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Abstract: The interference of reflected waves from multiple elementary scatterers produces speckle, which appears
as a granular noise in synthetic aperture radar (SAR) images. These speckles in SAR images cause difficulty in
image interpretation, which reduces the effectiveness of image segmentation and classification. In this paper, we
propose an effective solution using generative adversarial networks (GAN) to decrease speckle noise while
preserving texture features.The convolutional block attention module (CBAM) boosts the essential features in
upsampled data and supports the creation of a final denoised real INSAR data.The proposed deep-learning method
proved that CBAM enhanced the peak signal-to-noise ratio using the GAN. Furthermore, CBAM improved structural
similarity (SSIM) to 99 and achieved the minimum mean squared error. The despeckle performance was enhanced
using GAN-ResUNet in which the SSIM equals 0.999. The denoising performance proved that the use of GAN with
CBAM as the generator inspired by ResUNeT achieved the best performance compared to other experiments results.
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1. Introduction

Synthetic aperture radar (SAR) collects images
containing vital information about the surface of the
Earth, as does any coherent imaging technique.
However, speckle noise affects the processing
accuracy. Recently, various speckle filtering
algorithms have been proposed [1-4] and used in
pre-processing to limit the impacts of speckle in
these applications. Many such algorithms in the
literature [5, 6] include Gaussian filtering, spatial-
pixel feature denoising algorithm, and bilateral
filtering used to handle various fundamental noise-
removal tasks [7, 8]. Reducing speckle noise
without losing some fine features of the SAR image
is challenging. Thus, speckle makes SAR image
processing and interpretation difficult.

Recently, deep learning (DL) has been advanced
to performing several image-related tasks. The
multilayer perceptron approach can effectively deal
with image noise, but its use has been limited by the
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high training parameters [9]. The benchmarking tool
[10] that depends on an accurate and well-tested
SAR simulator, which can generate realistic SAR
images while accounting for electromagnetic (EM)
and geometric properties of the sensed surface, is
used to overcome the availability of speckle-free
images of Earth Observation (EO) missions.

Deep convolutional networks stack more
convolutional layers to extract features and achieve
clear images [10]. Generative adversarial network
(GAN) [11] covered the way to significant progress
on image generation and deblurring. GAN for image
despeckling  (ID-GAN) was proposed to
automatically eliminate speckle from noisy input
images [12]. The network was designed to minimize
the perceptual difference between the restored and
ground-truth images, as well as the Euclidean
distance. Recently, attention modules have been
useful in computer vision. The authors of [13]
proved that GAN network can be improved more
than their baseline networks, especially with target
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objects. They observed quantitatively measured high
performance in the interpretability of models.

In this paper used a DL strategy based on GANs
to solve the interferometric InSAR image
despeckling problem. Firstly, a deep residual U-Net
based on generative advertisal network (GAN) was
proposed. Secondly, proposed a deep U-Net and
residual U-Net based GAN with embedded attention
of CBAM. It improved the quality of the INSAR
image by despeckling.

The InSAR images have a strong applications
such as earthquakes, landslides, and volcanic
eruptions, in addition, InSAR is the technology

created in the 1970s to output topographic maps [14].

Finally, compared two proposed methods and the
extensive experiments show that the network that
embedded with CBAM has an effective results in
despeckling the InSAR image. The residual U-Net
as a motivation for the generator was used for the
benefits of residual learning. Furthermore, The
CBAM was applied [15] after the decoder
component of the UNet to enhance relevant features.
Technically, the ResUNet architecture addresses the
gradient-vanishing problem and stabilizes the
proposed GAN training. CBAM is an easily
implementable module that progressively estimates
channel and spatial attention; ithad demonstrated
efficacy in object detection and classification tasks.

