabilities. 
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“The important thing is to not stop questioning. Curiosity has its own reason for existing.” 

Albert Einstein (1879 –1955) 
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Abstract— Secure air transportation is vital for economy and 

society and it relies heavily on airport security screening. 

Passenger bags and other belongings are screened using X-ray 

machines to ensure that they do not contain prohibited items. 

Human operators (X-ray screeners) visually inspect X-ray images 

to decide whether they are harmless or whether they might 

contain a prohibited item and therefore require secondary search 

(typically using manual search and/or explosive trace detection 

technology). Several previous studies have shown that learning 

which items are prohibited and what they look like in X-ray 

images of passenger bags is important to achieve good detection 

performance. As passenger bags contain a large variety of 

harmless everyday objects, it could be assumed that knowing 

what such objects look like in X-ray images could help X-ray 

screeners to work more efficiently by reducing false alarms (i.e. 

sending a passenger bag to secondary search even though it does 

not contain a prohibited item). In the first experiment, the 

relationship between knowledge of harmless everyday objects and 

false alarm rate was investigated with 15 certified X-ray screeners 

of one large European airport. Statistical analyses revealed a 

good knowledge of harmless everyday objects on average with 

some variation between X-ray screeners and a negative 

correlation with false alarm rate. In the second experiment, the 

effectiveness of an e-learning course for acquiring knowledge of 

everyday objects in X-ray images was evaluated. Thirty novices 

conducted a test-retest experiment where half of the participants 

conducted an e-learning course about harmless everyday objects 

in X-ray images between the two tests. The results revealed that e-

learning can be an effective and efficient method for increasing 

the knowledge of everyday objects in X-ray images. Based on the 

results of both studies, the relevance to learn everyday objects as 

part of initial and recurrent training of X-ray screeners is 

discussed. 

Keywords — aviation security; X-ray screening; detection 

performance; everyday object recognition; everyday object training  

I.  INTRODUCTION 

Reviews of attacks against civil aviation since 11th 
September 2001 underline the importance of aviation security 
measures (e.g. [1]). At airport security checkpoints, passengers 

and their belongings are screened to ensure that prohibited 
items (guns, knives, improvised explosive devices (IED) and 
other threat items) are not carried. State-of-the-art X-ray 
screening equipment offers good image quality with high 
resolution, automated detection of explosives, several image 
enhancement functions and other features [2]; [3]; [4]. The 
main task of an X-ray screener is to visually inspect X-ray 
images of passenger bags and to decide whether a bag is 
harmless or whether it might contain a prohibited item and 
therefore needs further inspection by secondary search 
(typically by using manual search and/or explosive trace 
detection technology). As pointed out by [5]; [6]; [7] prohibited 
items are difficult to recognize without training because 1) 
objects often look very different in X-ray images than in reality, 
2) certain prohibited items are not known from everyday 
experience (e.g. IEDs), 3) some prohibited items look similar to 
harmless objects (e.g. a switchblade knife can resemble a pen), 
and 4) when objects are depicted from unusual viewpoints, they 
become difficult to recognize. During initial classroom, 
computer-based

1
 and on the job training, X-ray screeners learn 

how to interpret X-ray images in order to recognize everyday 
objects and prohibited items. In the last decade, several studies 
have shown that computer-based training (CBT

1
) is important, 

efficient and effective to achieve good detection performance in 
X-ray image interpretation ([8]; [9]; [10]; [11]; [12]; [13]; [14]; 
[15]). While these studies have provided converging on the 
importance to learn which items are prohibited and what they 
look like in X-ray images, the role of everyday object 
knowledge has not yet been addressed specifically. This is an 
interesting topic especially from an operational point of view. 
In particular, one could assume that the knowledge on what 
everyday objects look like in X-ray images could result in 
fewer cases where an everyday object is confused with a 
prohibited item (e.g. pen can resemble a switchblade knife). 
This would result in fewer false alarms, i.e. wrongly judging a 

                                                           
1 In the literature, the term CBT is used in different ways. The 

definition used here refers to all forms of self-paced distance training 

and learning activities using computers [16] and therefore includes e-

learning courses. 



bag to contain a prohibited item. False alarms have to be 
resolved by secondary search which typically involves manual 
search and/or alarm resolution using explosive trace detection 
technology [17]. Due to the additional time needed for 
secondary search, high false alarm rates can have a strong 
negative impact on throughput [17] and they could also result in 
lower passenger satisfaction [18]. Therefore, it is worth 
investigating the role of everyday object knowledge and 
training because it could be very relevant for more efficient X-
ray screening. 

In this first exploratory study, two experiments were 
conducted. For both experiments, a new test was created to 
measure how well novices and X-ray screeners can categorize 
and name everyday objects in X-ray images. In Experiment 1 
bivariate and partial correlation analyses were performed to 
examine whether there is a statistically significant and 
meaningful relationship between everyday object knowledge 
and false alarm rate in a simulated X-ray baggage screening 
task. In Experiment 2 it was investigated whether e-learning 
can be used to learn effectively and efficiently everyday object 
knowledge which could be relevant for more efficient X-ray 
screening. 

II. EXPERIMENT 1 

The main aim of Experiment 1 was to investigate the 
relationship between everyday object knowledge and false 
alarm rates. To this end, X-ray screeners were tested using an 
everyday object categorization and naming test and a simulated 
X-ray baggage screening task. Two X-ray screeners with 
experience in test development and teaching X-ray image 
interpretation assisted for creating the stimuli. They did not 
participate as subjects in the experiments and are referred to as 
X-ray screening experts from now on. 

III. METHOD AND PROCEDURE 

Fifteen X-ray screeners (7 female), with a mean age of 39.8 

years (SD = 10.13) and a mean work experience of 6.03 years 

(SD = 4.44) in cabin baggage screening at a large international 

European airport were tested. The X-ray screeners first 

conducted an X-ray object categorization and naming test (X-

Ray OCNT) and four weeks later a simulated X-ray baggage 

screening task (XBST). 

A. X-Ray Object Categorization and Naming Test (X-Ray 

OCNT) 

For the purpose of this study, 32 X-ray images of passenger 
bags were selected from a pool of 2800 images by the X-ray 
screening experts to be representative. 

 

Fig.1. Screenshot showing an X-ray image of a passenger bag from the X-ray 
OCNT with framed harmless everyday objects.  

X-ray images of 17 prohibited items were blended into the 
X-ray images of passenger bags using a validated X-ray image 
blending software provided by CASRA. Then, three objects per 
bag were marked by a red frame. This resulted in 19 X-ray 
images containing only harmless everyday objects, nine X-ray 
images containing two harmless objects and one prohibited 
item, and four X-ray images containing one harmless object and 
two prohibited items that had to be categorized and named.  

For each object to be categorized, participants had to click 
one of three option buttons describing the categories: harmless 
everyday object, improvised explosive device (IED), and other 
prohibited item (e.g. gun, knife, electric shock device, etc.). 
After categorizing an object, participants had to enter the name 
of the object into a textbox and rate how confident they were in 
their decision. In case an object could not be named, 
participants left the corresponding textbox empty. There was no 
time limit and completing the test took about 45-60 minutes.  

B. Simulated X-ray baggage screening task (XBST) 

160 color X-ray images of passenger bags were selected by the 
two X-ray screening experts to be representative. In half of the 
X-ray images, one prohibited item was added using the 
validated X-ray image blending software mentioned above. 
Four categories of prohibited items were used (guns, knives, 
IEDs and other prohibited items). For each category there were 
ten exemplars. Each exemplar was displayed once in easy view 
(as defined by the two X-ray screening experts and the authors) 
and difficult view (rotated around the horizontal or vertical axis 
by 85 deg.). For each category, half of the prohibited items 
were part of the CBT system used at this airport. Since it cannot 
be assumed that terrorists would use a prohibited item that is 
contained in the CBT, half of the prohibited items were newly 
recorded and visual comparison was used to make sure that 
they are different from the prohibited items contained in the 
CBT. The X-ray images were displayed on the screen without 
time limit and X-ray screeners had to decide whether it 
contained a prohibited item or not by pressing a key. There was 
no feedback on the correctness of responses and the participants 
took about 30 minutes to complete the test.  

IV. RESULTS AND DISCUSSION 

On average, 96.19% of the objects were correctly 
categorized (SD = 1.67%) in the X-ray OCNT. Harmless 

 



everyday objects were correctly named on average in 82.07% 
of the cases (SD = 11.19%)

2
. In the XBST, when X-ray 

screeners wrongly judged a bag to contain a prohibited item, 
this counted as a false alarm. False alarm rate was calculated by 
number of false alarms divided by number of X-ray images of 
bags not containing a prohibited item

3
. On average, screeners 

had a mean false alarm rate of M = .037 (SD = .031). As can be 
seen in Fig. 2 there is a negative linear relationship between % 
correctly named harmless everyday objects and false alarm rate. 
Even though a relatively small number of X-ray screeners 
participated in Experiment 1 (n=15), a one-tailed

4
 Pearson 

correlation was significant, r(13) = -.471, p=.038 , showing an 
effect size which is modest according to [19]. 

Two observations are worth mentioning when looking at 
Fig. 2. First, there was substantial variation between X-ray 
screeners regarding % correctly named harmless everyday 
objects ranging from 54% to 96%%. Two X-ray screeners had 
quite low values of 54%. Since correlations are very sensitive to 
outliers, it was examined whether the values of these two 
screeners on % correct naming are below the often used 
criterion of three standard deviations (11.19% *3 = 33.57%) 
from the mean (82.07%). Since this was not the case, the found 
correlation can be regarded as valid subject to verification with 
a larger sample size (for a review and discussion on different 
methods for outlier analysis, see [20]). Second, although all X-
ray screeners had false alarm rates measured with the XBST 
that were below 11%, there was still enough variation between 
screeners so that a correlation with % correct naming could be 
revealed. 

A key concept of signal detection theory [21] is that 
variation in false alarm rate can also result from differences in 
response bias, i.e. a tendency to report more or less often that a 
signal (in this case a prohibited item) is present. Response bias 
depends on a variety of factors including individual ones, 
stimuli used, test design and other situational factors ([21]; for a 
more recent detailed overview and discussion on detection 
theories, see [22]). An often used measure of response bias is 
the criterion which can be calculated as follows: 

  c = -0.5[z(H) + z(FA)]  

H refers to hit rate which in the XBST corresponds to 
number of correct decisions for X-ray images containing a 

                                                           
2 The results for naming prohibited items in the X-ray OCNT are not 

reported because this information could be regarded as security 

sensitive and because these results are not relevant for testing the 

relationship between knowledge of harmless everyday objects and 

false alarm rates from the XBST. 
3 Due to recording failure of the software a few trial responses were 

missing. More specifically, for six of the 15 X-ray screeners, one 

response was missing. This resulted in a total of 0.25% missing 

responses which for the calculation of the false alarm rate and the 

criterion resulted in negligible deviations compared to when all 

responses would have been recorded. 
4 Since the hypothesis stated in the introduction would predict that 

with increasing everyday object knowledge, false alarm rates would 

decrease, one-tailed significance levels are reported. 

prohibited item divided by number of X-ray images of 
passenger bags containing a prohibited item. 

FA refers to false alarm rate, which is calculated as defined 
above. 

z refers to the z transformation which is used to convert hit 
and false-alarm rates to z scores (i.e. standard deviation units). 

Fig. 3 shows the relationship between response bias 
(criterion) and false alarm rate. The high negative bivariate 
Pearson correlation, r(13) = -.870, p<.001, with a high effect 
size according to [19] is consistent with signal detection theory 
according to which response bias strongly influences the false 
alarm rate. 

Although it seems not plausible to assume that X-ray 
screeners with good knowledge of harmless everyday objects 
would have systematically different response biases, this 
possibility should be ruled out by showing that the correlation 
between % correctly named harmless everyday objects in the 
X-ray OCNT and the false alarm rate from the XBST is not due 
to the background variable response bias. Therefore, a partial 
correlation (Pearson) between % correctly named harmless 
everyday objects in the X-ray OCNT and the false alarm rate 
from the XBST controlling for response bias (criterion c) was 
performed. The result r(13) = -.492, p=.037 (one-tailed) shows 
that variation in response bias cannot explain the correlation 
between everyday object knowledge and false alarm rate. In 
contrary, when controlling for response bias, the correlation 
between everyday object knowledge and false alarm rate 
becomes even slightly higher. 

Fig.2. Correlation between  % correctly named harmless everyday objects (X-
ray OCNT) and false alarm rate (XBST). The explained variance is provided 

as R2. 

 

Fig.3. Correlation between response bias (criterion c) and the false alarm rate of 
the XBST. The explained variance is provided as R2. 

n = 15 

n = 15 



These results are highly consistent with the hypothesis 
stated in the introduction, namely that everyday object 
knowledge helps reducing false alarm rates in X-ray screening 
tasks which is important for increasing efficiency. 

It should be noted that causation cannot be inferred from 
correlational analyses even if partial correlation is used. 
However, the results of Experiment 1 are at least encouraging 
with regard to further studies in which the role of everyday 
object knowledge could be examined using an experimental 
design in which the effect of systematic variation of everyday 
object knowledge on X-ray screening performance is 
investigated, ideally including a control group. 

V. EXPERIMENT 2 

While several studies exist on the detection of prohibited 
items by X-ray screeners before and after several months of 
CBT ([8]; [10]; [11]; [12]; [13]; [14]; [15]; [23]), no study has 
been conducted yet to investigate how well novices can 
recognize harmless everyday objects in X-ray images and 
whether this can be trained efficiently and effectively. To 
address this topic, a test-training-test design was used with an 
experimental and a control group.  

VI. METHOD AND PROCEDURE 

The experimental design is illustrated in Fig.4. Thirty 

novices (15 female) with a mean age of 31.1 years (SD = 

11.87) and no work experience in X-ray screening were first 

tested on their visual abilities using the X-Ray Object 

Recognition Test (X-Ray ORT; [24]) as described below. 

Afterwards, two equal groups (an experimental and a control 

group) were built based on the results from the X-Ray ORT so 

that the mean and standard deviation of d' (a measure of 

sensitivity, Green & Swets, 1966) did not differ significantly 

between both groups, t(28) = 1.176, p = .25. Afterwards, all 

participants conducted an adapted version of the X-Ray OCNT 

(X-Ray ONT) used in Experiment 1 (prohibited items were 

excluded) to assess their knowledge of harmless everyday 

objects. Afterwards, the experimental group conducted an e-

learning course on everyday objects, which is described below. 

The control group did not receive any training. Both groups 

were tested again one week later using the X-Ray ONT. 

 

 

Fig.4.Experimental design used in Experiment 2. 

A. X-Ray Objects Recognition Test (ORT)  

The X-Ray ORT is an X-ray image interpretation test which 
was developed to measure the ability to cope with image-based 

factors in X-ray image interpretation (i.e. effects of viewpoint, 
superposition by other objects, and bag complexity). It consists 
of 256 grey-scale X-ray images of passenger bags. Half of them 
contain either a gun or a knife; the other 128 X-ray images are 
harmless bags. Each bag is displayed for 4 seconds on the 
screen and participants have to decide for each image whether 
the bag is OK (i.e. there is no prohibited item in the bag) or 
whether it is NOT OK (i.e. the bag contains a gun or a knife) by 
clicking on a button on the screen. The X-Ray ORT takes about 
30 minutes to complete. Information on test construction, its 
reliability and validity measures can be found in [24]; [25]. 

B. X-Ray Introduction of Everyday Objects (XRI)  

X-Ray Introduction (XRI) is an e-learning course for 
beginners teaching the look of harmless everyday objects in 
cabin baggage and air cargo, which was provided by CASRA. 
The XRI is recommended for people who have not worked with 
X-ray images before. In a short introduction, X-ray technology 
and the meaning of colors in X-ray images are explained. In the 
following nine sessions, 90 harmless everyday objects are 
introduced in three steps. First, harmless everyday objects are 
shown as X-ray images together with a photograph. As objects 
sometimes look very different in X-ray images compared to 
reality, this is an important step to learn what everyday objects 
look like in X-ray images. Second, X-ray images of a passenger 
bags containing these everyday objects are displayed one after 
the other, giving the trainees the opportunity to view the 
introduced objects within a realistic context. Then, trainees 
have to find each learned everyday object in X-ray images of 
passenger bags by clicking on the object indicated in the 
instruction. Participants can also monitor their learning progress 
in form of a self-evaluation exercise. 

The XRI was conducted without interruption and took about 
2.5h to complete. 

 

Fig.5. Screenshots of the XRI: Input, demo and self-evaluation.  

C. Everyday Objects Naming Test (X-Ray ONT) 

The X-Ray OCNT from Experiment 1 was used with two 
adaptations: 1) the red frames which marked the prohibited 
items were deleted which resulted in 19 X-ray images 
containing three harmless everyday objects, nine X-ray images 
containing two harmless objects and four X-ray images 



containing one harmless object. 2) Objects had only to be 
named and not categorized

5
. Different X-ray images were used 

for the X-Ray ONT and the XRI. The participants completed 
the test in about 45 - 60 minutes.  

VII. RESULTS AND DISCUSSION EXPERIMENT 2 

Fig.6 shows the results of the X-Ray ONT for the 
experimental and the control group. When conducting the X-ray 
ONT the first time, the groups did not differ significantly, t(28) 
= -.377, p = .709. The control group achieved 52.72% correct 
naming (SD = 12.48), and the experimental group 54.55% (SD 
= 14.11). This result indicates that novices could recognize 
about half of the everyday objects in X-ray images used in the 
X-Ray ONT before taking any training. While this result is 
encouraging, it also means that many everyday objects cannot 
be recognized in X-ray images without training. When 
conducting the X-Ray ONT the second time, the control group 
achieved 58.28% correct naming (SD = 10.82), whereas the 
experimental group reached 66.05% (SD = 10.29). Bonferroni-
corrected post-hoc analyses revealed a significant difference 
between the X-ray ONT performance before and after training 
for the experimental group t(28) = -2.549, p = .008, but not for 
the control group t(28) = -1.305, p = .101. To examine main 
effects and interaction, a mixed 2x2 univariate ANOVA was 
conducted with the dependent variable % correct naming (X-
Ray ONT), the within-subjects factor time (before and after 
taking the XRI) and the between-subject factor group 
(experimental vs. control group). There was no main effect of 
group, F(1, 28) = 1.26, p = .272, a main effect of time, F(1, 28) 
= 77.89, p < .001, and a significant interaction between time 
and group, F(1,  28) = 9.42, p = .005.  

 

Fig.6 Means and standard deviations for % correct naming in the X-Ray ONT 
for the experimental and control group before and after the experimental group 
conducted the XRI.  

These results can be summarized as follows: Novices could 
recognize about half of the everyday objects in the X-Ray ONT 
without training. Using a short e-learning module (XRI) during 
2.5 hours did already increase % correct naming in the X-ray 
ONT by about 12%. This result is very encouraging regarding 
the question whether knowledge of harmless everyday objects 
in X-ray images can be trained effectively and efficiently. 

                                                           
5 Categorization would not make sense since only one category 

(“harmless object”) would be applicable. 

VIII. SUMMARY, CONCLUSIONS AND LIMITATIONS 

To get first insights into the relevance of knowledge of 
everyday objects in X-ray security screening, two experiments 
were conducted. Firstly, to explore the relationship between the 
knowledge about harmless everyday objects and the false alarm 
rate measured in a simulated X-ray baggage screening task, and 
secondly, to investigate the effectiveness of an e-learning 
course on harmless everyday objects in X-ray images. 

From an operational perspective, a low false alarm rate is 
desirable to guarantee the efficiency of the security screening 
process. We assumed a negative relationship between the 
percentage of correct answers for the naming of harmless 
everyday objects in an object categorization and naming task 
and the false alarm rate in a simulated X-ray baggage screening 
task. This hypothesis could be confirmed while controlling for 
variation in response bias using partial correlation. As 
mentioned earlier, it should be noted that causation cannot be 
inferred from correlational analyses even if partial correlation is 
used. Moreover, Experiment 1 was conducted with a rather 
small sample size (n=15). Further studies with a bigger sample 
size using an experimental design with systematic variation of 
everyday object knowledge and a control group would lead to 
stronger causal conclusions. Also, the performance of X-ray 
screeners with CBT on prohibited item detection who either do 
or do not receive additional everyday object training could be 
compared.  

 Experiment 2 showed promising results on e-learning as an 
efficient and effective tool for building knowledge of harmless 
everyday objects in X-ray images. This is certainly important 
for initial training so that X-ray screeners can work efficiently 
as early as possible. Although on average, certified X-ray 
screeners reached high values in everyday object naming in 
Experiment 1, there was still substantial inter-individual 
variation. Therefore, it could makes sense to run additional 
studies in which cost benefit analyses are conducted to see 
whether everyday object recognition training should be 
implemented not only for initial but also for recurrent training.  

 To conclude, this report shed light on the role of knowledge 
of harmless everyday objects for X-ray screening. Such 
knowledge, in combination with sound visual knowledge of 
prohibited items, could have positive effects on the 
effectiveness and the efficiency of airport security screening.  

REFERENCES 

[1] T. Hunter, "Islamist fundamentalist and separatist attacks against civil 
aviation since 11th September 2001," in F. Chau (Ed.), Aviation security 
challenges and solutions, Hong Kong: Avseco, pp. 35-54, 2011. 

[2] S. Michel, and A. Schwaninger, A. "Human-machine interaction in x-ray 
screening," Proceedings of the 43rd IEEE International Carnahan 
Conference on Security Technology, Zurich Switzerland, October 5-8, 
2009. 

[3] K. Wells, and D.A. Bradley, D. a. "A review of X-ray explosives 
detection techniques for checked baggage," Applied Radiation and 
Isotopes, 70(8), pp. 1729–1746, 2012.  
doi:10.1016/j.apradiso.2012.01.011 

[4] O.E. Wetter, "Imaging in airport security: Past, present, future, and the 
link to forensice and clinical radiology," Journal of Forensic Radioloty 
and Imaging, 1, pp. 152-160, 2013. 

[5] A. Schwaninger, "Training of airport security screeners," AIRPORT, 5, 
pp. 11-13, 2003. 

n = 30 



[6] A. Schwaninger, "Increasing efficiency in airport security screening," 
WIT Transactions on the Built Environment, pp. 407-416, 2005. 

[7] A. Schwaninger, " Airport security human factors: From the weakest to 
the strongest link in airport security screening," Proceedings of the 4th 
International Aviation Security Technology Symposium, Washington, 
D.C., USA, pp.  265-270, November 27 – December 1 2006. 

[8] A. Schwaninger, and F. Hofer, " Evaluation of CBT for increasing threat 
detection performance in X-ray screening," In K. Morgan and M. J. 
Spector (Eds.), The Internet Society 2004, Advances in Learning, 
Commerce and Security, pp. 147-156, Wessex: WIT Press. 

[9] D. Hardmeier, F. Hofer, and A. Schwaninger, “Increased detection 
performance in airport security screening using the x-ray ort as pre-
employment assessment tool,” in Proceedings of the 2nd International 
Conference on Research in Air Transportation, ICRAT 2006, Belgrade, 
Serbia and Montenegro, pp. 393-397, June 2006. 

[10] S. Michel,J. de Ruiter, M. Hogervorst, S. Koller, R. Moerland, and A. 
Schwaninger, A. "Computer-based training increases efficiency in x-ray 
image interpretation by aviation security screeners," Proceedings of the 
41st Carnahan Conference on Security Technology, Ottawa, October 8-
11, 2007. 

[11] A. Schwaninger, F. Hofer, and O. Wetter, "Adaptive computer-based 
training increases on the job performance of x-ray screeners," 
Proceedings of the 41st Carnahan Conference on Security Technology, 
Ottawa, October 8-11, 2007. 

[12] S. Koller, D. Hardmeier, S. Michel, and A. Schwaninger, "Investigating 
training, transfer and viewpoint effects resulting from recurrent CBT of 
x-ray image interpretation," Journal of Transportation Security, 1(2), pp. 
81-106, 2008. 

[13] S. Koller, C. Drury, and A. Schwaninger, "Change of search time and 
non-search time in X-ray baggage screening due to training," 
Ergonomics, 52(6), pp. 644-656, 2009. 

[14] T. Halbherr, A. Schwaninger, G. Budgell, and A. Wales, "Airport 
security screener competency: a cross-sectional and longitudinal 
analysis," International Journal of Aviation Psychology, 23(2),pp. 113-
129, 2013. 

[15] S. Michel, M. Mendes, J. de Ruiter, G. Koomen, and A. Schwaninger, 
"Increasing X-ray image interpretation competency of cargo security 
screeners," International Journal of Industrial Ergonomics , 44, pp. 551-
560, 2014. 

[16] A. Schwaninger, A. "Computer-based training: advantages and 
considerations," Aviation Security International, 17(6), pp. 18-23, 2011. 

[17] Y. Sterchi, and A. Schwaninger, " Optimizing the introduction of EDS in 
cabin baggage screening: A first simulation of the effect on throughput," 
Proceedings of the 46th IEEE International Carnahan Conference on 
Security Technology, Taipei, September 21-24, 2015. 

[18] K. Gkritza, D. Niemeier, and F. Mannering, "Airport security screening 
and changing passenger satisfaction: An exploratory assessment," 
Journal of Air Transport Management, 12(5), pp. 213–219, 2006. 
doi:10.1016/j.jairtraman.2006.03.001 

[19] J. Cohen, "A power primer," Psychological Bulletin, 112, pp. 155-159, 
1992. 

[20] D. Cousineau, and S. Chartier, "Outliers detection and treatment: a 
review," International Journal of Psychological Research, 3(1), pp. 58-
67, 2010. 

[21] D.M. Green, and J.A. Swets, "Signal Detection Theory and 
Psychophysics," New York: Wiley, 1966. 

[22] N.A. Macmillan, and C.D. Creelman, "Detection theory: A users guide  
(2nded.)," New York: Cambridge University Press, 2004. 

[23] D. Hardmeier, F. Hofer, and A. Schwaninger, "The role of recurrent CBT 
for increasing aviation security screeners’ visual knowledge and abilities 
needed in x-ray screening," Proceedings of the 4th International Aviation 
Security Technology Symposium, Washington, D.C., USA, November 
27 – December 1,  pp. 338-342, 2006. 

[24] D. Hardmeier, F. Hofer, and A. Schwaninger, "The x-ray object 
recognition test (x-ray ort) – a reliable and valid instrument for 
measuring visual abilities needed in x-ray screening," IEEE ICCST 
Proceedings, 39, pp. 189-192, 2005. 

[25] D. Hardmeier, F.Hofer, and A. Schwaninger, "Increased detection 
performance in airport security screening using the X-Ray ORT as pre-
employment assessment tool," Proceedings of the 2nd International 
Conference on Research in Air Transportation, ICRAT 2006, Belgrade, 
Serbia and Montenegro, June 24-28, pp. 393-397, 2006. 



978-1-5386-1585-0/17/$31.00 ©2017 IEEE 
 

Relevance of Visual Inspection Strategy and 
Knowledge about Everyday Objects for X-Ray 

Baggage Screening 
Yanik Sterchi*, Nicole Hättenschwiler, Stefan Michel and Adrian Schwaninger 

School of Applied Psychology  
University of Applied Sciences and Arts Northwestern Switzerland (FHNW) 

Olten, Switzerland 

*Email: yanik.sterchi@fhnw.ch  
 
 

Abstract—The screening of passenger bags at airports can be 
understood as a visual inspection task that consists of visual 
search and decision. Security officers (screeners) visually search 
for prohibited items in X-ray images and decide whether 
secondary search (e.g. using manual search or explosive trace 
detection) is needed. A screener's decision can be explained with 
signal detection theory and its measures (hit rate, false alarm 
rate, sensitivity and decision criterion). In this experiment tested 
whether a specifically instructed visual inspection strategy can 
influence the hit and false alarm rate. In addition, it was 
investigated whether knowledge about the visual appearance of 
harmless everyday objects in X-ray images is relevant for the 
detection of prohibited items. To this end, 31 screeners of an 
international airport conducted a simulated X-ray baggage 
screening task with two different instructions (normal vs. liberal 
decision) on how to conduct visual inspection: In the normal 
decision condition, screeners were instructed to visually inspect 
the X-ray images like they were used to from their job. In the 
liberal decision condition, screeners were instructed to visually 
analyze each object in the X-ray image and only decide that the 
bag was harmless if each object in the image could be recognized 
as harmless The screeners knew half of the prohibited items from 
computer-based training while the other half were novel 
prohibited items. In addition, knowledge about the visual 
appearance of everyday objects in X-ray images was measured. 
The results show that screeners were able to change their decision 
criterion depending on the instructed visual inspection strategy. 
Knowledge about harmless everyday objects was positively 
associated with detection performance and most notably 
correlated with the hit rate for novel threat items in the liberal 
decision condition. Implications for improving X-ray screening at 
airports using a risk-based and adaptive approach are discussed. 

Keywords—aviation security, detection performance, everyday 
object recognition, visual inspection, visual search, X-ray screening 

I. INTRODUCTION 
Secure air transportation is essential for economy and 

society. Over the past decades, airports and governments have 
invested heavily into further development of airport security 
checkpoints. At these checkpoints, airport security officers 
(screeners) visually inspect passenger baggage with X-ray 

screening technology to make sure that no prohibited items 
(IEDs: improvised explosive devices, knives, guns, and other 
prohibited items) can enter the security restricted area of an 
airport.  

Initial and recurrent training to detect known and novel 
prohibited items in X-ray images is an essential factor for 
screener performance. Several studies have shown the 
importance of computer-based training to learn which items are 
prohibited and what they look like in X-ray images, e.g. [1]–
[3]. In addition to these so-called knowledge-based factors, 
studies also show the relevance image-based factors (rotation 
of the prohibited item, superposition by other items, complexity 
of the bag) for X-ray image inspection, e.g. [4], [5].  

Screening of passenger bags can be understood as a visual 
inspection task that consists of visual search and decision [2], 
[6] inspired by the work of Spitz and Drury [7]. The decision 
whether an X-ray image of a passenger bag contains a 
prohibited item or not can be described with signal detection 
theory (SDT) [8], [9]. Important measures in this context are 
the hit rate (share of passenger bags with prohibited items 
correctly classified as containing prohibited items), and the 
false alarm rate (share of harmless bags falsely classified as 
containing prohibited items). SDT assumes that the hit and false 
alarm rate of a person result from his or her sensitivity and 
criterion. Sensitivity is the ability to differentiate between noise 
(in our case the harmless bag containing everyday objects) and 
signal plus noise (bag containing a prohibited item and 
everyday objects). The criterion is the response tendency that is 
assumed to be independent from sensitivity. A more 
conservative criterion is a tendency towards deciding in favor 
of noise, resulting in fewer false alarms but also fewer hits. A 
more liberal criterion is a tendency towards deciding in favor of 
signal plus noise, resulting in more hits but also more false 
alarms (see Fig. 1A). So the assumption is that for a given 
sensitivity, the criterion can be changed, leading to a change in 
both the hit and false alarm rate in the same direction. The 
thereby possible pairs of hit and false alarm rate are described 
by the so-called receiver operating characteristic curve (ROC 
curve; Fig. 1B).  

 



 

Fig. 1. Illustration of SDT. A: Noise and signal plus noise distribution, 
decision criterion and resulting hit rate (HR) and false alarm rate (FAR).  
B: Receiver operating characteristic curve resulting from shifting the criterion 
in Fig. 1A.  

Measures used to estimate sensitivity and criterion are often 
derived from one hit and false alarm rate value (e.g. d’ or A’). 
These measures assume a specific shape of ROC curve (for 
more information on detection measures and implied ROC 
curves see [8], [9]). However, some studies in the last ten years 
indicate that these assumptions might not apply to visual 
inspection of X-ray images [10]–[13]. As an alternative to the 
one-point measures, confidence ratings allow estimation of 
empirical ROC curves and use of the area under the curve 
(AUC) as sensitivity measure [8].  

Sensitivity is high if the person who visually inspects X-ray 
images knows which items are prohibited and what they look 
like in X-ray images [1]–[3]. Knowing what everyday objects 
look like in X-ray images could further facilitate the 
differentiation between harmless and prohibited items as 
recently found by Hättenschwiler et al. [14]. The authors 
revealed a negative correlation between everyday object 
knowledge measured in an X-ray object categorization and 
naming test and false alarm rate in a simulated X-ray baggage 
screening task. An intuitive explanation of this result could be 
that once an item is identified as harmless, it can no longer be 
mistaken for a threat item and thereby not result in a false 
alarm. This assumption implies that screeners search an X-ray 
image and decide for one object after another whether it is 
harmless or not, in accordance with the model proposed by 
Wolfe and Van Wert [15]. This model is similar to the two-
component model by [7], in which search continues until an 
inspector either finds what she or he is looking for (e.g. a 
prohibited item) or determines that enough time has been spent 
searching. 

From an efficiency perspective, a low false alarm rate is 
desirable, as each false alarm requires resources for its 
resolution (e.g. using explosive trace detection and manual 
search of the bag). From a security effectiveness perspective, it 
would be interesting to investigate whether knowledge about 
everyday objects can also be used to increase the hit rate. 
According to SDT, this should be possible, if screeners can 
apply a more liberal criterion, i.e. increase their tendency to 
classify a bag as needing alarm resolution. This should increase 
both hit and false alarm rates. Assuming that the overall 
decision for a bag is based on decisions on the level of single 
objects within the bag, a more liberal criterion on bag level 
results from a more liberal criterion on the level of single items 
in the bag [15].  

Based on the assumptions above, knowledge about 
everyday objects could be especially relevant for the detection 
of prohibited items that the screeners have never seen before. 
Since they lack the knowledge about their appearance 
(knowledge based factors), such novel prohibited items are 
harder to detect, when they less resemble known prohibited 
items. It is possible that screeners with good knowledge about 
everyday objects can detect novel prohibited items by an 
exclusion principle: They could only declare a bag as harmless 
if all contained objects are identified as harmless everyday 
objects, which in terms of SDT means the application of a very 
liberal decision strategy. If screeners can successfully be 
instructed to apply such a liberal decision criterion, this could 
allow for interesting practical applications, e.g. for increased 
effectiveness when screening bags of high-risk passengers.  

To our knowledge, there is no study yet that investigated the 
effects of instructing such an inspection strategy on detection 
performance. We therefore pursue this question in this 
exploratory study.  

II. METHOD AND PROCEDURE 

A. Participants 
A total of 31 screeners from one international airport completed 
this experiment (one participant dropped out after the first test 
due to illness). They were all certified screeners, meaning they 
were qualified, trained and certified according to the standards 
set by the appropriate national authority (civil aviation 
administration) consistent with European Regulation [16]. The 
participants were between 26 and 61 years old (M = 45.4, 
SD = 8.9) and had between 2 and 26 years of work experience 
(M = 8.4, SD = 5.5). 64.5% were female.  

B. Experimental Design 
The experiment used a mixed factorial design with two 

differently instructed inspection strategies (normal decision vs. 
liberal decision) as within-subjects factor and training of a new 
inspection instruction (short e-learning module vs. instruction 
only) as between-subjects factor. Since we were not sure 
whether the participants could apply the liberal decision 
strategy after only receiving a short instruction, the screeners 
were allocated into two groups. In addition to the instruction, 
one group received a short e-learning module explaining the 
liberal decision strategy in more detail to assist with switching 
from the normal decision strategy to the liberal decision 
strategy.  

Performance measures and eye tracking data were 
calculated as dependent variables. Performance was assessed in 
terms of effectiveness (percentage detection of prohibited 
items, hit rate) and efficiency (false alarm rate, response times 
and scan paths). 



 

Fig. 2. Illustration of the study design.  

C. Procedure 
 All participants came to the test facilities twice. At the first 

test date, all screeners completed the same pre-tests (test on 
detection of everyday objects, X-Ray CAT [17] and X-Ray 
ORT [18]) to get an indication of their visual search 
performance. They were then divided into two groups 
counterbalanced regarding their detection performance scores 
and work experience. In the second test session, screeners were 
assigned to a simulated X-ray baggage screening task (SXBST) 
using eye tracking. One group completed an e-learning module 
right before starting the SXBST while the other group directly 
started with the SXBST.  

In the normal decision condition, screeners were instructed 
to visually inspect the X-ray images like they were used to from 
their job. In the liberal decision condition, screeners were 
instructed to visually analyze each object in the X-ray image 
and decide that the bag is NOT OK if at least one object could 
not be recognized as harmless. 

D. Materials 

a) Everyday objects test (EOT): The EOT contains 32 
X-Ray images of cabin baggage. In each image, three objects 
per bag were marked with a red frame (Fig. 3). Out of these 
objects, 17 were prohibited items out of the categories IEDs or 
other prohibited items and 79 were everyday objects. This 
resulted in 19 X-ray images containing only harmless everyday 
objects, nine X-ray images containing two harmless objects 
and one prohibited item, and four X-ray images containing one 
harmless object and two prohibited items. To solve the test, 
three items per X-ray image had to be categorized and named. 
For each item, participants had to click on one of three option 
buttons describing the categories: harmless everyday object, 
IED, and other prohibited item (e.g. gun, knife, electric shock 
device, etc.). After categorizing an object, participants had to 
enter the name of the object into a textbox and rate how 
confident they were in their decision. In case an object could 
not be named, participants left the corresponding textbox 
empty. There was no time limit and completing the test took 
about 45-60 minutes.  

