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Super-Resolution ISAR Imaging for Maneuvering
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Abstract— Traditional range-instantaneous Doppler (RID)
methods for maneuvering target imaging suffer from the
problems of low resolution and poor noise suppression.
We propose a new super-resolution inverse synthetic aperture
radar (ISAR) imaging method based on deep-learning-assisted
time–frequency analysis (TFA). Our deep neural network resem-
bles the basic structure of a U-net with two additional
convolutional-upsampling layers and l1-norm loss function for
super-resolution generation and noise suppression. The neural
network is trained in advance to learn the mapping function
between the low-resolution time–frequency spectrum inputs and
their high-resolution references. Then, the linear TFA assisted by
the pretrained network is integrated into the RID-based ISAR
imaging system and is found to achieve sharply focused and
denoised target image with super-resolution. Both the simulated
and real radar data are used to evaluate the performance of the
proposed method. Numerical experimental results demonstrate
the superiority of the proposed ISAR imaging method over
traditional ones.

Index Terms— Deep learning, denoising, inverse synthetic
aperture radar (ISAR), short-time Fourier transform (STFT),
super-resolution.

I. INTRODUCTION

INVERSE synthetic aperture radar (ISAR) is widely used
in civil and military fields for long-distance, all-day,

and all-weather observations [1]. ISAR transmits a linear
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frequency modulation (LFM) signal to obtain a high range
resolution proportional to its bandwidth. High azimuth reso-
lution is achieved by coherently integrating the observations
of radar echoes after compensating for the target motion
relative to the radar. Problem is easily solved when the
motion of the target is uniform. After translational motion
compensation, a conventional Fourier transform (FT), also
known as the range-Doppler (RD) algorithm, can be performed
to achieve a high azimuth resolution [2]. Super-resolution of
radar imaging with effective denoising can be achieved by
sparse representation with much higher computational com-
plexity [3], [4]. Additional target structure can be further taken
into consideration in sparse representation for an improved
target feature preservation [5], [6]. However, target motion is
generally complex due to the change of the target’s direction
and its time-varying rotation velocity. ISAR imaging by RD
then suffers a blurred target image, as the Doppler frequency
is time-varying and cannot simply be estimated by the FT [2].
In order to deal with the problem caused by the time-varying
motion of maneuvering targets, time–frequency analysis (TFA)
methods have been successfully applied to ISAR imaging,
known collectively as the range-instantaneous Doppler (RID)
methods [7].

TFA-based ISAR imaging for maneuvering target has been
first studied in [8]. Different variants of TFA are proposed
successively by a number of research groups. Linear TFA,
such as short-time FT (STFT) and the Gabor transform, are
the most well-known methods [9], [10] for their computational
efficiency. However, there is a tradeoff on the resolution
between time and frequency for the linear TFA. The maximum
resolution of the instantaneous frequency is critically limited
by the length of the window function. In order to improve
the resolution of TFA, the Wigner–Ville distribution (WVD)
and reassignment spectrum (RSP) have been proposed [11],
[12]. However, WVD inevitably introduces an undesirable
cross-term, and RSP may weaken the target energy, which
mistakenly eliminates important target scatterers in radar
imaging. Those disadvantages dramatically reduce the quality
of the target images. The technique of combing TFA with
compressed sensing (CS) to improve the resolution is studied
in [13], which is computationally expensive and is difficult to
meet the real-time requirements.

Recently, with the rapid development of deep learn-
ing, specific designed neural networks are applied to radar
imaging for different applications. The deep convolutional
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neural network (CNN) is used [14] to suppress the sidelobe
of ISAR image. Neural networks, especially deep ones, are
usually data demanding. To solve the problem of insufficient
training data, simulated data are used, where target images
obtained by the traditional RD are fed into the model as inputs,
and ISAR images by the ideal point model are applied as
references. Complex CNN (CCNN) is proposed in [14] as
radar data are inherently complex. The deep neural network
can be also found in SAR imaging [15] with the presence of
motion error. SAR imaging is formulated as a sparse recovery
problem [15] and is solved by an unfolding neural network.
The deep network is trained again by the simulated data.
Experimental results demonstrate the success of transferring
the learned model from simulated data to its application on
the real radar data.

