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ABSTRACT

In military operations signature reduction techniques such as camouflage nets, low-emissive paints, and
camouflage patterns are typically deployed to optimize the survivability of high value assets by minimizing
their detectability. Various methods have been developed to assess the effectiveness of these camouflage
measures. There are three main approaches to the evaluation of camouflage measures: (1) a subjective
approach through observer experiments, (2) an objective computational approach through image analysis,
and (3) an objective approach through physical measurements. Although subjective evaluation methods have
a direct relation with the operational practice, they are often difficult to implement because of time and
budget restrictions (these experiments typically require a lot of observers, repetitions and different targets
and backgrounds), or simply because the associated conditions are not safe for the observers. The objective
evaluation methods are typically based on the outcome of psychophysical laboratory experiments using
simple artificial stimuli, presented under extremely restricted (impoverished) conditions, and in different
experimental paradigms. Other objective methods are based on signal processing techniques and have no
obvious counterpart in human vision. Only a few attempts have been made to validate any of these objective
metrics against the performance of human observers in realistic military scenarios. As a result, there are
currently no standard and internationally accepted methods and procedures to evaluate camouflage
equipment and techniques, and to indicate their military effectiveness. In this review paper we present an
overview of the various subjective (psychophysical) and objective (computational, image or video based)
evaluation methods that are currently available and that have been used to validate camouflage
effectiveness. In addition, we discuss the relative merits of field experiments versus laboratory experiments.

1.0 INTRODUCTION

Both in large-scale battles and in peace keeping operations the survivability of high value military assets
must be optimized by minimizing their detectability. This is typically achieved through camouflage
measures, such as camouflage nets, low-emissive paints, camouflage patterns, etc. It is of great importance to
know how effective such camouflage measures are in reducing a target’s signature, and to know why and
when they work. This requires a metric of detectability. Various metrics of target detectability have been
developed over the years. There are three main approaches to the evaluation of camouflage measures:

e asubjective approach through observer experiments,
*  an objective computational approach through image analysis, and

*  an objective approach through physical measurements.

Although subjective evaluation methods have a direct relation with the operational practice, they are often
difficult to implement because of time and budget restrictions (these experiments typically require a lot of
observers, repetitions and different targets and backgrounds), or simply because the associated conditions are
not safe for the observers. The objective evaluation methods are typically based on the outcome of
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psychophysical laboratory experiments using simple artificial stimuli, presented under extremely restricted
(impoverished) conditions, and in different experimental paradigms. Other objective methods are based on
signal processing techniques and have no obvious counterpart in human vision. So far, only few attempts
have been made to validate any of these objective metrics against the performance of human observers in
realistic military scenarios. As a result, there are currently no standard and internationally accepted methods
and procedures to evaluate camouflage equipment and techniques, and to indicate their military
effectiveness. NATO SCI-12 [1] performed a large-scale comparative evaluation study on a common set of
registered images (the Search_2 dataset: [2]) to validate the value of a range of different computational and
psychophysical metrics for the quantification of CCD effectiveness [1]. The study included models like
CAMAELEON [3], CAMEVA [4,5], the Itti and Koch saliency model [6] and the ORACLE model [7]. The
main outcome of that study was that

- visual conspicuity is the best subjective psychophysical predictor of human visual search
performance,
- asimple RMS error metric predicts this performance just as well as, or even better than, most
other and more complex computational target distinctness metrics.
Since this study, several new camouflage evaluation methods and metrics (e.g. of saliency) have been
developed. However, a comparative evaluation study showed that most of the new metrics are outperformed
by a simple multiscale contrast model [8]. This finding was later confirmed in a study on the effectiveness of
urban camouflage [9]. Also, none of the new camouflage evaluation metrics have been subjected to a
comparative evaluation study [10,11].

1.1 Observer experiments: field vs laboratory studies

Given the fact that the goal of camouflage is to decrease the probability of detection, search performance in
the field is often considered to provide the golden standard for camouflage assessment. In addition,
camouflage also leads to longer search times, a smaller probability of identification, and a higher similarity
to non-target objects or ‘false targets’. Human target acquisition performance can in principle be measured in
field trials using precisely controlled scenarios and closely monitored conditions (see Figure 1). The report of
RTO-AG-SCI-095 [12] provides guidelines for the planning and design (e.g., selection of background type,
time of day and year, weather conditions), execution (e.g., briefing of observers, observation procedures,
required number of observers, number of observations) and data analysis (e.g., methods for testing the
significance of data points and the significance of differences observed between different conditions) of field
trials for camouflage assessment with human observers. However, a field test is not always the best option to
measure search performance, because the information that can be obtained is often quite limited.
Furthermore, a field trial is time consuming, labor intensive and logistically difficult, while the number of
conditions in which the camouflage can be tested is limited and the variation in performance across
conditions is likely to be very large. To obtain a good impression of camouflage performance field tests
should be performed over many different conditions. To reduce the influence of environmental factors,
camouflage assessments are preferably done in a relative way (e.g., one or several camouflaged targets
versus an uncamouflaged reference target) rather than in an absolute manner (e.g., detection distance for this
kind of target under these conditions). A recent NATO study concluded that the choice of backgrounds
should be a representative mix of the areas in which it will be used [9]. The number of required scenes is also
increased by the fact that performance may depend significantly on the precise positioning and lighting
conditions (of target and background).
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Figure 1. Example of afield trial using precisely controlled scenarios. Potential target
(camouflaged persons) positions indicated by white cards (from [13]).

Field search trials can in principle be replaced by laboratory experiments, using photo- and video simulation
techniques, and imagery that can for instance be recorded in field trials. Laboratory experiments allow
complete control over all influential parameters.