 

Fig. 3. Screenshot showing an X-ray image of a passenger bag from the 
everyday objects test with framed harmless everyday objects. 

b) E-learning Module: The e-learning module consisted 
of a short definition of the new inspection strategy liberal 
decision followed by some examples with feedback. Screeners 
needed approx. 10 minutes to complete the module.  

c) Simulated X-ray Baggage Screening Task (SXBST): 
128 color X-ray images of passenger bags were selected by X-
ray screening experts. In half of the X-ray images, one 
prohibited item was added using a validated X-ray image 
blending software [19]. Four categories of prohibited items 
were used (guns, knives, IEDs and other prohibited items). For 
each category, eight exemplars were used. Each exemplar was 
displayed once in canonical view (as defined by the two X-ray 
screening experts and the authors) and once rotated (around the 
horizontal or vertical axis by 85 deg.). For each category, half 
of the prohibited items were part of the training system used at 
this airport (known items). The other half were newly recorded 
(novel items) and visual comparison was used to make sure that 
they were different from the prohibited items contained in the 
training system. SXBST trials were structured as follows: After 
a fixation cross had to be fixated for 1.5 seconds, the X-ray 
images were displayed on the screen without time limit and 
screeners had to decide whether it was harmless or not by 
pressing a key, followed by confidence ratings on a scale from 
0 to 10. The test was divided into four blocks. For two blocks 
screeners were instructed to visually inspect the X-ray images 
like they were used to from their job (normal decision). For the 
other two blocks, screeners were instructed to visually analyze 
each object in the X-ray image and only decide that the bag 
was harmless if each object in the image could be recognized 
as harmless (liberal decision). The order of the blocks was 
counterbalanced. There was no feedback on the correctness of 
responses and the participants took about 30 minutes to 
complete the test.  

E. Eye Tracking Apparatus 
Eye tracking was conducted using the SMI RED-m eye 

tracker with a gaze sample rate of 120 Hz, a gaze position 
accuracy of 0.5° and a spatial resolution of 0.1°. This non-
invasive, video-based eye tracker was attached to a 22-inch 
screen that was placed 50 to 75 cm from the participant. The 
RED-m tracks both eyes (binocular) and works with two 



infrared light sources, the reflection of which from the retina is 
recorded by a camera. Consequently, the participants could 
move freely in the limited area that the tracking system can 
record accurately. Two screen monitors were attached to a 
laptop: one showing the X-ray images to the participant, the 
other one showing the eye movements simultaneously to the 
facilitator. 

F. Analyses  
Confidence ratings were used to calculate AUC with the R-

package pROC [20], [21]. All dependent variables were 
aggregated on individual level before statistical analysis. Since 
the dependent variables were substantially dispersed and not 
normally distributed, within-subject comparisons were tested 
for significance with the Wilcoxon signed-rank test and 
between-subject comparisons with the Mann-Whitney test.  

III. RESULTS 
Fig. 4 displays the hit rate for novel and known prohibited 

items and the false alarm rate. As expected, the hit rate was 
higher for known than for novel prohibited items, W = 1934, 
p < .001. In comparison to normal decision, liberal decision 
resulted in a higher hit rate for known prohibited items, W = 85, 
p = .02, and for novel prohibited items, W = 95.5, p = .02. In 
addition, the false alarm rate was significantly higher, W = 60.5, 
p < .001. In contradiction to our expectation, these effects were 
not significantly larger for the group who received the 
e-learning, neither for the hit rate of known items, U = 145, 

 

Fig. 4. Box plots of hit and false alarm rates depending on decision condition 
and prohibited item class (known vs. novel). (Note: Performance values are 
multiplied by an arbitrary constant for security purposes.) 

p = .16, novel items, U = 141.5, p = .20, nor the false alarm 
rate, U = 141, p = .21.1  

Sensitivity (AUC values) did not differ between the two 
inspection strategies, neither for known, W = 240, p = .88 
(normal decision: M = .889, SD = .066; liberal decision: M = 
.890, SD = .068) nor for novel items, W = 262.5, p = .78 
(normal decision: M = .794, SD = .079; liberal decision: M = 
.789, SD = .067).  

For the analysis of the eye tracking data, five participants 
had to be excluded due to technical difficulties that led to 20-
100% of their trials without any recorded saccades or fixations. 
From the remaining participants, 38 of 3316 trials had to be 
excluded (again due to the lack of any saccades or fixations 
being recorded in these trials). Not surprisingly, the overall 
increased response times in the liberal decision condition were 
associated with on average (mean) 22% longer scan paths 
(measured in pixels) for target present trials, W = 75, p = .009, 
and 28% longer scan paths for target absent trials, W = 49, 
p < .001. However, this increase was disproportionate for target 
absent trials, leading to a shorter average scan path per response 
time, W = 292, p = .002, but not significantly so for target 
present trials, W = 228, p = .23. We further analyzed whether 
this slower scanning might be due to more frequent fixations or 
longer fixations, revealing that the number of fixations per 
response time actually decreased for target absent trials, W = 
271, p = .014, but the average duration of these fixations 
increased, W = 38, p < .01.  

 

Fig. 5. Boxplot of individual median response times [s] depending on 
decision condition and separate for target absent and target present trials.  

                                                           
1 We also analyzed whether e-learning affected sensitivity. There was 
no significant difference in AUC between the two groups neither for 
known, U = 138.5, p = .48 (e-learning: M = .896, SD = .059; control 
group: M = .883, SD = .060), nor novel items, U = 121, p = .98 (e-
learning: M = .787, SD = .059; control group: M = .789, SD = .051) 



In a next step, we analyzed whether everyday object 
knowledge was associated with a higher hit rate and a lower 
false alarm rate. Table I. shows based on rank correlations2  that 
when instructed for normal decision, screeners with a high 
performance in the EOT also detected more known prohibited 
items, had a marginally significant lower false alarm rate, but 
did not detect more novel items. Looking at the condition 
liberal decision, the pattern changes: EOT performance was not 
associated with lower false alarm rates but with higher hit rates 
for novel prohibited items.  

TABLE I.  CORRELATIONS 

Correlations EOTa and 
SXBSTb 

SXBSTb variable 
HRc known 
prohibited 

items 

HRc novel 
prohibited 

items 

False 
alarm rate 

Normal decision 
rs = .430 
p = .008 

rs = -.117 
p = .735 

rs = -.298 
p = .052 

Liberal decision rs = .391 
p = .015 

rs = .322 
p = .038 

rs = -.018 
p = .462 

a. Everyday object test score 
b. Simulated X-ray baggage screening task 

c. Hit rate 
 

IV. DISCUSSION 
In our experiment, we investigated whether screeners can be 

instructed to apply a more liberal decision criterion when 
visually inspecting X-ray images of passenger bags resulting in 
higher hit rates at the cost of increased false alarm rates. 
Further, we explored whether knowledge about the appearance 
of everyday objects in X-ray images was associated with 
detection performance. The results show that an instruction to 
decide more liberal led to increased hit and false alarm rates. 
Sensitivity – estimated with the AUC based on confidence 
ratings – remained constant for the two inspection strategies. 
This implies that the observed change in hit and false alarm 
rates was due to a change in the decision criterion. We therefore 
conclude that screeners are generally capable to shift their 
criterion based on an instruction. However, this criterion shift 
also led to longer response times, especially for target absent 
trials, which are most relevant in practice, where the majority of 
images do not contain any prohibited items. It is not surprising 
that participants need more time when instructed to decide 
carefully for each object whether it is harmless or not. In this 
regard, it should also be noted that SDT does not explain how 
response times are linked to sensitivity or the criterion [22]. 
Reference [15] also found a criterion shift as the result of 
changes in target prevalence (share of target present trials) to 
influence response times without a change in sensitivity. In 
their proposed model, they explain the overall criterion as the 
result of the decision criterion on the level of single objects 
within the X-ray image (as already mentioned in the 
introduction) and in addition assume a quitting threshold. The 
assumption is that participants continue searching until they 
either come across an item that requires further inspection or 
until their quitting threshold is satisfied, which thereby governs 

                                                           
2 Due to the lack of linearity between the variable pairs, we refrained 

from Pearson correlations. 

the response time for target absent responses. As explained in 
the introduction, this is comparable to the model of [7]. Also 
[10], [12], [15] found response times to be longer when 
participants had a more liberal criterion due to higher target 
prevalence. Our results hence fall in line with criterion shifts 
induced by different levels of target prevalence.  

The eye tracking data from our experiment shows that for 
images of harmless bags screeners have longer scan paths and 
more fixations. Nevertheless, at the same time scanning was 
slower and fixations longer. This suggests that applying the 
liberal decision not only extended the search duration but also 
affected underlying cognitive processes, e.g. [23].  

In our experiment, we also investigated whether an e-
learning module could assist with the application of the new 
inspection strategy. However, the liberal decision condition did 
not have a stronger effect for the e-learning group, neither for 
their hit rates, false alarm rates nor response times. This means 
that the e-learning module, as designed for this experiment, was 
not effective or necessary, since screeners without e-learning 
were also able to shift their criterion based on the instruction. 
Further, the e-learning module did also not interact with the 
effect of decision strategy on response times.  

In the normal decision condition, screeners with more 
everyday object knowledge had lower false alarm rates (though 
only marginally significant), which is in line with the findings 
of [14]. In both decision conditions, screeners with more 
everyday object knowledge had higher hit rates for prohibited 
items known from computer-based training, possibly because 
these screeners had both more knowledge about everyday 
objects and about prohibited items included in training. 
Interestingly, when applying the liberal decision strategy, 
screeners with more everyday object knowledge no longer had 
lower false alarm rates but had higher hit rates for novel 
prohibited items. This is a first indication that good knowledge 
about the visual appearance of everyday objects might be useful 
for better detection of novel prohibited items.  

V. SUMMARY, CONCLUSIONS AND LIMITATIONS 
Our results show that the instruction of a more liberal 

decision for visual inspection of X-ray images led to an 
increased hit and false alarm rate without affecting sensitivity. 
This implies that the observed change in hit and false alarm 
rates was due to a change in the decision criterion alone. These 
findings are consistent with understanding visual inspection of 
X-ray images as a task consisting of visual search and decision, 
where the decision is made according to signal detection theory. 
Regarding practical implications, the instruction of visually 
inspecting X-ray images using a liberal decision on a regular 
basis is not advised because of increased false alarm rates and 
slower response times, which would reduce efficiency of X-ray 
screening at security checkpoints. However, visual inspection 
using a liberal decision strategy could be very valuable for 
increased effectiveness when screening bags of high-risk 
passengers and/or flights. This would be particularly useful to 
increase detection of novel threat items.  

Since our findings regarding everyday object knowledge 
was merely correlative, future studies are needed to prove that 
everyday object knowledge can decrease false alarm rates and 



increase hit rates depending on decision strategy. In that case, a 
specific training of everyday objects would have a high 
potential to increase effectiveness and efficiency of X-ray 
screening. 
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A B S T R A C T

Bomb attacks on civil aviation make detecting improvised explosive devices and explosive material in passenger
baggage a major concern. In the last few years, explosive detection systems for cabin baggage screening (EDSCB)
have become available. Although used by a number of airports, most countries have not yet implemented these
systems on a wide scale. We investigated the benefits of EDSCB with two different levels of automation currently
being discussed by regulators and airport operators: automation as a diagnostic aid with an on-screen alarm
resolution by the airport security officer (screener) or EDSCB with an automated decision by the machine. The
two experiments reported here tested and compared both scenarios and a condition without automation as
baseline. Participants were screeners at two international airports who differed in both years of work experience
and familiarity with automation aids. Results showed that experienced screeners were good at detecting im-
provised explosive devices even without EDSCB. EDSCB increased only their detection of bare explosives. In
contrast, screeners with less experience (tenure < 1 year) benefitted substantially from EDSCB in detecting both
improvised explosive devices and bare explosives. A comparison of all three conditions showed that automated
decision provided better human–machine detection performance than on-screen alarm resolution and no au-
tomation. This came at the cost of slightly higher false alarm rates on the human–machine system level, which
would still be acceptable from an operational point of view. Results indicate that a wide-scale implementation of
EDSCB would increase the detection of explosives in passenger bags and automated decision instead of auto-
mation as diagnostic aid with on screen alarm resolution should be considered.

1. Introduction

Secure air transportation is vital for both the economy and society
(Abadie and Gardeazabal, 2008). For several decades now, airplanes
have been interesting targets for terrorists (Baum, 2016). Looking at the
history of attacks against airplanes (both successful and near misses),
one of the biggest concerns is bombs – that is, improvised explosive
devices (IEDs; Novakoff, 1993; Singh and Singh, 2003; Baum, 2016).
The Global Terrorism Database (2017) lists 893 attacks on airports or
aircrafts with explosives, 247 of which occurred after 2001. Quite re-
cently, on the 29th of July 2017, a terrorist plot was prevented at
Sydney airport when an IED was found concealed inside a bag
(Westbrook and Barrett, 2017). In response to heightened risk, espe-
cially since 9/11, airports and governments have increased their in-
vestments in aviation security (Gillen and Morrison, 2015). In the last
few years, explosive detection systems for cabin baggage screening
(EDSCB) have also become available (Sterchi and Schwaninger, 2015).
Whereas a few countries such as the United States are using these

systems (Neffenger, 2015), they have not been implemented widely in
European countries and on other continents (Pochet, 2016). We in-
vestigated the benefits of EDSCB with two different levels of automa-
tion that are both being discussed currently by regulators and airport
operators. We were able to recruit airport security officers (screeners)
from two different European airports to work on two experiments using
a simulated cabin baggage screening task. In this introduction, we first
summarize previous research on visual inspection and conventional
cabin baggage screening before going on to discuss automation and
EDSCB.

1.1. Visual inspection and conventional cabin baggage screening

To prevent terrorist attacks and other acts of unlawful interference,
passengers and their belongings have to be screened before they are
allowed to enter the secure areas of airports and board airplanes
(Thomas, 2009). Screeners visually inspect X-ray images of cabin bag-
gage for prohibited items such as guns, knives, and improvised
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explosive devices (IEDs) as well as other items such as self-defence gas
sprays or Tasers (Schwaninger, 2005). This inspection involves visual
search and decision making (Koller et al., 2009; Wales et al., 2009;
Wolfe and Van Wert, 2010). The challenges when performing visual
search in X-ray baggage screening include a low target prevalence, the
variation in target visibility, the search for an unknown target set, and
the possible presence of multiple targets (for recent reviews, see Biggs
and Mitroff, 2014; Mitroff et al., 2015). When deciding whether or not a
bag contains a prohibited item, screeners need to know which items are
prohibited and what they look like as X-ray images (Schwaninger,
2005, 2006). Whereas even novices can recognize certain object shapes
such as guns and knives in X-ray images (Schwaninger et al., 2005),
other prohibited items such as IEDs are difficult to recognize without
training (Schwaninger and Hofer, 2004; Koller et al., 2008, 2009;
Halbherr et al., 2013). An IED is composed of a triggering device, a
power source, a detonator, and explosive that are usually all connected
by wires (Turner, 1994; Wells and Bradley, 2012). Through computer-
based training, screeners can learn to recognize these components, and
they can achieve and maintain a high detection performance for IEDs
(Schwaninger and Hofer, 2004; Koller et al., 2008, 2009; Halbherr
et al., 2013; Schuster et al., 2013). In cabin baggage screening, bare
explosives also pose a threat, because these could be combined with
other IED components after passing an airport security checkpoint.
Detecting bare explosives can be a challenge even for well-trained
screeners, because they often look like a harmless organic mass (Jones,
2003). So far, no study has investigated how well screeners can detect
bare explosives and whether automation and EDSCB can increase hu-
man–machine system performance in response to such threats. Before
discussing automation and EDSCB as a specific application, it is worth
considering important findings and concepts on automation and hu-
man–machine system performance in general.

1.2. Automation and human–machine system performance

Automation refers to functions performed by machines (usually
computers) that assist or replace tasks performed by humans (for re-
views, see Parasuraman and Wickens, 2008; Sheridan, 2011; Vagia
et al., 2016). One form of automation assisting humans is the diagnostic
aid (Wickens and Dixon, 2007). This provides support in the form of
alerts or alarms and influences attention allocation (Cullen et al., 2013).
Examples include collision warning systems for driving and air traffic
control (Lehto et al., 2000; Abe and Richardson, 2006; Liu and Jhuang,
2012; Biondi et al., 2017) or aids assisting radiologists in making di-
agnostic decisions from mammograms (e.g. Vyborny et al., 2000;
Fenton et al., 2007). Other examples are systems that indicate poten-
tially threatening objects in X-ray images of passenger baggage. These
systems have been investigated in laboratory studies with student
participants (Wiegmann et al., 2006; Rice and McCarley, 2011).
Common to this type of automation is that it categorizes events into
target or non-target states (Wickens and Dixon, 2007). Signal detection
theory (Green and Swets, 1966, 1972) provides a useful framework
with which to describe the performance (reliability) of such diagnostic
automation (Wickens and Dixon, 2007; Parasuraman and Wickens,
2008; Rice and McCarley, 2011). In signal detection theory, high per-
formance (reliability) in terms of d' is achieved when targets are de-
tected well (high hit rate) and the false alarm rate is low. The criterion
(or response bias) is a threshold that can be changed while d' remains
constant (Macmillan and Creelman, 2005). The criterion can be
changed by adjusting thresholds for alerts, resulting in a trade-off be-
tween two types of automation errors: misses and false alarms
(Parasuraman, 1987; Parasuraman and Riley, 1997; Wickens and
Colcombe, 2007). Designers often set low thresholds, because the
consequences of automation misses are considered to be more costly
than false alarms (Parasuraman and Wickens, 2008). However, if the
base rate of dangerous events to be detected is low, the result will be
many false alarms and only few hits (Parasuraman and Riley, 1997).

This can produce a ‘cry wolf’ effect with operators ignoring system
warnings (Breznitz, 1983; Bliss, 2003). Such an effect can drastically
reduce or even eliminate the benefits of automation when it is im-
plemented as a diagnostic aid.

Alongside automation as a diagnostic aid, other levels of automation
are possible. Sheridan and Verplank (1978) proposed a taxonomy with
10 levels of automation ranging from fully manual to fully computer
automated. Parasuraman et al. (2000) proposed a taxonomy with four
processing stages: 1) sensory processing, 2) perception/working
memory, 3) decision making, and 4) response/action. Several other
taxonomies for different levels of automation have been proposed (for a
review, see Vagia et al., 2016). Kaber and Endsley (2003) have pointed
out that specifying the ‘best’ level of automation is not as straightfor-
ward as one might think. Moreover, familiarity with automation can
affect how people interact with it (Parasuraman and Manzey, 2010;
Sauer et al., 2016; Strauch, 2016; Sauer and Chavaillaz, 2017). Indeed,
deciding how best to organize human–machine function allocation and
the level of automation remains a difficult task that can also depend on
the specific application (Sheridan, 2011). Parasuraman et al. (2000)
have suggested that appropriate criteria for selecting the level of au-
tomation for a particular application are human performance, auto-
mation reliability, and the cost associated with outcomes.

1.3. Automation and EDSCB

For X-ray screening of cabin baggage, regulators and airport op-
erators are currently discussing two EDSCB implementation scenarios
differing in their level of automation and human–machine function
allocation: on-screen alarm resolution (OSAR) and automated decision
(Sterchi and Schwaninger, 2015). In the OSAR scenario, automation is
implemented as a diagnostic aid. Screeners visually inspect every piece
of cabin baggage. During this inspection, EDSCB indicates potential
explosive material by either marking an area on the X-ray image of a
passenger bag with a coloured rectangle or highlighting it in a special
colour (Nabiev and Palkina, 2017). Screeners then have to resolve this;
that is, they have to visually inspect the X-ray image and decide whe-
ther the area indicated by the machine is harmless (EDSCB false alarm)
or whether it actually could be explosive material, making it necessary
to subject the baggage to a secondary inspection. This is also conducted
at the airport security checkpoint and involves explosive trace detec-
tion, opening the bag, and manually searching it (Sterchi and
Schwaninger, 2015). EDSCB systems with high hit rates (close to 90%)
have false alarm rates in the range of 15–20% (personal communication
with EDSCB experts, summer 2016). As mentioned above, system re-
liability can be described by d' from signal detection theory (Green and
Swets, 1966, 1972). For example, an EDSCB with a hit rate of 88% and
a false alarm rate of 17% would have a system reliability of d'=2.1. In
operation, most of the EDSCB alarms are cleared by screeners, leaving
only a small percentage of bags on which EDSCB has raised an alarm
that then requires a secondary inspection. Although OSAR is the sce-
nario currently employed at airports that have already introduced
EDSCB, its effectiveness can be questioned, because screeners might not
be able to distinguish explosive material from benign material (as
pointed out already by Jones, 2003). Moreover, EDSCB false alarm rates
of 15–20% could result in a cry wolf effect leading screeners to po-
tentially ignore system warnings (Breznitz, 1983; Bliss, 2003).
Screeners might therefore be prone to mistakenly clearing bags that
contain explosives. This would drastically reduce the effectiveness of
EDSCB in the OSAR scenario. In other words, the probability of de-
tecting explosives on the human–machine system level equals about
90% (EDSCB) minus the erroneously cleared alarms by screeners. This
could result in a much lower detection rate.

The automated decision scenario uses a higher level of automation
with different human–machine function allocation. Bags on which the
EDSCB raises an alarm are sent automatically to secondary inspection
using manual search and/or explosive trace detection (Sterchi and
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Schwaninger, 2015). Because secondary inspection is time-consuming,
EDSCB false alarm rates of 15–20% are not acceptable in this scenario.
To be operationally feasible, EDSCB thresholds can be adjusted, which
corresponds to moving the criterion in signal detection theory (Green
and Swets, 1966; Macmillan and Creelman, 2005). For example, given a
system reliability of d'=2.1, like that in the OSAR scenario explained
above, adjusting EDSCB thresholds to achieve a false alarm rate of 4%
would result in an EDSCB hit rate of 63%. It is important to remember
that in the automated decision scenario, screeners visually inspect all X-
ray images on which the EDSCB does not raise an alarm. In the current
example, this equals 96% of all bags (assuming a false alarm rate of the
EDSCB of 4%). The probability of detecting explosives on the hu-
man–machine system level therefore equals 63% (EDSCB hit rate) plus
detections by screeners on the 96% of bags on which the EDSCB has not
raised an alarm. Therefore, in this example, the probability of detecting
explosives on the human–machine system level equals 63% (EDSCB)
plus the detections by screeners.

In summary, for a given EDSCB, the effectiveness of OSAR and the
automated decision scenario depends finally on the screeners' ability to
clear alarms by the EDSCB (in the OSAR scenario) and to detect ex-
plosives missed by the EDSCB (in both scenarios). Which scenario re-
sults in better human–machine system performance is difficult to pre-
dict and well worth investigating.

1.4. Present study

The present study examined the benefits of automated explosive
detection systems for cabin baggage screening (EDSCB) in two realistic
implementation scenarios differing in the level of automation and hu-
man–machine function allocation (EDSCB with OSAR vs automated
decision). It addressed the following three research questions: 1) Does
EDSCB lead to higher human–machine system performance for de-
tecting IEDs and explosives? 2) Does this depend on the level of auto-
mation (OSAR vs automated decision)? 3) Is this dependent on screener
work experience? To address these research questions, two experiments
using a simulated baggage screening were conducted at different
European airports with screeners differing in work experience.

Based on previous research, we derived three hypotheses: 1) EDSCB
should improve human–machine system performance for detecting bare
explosives because these often look like a harmless organic mass (Jones,
2003). 2) We expected better results for the automated decision sce-
nario compared to OSAR, because clearing EDSCB alarms can be diffi-
cult (Jones, 2003) and false alarm rates of 15–20% in the OSAR sce-
nario may result in a cry wolf effect with screeners ignoring system
warnings (Breznitz, 1983; Bliss, 2003). 3) Effects should depend on
screener work experience because previous research has shown that
regular computer-based training, which is mandatory in Europe, results
in large increases in IED detection during the first few years (Halbherr
et al., 2013). Experiment 1 examined the first two hypotheses. The aims
of Experiment 2 were to perform a replication, to address the limita-
tions of Experiment 1, and to test all three hypotheses.

2. Experiment 1

2.1. Method

2.1.1. Participants
The current research complied with the American Psychological

Association Code of Ethics and was approved by the Institutional
Review Board of the University of Applied Sciences and Arts
Northwestern Switzerland. Informed consent was obtained from all
participants. The study was conducted with 61 screeners who had been
qualified, trained, and certified according to the standards set by the
appropriate national authority (civil aviation administration) in com-
pliance with the relevant EU Regulation (Commission Implementing
Regulation [EU], 2015/1998). Screeners had been employed for at least

two years (M=7.68, SD=4.85) and were not familiar with automa-
tion aids for cabin baggage screening. They participated on a voluntary
basis, were recruited by a security service provider at the airport, and
compensated by regular salary. Their average age1 was 42.5 years
(SD=10.52, range 24–60 years), and 57.37% of them were female.

2.1.2. Design
The experiment used a between-subjects design with condition (no

automation as baseline, OSAR, and automated decision) as independent
variable and hit rate (percentage detection of prohibited items) and
false alarm rate of the human–machine system as dependent variables.
The three experimental groups were balanced with regard to their de-
tection performance score in a pre-test (X-ray CAT), age, and work
experience (baseline, n=20; OSAR, n=20; automated decision,
n=21).

2.1.3. Materials
Pre-test: The X-Ray Competency Assessment Test (X-Ray CAT) is a

reliable, valid, and standardized computer-based test used to assess the
X-ray image interpretation competency of screeners (Koller and
Schwaninger, 2006). It has been applied in several previous studies and
is used for the mandatory X-ray screener certification at a number of
European airports (e.g. Koller et al., 2008; Michel et al., 2007; Koller
et al., 2009; Steiner-Koller et al., 2009; Halbherr et al., 2013). To solve
the X-Ray CAT, screeners have to visually scan X-ray images for pro-
hibited items and decide whether a bag can be considered either to be
harmless (OK) or to contain a prohibited object (NOT OK). For a more
detailed description of the X-Ray CAT, see Koller and Schwaninger
(2006).

Main test: We measured human–machine system performance in the
three automation conditions (baseline, OSAR, and automated decision)
with 640 unique X-ray images of real passenger bags. These were se-
lected by two experts (former screeners) from a pool of about 2000 X-
ray images recorded during regular airport security screening opera-
tions. This selection procedure included making sure that no prohibited
items were contained in the X-ray images. Target-present images were
created by the screening experts using previously recorded prohibited
items that were placed into 80 of the 640 X-ray images using a software-
and image-merging algorithm that had been validated in previous
studies (von Bastian et al., 2009; Mendes et al., 2011). This corresponds
to a target prevalence of 12.5%. Five different threat categories were
included in this test: IEDs, explosive materials, guns, gun parts, and
knives (see Fig. 1 for examples).

The category gun parts was included to compare detection perfor-
mance with explosives because the latter are parts of IEDs. Each cate-
gory contained eight different prohibited items. As in the X-Ray CAT
(Koller and Schwaninger, 2006), each item was depicted twice: once
from an easier, canonical viewpoint, and once from a more difficult,
rotated viewpoint.

Fig. 2 illustrates the three automation conditions. In the baseline
condition (Fig. 2a), no automation is available and detecting prohibited
items relies only on the screener. In the OSAR condition, automation is
implemented as a diagnostic aid and red frames highlight areas in the
X-ray image on which the EDSCB has raised an alarm (Fig. 2b). For the
OSAR condition, an EDSCB was emulated by showing a red frame
around 14 of the 16 IEDs and explosives and around 94 of the 560
images of harmless bags. The frames on the images were set manually
by a screening expert and were based on available information and
professional experience with existing EDSCB machines. The emulated
EDSCB had a hit rate of 88% and an alarm rate of 17% (as mentioned in
the introduction, EDSCB systems in service at airports using OSAR have
hit rates close to 90% and false alarm rates of 15–20%).

For the automated decision condition, a set of images of 10 IEDs, 10

1 One X-ray screener did not report her or his age.
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explosives, and 20 harmless bags was randomly selected from the set of
images with an alarm in the OSAR condition. These images were then
removed (Fig. 2c) from the test (in order to emulate the implementation
scenario in which bags that trigger an alarm by the EDS are sent directly
to secondary inspection). The emulated EDS had a hit rate of 63% and a
false alarm rate of 4%. This corresponds to the same system reliability
of the EDS in terms of d' with a more conservative criterion (a re-
quirement of the automated decision scenario, as explained in the in-
troduction).

2.1.4. Procedure
All screeners came to the test facilities to conduct the pre-test (X-

Ray CAT) and completed the main test on a second test date (mean
interval between tests: 53 days, SD=11). For the tests, eight laptops
were set up in a normally lit room. Screeners sat approximately 60 cm
away from the laptop screen. The X-ray images covered about two-
thirds of the screen. Before starting the test, screeners were given
general instructions on the number of images, the target prevalence,
and the different prohibited item categories. They performed the test
quietly, individually, and under supervision.

Screeners were instructed to inspect each image visually and report
as quickly and accurately as possible whether a bag was harmless (OK)
or not (NOT OK) by clicking on a button on the screen. In the OSAR
condition, screeners were informed that they would be receiving sup-
port from an EDSCB that usually marks IEDs and explosives with a red
frame. They were further instructed that red frames can also occur
when the bag contains no IED or explosive (false alarm). In the auto-
mated decision condition, screeners were informed that this test con-
dition would include support from an automated explosives detection
system. They were told that if an IED or an explosive is detected by the
EDSCB, the bag will be sent automatically to secondary inspection and
will not be shown to the screener. They were further informed that in
some cases, IEDs and explosives will not be detected by the EDSCB.
After the instructions, all participants practiced on 20 sample images to
familiarize themselves with the images and the task.

Following the European Commission (Commission Implementing
Regulation [EU], 2015/1998) regulation, screeners have to take a break
of at least 10min after 20min of continuous visual inspection of X-ray
images. Therefore, the EDSCB test was divided into four equally long
blocks, and screeners were asked to take a 10-min break after com-
pleting each block. Threat bags, threat categories, and harmless bags

were distributed equally across the four blocks. The order of blocks was
counter-balanced between conditions to minimize any training or order
effects. Within a block, images appeared in random order. All partici-
pants completed the pre-test (X-Ray CAT) in less than 40min and the
main test in less than 2 h including breaks.

2.1.5. Analyses
All ANOVAs were conducted with SPSS version 22 and alpha was set

at 0.05 unless otherwise stated. Post hoc comparisons were conducted
with R version 3.22 (R Core Team, 2015) and Holm–Bonferroni cor-
rections were applied (Holm, 1979). Effect sizes of ANOVAs are re-
ported with ηp2 (partial eta-squared); effect sizes of t tests, with Cohen's
d.

ANOVAs were calculated using the hit and false alarm rate on the
human–machine system level as dependent variables. Because hit and
false alarm rates are bound between 0 and 1, normality and homo-
geneity of variances was generally not fully met. Traditionally, ANOVAs
are assumed to be quite robust towards non-normality and homogeneity
(e.g. Glass et al., 1972). However, because reviews question this ro-
bustness (Harwell et al., 1992; Erceg-Hurn and Mirosevich, 2008), all
ANOVAs were also performed on scores that had been arcsine trans-
formed for homogenization of variances and normalization (for more
information on the application of arcsine transformations to proportion
data, see McDonald, 2007). Results on transformed values are reported
only when the transformation affected whether an effect attained sig-
nificance.

2.2. Results

Fig. 3 shows the results of human–machine hit rate by prohibited
item category and automation condition.

First, we conducted a univariate ANOVA with the hit rate of only
the baseline condition. This revealed a significant effect of prohibited
item category, F(4, 76)= 83.03, p < .001, ηp2= 0.81. Post hoc ana-
lyses revealed a significant effect between all category comparisons for
prohibited items (p < .017) except for the comparison between knives
and explosives (p= .365). Then, we conducted a 3 (prohibited item
category: gun, gun parts, and knives) x 3 (condition: baseline, OSAR,
and automated decision) ANOVA. We found no main effect of auto-
mation, F(2, 58)= 1.05, p= .356, ηp2= 0.03, and no interaction be-
tween prohibited item category and condition, F(3.45, 100.05)= 0.63,
p= .622, ηp2= 0.02. To examine the benefits of EDSCB, we conducted
a 2 (IED and explosives) x 3 (condition: baseline, OSAR, and automated
decision) ANOVA. This revealed main effects for the prohibited item
category, F(1, 58)= 238.89, p < .001, ηp2= 0.80, condition, F(2,
58)= 34.74, p < .001, ηp2= 0.55, and their interaction, F(2,
58)= 37.06, p < .001, ηp2= 0.56. For IEDs, there was a significant
difference between OSAR and automated decision (p= .041) in favor of
the automated decision condition. For explosives, direct post hoc
comparisons showed a significant difference between the baseline
condition and the automated decision condition (p < .001) as well as

Fig. 1. Examples of the five threat categories.

Fig. 2. Illustration of the three automation conditions: (a) baseline condition without automation, (b) OSAR, and (c) automated decision.
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between OSAR and automated decision (p < .001).
Further analyses were conducted with the false alarm rate of the

human–machine system as a dependent variable. A univariate ANOVA
revealed a significant effect of condition, F(2, 58)= 12.41, p < .001,
ηp2= 0.30. Post hoc pairwise comparisons using Holm–Bonferroni
corrections revealed a significant difference between the baseline con-
dition and automated decision (p= .008) as well as between OSAR and
automated decision (p < .001). The false alarm rate in the automated
decision condition was significantly higher than the false alarm rates in
the two other conditions (see Fig. 4).

We further analysed whether automated decision affected hu-
man–machine system performance only through its direct contribution
(i.e. producing hits and false alarms) or whether it also affected human
performance. Therefore, the detection scores for images of IEDs and
explosives shown to screeners in the automated decision condition (i.e.
not sorted out by the automation aid) were compared with the detec-
tion scores for the same images from the baseline condition. Images that
triggered the EDS alarm in the automated decision condition were ex-
cluded from this analysis for both conditions. Independent t tests were
calculated for the hit rate for IEDs and for the hit rate for explosives.
There were no significant effects for either IEDs, t(39)= 0.40, p= .689,
or explosives, t(39)= 0.34, p= .732. Another t test was conducted

with false alarm rate as the dependent variable. This revealed no dif-
ference between conditions, t(39)= 0.64, p= .525. In conclusion, it
can be assumed that automated decision did not influence human
performance.

2.3. Discussion

The results for the baseline condition replicated those found in
previous studies: guns were detected very well, IEDs only slightly less
well, and knives came third (Koller et al., 2007, 2009; Halbherr et al.,
2013). Gun parts were more difficult to detect than whole guns, pre-
sumably because configural representations of whole gun shapes cannot
be accessed and only component representations of gun parts are
available for recognition (Schwaninger, 2004). Explosives were difficult
to detect, which could be due to the fact that they lack the diagnostic
features of an IED and because explosive material often looks like a
harmless organic mass (Jones, 2003). Automation had no impact on the
detection of guns, gun parts, and knives. This is not surprising, because
automation highlighted only potential explosives.

The screeners in Experiment 1 did not benefit from automation
when OSAR was used with a realistically high false alarm rate of 17%.
This is consistent with results found in earlier studies using different
tasks indicating that automation with high false alarms can induce a cry
wolf effect with operators ignoring system warnings (Bliss et al., 1995;
Parasuraman et al., 2000). Results revealed a highly significant differ-
ence between the baseline condition and the automated decision con-
dition – but only for explosives. Because the screeners' performance on
detecting IEDs was already very high without the automated system
(baseline), not much room was left for improvement. In Experiment 1,
automated decision provided benefits only for the detection of ex-
plosives. This came at the cost of a higher false alarm rate, because all
EDS alarms that are false alarms automatically add to the false alarms
of screeners.

3. Experiment 2

The aims of Experiment 2 were to replicate Experiment 1 with
screeners from a different airport, to address the limitations of

Fig. 3. Mean human–machine hit rates by condition (baseline, OSAR, automated decision) and prohibited item categories (guns, gun parts, knives, IEDs, and
explosives). Absolute values of hit rate are not shown due to security restrictions in this project. Error bars are ± one standard error.

Fig. 4. Mean human–machine false alarm rates by condition (baseline, OSAR,
and automated decision). Error bars are ± one standard error.
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Experiment 1, and to test all three hypotheses.
The following limitations of Experiment 1 were addressed in

Experiment 2: as described in the introduction, familiarity with auto-
mation can affect how people interact with it (Parasuraman and
Manzey, 2010; Sauer et al., 2016; Strauch, 2016). Therefore, Experi-
ment 2 was conducted at an international airport with screeners who
were familiar with automation (this airport used EDSCB as diagnostic
aid and screeners were familiar with OSAR). Moreover, screeners with
less work experience and training might benefit when it comes to de-
tecting IEDs and explosives in the OSAR condition due to their lower
baseline performance (Halbherr et al., 2013). Therefore, Experiment 2
was conducted with two screener groups: experienced screeners (te-
nure > 1.5 years) and less experienced screeners (tenure < 1 year).

Experiment 2 addressed all three hypotheses: 1) As in Experiment 1,
EDSCB should improve human–machine system performance for de-
tecting bare explosives because these often look like a harmless organic
mass (Jones, 2003). 2) We again expected better results for the auto-
mated decision scenario compared to OSAR, because clearing EDSCB
alarms can be difficult (Jones, 2003) and because false alarm rates of
15–20% in the OSAR scenario may result in a cry wolf effect with
screeners ignoring system warnings (Breznitz, 1983; Bliss, 2003). 3)
Extending Experiment 1, we hypothesized for Experiment 2 that effects
should depend on screener work experience because previous research
has shown that regular computer-based training, which is mandatory in
Europe, results in large increases of IED detection in the first few years
(Halbherr et al., 2013).

