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1 Introduction

Abstract. This research determines if there is an improvement in hu-
man observer performance, identifying potential weapons or threat ob-
jects, when imagery is presented in three dimensions instead of two
dimensions. The potential improvement in performance is quantified by
evaluating the change in the N5, cycle criteria, for this task and target
set. The data suggests that as much as a 30% improvement in range
capability may result from using 3-D imagery. The advent of affordable,
practical, and real-time 3-D displays has led to a desire to evaluate and
quantify the performance trade space for this application of the technol-
ogy. Imagery was collected using a dual-camera stereo imaging system.
A series of eight different resolutions were presented to observers in
both 2-D and 3-D formats. The set of targets consisted of 12 handheld
objects. The objects were a mix of potential threats or weapons and
possible confusers. For example, a cellular telephone and a hand gre-
nade are two such objects. This target set is the same target set used in
previously reported research that determined the Ny, requirements for
handheld objects for both visible and infrared imagers. © 2006 Society of
Photo-Optical Instrumentation Engineers. [DOI: 10.1117/1.2209650]
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priate to alter the performance goals for sensor technology
development and re-evaluate technologies for application to

The motivation for studying this area is a desire to evaluate
the use of three dimensional (3-D) imagery in antiterrorism/
force protection (AT/FP) or asymmetric threat imaging sce-
narios. It has long been recognized by the intelligence com-
munity that there is a significant performance improvement
for imagery analysts when using stereo pair 3-D imagery
for intelligence tasks.

There is a confluence of factors that have led to this
study. First is the development of a number of 3-D imaging
architectures practical for tactical applications.] Second is
the develogment of practical, inexpensive 3-D display
technology.” Third is the need to re-evaluate sensor tech-
nology development, which began prior to the USS Cole
bombing and September 11, 2001, in light of the increased
emphasis on AT/FP, military operations in urban terrain
(MOUT), and asymmetric threats (Chief of Naval Opera-
tions Guidance for 2005, Chief of Staff of the U.S. Army’s
Army Strategic Planning Guidance). The resulting suc-
cesses on the unconventional and conventional battlefields
of Iraq and Afghanistan indicate there is currently an over-
match in capability for these applications. However, the
postinvasion period in Iraq, and the emphasis on increasing
security capability at home [Department of Homeland Se-
curity (DHS) creation] and abroad indicate that it is appro-
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asymmetric threat environments.

The 3-D imaging ladar developed by Army Research
Laboratory’s (ARL) Electro-optics and Photonics division
is an example of these technologies. The Office of Naval
Research has shared the development cost of this sensor
technology with ARL, in an effort to create a multiuse sen-
sor technology, that is, to create a technology that will per-
form classic symmetric threat tasking, such as laser ranging
and tracking, and yet be capable of performing new tasks
appropriate to the AT/FP mission, such as long-range,
super-high-resolution, eyesafe, active imaging. In the asym-
metric threat environment, there is not the classic penalty
for actively illuminating objects/targets—giving away
camouflaged/concealed positions. While originally this sen-
sor architecture was developed for imaging under or
through foliage and camouflage netting (a classic symmet-
ric threat task), it appears to have great potential to be
applied to the AT/FP and asymmetric threat imaging envi-
ronment.

This research follows efforts at the U.S. Army Night
Vision Lab to determine the task difficulty metrics for dis-
criminating threatening handheld objects from nonthreaten-
ing ones. In 2003 and 2004 a series of experiments3 ~ were
conducted to evaluate the difficulty of discriminating these
targets/objects by performing human observer object iden-
tification perception experiments. The perception experi-
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Fig. 1 lllustration of horoptor.

ments were conducted with imagery from monochrome vis-
ible, midwave infrared and long-wave infrared sensors. All
of these sensors imaged in two dimensions. The significant
difference between this study and the previous ones was
that the imagery was collected in both 2-D and binocular
3-D modes.