According to a NATO study [12] the advantages of laboratory tests include:

» the ability to create a larger statistical data base;

» field imagery sequence collected under one set of environmental conditions;
» the same imagery is viewed by all observers;

» decreased cost compared to observer field trials;

» less time spent in the field collecting data; and

» the conduct of the experiment at multiple locations, using different observer pools, with the same
input imagery under controlled laboratory conditions.

However, human performance in artificial laboratory conditions may differ considerably from performance
in the real-world scenarios. This may be caused by differences between the simulated environment and the
real world, such as limitations in resolution [14], luminance, color [15] reproduction, dynamic range, etc.,
while the relative importance of each of these factors is still largely unknown. Therefore, the results of
laboratory experiments need to be validated by comparing them with the results from similar field
experiments [16].
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1.2 Computational approach

A promising approach to the evaluation of CCD measures is the use of computational models of the human
visual system to analyse recorded or computer-generated scenes, to predict human observer performance.
The validation and further development of this approach requires a database of military relevant imagery, in
combination with corresponding data on actual observer performance using this imagery. Also, adequate and
sufficient laboratory or field measurements are required to perform and link these analyses.

1.3 Physical measures

Camouflage in the visual and infrared aims to minimize the contrast of a target by spectrally matching its
surface properties to those of its background. Evaluation criteria can correspond to physical properties such
as reflectance, gloss, emissivity and the degree of polarization, as well as dynamic properties and broadband
or multispectral properties [17]. Physical properties such as mean luminance, hue and saturation (preferably
expressed in a perceptual color space, such as CIELAB color L*a*b*), and local temperature differences (in
case of LWIR imagery) and their distributions can be measured in various conditions and backgrounds (or in
the lab) and compared with the background parameters (e.g. [18]). Such measurements can be very valuable
and are related to (but as such do not give a direct prediction of) camouflage performance. When spatial
properties are not considered, numerical models can be used to evaluate camouflage performance based on
the statistical physical properties of target and background (see section 3). Recent techniques to assess the
effectiveness of camouflage include the use of multi- [19] and hyperspectral imagery [20,21]. Multispectral
camouflage becomes increasingly important with the increasing availability of sensors operating across the
entire electromagnetic spectrum. Physics-based broadband scene rendering tools like CAMEO-SIM [22,23]
can be valuable tools for the development and assessment of multispectral camouflage.

1.4 Real vs synthetic imagery

Methods to generate realistic synthetic imagery (e.g., CAMEO-SIM: [22], VBS3) enable the assessment of
camouflage effectiveness at lower cost and in a range of widely different scenarios and environmental
conditions not easily available in field trials. An accurate camouflage simulation program could effectively
support, and possibly replace, field trials. Prior to its use, synthetic imagery must be validated to ensure its
fidelity [23,24]. When the camouflage is targeted against sensor threats operating in other than visible
spectra (e.g., LWIR) a good simulation requires accurate modelling of the scene as well as the sensor.

There are two ways to measure the fidelity of synthetic imagery [24]. One approach is to directly compare
synthetic to real imagery. This is necessary when there is a requirement to accurately reproduce a specific
site. This type of metric is very sensitive to geometric changes and the alignment of the two images. It is a
very difficult task to exactly match a synthetic image to the real world not only geometrically, but also for
the same meteorological conditions. This requires a great deal of ‘ground truth’ data such as the spectral
reflectance properties of the different scene components. In many cases this is not necessary, for instance
when a more generic assessment of whether camouflage is effective under Northern European conditions or
desert conditions is required. There are natural variations in the real world due to variations in the
meteorological conditions, time of day, or slightly different types of materials in the scene so an exact match
to a particular scene is not necessary. Therefore, another approach is to use image statistics (e.g., the mean
and standard deviations of the luminance and color channels in case of a visual color image) to determine
whether the features present in the synthetic imagery are similar to those in the real-world imagery. Whether
synthetic imagery is realistic enough will also depend on the military task that is being investigated. Lab
measures (such as conspicuity and identifiability) have been proposed to quickly asses the fidelity of
detection and identification [25,26].
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Table 1. Psychophysical camouflage effectiveness evaluation methods and their associated
metrics and (dis-)advantages, with some example studies

Example studies

Visual/NIR Thermal
Psychophysical Metrics Pros & cons Lab Field Lab
method
Range - Detection range + Realistic [27,28] [27]
estimation - Recognition range | + Easy to perform in the lab
(photosimulation)
- Not always possible to perform
in the field
Search and - Mean search time + Realistic [9,16,29- | [27,42,43] | [38,39,44-
detection - (Cumulative) + Easy to perform on imagery in | 41] 46]
detection the lab
probability - Time consuming, needs many
- Fraction correct replications and observers
- Difficult to perform in the field
Conspicuity - Conspicuity angle | + Efficient procedure [47,48] [48,49] [49,50]
- Conspicuity + Can be performed in the field
distance and in the lab
+ Only few observers needed
+ Target position is known by
observers
- Less suitable for well-
camouflaged targets
Ranking Rank order + Can be performed in the field [51]
and in the lab
+ More efficient than paired
comparisons, but
- Relative (no absolute) measure
- Lower precision than paired
comparisons
- No information on detection
Paired - Rank order + Higher precision than ranking [16,52] [16]
comparisons - Relative + Few observers needed
performance - Relative (no absolute) measure
- Less efficient than ranking
- Difficult to perform in the field
- No information on detection
Eye tracking - Nr of fixations + Provides objective metrics that | [52,54,55] [56]
- Mean fixation time correlate with clutter and search
- Mean saccade performance
length + Provides wealth of information
(over 120 different per trial (compared to search
measures in total: time)
[53]) - Requires specialized equipment
Masked priming | - Response time + Eliminates cognitive and [57]
- Error rate strategic biases
+ sensitive to pattern variations
Subjective Rating score + Easy to perform in lab and field | [27,58- [27]
blending - Subjective measure 60].
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2.0 PSYCHOPHYSICAL EVALUATION METHODS

This section presents an overview of the various psychophysical evaluation methods that have been used to
assess camouflage effectiveness (see also Table 1).

