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ABSTRACT The effectiveness of using the simulated synthetic aperture radar (SAR) images of military
targets in databases for automatic target recognition (ATR) is widely known. However, for simulated target
images to be useful, they must be sufficiently similar to measured images; otherwise, they can degrade ATR
performance. Two factors affect the quality of simulated SAR images: precision of the associated computer-
aided design (CAD) model of the target and the accuracy and speed of the numerical techniques used to solve
the electromagnetic problems in SAR image generation. In this study, a method for the 3D CADmodeling of
the target is proposed; this method can be usedwhen direct access to the target is not feasible and only indirect
information is available. Further, a bistatic image formation concept based on the shooting-and-bouncing-ray
technique is adopted; this concept helps achieve an accuracy comparable to that of the monostatic method.
Moreover, it helps achieve a highly enhanced computation speed. In combination, these proposals provide
an efficient and fast method to generate a database of simulated SAR images that can effectively support
ATR activities. We demonstrate the effectiveness of the proposed method by comparing the simulated SAR
images with the measured ones using structural similarity as a similarity measure; further, we evaluate the
recognition rate obtained with the simulated images. We show that the used similarity measure bears a strong
relation with the recognition rate, which is an aspect that may further contribute to considerable time savings
when validating and refining simulated image databases.

INDEX TERMS Bistatic image formation, CAD modeling, computational electromagnetics, indirect target
information, SAR database, SAR target recognition, simulation, similarity measure.

I. INTRODUCTION
The capability to detect and recognize ground targets with
high speed and accuracy is a critical element to dominate
battlefields and understand the movements and intentions
of enemies. Therefore, an increasing number of countries
have been developing or purchasing synthetic aperture radar
(SAR) image acquisition sensors for military intelligence.
SAR is a microwave sensor; it is a very important and effec-
tive asset because it can collect target images day and night
and under almost all weather conditions.

The majority of studies that focus on SAR automatic target
recognition (SAR-ATR) utilize the moving and stationary
target acquisition and recognition (MSTAR) dataset for the
development and test of their target detection or recognition
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algorithms [1]–[7]. The MSTAR dataset comprises target
SAR image chips obtained and released under the United
States (US) Defense Advanced Research Project Agency and
the US Air Force Research Laboratory (AFRL) MSTAR
program [1]–[5], [8]. Thus far, only two datasets of ground
target SAR images are recognized to possess measured
images that can be used as a database for SAR-ATR: the
MSTAR dataset collected by the US AFRL and a real field
dataset measured by the United Kingdom QinetiQ [5]–[7].
Between these datasets, the former is the only one released
to the public, and it has been used by many researchers
in several countries for the development of target detec-
tion and recognition algorithms. However, each country has
different targets of interest, and these targets may operate
under different environments and be monitored via different
SAR sensors that collect images with different measurement
parameters. Thus, each country needs to generate its own
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target databases suited to their own military scenarios or
requirements.

Acquisition by measurement is almost impossible when
attempting to generate a target database for ATR require-
ments because many targets can belong to potential enemies.
Therefore, a method for predicting SAR images by applying
computational electromagnetics (CEM) methods to highly
sophisticated three-dimensional (3D) computer-aided design
(CAD) models of the targets has been developed as an alter-
native [9]–[13]; further, this alternative method can cope with
various operating conditions [14]. The existence of accurate
and detailed 3D CAD models of targets and well-designed,
verified, CEM algorithms are critical elements for using this
simulation method to construct a target database. If the real
targets are accessible, highly accurate 3D CAD models can
be obtained by scanning them with a high precision 3D
laser scanner. If real targets or detailed 3D blueprints are not
accessible, then indirect information such as 2D drawings,
photos from various angles, video clips, or plastic models of
the targets can be used in combination to reverse-engineer
the 3D CAD models of the targets to ensure that they are as
similar as possible to the actual shapes and dimensions of the
targets [13], [15]. By applying appropriate CEM algorithms
to those CAD models, a target database for SAR-ATR can be
obtained with data from all aspects and depression (elevation)
angles.