The U.S. Army Night Vision and Electronic Sensors Di-
rectorate (NVESD) experiments used two sets of targets/
objects. The first set was objects held in two hands, e.g.,
rake or rifle, and the second set was objects held in a single
hand, e.g., cell phone or pistol. The result from the analysis
of the observer performance data is a task difficulty metric
called the cycle criteria, Nso. This value describes the num-
ber of resolved cycles across the object’s critical dimension
D;; required for an observer to have a 50% probability of
successful task completion. The value Ns is different for
the task and for the object set. Typical tasks modeled in the
military target acquisition community are detection, recog-
nition, classification, and identification. For example, it
typically requires approximately twice as many resolved
cycles on an object to identify it (T-62 tank versus M-1
tank) as it does to recognize it (tracked versus wheeled
vehicle). For a more detailed description of this modeling
process, and terms such as D and Ns,, see Ref. 6. In this
case the task is identifying the object, from an ensemble of
similar sized objects, which includes threatening and non-
threatening ones.

This experiment used the same handheld objects used in
the previous NVESD experiment. The previous experiment
was focused on handheld object discrimination for police
and force protection sensor design. This choice of object set
was to facilitate comparison of the results to the previous
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Fig. 2 Toed-in camera configuration.

work. The goal was to determine the value of 3-D imagery
to improve identification performance of observers tasked
to discriminate these objects. The analyses included com-
paring raw performance and derived N5, for the target
ensemble/task.

The following sections of this paper begin with a review
of the history of target acquisition modeling and a discus-
sion of the theory, followed by a description of the experi-
ment. The technique for calculating limiting frequency is
then described. Raw results are provided and the derivation
of the Ns, value is then given. Finally, a section describes
how Njsq is used in the target acquisition model to provide
probability of threat object identification.

2 Background: Target Acquisition Modeling

Currently, there is not an electro-optical system perfor-
mance model for the design and/or analysis of system per-
formance in the application of 3-D imagers used for target
identification. There are two well-established military im-
aging performance models: target acquisition7 and
surveillance/reconnaissance.® The surveillance and recon-
naissance model approach for 3-D object identification
would require the development of a National Imagery In-
terpretability Rating Scale (NIIRS) scale for asymmetric
threat objects and the development of a general image qual-
ity equation (GIQE) for these threats. In addition, the GIQE
has four parameters that must be calibrated for the equa-
tion. In contrast, the target identification model has been
shown to be successfully applied to various target sets.
Also, the only calibration requirement for application to
3-D object imagery is the determination of a 50% probabil-
ity of identification cycle criterion. This criterion, along
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with a minimum resolvable contrast (MRC) model for the
electro-optical system, enables the probability of object
identification to be calculated for any 3-D electro-optical
system. Therefore, the imaging systems mentioned above
could be evaluated for threat object identification using 3-D
imagery. In this research, we have initiated the experiments
to evaluate this 3-D imaging technology and its application
to this particular military task and derive cycle criterion for
threat object identification.

Johnson, of the NVESD, proposed the seminal hypoth-
esis for the U.S. Army’s target acquisition model in 1958.°
Johnson proposed that the ability of an observer to acquire
military targets in scenes was dependent on how well he
could resolve bar patterns of varying frequencies through
the device at the same contrast as the scene target-to-
background contrast.

Johnson performed the following experiment.lo Scale
models of eight different vehicles and one soldier were
placed against a bland background in the laboratory. Ob-
servers viewed the targets through image intensifiers, and
they performed detection, recognition, and identification
tasks. Air Force three-bar charts with the same contrast as
the scale targets were used to establish the limiting light
performance of the image intensifiers. By this means, the
maximum number of resolvable cycles across the target
minimum dimension was determined for each task.

It was found that the number of just-resolvable cycles
across the minimum dimension of each target required to
perform each task was within 25% of a fixed number of
cycles. For the particular set of targets used, 1.0 cycle was

Table 1 Processed image file naming convention/experimental
matrix.