2.1 Detection and recognition range

The most commonly used measure of camouflage effectiveness is the detection range (see Figure 2) [61-63].
The detection range is commonly defined as the distance at which a certain percentage (e.g. 80%) of the
observers first perceives the target, or alternatively, the distance at which a given observer perceives the
target with a given (e.g. 80%) probability. The shorter the detection range, the more difficult the target is to
distinguish.

When measuring detection range in the field, the experiment is often done by dispersing targets in an open
field so that line of sight is achieved for distances larger than the expected detection range. This way the
observer (or imager, in case images are registered to enable observer experiments in the lab at a later time)
can approach the target along a straight path from a distance at which the target cannot be resolved [64]. The
target position should be known to the observer. In this type of experiments, the measured detection range
depends on a number of parameters like the current weather condition, the sun position, the atmospheric
visibility (aerosol content), the sensor system and platform used, and not the least the observer’s level of
experience and training.

In a jungle environment this procedure does not work, because of the lack of long lines of sight. A method to
solve this problem is based on the use of panoramic images (Figure 3) [16,39]. The advantage of a
panoramic image is its high density of information in one single image. Details of the large image can be
inspected by zooming into a certain part of the whole picture. Panoramic images can also be used to study
visual scanning behavior with field-of-view restrictions (Figure 4). Zooming allows the creation of a virtual
approach sequence, which can be used in photo simulation and observer trial trials to determine a
detectability range (instead of a detection range), even if the actual line of sight was very short [16].
Additionally, the virtual approach sequence does not contain changes in illumination and other disturbing
natural factors which tend to occur during an original photo simulation imagery sequence. The zoom
procedure is an efficient method to assess camouflage effectiveness. The advantage of this method is that the
same observer can be used for several approach sequences. The zoom method requires that an observer
zooms from a known target backwards until the target starts to blur into the background. This procedure is
not new, having been previously used and named the “inverse spy glass” method. A modern version of this
method is the software tool “Panoslider” (http://wirestam.com). Moving the Panoslider scrollbar to the right
zooms in on the target, moving it to the left zooms out. The task of an observer is to move the scrollbar
backwards and forwards until a position is found where the target starts to blur into the background.

Detection distances are significantly affected by the local background and shading of the targets. In practice
it is often difficult or even impossible to distribute targets over a scene such that they all have the same local
background. In that case one needs to successively place targets at the same position in the scene and repeat
the detection experiments. However, this may present additional problems when lighting (shadows) changes
over time or in partly cloudy conditions. No matter how carefully the experiment is conducted it will always
be possible to argue that the results are not generally valid, but valid for this single experiment or class of
experiments only. Even though the method has weaknesses with regard to producing statistically
representative detection ranges, the method is well suited for comparative experiments, by ranking the
camouflage effectiveness of different candidates.

NATO SCI-095 issued testing standards for measuring detection ranges in the lab_[12]. This methodology
involves showing an observer a sequence of images containing a camouflaged target, with each successive
image depicting the target at a closer distance. The observer has a 14-s time window per scene to detect a
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target, and the primary outcome is the distance at which observers achieve a 50% detection rate. Camouflage
patterns that require presentation at closer distances to achieve 50% detection indicate greater concealment
effectiveness. TNO developed an equivalent to this method that uses successive clips from a dynamic video
approach sequence [65]. While representing a substantial step forward toward standardizing camouflage test
and evaluation methodologies, the technique has several disadvantages; these include the lack of null (target
absent) trials, near-ceiling detection effects due to the long exposure duration, subjectively determined target
presence, and time-consuming field photography collection and test administration. Furthermore, research
has demonstrated limited sensitivity of this technique in differentiating the conspicuity of camouflage
patterns within a given pattern class (e.g., desert, woodland, transitional) [59].

(a) (b) (c)

(d) (e) ()

Figure 2. (a-c) Measuring detection range in the field requires physical approach of the target
location, while measurements in photosimulation studies (d-f) involves image enlargement

2.2 Visual search

Visual search, with or without the aid of optical or electro-optical instruments, plays a significant role in
various types of military operations. Camouflage is typically deployed to reduce the visual signature of
targets, thereby maximizing the average time needed by an observer to find the target in the scene. Search
time (e.g., [29-31,33,35,55,66]) and detection probability (e.g., [29,33,41,42,67]) are therefore often adopted
as metrics to quantify the effectiveness of camouflage. Effective camouflage measures should result in an
increase in search time and a decrease in detection probability.

Field search trials can in principle be replaced by experiments in the laboratory using either photographs and
videos or computer simulated virtual environments [30,68]. The use of large panoramic scenes enables the
investigation of the effects of FOV restrictions on human visual detection performance and search strategies
([67,69]; see Figure 3 and Figure 4). However, human performance in artificial laboratory conditions often
differs considerably from performance in the real-world scenarios. The discrepancies in behavior may be
caused by a range of factors that differ between the simulated environment and the real world, such as
limitations of the representations (e.g. in resolution, luminance, color reproduction etc.), but also
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environmental conditions (lab environment vs field conditions). The relative importance of each of these
factors is still largely unknown. Other factors that are known to determine human visual search performance
are for instance the location of the target in the field of view, scene familiarity and observer learning [70].

large window small window
large zoom small zoom

visual

Figure 3. The use of large panoramic scenes enables the investigation of the effects of FOV
restrictions and zoom factors on human visual detection performance and search strategies
(from [69]).