3.1. Method

3.1.1. Participants
Experiment 2 was conducted with 77 screeners from another in-

ternational European airport who were familiar with automation aids.
As in Experiment 1, they had been qualified, trained, and certified ac-
cording to the standards set by the appropriate national authority in
compliance with the relevant EU Regulation (Commission
Implementing Regulation [EU], 2015/1998). The screeners partici-
pated on a voluntary basis, were recruited by a security service provider
at the airport, and compensated by regular salary. Informed consent
was obtained from all participants. Group 1 (44 screeners, 14 females)
was as well-trained and experienced as the screeners in Experiment 1

(years of work experience: M=8.45 years, SD=5.66). Their average
age was 36.55 years (SD=8.46, range 21–53 years). Group 2 (33
screeners, 19 females) had less work experience and training (less than
one year). Their average age was 30.81 years (SD=10.93, range
18–532 years).

3.1.2. Design
The experiment used a mixed design with condition (baseline,

OSAR, automated decision) and years of work experience (tenure >
1.5 years or tenure < 1 year) as between-subjects independent vari-
ables and threat categories as within-subjects independent variables.
The dependent variables were the hit rate (percentage detection of
prohibited items) and false alarm rate of the human–machine system.
As in Experiment 1, the three experimental groups were balanced ac-
cording to their detection performance score in the pre-test (X-ray CAT)
and the variables age and work experience within both tenure groups
(> 1.5 years or < 1 year; baseline, tenure < 1: n=10, tenure > 1.5:
n=14; OSAR, tenure < 1: n=11, tenure > 1.5: n=15; automated
decision, tenure < 1: n=12, tenure > 1.5: n=15).

3.1.3. Materials, procedure, and statistics
The same tests and procedure were used as in Experiment 1. All

participants completed the pre-test in less than 40min and the main test
in less than 2 h including breaks. The mean interval between the pre-
test and the main test was 82.86 days (SD=6.65). The same statistics
were used as in Experiment 1.

3.2. Results

The same analyses were conducted as in Experiment 1 but with
tenure as an additional between-subject factor. Fig. 5 shows hu-
man–machine system hit rates for both tenure groups by category and
automation condition.

A two-way ANOVA on hit rates for the baseline condition with
prohibited item category (guns, gun parts, knives, IEDs, and explosives)
as within-subjects factor and work experience (tenure > 1.5 years vs.
tenure< 1 year) as between-subjects factor revealed significant main

Fig. 5. Mean human–machine hit rates by condition (baseline, OSAR, automated decision), threat categories (gun, gun parts, and knives), and variation of work
experience (tenure < 1 year and tenure > 1.5 years). Absolute hit rate values are not shown due to security restrictions in this project. Error bars are ± one
standard error.

2 Two screeners did not report their age.
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effects of the prohibited items category, F(4, 88)= 63.38, p < .001,
ηp2= 0.74, and work experience, F(1, 22)= 5.233, p= .032,
ηp2= 0.19, as well as their interaction, F(4, 88)= 4.927, p < .001,
ηp2= 0.12. Post hoc pairwise comparisons were calculated separately
for each screener group. For tenure>1.5 years, there were significant
comparisons between all threat categories (p < .014) except for those
between gun parts and IEDs (p= .943) and between knives and ex-
plosives (p= .277). For< 1 year, all comparisons were significant
(p < .038) except for those between knives and IEDs (p= .699), knives
and explosives (p= .699), and IEDs and explosives (p= .229).

To rule out an effect of condition on the categories gun, gun parts,
and knives, we calculated a 3 (prohibited item category: gun, gun parts,
and knives) x 3 (condition: baseline, OSAR, and automated decision) x
2 (work experience: tenure > 1.5 years vs tenure < 1 year) ANOVA.
This revealed no significant effect for condition, F(2, 71)= 0.50,
p= .610, but a significant effect for work experience, F(1, 71)= 8.07,
p= .006, ηp2= 0.10. This indicated that experienced screeners had a
better detection performance on these three categories. Surprisingly,
the interaction between category and condition was also significant, F
(3.88, 137.66)= 2.51, p= .047, ηp2= 0.07. However, when we used
the arcsine transformed scores, this effect no longer attained sig-
nificance, F(3.79, 134.57)= 2.37, p= .059.

Furthermore, a 2 (categories: IEDs and explosives) x 3 (condition:
baseline, OSAR, and automated decision) x 2 (work experience: te-
nure > 1.5 years vs tenure < 1 year) ANOVA for the hit rate revealed
a significant effect of category, F(1, 71)= 109.50, p < .001,
ηp2= 0.61, condition, F(2, 71)= 39.28, p < .001, ηp2= 0.53, and
work experience, F(1, 71)= 5.81, p= .019, ηp2= 0.08, together with
significant interactions between category and condition, F(2,
71)= 15.66, p < .001, ηp2= 0.31, and between category and work

experience, F(1, 71)= 9.55, p= .003, ηp2= 0.12, as well as a sig-
nificant three-way interaction, F(2, 71)= 4.58, p= .014, ηp2= 0.11.
This shows that the effect of automation did not just depend on pro-
hibited item category, but that this dependency also related to work
experience.

In our next step, we calculated post hoc pairwise comparisons be-
tween the conditions within each screener group for IEDs and ex-
plosives separately. For IEDs, the less experienced screeners revealed a
significant difference between the baseline condition and OSAR
(p= .039) as well as between the baseline and automated decision
(p < .001). In contrast, no comparison on the detection of IEDs was
significant for experienced screeners. For explosives, there was a sig-
nificant effect for the less experienced screeners between the baseline
condition and automated decision (p < .001) as well as between OSAR
and automated decision (p < .001). The same effects were found to be
significant (p < .001) for explosives in experienced screeners.

Further analyses were conducted with false alarm rate as the de-
pendent variable (see Fig. 6). A 3 (condition: baseline, OSAR, and au-
tomated decision) x 2 (work experience: tenure > 1.5 years vs te-
nure < 1 year) ANOVA revealed a significant effect for condition, F(2,
71)= 4.043, p= .022, ηp2= 0.10, but not for either work experience,
F(1, 71)= 2.19, p= .143, or the interaction between work experience
and condition, F(2, 71)= 0.268, p= .76. Moreover, post hoc pairwise
comparisons within each screener group showed no significant differ-
ence between any two automation conditions.

Effect of OSAR. As reported above, the appearance of frames in-
creased the hit rate for IEDs in less experienced screeners. Although
there was no statistically significant increase in the false alarm rate
between the baseline and OSAR condition, this does not mean per se
that OSAR does not affect the false alarm rate in less experienced

Fig. 6. Mean human–machine false alarm rates by condition (baseline, OSAR, automated decision) and work experience (tenure < 1 year and tenure > 1.5 years).
Error bars are ± one standard error.

Fig. 7. (a) Mean response bias (c) of screeners by condition (baseline, OSAR, automated decision) and work experience (tenure < 1 year and tenure > 1.5 years).
(b) Mean sensitivity measure d’ of screeners by condition (baseline, OSAR, automated decision) and work experience (tenure < 1 year and tenure > 1.5 years).
Error bars are ± one standard error.
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screeners (see Fig. 6). Therefore, it is worth investigating whether there
was a change in the response bias of the screeners (tendency to respond
with NOT OK to images with frames) that can explain the increased hit
rate for IEDs. In a next step, we compared the response bias c and the
associated sensitivity measure d' (derived from signal detection theory
using log-linear correction; Macmillan and Creelman, 2005) for IEDs
between the baseline and OSAR condition in the less experienced
screeners. This revealed an increase in both response bias, t
(18.33)= 2.68, p= .015, d=1.18, and sensitivity d', t
(17.89)=−2.49, p= .023, d=1.07. Therefore, the results imply that
OSAR leads to a higher sensitivity for detecting IEDs but is also re-
sponsible for a shift in response bias in less experienced screeners (see
Fig. 7).

As in Experiment 1, we also tested whether human performance was
affected by the implementation of automated decision by comparing
only the images analysed by participants in both the baseline and au-
tomated decision condition. For the dependent variables hit rate for
IEDs and hit rate for explosives, we calculated independent t tests se-
parately for both experienced and less experienced screeners.
Comparable to Experiment 1, automated explosives detection did not
affect the detection of IEDs and explosives (p > .182). The same
comparisons were made for false alarm rates, revealing no significant
effects for either tenure group (tenure < 1 year: t[20]= 0.27,
p= .789; tenure > 1.5 years: t[27]= 0.15, p= .880).

3.3. Discussion

In the baseline condition, the same results were found for well-
trained and experienced screeners as in Experiment 1. Experiment 2
replicated the results from Experiment 1 while additionally revealing
that screeners with less experience and training showed a lower de-
tection of prohibited items than experienced screeners. This is con-
sistent with previous research on the visual inspection of X-ray images
without automation aids (Schwaninger and Hofer, 2004; Koller et al.
2008, 2009; Halbherr et al., 2013; Schuster et al., 2013). In the OSAR
condition, results were as follows: as in Experiment 1, automation as a
diagnostic aid (OSAR) did not increase detection performance for the
experienced screeners in Experiment 2, despite their previous famil-
iarity with such aids. The less experienced screeners detected more IEDs
in the condition with OSAR, which was partly due to an increase in
sensitivity and partly to a shift in response bias. The detection of ex-
plosives did not improve through OSAR. The use of automated decision
resulted in the highest detection of explosives in both experienced and
less experienced screeners. Less experienced screeners also detected the
most IEDs in this condition, whereas it did not lead to any significant
increase in experienced screeners. This was probably due to their al-
ready high level of performance as shown in the baseline condition.
Regarding efficiency, results were consistent with Experiment 1; that is,
automated decision resulted in a higher false alarm rate of the hu-
man–machine system, because screeners could not clear EDSCB alarms
in this condition.

4. General discussion

This study examined the use of automation for the airport security
screening of cabin baggage by testing two levels of automation that are
currently being discussed by regulators and airport operators: on-screen
alarm resolution (OSAR) and automated decision (Sterchi and
Schwaninger, 2015). In the OSAR scenario, automated explosive de-
tection systems for cabin baggage screening (EDSCB) assist airport se-
curity officers (screeners) by highlighting areas that could be explosive
in X-ray images. This type of automation influences attention allocation
and is comparable to diagnostic aiding used in other domains (Wickens
and Dixon, 2007; Cullen et al., 2013). The automated decision scenario
uses a higher level of automation and different human function allo-
cation. Bags on which the EDSCB raises an alarm are sent automatically

to secondary inspection, which involves manual search and/or ex-
plosive trace detection (Sterchi and Schwaninger, 2015). A simulated
baggage screening task was used in two experiments with screeners
working at two European airports who varied in their work experience.
As expected, human–machine system performance varied between the
two scenarios. In the following, we discuss both implementation sce-
narios in terms of their human–machine system performance.

4.1. Automation as diagnostic aid (OSAR)

Previous research has shown that fully functional improvised ex-
plosive devices (IEDs) can be detected very well by experienced and
trained screeners even without automation (Schwaninger and Hofer,
2004; Koller et al., 2008, 2009; Halbherr et al., 2013). However, de-
tecting bare explosives proves to be a challenge even for experienced
screeners, because they often look like a harmless organic mass (Jones,
2003). Indeed, with automation as a diagnostic aid (OSAR), hu-
man–machine hit rates for bare explosives were similar to the baseline
condition without automation. This is remarkable when it is considered
that for OSAR, the EDSCB has a hit rate of 88% for explosives. In other
words, using automation as a diagnostic aid, which means that
screeners have to resolve EDSCB alarms, drastically reduces or even
eliminates the benefits of EDSCB for detecting bare explosives.

However, the OSAR scenario is beneficial for the detection of IEDs
but only for the less experienced screeners. We argue that the auto-
mation system with OSAR assists in the search component of X-ray
image inspection by guiding attention (Cullen et al., 2013) to the re-
levant area – the first processing stage of sensory processing in the
taxonomy proposed by Parasuraman et al. (2000). OSAR can further
assist by providing relevant information and therefore support the de-
cision component (i.e. an X-ray image that triggers an alarm is more
likely to contain an IED or explosive). As explained, the main difference
between IEDs and bare explosives is that screeners can learn to re-
cognize IED components (triggering device, power source, detonator,
and cables connecting these components to an explosive) in an X-ray
image (Turner, 1994). In the presence of these components, less ex-
perienced screeners are able to profit from the attentional guidance
provided by OSAR and increase their hit rate. Our further investigation
of the increased hit rate for IEDs revealed an increase in sensitivity and
simultaneously a decrease in response bias. This suggests that the au-
tomation system affects not only the visual search component but also
the decision component in the less experienced screeners' inspection.

But, why did experienced screeners not profit from attentional
guidance through OSAR? First, experienced screeners already achieved
high hit rates for IEDs in the baseline condition without automation and
this thereby does not leave much room for improvement through OSAR.
In addition, experienced screeners may also have judged their own
ability to detect prohibited items to be superior to the automation
support – a reason for noncompliance also reported in other domains
(e.g. Lee and Moray, 1992, 1994). However, as even experienced
screeners could not profit from OSAR in regard to explosives, future
research should explore whether specific training and familiarity with
automation aids (Sauer et al., 2016) such as OSAR might provide
screeners with a mental model of its capabilities. Such mental models
could be crucial for an effective use of the automation aid (Strauch,
2016). Moreover, the low target prevalence in our study and, therefore,
the low base rate led to many false alarms (Parasuraman and Riley,
1997). This probably led to a ‘cry wolf’ effect with experienced
screeners, meaning that they might simply have ignored the system
warnings (Breznitz, 1983; Bliss, 2003). This problem should be even
more pronounced in practice where real IEDs and explosives almost
never occur and almost all EDSCB alarms are false.

4.2. Automation as automated decision

We expected better results for the automated decision scenario
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compared to OSAR, because clearing EDS alarms can be difficult (Jones,
2003) and the EDSCB false alarm rate of 17% in the OSAR scenario
could result in a cry wolf effect with screeners ignoring system warn-
ings (Breznitz, 1983; Bliss, 2003). Indeed, in both experiments, we
found that screeners did not achieve high hit rates for bare explosives.
However, EDSCB with automated decision was able to compensate for
this, leading to better human–machine hit rates in both airports and
both tenure groups. This came at the expense of higher false alarm rates
(an increase by ca. 4 percentage points) – a rate that is still oper-
ationally feasible.

Because there was no direct interaction between the automation
system and the screener, it is not surprising that the automated decision
did not affect screener performance. Hence, the observed increase in
detection performance was determined by the amount of explosives
missed by screeners but detected by the EDSCB. This also explains why
the detection of IEDs improved significantly only in less experienced
screeners. As shown in the baseline condition, experienced screeners
already detected IEDs well, and this left little room for improvement
through EDSCB. As expected, automated decision showed a higher false
alarm rate. Assuming that screener performance remains unaffected by
the implementation of an automated decision when applying different
hit and false alarm rates to the ones tested in this study, system hit and
false alarm rates can be manipulated directly by the choice of the
EDSCB machine and the machine settings (criterion of the machine) for
a given screener performance. It is important to remember that with the
EDSCB threshold settings used in our experiments, humans (screeners)
still have an important role. They visually inspect all X-ray images on
which the EDSCB does not raise an alarm. This would be 96% of all X-
ray images in an operational environment (as the EDSCB alarms only on
4% of all bags).

4.3. Practical implications, limitations, and future research

Replication of psychological experiments is an important part of the
scientific process – particularly in psychology (Rovenpor and Gonzales,
2015; Baker, 2016). This is why we regard the replication aspect of
Experiment 2 as a specific strength. However, in addition to the re-
plication, the effects in Experiment 2 also depend on screener work
experience, as to be expected from previous research showing that
regular computer-based training results in large increases of IED de-
tection in the first few years (Halbherr et al., 2013).

Like most previous studies on visual inspection and automation, this
study also uses laboratory experiments that simulate aspects of tasks
that human operators conduct in the real world. Therefore, it is im-
portant to consider both the limitations of such simulations and their
practical implications when discussing the similarities and differences
between the baggage screening task used in this study and X-ray
screening at airport security checkpoints. One difference is that airport
security checkpoints are often noisy and stressful environments (Michel
et al., 2014; Baeriswyl et al., 2016). Research in other domains (e.g.
Sauer et al., 2013) has found that operators prefer higher levels of
automation under noise than in quiet conditions. If this also proves to
be the case for cabin baggage screening, it would generate further
evidence in favor of automated decision instead of diagnostic automa-
tion (OSARP). Another difference is target prevalence; that is, the base
rate of target-present events (Wolfe et al., 2007). In our study, one out
of eight images contained a threat item and one out of 20 images either
an IED or explosive. In practice, such threats are much less frequent.
Assuming that airports conduct covert tests (Schwaninger, 2009) and
use threat image projection, a technology that projects X-ray images
containing threats during the routine X-ray screening operation (Hofer
and Schwaninger, 2005), target prevalence would be about 2%. With
regard to our findings, two expected effects of lower target prevalence
need to be discussed. The first effect is that lower target prevalence
probably leads to a shift in decision bias and therefore lower hit and
false alarm rates in screeners (Wolfe et al., 2007, 2013). If detection of

IEDs by screeners is lower in practice, this will leave more room for
improvement through EDSCB. The second and much more important
effect of lower target prevalence is a decrease in the positive predictive
value (Meyer et al., 2014) of the EDSCB with OSAR. As a result, in
practice, EDSCB alarms are very often false alarms. This accentuates the
problem of the cry wolf effect and makes the successful implementation
of OSAR more challenging. Another limitation of this study is the fact
that it used single view imaging. This was because the participating
screeners from the two European airports only had experience with
single view X-ray machines. It would be interesting for a follow-up
study to explore whether results would be different when using multi-
view X-ray imaging.

Future research could also explore whether specific training and
familiarity with the automation aid (Sauer et al., 2016) might provide
screeners with a mental model of its capabilities. Such mental models
could be important for an effective use of an automation aid (Strauch,
2016). These mental models could also be supported by artificially in-
creasing the presence of IEDs and explosives in operation that interact
with EDSCB in a realistic way by carrying out covert tests
(Schwaninger, 2009) and using threat image projection (Hofer and
Schwaninger, 2005) more frequently. Future studies should also use
real EDSCB false alarms from an operational environment because
screeners might learn to correctly resolve certain types of false alarms
(e.g. those caused by certain types of harmless items).

Comparing automation as a diagnostic aid and a higher level of
automation with automated decision could also be important in other
areas such as diagnostic radiology in medicine. For example, automa-
tion as a diagnostic aid is also used for early detection of breast cancers
from mammograms (e.g. Vyborny et al., 2000; Astley, 2004; Giger,
2004; Fenton et al., 2007). This task shares features with X-ray baggage
screening that are relevant for selecting the appropriate level of auto-
mation such as imperfect automation performance, the prominence of
false alarms due to a low target prevalence, and the potentially severe
consequences associated with misses (Sampat et al., 2005; Nishikawa,
2007). Future research in different fields might provide a more detailed
understanding of the optimal degree of automation depending on
human and machine performance in different stages of information
processing.

4.4. Conclusion

We investigated the benefits of automation for airport security
screening of cabin baggage using two levels of automation that are
currently being discussed by regulators and airport operators. Our three
research questions can be answered as follows: We found that EDSCB
improves human–machine system performance for detecting bare ex-
plosives. When comparing the two levels of automation, hu-
man–machine system performance using automated decision proved to
be superior to automation as a diagnostic aid. EDSCB with automated
decision has the potential to greatly increase the detection of ex-
plosives, but at the expense of some efficiency – depending on the
criterion setting of the EDS algorithms. EDSCB as a diagnostic aid is
false-alarm prone and results in a cry wolf effect with experienced
screeners ignoring the system warnings; it is only beneficial for
screeners with limited experience. Our results indicate that the wide-
scale implementation of EDSCB can be recommended because it can
greatly improve the detection of explosives in cabin baggage. The ad-
vantage of automated decision over automation as a diagnostic aid
should be investigated further by also carrying out operational trials at
airport security checkpoints.
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Objective: This study compared the visual inspection 
performance of airport security officers (screeners) when 
screening hold baggage with state-of-the-art 3D versus 
older 2D imaging.

Background: 3D imaging based on computer tomog-
raphy features better automated detection of explosives 
and higher baggage throughput than older 2D X-ray imag-
ing technology. Nonetheless, some countries and airports 
hesitate to implement 3D systems due to their lower 
image quality and the concern that screeners will need 
extensive and specific training before they can be allowed 
to work with 3D imaging.

Method: Screeners working with 2D imaging (2D 
screeners) and screeners working with 3D imaging (3D 
screeners) conducted a simulated hold baggage screening 
task with both types of imaging. Differences in image qual-
ity of the imaging systems were assessed with the standard 
procedure for 2D imaging.

Results: Despite lower image quality, screeners’ 
detection performance with 3D imaging was similar to that 
with 2D imaging. 3D screeners revealed higher detection 
performance with both types of imaging than 2D screeners.

Conclusion: Features of 3D imaging systems (3D 
image rotation and slicing) seem to compensate for lower 
image quality. Visual inspection competency acquired with 
one type of imaging seems to transfer to visual inspection 
with the other type of imaging.

Application: Replacing older 2D with newer 3D 
imaging systems can be recommended. 2D screeners do 
not need extensive and specific training to achieve com-
parable detection performance with 3D imaging. Cur-
rent image quality standards for 2D imaging need revision 
before they can be applied to 3D imaging.

Keywords: human–automation interaction, visual search, 
graphical user interfaces (GUI), experience, transfer of 
training

On December 21, 1988, Pan Am Flight 103 
exploded over Lockerbie, Scotland, due to a 
bomb in a passenger bag transported in the hold 
of the aircraft (Strantz, 1990). Since then, many 
terrorist attacks have targeted airplanes (Baum, 
2016; Singh & Singh, 2003). The most recent 
involving a bomb in hold baggage occurred on 
October 31, 2015, when Metrojet Flight 9268 
was blown up during flight killing all 224 pas-
sengers (Baum, 2016). In response to such 
bomb threats, explosive detection systems 
(EDS) based on 2D imaging for hold baggage 
screening (HBS) were developed and intro-
duced about 15 years ago (Caygill, Davis, & 
Higson, 2012; Harding, 2004; Singh & Singh, 
2003). Such EDS-HBS assist airport security 
officers (screeners) who visually inspect X-ray 
images of passenger bags before they are 
loaded into the hold of an aircraft (Wells & 
Bradley, 2012). Newer 3D imaging technology 
uses computer tomography (CT). Technically, 
this has better automated explosive detection, 
higher baggage throughput, and 3D-rotatable 
images. Nonetheless, it also has lower image 
resolution and, therefore, poorer image quality 
than older 2D imaging technology (Flitton, 
Breckon, & Megherbi, 2013; Mouton & 
Breckon, 2015; Oftring, 2015; Wells & Bradley, 
2012).

Human-machine system performance depends 
on technology and human factors. For instance, 
if lower image quality with 3D imaging would 
make it harder for screeners to decide whether a 
bag contains an improvised explosive device 
(IED), then 3D screening could in fact be infe-
rior to 2D screening despite having better auto-
mated explosive detection. On the other hand, 
and this is a very important point to consider, if 
screeners would achieve at least similar detec-
tion performance with 3D imaging compared 
with 2D imaging, then the human-machine sys-
tem as a whole would perform better with 3D 
imaging because this technology has better 
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 automated explosive detection and higher bag-
gage throughput. Investigating this issue is of 
major practical relevance: Although some coun-
tries introduced 3D imaging several years ago, 
other countries do not accept such technology 
due to their lower image quality compared with 
older 2D imaging EDS-HBS technology, even 
though 3D imaging has better automated explo-
sive detection capability and higher baggage 
throughput (Flitton et al., 2013; Oftring, 2015). 
Moreover, there is a current debate on the inter-
national regulatory level regarding whether 
screeners working with 2D imaging need exten-
sive and specific training before they can be 
allowed to work with 3D imaging technology. 
Our study addressed both issues by testing 2D 
and 3D screeners with 2D and 3D imaging in a 
simulated hold baggage screening task with the 
following research questions: (a) Can screeners 
achieve at least similar detection performance 
using 3D imaging compared with 2D imaging 
despite lower image resolution? (b) Does visual 
inspection competency acquired with one type 
of imaging transfer to the other type of imaging? 
These research questions are also interesting 
from a theoretical perspective—in particular, 
with regard to human-machine interaction, 
visual information processing and transfer of 
learning. Before discussing the relevant litera-
ture, it is important to clarify important terms 
and processes regarding the airport security 
screening of cabin and hold baggage.

Passengers store their carry-on bags in the 
cabin of airplanes. Because such cabin baggage 
can be accessed during flight, guns, knives, 
IEDs, and other items that could pose a threat 
(e.g., electric shock devices) are prohibited 
(Hancock & Hart, 2002; Harris, 2002; Schwan-
inger, 2005). As required by law (e.g., European 
Commission, 2015), screeners visually inspect 
every piece of cabin baggage at airport security 
checkpoints using X-ray machines. Larger bag-
gage, in contrast, is stored in the hold of an air-
craft and processed differently (Shanks & Brad-
ley, 2004). Passengers have to register such hold 
baggage at check-in stations before going 
through airport security checkpoints. Hold bag-
gage is then processed by a baggage handling 
system containing X-ray machines that have 
EDS-HBS (Level 1 of hold baggage screening) 

that highlights areas on the X-ray image that 
might contain explosive with colored rectangles 
(2D imaging systems) or by coloring the suspect 
area (3D imaging systems; see Figure 1 for illus-
trations). Whereas there are multiple target types 
(guns, knives, IEDs, explosives, other prohib-
ited items) in cabin baggage screening, this is 
not the case in hold baggage screening. Because 
passengers cannot access items stored in the 
hold of an aircraft, guns or knives do not pose a 
threat, and hold baggage screening targets only 
fully functioning IEDs (Bretz, 2002). Only 
X-ray images of hold baggage on which an 
EDS-HBS has raised an alarm are sent to remote 
screening locations for on-screen alarm resolu-
tion by screeners (Level 2 of hold baggage 
screening). They visually inspect the X-ray 
images and decide whether the bag is harmless 
or contains a fully functioning IED with the fol-
lowing components: a triggering device, a power 
source, an explosive, and a detonator that need 
to be connected to each other by, for example, 
wires (Turner, 1994; Wells & Bradley, 2012). If 
screeners decide that an X-ray image is suspi-
cious, more time-consuming investigations fol-
low including rescreening with other X-ray 
technology, trace detection, explosive detection 
dogs, passenger reconciliation, and the opening 
of bags (Shanks & Bradley, 2004; Singh & 
Singh, 2003).

Since the terrorist attacks on September 11, 
2001, there have been many studies on the visual 
inspection of X-ray images of cabin baggage, 
which consists of visual search and decision 
making (Koller, Drury, & Schwaninger, 2009; 
McCarley, Kramer, & Wickens, 2004; Wales, 
Anderson, Jones, Schwaninger, & Horne, 2009; 
Wolfe & Van Wert, 2010). Visual search chal-
lenges include low target prevalence, variations 
in target visibility, and the possible presence of 
multiple targets (Biggs & Mittroff, 2014; Clark, 
Cain, Adamo, & Mitroff, 2012; Godwin et al., 
2010; Godwin, Menneer, Cave, Thaibsyah, & 
Donnelly, 2015; Mitroff, Biggs, & Cain, 2015). 
When it comes to decision making on whether a 
bag contains a prohibited item, screeners need to 
know which items are prohibited and what they 
look like in X-ray images (Schwaninger, 2005). 
Several studies have shown the importance of 
computer-based training in helping screeners to 
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achieve and maintain high visual inspection per-
formance (Fiore, Scielzo, Jentsch, & Howard, 
2006; Halbherr, Schwaninger, Budgell, & Wales, 
2013; Koller et al., 2009; Koller, Hardmeier, 
Michel, & Schwaninger, 2008; Schuster, Rivera, 
Sellers, Fiore, & Jentsch, 2013; Schwaninger & 
Hofer, 2004; Schwaninger, Hofer, & Wetter, 
2007). International regulations take this into 
account by mandating initial and recurrent train-
ing of screeners. For example, European regula-
tions mandate at least 6 hr of image recognition 
training and testing in every 6-month period for 
cabin- and hold-baggage screeners (European 
Commission, 2015).

Target prevalence in real-world baggage 
screening is about 2% because airports use threat 
image projection, a technology that projects 
X-ray images containing targets into the flow of 
images that are visually inspected by screeners 
(Hofer & Schwaninger, 2005; Schwaninger, 
2006; Schwaninger et al., 2007; Schwaninger, 
Hardmeier, Riegelnig, & Martin, 2010). The 
challenge of low target prevalence in visual 
search refers to the finding that rare targets are 
frequently missed (Godwin et al., 2010; Wolfe, 
Brunelli, Rubinstein, & Horowitz, 2013; Wolfe, 
Horowitz, & Kenner, 2005). This is consistent 
with signal detection theory (SDT, Green & 

Figure 1. Target-present bag containing an IED recorded with a 2D multiview X-ray and a 3D CT imaging 
system currently used at airports: (a) 2D default image, (b) second 2D image with 30 degrees difference in 
perspective, (c) 3D-rotatable image, and (d) 3D-sliceable image. Explosive material is highlighted by the 2D 
imaging system with red rectangles (Figure 1a and 1b) and by the 3D imaging system with red coloring (Figure 
1c and 1d). With 3D imaging, the detonator is visible in green (Figure 1c) and in blue (Figure 1d).
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Swets, 1966) according to which the probability 
of signal occurrence (target prevalence) influ-
ences the probability of responding that a signal 
(target) is present. Using the SDT framework, 
the target prevalence effect can be explained as a 
shift in response bias (Fleck & Mitroff, 2007; 
Godwin et al., 2010; Lau & Huang, 2010; Wolfe 
et al., 2007; Wolfe & van Wert, 2010). SDT pro-
vides a measure of detection performance (d′) 
that is independent of response bias (and there-
fore also of target prevalence). This has been 
confirmed for different domains and tasks 
(Green & Swets, 1966; MacMillan & Creelman, 
2005; Swets, 1996) including X-ray image 
inspection and visual search (Meneer, Donnelly, 
Godwin, & Cave, 2010; Verghese, 2001; Wolfe 
& Reynolds, 2008; Wolfe & Van Wert, 2010). 
Moreover, Schwaninger, Hofer, and Wetter 
(2007) found very similar detection performance 
(d′) in screeners when performing a computer-
based test with a target prevalence of 50% com-
pared with detection performance (d′) measured 
on the job using threat image projection data 
with a target prevalence of 2%.

Regarding target visibility, studies have 
shown how image-based factors impact on 
visual inspection performance (e.g., Bolfing, 
Halbherr, & Schwaninger, 2008; Schwaninger, 
Hardmeier, & Hofer, 2005; Schwaninger, 
Michel, & Bolfing, 2005, 2007). For example, 
objects depicted from unusual viewpoints are 
more difficult to recognize (effect of view-
point). Moreover, in X-ray images, objects 
appear with overlay, and detecting prohibited 
items depends on how much they are superim-
posed by other objects (effect of superposi-
tion). Finally, prohibited items are more diffi-
cult to recognize in complex bags containing 
many other items and clutter (effect of bag 
complexity). These challenges can be reduced 
with 2D imaging that displays a passenger bag 
as two X-ray images from different perspec-
tives (dual-view imaging). However, previous 
studies on cabin baggage screening have shown 
that although dual-view imaging leads to higher 
detection performance than single-view X-ray 
imaging, it also increases response time (von 
Bastian, Schwaninger, & Michel, 2008; Fran-
zel, Schmidt, & Roth, 2012). Similar results 
have been found for motion imaging in which 

bags are displayed as an  animated sequence of 
X-ray images depicting a bag from different 
viewpoints (Mendes, Schwaninger, & Michel, 
2013).

Several years ago, advanced CT technology, 
which has been implemented highly success-
fully in medical imaging (Barrat, 2000), became 
available for hold baggage screening (Mouton 
& Breckon, 2015; Wetter, 2013). Compared 
with the older 2D imaging technology used in 
HBS, state-of-the art CT scanners feature better 
automated explosive detection, slicing, and 
3D-rotatable images (Flitton et al., 2013; Mou-
ton & Breckon, 2015; Oftring, 2015; Wells & 
Bradley, 2012). Slicing refers to the production 
of cross-sectional images or “slices” of a bag. 
From a series of image slices, a bag can be 
reconstructed as a 3D CT volume image and the 
bag can be displayed as a 3D-rotatable and 
3D-sliceable image (Flitton, Breckon, & Meghe-
rbi, 2010, 2013). This could result in better 
detection performance among screeners for two 
reasons: First, it might be easier to recognize the 
different components of an IED that, in certain 
2D views, would be displayed from a difficult 
viewpoint and/or superimposed by other items 
in a complex bag (Bolfing et al. 2008; Schwan-
inger, Michel, & Bolfing, 2005, 2007). Second, 
object recognition research has shown that 
exposure to 3D images results in richer visual 
object representations (Tarr & Vuong, 2002; 
Vuong & Tarr, 2004). This could improve 
screeners’ detection performance not only in 3D 
but also in 2D images. On the other hand, CT 
systems have lower image resolution and there-
fore lower image quality compared with EDS-
HBS 2D imaging (Flitton et al., 2010, 2013; 
Mouton & Breckon, 2015), and this could 
impair screeners’ detection performance with 
3D imaging. Regarding response times (RT), 
screeners might take more time to visually 
inspect 3D images because rotating X-ray 
images and slicing both require additional time.

This study extends previous research on 
cabin baggage screening by addressing ques-
tions of high practical and theoretical relevance 
for hold baggage screening. We wanted to know 
(a) whether screeners using 3D imaging can 
achieve at least similar detection performance to 
that when using 2D imaging despite lower image 
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resolution, and (b) whether the visual inspection 
competency acquired with one type of imaging 
 transfers to the other type of imaging. We 
addressed these research questions by asking 
two screener groups that differed in their experi-
ence in working with the two imaging technolo-
gies to perform a simulated hold baggage screen-
ing task with both 2D and 3D imaging. In order 
to achieve high external validity, we used X-ray 
images that were recorded with 2D and 3D 
imaging systems that are currently operational at 
airports. It is important to note that the reason 
for comparing 2D and 3D imaging differing in 
image quality is that the two types of imaging 
tested in this study are from real-world systems; 
there is therefore a need to know whether 3D 
screening results in better human-machine sys-
tem performance despite lower image quality.

Our main dependent variable was detection 
performance (d′), which has high external valid-
ity for real-world baggage screening because it 
is independent of target prevalence. Due to the 
fact that airports use threat image projection 
with a target prevalence of about 2% (Hofer & 
Schwaninger, 2005; Schwaninger, Hofer, &  Wetter, 
2007), target-absent RT were also  important, 
because they account for about 98% of X-ray 
images in real-world hold baggage screening. 
Based on our results, we shall discuss whether 
replacing older 2D with newer 3D imaging tech-
nology improves the human-machine system 
performance in terms of efficiency and effec-
tiveness of the hold baggage screening process 
as a whole. In addition, our results have impor-
tant implications in light of current international 
discussions on whether extensive and specific 
training should be mandated for 2D screeners 
before allowing them to work with 3D imaging 
technology.

Method
Participants

Participants were professional hold baggage 
screeners from two international airports (see 
Table 1 for details). All screeners had been 
selected, qualified, trained, and certified accord-
ing to the standards set by the appropriate 
national authority (civil aviation administration) 
in compliance with the relevant EU regulation 
(European Commission, 2015). Eighty-eight 
screeners consented to participate in the study 
(43 2D screeners and 45 3D screeners). Three 
screeners (one 2D and two 3D) who could not 
attend the main test due to illness were excluded. 
One further 3D screener had to be excluded due 
to a malfunction of the simulator. This left a 
total of 84 screeners (42 2D screeners [21 tested 
with 2D imaging and 21 tested with 3D imag-
ing] and 42 3D screeners [23 tested with 2D 
imaging and 19 tested with 3D imaging]). The 
current research complied with the American 
Psychological Association Code of Ethics and 
was approved by the institutional review board 
of the University of Applied Sciences and Arts 
Northwestern Switzerland. Informed consent 
was obtained from all participants.

design
All participants attended the airport test 

facilities twice. First, they completed a pretest to 
familiarize themselves with the 2D and 3D sim-
ulators and the testing procedure. For the main 
test 2 weeks later, screeners were randomly 
assigned to be tested with either 2D or 3D imag-
ing. The experiment (main test) used a between-
subjects design with X-ray imaging technology 
(2D vs. 3D imaging) and screener group (3D 
vs. 2D screeners) as independent variables 

TABle 1: Description of Screeners Participating in the Study

Participants n % female Age

Work experience 
with 2D imaging 

(months)

Work experience 
with 3D imaging 

(months)

2D Screeners 42 61% M = 44.90  
SD = 10.36

M = 138.31  
SD = 78.35

 

3D Screeners 42 35% M = 36.76  
SD = 9.22

M = 86.02  
SD = 64.42

M = 19.12  
SD = 5.07
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and visual inspection performance measures 
as dependent variables (detection performance 
[d′], target-absent RT, and target-present RT).