The main contributions of this paper are concisely

summarized as follows:

e We proposed a denoising GAN that uses
adversarial training to automatically retrieve
features from low-noise INSAR images and
employed the CBAM attentionto reduce the
speckles, resulting in clear images with accurate
and realistic details.

e The generator inspired by ResUNet using
CBAM attention of theGANwas applied to the
INSAR data to suppress the noise while
preserving structural information, making it
suitable for this problem.

e The performance of the proposed GAN
outperforms other approaches using simulated
and real datasets.

The remainder of this paper is organized as
follows: Section 2 reviews the related work on
despeckling and the GAN. Section 3 presents the
proposed methodology and architecture for InNSAR
despeckling approach. Section 4 discusses the
design of the experiments, their results, and the

outcomes. Finally, Section 5 presents the conclusion.
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2. Related work

2.1 Denoising
technique

images based on conventional

The Boxcar filter is the most commonly used
method. However, it performs poorly because it
cannot distinguish between different targets. Lee et
al. [16, 17] proposed speckle reduction techniques
based on the multiplicative noise model and the
minimum mean-square error (MMSE) criterion. Lee
et al. [18] proposed the Refined Lee filter, a method
for selecting neighbouring pixels with similar
scattering characteristics. In a similar adaptive
technique, other techniques use the local linear
minimum mean squared error (LLMMSE) criterion
proposed by Vasile et al. [19], but the decision to
select homogeneous areas is based on the intensity
information of the polarimetric coherency matrices,
namely intensity-driven  adaptive-neighborhood
(IDAN).

2.2 Denoising images based on CNN

Several approaches have been presented to study
the issue of INSAR data despeckling. In [20], the
authors produced denoised targets by averaging
multi-temporal images and detecting only regions
unchanged during training. Other studies [21] used
prior knowledge of the statistical model of noise to
synthetically generate speckle images. DL
approaches are widely used in remote sensing tasks
owing to their capacity to automatically learn
acceptable characteristics from images without
explicitly defining the parameters of specific
algorithms [22-26]. Recently, DL has been
implemented for SAR despeckling jobs [27-29]. In
[30], the authors proposed Image Despeckling
Convolutional Neural Network (ID-CNN), a deep
learning-based approach for automatically removing
speckle from noisy input images. The proposed
method  outperforms  state-of-the-art  speckle
reduction methods. Sparse-based machine learning
methods, for example, have been used successfully
in image denoising [31]. A non-locally centralised
sparse representation (NCSR) method used nonlocal
self-similarity to optimise the sparse method and
achieve high performance for image denoising[32].
To reduce computational costs, a dictionary learning
method was used to quickly filter the noise [33].
Prior knowledge (i.e., total variation regularisation)
can smooth the noisy image to deal with the
corrupted image and recover the detailed
information of the latent clean image [34, 35]. [36-
38] present more competitive image denoising
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methods, such as the Markov random field (MRF)
[39], weighted nuclear norm minimization (WNNM)
[40], and learned simultaneous sparse coding
(LSSC) [36]. Although the majority of the methods
discussed above performed reasonably well in image
denoising, they had several drawbacks, including the
need for optimization methods during the testing
phase, manual parameter setting, and a specific
model for single denoising tasks. As architectures
have become more flexible, deep learning
techniques have recently gained the ability to
overcome these drawbacks [41].

To improve the SAR image speckle problem, the
deep encoder/decoder  Convolutional  Neural
Network (CNN) architecture was presented, with a
focus on specialized filtering capabilities and texture
preservation [5]. The proposed DL-based
despeckling approach (deSpeckNet) involves two
stages: in the first stage, a supervised learning
paradigm with a temporally averaged SAR image as
a reference label is used, whereas in the second
stage, unsupervised fine-tuning is employed to
adjust a new noise distribution [42].

2.3 Denoising images based on GAN

Computer vision and DL-based image denoising
techniques using a GAN containing a generator and
a discriminator are presented in [43]. The generator
creates a denoised image from a noisy input image,
whereas the discriminator determines whether the
image is real. A better loss function was used for the
GAN’s training. The generator weight changed
during this adversarial training phase, resulting in a
denoised image comparable to the ground-truth
image. The main idea of the proposed method is to
use representative features to implicitly regularize
the discriminator. Residual learning approaches
sometimes allow for greater performance by
concentrating on forecasting the residual image, i.e.,
the noise, rather than immediately generating a
denoised image [44].