Figure 4. Example of a scan path over a large panoramic visual image with a small FOV. Black
and white segments of the scan path correspond to zoomfactors of 1 and 0.25, respectively
(from [69]).

2.3 Visual conspicuity

Visual search experiments inherently require numerous repetitions and/or a large number of observers to
obtain statistically significant data [70]. Since visual search requires the target position to be unknown to the
observer, this often is difficult to accommaodate. Also, in field experiments it is usually impossible to perform
the same scenario more than once, simply because one has no control over the environmental conditions. But
even in the laboratory, where one has in principle complete control over all experimental parameters, search
experiments are very time consuming because they involve a large number of observations.

It is therefore of great practical value to have a visual target characteristic that

. reliably predicts human visual search performance,

e can easily and quickly be determined in situ, with only a few observers, and
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e does not depend on an unknown target location.

Visual target conspicuity has this potential [71]. Visual conspicuity refers to the discrepancy between the
visual signatures of a target and its local background. This discrepancy can arise from differences in size,
shape, luminance, color, texture, binocular disparity and motion. A target’s local feature contrast should
exceed the overall variation of the background to make it stand out and attract the observer’s attention. Note
that an object is not conspicuous per se, it is only conspicuous when it is sufficiently different from its
surroundings. It is evident that a target will be easier to detect when it stands out from its background, and
the more it stands out the quicker it will be found. It is therefore likely that visual conspicuity is the main
determinant of visual search performance.

Human visual saliency has been operationalized through the concept of ‘conspicuity area’, which is defined
as the spatial region around the centre of gaze where the target can be detected or identified in the
background, within a single fixation [72-74]. Geisler and Chou [75] showed that much of the variation in
search times are indeed accounted for by variations in the visual conspicuity area. Thus, visual conspicuity
determines human visual behaviour and performance when freely inspecting and interpreting images. Visual
conspicuity reflects the uncompromised physical, bottom-up distinctiveness of a target, and involves no
high-level top-down processes such as memory, task demands, attention and strategies.

Human visual target conspicuity has operationally been defined as the peripheral area around the centre of
gaze, from which specific target information can be extracted in a single glimpse [72-74]. Thus, for fixations
falling within this area, the target is capable to attract visual attention. The size and shape of the conspicuity
area have been measured for a range of static targets in static scenes [72-79]. The conspicuity area is small if
the target is embedded in a background with high feature- or spatial variability. The conspicuity area is large
if the target stands out clearly from its background. Importantly, in contrast to many saliency model
predictions, the conspicuity area is not only affected by the immediate target background surrounding the
target, but also by false/similar targets in the vicinity (the clutter). Psychophysical procedures for measuring
the conspicuity area are typically rather intricate and time consuming [72-75]. Here we define human visual
conspicuity as the maximum angular gaze deviation at which targets can still be distinguished from their
immediate surroundings. We previously developed and validated an efficient psychophysical measurement
procedure to quantify this concept [48,71,80-82]. Since saliency is reliably sustained in static stimuli [83],
the procedure can be used with full prior knowledge of the target and its location in the scene (which is an
advantage in test conditions in which it is difficult to move the target). The resulting saliency estimates
determine human visual search and detection performance in realistic and complex scenarios [48,71].

The conspicuity measurement procedure is as follows (Figure 6) [48,71,80-82]. First, the observer foveates
the target, to ensure that he has full knowledge of its location and appearance. This is especially relevant for
complex scenes were many details compete for the observer’s attention. Next, the observer fixates a point in
the scene that is both (a) at a large angular distance from the target location, and (b) in the frontoparallel
plane through the target. This initial fixation point should be sufficiently remote from the target so that it
cannot be distinguished at this stage. The observer then successively fixates locations in the scene that are
progressively closer to the target position, until he can perceive (distinguish) the target in his peripheral field
of view. The successive fixation points are along a line through the initial fixation point and the centre of the
target. The outward-in fixation procedure simulates free search without a priori knowledge of target
presence, and prevents hysteresis effects, which may occur for inward-out procedures. The angular distance
between the fixation location at which the target is first noted and the center of the target is then recorded.
The measurement is repeated at least three times. Subjects typically make a setting within one minute. The
mean of the angular distances thus obtained is adopted as the characteristic spatial extent of the conspicuity
area of the target, in the direction of the initial fixation point. The method requires some training since the
observers should acquire a stable detection criterium. After training, the procedure vyields reliable
measurements (for 3 repetitions the standard measurement error is typically less than 10%) with only few
observers (typically 3), and accounts for important visual effects like crowding [84] and lateral masking
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[71,85,86]. Although different observers may use different detection criteria, there is typically a high
correlation between their individual measurements [71].
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Figure 5. Schematic representation of the conspicuity distance concept and its associate
measurement procedure. Observers start a conspicuity measurement by first fixating at a
location (in the frontoparallel plane through the target) that is far enough removed from the
target so that it cannot be detected (a). Then they move their fixation towards the target until it
can be discriminated from its background (b). Target conspicuity is then defined as the distanc
x2 (in meters in the frontoparallel plane) between the target center and the fixation location at
which the target is first detected peripherally. The corresponding conspicuity angle ac can be

e

used as arelative measure to compare target conspicuity when all measurements are performed

at the same viewing distance d.
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Figure 6. Schematic representation of the conspicuity measurement procedure in a
photosimulation study. The subject initially fixates on the left edge of the screen, far from the
location at which the target appears (outside its visual lobe). The yellow crosses indicate the

successive fixation locations. The scan path is indicated by the red arrows. The blue circle
represents the target conspicuity area or visual lobe.