As mentioned earlier, traditional TFA methods are of great
computational efficiency comparing to the sparse representa-
tion and compressive-sensing-based ISAR imaging. However,
high resolution is still a big challenge for such algorithms due
to the time–frequency (TF) tradeoff. Is it possible to achieve
high-resolution images for maneuvering target by TFA-based
ISAR imaging while preserving its low-computational effi-
ciency? We propose to find a mapping function, which can be
modeled nonlinearly as a deep neural network, to transform the
low-resolution TF image into its high-resolution counterpart.
For example, an improved U-net, named FBPConvNet [16],
is proposed to improve the resolution of medical images. This
inspires us to develop our super-resolution RID method using
deep neural network-assisted linear TFA for maneuvering
target ISAR imaging. We follow the basic structure of U-net
with necessary modifications for super-resolution generation
to model the mapping function. Inspired by Gao et al. [14]
and Mason et al. [15], we propose to train the deep neural
network by our designed low-resolution TF images of the
simulated radar data and their theoretical high-resolution TF
references. The pretrained network is then applied to generate
high-resolution and denoised images of TF spectra from
the corresponding low-resolution ones. High-resolution ISAR
images can then be achieved by integrating those generated
TF spectrum images into the traditional RID method. Since
the neural network is pretrained, the proposed ISAR imaging
method works as efficiently as the traditional RID with linear
TFA.

The main contributions of our work are summarized as
follows. First, training data have been generated to effec-
tively train the model. Signals of radar echoes are simulated
according to the mechanism of electromagnetic wave for point
scatterers, and their noisy low-resolution TF spectrum images
will be fed into the network as inputs. Since the ground
truth is known for the simulated data, ideal noiseless high-
resolution TF spectra can be easily computed and be served
as network references. Second, necessary network structures
are made onto FPBConvNet, an improved U-net, to achieve the
purpose of high-resolution and noise suppression. Specifically,
additional two convolutional upsampling layers are added to
upgrade the resolution by four times. To further suppress the
noise, the l1-norm of the reconstruction error is chosen as the
loss function as both predicted TF images and their references

are extremely sparse. Finally, it is found that the mapping
function, though learned from simulated signals, is powerful
and can be well generalized to real radar signals as shown
later in the experiment part using several real measured data.
Comparing to the ISAR imaging by sparse representation,
the proposed method maintains the advantage of computational
efficiency as that of RID, at the same time, provides ISAR
image with a high resolution for a maneuvering target.

It should be mentioned that this work is built on our prior
study in [17]. Important improvements and extensions are
made in this article. Comparing to the prior study in [17], two
practical problems of super-resolution and noise suppression
are further considered in this work, where the deep neural
network with U-structure for super-resolution generation and
denoising is accordingly designed. In addition, the algorithm
robustness against noise and quadratic motion error is also
investigated in this article.

The remainder of this article is organized as follows.
In Section II, we concisely introduce the ISAR sig-
nal model and the TFA-based ISAR imaging method.
In Section III, we present, in detail, our proposed deep
neural network-assisted ISAR imaging for maneuvering tar-
gets, including the detailed structure of the neural net-
work, training data generation, and network training process.
In Section IV, numerical experiments are conducted to verify
the effectiveness of the proposed method. Comparisons are
made with other existing algorithms using both simulated
and several sets of real radar data. Conclusions are drawn in
Section V.

II. ISAR MODEL AND IMAGING VIA

TIME–FREQUENCY ANALYSIS

In this section, we briefly review two ISAR imaging systems
based on RD and RID and discuss their limitations on the
problem of maneuvering target imaging.

A. ISAR Signal Model

After the translational motion compensation [18], [19],
target can be regarded as a turnable model rotating around
its origin, as shown in Fig. 1, where the geometry of ISAR
imaging is given. We define P(x, y) as the location of a point
scatterer on (x, y) plane, θ0 as the original instantaneous angle
of the target relative to radar, and θ(t) as the instantaneous
rotation angle, where 0 ≤ t ≤ T is the slow-time and T is
the whole observing duration. The instantaneous distance R(t)
from radar to the scatterer P can be written as

R(t) = R0 + ycos(θ(t) − θ0) + xsin(θ(t) − θ0). (1)

Define the change of the instantaneous rotation angle as

�θ(t) = θ(t) − θ0. (2)

�θ(t) can be expanded into its first-order Taylor series

�θ(t) ≈ wt + 1

2
γ t2 (3)

where w represents the velocity of the rotation and γ
is its acceleration. Assume that radar transmits the linear
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Fig. 1. Geometry of ISAR.

frequency-modulated (LFM) signal

s(τ ) = rect
( τ

T

)
exp
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j2π
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2
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(4)

where fc is the carrier frequency, k represents the chirp rate,
and τ denotes the fast time. Then, the echo of radar can be
expressed as
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where A is the amplitude, c is the light velocity, and t
represents the slow time. After range compression and motion
compensation, (5) can be further expressed as