In [45], DL using the GAN achieved high
performance in many fields. Because the GAN
consists of the generator and discriminator, the
training of these two models provides realistic
image outputs. In [46], the authors achieved the best
measure performance using GAN in super-
resolution GAN (SRGAN) and image restoration
problem by recovering information in detail [47].
SRGAN can be used in different fields, such as
medical images. In [48], a densely connected super-
resolution network was used to recover information
from brain magnetic resonance images in detail. In
[49], a generator using U-Net was presented to
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restore images of magnetic resonance and enhance
the definition. The target details of denoising
problems, de-aliasing, and super-resolution were
recovered as much as possible.

3. Methodology

The proposed architecture was build on the basis
of residual learning, attention module and batch
normalization to generate high-quality despeckled
images. The GAN structure was We employed for
image denoisingusing ResUNet. Next, Three
residual blocks in our initial version was used due to
timing constraints. Note, that more residual blocks
may improve the measuring performance, but the
training times may be extended.

3.1 Problem definition

Speckle is a naturally occurring problem in
coherent imaging systems where the spatial
resolution is greater than the wavelength. SAR is an
example of such an imaging system. Due to the
roughness of the surface, each resolution cell
contains several scatterers. Thus, the resulting image
has a granular appearance because of constructive
and destructive interferences.The granularity of
speckled images makes them difficult to interpret,
both for the human eye and automated segmentation
and classification algorithms, as presented in Fig. 1
[50].

A denoising problem can be expressed as a
prediction process that converts HN images to LN
images. Assume that the HN image is collected X
and the ideal LN image is Y. Speckle noise Z is
multiplicative noise, and this relationship can be
expressed as in Eq. (1):

X=Y.Z (1)
i

.-.‘

Figure. 1 Details of the patches of original and synthetic
noise images
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The goal of a statistical model is to estimate the
noise distribution Z and obtain Y through an inverse
operation. However, if we can obtain Y through a
pre-processing method, DN-GAN can automatically
extract the visual features of X and find an inverse
mapping function £, which appears as ¥ = f.(X).
As a result, prior knowledge, such as noise
distribution, is superfluous. The image Y recovered
by any algorithm cannot then be equal to Y,, and the
gap R is as follows:

R=Y-Y=u-v (2)

where u denotes the residual speckle in ¥, and v is
unrecovered detail. R is the gap, and Y is the clean
image. The goal of GAN is to reduce the R gap. As
a result, by subtracting u and adding v, a clean
image Y can be obtained [51].

3.2 Proposed architecture

The implementation was present details of the
proposed practical solution for the SAR despeckling
method ResUNet-GAN, as shown in the network
architecture in Fig. 2. It consists of two parts: a)
adversarial learning framework for SAR image pair
generation and its loss functions for optimization
and b) the network architecture of the discriminator
with modified ResUNet. This section formulates the
despeckling SAR image problem using DL. In
addition, we present a detailed description of the
proposed ResUNet-GAN structure. The GAN
network was designed to provide a score for both
the generated and real images that can be seen as
regression problem. If the network is efficiently
trained, it will return a score close to 1 for the real
label image, and O for the generated image, denoting
that the network has robust ability to discriminate
and can proficiently distinguish between true and
fake images. In this study, after the image passing
through the generator, the obtained image labels are
clear images and the fake ones are noised images.
The discriminator's network structure is simple
that involves a series of convolutional layers which
connect to the link layer before being sent to the
tanh function to normalise the confidence score to a
probability between 0 and 1.

3.2.1. Generator network

Single-image denoising is used to produce a
high-quality image. The generator is used to the fact
that the image noise is filled with surrounding pixels
without losing any information from the original
image.
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The symmetric structure was employed a similar
to that used in typical CNN frameworks to train an
end-to-end mapping from noisy input images to
their corresponding ground truth. In front of the
network, three convolutional layers were stacked
using batch normalization and ReLU activation to
extract semantic information from the input image.

