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Abstract. Synthetic Aperture Radar (SAR) images are widely used in the field
of remote sensing. To store and transmit the growing amount of SAR image data,
more efficient compression algorithms are required. In this paper, a new framework
for compressing SAR images is proposed based on deep learning. Firstly, we
propose a new two-stage transformation based on low-frequency suppression of
input data to achieve high information entropy and low quantization loss. To
explore the redundancy between regions of interest and regions of non-interest,
an image compression model for target perception is proposed to convert the
input SAR image into a compact latent representation together with the target
perception map. To evaluate the performance of the algorithm, we conducted
experiments on SAR image dataset. The results show that the proposed algorithm
is significantly better than the traditional processing algorithm in terms of data
input, and can effectively preserve and improve the performance of the image
compression model.
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1 Introduction

In recent years, various types of SAR systems have been developed around the world,
and the research and launch of various SAR satellites are increasing. The application of
SAR images in various fields such as aerospace is increasing, and the data and quality of
SAR images are constantly improving [1]. SAR images have the inherent characteristics
of complex data structure and concentrated pixel distribution, with high resolution, large
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imaging range and high data volume [2, 3]. At the same time, there are few targets of
concern such as ships, and wide non-areas of concern such as sea surface, resulting in
the high cost of transporting, storing, and managing SAR images. At the same time, it
brings a huge obstacle to downstream tasks such as SAR image detection, recognition,
segmentation, etc.

In 2016, CNN networks were first applied in the field of image compression. Balle
proposed an end-to-end image compression framework based on variational autoen-
coder convolutional neural network [4]. In 2018, Balle et al. improved the end-to-end
convolutional neural network compression framework. This framework uses a varia-
tional autoencoder to process the data, and proposes a hyper-prior network to capture the
latent data structures [5]. Minnen et al. improved the entropy coding link and designed an
enhanced entropy coding context model based on Balle’s work [6], which is the first deep
learning compression coding method that is better than BPG in the objective evaluation
of images.

Li and Liu introduced CNN into remote sensing image compression, using a simple
two-layer CNN as the baseline. The results obtained by DCT transformation and entropy
encoding and decoding were better than those of BPG [7]. Xu et al. proposed a varia-
tional autoencoder SAR image compression model with a priori model, which combines
residual blocks with transformations, and the results are better than JPEG, JPEG000 and
Li [8]. Zhang et al. changed the single Gaussian model to a mixed Gaussian model for
fitting and estimating the model parameters, which outperformed the traditional com-
pression methods and learning-based algorithms on both ICEYE and Sandia datasets
[9]. To explore spatial redundancy, Fu et al. introduced local and global context infor-
mation, and introduced multiple residual modules instead of convolution to improve the
performance of the model [10]. In the same year, Fu et al. proposed a model consisting
of multiple prior networks to deeply explore redundancy in spatial results [11].

However, most models often do not pay attention to the errors at the data input level,
and apply traditional methods such as linear stretching for quantification, resulting in the
loss of input features [12]. In fact, most models only focus on global and local spatial
redundancy, and do not pay attention to the difference between the target of interest
and the non-target of interest [7—11], which will lead to the sub-optimal compression
performance of the model.

To reduce the loss of image features and explore the redundancy in the spatial struc-
ture, a SAR image compression model based on low-frequency suppression and target
perception was proposed. Our main work contributions are summarized below:

(i) In this paper, a SAR image compression model based on two-stage low-frequency
suppression and target perception guidance are proposed, and the better image
compression index is achieved through experiments.

(i1) This paper mainly constructs a two-stage transformation operator at the input data
level to suppress low-frequency input data, achieving peak signal-to-noise ratio and
low quantization loss data input.