For our objectives, we need a simulation tool with rea-
sonable accuracy and fast computation to generate SAR
images of ground targets that are relatively small objects
compared to ships; in addition, the SAR images should simul-
taneously include background reflection. Among the several
CEM approaches, asymptotic methods such as shooting-and-
bouncing-ray (SBR) have been developed to address elec-
trically large problems. The SBR is considered the most
efficient radar cross section (RCS) prediction method given
its short computation time and reasonable accuracy. Although
SBR can produce fast estimates of the scattered field, includ-
ing multiple scattering, the computation time increases with
an increase in the complexity of the problem. To address this
issue, several solutions that aim at minimizing the number
of operations required for ray tracing have been proposed.
These solutions include multiresolution SBR (MSBR) for
minimizing the number of initial rays and subdividing space
into an octree structure [16]–[18]. For further reduction in
computation time, we employ a bistatic method based on the
SBR approach. This method provides an accuracy compara-
ble to that of the monostatic method but with a considerably
improved computation speed [19], [20].

The validity of the SAR simulation algorithm and/or tar-
get CAD models can be verified by executing classification
algorithms and checking the target recognition results. How-
ever, in the initial stage of constructing a database for which
the validity has not been proved, this approach is time and
labor consuming because it requires retraining the classifier,
measuring the target recognition test results, and performing
multiple iterations of updating the simulation process until

the aimed recognition rate is achieved. Therefore, we use
a similarity measure to determine the similarity between
images; this is directly related to the recognition rate between
two targets—for only several representative targets because
we cannot obtain measurement data for all targets—before
setting up the target simulation process. Therefore, to achieve
a high recognition rate by ensuring that the simulated images
are as similar as possible to the measured ones, an image-
based similarity measure is employed. This measure should
be correlated with the recognition rate to avoid repeating the
recognition tests as described above.

FIGURE 1. Flow chart of the validation process (a) Without similarity
index (b) With similarity index.

Fig. 1 shows the flowchart that demonstrates the procedure
to validate the simulation process. The procedure involves
target CAD modeling, CEM algorithm, and the similarity
measure shown in Fig. 1. The conventional process for mod-
ifying CAD models and CEM codes with the recognition
test results are shown in Fig. 1(a), and the proposed method
is shown in Fig. 1(b). This procedure is not employed for
constructing the database itself; however, it is used to set the
process to create more accurate CAD models and simulation
methods using measured and simulated images pairs.

The key contributions of our work are summarized below:
• We proposed a target CAD modeling method that uses
the indirect information of the target for SAR target
recognition. The effectiveness of themethod is shown by
calculating the similarity measure and recognition rate,
wherein simulation images generated with the models
created using indirect information and MSTAR mea-
surement images are used.

• We achieved the fast generation of target SAR images by
adopting the bistatic image formation method in SBR.
This method is proved to be successful for constructing
a reliable target dataset using the dataset as the test data
and the MSTAR dataset as the training dataset for the
recognition tests.

• We adopted structural similarity (SSIM) to inspect
the similarity between the simulated images and the
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measured images, and it was proved to be an effective
and efficient method based on its relevance to recogni-
tion rate.

The remainder of this paper is organized as follows. The
related work is reviewed in Section II. The target SAR image
generation process is presented in Section III. The appropri-
ated similarity measure between the simulated and MSTAR
images is discussed in Section IV. The experimental results
are presented in Section V. Finally, the conclusions of this
study are provided in Section VI.

II. RELATED WORK
There are several papers related to the development of
target detection or recognition algorithms with better per-
formance or CEM methods with higher speed and bet-
ter accuracy for SAR image generation. In contrast, there
are almost no studies on the entire process for building a
target database for SAR-ATR—from creating detailed 3D
CAD models to generating SAR images including validation
methods—that are open to the public. Although the target
database is a critical element for ATR research, studies on
systematic database construction and on validation methods,
which is very important when implementing an ATR system
with good performance, are lacking. Unlike electro-optic
(EO) images, there is a lack of measured SAR images espe-
cially for military targets, which is a reason why the simu-
lation method is indispensable for constructing a database.
There are many SAR simulation tools such as XPATCH,
RaySAR, CohRaS R©, SARViz, MOCEM, SARAS, SARSim,
and SE-Workbench-EM. All these tools have their strengths
and weaknesses because they were developed for different
applications.