S(τ, t) ≈ A × sinc

{
T k

(
τ − 2(R0 + y)

c

)}

× exp

{
− j

4π

λ
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}
exp

{
− j

4πx

λ

(
wt+ 1

2
γ t2

)}
(6)

where λ is the wavelength. When target rotates in a constant
manner, i.e., γ ≈ 0, FT operated on the slow time τ in (6) can
successfully achieve a focus target image. Procedures of range
compression, motion compensation, and FT are collectively
known as the range-Doppler (RD) imaging method. However,
for maneuvering target with time-varying rotation, i.e., γ �= 0,
blurring in azimuth direction will be observed for RD method,
which severely degrades target image quality.

B. ISAR Imaging via Time–Frequency Analysis

For maneuvering targets with time-varying Doppler fre-
quency, TF transforms to estimate the instantaneous frequency
are used to replace the traditional FT in RD. The resulted ISAR
imaging system using different TF methods is known as the
RID method in the literature.

Fig. 2 gives the flowchart of the RID-based radar imaging
system. Prior to the TF image reconstruction, standard motion
compensation has to be done. Then, TF transform instead of

Fig. 2. Flowchart of ISAR imaging by RID.

FT is applied along the azimuth for instantaneous Doppler
estimation. Suppose that radar data consist of M slow-time
instants, and each range profile at a certain time instant has
a length of N . The Fourier-based RD will generate one 2-
D RD image of size M × N , while the TF-based RID will
generate a 3-D time-RD image cube of size M × N × M as
one TF spectrum image will be given at each slow time slot.
The 3-D time-RD image cube contains a focused RD image
at each individual slow time slot, and the difference of images
from one time slot to another provides the time-varying target
attitude.

Different TFA can be used in the RID-based ISAR imaging
framework. As discussed in Section I, linear TFA using STFT
is of the greatest computational efficiency while suffering the
problem of low resolution. WVD-based RID can achieve high
image resolution at the cost of undesirable cross-terms due
to its nonlinearity. In this article, we aim to build a new RID
ISAR imaging system by using a deep neural network-assisted
linear TFA to achieve a target image of high-resolution while
maintaining its computational efficiency.

III. NEURAL NETWORK-ASSISTED

SUPER-RESOLUTION ISAR IMAGING

In this section, we first represent our signal model and
review the typical STFT method. Then, we present our pro-
posed deep-learning-assisted RID radar imaging system to
solve the low-resolution problem of traditional linear TFA.

A. Time–Frequency Analysis Method

According to (6), for target with multiple scatterers,
the radar signal in azimuth at certain range cell R0 + y
can be considered as a linear combination of multiple LFM
components

s(t) =
N∑

n=1

sn(τ, t) =
N∑

n=1

anexp
(

j2π fnt + jπknt2
)

(7)

where N represents the number of scatterers. an in (7) denotes
the complex amplitude of the nth scatterer located at (xn, yn).
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Fig. 3. Flowchart of ISAR imaging by RID based on the deep-learning-assisted TFA.

The complex amplitude an is composed of term A, sinc
function, and the constant phase exp{− j ((4π)/λ)(R0 + y)}
in (6). The Doppler frequency is linearly modulated and
expressed as

Dn = fn + knt (8)

where fn = 2xnωn/λ and kn = 2xnγn/λ. The above LFM
signal model is commonly used for maneuvering target and is
appropriate when a short observation time is considered. It is
important to note that the proposed method is not restricted
to the LFM signals. It can be easily extended to tackle more
complicated signals with severe time-varying frequency, as the
deep neural network is capable enough to deal with very
complex images.

As seen from (8), the instantaneous Doppler fre-
quency (IDF) is proportional to the azimuth location xn at
certain time t . Therefore, ISAR image of the scatterer can be
obtained once its range and the IDF are known. To estimate
the time-varying Doppler, the TF distribution STFT can be
applied to (7) along the slow time t

STFT(t, ω) =
∫ +∞

−∞
s(τ )h(τ − t)e− jwτdτ . (9)

The spectrum is defined as follows [9]:

S(t, ω) = |STFT(t, ω)|2. (10)

By submitting spectrum in (10) into the flowchart shown
in Fig. 2, a series of target images in different slow times
can be obtained, which is known as the STFT-based RID.
However, the resolution is low due to the TF tradeoff.

B. Neural Network-Assisted Linear TFA for ISAR Imaging

To improve the spectrum resolution, we try to utilize a
deep neural network as a mapping function to transform the
low-resolution spectra to their high-resolution counterparts

and incorporate them into the traditional RID to achieve
high-resolution ISAR images for a maneuvering target. The
whole process of our proposed algorithm can be summarized
in Fig. 3.