Materials
Aviation security experts from a specialized 

police organization running one of the test cen-
ters responsible for airport security equipment 
testing and certification in Europe created 64 
different IEDs (32 for the pretest and 32 for 
the main test, IEDs were randomly assigned to 
be used in the pretest or the main test). X-ray 
images of hold baggage were recorded at this 
test center by five aviation security experts and 
the first and second author using 2D multiview 
X-ray and 3D CT imaging systems that are cur-
rently being used at airports (see Figure 1 for 
examples of images and further information).

Thirty-two different bags were used repeat-
edly by repacking them to create unique stimuli 
for the pretest and the main test. All bags were of 
medium complexity as defined by the aviation 
security experts. Target-present images con-
tained one IED. Target-absent images contained 
EDS-HBS false alarms (e.g., cheese, certain liq-
uids, etc.). To ensure that the 3D imaging condi-
tion had the same system reliability (e.g., Rice & 
McCarley, 2011) as the 2D imaging condition, 
we used EDS-HBS alarms from 3D imaging as 
a reference when setting red frames manually 
around the same objects of interest in 2D imag-
ing stimuli.

The pretest consisted of 64 2D X-ray images 
and 64 3D CT images of different bags. Target 
prevalence was 50%. Each IED was used twice 
in different bags: once recorded from a more 
frontal perspective displaying more surface area, 
and once from a horizontally or vertically rotated 
perspective using medium superposition. The 
main test consisted of 256 bags that were 
recorded with 2D and 3D imaging. Target preva-
lence was 50%. Each of the 32 IEDs was used 
four times in four different bags by varying 
viewpoint and superposition.

As described in the introduction, 3D imaging 
systems have lower image quality than 2D imag-
ing systems. To assess such differences, we used 
the standard test piece (STP) and protocol, 
which is currently the most widely used interna-
tional standard for the assessment of image 

 quality of 2D imaging systems (see the Appen-
dix for details).

Procedure
Tests were conducted without giving per-

formance feedback using simulators provided 
by the manufacturer of the 2D and 3D imag-
ing systems. Six computer workstations with 
19’’ TFT monitors were set up in a normally 
lit room. Each screener sat approximately 50 
cm away from the monitor. The X-ray images 
covered about two thirds of the screen. Four to 
six participants performed the test in each ses-
sion while working individually, quietly, and 
under supervision. This is a typical scenario in 
hold baggage screening (Kuhn, 2017). Screen-
ers received instructions before the start of each 
test informing them about the imaging systems, 
the number of images, and that the target items 
were IEDs. To prevent a criterion shift (change 
of response bias) during the experiment, we 
informed the screeners beforehand about the 
target prevalence in the experiment (see also 
McCarley, 2009; Rich et al., 2008).

Screeners were instructed to visually inspect 
each X-ray image as if they were working at the 
airport and to decide as accurately and quickly 
as possible whether or not the image contained a 
target by clicking on a target-present or a target-
absent button on the simulator interface (a yes–
no task in signal detection theory; see MacMil-
lan & Creelman, 2005). After receiving their 
instructions, all participants started the experi-
ment with 10 practice trials (5 target-absent and 
5 target-present images in random order). A time 
limit of 90 s was set for viewing an X-ray image; 
afterwards, the image disappeared, but the 
screeners still had to make a decision.

European regulations mandate that screeners 
have to take a break of at least 10 min after 20 
min of continuous visual inspection of X-ray 
images (European Commission, 2015). There-
fore, tests were divided into four blocks, and 
screeners were asked to take breaks of 10 to 15 
min after completing each block. Block order 
was counterbalanced across participants. Images 
appeared in random order within a block. All 
participants completed the pretest in less than 40 
min and the main test in less than 1.5 hr includ-
ing breaks.
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Analyses
We computed analyses of covariance 

(ANCOVA) with detection performance (d′), 
target-absent RT, and target-present RT as 
dependent variables and age and 2D work expe-
rience as covariates (using SPSS version 22 and 
an alpha level of .05). Age was used as covari-
ate because 3D screeners were, on average, 
younger than 2D screeners (see Table 1) and 
because previous research showed a negative 
correlation between age and the visual inspec-
tion performance of screeners (Ghylin, Drury & 
Schwaninger, 2006; Schwaninger et al., 2010). 
2D work experience was used as covariate 
because 2D screeners had on average more 2D 
work experience than 3D screeners (see Table 
1). We conducted post hoc comparisons with R 
version 3.22 (R Core Team, 2015) and applied 
Holm–Bonferroni corrections (Holm, 1979). 
We report ANCOVA effect sizes with ηp

2; effect 
sizes of t tests, with Cohen’s d.

According to SDT (Green & Swets, 1966), 
there are four possible outcomes depending on 
stimuli and participant responses (Table 2). 
Detection performance (d′) was calculated using 
the following SDT formulae, whereby z refers to 
the inverse of the cumulative distribution func-
tion of the standard normal distribution (Green 
& Swets, 1966; MacMillan & Creelman, 2005):

 
Hit Rate HR Hit Hits Misses( ) = +( )s /  (1)

  

False Alarm rate FAR False Alarms

False Alarms Correct Rejecti

( ) =
+

/

oons( )  (2)

 
d′ = ( ) − ( )z HR z FAR  (3)

Results
Image Quality

Detailed results on image quality assess-
ment with six tests of the STP are reported in 
the Appendix. In summary, results confirmed 
that the 2D imaging system passed all image 
quality tests. The 3D imaging system did not 
pass two of the six tests: The spatial resolution 
and useful penetration tests could not be solved 
using either the 3D-rotatable or the 3D-sliceable 
image. Nonetheless, taking all test results into 
account, it should be possible to recognize main 
IED components (triggering devices, power 
sources, explosives, and detonators) to a simi-
lar degree with 2D and 3D imaging. However, 
recognizing thin wires when they are hidden 
behind aluminum of a thickness of 7.9 mm or 
more was not possible with 3D imaging.

Visual Inspection Performance
We first present the results on detection per-

formance (d′) because this is the main dependent 
variable for addressing our research questions. 
We then present RT, whereby target-absent RTs 
are more important due to the fact that they 
account for about 98% of all X-ray images in 
real-world hold baggage screening when using 
threat image projection (Hofer & Schwaninger, 
2005; Schwaninger, 2006; Schwaninger, Hofer, 
& Wetter, 2007; Schwaninger et al., 2010).  Figure 
2 shows detection performance d′ depending on 
X-ray imaging technology (2D vs. 3D imaging) 
and screener group (2D vs. 3D screeners).

A 2 (2D vs. 3D imaging) × 2 (2D vs. 3D 
screeners) ANCOVA with d′ as dependent vari-
able while controlling for age and 2D work 
experience revealed a trend toward better detec-
tion performance (d′) with 3D imaging (mean 
values of main effect: 2D imaging d′ = 1.80; 3D 

TABle 2: Definition of Hit, False Alarm, Miss, and Correct Rejection According to SDT  
(Green & Swets, 1966)

Stimulus Target-present response Target-absent response

Target-present stimulus Hit Miss
Target-absent stimulus False alarm Correct rejection

Note. SDT = signal detection theory (Green & Swets, 1966).
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 imaging d′ = 1.97). However, this effect did not 
attain statistical significance, F(1, 78) = 3.56, 
p = .065, ηp

2 = .04. There was a significant 
effect of screener group with 3D screeners per-
forming better with both types of imaging than 
2D screeners (mean values of main effect: 2D 
screeners d′ = 1.72; 3D screeners d′ = 2.05), 
F(1, 78) = 10.18, p = .002, ηp

2 = .12. The 
interaction between imaging and screener group 
was not significant. There was a significant 
effect of the covariate age, F(1, 79) = 2.86, p < 
.001, ηp

2 = .16 but not of the covariate 2D work 
experience.

Figure 3 shows target-absent RT by X-ray 
imaging technology and screener group.

We calculated a 2 (2D vs. 3D imaging) × 2 
(2D vs. 3D screeners) ANCOVA for target-
absent trials with RT as dependent variable 
while controlling for age and 2D work experi-
ence. We found a main effect of imaging F(1, 
78) = 12.12, p < .001, ηp

2 = .13, and screener 
group, F(1, 78) = 11.22, p < .001, ηp

2 = .13, 
but no significant effect for their interaction. 
Further, there was a significant effect of the 
covariate age, F(1, 78) = 7.75, p = .007, ηp

2 = 
.09, but not of the covariate 2D work experi-
ence. To examine whether speed–accuracy 
trade-offs can explain why 3D screeners had 
higher detection performance (d′) than 2D 
screeners with both imaging systems, we used 
two-tailed independent samples t tests to exam-
ine accuracy in target-absent trials (percent 

 correct rejections, PCR). For 2D imaging, 2D 
screeners had  significantly higher PCR than 3D 
screeners, t(42) = −3.88, p < .001. For 3D 
imaging, we did not find a difference between 
the screener groups for PCR, t(38) = −.00, p = 
.997. This means that we found no evidence that 
the better detection performance (d′) of 3D 
screeners compared with 2D screeners could be 
explained by a speed–accuracy trade-off in tar-
get-absent trials.

Figure 4 shows target-present RT dependent 
on X-ray imaging technology and screener 
group.

We calculated a 2 (2D vs. 3D imaging) × 2 
(2D vs. 3D screeners) ANCOVA for target- 
present trials with RT as dependent variable 

Figure 2. Detection performance (d′) by X-ray 
imaging technology (2D vs. 3D imaging) and 
screener group (2D vs. 3D screeners). Error bars are 
± one standard error.

Figure 3. Target-absent RT by X-ray imaging 
technology (2D vs. 3D imaging) and screener group 
(3D vs. 2D screeners). Error bars are ± one standard 
error.

Figure 4. Target-present RT by X-ray imaging 
technology (2D vs. 3D imaging) and screener group 
(2D vs. 3D screeners). Error bars are ± one standard 
error.
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while controlling for age and 2D work experi-
ence. We found a main effect of imaging,  
F(1, 78) = 20.32, p < .001, ηp

2 = .21, and a 
 significant effect of the covariate age, F(1, 78) = 
25.52, p < .001, ηp

2 = .25 but not of the  covariate 
2D work experience. Neither the main effect of 
screener group nor the interaction was signifi-
cant, making a speed–accuracy trade-off an 
implausible explanation for the better  detection 
performance (d′) of 3D screeners  compared 
with 2D  screeners.

To examine speed-accuracy trade-offs within 
the screener groups, we also calculated two-
tailed partial correlations between response 
times and detection performance (d′) while con-
trolling for age and work experience (Table 3). 
A speed-accuracy trade-off would have been 
supported if at least one significant positive cor-
relation (longer reaction times and higher detec-
tion performance [d′]) would have been found. 
This was not the case, which makes speed- 
accuracy trade-offs very unlikely.

dIscussIon
This study addressed two questions of high 

practical and theoretical relevance for the air-
port security screening of hold baggage: (a) 
Can screeners achieve at least similar detection 
performance using 3D imaging compared with 
2D imaging despite the lower image quality of 
3D imaging? (b) Does visual inspection compe-
tency acquired with one type of imaging transfer 
to the other type of imaging? We addressed 
these questions by asking 2D screeners and 
3D screeners to perform a simulated hold bag-
gage screening task with both types of imag-
ing. We first discuss the results on detection 
performance (d′), the main dependent variable 

for our research questions. We then discuss the 
results on response times (RT) whereby target-
absent RTs are more meaningful for real-world 
baggage screening. We conclude by discussing 
implications of our results for the efficiency and 
effectiveness of hold baggage screening using 
2D versus 3D imaging systems.

Despite lower image quality (see the Appen-
dix for these results and their discussion), 3D 
imaging resulted in a similar detection perfor-
mance (d′) of screeners compared with that for 
2D imaging. Benefits of 3D imaging allowing 
three-dimensional rotation and slicing seem to 
compensate for the potentially negative effects of 
lower image quality. This is consistent with ear-
lier research on cabin baggage screening that 
showed better detection performance for motion 
imaging compared with static 2D imaging 
(Mendes et al., 2013). 2D screeners achieved a 
similar detection performance (d′) with 3D imag-
ing to that with 2D imaging. This indicates a very 
large transfer effect and has important practical 
implications in light of the current international 
discussions on whether specific training should 
be mandated for 2D screeners before allowing 
them to work with 3D imaging systems. Our 
results suggest that 2D screeners do not need 
extensive and specific training to achieve similar 
detection performance with 3D imaging com-
pared with that attained with 2D imaging.

3D screeners also achieved similar detection 
performance (d′) with both imaging systems, but 
they performed better than 2D screeners with 
both types of imaging. As explained in the intro-
duction, object recognition research has shown 
that exposure to 3D images results in richer 
visual representations that could therefore also 
increase detection performance in 2D images 

TABle 3: Correlations Between Speed (Target Absent and Target Present RT) and Detection 
Performance (d′) Controlling for Age and Work Experience

3D Screener Group 2D Screener Group

Trial type 2D imaging 3D imaging 2D imaging 3D imaging

Target-present trials r = –.01
p = .97

r = –.33
p = .10

r = .03
p = .92

r = .22
p = .36

Target-absent trails r = .28
p = .20

r = .25
p = .31

r = .16
p = .49

r = .19
p = .40
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(Tarr & Vuong, 2002; Vuong & Tarr, 2004). This 
is a plausible explanation for our finding that 3D 
screeners performed better than 2D screeners 
not only with 3D imaging but also with 2D 
imaging. Alternative explanations might be 
based on group differences in age, cognitive 
abilities, training, or work experience along with 
speed–accuracy trade-offs. Because we used age 
as covariate, age differences are an unlikely 
explanation for performance differences between 
2D and 3D screeners. Visual-cognitive abilities 
have also been shown to impact on screener 
 performance (Hardmeier & Schwaninger, 2008; 
Rusconi, Ferri, Viding, & Mitchener-Nissen, 
2015; Rusconi, McCrory, & Viding, 2012; 
Schwaninger, Hardmeier, & Hofer, 2005). How-
ever, it is also unlikely that differences in these 
abilities can explain the detection performance 
differences between 3D and 2D screeners in our 
study. The organization providing the 2D screen-
ers had implemented a very selective pre-
employment screening procedure including a 
visual-cognitive test battery and an X-ray object 
recognition test (Hardmeier, Hofer, & Schwan-
inger, 2006; Schwaninger, Hardmeier, & Hofer, 
2005). Moreover, it is difficult to explain differ-
ences between 2D and 3D screeners by amount 
of training because both screener groups were 
qualified, trained, and certified according to the 
same European standards including a 6-hr man-
datory image recognition training and testing 
every 6 months (European Commission, 2015). 
Finally, differences in 2D work experience can-
not explain why 3D screeners were better with 
2D imaging than 2D screeners, because the lat-
ter had more work experience with 2D imaging, 
and 2D work experience was used as covariate. 
Thus, the most plausible explanation based on 
results from object-recognition research (Tarr & 
Vuong, 2002; Vuong & Tarr, 2004) would seem 
to be that extensive exposure to 3D imaging dur-
ing work and training resulted in richer visual 
representations and therefore better performance 
of 3D screeners than 2D screeners for both types 
of imaging.

The target-absent RT of 2D screeners when 
using 2D imaging was 8 s. Threat image projec-
tion data from experienced 2D screeners work-
ing with a similar 2D imaging system revealed 
target-absent RTs of about 7 s (Schwaninger, 

Hofer, & Wetter, 2007). This suggests that the 
target-absent RT found in our study would gen-
eralize quite well to real-world conditions (at 
least for 2D screeners when using 2D imaging) 
despite large differences in target prevalence. 
Both screener groups needed more time (about 2 
s [3D screeners] and 4 s [2D screeners]) when 
using 3D imaging compared with 2D imaging. 
This result was anticipated, because rotating and 
slicing 3D images takes longer to process than 
the visual inspection of static 2D X-ray images. 
When no target was present, 3D screeners took 
longer for visual inspection than 2D screeners. 
For 3D imaging, the difference was small (about 
1 s). For 2D imaging, 3D screeners took 3 s lon-
ger than 2D screeners. Although speculative, 
one possible explanation could be that 3D 
screeners were used to rotating and slicing 
images but were unable to do this when using 
2D imaging. This may have resulted in longer 
target-absent RT. However, the important result 
is that the higher detection performance (d′) of 
3D screeners with both imaging systems com-
pared with 2D screeners could not be explained 
by a speed–accuracy trade-off.

The target-present RT of 2D screeners when 
using 2D imaging was 8 s. This was similar to 
the real-world target-present RT of 9 s for expe-
rienced 2D screeners when using 2D imaging 
for hold baggage screening (Schwaninger, 
Hofer, & Wetter, 2007). This provides further 
support for the view that the RT found in our 
study would generalize to real-world conditions 
despite large differences in target prevalence. As 
for target-absent RT, both screener groups 
needed more time: 3 s (3D screeners) and 4 s 
(2D screeners) when using 3D imaging. Differ-
ences between screener groups were not signifi-
cant for target-present RT, making a speed–
accuracy trade-off an extremely implausible 
explanation for the better detection performance 
(d′) of 3D screeners compared with 2D screen-
ers with both imaging systems.

Whereas 2D work experience did not have an 
impact, age had an influence on all dependent 
variables: Older screeners had lower detection 
performance (d′) and longer response times. 
This result is consistent with previous research 
showing a negative correlation between age and 
visual inspection performance of screeners 
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(Ghylin et al., 2006; Schwaninger et al., 2010). 
Because we used 2D work experience and age as 
covariates, the observed screener group differ-
ences in detection performance (d′) and response 
times cannot be explained by preexisting differ-
ences in the covariates.

To summarize, the results on detection per-
formance (d′) answered our two research ques-
tions: (a) Screeners achieved a similar detection 
performance (d′) using 3D imaging compared 
with 2D imaging despite lower image resolution 
of 3D imaging. (b) Visual inspection compe-
tency acquired with one type of imaging trans-
ferred to visual inspection with the other type of 
imaging. However, both screener groups needed 
more time (2–4 s) when using 3D imaging com-
pared with 2D imaging.

What do our results on screeners’ visual 
inspection performance mean for the efficiency 
(throughput) of 2D versus 3D hold baggage 
screening at airports? According to Oftring 
(2015), 2D and 3D imaging systems can process 
about 1,500 bags per hour, but 2D imaging sys-
tems have false alarm rates of at least 35%, 
whereas 3D imaging systems achieve much 
lower false alarm rates (15%). The installation 
of 3D imaging (Level 1 in hold baggage screen-
ing) should therefore already result in a 31% 
increase in efficiency. Based on the amount of 
bags sent to visual inspection and the target-
absent RTs found in our study, an efficiency 

increase from 36% to 49% on Level 2 of hold 
baggage screening (alarm resolution of screen-
ers) can be achieved (see Table 4 for the calcula-
tion). As explained in the introduction, if screen-
ers decide that an X-ray image is suspicious, 
more time-consuming investigations follow 
including rescreening with other X-ray technol-
ogy, trace detection, explosive detection, dogs, 
passenger reconciliation, and the opening of 
bags (Shanks & Bradley, 2004; Singh & Singh, 
2003). Therefore, efficiency gains will be even 
higher in practice because 3D imaging results in 
less hold baggage being sent to Level 2.

Estimating the increase in effectiveness 
(detection of IEDs) is more difficult, because the 
detection rates of 2D and 3D imaging systems 
are not publicly available for security reasons. 
However, it is clear that 3D imaging systems 
achieve substantially higher detection of explo-
sives than 2D imaging systems (e.g., Oftring, 
2015; Singh & Singh, 2003; Wells & Bradley, 
2012). Moreover, in Europe, EDS-HBS have to 
meet European detection standards and be 
approved by test centers of the European Civil 
Aviation Conference (ECAC). So far, only 3D 
imaging systems have met ECAC Standard 3, 
whereas 2D imaging systems achieve only Stan-
dard 2 (European Civil Aviation Conference, 
2018). ECAC Standard 3 requires higher hit 
rates and lower false alarm rates and therefore 
higher detection performance (d′) of EDS-HBS.

TABle 4: Estimation of Efficiency Increase (Throughput) When Using 3D Imaging Compared With 2D 
Imaging Based on Target-Absent RT Results

Scenario

Bags 
per 
hour

EDS-HBS 
FAR

Approval 
capacity

Efficiency 
increase 
Level 1

Bags sent 
to visual 

inspection

Target 
absent RT 

[sec]

Visual 
inspection 
time [hr]

Efficiency 
increase 
Level 2

2D screeners / 
2D imaging

1,500 35% 975 525 8 1.2  

2D screeners / 
3D imaging

1,500 15% 1,275 31% 225 12 0.8 36%

3D screeners / 
2D imaging

1,500 35% 975 525 11 1.6  

3D screeners / 
3D imaging

1,500 15% 1,275 31% 225 13 0.8 49%

Note. EDS = explosive detection systems; HBS = hold baggage screening; FAR = false alarm rate; RT = response 
time.
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Taking together the results of our study on 
screeners’ visual inspection performance with 
the performance advantages of 3D imaging tech-
nology, it is reasonable to infer that the whole 
human-machine system performance when using 
3D imaging technology is superior to 2D imag-
ing not only in terms of efficiency (throughput) 
but also in terms of effectiveness (detection of 
IEDs) of the HBS process as a whole. The results 
of our study further suggest that extensive and 
specific training is not needed for 2D screeners 
before allowing them to work with 3D imaging 
systems. Nonetheless, some limitations do call 
for further research: Screener performance was 
tested with only one 2D and 3D imaging system. 
It would be interesting to see whether different 
results would be obtained with other 2D systems 
using a larger angular difference between the two 
views of a bag (e.g., 60–90 deg), with 3D sys-
tems that have higher image resolution, and with 
hybrid systems that show four views (3D- rotatable, 
3D sliceable, and two different STP-compliant 
2D views). Although it is not possible to conclude 
from our study that higher image resolution of 3D 
imaging systems would result in better visual 
inspection performance among screeners, it 
would be worth investigating this in future stud-
ies. Second, it would be interesting to see whether 
the results of our study can be replicated with 
screeners from other airports using a within- 
subjects design to investigate transfer effects 
from 2D to 3D imaging and vice versa over sev-
eral months (although this might be rather diffi-
cult to achieve in practice). Conducting such a 
study with student participants is not an option 
for reasons of external validity as well as the 
security-sensitive nature of the image material 
and on-screen alarm resolution protocols.

Despite these limitations, we believe that our 
study is robust enough to make a significant 
contribution to the theory, practice, and knowl-
edge base of human factors and ergonomics—
particularly with regard to its practical relevance. 
First, we can recommend a wide-scale imple-
mentation of 3D imaging systems with an image 
quality equal to or higher than that of the 3D 
imaging system tested in this study, because it 
can be expected to result in better human–
machine system performance in terms of effi-
ciency and effectiveness of the hold baggage 
screening process as a whole. Second, due to 

large transfer effects, 2D screeners do not require 
extensive and specific training to achieve simi-
lar detection performance with state-of-the-art 
3D imaging. Third, image quality standards and 
procedures need revision before they can be 
applied to 3D imaging systems.

APPendIx
Assessment of Image Quality

The most widely used international standard 
for assessing the image quality of X-ray imaging 
systems is the standard test piece (STP) and a 
procedure developed about 30 years ago for 2D 
imaging systems (WG Standard Test Piece, n.d.). 
Whereas 2D imaging systems comply with the 
STP standard, this is not the case for many 3D 
imaging systems. This is not surprising given the 
fact that the STP was developed for 2D imaging 
and that there is no specific image quality assess-
ment procedure available yet for 3D imaging. 
Some countries have implemented 3D imaging 
systems at many of their airports (Oftring, 2015) 
because they have better automated explosive 
detection capability and higher baggage through-
put (Flitton et al., 2013; Mouton & Breckon, 
2015; Wells & Bradley, 2012). Other countries 
hesitate to change from 2D imaging to 3D 
imaging because it is unclear whether screeners 
achieve a similar detection performance using 
3D imaging compared with 2D imaging due to 
the lower image quality of 3D imaging.

Our study evaluated screener performance 
using 2D and 3D imaging while also evaluating 
image quality differences between the two imag-
ing systems using the STP. We used the STP to 
provide a quantitative measure of the differences 
of the 2D and 3D imaging systems tested in this 
study. We first explained the STP and the image 
quality assessment procedure and then presented 
the results for the 2D and 3D imaging systems 
used in our study. Based on the results, we dis-
cussed whether current image quality standards 
for 2D imaging need to be revised before they 
can be applied to 3D imaging systems.

The STP contains samples of materials of 
varying density and needs to be X-rayed with 
the tested machine. Based on the X-ray  
image of the STP, six tests are carried out to 
assess single wire resolution, useful penetration, 
spatial  resolution, simple penetration, and material 
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 discrimination. For each measure, certain 
requirements need to be fulfilled for the 
machine to pass the test. Test 1: Single Wire 
Resolution. This defines the ability to display 
a single thin wire. Test 2: Useful Penetration. 
This determines what level of detail should be 
seen behind a thickness of known material. 
Test 3: Spatial Resolution. This defines the 
ability to distinguish and display objects that 
are close together. Tests 4 and 5: Simple Pen-
etration. These test the X-ray machine’s ability 
to image thin and thick material as well as the 
thickness of steel the X-ray machine should be 
able to penetrate. Test 6: Material Discrimina-
tion. This ensures that different colors are allo-
cated to organic and inorganic substances.

In our study, we used one 2D multiview X-ray 
and one 3D CT imaging system; both are opera-
tional at airports and representative of their cate-
gory (the names of the systems cannot be revealed 
for this publication, but we can state that the 3D 
imaging system belongs to the most widely used 
in the world). A certified European test center 
conducted the image quality assessment using the 
STP. The results are shown in Table A1.

As expected, the 2D imaging system was STP 
compliant; that is, it passed all tests. The 3D 
imaging system did not pass two of the six tests: 
The spatial resolution and useful penetration tests 
could not be solved using either the 3D-rotatable 
or the 3D-sliceable image. However, when com-
paring the STP results of both systems, it can be 

TABle A1: Results of Image Quality Tests for the 2D and 3D Imaging Systems Used in This Study

Test Requirement

3D imaging system

2D imaging 
system

3D-rotatable 
image

3D-sliceable 
image

Test 1 STP:
Single wire 

resolution

Ability to display a single thin wire (30 
American Wire Gauge = 0.254 mm) 
when not covered by the aluminum 
step wedge.

Yes Yes Yes

Test 2 STP:
Useful 

penetration

Wire (24 American Wire Gauge = 
0.5105 mm) needs to be visible 
behind different thickness of 
aluminum (4.8 mm, 7.9 mm, and 11.1 
mm).

4.8mm: No
7.9mm: No

11.1mm: No

4.8mm: Yes
7.9mm: No

11.1mm: No

4.8 mm: Yes
7.9 mm: Yes

11.1 mm: Yes

Test 3 STP:
Spatial resolution

Ability to distinguish and display objects 
that are close together; gaps between 
the relevant vertical and horizontal 
gratings can be seen (2.0 mm slots on 
a 4.0 mm pitch).

No No Yes

Tests 4 & 5 STP:
Simple 

penetration

Thin materials:
The relevant steel plate (0.10 mm thick) 

can be seen.

No Yes Yes

Thick materials:
The lead bar (1.5 mm thick) can be seen 

behind 14 mm of steel.

No Yes Yes

Test 6 STP:
Material 

discrimination

Different colors are allocated to the 
sample of organic and inorganic 
substances (sugar and salt 
discrimination).

Yes Yes Yes

Note. “Yes” means the requirement of the STP is fulfilled. For a machine to be STP compliant, it must pass all tests. 
STP = standard test piece.
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assumed that it should be possible to recognize 
main IED components (triggering devices, power 
sources, explosives, and detonators) to a similar 
degree with 2D and 3D imaging. Nonetheless, 
recognizing thin wires when they are hidden 
behind aluminum of a thickness of 7.9 mm or 
more is not possible with 3D imaging.

To summarize, 3D imaging systems have 
lower image quality than 2D imaging systems 
according to tests using the STP and protocol, 
which is currently the most widely used interna-
tional standard for assessing the image quality of 
2D imaging systems. Despite this, our study 
could show that 2D and 3D screeners attained 
the same detection performance with 2D and 3D 
imaging. Based on the fact that newer 3D imag-
ing technology has better automated explosive 
detection and therefore higher baggage through-
put (Flitton et al., 2013; Mouton & Breckon, 
2015; Oftring, 2015; Wells & Bradley, 2012), 
we argue that 3D imaging is superior to 2D 
imaging despite its lower image quality. Whether 
3D screening is superior or inferior to 2D screen-
ing also depends on the visual inspection perfor-
mance of X-ray screeners working with such 
systems. Therefore, when installing new tech-
nology at airports, it is important to consider not 
only technical features but also human factors.

Regarding image quality testing, no specific 
image quality assessment procedure is yet avail-
able for 3D imaging. Based on the results of our 
study, we argue that image quality standards and 
procedures need revision before they can be 
applied to 3D imaging systems. Regulatory 
 bodies should not only evaluate technical aspects 
when testing image quality but also take human 
factors into account using experiments with 
highly realistic images, simulators, and screen-
ers as participants as we did in our study.
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key PoInts
 • This study compared the performance of airport 

security officers (screeners) using state-of-the-
art 3D imaging and older 2D imaging for airport 
security screening of hold baggage.

 • Despite lower image quality, screeners achieved a 
similar detection performance with 3D imaging to 
that for 2D imaging.

 • 3D screeners revealed higher detection per-
formance with both types of imaging than 2D 
screeners.

 • Features of 3D imaging systems (3D rotation and 
slicing) seem to compensate for the lower image 
quality.

 • Visual inspection competency acquired with one 
type of imaging seems to transfer to the other type 
of imaging.

 • 2D and 3D screeners required more time for visual 
inspection of 3D versus 2D images. However, 
baggage throughput would still be substantially 
higher with 3D imaging systems for hold baggage 
screening due to lower EDS alarm rates than those 
for older 2D imaging systems.

 • Replacing older 2D with newer 3D imaging 
systems for hold baggage screening can be rec-
ommended to increase the efficiency and effec-
tiveness of hold baggage screening.

 • Extensive and specific training of 2D screeners 
before allowing them to work with 3D imaging 
is not needed to achieve a similar performance to 
that with 2D imaging.

 • Current image quality standards for 2D imaging 
need to be revised before they can be applied to 
3D imaging systems for hold baggage screening.
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Abstract— In airport security screening, passenger baggage 
that is transported in the hold of an aircraft (hold baggage) is 
screened using X-ray machines with explosive detection 
technology. Older systems are based on 2D multi-view imaging 
whereas newer systems are based on computer tomography (CT) 
that features 3D rotatable images (3D imaging). Regulators, 
airport operators and security providers currently discuss 
whether extensive and specific training is necessary for screeners 
who are used to 2D multi-view imaging before they start working 
with 3D imaging. Moreover, to facilitate the decision making of 
screeners, so called on-screen alarm resolution protocols (OSARP) 
are available for 3D imaging. However, their effectiveness has not 
been investigated yet. To address these issues, we compared the 
visual inspection performance of screeners using state-of-the-art 
2D multi-view imaging versus 3D imaging versus 3D imaging 
following a specific on-screen alarm resolution protocol (OSARP). 
In a simulated hold baggage screening task, screeners had to 
decide whether X-ray images contained an improvised explosive 
device (IED) or not. Results showed that there was no difference 
in detection performance (d') between 2D and 3D imaging. Visual 
inspection with 3D imaging following an OSARP resulted in 
higher detection performance (d') compared to 2D and 3D 
imaging. In conclusion, screeners currently working with 2D 
multi-view technology do not need extensive and specific training 
to achieve comparable detection performance with 3D imaging. 
The application of an OSARP has the potential to further increase 
screeners’ detection performance (d') with 3D imaging. 

Keywords— Airport security screening, 3D imaging, X-ray 
imaging technology, on-screen alarm resolution, visual search 

I. INTRODUCTION 

Compared to cabin baggage screening, where multiple target 
types (guns, knives, IEDs, explosives, other threats) pose a 
threat, there is only one threat category in hold baggage 
screening. As passengers cannot access items stored in the hold 
of an aircraft, guns and knives in hold baggage do not pose a 
threat. Therefore, hold baggage screening targets only fully 
functioning improvised explosive devices (IEDs) [1]. At 
airports, all hold baggage is screened by X-ray machines that are 

explosive detection systems (EDS). They indicate areas in X-ray 
images that might be explosive by colored frames or a specific 
surface color [2]. X-ray images on which an EDS has raised an 
alarm are sent to remote screening locations for on-screen alarm 
resolution (OSAR) by airport security officers (screeners). The 
task of hold baggage screeners is to visually inspect alarmed 
areas in X-ray images and decide whether such EDS alarms are 
harmless (false alarms of the EDS) or whether the hold baggage 
needs further inspection because it might contain an IED. 
Therefore, in HBS, the screeners’ task is mainly a decision task 
whereas in cabin baggage screening, visual inspection consists 
of search and decision making [3], [4].  

In order to decide whether a bag contains a fully functioning 
IED or not, screeners need to identify the following necessary 
components of an IED: a triggering device, a power source, 
explosive mass, and a detonator that need to be connected to 
each other by, for example, wires [2], [5]. Through computer-
based training, screeners can learn to recognize these 
components, and they can achieve and maintain a high detection 
performance for IEDs [6] – [11]. International regulations 
consider this by mandating extensive and recurring training of 
screeners. For example, European regulations mandate at least 6 
hours of image recognition training and testing in every 6-month 
period [12]. 

To screen hold baggage at airports, 2D multi-view X-ray 
imaging systems are currently the most widely used technology. 
However, 2D multi-view systems are not able to unambiguously 
reveal the exact bag content for complex packed and cluttered 
bags [13]. Newer technology is based on computer tomography 
(CT). Such systems generate a stack of contiguous slice images 
that are used to calculate and visualize a volumetric view of the 
bag [14]. Screeners have then the possibility to inspect bags as a 
3D-rotatable images that are enhanced by using depth cues with 
the additional option to slice through them [2], [14], [15]. Due 
to these additional functions, 3D-rotatable images should 
facilitate the recognition of threats when they appear from an 
unusual viewpoint or if they are superimposed by other objects 
[16], [17]. Further, continuous exposure to 3D objects could 



result in richer visual object representations [18], [19], that could 
improve screeners' visual inspection performance in general. 
However, CT systems have lower image quality compared to 2D 
imaging [13], [15], [20], which could impair detection 
performance with 3D imaging. It is therefore interesting to 
compare 2D and 3D imaging because it is unclear whether the 
benefits of 3D imaging outweigh the potential negative effects 
of lower image quality. 

 Comparing 2D and 3D imaging is also of high practical 
relevance: Regulators, airport operators and security providers 
currently discuss whether extensive and specific training is 
necessary for screeners who are used to 2D multi-view imaging 
before they can be allowed to work with 3D imaging. Therefore, 
the first goal of this study was to compare the visual inspection 
performance of 2D screeners using 2D versus 3D imaging. 
Moreover, to facilitate decision making of screeners, so called 
on-screen alarm resolution protocols (OSARP) are available for 
3D imaging that are assumed to improve screeners inspection 
performance. As their effectiveness has not been investigated 
yet, the second goal of this study was to compare 2D screeners' 
visual inspection performance using 3D imaging with and 
without following a specific on-screen alarm resolution protocol 
(OSARP).  

 To address these issues, we tested 2D screeners using a 
simulated hold baggage screening task under three conditions: 
2D multi-view imaging versus 3D rotatable imaging versus 3D 
rotatable imaging following OSARP. 

II. METHODS 

A. Participants 

Participants were n = 62 professional hold baggage 
screeners from an international airport with work experience 
using 2D multi-view imaging (for descriptive statistics see 
Table 1). All screeners had been selected, qualified, trained, 
and certified according to the standards set by the appropriate 
national authority (civil aviation administration) in compliance 
with the relevant EU regulation [12]. The current research 
complied with the American Psychological Association Code 
of Ethics and was approved by the Review Board of the School 
of Applied Psychology of the University of Applied Sciences 
and Arts Northwestern Switzerland. Informed written consent 
was obtained from all participants. 

TABLE I.   

Group 
Description of Screeners Participating in the Study 

na Age in years 2D working experience in 
years % female 

2D 20 45.7 (12.8) 9.8 (6.6) 60 

3D 22 42.5 (9.4) 9.4 (9.0) 52 

OSARP 20 45.6 (11.6) 9.8 (5.8) 45 
a. Two screeners dropped out due to illness after the first test date. Another screener had 

to be excluded prior to data analyses due to a system error of a simulator. 

                                                           
1 Screeners also conducted different visual-cognitive tests; these results are 

reported elsewhere [21]. 

B. Design 
Each screener first performed a pretest to familiarize with 

the 2D and 3D simulators and the testing procedure1. Screeners 
were assigned to balanced groups to be tested with either 2D 
imaging, 3D imaging (Fig. 1) or 3D imaging following an 
OSARP training. All three groups conducted the main test two 
weeks after the pretest using a between-subjects design with 
condition (2D vs. 3D vs. OSARP) as independent variable and 
visual inspection measures as dependent variables. 

C. Apparatus 

Screeners were tested using simulators provided by the 
manufacturer of the imaging systems. There were six individual 
testing stations with 19'' TFT monitors and the room was dimly 
lit for testing. Four to six participants were tested at a time 
performing the test individually, quietly, and under supervision. 
This is a typical scenario in hold baggage screening [22]. 

D. Stimuli 
X-ray image recording of baggage was conducted at a test 

center of a national transportation security organization. IEDs 
were prepared by an IED expert serving as consultant for this 
study. Thirty-two different bags were repeatedly used by 
repacking them to create unique stimuli for the pretest and the 
main test. All bags were packed in a way that resulted in medium 
X-ray image complexity as judged by the IED expert and the 
authors. Target-present images contained one IED and target-
absent images one EDS false alarm (e.g., cheese, certain liquids, 
etc.). 