Gaussian blur (pixels)

Image

type 15 24 33 42 51 60 69 78
2-D AA AB AC AD AE AF AG AH
3-D BA BB BC BD BE BF BG BH
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needed for detection, 4.0 cycles for recognition, and
6.4 cycles for identification. These cycle criteria (Ns) are
for a 50% success rate. In this manner, the ability of the
observers to perform target discrimination tasks was related
to their ability to resolve bar patterns.

Lawson, Ratches, Johnson, and others evolved a target-
acquisition, range-performance model based on Johnson’s
work.""™ In the more recent target acquisition models, the
square root of the target presented area was used rather than
the minimum dimension.'®'” This change had two virtues.
First, the original model used only the horizontal resolution
of the sensor to predict performance, whereas the newer
model used both the horizontal and vertical characteristics
of the sensor. Second, the improved range performance that
occurred when viewing a tactical vehicle from the side was
then predicted by the model. The original model was also
chanlg%l to incorporate the limitations of the human
eye.

The cycle criteria generally used today are based on ex-
periments with visible and thermal images of ground tar-
gets, aircraft, etc. The N5, values depend on the target set;

CTE/MTF
1
01
0.01 \\
0.001 T T .
o] 0.05 0.1 0.15 0.2
Cyc/mrad

Fig. 4 The effective CTF is the human CTF divided by the system
MTF. The limiting frequency that can be seen for a given contrast
occurs at the intersection of the CTF/MTF curve and the contrast
level.
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Table 2 Target characteristics.

Characteristic Characteristic Object size
Contrast Contrast dimension dimension observer space
average std. dev. average std. dev. (mrad)
Side view 0.253 0.094 121.0 31.3 37.2
Front view 0.205 0.074 107.2 31.4 33.0
All views 0.229 0.086 114.1 314 35.1

that is, N5 for recognition and identification increases if the
targets look alike and N5, decreases if the targets have dis-
similar shapes. Also, experience over the years seemed to
indicate that the cycle criteria varied with sensor type (ther-
mal versus image intensifier versus visible). However, the
experiment described here is the first quantitative compari-
son of Ns, in the application of 3-D threat object identifi-
cation.

The objective of this research is to derive N5, values for
3-D threat objects in the visible band. A threat object target
set (for testing in an identification task) was used with vis-
ible images, the images were blurred, and a perception ex-
periment was performed to determine the N5, values asso-
ciated with the target set. Note that the experiment was
performed for an ensemble of observers against an en-
semble of targets.

3 Theory: 3-D Vision

The binocular or 3-D visual system comprises a zone in
which both of the eyes pick up slightly different views of
the same scene and the brain is able to combine them to
create one coherent image. This zone is termed the horopter
and is comprised of the center of the “field of view” of the
eyes. Figure 1 depicts the theoretical horopter, in which the
stereo effect is visible.

Within this zone, the disparate images allow us to per-
ceive various cues such as depth, spatial locality, and dis-
tance. The name given to this appearance of the cues gen-
erated by this binocular disparity is stereopsis.

Capabilities to visualize stereo processes are not uniform
throughout the population. Every human has a subtle varia-
tion in interocular separation, which is the main factor af-
fecting the capture and processing of stereo images. For
this particular experiment we used a camera separation of
2.5 in., to simulate the average intereye separation for the
human.”® The potential for painful divergent stereo images
does exist in this case for persons with a smaller separation,
but a reasonable difference was selected for the study. A
toed-in camera configuration was used (shown in Fig. 2),
which resulted in some minor keystone affect; however, the
presence of incongruities in the sides of the images were
irrelevant as the objects themselves were present in the cen-
ter of the scene, thus mitigating any negative effects of this
particular camera configuration.