(iii)) we construct a compression model guided by target perception graph, guide the
allocation of compression bit rate, explore the redundancy between focused and
non-focused targets, and achieve a higher level of information fidelity for image
compression models that focus on target perception.
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2 System Model

This section describes the models that are common to the entire system. Figure 1 intro-
duces the recommended model structure, which introduces a hyper-prior network based
on the variational self-encoding and decoding model [4-6], which is used to capture
the structural redundancy between the latent representation feature maps, resulting in
higher network accuracy, better compression performance, and less loss of complex data.
The optimization problem of the algorithm can be modeled as a variational autoencoder
model [13], the entropy model corresponds to the variational autoencoding model with
a prior of the hidden layer representation, and the edge information o and u generated
by the hyper-prior network are a priori of the entropy model.

In Fig. 1, our baseline model is the hyper-prior network. The first part is the pre-
processing and post-processing modules, which can suppress the low-frequency points
of the image by constructing a two-stage transformation operator, and realize the data
post-processing restoration with low ingestion parameters. After preprocessing, the data
was pre-trained and the model ViT was used to obtain the quality feature map [14]. The
quality feature map and input data are together used as inputs to obtain the potential
representation by the encoder g,. Then the processed data is quantized, entropy encoded
and decoded, and the image is reconstructed by the decoder gs. The quantized data
probability model is generally regarded as a joint known distribution, and then the
entropy of the image is encoded and decoded by calculating its probability model [15],
which is used for image storage and transportation.
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Fig. 1. Image compression model for hyper-prior networks.
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However, there is a gap between the known distribution of the joint and the actual
distribution y, as the actual distribution is unknown, so it is necessary to make the
probability model distribution as close as possible to the actual distribution. In the process
of image entropy encoding, if the parameters of the probabilistic model § are known,
then good image compression encoding can be achieved in arithmetic encoding and
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decoding. To reduce the gap between the probabilistic model and the actual model, the
boundary variable z is introduced through the hyper-prior coding network to achieve
accurate estimation of the probabilistic model:

z = hy(y; %n) (1

where (Jy, refers to the parameters in the hyper-prior encoding network. After quantiza-
tion, entropy encoding and decoding are redefined as 7 and the distribution of y can be
expressed by using the parameter generation model hs. This can be expressed as:

Py (§12) < hy(Z; 6n) )

where 0, refers to the parameter of the hyper-prior decoding network Ay, p; 2 (§|2) means
the estimate of the distribution model. Here we estimate the distribution of our model
by gaussian mixture model [16, 17], it can be expressed as:

Pyp12) ~ 3, N (i of) 3

W and o is the estimation of the mean and standard deviation of the Gaussian model. In
this paper, we select k = 3 in practice, and the parameter fitting estimation is carried
out by three Gaussian mixed models. Then the processed parameters J is input into the
image decoder g to realize the reconstruction of the image.

As for the parameter optimization problem of the whole network, the overall rate-
distortion function is used [18, 19], and the loss function of the model can be expressed
as:

L =R +2D €]

where D represents the distortion between the original image and the reconstructed
image, which is usually replaced by MSE, PSNR, and SSIM [20, 21]. R represents the
compressed bitrate of the overall framework:

R=Ry+ R; (®)]

The hyper-prior network and the underlying convolutional network are jointly
trained. By using different parameters X\ for weighting, the optimal image compres-
sion reconstruction performance at different bitrates is achieved in rate-distortion
optimization.

3 Proposed Algorithm

In this section, we mainly focus on the design and introduction of low-frequency
suppression algorithms and target perception models.
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3.1 Two-Stage Low-Frequency Suppression Algorithm

When the original data is linear to 0-255, most of the gray scale is within 0-30. Direct
quantification of raw data results in significant. Therefore, it is necessary to design a oper-
ator to suppress the low-frequency part of the data and expand the high-frequency part
of the data to achieve low information loss at the input level. Traditional low-frequency
suppression processing methods include linear stretching, histogram equalization, and
power conversion method.

The method of linear stretching is to stretch the data from 0-255, with pixels greater
than a specific threshold discarded as input data. This method can save most of the
information data, but there is a greater loss of information at the point with high pixel
value, resulting in a large loss of information at the input data level.