Furthermore, three residual blocks each with two
convolutional layers were used to increase the
network depth. Next, The symmetric was used to
skip connections in this sub-network to boost
training efficiency. The input was fed to the deep
layers via skip connections that allow each residual
layer to alter the output in proportion to the input
while preserving the spatial information. The images
were resized from 64 x 64 to 128 x 128, to 256 x
256 as the final image size.

Because the sub-pixel convolution is similar to
deconvolution, we refer to those layers as
deconvolutional layers. RELU activations were
present in the first two deconvolutional layers,
whereasSigmoid activations were used in the final
deconvolutional layer, which gives the denoised
output. All layers had a stride of one. The generator
network model is based on U-Net as follows:

G =CBL(K)—CBL(K®2)—CBLKQ2® 2)
—CBLK®2®2)—CBLK Q2 Q 2)
—CBL(K® 2 ®2) — DBL(K ® 2) — DBL(k)

—DB(3) — Tanh (3)

where G is the generator, CBL(K) is a set of K-
channel convolutional layers followed by batch
normalization and ReLU activation, and DBL(k)is a
set of K-channel deconvolutional layers followed by
batch normalization and ReLU activation.The
generating network is such that for every two layers,
skip connections are added [52].

3.2.2. Discriminator network

The purpose of speckle image denoising is to
produce a solution that is visually pleasing and
quantitatively comparable to the original and photo
realistic. To categorize whether each input image is
real or false, we inserted a learned discriminator
sub-network. Throughout the discriminator network,
The five convolutional networks was presented with
batch normalization and ReL U activation [52].

D = CB(K2) — CBL(K2Q®2) — CBL(K2 ® 2 ® 2)

—CBL(K2®2®2Q2)—-C(1)
— Sigmoid
(4)
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Figure. 2 Generator and discriminator layouts of the proposed GAN network structure

Where D is the discriminator, CB(K2) denotes a
collection of K2 channel convolutional layers
followed by batch normalization, and C(1)
represents a set of one-channel convolutional layers.

3.2.3. Loss function

The pixel-to-pixel Euclidean loss (pixel loss)
was combined, smooth loss, feature loss, and
adversarial loss with appropriate weights to ensure
that the results have good visual and quantitative
scores as well as good discriminatory performance.
Adversarial loss assists the generator in producing
better output in order to deceive the
discriminator. Feature loss aids in the accurate
extraction of features and is calculated in the same
manner as pixel loss, but is determined by
examining image data extracted from the Conv2
layer of the VGG16 network. We supplement the
existing loss functions with a smooth loss function.
The reasoning behind this is to avoid "checkboard"
artefacts across neighbouring pixels in the image. To
calculate the smooth loss, we shift a copy of the
generated image one unit to the left and one unit
down, then compute the Euclidean distance between
the shifted images. Following that, the new loss
function is defined as follows:

L = /‘LaLa + /‘Lpr + /‘[fo + /‘lSLS (5)
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where L, denotes adversarial loss (discriminator
loss), L,, denotes pixel loss (pixel-to-pixel Euclidian
distance between generated image and ground truth
image), Ly denotes feature loss (pixel-to-pixel
Euclidian distance between generated image and
ground truth image from the Conv2 layer of
VGG16), and Lg denotes smooth loss. a,p, f and s
are pre-defined weights for adversarial loss, pixel
loss, feature loss, and smooth loss, respectively [52].

4. Experimental details and results

In this section, the details of our experiment
investigating was discussd the proposed despeckle
network and present which model enhances image
quality and improves the performance measure.

4.1 Experimental setting

The proposed model was implemented using the
PyTorch framework [53] and optimized by
minimizing the loss function in Eq. (5) using the
Adam algorithm. We trained the model using a
minibatch size of 16 on an NVIDIA RTX 60002080
GPU with 24-GB onboard memory. The learning
rate was initially set to 4E-7 for 1000 epochs.