Stereoscopic research is fundamentally concerned with
the processes of detection and recognition. Previous studies
have proven the benefits of stereo camera configurations for
these tasks.”' However, little work has been performed in
terms of benefits of stereo in terms of object identification.
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In proceeding with this object identification study, the aim
is to establish a starting point for evaluating and modeling
the perceptual processes associated with stereo identifica-
tion tasks. The main perceived benefit for stereo vision in
object identification is the presence of volumetric cues in
the images. These cues give indications as to the shape,
features, and aspect of the object in question. These volu-
metric cues are what ultimately cause the images to “pop”
out at the observer and are notably helpful in object detec-
tion tasks. A second, more obvious, benefit is the addition
of a second image to the observer. Given the shift-variant
nature of imagers, the presence of a second image gives a
different picture of the scene altogether. This second scene
may in turn provide additional useful information to the
observer that can be used to positively identify the target.

4 Imagery Collection and Preparation

Twelve handheld objects were used in this experiment,
where the objects are shown in Fig. 3. From top left to
bottom right, the objects were a brick, camera, cell phone,
flashlight, grenade, pistol, knife, coffee cup, personal digi-
tal assistant, rock, soda can, and a radio.

Both 2-D and 3-D imagery was obtained of these 12
targets for two aspects. The first aspect was normal to the
hand as shown in Fig. 3. The second aspect was parallel to
the hand (at a right angle to the objects shown). All of the
images were taken in the visible band and were obtained
with a Canon E60 high-resolution camera. The image size
was 2048 by 1360 and the images were taken outside with
natural illumination. The images were obtained in color, but
were converted to gray scale for the experiment and down-
sampled to 768 by 512 image elements.

The images were prepared, sorted, and named for the
experiment using the experimental matrix shown in Table
1. Each of the 12 targets, imaged from two aspects, was
blurred to various levels of blur ranging from
15 to 78 pixels. For example, the 24 images in cell “BF”
were 3-D and had been convolved with a Gaussian blur
60 pixels in width. Each cell in the experimental grid con-
tained 24 images with a common level of blur. The overall

~1 meter ~1 meter

Fig. 5 Perception experiment hardware layout.
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Fig. 6 Probability of object identification versus blur—all 10
observers.

experimental matrix included 384 images (12 targets X2 as-
pectsX8 blurs for both 2-D and 3-D). The blur was im-
posed on the images with a Gaussian function that was
convolved with the images. This simulates increased range
or concurrently decreased resolution on target. Equation (1)
is the functional form of the Gaussian,

[2, . 2\2
f(x,y)=exr>{— w(%) ] (1)

where b is in pixels. The number of pixels associated with
each blur, in the experimental cells of Table 1, is given
across the top of the matrix. The images were not presented
to the observers in groups of the cells shown. The entire
array of 384 images was randomized so that the observers
did not tire of a particular blur level.

5 Performance Modeling

The experiment performed in this research included no
temporal noise and the limiting frequency of each process
was determined by the contrast threshold function (CTF) of
the eye and experimental blur imposed on the imagery. The
CTF changed with average display luminance and spatial
frequency. For the CTF equation, which is an empirical fit
to an ensemble of observers, see Ref. 18. The reduction in
contrast by the experimental blur included both the modu-

100.0%
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Resolved cycles on target

Probability of Identification

Fig. 7 Probability of object identification versus resolved cycles on
target—all 10 observers.
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Fig. 8 Probability of object identification versus blur—6 observers
with proven 3-D perception (3-D performance better than 2-D
performance).

lation transfer function (MTF) from the blur described in
Eq. (1) and the MTF of the monitor. The effective system
CTF was the human contrast threshold function divided by
the blur and monitor MTFs. An observer distance of 40 in.
(101.6 cm) was measured and an average display lumi-
nance of 5 fL. was obtained. The image size was 25.1 by
14.9 cm on the monitor. The average contrast of the targets
was 0.23 and the average characteristic dimension was
114 pixels.