The proposed method follows the basic flowchart of the
RID-based ISAR imaging system. A well-pretrained neural
network model is further incorporated to transform the
low-resolution spectrum into the one with high-resolution.
As shown in Fig. 3, low-resolution TF spectrum by STFT
of each range cell is first fed into the trained model, and a
high-resolution spectrum will be generated with concentrated
IDF. At a particular slow time, a high-resolution ISAR image
is obtained by extracting the frequency vectors from the TF
spectrum and concatenating them according to their locations
in range. The neural network in Fig. 3, named STFT-Unet,
aims to assist the linear TFA to achieve a high-resolution
spectrum estimation. The detailed structure and the training
process of the STFT-Unet are given in the following.

C. Structure of STFT-Unet

In the article, we adopt the U-net, i.e., FBPConvNet, as the
base network and necessary modifications are made for the
purpose of super-resolution. U-net is well-known for its capa-
bility of image segmentation. The structure of the proposed
network STFT-Unet is shown in Fig. 4. The network has a
shape of “U,” where the left-hand side is the contracting path
and the right-hand side is the expanding path. The contracting
path includes two convolution layers, each followed by an
activation function of ReLU. The max-pooling operation with
stride 2 is used to downsampling the feature map. The number
of feature channels is doubled, and the size of the feature is
half-reduced in each layer. The expanding path consists of an
upsampling layer followed by a convolution layer that halves
the number of feature channels and doubles the size of the
feature. The operations of upsampling followed by convolution
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Fig. 4. Structure STFT-Unet, sizes of input image, and feature map are indicated at the bottom corner of each layer.

are called upconvolution. The resulted feature map is then
concatenated with the previous one from the contracting path.
Two additional convolution layers are added at the end of the
network, each followed by na ReLU. It should be noted that
four downsampling and six upsampling operations are used
in total in our proposed network. The extra upconvolution
operations are aimed to enlarge the size of the predicted image
to match that of the preference image so that a resolution
improvement of four times can be achieved. The detailed
characteristics of the network can be summarized as follows,
which are helpful for feature extraction, high-resolution image
construction, and image denoising.

1) Multichannel Convolutional Layer: The convolutional
layer is used to extract the feature information from the image.
Different convolutional layers extract information on different
levels. High-level features provide more semantic information,
and low-level features retain more detailed and finer informa-
tion [20]. The network STFT-Unet adopts multiconvolutional
layers to extract features in different scales, which is similar
to the telescopic operations of wavelet transform [21]. The
extracted feature map is fundamental for high-resolution image
reconstruction.

2) ReLU Activation Function: In order to model the nonlin-
ear relationship between the input and output image, the acti-
vation function of ReLU can be used after each convolutional
layer [22], [23]. In our application, since the prediction of TFA
is nonnegative, ReLU is reasonably chosen as the activation
function in the proposed network.

3) Pooling Layer: Redundant information can be retained
by the convolutional layers, which is harmful to the efficient

training of the network. In order to filter out the insignificance
information, we adopt the max-pooling as the pooling layer
in the STFT-Unet. The convolutional layer followed by the
max-pooling is helpful to alleviate the problem of translation
variance [24].

4) Information Sharing: In order to fully utilize both the
low-level feature map and the high-level feature extracted by
different layers, integration of multiscale information is used
by feature concatenation to effectively improve the perfor-
mance of CNN [25]. Concatenation of features from different
convolutional layers is also found to prevent the gradient
vanishing of the neural network [26].

5) Modifications: Two major modifications are made to
FBPConvNet. The first is to add two upsampling layers at
the end of the network to enlarge the predicted image by four
times the input image. This step is important to achieve the
super-resolution of the prediction. The second is the choice
of the loss function, which determines how the predicted
image approaches the reference. Here, we shortly discuss
some well-known loss functions. One of the well-known loss
functions is the cross-entropy [27], which is mainly used
for classification and is not suitable for our task. Another
loss function is the L1-norm with the definition of L1(P) =
(1/N)

∑
p∈P |ŷ(p) − y(p)|, where p represents the pixel of

the image, y(p) is the pixel magnitude of the reference image,
and ŷ(p) is the pixel magnitude of the predicted image. L2

loss is another commonly used loss function, which is defined
as L2(P) = (1/N)

∑
p∈P |ŷ(p) − y(p)|2. In this application,

both the predicted image and its ground-truth preference are
sparse in nature as they are supposed to be the spectrum of
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Fig. 5. TFD result. (a) Low-resolution STFT spectrum of size 128 × 128 (noiseless). (b) Low-resolution STFT of size 128 × 128 with a 5-db Gaussian noise
(noisy). (c) Ideal high-resolution STFT of size 512 × 512 (reference image).

radar echo of several scatterers. The sparsity of the reference
image and the prediction will be shown later in the training
of the neural network. Therefore, L1 loss function will be a
reasonable distance measure between the prediction and the
reference, which is utilized in our model.