XPATCH, RaySAR, and CohRaS R©are simulators based
on the ray-tracing method [21]–[23]. XPATCH is an EM
computer prediction algorithm based on the SBR technique
for predicting RCS, time-domain signatures, SAR images,
and 3D scattering centers of realistic 3D vehicles [21].
RaySAR focuses on local urban scenes imaged using very
high-resolution SAR sensors and on the geometric correct-
ness of the simulated signals; further, it has been made avail-
able to SAR community since 2016. It has some limitations
including simplified reflection models, absence of a polari-
metric aspect, and incompleteness of diffuse signal reflec-
tions, which make it unsuitable for target recognition [22],
[24]. CohRaS R©is a coherent SAR image simulator that uses
a narrow-beam approximation; that is, it does not create raw
data. Further, it uses ray tracing, geometrical optics (GO),
and physical optics (PO) to simulate the reflectivity maps of
a 3D model by considering random scatterers. CohRaS R©is
used to capture many small images quickly, which is required
for target classification purposes [23], [24]. SARViz is a
real-time simulator that adopts rasterization implemented on
graphics processing units, and this leads to very fast calcula-
tions with accuracy limitations because rasterization cannot
appropriately manage multiple bounces [24], [25]. MOCEM
was developed to generate images of infrastructures and other

large objects such as ships; its concept relies on an EMbehav-
ior model instead of rigorous EM computations. The process
is not based on the usual RCS codes; instead, it is based on
the estimation of the EM effects that have been observed on
measurements of the object. Therefore, the images it gener-
ates appear slightly different from the measured ones [26].
SARAS is a SAR raw signal simulator, and it computes a
reflectivity map that relies on the EM polarimetric model
of an extended 3D scene [27]. Its most-recent improved
version, Pol-SARAS, can simultaneously produce the raw
signals of different polarizations for extended natural scenes
in a time-efficient manner [28]. SARSim predicts reflected
signals from clutter and targets (stationary and moving) in
the time domain, which allows direct and intuitive simula-
tions [29]. SE-Workbench-RF is a solution dedicated to the
simulation of raw data of large-scale environments including
complex targets. SE-RAY-EM is the rendering module of
the SE-Workbench-RF, and it is based on ray tracing and
asymptotic methods such as GO, PO, and the equivalent cur-
rent method [30]. It is a useful tool to generate SAR images
of large scenes that include airports, trees, and buildings;
however, the fidelity of the accurate RCS calculations of
complex small targets is yet to be validated [31].Most of these
prediction tools (besides MOCEM and SE-Workbench-EM)
are commercially unavailable, given that these types of tools
are typically dedicated to military use. The characteristics of
the abovementioned simulators are summarized in Table 1.
Because some of them are developed for entirely differ-
ent purposes, they have different strengths based on their
intended applications.

Target SAR images predicted by a simulation method need
to be checked to determine whether they are sufficiently
similar to the measured ones when using them as a database.
Although there exist research studies related to this topic that
employ the abovementioned simulation tools, only a few of
these studies focus on the validation of the simulation pro-
cess even if we constrain the validation to only image-level
comparison with measured images [12], [32]–[34]. There are
relatively more studies on developing simulation methods
and analyzing results with the recognition rate using images
generated by simulators [8], [35], [36].

Image similarity (IS) assessment is closely related to image
quality (IQ) measurement in that the quality is based on
apparent differences between a degraded image and the origi-
nal image [37]. Several metrics have been proposed to assess
IQ; further, there are several approaches to group these IQ
metrics. Silva et al. [38] proposed dividing full-reference IQ
metrics into four groups and compared their performance via
extensive evaluations of the metrics using public databases.
Their results indicated that none of the image metrics achieve
high performance on the various databases that include a
wide range of distortions. This implies that some metrics
achieve better performance than others for specific databases.
Because SAR images have characteristics that are different
from those of EO images, IS metrics should be selected
carefully for comparisons between simulated and measured
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TABLE 1. Characteristics of simulators.

images. Therefore, the SSIM index—widely used in many
full reference IQ assessments for over two decades as a
grayscale metric—is adopted as a similarity measure for
validation. The SSIM index considers the structural feature
of images and the image luminance and contrast, which is
an aspect that differentiates it from other similarity mea-
sures [39], [40]. This index is used to quantify the visual
quality of a degraded image when compared with the original
image, and it achieve great performance as a similarity mea-
sure across distortion types with considerably high accuracy
and monotonicity [40]. This is presumably why it is occa-
sionally adopted for the evaluation of simulated target SAR
images [32] or for target recognition [36]. One study used
other similarity measures such as mean absolute deviation,
root mean square distance, and normalized cross correlation
using the simulated and measured paired and labeled experi-
ment dataset as a companion to theMSTAR dataset; however,
the experiments were constrained and did not suggest the
relevance to the recognition rate [34], [42].

