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Abstract

We propose an efficient method for classifying Inverse Synthetic Aperture Radar (ISAR) images with robustness to
both translation and rotation. To achieve rotational invariance, we estimate the Relative Rotation Angle (RRA) by
applying a two-Dimensional (2D) Fourier Transform (FT) followed by polar mapping of the spectral magnitude. The
angle that maximizes the correlation between the polar-mapped spectra of the training and test images is selected as
the RRA. The test image's 2D FT spectrum is then rotated by the estimated RRA, and a 2D inverse FT is
performed to restore spatial domain data with corrected orientation. Classification is subsequently conducted using
two-Dimensional Principal Component Analysis (2D-PCA) and a simple neural network classifier with two hidden
layers. The proposed method demonstrates high classification accuracy under low signal-to-noise ratio conditions, even
with a limited training dataset, and shows greater resilience to image defocus compared to conventional techniques.
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| . Introduction

Inverse Synthetic Aperture Radar (ISAR) imaging is
a powerful technique for generating high-resolution
two-Dimensional (2D) images of non-cooperative
moving targets [1]. Owing to its ability to produce
detailed 2D representations, ISAR has been widely
adopted in various military applications [2][3]. In this
work, we focus on leveraging ISAR images for the
identification of unknown targets.

For successful classification of unknown ISAR
images, it is essential that the classification process
remains robust to variations in image orientation and
cross-range scale. These variations primarily arise due
to the target's motion. While the relative angular
motion between the target and the radar enhances
cross-range  tesolution in ISAR imaging, it also
introduces variability in the orientation of the resulting
2D ISAR images within the image plane [4][5]. Such
inconsistencies can significantly degrade classification
performance if not properly addressed.

Another challenge in achieving successful ISAR
image classification lies in the high dimensionality of
feature vectors extracted from ISAR images. When the
feature space is large, classifiers—whether statistical or
neural network-based —must adopt complex structures
to perform effectively [4]. This complexity not only
increases computational cost but also raises the risk of
overfitting, particularly when the training dataset is
limited. To address this, it is desirable to reduce the
dimensionality of ISAR image data. A common
approach involves extracting representative features that
capture local and geometric characteristics of the
image, such as statistical moments and contrast [4].
Although this reduces computational burden and
facilitates the design of simpler classifiers, it may also
result in the loss of discriminative information that is
critical for accurate target identification.

We previously proposed an efficient classification
algorithm for ISAR images that is invariant to both
translation and rotation [5]. The method applies a 2D

Fourier Transform (FT) to the image and performs Polar
Mapping (PM) of the FT spectrum, converting rotational
differences into translational shifts along the angular
axis. Classification is then carried out by correlating the
polar-mapped test image with each training image across
angular shifts, assigning the class with the highest
correlation  score.  Although effective for handling
rotation, this approach is sensitive to noise due to the
normalization applied along the radial direction. Since
2D FT
disproportionately — amplifies

low-frequency  components dominate the

spectrum,
high-frequency noise, which can degrade classification

normalization

performance, especially at low Signal-to-Noise Ratios
(SNRs) or with defocused ISAR images.

In this paper, we propose an efficient classification
method for ISAR images that is invariant to
translation and rotation. The method estimates the
rotation angle by maximizing the correlation between
polar-mapped 2D FT spectra of the training and test
images [5]. The test image’s FT spectrum is then
rotated and converted back to the image domain via
inverse FT. Translational differences are corrected
using Center-of-Mass (COM) alignment. To reduce
dimensionality and enhance classification performance,
2D Principal Component Analysis (PCA) is applied
[6], followed by classification using a deep neural
network. Experimental results using ISAR images
obtained from measured Radar Cross-Section (RCS)
data show improved classification accuracy at low

SNRs and robustness to image defocus.
I1. Algorithm description

2.1 Preprocessing

As in [5], this paper utilizes the key property of
2D FT: translation and rotation in the spatial (image)
domain correspond to phase modulation and rotation in
the frequency domain, respectively. In this paper, we
omit the proof of this characteristic (see [5] for the

detailed procedure). This characteristic means a
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rotation by an angle 6, in the spatial domain
corresponds to a rotation by the same angle in the
frequency domain (v, v), centered at the
zero-frequency point, which serves as the Rotation
Center (RC). This property is exploited to estimate the
Relative Rotation Angle (RRA) between the test and

training ISAR images.
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Because the center of rotation is at (0, 0) Hz in
2D FT spectrum, rotation in the (u,v) domain can be
converted into translation along the angular axis 6 by
polar mapping the spectrum onto the (r, §) domain
(Fig. 2) [5]. Using the polar grid (Fig. 1), the
polar-mapped image is resampled as 7 (r,,.0,), m =
L, 2 -, N,n=1 2 -, N, Here, N and N,
denote the number of sampling points in the radial
and angular directions, respectively. The polar
coordinates (r, 8) to (u, v) by:

(um”’vmn) = (u,v,) +(r,cosf,,r, sind,) ()
where 7, =R, +(m—1)Ar, 0, =—n(n—1)A0,
and  Ar=(R,,.— Rpn)/(N.—1), A9=2x/
(NV,—1), and (u,v,) are the center position of the
PM, R, and R ;

and the smallest sampling circles, respectively.

. are the radius of the largest

2.2 2D Principal component analysis

Since the Eigenfaces method was proposed in 1991
[7], PCA has become a widely used technique in both
face recognition [8] and radar target classification [9].
In conventional PCA, however, 2D images must be
reshaped into one-Dimensional (1D) wvectors to
compute the covariance matrix, resulting in a

high-dimensional feature space.

o 40 A =

,lp(l...- 0,

Rionax

r

Fig. 1. Polar mapping
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To address this limitation, two-dimensional PCA (2D
PCA) was proposed and successfully applied to face
recognition tasks [6]. In this paper, 2D PCA is
employed to reduce the dimensionality of ISAR
images.

2D PCA finds a g-dimensional column vector X to

project a p-by-g image A as follows:
Y=AX 2

where Y is the p-dimensional projected vector. For
this purpose, the image covariance (scatter) matrix is
defined as

1 K

Gt:KZ(A].—A)T(Aj—A) 3)

where K is the number of training images, A; is the
jth training image, A is the average image of K
training images. The optimal projection axis X is the
eigenvector of G, comresponding to the largest
eigenvalue. A single optimal projection axis is not
sufficient, so a set of optimal projection axes X,, ‘',
X4, must be selected corresponding to the d largest

eigenvalues.
2.3 Proposed method

In the proposed method, classification is performed
in the image domain to mitigate the impact of noise,
and 2D PCA is applied to reduce the dimensionality
of ISAR images. The overall process consists of the
following five steps:

1. Preprocessing: Construction, thresholding, and
normalization of ISAR images.

2. Fourier transform and PM: Upsampling of
preprocessed images, computation of 2D Fourier
Transform (FT) spectra, and generation of
polar-mapped spectra.

3. Rotation compensation: Estimation of the Relative
Rotation Angle (RRA) between training and test

images using polar-mapped spectra, followed by
rotation of the test image's 2D FT spectrum.

4, Image reconstruction and alignment: Inverse 2D
FT of the rotated spectrum, coarse alignment
using Center-of-Mass (COM), and fine alignment
and dimensionality reduction using 2D PCA.

5. Classification: Final classification using a simple
deep neural network.

The main contribution of the proposed method is
that, by following Steps 1 through 4, a complex
neural network architecture is not required, as
invariance to scale, translation, and location is
achieved, and the image size is significantly reduced.
Therefore, a simple deep neural network is sufficient
to achieve high classification accuracy.

Due to varying SNR levels, both training and test
ISAR images (I,,, I,,) are thresholded using a mean
threshold Th; pixels above Th are retained, and others
are set to zero. To account for signal variations caused
by target distance, the images are further normalized by
their total energy, yielding I, (train) and I,,.

In the second step, to smooth the 2D FT image and
reduce abrupt pixel transitions, the thresholded and
normalized  ISAR
zero-padding. As this step increases computational cost,

images are up-sampled by
it is optional. Then, the 2D FT images Iy, (training)
and I, (test) are calculated using the magnitude of
the 2D FT image, providing translational invariance and
locating RC at (0, 0) Hz automatically.

(test) after PM are

constructed as in (1). In this step, rotation is

The images 1, (training) I,
transformed into translation in the 6 direction only. In
this step, R,

large enough to estimate RRA accurately. In this paper,

i need not be near 0 and N, must be
we recommend that N, be > 360" (1" resolution).
The third step is estimation of RRA using a simple

correlation Cor (k) between I

and I, :

Cor(k) = 33 1,0 (mn) CSML o K)(mom), ()

m=1n=1

k=1,2,...N,
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where CS[I
I

training database, the maximum of Cor(k)for all N,

k] is the circularly shifted image of

pte’
by k in 6 direction. For each image in the

pte
shifts is stored as a cost function. Then, ¢,  that
has the highest cost function is selected as the RRA.
Calculation of (4) can be shortened if it is conducted

in the frequency domain as follows:

N,
k=argmaxi >, | IFT,[FT,[1, ] FT,[L,.J(m.k))|

k m=1

©)

where FT,[+] and IFT,[]are, respectively, the
1-dimensional FT and Inverse FT (IFT) in the ¢
direction for each m.