The pretest consisted of 64 bag X-ray images recorded with 
2D imaging and 64 different bag X-ray images recorded with 
3D imaging. Target prevalence was 50% using 32 IEDs that 

a b 

c 

 

d 

Fig. 1. Target-present bag containing an IED recorded with 2D and 3D 
imaging: (a) 2D default image, (b) 2D image with 90 degrees difference in 
perspective, (c) 3D-rotatable CT image, and (d) CT slice image. With 3D 
imaging, the detonator is visible in green (Fig. 1c) and in blue (Fig. 1d). 



were shown twice in different bags using medium superposition: 
once recorded from a more frontal perspective, and once from a 
horizontally or vertically rotated perspective. The main test 
consisted of 256 bags that were recorded with both the 2D and 
3D imaging system. To ensure the same system reliability (e.g., 
[23]), we used EDS alarms from the 3D imaging system as a 
reference when setting red frames manually around the objects 
of interest in the 2D imaging stimuli. Target prevalence was 
50% using 32 different IEDs than in the pretest. Each IED was 
used four times in four different bags by varying viewpoint and 
superposition. 

E. Procedure 
For the pretest and the main test, screeners were instructed 

to visually inspect each X-ray image as if they were working at 
the airport and decide as accurately and quickly as possible 
whether or not the image contained a target (IED) by clicking on 
a target-present or a target-absent button on the simulator 
interface (a yes–no task in signal detection theory; see [24]). 
After the instructions, all participants started with 10 practice 
trials (5 target-absent and 5 target-present images in random 
order). A time limit of 60 s was set for viewing an X-ray image. 

Screeners in the OSARP condition received a short training 
before conducting the main test. The original protocol developed 
by the IED expert is usually taught in two days and is customized 
to the images and interface of the 3D CT machine used in this 
study. This OSARP was adapted and shortened for our study so 
that it could be taught in 40 min. It included two heuristic steps 
on how to decide whether the bag is harmless or whether it 
contains an IED. After the training, the screeners took a break of 
15 min before conducting the main test. 

As the European regulation mandates that screeners have to 
take a break of at least 10 min after continuous visual inspection 
of X-ray images [12], the main test was divided into two blocks 
and screeners took a break of 10 to 15 min after completing the 
first block. Block order was counterbalanced across participants. 
Images appeared in random order within a block. All 
participants completed the pretest in less than 40 min and the 
main test in less than 1.5 hr including breaks. 

F. Statistical Analyses 
We computed analyses of variance (ANOVA) with detection 

performance (d'), response bias (c), target-absent RT, and target-
present RT as dependent variables and test condition (2D, 3D 
and 3D with OSARP) as independent variable. All ANOVAs 
were conducted with SPSS version 22 and alpha was set at 0.05. 
Post hoc comparisons were conducted with R version 3.22 [25] 
and Holm–Bonferroni corrections were applied [26]. Effect 
sizes of ANOVAs are reported with ηp

2 (partial eta-squared); 
effect sizes of t tests, with Cohen’s d. Our dependent variables 
detection performance (1) and response bias (2) were calculated 
using the following signal detection theory (SDT) formulae, 
whereby z refers to the inverse of the cumulative distribution 
function of the standard normal distribution [24], [27]: 

                                                           
2 Sensitivity was recalculated under the assumption of an unequal variance 

distribution of threat- and false-alarm images [24]. A one-way between 
subjects ANOVA with da as sensitivity measure (with a slope parameter of 

 d'= z(HR)-z(FAR) (1) 

 c= -0.5*z(FAR)-z(HR) (2) 

III. RESULTS 

Fig. 2 shows detection performance d' depending on the 
three test conditions. 

Fig. 2. Detection performance (d') by condition (2D vs. 3D vs. OSARP). 
Error bars are ± one standard error. 

A one-way between subjects ANOVA with detection 
performance (d’) as dependent variable 2  and condition as 
independent variable showed a significant main effect, F(2, 62) 
= 3.28, p = 0.045, ηp

2 = 0.100. To investigate whether detection 
performance (d') was different between the 2D and 3D imaging 
condition, a two-tailed t-test was performed. No statistical 
difference was found, t(40) = 0.145, p = 0.886, d = 0.05. To test 
the hypothesis that OSARP results in better detection 
performance (d') than 3D imaging, a one-tailed t-test was 
conducted. This showed that OSARP increased detection 
performance of screeners, t(40) = 3.05, p= 0.002, d = 1.05.  

Fig. 3 shows response bias c by test conditions. 

 
Fig. 3. Response bias c by condition (2D vs. 3D vs. OSARP). Error bars are 
± one standard error. 

0.6) revealed a significant effect for condition F(2, 62) = 19.01, p < 0.001 and 
significant post-hoc comparisons between 2D and OSARP (p < 0.001) and 3D 

and OSARP (p < 0.001). 



A one-way between subjects ANOVA with response bias (c) 
as the dependent variable showed a significant effect for 
condition, F(2, 62) = 15.69, p < 0.001, ηp

2 = 0.35. Posthoc tests 
using Holm-Bonferroni corrections showed that response bias of 
the OSARP condition was significantly lower and therefore 
more neutral than of the 2D (p < 0.001) and 3D condition (p < 
0.001). The difference between the 2D and 3D condition did not 
reach statistical significance (p = 0.610). 

Fig. 4 shows target-present and target-absent response times 
depending on the three test conditions. 

Fig. 4. Target-present and target-absent response times by condition (2D vs. 
3D vs. OSARP). Error bars are ± one standard error. 

A mixed design ANOVA with condition (2D vs 3D vs 
OSARP) as between-subjects variable, trial type (target present 
vs target absent) as within-subjects variable and response time 
(in seconds) as the dependent variable showed a significant 
effect of condition, F(2, 59) = 48.32, p < 0.001, ηp

2 = 0.62, and 
an interaction between condition and trial type, F(2, 59) = 9.50, 
p < 0.001, ηp

2 = 0.24. Posthoc comparisons using Holm-
Bonferroni corrections showed a significant difference between 
all three conditions (2D, 3D, OSARP) for target present trials 
(all p < 0.001) as well as for target-absent trials (all p < 0.001). 
Screeners needed more time with 3D imaging and OSARP than 
with 3D imaging without OSARP while 2D imaging resulted in 
the fastest response times. The comparisons between target-
present and target-absent trials showed longer response times for 
target-present in the 2D condition (p = 0.022) and 3D condition 
(p < 0.001), but longer target-absent response times for the 
OSARP condition (p = 0.041). 

These results are very interesting as both the 2D and 3D 
condition showed longer response times for target-present trials, 
while in the OSARP condition screeners needed more time for 
target-absent trials. Longer response times for the conditions 
using 3D imaging were expected as rotating and slicing 
obviously needs more time. However, to test whether the longer 
response times were also a result of the inexpertness with the 
new 3D system, response times were compared between the two 
image blocks of the main test, to see whether screeners got faster 
over time. A mixed-design ANOVA with condition (3D vs. 
OSARP) as between-subjects variable, trial type (target-presents 
vs. target-absent) and block (1 vs 2) as within-subjects variables 
and response time as dependent variable showed a significant 
main effect of condition F(1, 41) = 29.04, p < 0.001, ηp

2 = 0.42, 

block F(1, 41) = 53.59, p < 0.001, ηp
2 = 0.57, and the interaction 

between condition and trail type, F(1, 41) = 14.28, p < 0.001, ηp
2 

= 0.26. Post hoc comparisons were carried out for both 
conditions separately and showed significantly different 
response times between the first and second block for both 
target-absent and target-present trials (p < 0.001) for both the 3D 
imaging and OSARP condition with shorter response times for 
the second block. 

IV. SUMMARY, DISCUSSION AND CONCLUSION 

In this study, we addressed two issues of theoretical and 
practical relevance. First, with the implementation of advanced 
3D CT technology at airports currently using 2D multi-view X-
ray systems, the question arises whether extensive and specific 
training is necessary for screeners who have never worked with 
3D imaging before. Second, it was investigated whether a 
specific on-screen alarm resolution protocol (OSARP) would 
increase detection performance of screeners when using 3D 
imaging. We compared visual inspection performance of 2D 
hold baggage screeners by using three different test conditions: 
state-of-the-art 2D multi-view imaging versus newer 3D 
rotatable imaging versus 3D rotatable imaging following 
OSARP.  

Screeners achieved similar detection performance with 2D 
compared to 3D imaging despite lower image quality of 3D 
imaging. The possibility of 360° rotation allowing visual 
inspection from all angles eliminates, or at least drastically 
reduces, the challenges resulting from low target visibility due 
to viewpoint or superposition effects in 2D imaging. This seems 
to compensate potential negative effects of lower image quality 
of 3D imaging. Moreover, our results suggest that screeners 
experienced with 2D multi-view X-ray imaging can transfer 
their visual inspection competency to 3D imaging. Considering 
this result, extensive training of 2D screeners before they can be 
allowed to work with 3D imaging is not needed.  

Our study further showed that screener’s detection 
performance could be increased when they followed a specific 
OSARP to visually inspect 3D rotatable images. This result is 
especially interesting as screeners only received a short 40 min 
training of the protocol. Due to the OSARP training, screeners 
also shifted their response bias to be more neutral (more biased 
toward judgement of target present). This implies that screeners 
were very compliant with the protocol resulting in more hits but 
also more false alarm decisions in the OSARP condition. 
However, the relevance of response bias results should be 
interpreted with caution, as they are dependent on target 
prevalence [24], [27]. With a significantly lower target 
prevalence in operation, a different response bias can be 
expected. Further, in operation, a longer training would be 
required for the use of such a protocol and therefore even larger 
improvements in detection performance might be expected. 

Screeners needed more time when hold baggage was 
displayed with 3D imaging compared to 2D imaging and even 
more when OSARP was applied. It was anticipated that visual 
inspection with 3D imaging takes more time, because rotating 
and slicing 3D images obviously takes longer to process than a 
visual inspection of static 2D X-ray images. However, due to 
lower EDS alarm rates of 3D imaging systems compared to 2D 



imaging systems in operation [2], [13], [15], [20], baggage 
throughput would still be substantially higher in hold baggage 
screening. Further, by instructing the screeners to explicitly 
follow the OSARP it is not surprising that screeners took more 
time. However, we found a significant decrease of response 
times in the second block of testing, which suggests that longer 
response times with OSARP decrease with practice.  

As mentioned in the introduction, in HBS, the screeners’ task 
is mainly a decision task whereas in cabin baggage screening, 
visual inspection consists of search and decision making [3], [4].  
Screeners in the 2D and 3D condition showed longer response 
times for target-present trials, whereas screeners in the OSARP 
condition needed more time for target-absent trials. A possible 
explanation is that in the 2D and 3D condition, screeners were 
able to quickly recognize EDS false alarms (i.e. when not all 
components of an IED are available), but took more time to 
confirm actual IEDs. This would also be consistent with the 
finding of a more conservative response bias. 

Screeners in the OSARP condition took their decisions using 
a specific protocol following heuristic steps. They showed 
longer response times in target absent trials, which indicates that 
they took more time when an IED could not be identified. The 
more neutral response bias (more hits and more false alarms) 
indicates that the OSARP training could be improved further by 
adding heuristics to reduce false alarm decisions of screeners. 
However, it could also be possible that a longer training 
durations of the OSARP (compared to only 40 min like in this 
study) could already mitigate this problem. In summary, 2D 
screeners do not need extensive training to achieve comparable 
detection performance with 3D imaging. Training screeners 
with an OSARP increases detection performance but further 
research should be conducted to enhance OSARP training.  
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Abstract— 2D multi-view X-ray imaging technology is widely 
used for security screening of hold baggage at airports. Newer 
technology is based on 3D CT imaging. Such systems offer the 
possibility to rotate a bag around 360 degrees. With the transition 
from 2D multi-view to advanced CT imaging, the question arises 
whether airport security officers (screeners) need the same visual-
cognitive abilities when visually inspecting X-ray images of hold 
baggage. This study investigated the relationship between visual-
cognitive abilities and visual inspection performance of screeners. 
Screeners conducted a computer-based visual cognitive test 
battery (VCTB) and a simulated hold baggage screening task with 
2D and 3D imaging. We found that aspects of processing speed and 
visual processing correlated significantly with visual inspection 
performance of screeners using 2D imaging technology. In 
comparison, performance of screeners that visually inspected 3D 
images showed less correlations with the VCTB. These results 
indicate that with the expected change from 2D to 3D imaging 
technology in airport security, visual-cognitive requirements of 
the screeners might change. Therefore, further studies need to 
elucidate in more detail what visual-cognitive skills future 3D 
screeners need as it could affect personnel selection and 
development.   

Keywords— airport security, hold baggage screening, 2D multi-
view imaging, 3D imaging, operator performance, visual inspection, 
visual cognitive abilities, X-ray imaging technology 

I. INTRODUCTION 

X-ray screening of cabin baggage is an essential component 
of airport security. It takes place at security checkpoints before 
boarding an aircraft. Airport security officers (screeners) 
visually inspect X-ray images of cabin baggage, which consists 
of visual search and decision making [1]-[4]. In cabin baggage 
screening (CBS), prohibited items are guns, knives, improvised 
explosive devices (IEDs) and other items such as for example a 
self defense gas spray [5]. While the prohibited item categories 
are limited, there is a large variety of different exemplars and 
shapes of prohibited items [6], [7]. Individually adaptive 
computer-based training has been shown to be very important 
and effective to achieve and maintain a good detection 

performance in visual inspection of X-ray images [1], [8]-[10].  
Besides the knowledge about prohibited items and their 
appearance in X-ray images, so-called image-based factors, 
have been shown to be important as well: Prohibited items in X-
ray images are more difficult to recognize when depicted from 
unusual viewpoints, when superimposed by other objects and 
when placed in visually complex bags [11]-[13]. Screeners who 
can better cope with such image-based factors have better 
detection performance in X-ray image inspection [14], [15]. 
This could be related to certain visual-cognitive abilities, like 
logical thinking, figure-ground segregation and spatial 
imagination, that have been shown to correlate with detection 
performance in X-ray image inspection of cabin baggage [16]. 
As visual-cognitive abilities are assumed to be relatively stable 
(but vary substantially between people), screeners who have 
been selected based on an X-ray object recognition test perform 
better on the job than screeners who did not have to take such a 
test in the pre-employment assessment process [17]. To improve 
personnel selection, it is therefore important to investigate visual 
cognitive abilities as determinants of visual inspection 
performance.  

The Cattell Horn Carrol (CHC) theory of intelligence [18] is one 
of the empirically most supported models that structures 
cognitive abilities [19]. The CHC theory includes nine factors 
underlying general intelligence. It offers a good integration of 
visual-cognitive abilities that have been shown to correlate with 
detection performance in 2D imaging: visual processing (Gv), 
processing speed (Gs) and fluid reasoning (Gf). Visual 
processing particularly refers to the screener’s ability to 
mentally rotate an object, which matters when objects are 
depicted from unusual viewpoints in an X-ray image [16]. 
Further, the ability to distinguish between a shape and irrelevant 
features of the background [20], and spatial imaging have been 
shown to predict screeners' detection performance with 2D 
imaging [16]. In addition, processing speed might be relevant 
for the visual inspection task in terms of visual search efficiency. 
Fluid reasoning, which corresponds to an individual’s logical 
thinking, is measured by verbal or figural deductive reasoning 



and visual discrimination. Previous research has suggested that 
fluid reasoning is an important predictor for detection 
performance in cabin baggage screening with the state-of-the-
art 2D X-ray imaging.  

It should be noted that previous research only examined 
visual cognitive abilities as predictors for cabin baggage 
screening. It is unclear whether the results from previous studies 
would apply also to hold baggage screening (HBS) because the 
task differs substantially from cabin baggage screening. During 
the flight, passengers cannot access items stored in the hold of 
an aircraft, so guns or knives do not pose a threat, and hold 
baggage screening targets only fully functioning IEDs [21]. 
Furthermore, hold baggage screeners are assisted by explosive 
detection systems (EDS) which mark potentially harmful 
material within a bag in X-ray images [22]. Therefore, screeners 
in HBS only analyze images that have been alarmed by the EDS 
and decide whether the specific alarmed object is harmless or 
whether it might be an IED and therefore additional security 
checks must be performed [21]. Thus, the task in HBS mainly 
consist of deciding whether an X-ray image contains an IED or 
not, whereas visual inspection in CBS consist of visual search 
and decision making [1]-[4].  

Although 2D imaging technology is still the most widely 
used technology for security screening of hold baggage at 
airports, newer technology is based on 3D CT imaging. Such 
systems offer the possibility to rotate a bag around 360 degrees 
to inspect an object from different angles and viewpoints. 3D CT 
imaging also allows screeners to look through an alarmed object 
by using a slice view. Moreover, 3D rotatable images might also 
facilitate the recognition of prohibited items that, in certain 2D 
views, would be superimposed by other items in a complex bag. 
The relevance of image-based factors could change when 
inspecting static 2D versus 3D rotatable images, as the 
viewpoint and superposition effect may disappear and the need 
for mental rotation would then become less important. The 
possibilities, which advanced 3D CT systems offer in terms of 
image processing could therefore have an impact on the 
requirement of visual-cognitive abilities needed for  reaching 
high detection performance. With the implementation of this 
advanced 3D technology at airports that are currently using 
state-of-the-art 2D imaging technology, it is important to 
examine whether the same visual-cognitive abilities correlate 
with a high detection performance using 2D and 3D CT imaging 
technology.  

In order to investigate visual-cognitive requirements of HBS 
screeners and to compare their relationship with detection 
performance using 2D versus 3D CT imaging technology, we 
assessed visual-cognitive abilities of 2D HBS screeners with a 
computer-based test battery of 10 standardized test scales. 
Furthermore, we measured detection performance in a simulated 
HBS screening task either conducted with 2D or 3D CT imaging 
technology. The correlations of these measurements give a first 
idea of personnel requirements for 2D vs 3D HBS screeners. 

II. METHODS 

A. Participants 
Participants were n = 42 professional hold baggage screeners 

(55% female) from a European international airport currently 
working with state-of-the-art 2D multi-view imaging 
technology. Average age of participants was M = 44.1 years (SD 
= 11.1 years). Their average working experience was M = 9.6 

years (SD = 7.9 years). All screeners had been selected, 
qualified, trained, and certified according to the standards set by 
the appropriate national authority (civil aviation administration) 
in compliance with the relevant EU regulation [23]. Informed 
written consent was obtained from all participants. 

B. Materials 
1) Visual Cognitive Test Battery (VCTB). The VCTB 

consists of 10 standardized test scales that assesses a wide 
variety of narrow abilities underlying visual processing, 
processing speed and fluid intelligence. Four scales came from 
a major German intelligence test, the Leistungsprüfsystem 2 
(LPS-2) [24]. Three tests were taken from a cognitive 
development test, that assesses visual perceptual weaknesses 
and strengths - the Test of Visual Perceptual Skills (TVPS-3) 
[25]. Another three scales were used from a Swiss online 
assessment test for students (WSI; http://www.was-studiere-
ich.ch/). Finally, one scale consisted of the Raven’s 
standardized progressive matrices (SPM) [26]. Most scales 
were originally in paper-pencil form. For this study, computer-
based versions were created. 

a) Processing Speed. Processing Speed was measured 
with the subtest 8 and 10 of the LPS-2. They both measure the 
ability to quickly and accurately perceive visual details, 
similarities and differences.  

In subtest 8 (Perceptual Speed), the task of participants was to 
recognize one out of five shapes that was embedded in a more 
complex pattern. The scale consisted of 40 patterns with 
increasing complexity. The score was calculated by the number 
of correct responses reached whithin two minutes. 
In subtest 10 (Scan and Search), participants had to compare 
two lists of characters shown next to each other and mark 
characters that were different in the second list. Scored was 
the amount of correct markings within two minutes. 

b) Visual Processing. Visual processing was assessed 
with subtests 6 and 7 of LPS-2, three scales of TVPS-3 and 
three scales of WSI. Visual processing according to the CHC-
theory describes a broader ability that consists of mental image 
processing, visualization and pattern recognition. The scales 
used in this study were the following: 
Spatial relation was measured with subtest 6 from the LPS-2. 
Participants have to search for the one mirror-inverted number 
or letter in a list and mark it. The scale consists of 40 trials. 
Scored are the correct responses reached within two minutes. 
Visualization, the ability to visualize a three-dimensional 
object, was measured with subtest 7 of LPS-2. Participants’ 
task was to determine the number of surfaces of the 
geometrical figures. For this, participants need to visualize the 
figures in a three-dimensional space. There are 40 trials. The 
score was build by counting the number of correct responses 
reached within three minutes. 
Visual memory was measured with a scale from the TVPS-3. 
In this task, participants have to memorize a design for five 
seconds and then recognize this pattern out of 4 alternatives on 
the next slide. The scale consists of 16 tasks and scored is the 
sum of correct responses.  
Form Constancy was measured with another scale from 
TVPS-3. Participants are instructed to find a target shape 
within five alternative, more complex patterns, although it can 



be rotated, increased or decreased in size. There are 16 trials 
and scored is the amount of correct responses. 
Figure-ground segregation is defined as the abiltity to 
recognize a target shape within a very cluttered, busy 
background, and was measured with another scale of the 
TVPS-3. Participants have to choose one out of four complex 
patterns that included the target shape. There were 16 trials, 
scored were the amount of correct responses. 
Slicing, another form of three-dimensional visualization was 
measured with the scale Slicing of the WSI. During the task, 
participants see a full three-dimensional object and next to this 
a cube with two or three dividers. The task is to visualize how 
these dividers slice the full objects and then choose all these 
pieces from a series of alternatives. Scored is each correctly 
chosen piece. 
Another scale of the WSI, Spatial Rotation, was conducted to 
have another measure of the ability to mentally rotate objects. 
Participants have to choose objects that are rotated but 
otherwise exactly the same as the target out of six alternatives. 
Scored are the amount of correct responses. 
Unfold, another scale of the WSI, was another measure of 
visualization. Participants see a three-dimensional object and a 
series of folding templates. Participants then have to visualize 
the template that forms the original three-dimensional object. 
Scored are the amount of correct responses. 

c) Fluid Intelligence. The Raven Standard Progressive 
Matrices were used in order to measure fluid intelligence. 
Participants see a matrix of logical patterns and have to choose 
the missing piece. The tests consists of 48 items that increase in 
complexity. Scored is the amount of correct responses reached 
within 10 minutes. 

 
2) X-Ray Image Interpretation Test. To measure detection 

performance in hold-baggage screening, a realistic X-ray image 
interpretation test was created (for further details, see [27]). 
Recording of baggage was conducted at a test center of a 
national transportation security organisation where the same 
bags were recorded with a 2D multi-view and with a 3D CT 
system. Thirty-two different bags were used repeatedly by 
repacking them to create unique stimuli. All bags were of 
medium complexity. Target-absent images contained one EDS 
false alarm (e.g., cheese, certain liquids, etc.) and target-present 
images one IED. Preparation of the IEDs was done by an IED 
expert serving as a consultant for this study. Each IED was used 
twice in different bags: once recorded from a more frontal 
perspective displaying more surface area, and once from a 
horizontally or vertically rotated perspective using medium 
superposition. The main test consisted of 256 bags that were 
recorded with both the 2D and 3D imaging system. Target 
prevalence was 50%. Each of the 32 IEDs was used four times 
in four different bags by varying viewpoint and superposition. 

To ensure that the 3D imaging condition had the same EDS 
system reliability, e.g. [28], as the 2D imaging condition, we 
used EDS alarms from the 3D imaging system as a reference 
when setting red frames manually around the objects of interest 
in the 2D imaging stimuli.  

C. Apparatus 
Screeners were tested at the Center for Adaptive Security 

Research and Applications (CASRA) in Zurich with simulators 

provided by the manufacturer of the 2D and 3D imaging 
systems. Six computer work stations with 19'' TFT monitors 
were available for testing. Each screener sat approximately 50 
cm away from the monitor. The X-ray images covered about 
two-thirds of the screen. Four to six participants were tested at a 
time performing the test individually, quietly, and under 
supervision. This is a typical scenario in hold baggage screening 
[29].  

D. Procedure 
Screeners were invited to the test facilities on two different 

days. First for the pretest and the visual-cognitive test battery 
and on the second day for the main test. Screeners were then 
assigned to balanced groups to be tested with either 2D imaging 
or 3D imaging by conducting a simulated hold baggage 
screening task using 2D multi-view (n = 20) or 3D rotatable 
images (n = 22). They were instructed to visually inspect 256 
images of hold baggage and decide whether an EDS alarm was 
an IED or a false alarm.  

E. Statistical Analyses 
Two-sided Pearson correlations were calculated between the 

raw scores of each VCTB scale and X-ray detection 
performance (d'), as well as the response time of target-present 
and target-absent stimuli. Detection performance (d’) was 
calculated using the following formula from signal detection 
theory, whereby z refers to the inverse of the cumulative 
distribution function of the standard normal distribution [30], 
[31]:   

 d'= z(HR)-z(FAR) (1) 

III. RESULTS 

Correlations were calculated between the visual-cognitive 
abilities and d’, for the 2D and 3D imaging condition separately. 
A summary of the correlation coefficients is presented in Table 
1. 

TABLE I.  CORRELATIONS BETWEEN VISUAL-COGNITIVE ABILITIES AND 

DETECTION PERFORMANCE USING 2D VS 3D IMAGING 

 2D Imaging 3D imaging 

 
Processing 

Speed 

Perceptual Speed 
0.39* 0.35 

Scan and Search 
0.18 -0.11 

 
 
 
 
 
 

Visual 
Processing 

Spatial relation 
0.51* 0.26 

Visualization 
0.32 0.09 

Visual Memory 
0.45* 0.07 

Form Constancy 
0.32 0.12 

Figure-Ground 
0.26 0.01 

Slices 
-0.20 -0.17 

Spatial Rotation 
-0.23 0.00 

Unfold 
0.30 0.45* 

Gf Ravens Matrices 
0.23 0.08 

 Note: significance levels: * means p < .05 



One aspect of processing speed (perceptual speed) and two 
aspects of visual processing (spatial relation and visual memory) 
correlated with detection performance with 2D imaging, while 
only one aspect of visual processing (unfold) correlated 
significantly with detection performance using 3D imaging 
technology. 

Two-sided Pearson correlations were also calculated 
between the visual- cognitive abilities and response times for 
target-present stimuli, for both conditions separately. A 
summary of the correlation coefficients is given in Table 2.  

TABLE II.  CORRELATIONS BETWEEN VISUAL-COGNITIVE ABILITIES AND 

TARGET-PRESENT AND TARGET-ABSENT RESPONSE TIMES USING 2D VS 3D 

IMAGING 

 

 

There was only one significant correlation. High scores in 
spatial relations, an aspect of visual processing, were related to 
faster response times with 2D imaging. 

Last, two-sided Pearson correlations were calculated 
between the visual-cognitive abilities and response times for 
target-absent stimuli, for each condition separately. A summary 
of the correlations is given in Table 2. Again, only one 
correlation was significant. High scores in spatial relations, an 
aspect of visual processing, were related with a faster response 
time in 2D imaging. 

IV. SUMMARY, DISCUSSION AND CONCLUSION 

Previous studies on cabin baggage screening have found that 
several visual cognitive abilities, like figure-ground segregation, 
form constancy, logical thinking and spatial imagination are 
related to a high detection performance with 2D imaging 
technology [7], [16], [32]. The first aim of our study was to 
examine whether results would be different for hold baggage 
screening. This was the case: We found that a high detection 
performance with 2D imaging technology for hold baggage 
screening was related to perceptual speed, spatial relation and 
visual memory. As mentioned in the introduction, visual 
inspection in HBS is mainly a decision task whereas visual 
inspection in CBS consists of search and decision making [1], 
[3]. Therefore, it is not surprising that the search and scan aspect 

of processing speed becomes less relevant in HBS. In regards of  
visual processing, our results suggest that certain aspects like 
figure-ground segregation or form constancy might be less 
relevant for HBS compared to previous findings on CBS , while 
spatial relation is an important aspect for both CBS and HBS. 
Furthermore, visual memory seems to be important for the 
decision making in HBS screening. 

A second aim of this study was to compare visual cognitive 
abilities related to HBS detection performance with 2D imaging 
versus 3D imaging. The results suggest that that processing 
speed loses relevance for 3D imaging compared to 2D imaging. 
While perceptual speed correlated with detection performance 
with 2D imaging, there was no relation to detection performance 
with 3D imaging. One reason for this could be that the screeners 
that participated in the current study generally took more time to 
analyze 3D images compared to when visually inspecting 2D 
images, as they were trained 2D screeners with no experience 
with 3D imaging [27]. Furthermore, it is obvious that 3D 
screening in general is slower than 2D screening due to 
additional functionalites like rotating and slicing. It is therefore 
possible that visual-cognitive abilities related to processing 
speed might lose their relevance for detection performance with 
3D imaging, especially if screeners are new to the 3D 
technology. In regards of visual processing, again, different 
aspects were related to detection performance with 2D imaging 
compared to 3D imaging. For 2D screening, spatial relation and 
visual memory were related to high detection performance, 
while only the aspect unfold, the ability to visualize a 3D object, 
was relevant for 3D screening. It makes sense that spatial 
relation, the ability to mentally rotate an object, becomes less 
important with 3D rotatable images, since the screener can 
physically rotate the image. Visual memory, which is mostly 
needed to match a mental representation with the objects in the 
X-ray image seems to only be relevant for 2D screening, but not 
for 3D screening. A reason for this could be that with 3D 
rotatable images, screener no longer match mental 
representations of an IED with objects in the X-ray image. 
Instead, they might look for components like explosive material 
and detonators, which are accordingly coloured. Last, fluid 
intelligence was not related to HBS detection performance at all, 
neither for 2D imaging nor for 3D imaging. This is not consistent 
with previous research on CBS [16]. Fluid intelligence is very 
close related to the concept of working memory [33]. Working 
memory allows for temporary storing and processing 
information and to perform several tasks at the same time. 
Therefore, working memory is very important for the CBS 
inspection task, which consists of search and decision making 
for several different threat categories. However, working 
memory capacity might lose relevance in HBS, which consists 
in decision makinf for only one threat category.  

In regard of response times, our results suggest that screeners 
using 2D imaging technology who decided faster on target-
present, as well as target-absent images also had higher skills in 
spatial relations, an aspect of visual processing that describes the 
ability to perceive the positions of objects in relation to oneself 
and/or other objects [34]. For 3D screening, none of the visual-
cognitive abilities showed a significant relationship with 
response times what might be again due to the fact that screeners 
were not yet used to the new technology. 

Overall, the results of the current study suggest that different 
visual cognitive abilities are relevant for 2D HBS compared to 
2D CBS. Furthermore, the study suggests that screening with 3D 
imaging systems might also require different visual cognitive 

  Target-present Target-absent 

  2D Imaging 3D imaging 2D Imaging 3D imaging 

Processing 
Speed 

Perceptual 
Speed 

-0.01 0.18 -0.13 0.08 

Scan and 
Search 

0.21 0.15 0.18 0.09 

Visual 
Processing 

Spatial 
relation 

0.23 0.2 0.09 0.22 

Visualization -0.05 -0.02 -0.2 -0.09 

Visual 
Memory 

0.31 0.3 0.32 0.16 

Form 
Constancy 

0.15 -0.21 0.03 -0.3 

Figure-
Ground 

-0.03 -0.1 -0.14 -0.14 

Slices -0.16 -0.26 -0.12 -0.27 

Spatial 
Rotation 

-0.54* -0.19 -0.44* -0.27 

Unfold 0.31 0.01 0.14 0.02 

Gf 
Ravens 

Matrices 
0.23 0.18 0.1 0.03 



abilites. The possibility of rotating the X-ray image of a bag and 
its content around 360 degrees seems to facilitate the recognition 
of prohibited items when depicted from unusual viewpoints, 
when superimposed by other items and when placed in visually 
complex bags. This might explain why fewer visual congitive 
abilities become relevant for 3D screening compared to 2D 
screening. However, the screeners participating in this study 
were already selected using a visual-cognitive test battery in the 
pre-employment assessment process. In a next study it should be 
investigated whether novices to 2D and 3D X-ray screening 
show a different relationship between certain visual-cognitive 
abilities and detection performance. It should also be elucidated 
in more detail what visual-cognitive skills future 3D screeners 
need and if there are differences between cabin and hold 
baggage screening. 
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Abstract 23 

 24 

The act of looking for targets amongst an array of distractors is a demanding cognitive task that 25 

has many real-world applications. It is however not always clear whether the results from 26 

traditional, simplified visual search tasks conducted by students will extrapolate to an applied 27 

inspection tasks, where professionals search for targets that are more complex, ambiguous and 28 

less salient. More concrete, there are several potential challenges when interpreting traditional 29 

visual search results in terms of their implications for the X-ray image inspection task at security 30 

checkpoints. In this study, it was tested whether a theoretical model with known facets of visual-31 

cognitive abilities (visual processing Gv, short-term memory Gsm and processing speed Gs) can 32 

predict performance in a traditional visual search task and an X-ray image inspection task, 33 

testing students and professionals. Results show that the same visual-cognitive abilities predict 34 

performance in the conducted tasks in both populations. Further, results from a traditional visual 35 

search task can be transferred to an X-ray image inspection task and vice versa if no domain-36 

specific knowledge is needed. Based on the results, similarities and differences will be discussed 37 

and to what degree studies conducted with students can be generalized to professionals and vice 38 

versa. 39 
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VISUAL SEARCH 3 

1. Introduction 43 
 44 

Visual search, the act of looking for targets amongst an array of distractors, is a demanding 45 

cognitive task (e.g. Treisman & Gelade, 1980) that has many real-world applications. Some 46 

individuals conduct visual searches professionally, for example airport security officers 47 

(screeners), who visually inspect X-ray images of luggage to search for prohibited items or 48 

radiologists, who are looking for cancer in mammograms. In such professional applications, 49 

search errors can have huge, even fatal consequences and research can provide a valuable 50 

contribution to reduce these errors. The ability to locate a target amongst an array of distractors 51 

has been extensively studied for many decades (see Carrasco, 2011; Eckstein, 2011; Nakayama 52 

& Martini 2010, for recent reviews). But many of the studies on visual search used traditional, 53 

simplified tasks with salient stimuli and have been conducted with non-professional searchers 54 

(mostly students). These studies with a high experimental control have provided vital insights 55 

into the cognitive mechanisms underlying visual search. It is, however, not always clear whether 56 

the results from such traditional, simplified visual search tasks do extrapolate to real-world 57 

inspection tasks, where people search for targets that are more complex, ambiguous and/or less 58 

salient (e.g., Radvansky & Ashcraft, 2016). It is also unclear to what extent the findings based on 59 

student samples can be transferred to professionals who often rely on extensive training and 60 

experience. To address this issue, we will first briefly discuss insights from research based on 61 

traditional visual search tasks and based on a real-world application, namely X-ray image 62 

inspection. There are potential challenges when interpreting traditional visual search results in 63 

terms of their implications for the X-ray image inspection task at security checkpoints, like the 64 

different nature of stimuli or the different experience and characteristics of the searchers (Clark, 65 

Cain, Adamo, & Mitroff, 2012). Therefore, investigating to what extent results can be 66 

transferred, requires that both, the tasks and the searchers conducting these tasks, are examined.  67 

 68 

Visual search is a type of perceptual task requiring attention and typically involves an active scan 69 

of the visual environment for a particular target among many distractors (Treisman & Gelade, 70 

1980). Search involves several processes such as perception (i.e., processing and interpreting 71 

visual features), attention (i.e., allocating resources to the relevant areas of a visual area), and 72 

memory (storing a representation of the target item or items); for recent reviews see for example 73 

Carrasco (2011), Nakayama and Martini (2011), or Eckstein (2011). The ability to consciously 74 

locate a target amongst an array of stimuli has been extensively studied since the experiments by 75 

Helmholtz in the 19th century. Helmholtz first demonstrated that covert fixations - shifts of 76 

attention over a scene without eye movements - were real (Helmholtz 1896). Since then, models 77 

for visual search have been proposed, criticized and optimized for almost 40 years. Today, 78 

researchers mostly agree on a two-stage model for visual search, originally proposed by Neisser 79 

(1967), which is divided into a pre-attentive (subconscious accumulation of information from the 80 

environment) and an attentive stage (information analysis by conscious processing), differing in 81 

the amount of visual information processed at the same time. Hoffman (1975; 1978) further 82 

suggested the pre-attentive stage to be a parallel search process that guides the operation of the 83 

slower attentive serial discrimination stage. The pre-attentive guidance allows the searcher to 84 

find the target much more quickly. Influenced by these earlier studies, Treisman and Gelade 85 

(1980) and Treisman (1988) introduced the feature integration theory (FIT) of attention. In their 86 

model, they propose that single features of objects, e.g. a certain shape or color, are registered 87 

early and automatically in a parallel process across the whole visual field (bottom-up process). 88 
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By contrast, the combination of two or more features – so called conjunctions - are identified 89 

serially and with focused attention in a later stage (top-down process). Based on research to the 90 

feature integration theory, Wolfe (1994; 1998; 2003; 2007) introduced the model of guided 91 

search. The guided search model additionally proposes the production of activation maps 92 

through the combination of bottom-up and top-down activation during the parallel stage (Wolfe, 93 