The central idea of the histogram equalization method is to expand the low-frequency
suppression and high-frequency, but the degree of suppression and expansion varies
according to the number of pixels in the range. Within a certain range, it is like the
linear stretching method and requires additional recording of larger parameters, which
is inconsistent with the original intention of image compression.

The method of power conversion is a trade-off between the linear stretching method
and the histogram equalization method, and the power-based method only needs to
record one parameter and can better achieve the suppression of low frequency, but with
the different parameters in the model, the high-frequency part is expanded too much.

Therefore, based on the existing methods, a two-stage low-frequency suppression
operator is designed, which realizes high-frequency expansion by linear stretching of the
main high-frequency part, and realizes low-frequency suppression by compressing the
sub-high-frequency and low-frequency parts, to achieve the purpose of low information
loss and few parameters at the data input level.

SAR Model Analysis. SAR images can be described by Rayleigh distribution, and the
original Rayleigh distribution can be fitted with only one parameter o to represent the
gray distribution of the original data, and the probability distribution function of Rayleigh
distribution can be expressed as:

x

y =5 xe 21402 (6)

o
The power conversion method and histogram equalization method have achieved
better quantitative reconstruction than linear, and at the same time meet the properties of
tail compression and front end stretching. However, the stretch of the front end may be
too large depending on hyper parameter value, and the histogram equalization method
introduces more additional parameters. Therefore, it is necessary to find a transformation
function that satisfies the following two points: the transformation function and its inverse
transformation function should be continuous and have as few parameters as possible;
the front-end stretching should not be extreme at 0, and the ideal stretching method
should be histogram-like balanced, weighted by the size of the grayscale histogram, and

the degree of stretching should be gentle.
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Two-Stage Low-Frequency Suppression Model. To meet the above two points, the
linear and power two-stage low-frequency suppression function g(x) is constructed:

g(t) * x/twhilex <t
gx) = { )

255 «log(§ +1)/log( %2 + 1) whilex = ¢

In function 7, g(x) has two hyperparameters t and k which we need to optimize,
where g(t) is:

t 255
g(t) = 255 *log(E + 1)/10g<T + 1) ®)

The inverse function of g(x) can be expressed as g~!(r) which is used for post-
processing:

t*x x/g(t) whilex < g(t)
-1 = * 255
& =1y, (10* log(%2+1)/255 1) whilex > g(t) 2

Quantitative Loss Function Analysis. The MSE quantization loss function directly
quantized by the traditional method of raw data can be defined as:

255 255 (m+0.5
108Sraw = / y(®)*(x — round(x))* = Y . / y(x)* (x —m)%dx  (10)
0 M=V Jm-0.5

where x in (m — 0.5, m + 0.5), curve y is continuously smoothed and simplified to a
straight-line segment y,e,, = y’(m) * (x — m) + y(m). And the curve is symmetrical
with respect to m, y(m) center in (m — 0.5, m 4 0.5). So, the y(x) term in the Function
10 can be reduced to the constant y(m). The MSE loss function is a constant with respect
to the o:

2552

255 m+0.5 ) 255 l1—e 27
0sSraw = D~ y(m) /m L, ok = Yo ym/12 =——>— (an

After a two-stage low-frequency rejection transformation, the MSE loss function
losspro is quantified:

255 255 (2 (m+0.5)
losspro = / y(X) * (X — round(x))2 = Z [ y(X) * (x — g_l(m)>dx
0 0 Jg-1m-0.5)
(12)

Parametric Analysis of Loss Functions. The loss problem can be further simplified
as a loss problem of 0 — t internal tension and T-255 internal compression. After sim-
plification, x is regarded as a straight-line segment in g~!(m) to g~ (m + 1), and the
simplified result is in Function 12, 13:

g l(m+0.5—g~!(m)

g(255) _
losspro = Zg(o) y(g ](m))/g x2dx (13)

~1(m-0.5)—g~!(m)
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- 25
losspro = Yo y(g((:m))3)+ Yoo y(e ) ((m+0.5)" + (e - 0.5)7) /3 (14)
12(80

where h(m) = g~ '(m 4+ 0.5)—g ' (m). Let! = g(t, k)/t,and ' = (255 — kt) /(255 — 1)
means the average value of the derivatives of the change function from t to 2551 = (255 —
kt)/(255 — t). So, the first and second terms of loss are as follows:

2

() _ 1—e 22
2 s _2
| e 27 —e 202 __ (255 —t)’e 2 a6)
0SS = =
pro2 12(1) 12(255 — 1t)2

Therefore, the loss function lossyy, after simplified processing is expressed as:
_ 2 _ 2
l—e 22 (255 —t)%e 22

17
1212 12(255 — 1t)? 1n

losspro =

losspro (1, t, 0) is aresolvable loss function in the range of 1 <1 < 255/t, 0 < t. Therefore,
the final solution to the problem boils down to:

. . 25 g(t, k)
miny ¢ep 10SSpro(l, t, 0) subjectto 1 <1 < - 0<tl= . (18)

From Function 11-18, we can get a minimum quantization loss parameter. In fact,
if the actual o is determined, there is a definite k and t to minimize the loss, so that a
bag-of-words model corresponding to the ¢ can be obtained, and the optimal parameters
can be selected to realize the processing of the input data.

3.2 Target Perception Image Compression Model

Model Building. Most of the existing deep learning SAR image compression is com-
pressed and reconstructed through the encoding and decoding network, which often
only focuses on the compression performance and indicators at the global level. So it is
often difficult to achieve a higher degree of information fidelity for the local target of
interest, which leads to the redundancy of non-interest region information. Therefore,
by constructing the object perception map, the compression model of high information
retention for the target of interest and specific regions can be realized, which can further
reduce the redundancy of non-interest region information in the image.

The model is a hyper-prior network model, mainly composed of a main encoding
and decoding network and a hyper-prior encoding and decoding network. The quality
mapping information is introduced to allocate the bit rate, achieving the goal of reducing
the redundancy of the non-interest area information. As shown in Fig. 2, the importance
guide map is introduced into the compression model. The importance guide feature map
is extracted by the ViT pre-trained network, and the pre-trained feature map is used to
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guide the bit rate allocation, the bit rate weight of the feature region is increased, and
the importance guide map and the input data are fused with spatial features SFF [22].
By up sampling, down sampling and spatial fusion of feature maps and guide maps
from different angles to achieve the purpose of deepening the importance of the guide
map in the network, the image compression model of the overall quality map guidance
control is realized by setting k equal divisions of the guide map weight parameters 0-1,
randomly selected for training, and inferred according to the required fidelity of the
target of concern during inference.
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Fig. 2. Target perception image compression network model

Construction of Multiplicative Loss Function for Target Perception. Under the
inference of the variational model, the traditional loss function focuses on the trade-off
of the code rate and distortion, and the loss function L is shown in Function 4. In our
target perception model, the loss function focuses on the loss on the target with a higher
priority, so the distortion D is modified and the weighted sum with the target-aware map
is defined as:

n

1

1 N2 _ n ) 732
Dinap = £(D. map>=f<;Z (xi —x'j) »map> ==, (i =x9) 7 (1 +map)  (19)

i=1
Therefore, the loss function L is improved as:

L = R + ADpyp (20)
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4 Experiments

This section mainly presents the experimental results of the proposed model.

4.1 Data and Evaluation Indicators

The main data used in this article is the SAR data of Sentinel-1, which covers marine ter-
rain and land terrain, including details such as ships, houses, etc., and textures including
roads and ocean ripples. Sentinel-1 images cover a wide range and high complexity, and
are also one of the most classic SAR images. It can provide unpolarized complex data
and quadrupolar zed complex data, and at the same time, it has a marine ship scenario,
which can provide similar targets of interest, so it is of great value to study Sentinel-1
data.

The evaluation of the information retention ability of the compression reconstruction
model is mainly carried out through the image evaluation index, such as peak signal-
to-noise ratio (PSNR), multi-scale structural similarity (MS-SSIM) and bit rate (BPP).
The main metric we used in this article is the peak signal-to-noise ratio (PSNR), which
measures the distortion of the original and reconstructed images as:

21)

MAX?