III. TARGET SAR IMAGE GENERATION USING INDIRECT
INFORMATION
A target database used for classification requires full images
from all aspect angles and at multiple depression angles,
as indicated in Fig. 2. Further, these images should contain
many targets—both friendly and potentially hostile—with
multiple polarizations and various frequency bands, and it
should even consider target articulation, obscuration, and
possible variants [43], [44]. If changes in the environ-
ment or target appearance are considered, constructing a
target database via only measurement becomes an almost
impossible task. Therefore, simulation methods using CEM

FIGURE 2. Target SAR images at all aspect angles and several depression
angles of interest.

tools that operate on target 3D CAD models are considered
good alternatives for the measurement, although there are
difficulties associated with the level of agreement between
the target 3D CAD models and the shape and dimensions of
the real targets when they are not directly accessible.

A. 3D CAD MODELING USING TARGET INDIRECT
INFORMATION
When targets of interest or their 3D blueprints are accessible,
high-fidelity 3D CAD models can be produced easily. If the
targets are not accessible, indirect information—such as 2D
drawings or photos from multiple aspects—can be used to
reconstruct their 3D shape. To demonstrate the effectiveness
of the process proposed in this paper, a 3D CAD model of an
LVT-P7 vehicle created with laser-scanned data is used as a
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FIGURE 3. 3D laser scanning method.

FIGURE 4. LVT-P7 3D CAD model made with laser-scanned data.

reference for comparison with the CADmodel produced with
indirect target information. We selected the LVT-P7 vehicle
as a test target because we have direct access to one specimen
(i.e., it is displayed outdoors and is open to the public),
and therefore, we could collect both laser-scanned data and
2D information such as target dimensions and pictures from
various aspects.

Fig. 3 shows the laser scanning process of a target while
avoiding data loss. A highly detailed CAD model of the
LVT-P7 is shown in Fig. 4. Fig. 5 shows the types of indirect
target information that can be used for 3D model reconstruc-
tion when we do not have direct access to the target. This
includes internet models that can be made available in the
online market; however, it often has inaccurate shape infor-
mation, plastic models, 2D drafts, and pictures of the target.
Fig. 6 shows dimensions and a 2D draft of the target (on the
left), pictures with four different aspects (in the middle), and
a 3D CAD model produced from that information (on the
right). A CAD modeling process with indirect information
is described in Fig. 7. By arranging and resizing photos and
2D drafts, an initial shape is created and a wireframe model is
generated from the shape. Next, a surface model and 3D solid
model are reverse engineered. The modeling of the detailed
parts is added by carefully examining the photos. A target
3D CAD model is created by combining size information,
internet models, laser-scanned model of a plastic model used
to build the initial 3D shape model, photos, movie clips (used
to refine the rough model in terms of size and shape while
adding small parts usually omitted in simple models). How-
ever, given that the similarity with the original shape needs to
be ensured, it is necessary to develop methods to compare

FIGURE 5. Indirect information of targets.

FIGURE 6. LVT-P7 (a) 2D draft. (b) Photos. (c) 3D CAD model made with
(a) and (b).

the CAD model generated using indirect information with
the one created directly via laser scanning. First, surface dis-
crepancies between the two models were inspected, as shown
in Fig. 8. We selected a total of 53 points from each model
and compared the surface discrepancies between the models
at each point. The discrepancies are color coded with the
color map shown on the right side of the model in Fig. 8;
the data for all 53 points are listed in Tables 2–Table 5. The
largest difference was observed at a point on the periphery of
the caterpillar, which is a region with a complex structure.
Table 6 summarizes the results obtained from the inspec-
tion; the results indicate that the average difference is less
than 64 mm.