Depending on the criterion used by the subjects to assess a target’s conspicuity two types of conspicuity
estimates can be distinguished: detection and identification conspicuity [71]. Detection conspicuity
corresponds to the criterion whether the image structure in the target area differs noticeably from the local
background. In this case, previous target fixation merely serves to familiarize the observer with the location
of the target. The observer is explicitly instructed not to note the target features. Thus, detection conspicuity
is likely to reflect bottom-up saliency. Identification conspicuity corresponds to the criterion whether the
image details at the location of the target indeed represent the target or can actually be identified as the
target. In this case, the observer is explicitly instructed to use the target features in the discrimination task.
Thus, identification conspicuity also contains a top-down saliency component. This is probably the reason
why identification conspicuity predicts mean search time more closely than detection conspicuity, since both
tasks depend on a priori target information: an image detail is more likely to be fixated when it resembles a
target [48]. Identification typically requires a larger feature contrast than detection [87]. Thus, for a given
feature contrast, identification saliency is typically smaller than detection saliency. It was recently found that
detection and identification indeed involve different cortical mechanisms [87].

Visual conspicuity has for instance successfully been deployed to measure saliency of camouflaged targets
both in the lab (Figure 6) [9,47,48] and in the field [48,49], for the validation of simulated visual, near-
infrared and thermal imagery [88,89] (see Figure 7), and to assess the detectability of targets in thermal
imagery [49] (see Figure 8).

STO-MP-SCI-319 7-11



sal

Review of Camouflage Assessment Techniques organization

(c) (d)

() (h)

Figure 7. Real (left column) and simulated (right column) daytime (a-d) and nighttime intensified
(e-h) imagery of the test location. Conspicuity measurements were used to equalize the
detectability of the camouflaged person in the doorway between the real and simulated

conditions in daytime and at night [89].
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Summer\day\ 230 m

Figure 8. The conspicuity of camouflaged persons was measured in thermal imagery taken at
different distances (80 and 230 m) and against different backgrounds (left: deciduous trees;
right: pine trees).

2.4 Ranking experiments

In a ranking experiment, observers order images of competing camouflage designs in a particular scene,
from best to worst (Figure 9). Various techniques can be used to analyse the data, such as the Analytical
Hierarchy Process [90] or decision support tool such as MARCUS [91]. The ranking method is often used
for assessing and comparing different camouflage methods. A disadvantage of a search experiment is that
there is a certain amount of time that an observer spends searching in a non-interesting region and therefore
brings little useful information, adding noise. This is not the case for a conspicuity or ranking experiment. In
contrast with the conspicuity method (and search experiments), observers fixate the target in ranking
experiments. Therefore, it may capture the recognition process well (governed by foveal processes) but it is
unclear whether it realistically captures the detection process (governed by processes in the periphery, i.e.
properties attracting attention).

Figure 9. Soldiers performing a ranking experiment (left) on printed images (right; from [16]).
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2.5 Paired comparisons

When assessing camouflage effectiveness using the methods of paired comparisons (or pairwise
comparisons), image stimuli are presented in pairs, and the observers are required to select which image of
each pair contains the most distinct target [16,52,92-97]. For each trial in the method of paired comparisons,
every stimulus is paired with every other stimulus exactly once. By combining the decisions from all
observers, it is possible to estimate numerical scale values for the relative levels of perceived distinctness of
the different targets. The established method for generating numerical scale values for the stimuli is the Law
of Comparative Judgment (LCJ: [98]), introduced by Thurstone [99]. The LCJ is a set of equations relating
the proportion of times any given stimulus K is judged greater on a given attribute than some other stimulus j
to a scale ranking on the *“psychological continuum.”” The LCJ is based on the postulate that if a stimulus is
presented to a human subject, it excites a discrimination process that produces some output value on the
psychological continuum. It is also assumed that this value will not be exactly the same each time the same
stimulus is presented, but rather these values will form a normal distribution on the psychological
continuum. Efficient methods have been developed to design paired comparisons experiments [100,101] and
analyze the results [102-105]. Additional information can be obtained by having the observer indicate the
estimated difference in camouflage performance between the two stimuli. This information can be used to
derive a scalar camouflage metric [16]. Also, the measurement process can be speeded up by combining the
ranking method and limiting paired comparisons to those between nearby stimuli. While ranking and paired
comparisons yield similar results, precision is greater with the paired comparisons method [106].

2.6 Eye tracking

Eye movements can reveal information about the search process that is not immediately obvious from
reaction time analysis (Figure 10). Eye movement analysis has for instance shown that fixations on discrete
distractors are more frequent than fixations on parts of the background that are similar to the target, even
under conditions with high target-background similarity [107]. This finding suggests a biased search process
in which salient patterns segmented from the background are inspected while parts of the background that
are similar to the target are relatively neglected. Also, for high target-background similarities, foveal hit rates
are significantly higher and foveal detection times significantly lower than peripheral ones [55]. In the
literature over 120 different eye movement metrics have been presented [53]. It has been found that some
eye-tracking metrics (e.g., first saccade amplitude and fixation duration) can objectively differentiate
camouflage pattern conspicuity [54]. Also, several eye tracking metrics have been shown to correlate with
visual clutter [55,108] and its effects on human visual search [109-113]. Eye tracking [114-116]data can be
used to evaluate and tune the performance of target distinctness metrics [52,56] and visual saliency models
[113,117-124].
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Figure 10. Two search scenes (a,b) with corresponding fixation locations and scan paths (c,d).