MSE

where MAX is the maximum number of pixels in an image, and MSE is the MSE mean
square error of the original image and the reconstructed image. The unit of PSNR is
decibels (dB), and the larger the PSNR, the smaller the difference between the original
image and the reconstructed image.

4.2 Low-Frequency Suppression Algorithm Experiments

In the process of low-frequency suppression algorithm, the first step is the estimation of
the data distribution parameter o, so that each data is represented by a single o parameter,
and the fitting result is shown in Fig. 3, and the 0 = 6.42 in the figure.

In fact, when the parameters k and t are fitted, the 3.1 principle can be used to fit
and solve lossyo(k, t) under a specific o, and the results are shown in Fig. 4, and the
optimal parameters k and t under a given ¢ can be obtained. The corresponding t and k
in the figure are 27 and 1e—8 respectively. In fact, under the condition that a specific t
is reasonable, the PSNR loss for k is not much different in a relatively large range, so it
can directly correspond to the given parameter ¢ according to the results of the sampled
bag-of-word model and interpolation.

The traditional processing methods include linear processing and power processing,
and the experiment results of the PSNR indicators of the three treatments are compared
in Table 1, and the proposed algorithm PSNR of 65.38 is the better algorithm.
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Fig. 3. Fit curves and actual points where o = 6.42
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Fig. 4. Evaluation index chart PSNR vs k, t where ¢ = 6.42

Table 1. PSNR of the traditional linear method, traditional power method and proposed.

Algorithm PSNR
Traditional linear method 42.93
Traditional power method 58.92
Proposed 65.38

4.3 Object Perception Compression Experiments

We selected a sub-image of the Sentinel-1 for experiments. Firstly, we processed the
image by the low-frequency suppression algorithm. Then we extracted the target per-
ception quality map and experimented the compression model. In the actual perception
image extraction, we used the ViT preprocessing model to extract the multi-head atten-
tion feature map. The final extracted feature maps containing 12 heads are shown in
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Fig. 5. Figure 6 is the result of the traditional method and the low-frequency suppression
algorithm feature map. The experimental results show that the proposed method can
effectively retain and fuse the image features, to improve the image quality.

Head n: 1 Head n:

Head n: 6

- i

Head n: 7 Head n: 9

Head n: 10

Fig. 6. Feature map of traditional method and proposed

In our subsequent experiments, we utilized a hyper-prior model as backbone. And we
performed spatial features fusion of the quality map and the input data. Throughout the
training phase, we use the PyTorch framework and use the Adam optimizer to train the
model. The batch size is set to 8 and the initial learning rate is 0.0001. The size of 256 x
256 pixels and 3000 epochs were applied on a NVIDIA GeForce RTX 3080 Ti GPUs.
Table 2 shows the compression performance and experimental results of the SAR model
for low-frequency rejection. Experimental results show that when the BPP is about 0.35,
the PSNR performance of the recommendation model is about 5db better than that of
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JPEG, and the proposed method can effectively retain and improve the performance of
the image compression model.

Table 2. PSNR of Object Perception Compression Model.

Algorithm BPP PSNR
Traditional linear method 0.35 26.72
Proposed 0.34 31.35

5 Conclusion

Firstly, we construct a two-stage transformation operator for the input data to suppress
the low-frequency of the input data, to achieve the data input with high peak signal-
to-noise ratio and low quantization loss. Secondly, a compression model guided by the
perceptual graph of the focus on the target is constructed to guide the allocation of the
compression bitrate, and the redundancy between the target of interest and the non-target
of interest is explored, to realize the image compression model with a higher degree of
information fidelity for the local target of concern. Experimental results show that the
proposed method can effectively reduce the loss of the input layer in the SAR image
and improve the compression performance of the model. The significance of this study
lies in the application of deep learning technology in SAR image processing. A two-
stage low-frequency suppression algorithm and an image compression model for target
perception are introduced, and their effectiveness is experimentally verified.
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