As an example, for two ISAR images of an F-117
aircraft with a relative rotation angle of 30°, a clear
peak appears at 30° in the correlation profile obtained
using Eq. (5) (Fig. 3). Due to the symmetry of the 2D
Fourier transform of a real-valued ISAR image, an
identical peak also appears at -150" (ie., 30" - 180°),
which must also be considered during classification.
Based on the estimated RRA, the test spectrum is
rotated by either 30° or -150° counterclockwise. Image
rotation is performed using simple linear interpolation,
implemented via MATLAB’s imrotate() function (Fig, 4).

~— Maximum at -1 50° '
N/
|/
-150 -100 -

34

-+— Maximum at 30°

0 150

Fig. 3. Correlation results using two ISAR images with a
relative rotation angle = 30°

Correlation
[ [ w w
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Fig. 4. Spectrum (up) and ISAR image (down) of F117
rotated by 30°

The rotated images obtained via inverse 2D Fourier
transform are then coarsely aligned using the Center
of Mass (COM), defined as follows:

M, N,

coM= > 31_(i,j) x (i,5) (6)

i=1j=1

where A/ and N, are the number of range and
cross-range bins, respectively. All images are translated
such that their COMs coincide. The resulting A7 x
N, 1images are then compressed into A/, x d
representations using 2D PCA through the following

matrix multiplication:
Y: In>< [X17X2a.--7Xd} (7)

However, since high-noise pixels can slightly perturb
COM, fine alignment is performed by minimizing the
Euclidean norm of the difference between the training
and test images. By circularly shifting the test image

by s, and s, in the range and cross-range directions,
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respectively, the optimal shifts s, and s, for fine

alignment are determined as follows:

('Sw’ 57'0)

= min g(Y,.(s.s,)) ®)
(5.,5,)

with
g(Yte(sas,,)): | shift (Yte,(sc,s,.)) =Y. | )

where Y,, is the compressed test image and

te
shift(Y,.,(s.s,)) is a test image obtained by
compressing [, circularly shifted by (s,s,) and Y.,
is a compressed training image.

Finally, classification is performed using a neural
network classifier consisting of two hidden layers. The
first and second hidden layers each contain 100 nodes,
and the output layer has 6 nodes, corresponding to the
number of target classes. The network uses one-hot
encoding, with the output node corresponding to the

correct class set to ‘1’ and all others set to ‘0.
['11. Classification result
3.1 Classification condition

Using a 4-GHz bandwidth (8.3 - 123 GHz) in
increments of 10 Mhz, the measured RCS data of six
aircraft models, F-4, F-14, F-16, F-22, F-117, and
MiG-29, were processed to generate ISAR images
over aspect angles of 0° to 180° in increments of 1°.
For the high cross-range resolution, £ 15° with respect
to the aspect angle was used and and polar
reformatting was applied [5] to yield ISAR images
with A4 = N, = 200. Then ISAR images were
upsampled to M = N = 500 by zero-padding.

For PM, the proposed method used N, = 10 and
N, = 360 to reduce the size of the training database,
while the existing method in [5] used &, = 50 and
N, = 50, as these values were shown to yield

near-100% recognition accuracy in [5]. To determine

R, and R,

x> @ rectangular window centered at the
origin of the 2D FT spectrum was progressively
widened. R

min

corresponding to the window width that accumulated

was set to the nearest multiple of 10

5% of the total spectral energy, while R, was set
to the nearest multiple of 10 corresponding to the
width containing 50% of the total energy.

For classification, a total of 1,086 ISAR images
were divided into training and test sets. The training
set was constructed by uniformly sampling aspect
angles at 5° intervals from 0°, resulting in 37 images
per target and a total of 37 x 6 = 222 training
images. The remaining 864 images were used for
testing. To simulate noise, Additive White Gaussian
Noise (AWGN) was added to the measured RCS data
to achieve target SNR levels, which were varied from
10 to 30 dB in 5 dB increments. Classification was
repeated 10 times at each SNR with independently
generated AWGN, and the average recognition ratio
was reported as the final result.