2.7 Masked priming

Masked priming involves the very brief presentation of a target scene that is flanked by forward (preceding
the prime) and backward (following the prime) masks (typically in the form of a scrambled incoherent
version of the prime), followed by an empty screen with a probe in a right or left position that is either
congruent or incongruent with the target position (Figure 11). Between stimulus presentations the observer
fixates a cross in the middle of an otherwise blank screen. Participants are instructed to press a right or left
button in response to a right or left dot appearing on the screen, as quickly as possible without compromising
accuracy. Critically, masked priming presents the prime for such a brief duration that participants are largely
unaware of its presence or characteristics. The masked prime and brief exposure duration limit the extent of
processing, thereby revealing the influence of very early perceptual processes. In the experiments of Brunye
e.a. [57] participants were primed with camouflaged targets with variable conspicuity (as determined by
saliency maps, appearing on the left or right of the screen, and then made a speeded response to a dot probe
appearing on the same (congruent) or different (incongruent) side. The premise is that an exogenous shift of
attention (i.e., without eye movement) toward a particular region of space will cause faster responses to a dot
probe appearing in that same region of space, relative to it appearing in a different region of space.
Moreover, the priming effects will typically increase with target signature strength (i.e., they decrease with
increasing camouflage effectiveness). Masked priming has successfully been used to quantify the
performance of different camouflage patterns both relative to each other and to the background [57].
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Figure 11. Masked priming procedure.

2.8 Subjective blending opinion score

A subjective measure for camouflage effectiveness can be obtained by letting observers rate how well a
camouflaged target blends into (matches) its local background, using (Likert or Visual Analog) rating scales
[27,58-60]. This method is simple and efficient and can be applied both in the field (using score boards) and
in photosimulation studies (Figure 12). The advantage of photosimulation studies is that the same
camouflage measure can be tested against (inserted in) a range of different backgrounds [58]. The subjective
blending opinion score can also be used in a ranking paradigm [125].

worst
C.______________________________________________________ ]

1

Figure 12. Subjective blending rating procedure for a scene with an inserted camouflage pattern.
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3.0 COMPUTATIONAL EVALUATION METHODS

This section presents an overview of the various computational evaluation methods that have been used to
assess camouflage effectiveness (see also Table 1).

Table 1. Computational evaluation methods that have been used to assess camouflage
effectiveness, their associated metrics, (dis-)advantages and some example studies.

Example studies
Computational .
method Input Output Visual Thermal
Saliency Image Local image distinctness | [8,126-129] [130]
maps
Clutter metrics Image Global or local scene [38,51,131] [38,92,131,132]
complexity
Target signature Image Target-background [5,11,32,34,93,133] | [38,44,92]
metrics similarity/distinctness
Search models - Image - Mean search time [134]
- Scene - Cumulative detection
parameters probability

3.1 Saliency models

Human visual fixation behaviour is driven both by sensorial bottom-up mechanisms [135,136] and by
higher order task-specific or goal-directed top-down (cognitive) mechanisms [137,138]. Visual saliency
refers to the physical, bottom-up distinctness of image details [139]. It is a relative property that depends on
the degree to which a detail is visually distinct from its background [86]. Visual saliency is believed to drive
human fixation behaviour during free viewing, by attracting visual attention in a bottom-up way [140]. As
such, it is an important factor in our everyday functioning. Human observer studies have indeed shown that
saliency can be a strong predictor of attention and gaze allocation during free viewing, both for static scenes
[121,123,141] and for dynamic scenes [142]. Moreover, saliency also appears to determine which details
humans find interesting in visual scenes [143].

Based on the notion that being a local outlier makes a point salient, Koch and Ullman [136] introduced the
concept of a saliency map. A saliency map is a two-dimensional topographic representation of saliency for
each pixel in an image. Computational saliency models transform an input image into a saliency map in
which signal intensity corresponds to local image saliency. Over the past decade, many different algorithms
have been proposed to compute visual saliency maps from digital imagery (for reviews see [8,126,127]).
These algorithms typically transform a given input image into a scalar-valued map that represents local
image saliency [128,144,145] (see Figure 15). They can be broadly classified as biologically based
[6,136,146,147], purely computational [144,148-151], or a combination of both [128,152,153]. Biologically
based saliency algorithms typically use centre-surround absolute difference operators to compute local image
distinctiveness. Computational saliency algorithms can also take global image distinctiveness into account
[153-155]. Some algorithms detect saliency at multiple spatial scales [6,128,146,147,151], while others
operate on a single scale [148,149]. They either separately create individual maps which are then combined
to obtain the final saliency map [148,149,156,157], or they directly construct a feature combined saliency
map (Figure 14) [18,148,151]. Recently saliency algorithms have been extended to produce spatio-temporal
saliency maps for the analysis of dynamic imagery [142,155,158-165]. Other recent methods combine
saliency maps with other images features like local regularity [166], entropy [167] or linear features [168].
Only a few saliency algorithms have been validated with observer data [129,130].
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Where human observers look in images is often used as a ground truth estimate of image saliency [113,117-
124]. Saliency models can be used to predict human visual fixation behavior by successively moving the
focus of interest (Figure 13) between local maxima of the saliency maps (Figure 15), e.g. by using winner-
take-all or inhibition of return approaches [169]. However, objectively determining which of the many
available saliency models offers the ‘best” approximation to human eye fixations remains a challenge [170].
Not only do the different saliency algorithms produce widely different saliency maps (Figure 15), but there
are also many different evaluation metrics available that all produce different (ranking) scores [170]. Scenes
containing objects in textured and cluttered backgrounds are still challenging for most models [127]. As a
result, the saliency predictions produced by most models do not agree well with saliency as perceived by
human observers. What current models are missing is a close interaction between different modules like
object detection, segmentation, tracking, and categorization. Contextual information and prior knowledge
from other modules may enable an attentive system to obtain better, more useful regions of interest [126].
For instance, a pure top-down saliency model yielded better predictions of human visual fixation behavior
than a pure bottom-up or a hybrid model (see Figure 13).