D. Training of the Neural Network

With the whole structure of the neural network, we discuss
in this section its training processing, including the generation
of its input and reference. The inputs of the network are
a series of STFT spectra of the simulated radar signals
generated according to (7), where fn is drawn from a uniform
distribution within the range of 6.25, i.e., U(−6.25, 6.25), γn

is also drawn from U(−6.25, 6.25), the number of scatterers N
is randomly selected from 1 to 5, the pulse repetition frequency
is set to be 64 Hz, and 128 pulses are generated within 2 s.
To consider the noise effect, random Gaussian noise is added
to the simulated signals with a signal-to-noise ratio (SNR)
changing from 5 to 10 dB. STFT spectra of the simulated
signals are computed according to (10) as the input of the
network. In our setting, the input image is of size 128 × 128,
and the reference image is expected to be of 512 × 512
since four times upsampling operations are implemented in
the proposed network. In order to generate the corresponding
reference image, both the resolutions of fn and γn will be
theoretically increased by a factor of 4. The reference image
is generated according to (10). In summary, the network is
trained to approximate the function, which can transform the
noisy low-resolution spectral image to its noiseless ideal one
with high resolution.

An illustrative example of designed input and references is
given in Fig. 5. In this example, three LFM signals are used,
and the resolution of STFT is low. Fig. 5(b) shows the noise
effect, where shifts and discontinuity can be observed for the
instantaneous frequency given by STFT due to the noise. The
noiseless high-resolution TFD is shown in Fig. 5(c) as the
reference image of the neural network.

It is worth noting that the injection of random noise to
the input image not only mimics the real radar signal but
also enables the network the potential of noise suppression.
The proposed network is implemented by the Tensorflow
toolkit. The parameter settings of STFT-Unet are summarized
in Table I.

TABLE I

TRAINING PARAMETERS

IV. EXPERIMENTAL RESULTS AND

PERFORMANCE ANALYSIS

In this section, extensive numerical experiments are con-
ducted to verify the effectiveness of the proposed method.
First, the quality of the predicted image by our pre-
trained network is evaluated in terms of reconstruction error
and noise suppression. Then, comparisons using the Mig-
25 radar data set are made for ISAR imaging between the
proposed method and several RID baselines. The robust-
ness of the proposed algorithm is tested under the sce-
narios of noisy data and data with quadratic motion error.
Finally, several sets of real measured data from different
targets are used to test the performance of the proposed
method.

A. Prediction Quality Evaluation

The network of STFT-Unet can be trained using the training
process discussed in Section III-D. In order to evaluate the
prediction performance of the trained STFT-Unet network in
terms of resolution and the effect of denoising, the noiseless
STFT spectrum of low-resolution and the one with 5-dB
noise are fed into the trained STFT-Unet. The input and the
predicted images are shown in Fig. 6, where images with
higher-resolution are given by the STFT-Unet both in noisy
and noiseless cases. In the noiseless case, the predicted image
in Fig. 6(d) is very close to the reference image with an
obvious improvement in its resolution. Fig. 6(e) shows the
predicted image from the trained STFT-Unet with noisy input
of an SNR of 5 dB. Comparing to the input image in Fig. 6(b),
it can be found that the proposed STFT-Unet has a strong
capability of noise suppression.

To quantitatively analyze the prediction performance of
STFT-Unet, we establish three indicators to evaluate the pred-
icated image quality and the final ISAR image quality. One is
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Fig. 6. TFD result. (a) Noiselss STFT. (b) STFT with a 5-dB noise. (c) Reference image. (d) Prediction of trained STFT-Unet with input in (a) and
(e) prediction of trained STFT-Unet with input in (b).

the mean square error (mse) expressed as follows:

mse =
∑m,n

i=1, j=1

(
yi, j − yr

i, j

)2

mn
(11)

where yr
i, j represents the reference image, and yi, j is the

image to be evaluated. The mse evaluates the level of sim-
ilarity between yr

i, j and yi, j . A lower mse indicates a higher
similarity.