Figure 4 shows an example CTF of the system in the
experiment. The blur associated with the eye is manifested
in the human CTF. The spatial frequency given is associ-
ated with eye space. The dashed line shows how the limit-
ing frequency is determined for a contrast of around 0.23.
The point where the effective system CTF matches the tar-
get contrast gives the limiting frequency that can be seen
across the target image. The number of cycles that can be
resolved across the target dimension can be determined by
multiplying the limiting frequency in cycles per milliradian
by the characteristic dimension of the target in milliradians
(i.e., pixels converted to milliradians in eye space).

The target contrasts were measured by segmenting the
object and the background in the unblurred source images.
Characteristic dimensions were developed from the square
root of the object size in pixels and were converted to ob-

100.0% =
90.0% === e

80.0% poow
70.0% N

60.0% Ry

50.0%
40.0%
30.0%
20.0% ——2D
10.0% - -m= =3D—
0.0% } |

10 20 30 40 50 6.0 70 80 9.0 100

Resolved Cycles on Target

Probability of Identification

Fig. 9 Probability of object identification versus resolved cycles on
target—6 observers with proven 3-D perception (3-D performance
better than 2-D performance).
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Table 3 Results summary for all 10 observers.

Resovled Blur

cycles width Difference
on target (pixels) 2-D 3-D (3-D-2-D)
9.1 15 90.9%  95.0% 4.1%
5.8 24 85.5%  88.2% 2.7%
41 33 76.8%  79.5% 2.7%
3.3 42 69.1%  78.2% 9.1%
2.8 51 58.6%  63.2% 4.5%
24 60 51.4%  49.5% -1.8%
2.0 69 47.0%  45.5% -1.5%
1.9 78 41.4%  42.9% 1.5%

65.1% 67.8% 2.7% averages

server space using the monitor characteristics and viewing
distance. Details of how to process the imagery and calcu-
late the values and examples are given in Ref. 18. The
resulting values for the ensemble of targets used in the
experiment are provided in Table 2. The contrasts and char-
acteristic dimensions/sizes (square root of total pixels) are
averages for the 24 image set, which had front and side
aspects for each of the 12 targets. The size is converted
from linear image space in pixels to object space in millira-
dians and shown in the last column. These values were then
used with the CTF/MTF curve, shown in Fig. 4, to deter-
mine the resolved cycles on target for each of the blur
levels used in the experiment (and shown along the x axis
of the results plots). The number of cycles that could be
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Fig. 10 Probability of ID (2-D) versus resolved cycles on target and
the target transfer probability function curve for the model.

resolved on the objects at the blurs of 15, 24, 33, 42, 51, 60,
69, and 78 pixels were 9.1, 5.8, 4.1, 3.3, 2.8, 2.4, 2.0, and
1.9 cycles, respectively.

6 Perception Experiment (2-D/3-D Display)

Two orthogonally mounted mirrors allowed the simulta-
neous viewing of two monitors and provided the 3-D im-
agery capability. First surface mirrors were used to avoid
ghosting effects for the observers.

The monitors used for the experiment were Cornerstone
Color 50s, which were calibrated to provide the same con-
trast. The monitors were placed approximately 2 m apart
(1 m from the central mirrors, as shown in Fig. 5) to reduce
the distortions, which resulted in severe keystoning at
closer distances. The wrapping effects, visible at the shorter
distances, were not as pronounced and were removed en-
tirely by shrinking the buttons on the interface so they only
occupied the width of the image plane.

To develop an impartial comparison for stereo versus
single image experiment, several factors were taken into

Table 4 Results summary for observers with better 3-D than 2-D performance.