(a) Human subjects (b} Top-down

(ch0.5 BU {d) Bottom-up

Figure 13. Comparison of human and model scan paths for different top-down and bottom-up
saliency map weightings (from [113]).
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Figure 14. Visual search scene showing a target vehicle in the center (a), saliency maps for color
(b), intensity (c) and orientation (d) and the overall saliency map (e). (f-h) First three fixations
when all individual saliency maps are weighted equally in the construction of the overall
saliency map. (i-k) First three fixations when color is neglected and only intensity and
orientation contribute to the overall saliency map.
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Figure 15. Visual search scene (a) with corresponding saliency maps produced by the
algorithms of [144](b), [171] (c), [172,173] (d), [165] (e), [153] (f), [6] (g), [155,174] (h), [159,175]
().
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However, most of these metrics reflect target relevance instead of target saliency [139], since the human
visual performance measures used in their construction (e.g. fixation order, subjective ranking, search and
detection time) involve high-level top-down processes such as memory, task demands, attention and
strategies. In most cases it is not bottom-up saliency, but the most ‘interesting’ or ‘meaningful” object in an
image that attracts attention [176]. In the presence of phase-dependent higher-order image features (e.g.,
lines, edges, symmetries), lower-order features only have a correlative effect on human fixation behaviour
[177-179]. Moreover, task demands override sensory driven (bottom-up) saliency [141,180-182]. It is only in
the absence of high-level features (e.g., in natural scenes where the global scene lay-out lacks diagnostic
properties) and prescribed tasks that lower-order features guide attention to some extent [178]. As a result,
bottom-up saliency models are limited in their ability to predict fixation behavior [141,181,183-187] (e.g.,
Figure 13). In realistic visual search conditions, top-down attention dominates, and people are rarely
distracted by visually salient but irrelevant items [183]. But even in free viewing conditions, when top-down
processing is minimal, bottom-up saliency models are poor predictors of human fixation behavior [188-191].

3.2 Global clutter metrics

Clutter metrics typically quantify either global or local image complexity. Image complexity (or the global
amount of clutter) depends on the number of its structural components, their heterogeneity, (e.g., a single
shape repeated vs. multiple distinct shapes), their regularity (e.g., simple polygons vs. more abstract shapes)
and the regularity of the arrangement of elements (e.g., symmetry, distribution characteristics; see Figure
16).

An object can be distinguished or detected visually when its retinal image differs in some way from the
image of its surroundings. The human visual system utilizes differences in size, shape, luminance, color,
texture, binocular disparity and motion to achieve this figure-ground segregation. A sufficient difference
between a target and its surround in any of these factors is sufficient to make a target stand out. Local feature
contrast should exceed the overall variation in a pattern to allow a target to stand out from its background
and be detected. For instance, Rosenholtz’s Feature Congestion clutter metric [192] is based on the
assumption that an object’s visual distinctness or saliency depends on the degree to which its local feature
contrast exceeds the local feature variation in a scene. Rosenholtz’s Subband Entropy clutter metric [193]
recognizes that visual saliency depends on the degree of organization of the scene in which the target is
situated. A highly organized (redundant) scene appears less cluttered. As a result, target conspicuity will
increase with increasing scene regularity. Rosenholtz developed a third measure of clutter (Edge Density
clutter) based on the finding that a target is more conspicuous when it is placed in an area with less detail
[193]. Bravo and Farid’s Scale Invariant clutter metric [194] was designed to predict the performance (mean
search time) of observers searching for non-salient targets with unknown features at unknown positions in
unstructured scenes and may therefore especially applicable to camouflaged targets. Another clutter metric
that is directly associated with the amount of detail in a scene is the Number of Proto-Objects (NPO) or the
number of image segments or super-pixels with similar intensity, color and gradient orientation features (the
proto-objects: [195]). Larger NPO values correspond to higher levels of visual clutter.

The Compression Ratio (CR) between the original (uncompressed) and (lossless JPEG or GIF format)
compressed file sizes is another computational measure that positively correlates with subjective image
complexity ratings ([196]). The file size of a digitized image is a measure of its structural information
content ([197]). Compression algorithms use image redundancy or predictability to reduce the file size, such
that more complex (or less predictable) images need more elements. Hence, larger compression ratios
correspond to larger perceived image complexity (higher clutter).
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Figure 16. A cluttered scene (left) versus an organized one (right).

3.3 Local clutter metrics

Local clutter metrics typically quantify the distinctness of a target by computing the structural (dis-)similarity
between the target and its local background [11,93]. A range of different local clutter (or target signature
distinctness) metrics have been proposed, such as the Mean Square Error (MSE: [54]), Contrast [52],
Average Co-occurrency Error [52], Doyle metric [95], Average Boundary Strength (ABS: [52,93]), the
Gabor Edge Disruption Ratio (GabRat: [61]), the Improved Co-Occurrence Matrix (ICOM: [38,198-201]),
the Peak Signal Noise Ratio (PSNR: [54]), the Probability of Edge (POE: [38,198,200-202]), the Universal
Image Quality Index (UIQI: [55]), the Target structural similarity metric (TTSSIM: [133]) and various other
texture measures [203,204]. While most of these target signature metrics are typically computed over the
entire image support using a sliding window, some metrics (e.g., the CAMouflage Assessment by Evaluation
of Local Energy, Spatial frequency and Orientation method or CAMAELEON [205] and the CAMouflage
EVAluation method or CAMEVA [5]) require the user to manually indicate a target and local background
region, making their results quite variable (highly dependent on the actual choice of the selected regions) and
unreliable (see Figure 17).