1994). The activation maps guide the second, serial stage and make it possible to guide attention 94 

based on information from more than one feature. The guided search model can explain why 95 

experimental data indicate that triple conjunctions (the combination of three features) are found 96 

more efficiently than standard conjunctions. This is because three parallel processes can guide 97 

attention more effectively than two can (Wolfe, Cave & Franzel, 1989). 98 

 99 

Over the past several decades, psychological research has made tremendous headway in 100 

understanding the processes responsible when performing visual search tasks and the 101 

mechanisms that allow for the successful identification of target items (Clark et al., 2012). Most 102 

of the research that led to the development of the theories and models described above was 103 

conducted in labs with artificial stimuli to allow for maximum experimental control. These 104 

traditional visual search tasks are the so-called feature- and conjunction search tasks, where 105 

participants have to identify a previously known target amongst distractors (Treisman & Gelade, 106 

1980). For feature search, the target differs from the distractors by a unique visual feature such as 107 

color, shape, orientation, or size, (McElree & Carrasco, 1999). An example of a feature search 108 

task is to find a red dot (target) in a set of yellow dots (distractors). Unlike feature search, 109 

conjunction search involves a distractor (or a group of distractors) that may differ from each 110 

other but exhibit at least one common feature with the target and therefore requires a 111 

combination of features to distinguish them (Shen, Reingold & Pomplun, 2003). A known 112 

example of a conjunction search is the letter search task which has been studied in many 113 

variations. The letters T and L share exactly the same features, differing only in their spatial 114 

arrangement (LT-letter search task: Treisman & Gelade, 1980). In one variation of this letter 115 

search task, participants are asked to identify the perfectly shaped letter T (target) surrounded by 116 

distractors of many distractor letters, including symmetrical and asymmetrical Ts and Ls. The 117 

efficiency of conjunction search in regards to accuracy and reaction time is dependent on the 118 

distractor-ratio and the number of distractors present (McElree & Carrasco, 1999) while reaction 119 

time restraints of conjunction search tend to show improvement through training (Reavis, Frank, 120 

Greenlee & Tsu, 2016). Such traditional search tasks offer ideal experimental control and 121 

statistical power and have been studied thoroughly using mostly students as participants (for 122 

reviews see e.g. Duncan & Humphreys, 1989; Eckstein, 2011; Wolfe, 1994, 1998). 123 

 124 

While bottom-up processes may dominate the search process when searching for objects that are 125 

artificial or not familiar to a searcher, top-down processing becomes much more influential in 126 

everyday situations, which often rely on object recognition (Wolfe, 1998). In everyday life, 127 

people most commonly search their visual fields for targets that are familiar to them. In such 128 

scenarios, searchers must use their prior knowledge in order to accurately and efficiently locate 129 

targets such as phones, keys, etc. among distractors with much more complex features compared 130 

to a traditional feature or conjunction search task (Radvansky & Ashcraft, 2016). When it comes 131 

to searching for familiar stimuli, top-down processing allows searchers to more efficiently 132 

identify targets with greater complexity (Radvansky & Ashcraft, 2016). Still, visual search with 133 

complex objects appears to rely on the same active scanning processes as conjunction search 134 
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(e.g. LT-letter search) with less complex, contrived laboratory stimuli (Alexander & Zelinsky, 135 

2011; 2012). Even more complex real-world search scenarios are that some humans conduct 136 

visual inspection tasks as their profession; for example radiologist inspecting mammograms for 137 

cancer (e.g. Krupinski, 1996; Nodine & Kundel, 1987) or screeners inspecting X-ray images for 138 

prohibited items (Drury, 1978; Koller, Drury, & Schwaninger, 2009; Wales, Anderson, Jones, 139 

Schwaninger, & Horne, 2009). Screeners visually inspect X-ray images by searching for 140 

prohibited items and deciding whether a bag is harmless or not, usually within seconds (Koller et 141 

al., 2009). Compared to traditional visual search tasks, the accuracy of such inspection tasks can 142 

have life-or-death implications. Besides some similarities to the traditional visual search task and 143 

its underlying processes, differences in regard to the nature of stimuli and characteristics of 144 

searchers need to be evaluated when translating results from a traditional visual search task to X-145 

ray image inspection and vice versa.  146 

 147 

Traditional visual search tasks normally include searching for only one target at a time, which is 148 

often known beforehand and occurs with high prevalence (e.g. 50%). In the case of security X-149 

ray image inspection, a screener’s task is to stay alert even though targets are hardly ever present. 150 

However, missing a threat can have severe consequences, whereas falsely rejecting too many 151 

bags will result in inefficiency and long waiting lines. Differences in stimuli between a 152 

traditional visual search task and X-ray image inspection tasks are known in regard to target and 153 

distractor complexity as well as the requirement of domain specific knowledge of the searcher. 154 

Targets in the traditional visual search task are often commonly known with salient shapes and 155 

colors whereas targets in X-ray image inspection tasks are not well specified, not salient and not 156 

predictable by the context (Bravo & Farid, 2004), while distractors may additionally produce 157 

clutter and superposition. The large variety of potential threat items and distracting objects in 158 

passenger bags make X-ray image inspection a difficult task. Therefore, domain specific 159 

knowledge is needed as screeners must know which items are prohibited and what they look like 160 

in X-ray images (Schwaninger, 2005, 2006).  161 

 162 

To get an indication of performance in a real-world scenario like X-ray image inspection, 163 

experiments are mostly conducted with realistic stimuli (X-ray images) while testing both, 164 

students and professionals. To identify whether an object in an X-ray image is a threat or not, a 165 

searcher must successfully match the visual information of this object to representations stored in 166 

visual memory (Kosslyn, 1975; 1980). Depending on the similarity of objects and its features 167 

presented in an X-ray image to those stored in visual memory, the screener will then decide 168 

whether the respective object is harmless or not. More familiar objects therefore need fewer 169 

recognized features in order to be successfully identified (Koller et al., 2009). Features of guns 170 

and knives, for example, are known from everyday life experience and can therefore be detected 171 

without specific experience and training. Other prohibited items which are rather uncommon or 172 

have never been seen before (e.g. improvised explosive devices, IEDs) thus become very 173 

difficult to recognize for students if they have not been trained to recognize certain features of 174 

these threats (Schwaninger, 2004a; Schwaninger, 2005a). As mentioned above, feature 175 

integration theory (FIT) proposes that in order to perceive an object correctly, features have to be 176 

combined (Treisman, 1980). Training for threat detection has the goal of creating internal visual 177 

representations of objects and storing them in memory. Detection of objects, especially if 178 

unknown, should therefore improve with training because features are known and recognized 179 

better with repeated exposure. Several studies have shown that computer-based training (CBT) 180 
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can be a very effective and efficient tool for increasing X-ray screeners’ performance (Halbherr 181 

et al., 2013; Koller et al. 2008; Koller et al., 2009; McCarley et al., 2004; Schwaninger & Hofer, 182 

2004) why international regulations mandate initial and recurrent training of screeners (e.g., 183 

European Commission, 2015). Professionals like screeners conducting these X-ray image 184 

inspections have received years of training and therefore have a lot of experience on this specific 185 

tasks. Further differences between traditional visual search and X-ray image inspection tasks 186 

could therefore be due to experience, training and characteristics of the searchers themselves 187 

(Clark et al., 2012). Often, university students are the first choice as participants for traditional 188 

visual search research as they are easily accessible. Traditional visual search tasks often reveal a 189 

great deal of variability in performance in student participants. While some of this variability 190 

may be tied to differences in the underlying search ability, some variability may also result from 191 

differences in motives and motivation to conduct visual search tasks compared to professionals 192 

whose decisions have life or death implications (Clark et al., 2012).  193 

 194 

While these tasks differ and are often conducted by different populations, the underlying 195 

cognitive processes are comparable to a certain extent. Traditional visual search and X-ray image 196 

inspection can be characterized as a basic, core cognitive task. As by the definition of Caroll 197 

(1993), a cognitive task is any task in which correct processing of mental information is critical 198 

to successful performance. Therefore, specific cognitive abilities are needed to successfully 199 

perform such a cognitive task. These abilities can be measured by specific correlated measures, 200 

which then describe performance. To conduct visual search and inspection, certain visual-201 

cognitive abilities have been found to correlate with a higher performance like attention, 202 

memory, visual processing or processing speed (Bolfing & Schwaninger, 2009; Wolfe, Oliva, 203 

Horowitz, Butcher & Bompas, 2002). If there are individual differences in performance on visual 204 

search or inspection tasks, the individual differences can be seen as the direct manifestation of 205 

differences in an underlying ability or latent trait (Caroll, 1993; 2003).  206 

 207 

Today, the Cattell–Horn–Carroll theory (CHC) is widely accepted as the most comprehensive 208 

and empirically supported theory on the structure of human cognitive abilities, informing a 209 

substantial body of research and the ongoing development of intelligence tests (McGrew, 2005). 210 

There is a large number of distinct individual differences in cognitive abilities. The CHC theory 211 

states that the relationships among these cognitive abilities can be derived by classifying them 212 

into three different strata: stratum I, "narrow" abilities; stratum II, "broad abilities"; and stratum 213 

III, consisting of a single general ability also called g (Flanagan & Harrison, 2005). The factors 214 

describe stable and observable differences among individuals. However, the structure of the three 215 

strata is hierarchical. This means that the abilities within one stratum, e.g. the narrow abilities of 216 

stratum I are positively intercorrelating, which allows the estimation of stratum II, the broad 217 

abilities. Likewise, the abilities of stratum II have nonzero intercorrelations, which allows the 218 

estimation of stratum III. So while the abilities within one stratum are related, a large amount of 219 

evidence shows that they are unique and reliably distinguishable (see e.g., Keith & Reynolds, 220 

2012). Thereby, visual processing (Gv), short-term memory (Gsm) and processing speed (Gs) are 221 

broad abilities of stratum II that are accepted components with a known influence on visual 222 

search and inspection performance and therefore included in most commonly used measures of 223 

intelligence (e.g., Stanford-Binet: Roid, 2003a, 2003b; Wechsler Intelligence Scale: Wechsler, 224 

1997). Visual processing (Gv) describes a broader ability to perceive, analyze, synthesize, and 225 

think with visual patterns, including the ability to store and recall visual representations. Short-226 
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term memory (Gsm) is characterized as the ability to apprehend and hold information in 227 

immediate awareness and then perform a set of cognitive operations on this information within a 228 

few seconds. Since analyzing, synthesizing and thinking in visual patterns are cognitive 229 

operations as well, Gv and Gsm are closely related, but can be distinguished by the limited 230 

capacity of the short-term memory. Processing speed (Gs) describes the ability to quickly and 231 

accurately perceive visual details, similarities and differences. Several studies proved the 232 

influence of higher Gv, Gsm and Gs on better performance in traditional visual search tasks 233 

(Alvarez & Cavanagh, 2004; Eriksen & Schultz, 1979; Luck & Vogel, 1997). 234 

 235 

For the visual inspection task of X-ray screening, authors have discovered so called image-based 236 

factors such as bag complexity, superposition and viewpoint of the threat item that influence 237 

screeners' performance (Bolfing, Halbherr & Schwaninger, 2008; Schwaninger et al. 2005). 238 

Items which are presented from unusual or rotated viewpoints become more difficult to detect 239 

(effect of viewpoint) (Palmer, Rosch & Chase, 1981). Similarly, the position of a prohibited item 240 

in a bag and its superimposition by other objects (effect of superposition), or the number and 241 

types of items in a bag which could attract attention (effect of bag complexity) also affect the 242 

difficulty of recognizing prohibited items. Bag complexity comprises the factors clutter 243 

(disarrangement, textural noise, chaos, etc.) and opacity (X-ray penetration of objects) 244 

(Schwaninger et al., 2008). Visual-cognitive abilities such as figure-ground segregation (related 245 

to superposition) or mental rotation (related to view difficulty) can therefore play an important 246 

role for visual inspection performance in X-ray screening. Therefore, it is not surprising that 247 

cognitive abilities have also been linked to inspection performance in many studies on X-ray 248 

image inspection with professionals (Hardmeier et al., 2005; Hardmeier & Schwaninger, 2008). 249 

More precisely, studies found an influence of mental rotation and figure-ground segregation on 250 

higher performance (Bolfing & Schwaninger, 2009; Wolfe, Oliva, Horowitz, Butcher & Bompas, 251 

2002) which are narrow abilities of visual processing (Gv). Memory capacity, what can be 252 

classified as short-term memory (Gsm), is strongly associated with visual inspection in general 253 

(e.g., Lavie & DeFockert, 2005; Poole & Kane, 2009; Roper, Cosman, & Vecera, 2013). In 254 

addition, processing speed (Gs) might be relevant for the visual inspection task in terms of 255 

efficiency (Salthouse, 1996). Professionals should therefore ideally possess the visual-cognitive 256 

abilities required to conduct visual inspection of X-ray images before starting the job as a 257 

screener. Thus, when recruiting new personnel, some airports conduct pre-employment 258 

assessments that test for these visual abilities and aptitudes (e.g. X-Ray Object Recognition Test; 259 

see Hardmeier et al., 2005; Hardmeier & Schwaninger, 2008). 260 

 261 

Taking all this into account, it would be very valuable to compare the influence of specific 262 

visual-cognitive abilities (Gv, Gsm and Gs) between a traditional visual search task and an X-ray 263 

image inspection task, in order to gain a deeper understanding of the determinants of 264 

performance. Comparing students and professionals can further give indications on whether 265 

visual-cognitive abilities can be compensated with experience and training of the described tasks. 266 

Research on visual cognitive abilities and X-ray image interpretation is scarce. To this date, no 267 

study exists comparing students and professionals using a traditional visual search task and an X-268 

ray image inspection task. However, such a comparison can only be regarded as fair, if an X-ray 269 

image inspection task without domain-specific knowledge is used. To address this research gap, 270 

we conducted the same experiment once with students and once with professionals while 271 

addressing the following research questions: (1) Do the same visual-cognitive abilities predict 272 
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performance in a traditional visual search task and an X-ray image inspection task? (2) Do the 273 

results differ between students and professionals?  274 

 275 

Based on the literature mentioned above we postulate a theoretical model where several known 276 

facets of visual-cognitive abilities (visual processing Gv, short-term memory Gsm and processing 277 

speed Gs) can predict performance in the examined task. This model will be tested on two 278 

populations (students and professionals) using the same experimental stimuli —including both 279 

traditional and realistic real-world tasks and stimuli. Based on our results, insights shall be 280 

provided on similarities and differences between these tasks and searchers conducting the tasks, 281 

which could provide important information on how well studies conducted with students can be 282 

generalized to professionals and vice versa. 283 

2. Methods 284 

2.1. Participants 285 
Descriptives of participants in this study can be seen in Table 1. N = 128 were students from the 286 

University of Applied Sciences and Arts Northwestern Switzerland. N = 112 were professionals 287 

(airport security screeners employed at an international airport) who were selected, qualified, 288 

trained, and certified according to the standards set by the appropriate national authority (civil 289 

aviation administration) in compliance with the relevant EU regulation (European Commission, 290 

2015). The current research complied with the American Psychological Association Code of 291 

Ethics and was approved by the Institutional Review Board of the University of Applied 292 

Sciences and Arts Northwestern Switzerland.  293 

2.2. Apparatus 294 
We used six HP ProBooks 4730s and 4720s with Intel Core i5 2410M and 520M processors and 295 

19'' TFT monitors. The six testing stations were separated, and the room was dimly lit for testing. 296 

Participants sat approximately 50 cm away from the monitor. Non-professional searchers were 297 

tested in the Laboratory at the University of Applied Sciences and Arts and professional 298 

searchers were tested at the test facilities of the Center for Adaptive Security Research and 299 

Applications (CASRA) using the same computers and monitors. 300 

2.3. Stimuli  301 

2.3.1 Visual Cognitive Test Battery 302 
A Visual-cognitive test battery (VCTB) was developed to measure a broad spectrum of visual-303 

cognitive abilities that assesses a wide variety of narrow abilities underlying visual processing 304 

(Gv), short-term memory (Gsm) and processing speed (Gs) to make predictions on performance. 305 

The VCTB consists of 10 standardized tests scales which are mostly part of well established 306 

intelligence tests based on the Cattell-Horn-Carroll theory of intelligence (Carroll, 1993; 2003; 307 

Cattell, 1941; Horn, 1965). Four scales came from a major German intelligence test, the 308 

Leistungsprüfsystem 2 (LPS-2; Kreuzpointer, Lukesch & Horn, 2013). Three tests were taken 309 

from a cognitive development test, that assesses visual perceptual weaknesses and strengths - the 310 

Test of Visual Perceptual Skills (TVPS-3; Martin, 2006). Another three scales were used from a 311 

Swiss online assessment test for students (WSI; http://www.was-studiere-ich.ch/). In addition, 312 

we included the Raven’s standardized progressive matrices (SPM; Horn, 2009) as a general 313 

measure of fluid intelligence. Most scales were originally in paper-pencil form why computer-314 

based versions were created. Psychometrical criteria of the tests scales are reported in Table 2. 315 
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 316 

2.3.1.1 Visual Processing (Gv).  317 
Visual processing was assessed with three scales of TVPS-3 (visual memory, form constancy 318 

and figure-ground segregation). For Visual memory, participants have to memorize a design for 319 

five seconds and then recognize this pattern out of four alternatives on the next slide. The scale 320 

consists of 16 tasks and scored is the sum of correct responses. To measure Form Constancy, 321 

participants are instructed to find a target shape within five alternative, more complex patterns, 322 

although it can be rotated, increased or decreased in size. There are 16 trials and scored is the 323 

amount of correct responses. Figure-ground segregation is defined as the ability to recognize a 324 

target shape within a very cluttered, busy background. Participants have to choose one out of 325 

four complex patterns that included the target shape. There were 16 trials, scored were the 326 

amount of correct responses.  327 

 328 

2.3.1.2 Short-term memory (Gsm).  329 
Short-term memory was measured using three scales from the WSI (slicing, spatial rotation and 330 

unfurl). Slicing can be referred to as another form of three-dimensional visualization. During the 331 

task, participants see a full three-dimensional object and next to this a cube with two or three 332 

dividers. The task is to visualize how these dividers slice the full objects and then choose all 333 

these pieces from a series of alternatives. Scored is each correctly chosen piece. Spatial Rotation 334 

was conducted to have another measure of the ability to mentally rotate objects. Participants 335 

have to choose objects that are rotated but otherwise exactly the same as the target out of six 336 

alternatives. Scored are the amount of correct responses. Unfold is another measure of 337 

visualization where participants see a three-dimensional object and a series of folding templates. 338 

They then have to visualize the template that forms the original three-dimensional object. Scored 339 

are the amount of correct responses. 340 

 341 

2.3.1.3 Processing Speed (Gs).  342 
Processing speed was measured with the subtest 6, 7, 8 and 10 of the LPS-2 (spatial relation, 343 

visualization, perceptual speed and scan/search). All scales measure the ability to quickly and 344 

accurately perceive visual details, similarities and differences. Spatial relation was measured 345 

with subtest 6 where participants have to search for the one mirror-inverted number or letter in a 346 

list and mark it. The scale consists of 40 trials. Scored are the correct responses reached within 347 

two minutes. Visualization, the ability to visualize a three-dimensional object, was measured 348 

with subtest 7. Participants’ task was to determine the number of surfaces of the geometrical 349 

figures. For this, participants need to visualize the figures in a three-dimensional space. There are 350 

40 trials. The score was build by counting the number of correct responses reached within three 351 

minutes. In subtest 8, Perceptual Speed, the task of participants was to recognize one out of five 352 

shapes that was embedded in a more complex pattern. The scale consisted of 40 patterns with 353 

increasing complexity. The score was calculated by the number of correct responses reached 354 

within two minutes. In subtest 10, Scan and Search, participants had to compare two lists of 355 

characters shown next to each other and mark characters that were different in the second list. 356 

Scored was the amount of correct markings within two minutes. 357 

 358 

2.3.1.4 Fluid Intelligence.  359 
The Raven Standard Progressive Matrices Plus (SPM) is a language-independent test that was 360 

used in order to measure fluid intelligence. Participants see a matrix of logical patterns and have 361 
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to choose the missing piece out of six to eight abstract figures (Raven, Raven, & Court, 2003). 362 

The tests consists of 48 items that increase in complexity. Scored is the amount of correct 363 

responses reached within 10 minutes. 364 

2.3.2 Simulated Baggage Screening Task  365 
The simulated baggage screening task (SBST) was created based on the X-Ray Object 366 

Recognition Test (X-Ray ORT, Schwaninger, Hardmeier & Hofer, 2005; Hardmeier, Hofer & 367 

Schwaninger, 2006b). The original ORT (single-view) has been designed to measure how well 368 

professional and non-professional searchers can cope with image-based factors that have an 369 

impact on the detection of prohibited items (viewpoint, superposition, and bag complexity) rather 370 

than measuring knowledge-based determinants of threat detection performance (which is largely 371 

dependent on training). To this end, guns and knives are used in the ORT, i.e., object shapes that 372 

can be assumed to be known by most people. All X-ray images are in black-and-white, as colors 373 

are mainly diagnostic for the material of objects in the bag, and thus, could be primarily helpful 374 

for experts. In addition, all guns and knives are shown for 10 seconds before the test starts, which 375 

further reduces the role of knowledge-based factors in this test. 376 

 377 

The SBST created for this experiment included 256 X-ray images, half of them containing a 378 

threat item. As threats, eight guns and eight knives with common shapes were used. The X-ray 379 

images used in the SBST vary systematically in image difficulty by varying the degree of view 380 

difficulty, bag complexity, and superposition, both independently and in combination. Therefore, 381 

each gun and each knife was displayed in an easy view and a rotated view to measure the effect 382 

of viewpoint. Each view was combined with two bags of low complexity: once with low 383 

superposition; and once with high superposition. These combinations were also generated using 384 

two closed packed bags with a higher degree of bag complexity. In addition, each bag was 385 

presented once with and once without the threat item. Thus, there were a total of 256 trials: 2 386 

weapons (guns, knives) * 8 (exemplars) * 2 (views) * 2 (bag complexities) * 2 (superpositions) * 387 

2 (harmless vs. threat images). The test was divided into four blocks of 64 trials each. The order 388 

of blocks was counterbalanced across four groups of participants using a Latin Square. Within 389 

each block the order of trials was random. 390 

2.3.3 L/T Letter Search Task  391 
Comparable to previous research using laboratory visual search tasks, an L/T-letter search task 392 

was created to evaluate visual search abilities that are independent of a specific domain (in 393 

accordance to Biggs et al., 2013). The test consisted of 96 trials. Each image comprised 25 394 

pseudo-Ls as distractors, and half of the images contained one target T against a grey 395 

background. The items were randomly located in a 8x7 grid. Each item comprised of two 396 

perpendicular black lines that varied in six levels of transparency (70%, 67%, 65%, 40%, 35%, 397 

30%) and four levels of rotation. Target Ts had a crossbar directly in the middle, whereas 398 

distractor Ls had a crossbar slid to variable distances away from the center. The distractor stimuli 399 

were variable in shape with some very close to the target Ts. This was done to increase the tasks 400 

difficulty in line with a complex conjunction search task. All items were distractors for the target 401 

absent condition, and in the target present condition, all items were distractors except for one 402 

target T.  403 
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2.4. Procedure 404 
All participants were first tested with a visual-cognitive test battery (VCTB). In a second session, 405 

all participants were invited to conduct a simulated baggage screening task (SBST) using single-406 

view X-ray images. In addition, the participants conducted a basic visual L/T- letter search task.  407 

 408 

For the VCTB, all tests were conducted computer-based and not in the original paper-and-pencil 409 

form. Each of the 10 subtests started with general instructions followed by an example. The same 410 

accounted for the SPM that followed the VCTB scales. The test was divided into three blocks 411 

and participants were asked to take a break of 10-15 minutes in between. For the SBST 412 

participants came to the testing facilities again, approximately two weeks later. After task 413 

instructions, an introductory session followed using two guns and two knives not displayed in the 414 

test phase. In each trial, an X-ray image of a luggage was presented for maximally 4 seconds. 415 

This duration was chosen to match the demands of high passenger flow where average X-ray 416 

image inspection time at checkpoints is in the range of 3-5 seconds. Participants’ task was to 417 

decide as accurately and as quickly as possible whether the bag was OK (no threat item) or NOT 418 

OK (a gun or knife present) by clicking on the respective button. Prior to the actual test phase, 419 

the eight guns and eight knives used at test were presented for ten seconds, respectively. 420 

Feedback was provided after each trial but only in the introductory phase. For the L/T- letter 421 

search task, each trial started with a fixing cross in the middle of the screen. After 0.5 seconds, a 422 

grid with 25 stimuli was presented for maximally 15 seconds. Each grid had 0 or 1 T’s. If 423 

participants recognized a target T, they had to press “Y” on the keyboard and then mark the 424 

target T with the mouse. If they did not see a target T, they had to press “space” on the keyboard. 425 

As soon as participants marked the target T with the mouse or pressed the spacebar, the next trial 426 

started. If there was no decision after 15 seconds, the next trial started. 427 

2.5. Analyses 428 
Both tasks used in this experiment can be described as a visual inspection consisting of visual 429 

search and decision (Koller, Drury, & Schwaninger, 2009; Wales, Anderson, Jones, 430 

Schwaninger, & Horne, 2009; Spitz and Drury, 1978). The outcome of this task is based on the 431 

searchers decisions on whether a target is present or absent. According to SDT (Green & Swets, 432 

1966), there are four possible outcomes depending on stimuli and participant responses (Table 433 

3). 434 

 435 

Our dependent variable of the LT-letter search task (detection performance d') was calculated 436 

using the following SDT formulae, whereby z refers to the inverse of the cumulative distribution 437 

function of the standard normal distribution (Green & Swets, 1966; Macmillan & Creelman, 438 

2005): 439 

 440 

d′ =  𝑧(HR) − 𝑧(FAR)         (1) 441 

 442 

Whereas SDT is often interpreted as implying the equal variance Gaussian model (Pastore et al., 443 

2003), SDT can also assume other underlying evidence distributions. One example is a SDT 444 

model that assumes the two evidence distributions to be normal but with unequal variance. For a 445 

given ratio s between the standard deviation of the signal-plus-noise (target-present) and noise 446 

(target-absent) distribution, the resulting zROC has slope s. For this SDT model, Macmillan and 447 

Creelman (2005) propose using Simpson and Fitter's (1973) detection measure: 448 

 449 
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𝑑𝑎 =  √
2

1+𝑠2 × [𝑧(𝐻𝑅) − 𝑠𝑧(𝐹𝐴𝑅)]  (2) 450 

 451 

Concerning the task of X-ray screening, many studies have brought up doubts on the equal 452 

variance Gaussian model. This makes sense as the prohibited items that have to be detected vary 453 

and therefore bring additional variation into the X-ray image. Therefore, Wolfe et al. (2007) 454 

proposes a zROC slope of 0.6, which indicates that the noise (target-absent) distribution has a 455 

smaller standard deviation than the signal-plus-noise (target-present) distribution. Further 456 

publications (Godwin, Menneer, Cave, & Donnelly, 2010; Van Wert, Horowitz, & Wolfe, 2009) 457 

reported zROC slopes similar to those reported by Wolfe et al. (2007) while a study reported by 458 

Wolfe & Van Wert (2010) found a slope of 0.56 and a study by Sterchi, Hättenschwiler & 459 

Schwaninger (n.d.) a slope of 0.5 to fit the data more accurately. In our study, data from the basic 460 

visual search task (L/T search task) were analyzed under the assumption of an equal variance 461 

model using d’ whereas data from the X-ray screening task SBST was analyzed under the 462 

assumption of an unequal variance model with a zROC slope of 0.5 using da. 463 

 464 

In a first step, we examined descriptive statistics (mean and standard deviation) as well as 465 

correlations (Spearman correlations; Spearman, 1927) with basic functions of R Statistics version 466 

3.4.4 (R Core Team, 2015). We then performed confirmatory factor analysis (CFA) using 467 

maximum likelihood methods of estimation with the package “lavaan” (Rosseel, 2012) in R 468 

Statistics version 3.4.4 (R Core Team, 2015). We report factor loadings of CFA, which should be 469 

minimally 0.50 and optimally be higher than 0.70. For the estimation of the goodness of fit for 470 

the models we report Chi2 value, the comparative fit index (CFI), the Tucker Lewis index (TLI) 471 

and the root-mean-square error of approximation (RMSEA). CFI and TLI values close to 0.95 or 472 

higher (Hu & Bentler, 1999) and RMSEA values up to 0.07 (Steiger, 2007) indicate a good fit 473 

between the data and the proposed model. For the multiple regression analyses we report R2, F 474 

value and p-value to evaluate the overall model fit. Furthermore we report β, se, t-value and p-475 

value for each predictor.  476 

 477 

3. Results 478 
First, descriptive statistics and spearman correlations are reported. In accordance with the CHC-479 

model of intelligence (e.g. Flanagan & Dixon, 2014) we then computed a confirmatory factor 480 

analysis over the VCTB scales with three latent factors, visual processing (Gv), short-term 481 

memory (Gsm) and perceptual speed (Gs), in order to confirm the construct validity of the used 482 

VCTB. Last, we performed multiple regression analyses to test whether the z-standardisized 483 

summarized scale scores of Gs, Gms and Gv could predict performance in the tradition LT visual 484 

search task and the X-ray image inspection task.  485 

3.1. Descriptive statistics and correlations 486 
Table 4 shows means and standard deviations of all independent (Gs, Gv and Gsm) and 487 

dependent variables (da ORT, RT ORT, d’ LT, RT LT) for students and professionals. Spearman 488 

correlations between all variables separated for students and professionals are shown in Table 5. 489 

Correlations with SPM scores served as a control variable and showed high significance with all 490 

the VCTB scales and a significant relationship with performance in both tasks. Correlations 491 

among the detection performance of the LT search task and ORT with the VCTB measures Gv 492 
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and Gsm were all statistically significant within both populations. Gs correlated with detection 493 

performance of the LT search task for professionals and with the X-ray image inspection task for 494 

students. The inter-correlations of the VCTB scales were mostly in a medium range. We also 495 

correlated age as a control variable with both tasks as well as the VCTB scales. Within the 496 

population of professionals, we found negative correlations between age and SPM and between 497 

age and Gs, as well as a positive correlation between age and ORT da. These are expected 498 

results, since it is known that fluid intelligence, processing speed as well as performance in ORT 499 

are decreasing with age. In the student population, we did not find these relations, which could 500 

be due to the much younger age and lower range of age in that population. 501 

3.2. Measuring model – Confirmatory factor analysis 502 
In order to confirm the CHC-model structure of the VCTB scales, we constructed three latent 503 

factors, visual processing (Gv), short-term memory (Gsm) and perceptual speed (Gs). 504 

Confirmatory factor analysis (CFA) showed that the theoretical model fits the data well. All 505 

factor loadings reached statistical significance (p < .001), even though the factor loading of 506 

LPS10 was minimally under the recommended quality criterion of 0.50 (Hair et al., 2014) and 507 

the factor loading of LPS6 was clearly under 0.50. The overall model fit was good with Chi2 (32) 508 

= 56.56, p = .005, CFI = 0.961, TLI = 0.946 and RMSEA = 0.0359. As postulated by the CHC-509 

model, the broad abilities of stratum II are related, but distinct constructs. The correlation 510 

between the factors Gs and Gsm (r = 0.65, p > 0.001), as well as between Gs and Gv (r = 0.53 p 511 

> 0.001) was moderate, while there was a strong correlation between Gsm and Gv (r = 0.83, p > 512 

0.001). The CHC-model structure was further tested for both populations separately and showed 513 

a good fit. This showed that the construct validity of the VCTB was given. For the further 514 

analyses we used the summarized and standardized scale scores of Gv, Gsm and Gs in order to 515 

investigate those three abilities as more heterogeneous constructs. 516 

3.3. Multiple-linear regression analyses  517 
In a next step, multiple linear regression analyses were calculated to predict detection 518 

performance of the L/T search task and the ORT based on the z-standartisized summarized scale 519 

scores of Gs, Gsm and Gv and the group (students vs. professionals). A significant regression 520 

equation was found F(4,235) = 9.64, p < .001, with an adjusted R2 of .13. zGv was the only 521 

significant predictor of detection performance (Table 6). The same analyses was calculated again 522 

with group as moderator variable however the moderation did not improve the model fit 523 

(adjusted R2 = .12) and the comparison of the two models using the Wald test did not reach 524 

statistical significance [F(3, 232) = 0.14, p = .939]. 525 

 526 

A significant regression equation was found F(4,235) = 159.3, p < .001, with an adjusted R2 of 527 

.73. Group, zGsm and zGv were significant predictors of detection performance (Table 7). The 528 

same analysis was calculated again with group as moderator variable however the moderation 529 

did not improve the model fit (adjusted R2 = .73) and the comparison of the two models using the 530 

Wald test did not reach statistical significance [F(3, 232) = 1.83, p = .143]). To further explore 531 

the effect of group, we tested whether work experience of professionals (years: M = 6.83, SD = 532 

5.82) can explain some variance. However, there was no significant correlation between 533 

performance in the ORT and the log-transformed work experience (p = 0.09) and the model fit 534 

did not improve when including work experience as an additional variable (adjusted R2 = .72). 535 

 536 
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We also tested whether zGv and zGsm are only predicting detection performance due to their 537 

association with general intelligence. While adding SPM as an additional predictor of 538 

performance, the model fit did not improve in the LT search task (adjusted R2 = .12; Wald test: 539 

F(1, 234) = 0.17, p = .682), thereafter removing zGv, zGsm, and zGs reduced the model fit 540 

significantly (adjusted R2 = .05, Wald test: F(3, 234) = 7.67, p < .001). Likewise, adding SPM as 541 

an additional predictor of X-ray inspection performance did not improve the model fit (adjusted 542 

R2 = .73; Wald test: F(1, 234) = 0.31, p = .718). However, thereafter removing zGv, zGsm, and 543 

zGs reduced the model fit significantly (adjusted R2 = .68, Wald test: F(3, 234) = 12.22, p < 544 

.001).  545 

 546 

In a last step, we calculated the same analyses using response times (RT) as dependent variables 547 

(Table 8). For the L/T search task, a significant regression equation was found F(2,235) = 10.95, 548 

p < .001, with an adjusted R2 of .14. zGs and zGv were significant predictors of response times 549 

(Table 8). The same analysis was calculated again with group as moderator variable however the 550 

moderation did not improve the model fit (adjusted R2 = .14) and the comparison of the two 551 

models using the Wald test did not reach statistical significance [F(3, 232) = 0.26, p = .85]). For 552 

the ORT, the regression equation was also significant F(4,235) = 12.74, p < .001, with an 553 

adjusted R2 of .16. Group and zGv were significant predictors of response times (Table 8). Using 554 

group as moderator variable did improve the model fit (adjusted R2 = .18) and the comparison of 555 

the two models using the Wald test did not reach statistical significance [F(3, 232) = 2.37, p = 556 

.07]). Again, to further explore the effect of group we entered work experience as an additional 557 

variable what did not improve the model fit (adjusted R2 = .18).  558 

4. Discussion 559 
Many studies on the topic of visual search have been conducted with students using traditional, 560 

simplified visual search tasks and salient stimuli. Although such research is vital to explore the 561 

underlying cognitive mechanisms in a controlled environment, it is not always clear that the 562 

results do extrapolate to real-world inspection where people search their visual fields for targets 563 

that are more complex, ambiguous and less salient (e.g., Radvansky & Ashcraft, 2016). To 564 

answer to what degree results from a traditional visual search task are comparable to an X-ray 565 

image inspection task and vice versa, both tasks and two populations were examined. We used a 566 

theoretical model with three known facets of visual-cognitive abilities (visual processing Gv, 567 

short-term memory Gsm and processing speed Gs) and tested students and professionals using 568 

the same experimental stimuli. Based on our results, the following research questions shall now 569 

be answered: (1) Do the same visual-cognitive abilities predict performance and response times 570 

in a traditional visual search task and an X-ray image inspection task? (2) Do the results differ 571 

between students and professionals? 572 

 573 

Separate multiple linear regression analyses were calculated for both visual search tasks, in order 574 

to predict performance based on Gv, Gsm, Gs and group. Taken together, it was shown that Gv 575 

is an overall predictor of detection performance and response times while Gs solely predicts 576 

response times. According to the CHC-theory, visual processing (Gv) describes a broader ability 577 

to perceive, analyze, synthesize, and think with visual patterns, including the ability to store and 578 

recall visual representations. Both, the LT search task and the ORT require visual processing 579 

abilities, i.e. the ability to mentally rotate objects and see them in their spatial relation and the 580 

ability to visualize and recognize patterns (e.g. visual memory, figure-ground segregation or 581 

form constancy). Participants with higher Gv scores therefore performed faster and better. As 582 
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mentioned in the introduction, there is a content-related overlap between visual processing (Gv) 583 

and short-term memory (Gsm). Also within our data, the coefficient for Gsm was the same for 584 

the LT-search task and the ORT, but Gsm only reached significance as predictor for the ORT 585 

(due to higher variance). Gsm is characterized as the ability to apprehend and hold information in 586 

immediate awareness and then use it within a few seconds. When comparing the stimuli of the 587 