Resolved Blur
cycles on width Difference
target (pixels) 2-D 3-D (8-D-2-D)
9.1 15 88.6% 94.7% 6.1%
5.8 24 82.6% 89.4% 6.8%
4.1 33 72.7% 78.8% 6.1%
3.3 42 67.4% 78.0% 10.6%
2.8 51 53.0% 59.8% 6.8%
2.4 60 47.7% 50.8% 3.0%
2.0 69 42.7% 44.5% 1.8%
1.9 78 35.5% 42.7% 7.3%
61.3% 67.3% 6.1% averages
Optical Engineering 063202-6 June 2006/Vol. 45(6)
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Table 5 Range performance improvement.

2-D 3-D
Nso 25 2.1
Nao 95 6.2

account. First, the images were presented in comparable
resolutions for both the stereo and the 2-D case. In this
experiment, the image size was accomplished purely by the
construction of the stereo viewing apparatus. Two monitors
were used and no truncation was performed on the images
for display purposes (row interleaving, lenticular overlay,
etc). This inherently allowed for both the stereo and 2-D
images to be presented at the same resolution with no al-
teration. Subjects were also tested for stereo acuity before
participating in the experiment. A series of pristine stereo
images were presented to the observers to test their capa-
bilities with regard to viewing stereo pairs. Time was also
taken to allow the observers to adjust the viewing mirrors
and monitors for optimum comfort and viewing.

The images were presented in a random fashion. That is,
stereo and 2-D images were intermingled and both sets
were viewed by the observer throughout the course of the
test. Two different aspects were selected for each object, a
front view and a side view. To minimize uncertainties, the
same set of images (offset by different margins since four
stereo pairs and five 2-D images were captured per target
per aspect) were used in the test. This minimized uncertain-
ties in analysis by removing uncertainties associated with
differing levels of occlusion between differing levels of
blur on stereo pairs of the same object.

7 Results and Analysis

The results from the observer perception experiments are
presented in Figs. 6 and 7. Respectively, they are probabil-
ity of identification as a function of blur in the image (di-
rectly analogous to range or resolution) and probability of
identification as a function of resolved cycles on target.
This second form is important, as this takes into account
the target size and contrast presented to the observer, and
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Fig. 11 Probability of Identification (3-D) versus resolved cycles on
target and the target transfer probability function curve for the
model.
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Table 6 Results of 2-D range performance compared to previous
work.

Experiment Nso
MSS Passive Sensors Conf. 2003* 2.1
Optical Engineering paper® 3.77
This effort 2.5

hence the independent variable is not experimental condi-
tion or setup-dependent. In other words, these results can
be used by others.

It should be noted that there is an improvement in per-
formance from 2-D to 3-D shown in Figs. 6 and 7. How-
ever, it is not a large improvement. This is especially the
case if the improvement is interpreted to be an increase
(“shifting up”) in the probability direction. This interpreta-
tion can be misleading. A more significant approach is to
choose the 90% probability of correct identification line.
While we calibrate the model performance using 50% prob-
ability, it is actually more meaningful to evaluate the im-
provement at 90%, which is a tactically relevant perfor-
mance goal. The 2-D imagery, from Fig. 7, requires 8.5
resolved cycles on target to achieve 90% probability. The
3-D imagery, on the other hand, required 6.5 cycles on tar-
get to achieve 90% probability. This equates to a range
performance improvement of approximately 30%, which is
significant.

During the conduct of the experiment, it was noted by
some observers that they had trouble perceiving the 3-D
effects. These observers related that they only perceived it
on what seemed to be a few of the images. As the experi-
mental setup was not optimal for high-performance 3-D
display, this result was foreseen prior to conducting the
experiment. We had three available approaches to display-
ing 3-D imagery, and this one was evaluated as the best
option for displaying 2-D and 3-D with the same resolution
and display characteristics to enable direct comparison of
the results. Consequently, the data was sorted according to
performance to determine which observers did perceive
3-D consistently. Four of the 10 observers did not perform
as well with 3-D as they did with the 2-D imagery. The data