Another indicator is the SNR improvement, denoted as
“Imp_SNR,” which is calculated by

Imp_SNR = 100 × (SNRSTFT-Unet − SNRSTFT)

SNRSTFT
% (12)

where SNRSTFT-Unet represents the estimated SNR of image
predicted by STFT-Unet and SNRSTFT represents the estimated
SNR of the original noisy input. The SNR of the image is
estimated according to

SNR = 10 log 10

(
E_target

E_noise

)
(13)

where Etarget and Enoise represent the estimated energies of tar-
get and noise, respectively. Since the ground truth of the signal
parameters is known, the target region can be masked out to
estimate the target energy. Noise energy is then estimated by
ruling out the target region. Higher Imp_SNR shows a better
noise suppression performance. Both mse and Imp_SNR eval-
uate the quality of the predicted high-resolution TF spectral
images. In order to qualitatively evaluate and compare the
quality of target ISAR images obtained by different methods,
the metric of image entropy is calculated, which will be used
in the testing experiments later in Sections IV-D and IV-F.

The mses between evaluation and reference images are
shown in Table II. For images of size 128×128, we interpolate
them to the size of 512 × 512 when calculating the mse.
It can be seen from Table II that lower mses are achieved

TABLE II

MSE BETWEEN THE EVALUATED IMAGE AND REFERENCE IMAGE

TABLE III

CONSUMING TIME OF DIFFERENT MODELS

by the predicted images than the original input images. The
metric of Imp_SNR is calculated for images in Fig. 6(b) and
(e). We can qualitatively achieve an SNR improvement of
Imp_SNR = 41.12%.

As aforementioned, the proposed model is trained off-line,
and making a higher resolution prediction merely needs a for-
ward computation, which is computational efficient. In order
to show how efficient it is, the running time comparison of
different methods is made and given in Table III. It takes
0.341 s for the proposed model to make a high-resolution
prediction of the image, which is fast within 1 s though slightly
slower than simply performing the TFA.

B. ISAR Imaging Using Mig-25

In this section, different TFA methods are compared
with the proposed method on ISAR imaging by using
the data set Mig-25 provided by the U.S. Naval Research
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Fig. 7. ISAR imaging result by RID using different TFA methods. (a) RD. (b) STFT. (c) Gabor. (d) WVD. (e) RSP. (f) STFT-Unet.

Fig. 8. ISAR imaging result under the presence of motion error. (a) RD. (b) STFT. (c) Gabor. (d) WVD. (e) RSP. (f) STFT-Unet.

Laboratory available online: http://airborne.nrl.navy.mil/
~vchen. The radar system parameters of data set Mig-25 are
summarized in Table IV. The 128 pulses with a dwell time of
range from −0.0043 to 0.0043 are used in this experiment.
A variety of TFAs are used in RID for ISAR imaging,
including WVD, Gabor transform, and RSP. The obtained
target images are given in Fig. 7.

In this experiment, since a small number of pulses are used,
the target is approximate of a uniform motion. Therefore,
traditional RD can achieve a focused target image, as shown
in Fig. 7(a). The ISAR imaging results generated by STFT
and Gabor transform are presented in Fig. 7(b) and (c), where
the obtained target images are of low resolution. In particular,
target scatterers on the head of the aircraft cannot be separated.

TABLE IV

RADAR SYSTEM PARAMETER SETTING FOR THE MIG-25 DATA SET

Linear TFAs of STFT and Gabor transform cannot yield
accurate and detailed characteristics of the target due to their
limitation on the resolution. Fig. 7(d) and (e) shows the ISAR
imaging results generated RID using WVD and RSP. It can
be found that the target images generated by WVD and RSP
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Fig. 9. ISAR images achieved by different algorithms in presence of the motion error and noise. (a) RD. (b) STFT. (c) Gabor. (d) WVD. (e) RSP.
(f) STFT-Unet.

have higher resolution than the linear TFAs. However, since
the target scatterers at the same range cell are of the same
frequency change, severe undesirable cross-term will dominate
the TF spectrum by WVD. As shown in Fig. 7(d), the quality
of the ISAR image generated by the WVD-based RID is low
due to the undesirable cross-term. Although the TFD generated
by RSP has no cross-term, RSP suffers the problem of missing
target scatterers. As shown in Fig. 7(e), many scatterers on
the right-wing of the aircraft have been eliminated incorrectly.
The ISAR image generated by RSP cannot provide a complete
characteristic of the target. Fig. 7(f) shows the ISAR image
achieved by RID with the STFT-Unet-assisted linear TFA.
It can be seen that the STFT-Unet-assisted linear TFA not
only achieves super-resolution ISAR images but also avoids
the problem of cross-term. We also find that the shape of
aircraft generated by the trained STFT-Unet is closer to the
shape of aircraft generated by RD than other methods.