LT-search task and the ORT, one would assume that Gsm might be especially important for an 588 

inspection task like an ORT, which uses more complex and realistic stimuli and needs more top-589 

down processing and the use of memory capacity while simple letters can be easily reminded. It 590 

can be further assumed that short-term memory is becoming even more important when 591 

predicting performance in tasks with increasing complexity and unknown features that need 592 

previous knowledge.  593 

 594 

Processing speed, the ability to quickly and accurately perceive visual details, similarities and 595 

differences could predict response times in the LT letter search task and came close to 596 

significance in the ORT (p = .051). Participants with higher Gs scores therefore performed faster. 597 

This result was anticipated as processing speed was found to be relevant in terms of efficiency 598 

(Salthouse, 1996). Having a look at the correlational analyses revealed that there was a speed-599 

accuracy tradeoff for the LT search task (higher RT lead to more accuracy), i.e. students and 600 

professionals who were looking longer for a target were also better at detecting it. Students also 601 

had a speed-accuracy tradeoff in the ORT while professionals did not. This result reveals that 602 

speed alone cannot be accountable for screener’s performance in the ORT.  603 

 604 

Further, correlational analyses revealed that the scales of the VCTB highly correlate with SPM, a 605 

known measure for fluid intelligence (Raven, Styles, & Raven, 1998). We were therefore 606 

interested in whether Gv and Gsm are only predicting detection performance due to their 607 

association with general intelligence. If this would be the case, then SPM could serve as the only 608 

predictor of visual search performance. However, replacing Gv, Gsm, and Gs with SPM resulted 609 

in a worse model fit, for both ORT and the letter search task. It can therefore be argued that the 610 

VCTB scales measure additional information which account for visual search performance. 611 

 612 

Taken together, we can answer our first research question, on whether the same visual-cognitive 613 

abilities can predict performance in a traditional visual search task and an X-ray inspection task 614 

with “yes”. Both tasks created for this study can be described as a form of a conjunction search 615 

tasks where targets differ from distractors while having some similar features. The literature 616 

further suggests that visual search with complex objects (e.g. X-ray image inspection) appears to 617 

rely on the same processes as conjunction search (e.g. LT-search) with less complex, contrived 618 

stimuli (Alexander & Zelinsky, 2011; 2012). In our study, the tasks were created in a similar 619 

way, to make them comparable. If a more simplified traditional visual search task or an X-ray 620 

inspection task with domain-specific knowledge is used as comparison, a direct translation of the 621 

underlying abilities has to be taken with caution. Implications based on current results could be 622 

that either a simple, short and therefore more ecologically version of the visual-cognitive test 623 

battery (Gv and Gs scales) could be used to measure abilities and predict performance in students 624 

and professionals. Or in an applied setting, the X-ray ORT can be used as criterion for abilities. 625 

As there are big individual differences in visual-cognitive abilities, it should be tested whether 626 

someone is suited to perform highly in a visual search and inspection task. Especially in regard 627 

to X-ray screening, airports could conduct pre-employment assessments that test for certain 628 
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visual abilities and aptitudes when recruiting new personnel. However, we believe that visual-629 

cognitive abilities might get less important as predictor for performance for tasks where domain-630 

specific knowledge is necessary. For example, when radiologist search for cancer in 631 

mammograms or screeners search for improvised explosive devices that include unknown 632 

features, training for these features should have a higher influence on performance than visual-633 

cognitive abilities. Future studies could also investigate whether visual-cognitive abilities change 634 

over time and whether these abilities could be trained with repeated exposure to visual search 635 

tasks. 636 

 637 

To answer our second research question, whether results differ between students and 638 

professionals, we could show that the tested populations are comparable as the moderation effect 639 

of group did not improve the model fit. We found the same performance and response times for 640 

both populations in the LT-search task, while professionals performed better and faster on the X-641 

ray inspection task. We could show that the visual-cognitive abilities tested in this study have a 642 

comparable influence on performance and response times independent of the tested population, 643 

why the group effect cannot be due to differences in these aptitudes. Also, while we found a 644 

speed-accuracy tradeoff for both tasks within the student population, professionals did not show 645 

this effect for the ORT. Alternative explanations for this group effect could either be due to 646 

differences in the task or differences in the baseline experience of the tested populations. Firstly, 647 

even though we used comparable tasks based on conjunction search, the objects and features did 648 

still differentiate. To have a fair comparison, we created a traditional visual search task with a 649 

high difficulty and an X-ray image inspection task with no need of domain-specific knowledge. 650 

Features of guns and knives, as well as letters like L or T are known from everyday life 651 

experience and can therefore be detected without specific experience and training. As group 652 

differences only occurred for the ORT, a difference in the populations conducting the tasks 653 

might be the better explanation. Even though there is no need for domain-specific knowledge 654 

when conducting the ORT, professionals still performed better and faster and with no speed-655 

accuracy tradeoff. The professionals already had years of training and experience with X-ray 656 

image inspection and therefore a lot of domain-specific knowledge in this area. However, when 657 

including work experience as an additional variable, the model fit did not improve. Therefore, 658 

the amount of work experience per se did not seem to be the responsible variable of the group 659 

effect. However there is still a baseline difference between students and professionals regarding 660 

the familiarity with objects in the ORT. Based on the literature, more familiar objects possibly 661 

need fewer recognized features in order to be successfully identified (Koller et al., 2009) and 662 

features are known and recognized better and faster with repeated exposure (Halbherr et al., 663 

2013; Koller et al. 2008; Koller et al., 2009; McCarley et al., 2004; Schwaninger & Hofer, 2004). 664 

Interestingly, despite the work experience of professionals, the visual-cognitive abilities were 665 

still relevant for a high performance and fast response times. It therefore seems that these 666 

abilities cannot be completely compensated through training and work experience. Another 667 

explanation could be that the professionals participating in this study all passed a pre-668 

employment assessments test for these visual abilities and aptitudes (e.g. X-Ray Object 669 

Recognition Test; see Hardmeier et al., 2005; Hardmeier & Schwaninger, 2008). It could 670 

therefore be possible that they already have higher visual-cognitive abilities than the average 671 

population and show a smaller variance in the VCTB scales. Therefore results might be different 672 

if professionals were tested that had not been recruited based on a baseline assessment. Lastly, 673 

the students tested in our study revealed to be a very heterogeneous sample what’s not directly 674 
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comparable to a typical university-student’s sample. The question therefore arises what would 675 

happen with the regression results if the tested sample is more homogenous on some variables.  676 

 677 

Based on our results, we can therefore answer our second research question with “no” as the 678 

results of our study did not differ between students and professionals. This leads to the 679 

assumption that students as tested in our study can be used as a sample to make predictions of 680 

professionals. Obviously, conducting an X-ray ORT is not the same task as screeners conduct it 681 

at checkpoints, in particular regarding target prevalence, coloring of images and target 682 

categories. We therefore believe that results would look different if a task is used where domain-683 

specific knowledge is needed, as students would lack the knowledge of specific features to 684 

perform well in this kind of visual inspection task. Prohibited items which are rather uncommon 685 

or have not been seen before (e.g. improvised explosive devices, IEDs) become very difficult to 686 

recognize without training to recognize certain features of these threats (Schwaninger, 2004a; 687 

Schwaninger, 2005a). To identify whether an object in an X-ray image is a threat or not, a 688 

searcher must successfully match the visual information of this object to representations stored in 689 

visual memory (Kosslyn, 1996). Depending on the similarity of objects and its features presented 690 

in an X-ray image to those stored in visual memory, the searcher will then decide whether the 691 

respective object is harmless or not. As students lack this visual memory, they would not 692 

perform well in such a task. The implications based on our second research questions have 693 

therefore to be taken with caution as the comparability of the two populations is dependent on 694 

the task.  695 

 696 

Future directions could be to test another population with more heterogeneous visual-cognitive 697 

abilities to get more variance. Further challenges of the comparison of X-ray image inspection 698 

and traditional visual search include low target prevalence, variation in target visibility, an 699 

unknown target set and the possible presence of multiple targets (for recent reviews see Biggs & 700 

Mitroff, 2014; Mitroff, Biggs, & Cain, 2015). Tasks could therefore be compared with a 701 

variation in target prevalence or in task difficulty (e.g. searching for multiple targets). 702 

5. Conclusion 703 
With this study we tried to answer to what degree results from a traditional visual search task can 704 

be translated to an X-ray image inspection and vice versa and if students and professionals are 705 

comparable. Based on the tasks and populations tested in this study, results can be seen as 706 

transferrable to a certain point. The understanding that a traditional visual search task without 707 

domain-specific knowledge can be generalize from students to professionals can be a huge 708 

advantage, allowing for certain applied studies to be run with relatively easier accessible 709 

populations. Further, comparing visual-cognitive abilities and their influence on visual 710 

performance and response times showed that the same specific visual-cognitive abilities were 711 

able to predict performance and response times in both tasks. As the same cognitive processes 712 

are underlying the tested tasks, future searchers can be differentiated based on some very specific 713 

abilities. 714 
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Tables 949 

Table 1 950 

Description of Participants in the Experiment 951 

 N Age Gender SPM 

Students 128 
M = 25.7 

SD = 6.4 
74% female 

M = 30.8 

SD = 3.0 

Professionals 112 
M = 43.7 

SD = 11.9 
55% female 

M = 28.3 

SD = 4.2 

Note. N = 255 participants gave informed consent to be part of this experiment. N = 15 participants had to be excluded from statistical 

analyses (5.9% of the sample) due to to a malfunction of a simulator (N = 4) or performance below chance (N = 11). Therefore, the final 

sample included N = 240 participants. SPM = Standard Progressive Matrices raw scores as a baseline measure of fluid intelligence. 

 952 

Table 2 953 

Psychometric criteria of the VCTB test scales (objectivity, reliability, validity) 954 

Test Scale Objectivity Reliability Validity 

LPS 

LPS 6: Mental rotation (Gs) 

LPS 7: Number of surfaces Gs 
LPS 8: Shape Comparison Gs) 

LPS 10: Row comparison Gs 

Standartisized 
Cronbach’s α: .86-.94 

Split-Half: .81-.96 

Factor analyses 

Correlations with g 

WSI 

WSI Slices (Gsm) 

WSI Mental rotation Gsm 

WSI Unfold (Gsm) 

- - - 

TVPS 

TVPS Visual Memory (Gv) 

TVPS Form Constancy (Gv) 

TVPS Figure Ground (Gv) 

Standartisized 
Cronbach’s α: .74 

Test-Retest: .71 
- 

SPM SPM: Speed-Test Standartisized  
Cronbach’s α: .97-1.00 

Split-Half: > .90 

Test-Retest: .80-.90 

Correlations with 

nonverbal IQ 

Note. Psychometric criteria are retrieved as follows: LPS from Kreuzpointner et al. (2013); TVPS from Brown et al. (2010); SPM from 

Horn, (2009). 

 955 

Table 3 956 

Definition of Hit, False Alarm, Miss, and Correct Rejection According to SDT (Green & Swets, 957 

1966). 958 

Stimulus Target-present response Target-absent response 
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Target-present stimulus Hit Miss 

Target-absent stimulus False alarm Correct rejection 

 959 

Table 4 960 

Means and Standard Deviations 961 

  Students Professionals 

 Max. Score n M SD n M SD 

da ORT  3.5 128 1.6 0.3 112 2.6 0.4 

RT ORT 4.0 128 3.2 1.1 112 2.6 0.7 

d’ L/T 3.5 128 1.0 0.5 112 1.0 0.5 

RT L/T 15.0 128 8.1 1.3 112 8.2 1.4 

Gs 116 128 80.9 13.7 112 64.2 16.6 

Gv 48 128 37.4 5.1 112 36.3 6.2 

Gsm 31 128 21.7 5.5 112 19.8 5.7 
Note. n = number of participants; M = mean; SD = standard deviation 962 

 963 

Table 5 964 

Correlational Analyses 965 

Students 
        

 da ORT  RT ORT d’ L/T RT L/T SPM Gs Gsm Gv 

da ORT  -               

RT ORT 0.20* -             

d’ L/T 0.34*** 0.08 -           

RT L/T 0.23** 0.26** 0.45*** -         

SPM 0.28** 0.03 0.24** 0.20* -       

Gs 0.22* 0.07 0.16 -0.03 0.57*** -     

Gsm 0.46*** 0.23** 0.32*** 0.25** 0.47*** 0.33*** -   

Gv 0.40*** 0.25** 0.35*** 0.30** 0.37*** 0.30** 0.64 - 

Age 0.19* 0.06 0.14 0.16 -0.03 -0.14 0.13 0.11 

         
Professionals         

 da ORT  RT ORT d’ L/T RT L/T SPM Gs Gsm Gv 
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da ORT  -               

RT ORT 0.18 -             

d’ L/T 0.35*** 0.02 -           

RT L/T 0.23* 0.09 0.39*** -         

SPM 0.25** -0.02 0.33*** 0.21* -       

Gs 0.11 -0.17 0.26** 0.02 0.61*** -     

Gsm 0.24* 0.07 0.28** 0.16 0.60*** 0.43*** -   

Gv 0.39*** 0.16 0.38*** 0.34*** 0.62*** 0.43*** 0.58*** - 

Age -0.05 0.48*** -0.03 -0.05 -0.19* -0.36*** -0.15 -0.11 

Note. Spearman Correlations; * indicates p < 0.05; ** indicates p < 0.01 and *** indicates p < 0.001. 966 

 967 

Table 6 968 

Multiple Linear Regression Analyses for the LT letter search task 969 

 β SE β  t-value p-value 

zGs -0.013 0.078 -0.164 0.870 

zGsm 0.119 0.079 1.513 0.132 

zGv 0.299 0.078 3.830 0.000*** 

Group 0.058 0.139 0.416 0.678 

     

Note. * indicates p < 0.05; ** indicates p < 0.01 and *** indicates p < 0.001. 970 

 971 

Table 7 972 

Multiple Linear Regression Analyses for X-ray inspection task 973 

 β SE β  t-value p-value 

zGs -0.039 0.044 -0.893 0.373 

zGsm 0.104 0.044 2.348 0.019* 

zGv 0.195 0.044 4.463 0.000*** 

Group 1.668 0.078 21.370 0.000*** 

     

Note. * indicates p < 0.05; ** indicates p < 0.01 and *** indicates p < 0.001. 974 

 975 

Table 8 976 

Multiple Linear Regression Analyses with Response Times (RT) 977 
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LT letter search task β SE β  t-value p-value 

zGs -0.209 0.077 -2.721 0.007** 

zGsm 0.078 0.078 1.002 0.317 

zGv 0.383 0.077 4.953 0.000*** 

Group 0.048 0.138 0.350 0.727 

X-ray inspection task β SE β  t-value p-value 

zGs -0.149 0.076 -1.963 0.051 

zGsm 0.114 0.077 1.484 0.139 

zGv 0.176 0.076 2.307 0.022* 

Group -0.777 0.136 -5.699 0.000*** 

     

Note. * indicates p < 0.05; ** indicates p < 0.01 and *** indicates p < 0.001. 978 

  979 
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Figures 980 

Figure. 1. Three examples of X-ray images from the SBST.  981 

Figure. 2. Example of an image from the L/T-letter search task. Image containing several 982 

pseudo-Ls as distractors, and one target T against a grey background. 983 
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Abstract 1 

In visual inspection tasks, such as airport security and medical screening, researchers often 2 

use the detection measures d' and A' to analyze detection performance independent of 3 

response tendency. However, recent studies that manipulated the frequency of targets (target 4 

prevalence) indicate that da with a slope parameter of 0.6 is more valid for such tasks than d' 5 

or A'. We investigated the validity of detection measures (d', A', and da) using two 6 

experiments. In the first experiment, 31 security officers completed a simulated X-ray 7 

baggage inspection task while response tendency was manipulated directly through 8 

instruction. The participants knew half of the prohibited items used in the study from training, 9 

whereas the other half were novel, thereby establishing two levels of task difficulty. The 10 

results demonstrated that for both levels, d' and A' decreased when the criterion became more 11 

liberal, whereas da with a slope parameter of 0.6 remained constant. Eye-tracking data 12 

indicated that manipulating response tendency affected the decision component of the 13 

inspection task rather than search errors. In the second experiment, 124 security officers 14 

completed another simulated X-ray baggage inspection task. Receiver operating characteristic 15 

(ROC) curves based on confidence ratings provided further support for da, and the estimated 16 

slope parameter was 0.5. Consistent with previous findings, our results imply that d' and A' 17 

are not valid measures of detection performance in X-ray image inspection. We recommend 18 

always calculating da with a slope parameter of 0.5 in addition to d' to avoid potentially 19 

wrong conclusions if ROC curves are not available.  20 

Keywords: X-ray image inspection, visual search, signal detection theory, detection 21 

measures 22 

 23 

 24 
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Detection Measures for Visual Inspection of  1 

X-ray Images of Passenger Baggage 2 

X-ray baggage screening at airports is an essential component for securing air 3 

transportation. To prevent passengers from bringing potential threats on to an aircraft, airport 4 

security officers visually search X-ray images of passenger bags and decide within seconds 5 

whether a bag contains a prohibited item or is harmless. This task can be described as visual 6 

inspection consisting of visual search and decision making (Koller, Drury, & Schwaninger, 7 

2009; Wales, Anderson, Jones, Schwaninger, & Horne, 2009) in line with the two-component 8 

model of Spitz and Drury (1978). An airport security officer's (screener's) decision on 9 

whether a bag is harmless (target absent) or might contain a prohibited item (target present) 10 

determines whether a secondary search must be conducted at airport security checkpoints 11 

(typically using explosive trace detection and a manual search of passenger bags, Sterchi & 12 

Schwaninger, 2015). Table 1 presents the four possible decision outcomes and associated 13 

terminology from visual search studies (e.g., Biggs & Mitroff, 2015; Eckstein, 2011; Wolfe, 14 

2007, p. 99), signal detection theory (SDT; e.g., Gescheider, 1997, p. 106; Green & Swets, 15 

1966, p. 34), and X-ray baggage screening (e.g., Cooke & Winner, 2007; Schwaninger, 16 

Hardmeier, & Hofer, 2005).  17 

 18 
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Table 1 1 

Outcome of Decisions Depending on Stimulus Using the Terminology of Visual Search, 2 

Signal Detection Theory, and X-ray Baggage Inspection 3 

 Decision 

Stimulus 

Target absent 

No signal  

Bag is harmless 

Target present 

Signal 

Bag requires secondary search  

Target absent 

Noise 

No prohibited item present 

 

Correct rejection 

 

False alarm 

 

Target present 

Signal plus noise 

Prohibited item present 

Miss Hit 

Note. Target present and target absent are terms used in visual search studies (Biggs & 4 

Mitroff, 2015; Eckstein, 2011; Wolfe, 2007, p. 99). Noise, no signal, signal plus noise, signal, 5 

hit, miss, false alarm, and correct rejection are terms used in signal detection theory 6 

(Gescheider, 1997, p. 106; Green & Swets, 1966, p. 34). The other terms have been used in 7 

X-ray baggage inspection studies (Cooke & Winner, 2007; Schwaninger, Hardmeier, & 8 

Hofer, 2004).  9 

 10 

In detection theory (Macmillan & Creelman, 2005), the percentage of bags that 11 

contain a prohibited item that are correctly classified as such is called the hit rate (HR), 12 

whereas the percentage of harmless bags that are falsely considered to contain a prohibited 13 

item is the false alarm rate (FAR). There is a trade-off between the HR and FAR: If, for 14 

example, someone's tendency to respond with target present increases, both the HR and FAR 15 

will increase. At its extremes, someone could decide to always respond with target present, 16 

thereby resulting in a HR and FAR of 100%. Individuals with the same ability to detect 17 

prohibited items can have different HRs and FARs because of differences in their response 18 

tendency (also referred to as response bias, Macmillan & Creelman, 2005). SDT provides 19 
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measures (such as d' and A') for assessing detection performance. These can be calculated 1 

from HR and FAR and are assumed to be (relatively) independent of the observer’s response 2 

tendency (Macmillan & Creelman, 2005, p. 39). Since 9/11, a growing body of research on 3 

X-ray image inspection of passenger bags has led to an increasing use of d' and A' in this 4 

domain (e.g., Brunstein & Gonzalez, 2011; Halbherr, Schwaninger, Budgell, & Wales, 2013; 5 

Ishibashi, Kita, & Wolfe, 2012; Madhavan, Gonzalez, & Lacson, 2007; Mendes, 6 

Schwaninger, & Michel, 2013; Menneer, Donnelly, Godwin, & Cave, 2010; Rusconi, Ferri, 7 

Viding, & Mitchener-Nissen, 2015; Schwaninger, Hardmeier, Riegelnig, & Martin, 2010; Yu 8 

& Wu, 2015). Moreover, d' and A' are also frequently used in related domains, such as the 9 

inspection of medical X-ray images (e.g., Chen & Howe, 2016; Evans, Tambouret, Evered, 10 

Wilbur, & Wolfe, 2011; Evered, Walker, Watt, & Perham, 2014; Nakashima et al., 2015) and 11 

visual search tasks with artificial stimuli (e.g., Appelbaum, Cain, Darling, & Mitroff, 2013; 12 

Huang & Pashler, 2005; Ishibashi & Kita, 2014; Miyazaki, 2015; Russell & Kunar, 2012).  13 

However, as will be discussed in more detail below, the results of several studies in 14 

recent years cast doubt on the validity of using d' or A' for X-ray image inspection tasks (i.e., 15 

visual search and decision tasks). Before discussing these findings, we shall briefly 16 

summarize the theory behind d' and A', and the methods used to evaluate their validity.  17 

First, d' is based on SDT, which, in turn, has its roots in statistical decision theory. For 18 

a detailed introduction to SDT, we recommend Green and Swets (1966), Macmillan and 19 

Creelman (2005), Wickens (2002), and Gescheider (1997, pp. 105–124). The basic idea of 20 

SDT is that when confronted with a binary detection or decision task, cognitive information 21 

processing will ultimately result in some type of one-dimensional subjective evidence 22 

variable for or against one of the two alternatives (Wickens, 2001, p. 150). This subjective 23 

evidence variable is also called the decision variable (Macmillan & Creelman, 2005, p. 16). 24 

Figure 1a and Figure 1b show this evidence/decision variable on the x-axis. Because the 25 
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process leading to the evidence is noisy, target-absent (noise) and target-present (signal plus 1 

noise) trials both produce a distribution of the decision variable. Whereas the expected value 2 

is higher for the target-present trials than for the target absent trials, the two distributions 3 

overlap and do not allow a perfect distinction between the two alternatives. SDT further 4 

assumes that individuals derive their decisions by setting a threshold, called the criterion, to 5 

the decision variable. If the evidence falls short of the criterion, subjects decide that a target is 6 

absent (noise); if it exceeds the decision criterion, then they decide that a target is present 7 

(signal plus noise). The HR and FAR then each correspond to the cumulative density of one 8 

of the two evidence distributions with the criterion as the lower bound (colored areas in 9 

Figure 1a and Figure 1d). SDT assumes that the criterion can be shifted, with a liberal 10 

criterion resulting in a higher HR and FAR; and a conservative criterion, in a lower HR and 11 

FAR. Figure 1a presents an example based on the assumption that the evidence distributions 12 

of the two alternatives are normal with equal variance. This equal-variance Gaussian model is 13 

the most common model of SDT (Pastore, Crawley, Berens, & Skelly, 2003) and the basis for 14 

the detection measure d'. In the equal-variance Gaussian model, d' is the distance between the 15 

means of the two distributions in units of their standard deviation and it fully defines the 16 

detection performance, called sensitivity. The detection measure d' can be calculated as 17 

𝑑′ =  𝑧(𝐻𝑅) − 𝑧(𝐹𝐴𝑅), (1) 18 

where z is the inverse of the cumulative distribution function of the standard normal 19 

distribution (Green & Swets, 1966). The receiver operating characteristic (ROC) curve 20 

(Figure 1a) describes pairs of HR and FAR values for constant levels of d'. If these ROC 21 

curves are illustrated in z units with z(FAR) as the abscissa and z(HR) as the ordinate 22 

(hereafter, zROC), they form lines with slope 1 and d' as their intercept (Figure 1b).  23 
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 1 

Figure 1. Illustration of noise and signal-plus-noise distribution (first column), receiver 2 

operating characteristic (ROC) curves (second column), and ROC curves in z-transformed 3 

space (zROC; third column) corresponding to d' (first row), da (second row), and A' (third 4 

row).  5 

Whereas SDT is often interpreted as implying the equal variance Gaussian model 6 

(Pastore et al., 2003), SDT can also assume other underlying evidence distributions. One 7 

example is an SDT model that assumes the two evidence distributions to be normal, but with 8 

unequal variance. For a given ratio s between the standard deviation of the target absent 9 

(noise) and target present (signal-plus-noise distribution), the resulting zROC has slope s. For 10 
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this SDT model, Macmillan and Creelman (2005) proposed using Simpson and Fitter's (1973) 1 

detection measure: 2 

𝑑𝑎 =  √
2

1+𝑠2
× [𝑧(𝐻𝑅) − 𝑠𝑧(𝐹𝐴𝑅)].  (2) 3 

If the ROC curve is known empirically, there are also detection measures that can be 4 

estimated without any model assumptions. The most popular of these measures is the area 5 

under the curve (AUC; Pepe, Longton, & Janes, 2009). When only one point of the ROC 6 

curve is known, Pollack and Norman (1964) provide a one-point estimation of the AUC:  7 

𝐴′ = 0.5 +
(𝐻𝑅−𝐹𝐴𝑅)(1+𝐻𝑅−𝐹𝐴𝑅)

4𝐻𝑅(1−𝐹𝐴𝑅)
 |  𝐻𝑅 ≥ 𝐹𝐴𝑅. (3) 8 

By estimating the AUC with one ROC point, A' should not be considered assumption-9 

free (Macmillan & Creelman, 2005, p. 103; Wickens, 2001, p. 71). Whereas SDT models 10 

make explicit assumptions about the decision process that define the shape of the ROC 11 

curves, A' also implicitly defines very specific ROC curves as specified by the formula for its 12 

calculation. This results in the ROC curve shown in Figure 1.  13 

To summarize, each one-point detection measure (detection measure based on only 14 

one ROC point, i.e., one value for HR and one for FAR), such as d' or A', implies a specific 15 

ROC curve; that is, a specific assumption about how HR and FAR change when response 16 

tendency (i.e., the decision criterion) changes. Whether the implied ROC curve is 17 

approximately correct determines whether the detection measure is a valid measure of 18 

detection performance. Most importantly, because different detection measures imply 19 

different ROC curves, they can lead to different conclusions when, for example, interpreting 20 

results of X-ray image inspection tasks.  21 

 The shape of the ROC curve for a specific task can be investigated by empirically 22 

measuring multiple points of the ROC curve. Macmillan and Creelman (2005) describe four 23 

methods with which to gather ROC data from study participants. The first is based on 24 
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confidence ratings. Instead of providing only a binary decision, the participants provide a 1 

rating on a k-point Likert scale, for example, ranging from, target certainly absent to target 2 

certainly present. Alternatively, the participants deliver the binary response (e.g., target 3 

present or target absent) and then rate their confidence about that decision. Each change in 4 

level of confidence is then considered as a possible decision criterion (Macmillan & 5 

Creelman, 2005, pp. 51–54). With this approach, k - 1 ROC points can be derived for k 6 

response categories.  7 

The other three methods for deriving multiple points of the ROC curve are based on 8 

manipulating response tendency (i.e., criterion; Macmillan & Creelman, 2005, p. 71). One 9 

method is to manipulate the rewards and costs of a decision (e.g., study participants can be 10 

paid according to the amount of hits and false alarms, and the reward of a hit and cost of a 11 

false alarm can be manipulated). A second method is to instruct the participants directly to 12 

change their criterion by, for example, being conservative in responding target present on 13 

one set of trials and more liberal on another set. The third method for gathering ROC points is 14 

to manipulate the presentation probability of the signal (Macmillan & Creelman, 2005, p. 72): 15 

the so-called target prevalence (Wolfe, Horowitz, & Kenner, 2005). If, for example, most 16 

trials contain a prohibited item, subjects will shift their response tendency toward target 17 

present and therefore achieve higher HR and FAR. Manipulating the criterion means that 18 

each point of the ROC curve requires a separate condition (payoff, instruction, or target 19 

prevalence). 20 

Of these four methods, gathering confidence ratings can be applied relatively easily 21 

and rapidly, but it is heavily based on the concept of SDT. It is assumed that the subject's 22 

decision process is based on a decision variable and that a subject derives a confidence rating 23 

from that variable. The other three methods do not require such assumptions because they 24 

measure actual decisions under different conditions. 25 
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When multiple ROC points are gathered, they can be interpolated to calculate Ag—an 1 

estimate of the AUC—without relying on assumptions about the shape of the ROC (Pollack 2 

& Hsieh, 1969). Hofer and Schwaninger (2004) compared different measures of detection 3 

performance and investigated ROC curves derived from confidence ratings in an X-ray image 4 

inspection task. They derived ROC curves from pooled confidence ratings and found 5 

deviances from symmetrical ROC curves that would be more consistent with two-state low-6 

threshold theory (Luce, 1963) or non-equal variance Gaussian SDT. However, they also 7 

found that d', A', and Δm (a measure for non-equal variance SDT; Wickens, 2001) were 8 

highly correlated.  9 

Several other studies using target prevalence manipulations have cast further doubt on 10 

the validity of d' and A' for X-ray baggage inspection. Wolfe et al. (2007) conducted a series 11 

of experiments in which subjects performed an X-ray baggage inspection task under varying 12 

target prevalence conditions. They found reduced HR and FAR in low target prevalence 13 

conditions with averaged results seeming to lie on a zROC line with a slope of 0.6. Two 14 

further publications (Godwin, Menneer, Cave, & Donnelly, 2010; Van Wert, Horowitz, & 15 

Wolfe, 2009) reported zROC slopes similar to those reported by Wolfe et al. (2007) and 16 

another study reported a slope of 0.56 (Wolfe & Van Wert, 2010), which is also close to 0.6.  17 

Under Gaussian SDT assumptions, a zROC slope of 0.6 indicates that the target-18 

absent (noise) distribution has a smaller standard deviation than the target-present (signal-19 

plus-noise) distribution. This is generally plausible because the prohibited items that have to 20 

be detected vary and therefore bring additional variation into the X-ray image. Consistent 21 

with this assumption, several studies have provided converging evidence that detection 22 

performance is influenced by several factors that possibly increase variability in X-ray 23 

images containing a prohibited item. Not only prohibited item categories (e.g., guns, knives, 24 

improvised explosive devices, and other prohibited items; see Halbherr et al., 2013; Koller et 25 
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al., 2009, 2008) but also different items within one category vary in difficulty (Bolfing, 1 

Halbherr, & Schwaninger, 2008; Schwaninger, Michel, & Bolfing, 2007).  2 

The aim of our study was to investigate the validity of the detection measures d', A', 3 

and da and to derive recommendations on how to calculate detection performance in future 4 

studies on X-ray image inspection, visual search, and decision tasks. We explored this using 5 

two experiments, in which professional X-ray screeners completed a simulated X-ray 6 

baggage inspection task. In the first experiment, response tendency (criterion) was 7 

manipulated through instruction to test whether it affected the detection measures. The 8 

experiment included targets that were known from training and targets that were novel, which 9 

resulted in two levels of sensitivity. Valid detection measures should be independent of 10 

response tendencies; however, they should differentiate well between different levels of 11 

sensitivity. We therefore calculated the effect size of the difference in the detection measures 12 

between known and novel targets as an indicator of how well they differentiate between the 13 

two levels of sensitivity. In the second experiment, the participants provided confidence 14 

ratings that were used to investigate whether the ROC curves are approximately linear in 15 

zROC space, as assumed by both d' and A', and to estimate the zROC slope.  16 

 17 

Experiment 1 18 

For this study, we reanalyzed data from Sterchi, Hättenschwiler, Michel, and 19 

Schwaninger (2017). The original study evaluated how the rejection rate of screeners can be 20 

manipulated, and how performance was related to knowledge about everyday objects. In the 21 

experiment, 31 professional screeners completed a simulated X-ray baggage screening task in 22 

which the criterion was manipulated directly through instructions. Half of the prohibited 23 

items used in the study were known to the screeners from training, whereas the other half 24 

were novel. This corresponds to two levels of task difficulty. This experiment allowed us to 25 
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observe a criterion shift with two levels of sensitivity induced by other means than the 1 

previously applied manipulations of target prevalence. 2 

For a detection measure to be valid, it should not be affected by a shift in the decision 3 

criterion. In line with the results of the previous studies mentioned above (Godwin, Menneer, 4 

Cave, & Donnelly, 2010; Hofer & Schwaninger, 2004; Van Wert et al., 2009; Wolfe et al., 5 

2007; Wolfe & Van Wert, 2010), we expected the zROC slope to be around 0.6, and therefore 6 

for d' to decrease when the criterion was shifted to a more liberal level (more target-present 7 

responses) in Experiment 1. Both d' and A' are symmetric—any point (𝐻𝑅𝑥,  𝐹𝐴𝑅𝑥) leads to 8 

the same value of d' and A' as (1 − 𝐻𝑅𝑥, 1 −  𝐹𝐴𝑅𝑥)—and this implies equal variance in 9 

terms of SDT (Macmillan & Creelman, 2005, p. 103). We therefore also expected A' to 10 

decrease when the criterion decreased. As a result of the expected zROC slope of 0.6, a 11 

criterion shift should not affect da based on that slope. We also aimed at validating Ag. As 12 

already described in the introduction, Ag is an estimate of the AUC that does not assume a 13 

specific shape of the ROC curve but requires multiple ROC points (e.g., derived from 14 

confidence ratings) and is therefore not a one-point detection measure like d', da, or A'. 15 

Because Ag should not depend on the ROC shape, it was expected to remain constant. A 16 

detection measure should not change when the decision criterion changes; however, it should 17 

differentiate well between different levels of ability to detect targets. We therefore analyzed 18 

effect sizes of the detection measures when comparing detection performance for the two 19 

levels of task difficulty resulting from known and novel prohibited items.  20 

Method 21 

Participants 22 

A total of 31 screeners (20 females) from an international airport participated in this 23 

experiment. They were all certified screeners, which means that they were qualified, trained, 24 

and certified according to the standards set by the appropriate national authority (civil 25 
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aviation administration) in accordance with the European Regulation (European Commission, 1 

2015). The participating screeners were between 26 and 61 years old (M = 45.4, SD = 8.9) 2 

and had between 2 and 26 years of work experience (M = 8.4, SD = 5.5). The research 3 

complied with the American Psychological Association Code of Ethics and was approved by 4 

the Institutional Review Board of the School of Applied Psychology, University of Applied 5 

Sciences and Arts Northwestern Switzerland. Informed consent was obtained from each 6 

participant. 7 

Design 8 

The experiment used a 2 × 2 design with two instructions to manipulate response 9 

tendency (normal decision vs. liberal decision) and with two levels of task difficulty (targets 10 

known from training vs. novel target items) as within-subject factors. Dependent variables 11 

were HR, FAR, d', da, A', Ag, response times, and eye-tracking data.  12 

Stimuli and Materials  13 

The simulated X-ray baggage inspection task contained 128 X-ray images of 14 

passenger bags. Of these, 64 images contained one prohibited item (target-present images). 15 

They were merged into X-ray images of passenger bags using a validated X-ray image 16 

merging algorithm (Mendes, Schwaninger, & Michel, 2011). Four categories of prohibited 17 

items were used to create these target-present images: 16 X-ray images contained a gun, 16 18 

images a knife, 16 images an IED, and 16 images contained other prohibited items. To create 19 

these 16 X-ray images per threat category, eight threat items per category were each used 20 

twice, once in an easy view (as defined by the two X-ray screening experts and the authors) 21 

and once rotated (by 85° around the horizontal or vertical axis).  22 

Further, for each threat category, half of the prohibited items were part of the training 23 

system (Koller, Hardmeier, Michel, & Schwaninger, 2008; Schwaninger, 2004) used at the 24 

particular airport (known targets). The other half of the prohibited items were newly recorded 25 
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(novel targets). Visual comparisons were used to ensure that they were different from the 1 

prohibited items contained in the training system (see Figure 2 for an example).  2 

All 128 X-ray images were equally divided into four test blocks such that each block 3 

contained the same number of known and novel targets per category and viewpoint. X-ray 4 

images were presented in a random order within each of the four blocks. The order of the 5 

blocks was counterbalanced across the participants.  6 

(a)

 

(b) 

 

Figure 2. Two examples of the prohibited item category knife: (a) example of a known target 7 

item and (b) example of a novel target item (Asian combat knife). 8 

For eye tracking, we used an SMI RED-m eye tracker with a gaze sample rate of 120 9 

Hz, gaze position accuracy of 0.5°, and spatial resolution of 0.1°. This noninvasive, video-10 

based eye tracker was attached to a 22-inch TFT LCD screen with a resolution of 1,280 × 11 

1,024 pixels placed 50 to 75 cm from the participant. The stimuli (X-ray images) covered 12 

about two-thirds of the screen. Eye tracking was used to examine the users’ eye movements 13 

using a post hoc analysis of visual fixations falling within a certain area of interest (AOI). 14 

Therefore, in each target-present image, a screening expert manually drew the AOI around 15 

the target item (BEGAZE Software; SensoMotoric). 16 
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Procedure 1 

The screeners were tested individually. Each session began with a 9-point calibration 2 

of the eye-tracking apparatus. The participants had to follow a moving black dot with their 3 

eyes. Then, the task was introduced with on-screen instructions. The screeners were 4 

instructed to visually inspect X-ray images of passenger bags by searching for prohibited 5 

items and deciding whether each bag was harmless (target absent) or might contain a 6 

prohibited item (target present) and would therefore require a secondary search. The 7 

screeners were further instructed that the test contained four blocks. For two blocks, they 8 

should inspect (i.e., search and decide) the image as if they were working at a checkpoint 9 