0.9 “\\\
0.8 =

0e TSN N

T 0. 3

T o5 T~ "\
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0.3 ——MSS 2003
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Fig. 12 Comparisons to previously reported results of probability of
ID versus equivalent blur.
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was additionally analyzed to look at just the results from
the six observers with equal or better 3-D than 2-D perfor-
mance. This is based on the premise that performing sig-
nificantly worse at 3-D identification than 2-D identifica-
tion indicated the observer’s visual system was not
reconciling the two views—he was seeing double and
hence degrading his performance. These results are shown
in Figs. 8 and 9. Like Figs. 6 and 7, Figs. 8 and 9 are
probabilities of identification versus blur and resolved
cycles on target, respectively.

The improvements in performance noted here are more
significant than in the total data set, as expected. As all the
observers were tested for depth perception, the fault is at-
tributed to the hardware used to display the imagery and the
experimental setup. One of the observers, a naval aviator
and former intelligence imagery analyst, noted that he had
used light tables and stereo intelligence displays (Joint Ser-
vice Imagery Processing System) for imagery analysis/
mensuration operationally and never had a problem per-
ceiving depth using stereo pair imagery. In this case,
however, he noted some difficulty.

These results are summarized in tabular format in Tables
3 and 4. These are for the entire observer ensemble and
those that had better 3-D than 2-D performance (6 of 10).

The performance curves from the probability of identi-
fication in both 2-D and 3-D cases were used to determine
the N5, results for use in a target transfer probability func-
tion (TTPF). The TTPF used in this case is given in Eq. (2).
This type of equation is used with the ACQUIRE model
methodology in field performance by wargaming modelers
when running engagement analyses. A minimum mean-
squared-error methodology was used to determine the Ns,
for this case. The resulting curves are shown in Figs. 10 and
11, for the ensemble of six observers with good 3-D per-
formance, for the 2-D and 3-D cases, respectively. Addi-
tionally, the improvement in range performance is summa-
rized in Table 4. The summary result shown in Table 5 is
approximately a 30% improvement in range performance
for the 90% probability of identification case.

(N/NS()) 1.73

1 + (N/Nsp) - @

Pip(N) =

These results shown in Table 5 were compared with the
results from those previously reported > This comparison
is shown in Fig. 12 and Table 6. The 2-D data from this
experiment was used. There was a significant difference
between N5, noted. Subsequent investigation revealed that
the Military Spectral Sensing (MSS) conference paper ef-
fort and this paper’s effort both segmented and defined the
target as the object and any portion of the fingers or hand
that overlapped the object. The SPIE Defense & Securlty
(D&S) 2004 conference paper’ defined the object to in-
clude the hand up to the wrist. The resulting characteristic
dimensions are larger, hence the N5, values reported are
larger. A check of the relative sizes/Ns, values shows that
they are essentially equivalent. Either method of defining
the target works; as long as the engineer uses the larger N5,
of 3.8 and includes the hand to the wrist or the smaller N5
and just the object dimensions, the resulting predictions are
the same. The MSS 2003 effort* used only the object (not
the hand) for determining critical dimension. The slightly
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lower number (2.1 versus 2.5) is accounted for as this was
a different set of handheld objects, which were slightly
easier to discriminate. The set used in this experiment is
nearly identical to the set of objects used in the D&S 2004
conference paper.

8 Conclusions and Future Efforts

In conclusion, we believe the results indicate 3-D imagery
can provide significant improvement in range performance
for the identification of threat objects held in a single hand.
The results presented here may prove to be useful in evalu-
ating the desirability of adding the third dimension to im-
agers for MOUT or AT/FP applications.

There were significant indicators that the performance of
our display architecture prevented some of the observers
from perceiving the benefit of 3-D imagery. Initial indica-
tions are that further time and resources should be invested
to examine the issue in more detail. However, the results
reported here show that there are some benefits associated
with 3-D imaging. Further experimentation is required to
quantify the benefits associated with different architectures.
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