C. ISAR Imaging Using Mig-25 With Quadratic Motion Error

To test the robustness of the proposed method on ISAR
imaging for maneuvering targets, quadratic motion error is
manually added to the Mig-25 data set according to

error(τ, t) ≈ A × exp

{
− j

4π

λ
at2

}
(14)

where A = 1, a = 1000, and λ = (c/ fc) with c = 3 ×
108 and fc = 9 GHz. The motion error is added into the
radar echo of each range cell. The resulted Mig-25 data with
motion error are used to test the aforementioned methods, and
the obtained target images are shown in Fig. 8. Due to the
motion error, target of Mig-25 is no longer of the uniform
motion. ISAR image generated by RD is, therefore, blurring
in azimuth, as shown in Fig. 8(a).

Comparing to the image given by RD in Fig. 8(a), linear
TFA-based RIDs generally produce promising ISAR images.

However, the resolution of linear TFA of STFT and Gabor
transform is too low to distinguish scatterers on the target. RSP
and the proposed method yield focused ISAR images with
high resolution. However, important scatterers on the wings
and head of the aircraft are missing on the image achieved by
RSP, as shown in Fig. 8(e). The image given by the proposed
method is focused, complete, and of a much higher resolution.

D. ISAR Imaging Using Mig-25 With Presence of Motion
Error and Noise

The robustness of the proposed method against noise is
demonstrated using the Mig-25 data with motion error in this
part. In addition to the motion error, 5-dB random Gaussian
noise is added to the Mig-25 data set. The image given by
RD using the noisy data set is given in Fig. 9(a), where an
unfocused target image completely buried in noise is observed.
ISAR images obtained by different TFA-based RID methods
are given in Fig. 9(b)–(e), where images with the relatively
clearer background are shown as RID methods remove parts
of the noise by TF spectrum.

Images with low resolution are noted in Fig. 9(b) and (c),
while RSP cannot provide a continuous and complete target
shape, and the problem is worsened in a noisy situation. WVD
completely fails in this complex scenario. The ISAR image
generated by the proposed method is given in Fig. 9(f), which
shows a focused aircraft with higher resolution and clearer
background. Comparing to the RD method, the proposed
method demonstrates a strong noise suppression capability,
which is built on two successive steps of TF representation
and U-net transformation.

As shown in Table V, both the RSP and the pro-
posed method achieve smaller entropy as the images are of
high-resolution and well-focused. A smaller entropy value also
indicates a better denoising effect as the background noise is
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Fig. 10. Target attitude change against slow time achieved by (a) STFT with pulses from 1 to 128, (b) STFT with pulses from 65 to 192, (c) STFT with
pulses from 129 to 256, (d) STFT with pulse from 193 to 320, (e) STFT with pulses from 257 to 384, (f) STFT with pulses from 321 to 448, (g) STFT-Unet
with pulses from 1 to 128, (h) STFT-Unet with pulses from 65 to 192, (i) STFT-Unet with pulses from 129 to 256, (j) STFT-Unet with pulses from 193 to
320, (k) STFT-Unet with pulses from 257 to 384, and (l) STFT-Unet with pulses from 321 to 448.

TABLE V

ENTROPY OF ISAR IMAGES (WITH AN SNR OF 5 dB)

Fig. 11. Predicted TF spectral images by models with different losses using
the Mig-25 data set under the SNR of 5 dB. (a) L1-norm loss. (b) L2-norm
loss.

suppressed and a clearer target image is achieved. Since RSP
tends to oversparsify the target image, which favors a relative
smaller image entropy, important target information is missing,
and the resulted image is poor.

E. Aircraft Attitude

As mentioned in Section II-B, one advantage of TFA-based
RID is to provide a 3-D time-RD image cube, which shows
changes in the target attitude over slow time. In this section,
the whole Mig-25 data set of 512 pulses with motion error
and artificially added noise is used to show the change of the
target attitude; six sets of overlapped pulses in slow time with
a size of 128 are selected, i.e., pulses from 1 to 128, 65 to
192, . . . , 321 to 448. A series of target images are presented
in Fig. 10, where images achieved by the STFT-based RID are
given as comparisons. Both algorithms show that the target’s
head rotates from right to left along slow time. The proposed
method provides more target details as the resolution is greatly
improved. Higher image contrast can also be observed for the

Fig. 12. Convergence of models with different losses in training process.