3.2 Classification result

The first simulation examined the effect of the
threshold value Th. Classification accuracy 2. was
measured while varying Th from 10 to 28 dB in 2
dB increments at an SNR of 0 dB, with the number
of projection axes set to d = 3. The results showed
that 2, was highly sensitive to the choice of Th (in
dB), and using the average pixel value 7h,, as the
threshold yielded suboptimal performance (Fig. 5). The
proposed method achieved the highest accuracy of
94.92% at Th = 22 dB, while the existing method [5]
reached a maximum of 85.34% at Th = 16 dB. The
lower performance of the existing method was
attributed to normalization along the radial direction
for each angular value, which amplified the influence
of noise at high radial frequencies. In contrast, the
proposed method was more robust to noise, as
classification was performed directly on the ISAR

images without frequency-domain normalization.
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Fig. 5. Classification results for various Ths

Using the optimal threshold values identified in the
first simulation, a second simulation was conducted
with SNR varying from 0 dB to 30 dB in 5 dB
increments (Fig. 6), with d = 3. At 0 dB and 5 dB
SNR, the proposed method outperformed the existing
method [5] by 9.58% and 8.47%, respectively. These
results highlight the increased impact of noise on the
existing method at low SNRs due to radial-direction
normalization. For SNRs above 5 dB, both methods
achieved nearly identical classification accuracies,

approaching 100%.

0.9 4
0.8 4

0.7 4

Pc

0.6

0.5 —®— Proposed method
Existing method

04 +—r——FF1——1—
0o 5 10 15 20 25 30

SNR (dB)

Fig. 6. Classification results for various SNRs

The third simulation examined the effect of the
number of projection axes in 2D PCA. At an SNR of
30 dB, classification was performed with d varying
from 2 to 10 in Eq. (7), in steps of 1. Except for d
= 2, which yielded P. = 98.70 %, all other cases

achieved 100% classification accuracy (figure omitted
due to simplicity). These results confirm that 2D PCA
can effectively reduce the size of the training
database. For example, using d = 3, the storage
requirement becomes 10 x 360 (PM) + 3 x 200 (2D
PCA) = 4200 elements, which corresponds to only
10.5 % of the original ISAR image size.

The final simulation was conducted to compare the
sensitivity of the two methods to autofocus instability.
To simulate imperfect autofocus, a two-dimensional
finite impulse response (2D FIR) filter was applied to
each test ISAR image, as described in [10]:

L= 2 X Wlum—in—j) (13)

where [ is the normalized image, I, is the image
blurred by the FIR filter, and 1, is the filter
weight given by W, =1/L? for i = -L,..., L and j

=-L,.., L

]

Fig. 7. Comparison of the original (up) and the blurred
(down) ISAR images of F117
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The ISAR image of the F-117 becomes
significantly blurred when a 2D FIR filter with L =7
is applied (Fig. 7), obscuring key scattering features.
As L increases from 3 to 11, the classification
accuracy P, of both methods decreases due to
increased blurring (Fig. 8). The existing method [5] is
more  susceptible to image degradation, as
normalization along the radial direction amplifies the
noise effect in each angular slice. In contrast, the
proposed method shows greater robustness to defocus,
since classification is directly performed on the ISAR

images without frequency-domain normalization.
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Fig. 8. Comparision of classification results against the
image blurring

The classification results along with the
corresponding experimental parameters are summarized
in Table 1. It is noteworthy that, with a properly
selected Th, the proposed method consistently achieves
high classification ~ performance even with a

low-dimensional feature set under low SNR conditions.

Table 1. Classification results and parameters

Classification 5 t
results (P arameters
AR % Th= 2208, d= 3, SNR = 0 dB

100 % Th= 220B, d=3, SNR = 15 dB
98.7 % Th= 220B, d=2, SNR = 30 dB

[V. Conclusion

In this paper, we proposed an efficient classification
method to classify ISAR images which is invariant to
translation and rotation. Simulation results using ISAR
images measured in a compact range showed that the
proposed method is less sensitive to noise compared
to the existing approach, as P, reached 100% for
SNRs greater than 15 dB when d and 7h = 22 dB.
In addition, significant data reduction was achieved
through the use of 2D PCA; with d = 2, a
of 98% was
Furthermore, the proposed method demonstrated greater

classification  accuracy achieved.
robustness to image blurring, as classification is
performed directly on ISAR images.

However, performance evaluation of the proposed
method uses RCS data measured at a compact range.
In real situations, ISAR images can be seriously
contaminated by jet engine modulation, which degrades
Pc. In addition, ISAR images can be distorted due to
the maneuverability of a target. Therefore, the
verification presented here is limited in this sense. As
future work, we will test our algorithm using ISAR

images from real radar data.
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