To further inspect the differences between the two CAD
models and determine specific structures that lead to scatter-
ing, we compared the RCS, ISAR images, and 3D scattering
centers of each model. For the RCS, the average differences
were found to be approximately 1–2 dB based on the depres-
sion angle. Given that the exact area of the model cannot
be specified using only the RCS values, the ISAR images
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FIGURE 7. CAD modeling process using indirect information of a target.

FIGURE 8. Inspection of the surface discrepancies between two CAD
models at the points from (a) whole body (b) center line (c) caterpillar (d)
frontal part.

FIGURE 9. ISAR images and 3D scattering centers of the LVT-P7 CAD
model made with (a) Indirect information. (b) Laser-scanned data.

and exact 3D positions of the scattering centers of each
model were analyzed together (as shown in Fig. 9). Based
on this analysis, we observed discrepancies in the shapes of
the models and performed the necessary corrections via ray
tracing at these parts, as shown in Fig. 10. Thus, by leveraging
this analysis process, we can produce more realistic 3D CAD
models for several ground targets. The results obtained for
a T-72 tank model are shown and discussed in Figs. 11, 12,
17–20.

FIGURE 10. Trajectories of rays impinging on the circled points of Figs.
7(a) and 7(b).

FIGURE 11. Scattered field. (a) Monostatic approach. (b) Bistatic
approach. Monostatic approach requires multiple ray tracings as
indicated by multiple two-sided arrows, whereas bistatic approach
requires single ray tracing as indicated by one two-sided arrow.

B. SAR IMAGE GENERATION USING THE BISTATIC IMAGE
FORMATION METHOD
Conventional SAR images of targets are obtained by pro-
cessing scattered or radiated fields over a finite frequency
bandwidth and across an angular range that depends on the
desired range and cross-range resolution. The SBRmethod is
very effective in reducing the computation time when com-
pared to more accurate methods such as PO and the method
of moments; however, the computation time in ray tracing
approaches increases as the complexity and size of the target
increases.

The bistatic image formation method was therefore intro-
duced to generate the simulated target SAR image chips
as fast as possible, although at the expense of prediction
accuracy. This bistatic method is considerably faster than
the monostatic method when calculating the SAR images
of targets with complex shapes and including background
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TABLE 2. Inspection results at the points from the whole body [unit: mm].

FIGURE 12. Target SAR simulation process.

FIGURE 13. SAR image of T-72 tank. (a) Measured (MSTAR). (b) Simulated
by bistatic method.

reflections. This is because the bistatic scattered field data is
obtained by performing ray tracing only once compared to the
monostatic scheme where ray tracing is performed for each
look angle, as shown in Fig. 11 [19], [20].

By adopting the bistatic concept in our prediction algo-
rithm, we considerably reduced the computation time
required to generate SAR images, and consequently, to con-
struct the entire database—which necessarily includes an
iterative validation process. We generated target SAR images
for every 1◦ of aspect angle, and for 15◦ of depression angle,
to compare them with the images in the MSTAR dataset.
Fig. 12 shows the T-72 CADmodel imported into a prediction
tool. The simulated SAR images of the T-72 tank shown
in this figure were generated using a high-fidelity CAD
model and the bistatic image formation scheme based on

TABLE 3. Inspection results at the points from the center line of the
model [unit: mm].

TABLE 4. Inspection results at the points from the frontal part of the
model [unit: mm].

SBR method. The theoretical background and mathematical
formulations adopted for the image formation in our simula-
tion can be found in [19]. The existence of the background
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TABLE 5. Inspection results at the points from the caterpillar of the model [unit: mm].

induces interactions with targets and target shadow regions is
considered to be important when attempting to make simu-
lated images as similar as possible to the measured images.
The image simulated using the bistatic method and the image
from the MSTAR dataset generated at the same aspect angle
are shown for comparison in Fig. 13. The number of mesh
elements of the T-72 model is above 0.7 million, and the ray
density is 20 rays per wavelength.

Multiple bounces (three) were used in the simulation. The
proposed approach requires less than 23 s to generate a single
image of the target with background reflections on a HP
Z8 workstation with 12 cores; in comparison, it takes 12 min
when using the monostatic approach. Further, parallel pro-
cessing was implemented in the ray tracing routine to reduce
the computation time. Therefore, using the proposed simula-
tion tool, we can obtain target SAR images very quickly at
any desired aspect and depression angles.