TABLE VI

RADAR SYSTEM PARAMETER SETTING FOR THE B-727 DATA SET

images obtained by the proposed method as the background
noise is further suppressed.

To illustrate the advantages of the L1-norm over the loss
function of L2-norm for our proposed network, comparisons
are made from two perspectives by using the noisy Mig-
25 data set. One is to compare the resolution of the predicted
results, and the other is to compare the convergence of the
models with different losses. The predicted results in Fig. 11
show that the model with L1 loss achieves a prediction with
a relatively higher resolution. Convergence curves in Fig. 12
also suggest a faster convergence rate of the model with
l1-norm loss.

F. Experimental Results on Measured Data

In this section, the proposed method is tested using sev-
eral real measured data sets, including data B-727 and data
of three different ships. The B-727 data set can be found
online: http://airborne.nrl.navy.mil/~vchen. The radar system
parameters of the data set B-727 are shown in Table VI.
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Fig. 13. ISAR images achieved by different methods using the B-727 data set. (a) RD. (b) STFT. (c) Gabor transform. (d) WVD. (e) RSP. (f) STFT-Unet.

Fig. 14. ISAR images achieved by different methods using the ship data set-I. (a) RD. (b) STFT. (c) Gabor transform. (d) WVD. (e) RSP. (f) STFT-Unet.

TABLE VII

RADAR SYSTEM PARAMETERS FOR SHIP DATA

Note that the results of real measured data are given in
the heat map and scaled in dB for better visualization. It is
noticed that data B-727 is very noisy since its target image
given by RD is completely immersed in noise, as shown
in Fig. 13(a). Images with the clear background are obtained
by STFT, Gabor transform, RSP, and the proposed STFT-
Unet-based RID methods. In Fig. 13(e) and (f), images given
by RSP and the proposed method show an obvious resolution
improvement. However, it is observed in Fig. 13(e) that fake

TABLE VIII

ENTROPY OF THE TARGET ISAR IMAGES

scatterers appear in the lower side of the target image given
by RSP in such a strong noisy case, which is misleading
and can be mistakenly treated as a lower wing. As shown
in Fig. 13(f), STFT-Unet can improve the resolution of TFD
without excessively weakening the scatter energy of the target.
A focused target image with high-resolution can be obtained
by the proposed method.
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Fig. 15. ISAR images achieved by different methods using the ship data set-II. (a) RD. (b) STFT. (c) Gabor transform. (d) WVD. (e) RSP. (f) STFT-Unet.

Fig. 16. ISAR images achieved by different methods using ship data set-III. (a) RD. (b) STFT. (c) Gabor transform. (d) WVD. (e) RSP. (f) STFT-Unet.

Data of three ship targets are tested in order to show
the robustness of the proposed algorithm over the number
of target scatterers. The radar system parameters are listed
in Table VII. Ships in the data differ from each other in
two aspects. One is the number of target scatterers, and
the other is their motion velocities, which can be observed
in Figs. 14(a), 15(a), and 16(a), where mainlobes of scatterers
on three ships are broadened to different extents by the RD
method. The focusing degrees of images indicate the motion
difference among targets. Similar results as those of data
B-727 are observed for the ship data despite their differ-
ences in numbers of scatterers and motion conditions. The
image entropy obtained by different methods using the four
real data sets is summarized in Table VIII, where our pro-
posed STFT-Unet and RSP achieve the best image entropy.
The proposed algorithm consistently provides the best target
images with high resolution and improved image contrast.

A careful comparison among images of different ships also
shows a greater image quality improvement of the proposed
method over the traditional RD if the image of RD is less
focused.

V. CONCLUSION

In order to achieve super-resolution ISAR images for
maneuvering target, a new RID method using deep neural
network-assisted linear TFA is proposed. The neural net-
work ensembles the structure of Unet and is trained by
samples of pairs of low-resolution spectrum image and its
high-resolution reference to learn the inherent mapping func-
tion. The trained STFT-Unet-assisted TF can not only predict
a high-resolution spectrum without any undesirable cross-term
but also suppress the background noise. Numerical experi-
mental results demonstrate the effectiveness of the proposed
method. As the STFT-Unet is pretrained, the prediction of the
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high-resolution spectrum costs little. The proposed deep neural
network-assisted ISAR imaging is as efficient as the traditional
linear TFA-based RID method.

It is noticed that other more complex structures of the
deep neural network could be possibly applied to replace
U-net for the task of super-resolution image reconstruction and
denoising. One of the further works could be the exploration
of those networks and their adaptation to radar target images
either by transfer learning or necessary modifications.
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