(referred to in this article as a normal decision). For the other two blocks, they were 10 

instructed to visually analyze each object in the X-ray image and decide that the bag was 11 

harmless only if each object in the image could be recognized as harmless (liberal decision). 12 

After the instructions, 10 practical trials followed to familiarize the screeners with the task 13 

itself and the user-interface of the simulator. The practice trial consisted of five target-absent 14 

and five target-present images presented in random order.  15 

For the test, each trial started with a fixation cross displayed at the center of the 16 

screen. After this had been fixated continuously for 1.5 s, it was replaced by an X-ray image. 17 

Screeners had to decide whether the content of this image was harmless or not by pressing a 18 

key, and then had to give a confidence rating on a 10-point scale ranging from 1 (very 19 

unconfident) to 10 (very confident). There was no feedback on the correctness of responses, 20 

and the participants took about 30 min to complete the test. 21 

Data Analysis 22 

A HR of one or FAR of zero leads to an infinite value of d' and da. For the calculation 23 

of d' and da, HR and FAR values were therefore transformed using the log-linear rule to 24 

correct for extreme proportions (Hautus, 1995), which is one of the two common adjustments 25 
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to avoid infinite values (Macmillan & Creelman, 2005, p. 8). All within-subject contrasts 1 

were tested with exact permutation tests that are appropriate for skewed data and smaller 2 

sample sizes. For the estimation of da, the slope parameter was set to 0.6 in accordance with 3 

previous findings from studies that manipulated target prevalence (Godwin, Menneer, Cave, 4 

& Donnelly, 2010; Wolfe et al., 2007; Wolfe & Van Wert, 2010). For zROC slopes and effect 5 

sizes, we report bootstrapped BCa-CIs (Efron, 1987) based on 20,000 resamples.  6 

In a review of ROC curves in recognition memory, Yonelinas and Parks (2007) raised 7 

the concern that the manipulation of the criterion (i.e., pay-off, instruction, or target 8 

prevalence) might also influence sensitivity. In our experiment, we analyzed eye-tracking 9 

data to control whether our manipulation also affected search performance and not just 10 

decision making. It can be assumed that failure to detect a target can arise from a scanning 11 

error (Cain, Adamo, & Mitroff, 2013; Kundel, Nodine, & Carmody, 1978; Nodine & Kundel, 12 

1987), where the target is never fixated. If the target is fixated, inspection can still fail 13 

because of recognition or decision errors, and it is unclear whether a distinction between 14 

recognition and decision errors is possible and useful (Cain et al., 2013).  15 

In accordance with McCarley's (2009) study, we tested the effect of our manipulation 16 

by calculating the proportion of target-present trials with one or more fixations within the 17 

AOI (i.e., the location of the target). Rich et al. (2008) also distinguished fixated and non-18 

fixated targets to analyze search errors. They noted that if a target is not fixated, this does not 19 

necessarily mean that it was missed during the visual search. However, a target missed during 20 

the visual search is more likely to not have been fixated. If the proportion of target-present 21 

trials on which the target was fixated is not affected by the manipulation of the criterion, this 22 

indicates that the changes in HR and FAR are not caused by search errors in which the study 23 

participants simply failed to look at the relevant part of the image (Rich et al., 2008).  24 
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Results  1 

The instructions for the liberal decision condition were designed to change response 2 

tendency, that is, to increase the participants' relative frequency of responding with target 3 

present, this is, the rejection rate. A manipulation check revealed an effect of the instruction 4 

on the rejection rate with a Cohen's d of 0.58. However, 10 of the participants did not even 5 

show a small increase in the rejection rate (i.e., increase smaller than a Cohen's d of 0.20). 6 

Because we were interested in whether the detection measures change when participants 7 

change their response tendency (and not how successfully we could induce such a change), 8 

we excluded participants that did not change their rejection rate from further analysis. The 9 

excluded participants did not differ significantly in their HR for known targets (excluded: M 10 

= .78, included: M = .79, p = .636), HR for novel targets (excluded: M = .63, included: M = 11 

.58, p = .298), or FAR (excluded: M = .11, included: M = .09, p = .570). Table 2 shows the 12 

means and standard deviations of the normal decision and liberal decision condition for HR, 13 

FAR, d', da, A', and Ag. Exact permutation tests revealed a significantly lower d' in the liberal 14 

decision condition for both known (p = .041) and novel (p = .002) targets. Moreover, A' was 15 

significantly lower for both known (p = .034) and novel (p = .017) targets. For both da 16 

(known targets: p = .714, novel targets: p = .383) and Ag (known targets: p = .322, novel 17 

targets: p = .750), differences did not attain significance. Table 2 also shows the standardized 18 

average difference of the detection measures between the two decision conditions as an 19 

indicator for the within-subject effect.  20 

The HR and FAR of the two decision conditions were used to calculate individual 21 

zROC slopes for known and novel targets separately. The estimated slope had a median of 22 

0.53 (95% BCa-CI [0.24, 0.75]) and a mean of 0.62 (95% BCa-CI [0.34, 1.04]) for known 23 

target items, and a median of 0.56 (95% BCa-CI [0.00, 0.83]) and mean of 0.49 (95% BCa-CI 24 

[0.27, 0.78]) for novel target items.  25 
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Table 2 1 

Mean (SD) of the Normal and Liberal Decision Condition and the Effect Size (Standardized 2 

Difference) of the Decision Condition for Hit Rate (HR), False Alarm Rate (FAR), and 3 

Detection Measures d', A', da, and Ag 4 

Decision condition HR FAR d' da A' Ag 

 Known targets 

Normal decision .79 (.10) .09 (.08) 2.25 (0.61) 2.03 (0.57) .916 (.044) .894 (.072) 

Liberal decision .90 (.10) .25 (.13) 2.01 (0.58) 2.08 (0.61) .899 (.049) .906 (.073) 

Effect size   -0.40 -0.08 -0.42 0.23 

 Novel targets 

Normal decision .58 (0.14) .09 (.08) 1.63 (0.41) 1.28 (0.38) .851 (.040) .799 (.082) 

Liberal decision .71 (0.13) .25 (.13) 1.27 (0.44) 1.19 (0.43) .817 (.074) .793 (.076) 

Effect size   -0.70 -0.19 -0.50 -0.07 

 5 

Table 3 summarizes the response time (time from the onset of image display until the 6 

submission of the decision by the participant) for correct responses by image type 7 

(target-present trials vs. target-absent trials) and decision condition (normal decision vs. 8 

liberal decision). For both target-present and target-absent trials, permutation tests indicated a 9 

significant difference in response time between normal and liberal decision (target-present 10 

trials: p = .004, target-absent trials: p < .001).  11 

To control whether the criterion manipulation affected search errors, we calculated the 12 

proportion of target-present trials with at least one fixation within the AOI (i.e., the location 13 

of the target; see McCarley, 2009). Three participants had to be excluded from the analysis of 14 

eye-tracking data because they had either no fixations or no saccades recorded in 73%, 52%, 15 

or 24% of their trials, which indicated difficulty with eye-tracking for these participants. The 16 

remaining 18 participants had a total of 1,151 target-present trials. Twelve (1%) of these had 17 

to be excluded because either no fixations or no saccades were recorded. One further trial was 18 
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excluded because the fixation was in the AOI at the time of stimulus onset. Then, for each 1 

participant, the proportion of target images on which the participant fixated the target was 2 

calculated separately for the two decision conditions (normal and liberal decision) and the 3 

two target types (known and novel targets). Table 4 shows the means and standard deviations 4 

of these proportions. The difference between the two decision conditions did not attain 5 

significance for either known targets (p = .459) or novel targets (p = .675), which suggests 6 

that the instruction to decide with a more liberal criterion did not affect search errors. 7 

Table 3 8 

Response Times [ms] for Correct Responses  9 

 Normal decision  Liberal decision 

 M (SD) Mdn  M (SD) Mdn 

Target-present 6,000 (2,407) 4,295    8,018 (4,331) 6,291 

Target-absent 6,813 (2,798) 5,873  11,162 (6,872) 9,464 

Note. The reported means and standard deviations are based on individual mean response 10 

times, and the reported medians on individual median response times.  11 

Table 4 12 

Mean (SD) Share of Images per Subject With a Recorded Fixation Within the Area of Interest 13 

 Share AOI fixations 

Image type Normal decision  Liberal decision 

Known target .713 (.237)  .740 (.258) 

Novel target .742 (.165)  .730 (.180) 

 14 

To investigate the statistical power of the detection measures in terms of reflecting 15 

differences in task difficulty (known vs. novel targets) for each detection measure and each of 16 

the two decision conditions, we calculated standardized differences (i.e., differences divided 17 

by the standard deviation of the differences) as effect sizes of the detection measures between 18 

known and novel targets (Table 5). Because da is a linear transformation of d' when the false 19 

alarm rate is constant, the effect size of d' and da were identical.  20 
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Table 5 1 

Effect Size (Standardized Difference) [and 95% Confidence Intervals] of Target Novelty 2 

(Known vs. Novel Targets)  3 

 d' / da  A'  Ag 

Normal decision 1.60 [1.21, 2.10]  1.72 [1.34, 2.15]  1.24 [0.84, 1.64] 

Liberal decision 1.98 [1.20, 3.02]  1.73 [1.11, 2.48]  2.20 [1.35, 3.04] 

 4 

Figure 3 shows the ROC curves based on the three detection measures d', A', and da of 5 

the normal decision condition for known targets (curves with higher HR for a given FAR) 6 

and novel targets (curves with lower HR for a given FAR). Because this figure is based on 7 

pooled data, it should be interpreted with caution: The aggregation of individual ROC curves 8 

can distort their shape, and the figure is therefore not a one-to-one illustration of the tested 9 

hypotheses (Yonelinas & Parks, 2007; see the Appendix for a discussion of pooling). 10 

 11 

Figure 3. ROC curves implied by d', A', and da estimated by the pooled hit rate (HR) and 12 

false alarm rate (FAR) of the normal decision condition for known prohibited items (higher 13 

HR) and novel prohibited items (lower HR). 14 
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 1 

Discussion 2 

In Experiment 1, we instructed X-ray screeners for one condition to visually inspect 3 

X-ray images in the same manner used when they performed their job. For another condition, 4 

they were instructed to apply a more liberal decision criterion. Half of the target-present trials 5 

contained target items known from training, the other half contained novel target items. As 6 

can be seen in Figure 3, the resulting four points defined by the pooled HR and FAR fit well 7 

the ROC curve implied by da that was set to a slope of 0.6 as suggested by previous research 8 

(Godwin, Menneer, Cave, & Donnelly, 2010; Wolfe et al., 2007; Wolfe & Van Wert, 2010). 9 

The permutation tests revealed that d' and A' values decreased when screeners were instructed 10 

to apply a more liberal decision, which casts doubt on the validity of these detection measures 11 

in the context of X-ray image inspection. By contrast, da with a slope of 0.6 and Ag did not 12 

change significantly between the two experimental conditions.  13 

The fact that the instructed, more liberal criterion caused a decrease in d' and A' is in 14 

line with previous findings of changes in d' when target prevalence manipulations induced a 15 

shift in the criterion (Godwin, Menneer, Cave, & Donnelly, 2010; Wolfe et al., 2007; Wolfe 16 

& Van Wert, 2010). The results of these studies also suggest that d' and A' can lead to wrong 17 

conclusions when used to decompose a unidirectional change of hit and false alarm rate into 18 

sensitivity and criterion changes.  19 

When trying to induce a criterion shift using experimental manipulation, there is a risk 20 

that the manipulation might also affect sensitivity (Yonelinas & Parks, 2007). In our 21 

experiment, the given instruction to decide more liberally slowed the response times. 22 

Similarly, studies that manipulated target prevalence also found slower responses in high 23 

target prevalence conditions (Godwin, Menneer, Cave, & Donnelly, 2010; Wolfe et al., 2007; 24 

Wolfe & Van Wert, 2010). Our main findings should be robust regarding a potential change 25 
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in sensitivity for two reasons: First, we found no difference in the share of images with target 1 

fixation between the two decision conditions. This supports the assumption that the observed 2 

change in HR and FAR was caused by a change in decision making and not a change in 3 

search errors (McCarley, 2009; Rich et al., 2008). Second, if the manipulation affected 4 

sensitivity, then one would expect higher sensitivity in the liberal decision condition in which 5 

response times were longer (following the line of argument in Wolfe et al., 2007). Such an 6 

accidental effect on sensitivity could therefore not explain the decrease we found in d' and A'.  7 

Experiment 2 8 

In Experiment 1, we calculated d', A', and da, for which we set the slope to 0.6 based 9 

on previous findings (Godwin, Menneer, Cave, & Donnelly, 2010; Wolfe et al., 2007; Wolfe 10 

& Van Wert, 2010). da was found to be a more valid detection measure than d' and A'. 11 

However, estimations of the slope parameter with the data from Experiment 1 resulted in 12 

large confidence intervals. Experiment 2 was therefore intended to provide a more precise 13 

estimation of the slope parameter and to further investigate the validity of detection measures 14 

using another methodological approach: multiple ROC points were obtained by analyzing 15 

confidence ratings. In comparison to Experiment 1, the criterion was not manipulated 16 

directly, and the test therefore included more trials per participant and condition.  17 

 18 

Methods 19 

Participants 20 

A total of 124 professional, certified cabin baggage screeners (68 female) from an 21 

international airport participated in Experiment 2. The participants were between 22 and 64 22 

years old (M = 44.3, SD = 11.2; one participant did not report his/her age) and they had up to 23 

29 years of work experience (M = 7.1, SD = 5.6; seven participants did not report their work 24 

experience). The research complied with the American Psychological Association Code of 25 
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Ethics and was approved by the Institutional Review Board of the School of Applied 1 

Psychology of the University of Applied Sciences and Arts Northwestern Switzerland. 2 

Informed consent was obtained from each participant. 3 

Stimuli and Materials 4 

The test consisted of 128 X-ray images of real passenger bags. Half of these images 5 

contained a prohibited item (gun, knife, IED, or bare explosive). Each item occurred twice, 6 

depicted from two different viewpoints. The merging of the prohibited items into the bag 7 

images was performed in the same manner as in Experiment 1 using a validated algorithm 8 

(Mendes et al., 2011).  9 

Procedure 10 

The participants were tested in groups of maximally six screeners at a time. To 11 

become familiar with the test, the screeners performed eight practice trials. The test did not 12 

provide feedback on the correctness of responses. The screeners had to inspect the X-ray 13 

images for prohibited items. If they detected a prohibited item, they had to mark its location 14 

in the image. They had to press a key to decide whether the bag was harmless or not, and they 15 

then had to assign a confidence rating on a 5-point scale ranging from 1 (very unconfident) to 16 

5 (very confident). 17 

Data Analysis 18 

For each participant, the HR and FAR were calculated for the different levels of 19 

confidence rating according to (Macmillan & Creelman, 2005, pp. 51–54), resulting in nine 20 

ROC points per participant.  21 

To estimate individual slope parameters based on the confidence ratings, we used the 22 

maximum likelihood estimation algorithm LABROC4 developed by (Metz, Herman, & Shen, 23 

1998). The slope parameter as a ratio is inappropriate for directly calculating a mean because 24 

steep slopes result in large numbers (a horizontal zROC has a slope of zero and a vertical 25 
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zROC has a slope of infinity). We therefore arctan-transformed the slope parameters into 1 

angles of incline before averaging, and then transformed them back for interpretability.  2 

Results 3 

One participant provided the maximum confidence level for all trials and was 4 

therefore excluded. A second participant had to be excluded because all derived ROC points 5 

FAR were either zero or one, not allowing for a maximum likelihood estimation of the slope 6 

parameter. The remaining 122 participants achieved a mean HR of .70 (SD = .07) with a 7 

mean FAR of .07 (SD = .05). The response time (time from the onset of the image display 8 

until the submission of the decision by the participant) is summarized in Table 6 for correct 9 

responses by image type (target-present trials vs. target-absent trials).  10 

 11 

Table 6 12 

Response Times [ms] for Correct Responses 13 

 M (SD) Mdn 

Target-present 4,781 (1,087) 3,816 

Target-absent 5,079 (1,959) 4,008 

Note. The reported group means and standard deviations are based on individual mean 14 

response times, and the reported medians on individual median response times.  15 

 16 
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 1 

Figure 4. Individual (grey; jittered) and pooled (black) empirical zROC curves, the lines 2 

corresponding to the mean A', d', and da with a slope of 0.6, and the chance line (dashed). 3 

 4 

Figure 4 shows individual zROC points and the averaged zROC curves based on 5 

confidence ratings (for a discussion of pooling ROC curves see the Appendix). The averaged 6 

zROC curves seem to better fit the zROC curve predicted by da than those predicted by d' or 7 

A' (one exception is the mean of the leftmost zROC point, which however, is distorted 8 

downwards as a result of the necessary exclusion of ROC points with a false alarm of zero 9 

that are not defined in zROC space).  10 

Arctan-transformed individual slope parameters estimated using the LABROC3 11 

algorithm (Metz et al., 1998) are illustrated in Figure 5. When transformed back, they show a 12 

mean of 0.54 (95%-BCa-CI [0.50, 0.60]) and median of 0.50 (95%-BCa-CI [0.46, 0.55]).  13 



Running head: DETECTION MEASURES IN X-RAY IMAGE INSPECTION 26 

 

 1 

Figure 5. Distribution, mean (red dashed line), and median (solid blue line) of arctan-2 

transformed individual slope parameters.  3 

 4 

Discussion 5 

In Experiment 2, the participants completed an X-ray baggage inspection task 6 

providing confidence ratings for each image. The pooled zROC points and the estimated 7 

zROC slopes of around 0.5–0.6 confirm the findings of Experiment 1 that d' and A' 8 

overestimate HR, or underestimate FAR when the criterion is shifted and becomes more 9 

liberal. The pooled zROC curves were approximately linear, which supports the validity of da 10 

for the X-ray baggage inspection task in line with the results of Wolfe and Van Wert (2010). 11 

The results show a mean slope of 0.54, close to other studies that reported zROC slopes of 12 

around 0.6 (Godwin, Menneer, Cave, & Donnelly, 2010; Wolfe et al., 2007) and another 13 

study that reported a slope of 0.56 (Wolfe & Van Wert, 2010). 14 

Despite the similar zROC slopes found in these studies, one should be cautious to 15 

always adopt da with a slope of 0.5–0.6 for any X-ray baggage inspection or other visual 16 

search task. A non-unit slope zROC implies that there is a point at which the ROC curve falls 17 

below the chance line, where the FAR exceeds the HR (Macmillan & Creelman, 2005, p. 68). 18 
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When sensitivity is sufficiently high, this becomes negligible because it concerns only values 1 

very close to the limits of the ROC space. However, for low sensitivity (e.g., for difficult 2 

items or unexperienced X-ray screeners), a zROC with a slope of 0.5–0.6 implies below-3 

chance performance for a possibly relevant range of the decision criterion (see Figure 1e). It 4 

would therefore be reasonable to assume that the zROC slope converges to unit slope with 5 

decreasing sensitivity. Such a convergence has been found repeatedly in research on 6 

recognition memory (Brown & Heathcote, 2003; Glanzer, Kim, Hilford, & Adams, 1999; 7 

Hirshman & Hostetter, 2000; Ratcliff, McKoon, & Tindall, 1994).  8 

In addition to the level of sensitivity, other factors might influence the slope 9 

parameter. There is some empirical evidence that the zROC slope might vary between 10 

different implementations of the X-ray baggage inspection tasks or depending on the 11 

participants: Alongside our findings and other studies reporting zROC slopes around 0.5–0.6 12 

(Godwin, Menneer, Cave, & Donnelly, 2010; Wolfe et al., 2007; Wolfe & Van Wert, 2010), 13 

one study found a lower d' for lower target prevalence (Wolfe, Brunelli, Rubinstein, & 14 

Horowitz, 2013), which indicates a zROC slope larger than one. There are also a few studies 15 

that show an effect of target prevalence on HR and FAR without a significant effect on d' 16 

(Godwin, Menneer, Cave, Helman, et al., 2010; Ishibashi et al., 2012) or A' (Godwin, 17 

Menneer, Cave, Thaibsyah, & Donnelly, 2015). They therefore do not contradict a unit-slope 18 

zROC. To summarize, whereas it is reasonable to infer that a zROC slope is around 0.5–0.6 19 

for many visual inspection, visual search, and decision tasks with X-ray images, this might 20 

not be always true. We discuss in the next section, how this issue can be addressed in future 21 

studies.  22 

General Discussion 23 

To investigate the validity of two detection measures commonly used in visual search 24 

and decision tasks such as airport security and medical screening, we conducted two studies 25 
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with different methodological approaches. Experiment 1 manipulated the criterion by direct 1 

instruction, whereas Experiment 2 used confidence ratings to generate multiple ROC points. 2 

For both studies, d' and A' were found to be invalid detection measures for the investigated 3 

X-ray baggage inspection tasks. More specifically, d' and A' would have wrongly indicated 4 

lower sensitivity for a more liberal decision criterion.  5 

Studies investigating the effect of target prevalence on X-ray baggage inspection tasks 6 

also found d' to indicate lower sensitivity for more liberal decision criteria where equal or 7 

lower sensitivity would be expected (Godwin, Menneer, Cave, & Donnelly, 2010; Wolfe et 8 

al., 2007; Wolfe & Van Wert, 2010). Our studies extend this research by showing that this 9 

phenomenon is not specific to the effect of target prevalence but also holds for other means of 10 

manipulating the criterion, and therefore seems to be a property of the ROC curve of the X-11 

ray baggage inspection task in general.  12 

Despite A' not making any assumptions about the underlying decision processes, A' 13 

implies a very specific and symmetric ROC curve (Macmillan & Creelman, 2005). It should 14 

therefore not be expected to have an advantage over d', which the results of our studies 15 

confirmed. The general discussion and our recommendations will therefore focus on d' and 16 

da.  17 

When lifting the assumption of equal variance, the Gaussian SDT model is extended 18 

by an additional parameter: the ratio s between the standard deviation of the signal-plus-noise 19 

(target-present) and noise (target-absent) distribution. The Gaussian SDT model assumes an 20 

ROC curve that becomes a straight line when z-transformed with parameter s as its slope. For 21 

detection measure da that corresponds to this model to be valid for X-ray baggage inspection 22 

tasks, zROC curves should be approximately linear. In line with a study from Wolfe and Van 23 

Wert (2010), the results of Experiment 2 show approximately linear pooled zROC curves. In 24 

our experiments, the slope parameter was around 0.5–0.6, which corresponds well to the 25 
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findings in other experiments that investigated the X-ray baggage inspection task (Godwin, 1 

Menneer, Cave, & Donnelly, 2010; Wolfe et al., 2007; Wolfe & Van Wert, 2010). However, 2 

the slope parameter might depend on the level of sensitivity and might vary between different 3 

implementations of the X-ray baggage inspection tasks or depending on the participants.  4 

To better understand what factors influence the slope parameter, a better 5 

understanding of the inspection process would be useful and should be the focus of future 6 

studies. From the perspective of Gaussian SDT, a zROC slope smaller than one implies that 7 

the signal-plus-noise distribution has a higher standard deviation than the noise distribution. 8 

A possible explanation for this is that prohibited items can vary strongly in how well they can 9 

be recognized, for example, depending on item category (Halbherr et al., 2013; Koller et al., 10 

2009) and the exemplar within categories (Bolfing et al., 2008; Schwaninger et al., 2007). 11 

The SDT framework might have to be extended to provide a better model of the visual 12 

inspection process. For instance, Wolfe and Van Wert (2010) described the task as successive 13 

decisions for single items within the X-ray image. This model assumes that the observer 14 

makes a decision according to SDT for one item after the other until the observer either 15 

decides that an item is prohibited or a quitting threshold is reached. Conceptually, this is 16 

similar to the two-component model of visual inspection by Spitz and Drury (1978), which 17 

has been applied to the visual inspection of X-ray images, which consists of visual search and 18 

decision processes (Koller et al., 2009; Wales et al., 2009). For modeling recognition 19 

memory, SDT has been extended in various forms by assuming that recognition can be based 20 

on either recollection or familiarity (Yonelinas & Parks, 2007). Similarly, different types of 21 

recognition might apply in X-ray baggage inspection—some items might be recognized with 22 

certainty, whereas for other items, a decision has to be made under high uncertainty.  23 

Our studies and the reviewed literature focus on the task of inspecting X-ray images 24 

of passengers’ cabin baggage. Our findings do not necessarily directly translate to related 25 
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domains, such as the inspection of medical X-ray images or other visual search tasks with 1 

artificial stimuli; however, such related domains should also not expect d' and A' to be valid 2 

without further consideration. Future research should specifically investigate to what extent 3 

the findings we report also apply in related domains.  4 

We hope that future research will provide more insights into the image inspection 5 

process; however, we suggest a critical yet pragmatic approach when investigating 6 

performance in image inspection tasks. As famously stated by Box (Box & Draper, 1987, p. 7 

424), “all models are wrong, but some are useful.” In X-ray image inspection, the main use of 8 

a detection measure is to identify whether a unidirectional difference in HR and FAR (i.e., 9 

when both HR and FAR are higher in one group or condition) is only a difference in the 10 

decision criterion or also a difference in detection performance in terms of sensitivity. That is, 11 

a comparison of detection measures should answer the question of who would have the 12 

higher HR and lower FAR if everyone used a similar decision criterion1. For one-point 13 

detection measures, the implied ROC curve therefore needs to be approximately correct. Our 14 

studies and the reviewed literature show that for X-ray baggage inspection, this is often not 15 

the case for d' and A'. Instead, da with a zROC slope of 0.5 to 0.6 often seems to provide the 16 

better measure. However, while it is not clear what factors determine the zROC slope, we 17 

recommend testing da with a slope of 0.5 in addition to da with a slope of one (i.e., d') as the 18 

upper and lower bound, respectively. Another approach is to gather confidence ratings and 19 

use Ag as detection measure. Whereas d', A', and da imply a specific shape of ROC curve, Ag 20 

is conceptually valid for any form of ROC curve. However, it requires the collection of 21 

confidence ratings, and is based on the assumption that these confidence ratings allow a 22 

prediction of alternative criterion locations at an individual level. Moreover, some 23 

                                                 
1 For different levels of sensitivity, it is conceptually not clear what constitutes an equal decision 

criterion (Macmillan & Creelman, 2005, pp. 36–44) 
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methodological problems can arise because Ag estimates the AUC by linearly interpolating 1 

empirical ROC points (Pollack & Hsieh, 1969). This approach increasingly underestimates 2 

the AUC with a decreasing number of ROC points (Macmillan & Creelman, 2005, p. 64). Ag 3 

might therefore require a relatively high number of trials to be a valid detection measure. In 4 

Experiment 1, Ag performed acceptably well—it was not significantly affected by the 5 

manipulation of the decision condition, and differentiated between known and novel targets 6 

with statistical power comparable to da. However, this is only limited support for the 7 

measure, as the results are restricted to a within-subject comparison of a small sample. Future 8 

research might clarify whether confidence ratings allow a reliable prediction of criterion 9 

shifts induced by changes in target prevalence or instruction.  10 

In conclusion, X-ray image inspection research and related domains will have to be 11 

cautious when using one-point estimates of sensitivity such as d' and A'. We recommend 12 

always starting by performing an analysis and discussion of the directly accessible HR and 13 

FAR. Estimating the sensitivity and criterion is often only necessary if HR and FAR are 14 

affected unidirectionally. In that case, it should be considered that a zROC slope can be 15 

expected to lie somewhere between 0.5 and 1 for X-ray baggage inspection tasks. With da, 16 

effects on sensitivity can be estimated for these two slopes separately to test the two limits of 17 

the assumption of constant sensitivity (where the upper limit with a zROC slope of one 18 

corresponds to d'). Collecting confidence ratings allows to directly estimate the zROC slope 19 

for the investigated task, to calculate Ag, which provides an additional estimation of 20 

sensitivity, and help to further understand the shape of the ROC curve in X-ray image 21 

inspection.   22 
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 1 

Appendix 2 

Pooling and ROC Curves 3 

When investigating receiver operating characteristic (ROC) curves based on the framework 4 

of signal detection theory (SDT), in almost all experiments of real interest, some type of 5 

averaging must be performed (Macmillan & Creelman, 2005, p. 331). For X-ray image 6 

inspection, combining different stimuli in an experiment seems reasonable because this is 7 

representative of this task in the real world. However, when responses from different subjects 8 

are averaged, the resulting ROC curve can deviate systematically from individual ROC 9 

curves, as we will illustrate in the following paragraphs. 10 

Figure A1 assumes two subjects with an identical ROC curve in the shape assumed by 11 

Gaussian SDT. If these subjects differ in their decision criterion, their averaged ROC point 12 

(i.e., hit and false alarm rate) will lie in the middle of the line connecting their individual 13 

ROC points and therefore below their true ROC curve. How far away the averaged ROC 14 

point is from the true ROC curve depends on the difference between the decision criteria (i.e., 15 

the distance between the individual ROC points) and on the curvature of the ROC. When 16 

looking at pooled ROC points, it is therefore important to consider the between-subject 17 

variation in decision criteria. Plotting ROC curves based on confidence ratings now assumes 18 

that each level of the confidence rating could be a possible criterion and therefore each 19 

confidence level provides an ROC point (one of them is guaranteed to be at a HR and FAR of 20 

one, therefore k confidence levels result in k-1 meaningful ROC points). Figure A2 shows 21 

that for Experiment 2, the variation between the individual criteria is different between the 22 

confidence levels. Some of the ROC points based on pooled data should therefore be further 23 

away from the "true" ROC curve.  24 
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Figure A3 shows individual and pooled ROC points of Experiment 2 in comparison 1 

with the theoretical ROC curves based on the average d', da, and A'. As expected, particularly 2 

the two most liberal (i.e., rightmost) ROC points fall below the theoretical ROC curves.  3 

To test whether the deviation from the theoretical ROC curves could be the mere 4 

result of pooling, we ran a simulation. The simulation assumed that the ROC curve based on 5 

da holds true for each individual and, for simplification, that individuals deviate normally 6 

from the mean da of Experiment 2 (M = 1.37) with the standard deviation of dataset 2 (SD = 7 

0.26). Additionally, for the criterion ca of each confidence level, it was assumed that subjects 8 

vary normally around the group's average, and again, these parameters were estimated using 9 

Experiment 2. According to these assumptions 10,000 observations were created for each 10 

confidence level and pooled. The result of this quite simple simulation is also depicted in 11 

Figure A3 and falls close to the pooled ROC points from the original data. This suggests that 12 

the pooled ROC points might simply deviate from the ROC curve based on da because of the 13 

variation in the criterion and sensitivity between subjects (however, this does not, of course, 14 

prove that the pooled ROC curve would look like the ROC curve based on da if all pooling 15 

artifacts were eliminated).  16 

As illustrated, pooling ROC points can severely distort the shape of ROC curves. The 17 

illustrated problems of pooling should not occur if averaging is performed after z-18 

transformation and the zROC curves are linear. However, z-transformation before pooling is 19 

often not fully possible because of FAR or HR values of zero or one on an individual level, 20 

for which the z-transformation (i.e., the inverse of the cumulative distribution function of the 21 

standard normal distribution) is undefined.  22 
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 1 

 2 

Figure A1. When the two points A and B from the same receiver operating characteristic 3 

(ROC) curve are averaged, the resulting ROC point C is below the original ROC curve.  4 

 5 

 6 

Figure A2. Between subject standard deviation of ca (based on a slope of 0.6) for each 7 

confidence level.  8 
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 1 

 2 

Figure A3. Receiver operating characteristic (ROC) points based on individual (grey) and 3 

pooled confidence rating data of dataset 2 (black, dashed), created from a simulation (red, 4 

dashed), as assumed by the average d' (green), da (blue), and A' (red). 5 


	18hättenschwiler_n
	Appendix_Thesis_Hättenschwiler
	01_A First Exploratory Study on the Relevance of
	02_Relevance of Visual Inspection Strategy and
	03_Automation in airport security X-ray screening of cabin baggage
	Automation in airport security X-ray screening of cabin baggage: Examining benefits and possible implementations of automated explosives detection
	Introduction
	Visual inspection and conventional cabin baggage screening
	Automation and human–machine system performance
	Automation and EDSCB
	Present study

	Experiment 1
	Method
	Participants
	Design
	Materials
	Procedure
	Analyses

	Results
	Discussion

	Experiment 2
	Method
	Participants
	Design
	Materials, procedure, and statistics

	Results
	Discussion

	General discussion
	Automation as diagnostic aid (OSAR)
	Automation as automated decision
	Practical implications, limitations, and future research
	Conclusion

	Funding
	Acknowledgements
	References


	04_Detecting Bombs in X-Ray Images of Hold Baggage
	05_2D versus 3D imaging and evaluation of an on-screen
	06_X-ray screening of hold baggage Are the same
	07_Traditional visual search vs. X-ray image inspection
	08_Detection measures in X-ray

	Appendix_Thesis_Hättenschwiler.pdf
	01_A First Exploratory Study on the Relevance of
	02_Relevance of Visual Inspection Strategy and
	03_Automation in airport security X-ray screening of cabin baggage
	Automation in airport security X-ray screening of cabin baggage: Examining benefits and possible implementations of automated explosives detection
	Introduction
	Visual inspection and conventional cabin baggage screening
	Automation and human–machine system performance
	Automation and EDSCB
	Present study

	Experiment 1
	Method
	Participants
	Design
	Materials
	Procedure
	Analyses

	Results
	Discussion

	Experiment 2
	Method
	Participants
	Design
	Materials, procedure, and statistics

	Results
	Discussion

	General discussion
	Automation as diagnostic aid (OSAR)
	Automation as automated decision
	Practical implications, limitations, and future research
	Conclusion

	Funding
	Acknowledgements
	References


	04_Detecting Bombs in X-Ray Images of Hold Baggage
	05_2D versus 3D imaging and evaluation of an on-screen
	06_X-ray screening of hold baggage Are the same
	07_Traditional visual search vs. X-ray image inspection
	08_Detection measures in X-ray



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /DoulosSIL
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KristenITC-Regular
    /KrutiDev040Bold
    /KrutiDev040BoldItalic
    /KrutiDev040Condensed
    /KrutiDev040Italic
    /KrutiDev040Thin
    /KrutiDev040Wide
    /KrutiDev060
    /KrutiDev060Bold
    /KrutiDev060BoldItalic
    /KrutiDev060Condensed
    /KrutiDev060Italic
    /KrutiDev060Thin
    /KrutiDev060Wide
    /KrutiDev070
    /KrutiDev070Condensed
    /KrutiDev070Italic
    /KrutiDev070Thin
    /KrutiDev070Wide
    /KrutiDev080
    /KrutiDev080Condensed
    /KrutiDev080Italic
    /KrutiDev080Wide
    /KrutiDev090
    /KrutiDev090Bold
    /KrutiDev090BoldItalic
    /KrutiDev090Condensed
    /KrutiDev090Italic
    /KrutiDev090Thin
    /KrutiDev090Wide
    /KrutiDev100
    /KrutiDev100Bold
    /KrutiDev100BoldItalic
    /KrutiDev100Condensed
    /KrutiDev100Italic
    /KrutiDev100Thin
    /KrutiDev100Wide
    /KrutiDev120
    /KrutiDev120Condensed
    /KrutiDev120Thin
    /KrutiDev120Wide
    /KrutiDev130
    /KrutiDev130Condensed
    /KrutiDev130Thin
    /KrutiDev130Wide
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MTExtraTiger
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SILDoulosIPA
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /SymbolTiger
    /SymbolTigerExpert
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Tiger
    /TigerExpert
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata pogodnih za pouzdani prikaz i ispis poslovnih dokumenata koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /DoulosSIL
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KristenITC-Regular
    /KrutiDev040Bold
    /KrutiDev040BoldItalic
    /KrutiDev040Condensed
    /KrutiDev040Italic
    /KrutiDev040Thin
    /KrutiDev040Wide
    /KrutiDev060
    /KrutiDev060Bold
    /KrutiDev060BoldItalic
    /KrutiDev060Condensed
    /KrutiDev060Italic
    /KrutiDev060Thin
    /KrutiDev060Wide
    /KrutiDev070
    /KrutiDev070Condensed
    /KrutiDev070Italic
    /KrutiDev070Thin
    /KrutiDev070Wide
    /KrutiDev080
    /KrutiDev080Condensed
    /KrutiDev080Italic
    /KrutiDev080Wide
    /KrutiDev090
    /KrutiDev090Bold
    /KrutiDev090BoldItalic
    /KrutiDev090Condensed
    /KrutiDev090Italic
    /KrutiDev090Thin
    /KrutiDev090Wide
    /KrutiDev100
    /KrutiDev100Bold
    /KrutiDev100BoldItalic
    /KrutiDev100Condensed
    /KrutiDev100Italic
    /KrutiDev100Thin
    /KrutiDev100Wide
    /KrutiDev120
    /KrutiDev120Condensed
    /KrutiDev120Thin
    /KrutiDev120Wide
    /KrutiDev130
    /KrutiDev130Condensed
    /KrutiDev130Thin
    /KrutiDev130Wide
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MTExtraTiger
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SILDoulosIPA
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /SymbolTiger
    /SymbolTigerExpert
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Tiger
    /TigerExpert
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata pogodnih za pouzdani prikaz i ispis poslovnih dokumenata koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