We created both a real and CAD model of a simple target
called SLICY to compare the measured and predicted SAR
images to validate our prediction algorithm and to clarify
the issue of the perfection (or lack of) of CAD models;
these models are shown in Fig. 14. The image obtained from
the MSTAR dataset is shown for comparison. Fig. 14(b)
shows the image measured with a PicoSAR X-band sys-
tem (Leonardo, UK; formerly Selex ES, UK). The PicoSAR
imaging system is mounted in a small airplane (Cessna
C-208B) and the antenna assembly is placed as close as
possible to the inside of the window to ensure that the rays
do not have different path lengths when refraction occurs
because of the window glass. The PicoSAR system and the
installed configuration are shown in Fig. 15. Almost similar
parameters were used for bothmeasurements and predictions.

TABLE 6. Statistics of the surface discrepancies between the two models.

FIGURE 14. SLICY image. (a) MSTAR. (b) PicoSAR. (c) Simulation.

The results indicate a goodmatch even though there is aminor
issue with scaling the images, which is related to ground
range projection.

IV. SIMILARITY MEASURE
To construct a target database with the method described in
the previous sections successfully, the simulated images must
be validated to ensure that there is an acceptable degree of
similarity between the measured and simulated images. The
signals reflected from a target vary considerably based on
the target shape and environment where the target is located.
In the case of the simulation, they are affected by the numeri-
cal techniques used for the simulation and the accuracy of the
reverse-engineered CAD model of the target.

Several different similarity measures are used in IQ
assessment including mean squared error (MSE) and peak
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FIGURE 15. Measurement setup of PicoSAR on CESSNA.

FIGURE 16. Block diagram of the SSIM procedure.

signal-to-noise ratio [37]. However, radar images have their
own characteristics such as multi-bounce, which include
interactionswith ground reflections, relatively low resolution,
and different scattering phenomena when compared with EO
images. This implies that an adequate similarity measure for
SAR images needs to be adopted.

TheMSE criterion is a simple and intuitive approach to cal-
culate the similarity between images. However, when image
features vary considerably depending on the aspect angle and
environment where the targets are located—as is the case
with SAR images—the MSE approach does not work well.
In this case, SSIM is a good candidate measure because it
measures the similarity both from a structural point of view
and in terms of the brightness and contrast of the images. This
explains why SSIM is adopted as a similarity measure or in
some cases, it is used directly for target recognition [32], [36].
Fig. 16 shows a conceptual diagram of the SSIM method; the
similarity value is calculated by [37], [38]

SSIM (x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ

2
y + C1)(σ 2

x + σ
2
y + C2)

, (1)

where µx and µy denote the mean value of images x and y,
respectively; σx and σy denote the standard deviations of
images x and y, respectively; σxy denotes the covariance of
x and y; and c1 and c2 represent constants [defined in (2)]
used to avoid instability when either of the sums µx+µy and
σx + σy approaches zero.

C1 = (K1L)2, C2 = (K2L)2 (2)

In (2), L is 255 for an 8-bit gray scale image, and the
constant K1 and K2 are considerably smaller than 1.

The SSIM index conveys the digitization of the quality
degradation between the original and comparison images, and

it is calculated as the mean value of the SSIM (MSSIM) at
local patches for evaluating the overall IQ. The corresponding
equation can be written as

MSSIM (X ,Y ) =
1
M

M∑
i=1

SSIM (xi, yi), (3)

where X and Y denote the original and comparison images,
respectively; xi and yi denote the image content at the ith local
window; and M represents the number of local windows of
the image. MSSIM values are in the range −1 to 1; a value
of 1 implies that both images are identical.

In this study, we use MSTAR images as original images
and the simulated ones as comparison images, and then,
we use the MSSIM index as a measure of similarity between
them. Further, we show the relationship between the obtained
MSSIM value and the target classification performance based
on the simulated images.