The NATO-RTO SCI-12 Working Group identified standardized camouflage assessment methods and target
signature metrics that are highly correlated with operational effectiveness [1]. They concluded that man-in-
the-loop assessment is the only robust and effective method to evaluate camouflage. Recent evaluation
studies agree with these previous findings, for instance that there is no clear relation between the output of
the CAMAELEON signature metric and observer ratings for camouflaged targets [32,34]. Although several
new methods have been introduced since the conclusion of this study (e.g., [10,11,61,166-168,204,206,207])
computational signature analysis methods still do not fully represent the range of significant visual and
cognitive processes driving target acquisition performance [34]. Some promising methods that appear to
reliably predict human visual detection of camouflaged targets are target-background similarity metrics like
Structural Similarity (SSIM: [133]), the Universal Image Quality Index (UIQI: [11]), and the Gabor Edge
Disruption Ratio (GabRat: [61]).
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Figure 17. (a) Search scene with (b) target in the middle. (c-f) Subjective manual definitions of
local target background (green: c,d) and target support (red: e,f). The definition of the local
background may be quite ambiguous (c vs d), while the accuracy of the target definitions may
vary highly between observers (e vs f).

3.4 Search models

Another approach to avoid field experiments is to predict human observer performance using a validated
search model. A range of computational models have been developed to predict the mean time a human
observer needs to detect a given target while visually inspecting a scene (e.g., ORACLE: [7,208], Visdet:
[209,210], ACQUIRE: [46,211-213]; for a review see [134]). These models use either imagery from the
scene in question (or a scene with similar characteristics) or a list of parameters describing the visual
characteristics of the scene (e.g., mean luminance of the target, of its local background, and of the overall
scene, the dimensions of both the target sector and the entire search sector, the dimensions of the
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instantaneous field of view, etc.) to predict cumulative target detection probability (Figure 18). Visual search,
however, is a very complex process that is not yet fully understood. This holds especially for visual search in
complex realistic scenes. As a result, computational models of human visual search are not yet sophisticated
enough to deal with all the factors that affect search performance, and the accuracy of their predictions is
very limited [1,134].
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Figure 18. (a) Search scene with military vehicle (in the center of the white box), with the
cumulative detection probability as measured in a human observer experiment (solid curves)
and the predictions by the ORACLE (b) and Visdet (c) search models (dashed curves; from
[214]).

7-24 STO-MP-SCI-319



Review of Camouflage Assessment Techniques

4.0 CONCLUSION AND DISCUSSION

In military operations signature reduction techniques such as camouflage nets, low-emissive paints, and
camouflage patterns are typically deployed to optimize the survivability of high value assets by minimizing
their detectability. Various methods have been developed to assess the effectiveness of these camouflage
measures. There are three main approaches to the evaluation of camouflage measures: (1) a subjective
approach through observer experiments, (2) an objective computational approach through image analysis,
and (3) an objective approach through physical measurements. Although subjective evaluation methods have
a direct relation with the operational practice, they are often difficult to implement because of time and
budget restrictions (these experiments typically require a lot of observers, repetitions and different targets
and backgrounds), or simply because the associated conditions are not safe for the observers. The objective
evaluation methods are typically based on the outcome of psychophysical laboratory experiments using
simple artificial stimuli, presented under extremely restricted (impoverished) conditions, and in different
experimental paradigms. Other objective methods are based on signal processing technigues and have no
obvious counterpart in human vision. Only a few attempts have been made to validate any of these objective
metrics against the performance of human observers in realistic military scenarios. As a result, there are
currently no standard and internationally accepted methods and procedures to evaluate camouflage
equipment and techniques, and to indicate their military effectiveness. Benchmark datasets (e.g., like the
Search_2 dataset [2]) containing imagery and associated human camouflage performance measures would
be useful to further develop, optimize and compare models that seek to predict camouflage effectiveness.
Furthermore, such datasets can be used to assess the fidelity of simulation techniques used in modelling
camouflage performance.

Camouflage assessment is typically performed in a limited number of controlled and static settings and
dynamic environmental aspects are largely ignored. As a result, it is not clear how camouflage performance
measured during evaluation studies translates to added benefits when used in military operations and
different settings. Hence, it is crucial that new camouflage design and evaluation procedures take military
strategies and contexts into account [215]. Thereto, a set of critical realistic operational scenarios and
contexts (e.g., ambush, patrol and hasty defense) should be established (in close interaction with military
experts) on which camouflage evaluation can be based. In addition, a set of benchmark data should be
collected according to these scenarios and contexts to afford the design and (comparative) evaluation of
camouflage assessment techniques and models. Such an approach should account for the operational and
dynamic aspects, as well the variability in context for different scenarios, and could for instance involve the
use of wargaming (e.g., VBS) and highly realistic photosimulation techniques [215]. Only few studies
address the effects of motion on camouflage effectiveness [16,49]. Fraunhofer IOSB developed the CART
(Camouflage Assessment in Real Time: [216]) system for camouflage assessment of static and moving
objects in multispectral image data, which addresses both the problems of moving camera and moving
objects.

In some conditions the added value of camouflage will be marginal (e.g., in dense forest) while in other
situations camouflage can make an important contribution to survivability. The investigation of camouflage
aspects that effectively enhance survivability should therefore be part of the evaluation procedure and should
be incorporated into models that seek to predict performance in a military context [215]. Aspects that
contribute little to camouflage effectiveness in certain scenarios or contexts should then be attributed less
weight in the overall rating of the design than aspects that contribute more significantly.

Camouflage development tends to follow sensor development. As a camouflage for a particular sensor is
developed and proved effective, new sensors are developed to counter the camouflage. Sensor and detection
system development is progressing in two directions: (a) miniaturization and extended wavelength
multispectral sensors and (b) active source/sensor systems [217]. Two areas of particular interest in
camouflage research at present are active (dynamic) camouflage [218,219] and multispectral universal
camouflage. Active camouflage is defined as a system that changes to match the environment in real time.
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Multispectral universal camouflage is still the holy grail of camouflage research. A recent review [220]
summarizes the state of the art.
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