V. EXPERIMENTAL RESULTS
We created three types of CAD models for the same
T-72 tank. Fig. 17 shows a photograph and the corresponding
SAR image of the tank obtained from the MSTAR dataset.
The first T-72 CAD model used in the experiment is a rela-
tively simple model obtained from the internet; a screenshot
of this model is shown in Fig. 18(a). The second model
(Fig. 19(a)) is more detailed; however, it has inaccurate loca-
tions and postures of several components such as a gun,
light, and turret. The last model shown in Fig. 20(a) has
the same level of detail as the second one; however, it is
more accurate in terms of the position of several tank compo-
nents. The corresponding predicted SAR images are shown
in Figs. 18(b), 19(b), and 20(b), respectively. The location
and magnitude of the scattering points are slightly different
between the models. We calculated the MSSIM index and the
PSNR value by comparing the simulated SAR images and
the MSTAR images to compare the similarity between the
simulated and measured images. In the simulation, we used
parameters identical to those of the MSTAR measurement
parameters (Table 7) [42]. The same numbers of simulated
and measured SAR images obtained from the same aspect
angles and depression angles were used in each case when
computing the MSSIM values corresponding to each model.
Further, we performed target recognition tests with the 10-
class MSTAR images at the elevation angle of 15◦ as a
training dataset and the simulated images as the test data. The
number of simulated T-72 SAR images for all cases was set
to 274 to match the MSTAR dataset for the T-72 model at the
same elevation angle.

The results indicate that the MSSIM index increases with
an increase in the accuracy of CAD models used for the
prediction of SAR images; this is related to the obtainable
recognition performance. However, monotonicity breaks in
the case of the PSNR value. The obtained MSSIM values,
PSNR values, and the resulting recognition rates for the three
models are summarized in Table 8.
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FIGURE 17. T-72 tank (a) Optical image. (b) SAR image in the MSTAR
dataset.

FIGURE 18. T-72 tank (a) Simple CAD model. (b) Corresponding SAR
image.

FIGURE 19. T-72 Tank (a) Detailed model with some incorrect
components. (b) Corresponding SAR image.

FIGURE 20. T-72 tank (a) Detailed model. (b) Corresponding SAR image.

We conducted another experiment to confirm that, when
there are a limited number of measured images, the recog-
nition rate can be improved by adding more samples gen-
erated by the simulation. As expected, when we mixed a
small number of measured data, the recognition rate is 90.0%
and it improves to 90.6% with more training data gener-
ated by the simulation. As the number of MSTAR data
for the T-72 model reverse-engineered for a CAD model is
274, we generated 274 images by simulation as described
in Table 7. We assumed that there are 20 measurement
images, which is approximately 10% of the total number
of the images, and we compared the recognition rates with
(1) only 20 measurement data that are selected randomly
and (2) 20 measurement data used at the previous tests and
the 254 (274–20 = 254) simulated data to match the number

TABLE 7. Simulation parameters.

TABLE 8. Similarity values and recognition rate for each model.

TABLE 9. Recognition rates for the small number of measured training
data.

of images with those of other targets in the database. The
recognition rate is already high with only 20 measurement
data; this is because the average interval between images is
about 18◦ as they are randomly sampled over 360◦ and the
interval in not that large to lower the recognition drastically.

Thus, we conducted yet another experiment with 10 mea-
surement images, and in this case, the recognition rates
dropped to 88.7% and 89.4% for each dataset, where the
interval between images was about 36◦. The results are sum-
marized in Table 9.

VI. CONCLUSION
In this paper, we proposed a method to obtain accurate
and detailed target CAD models when the targets are not
directly accessible. The proposed method used available
target-related indirect information such as 2D drafts, pho-
tos, internet-obtained models, and plastic models. Further,
a method to correct erroneously created components or the
artifacts was presented. The proposed method for the genera-
tion of SAR images uses a bistatic image formation approach
to reduce the computation time without compromising the
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accuracy of the simulated SAR images. Finally, a valida-
tion method using the MSSIM index was proposed, and this
method can be used to make the simulated images as similar
as possible to the measured ones. Therefore, it is adequate for
target recognition with reduced validation time, compared to
the time required for recognition tests that need constructing
and retraining the entire database repeatedly. Target CAD
models with different levels of fidelity were considered to
observe how the similarity measure reflects the accuracy of
the CADmodel and the CEM algorithm, and how it relates to
the classification performance.

As more data are required to complete the tests and set up
the simulation process, simulation andmeasurement plans for
accessible targets are set up, and the data are to be ready for
more experiments in the near future.
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