Furthermore, The training data was pre-
processed separately since a fully convolutional
network was used for the generator. Its dimension is
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256 x 256 pixels, which is useful for testing various
ways because the redundant background and
worthless regions are cropped out. However, the
proposed architecture was evaluated using real
INSAR images from the Sentinel-1A satellite. The
proposed denoised images using the GAN
architecture were statistically and qualitatively
compared with traditional methods and validated.
Experimental results indicated that the proposed
ResU-Net-GAN architecture performs well even in
HN environments and takes less computation time.

4.2 Evaluation metric

The comparison of the restored clean (denoised)
images with ground-truth images serves as the basis
for the evaluation. the mean squared error (MSE)
was used conventional peak signal-to-noise ratio
(PSNR), and structural similarity (SSIM) index [54],
which is frequently used in the literature.

The MSE between two images, such as X (n, m)
and ¥ (n, m), is defined as follows[55]:

MSE = 3o S0 Zihmal? (n,m) — X(n,m)]? (6)

PSNR is expressed as:
PSNR = 10 log,o(pealval?)/MSE (7)

where peakval (Peak Value) is maximal in the image
data. If it is an 8-bit unsigned integer data type, the
peakval is 255 [56].

8
SSIMeyy = [l -leam] - [sam]” (®

where [ is the luminance (used to compare the
brightness between two images), ¢ is the contrast
(used to compare the ranges between the brightest
and darkest regions of two images), s is the structure
(used to compare the local luminance pattern
between two images to find the similarity and
dissimilarity of the images), and o, 8, and y are the
positive constants [57].

4.3 Datasets

Virtual SAR dataset: It is a synthetic dataset
collected from NWPU-RESISC45 that includes
5500 images. Each pair is of size 256 x256 pixels. It
was used to enhance the performance of the
denoising task.

Real dataset: The Sentinel-1A Single Look
Complex (SLC) real dataset containing 1350 images
with a size of 256 x256 pixels was used in the
experiments. They were acquired in the
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interferometric wide swath mode using the terrain
observation with progressive scan (TOPS) technique
[58]. Furthermore, they were acquired in C-band for
both single and dual polarizations. The GRD images
were multilooked to five looks in the range direction
and projected to ground range using an Earth
ellipsoid model by the data provider.

The dataset was randomly split to 60%, 20%,
and 20% for training, validation, and testing,
respectively. Note, the data augmentation was never
used during training.

4.4 Analysis and results

The analysis of the quantitative measures,
namely, PSNR, SSIM, and MSE using different
GANs, is presented in Table 1. The generator and
discriminator of the GAN model were concurrently
trained. Based on this, the time for running the GAN
model was longer than that for traditional methods.
The best performance was evaluated using the
minimum parameters of the GAN model.

The proposed methods are based on DL GAN-
UNet and GAN-ResUNet with CBAM attention;
The numerous experiments was conducted on the
synthetic INSAR and Sentinel-1A datasets. Then, the
denoised images was compared with reference
images and evaluated the results. The comparison
between these methods was performedby calculating
the degree of similarity between the denoised and
reference images. The proposed deep network
proved that CBAM enhanced the PSNR using the
GAN and its generator inspired by ResUNet by 5.87
dB through a comparison of the 3"¢ and 4" rows of
Table 1. Also, CBAM improved SSIM from 0.92 to
0.95.

The result presented in Table 1 demonstrates
that the use of synthetic noise in the training set
improves data diversity and model robustness. The
despeckle performance was enhanced for the
proposed GAN-ResUNet with CBAM in which
PSNR equals 21.42 compared with other
experimental results of convolutional neural
network method and GAN based noise method in [30]
and [59] respectively.

Although, the SSIM metric of the methods in
[30] and [59] are better than the proposed one. The
Visual interpretation of the images of the proposed
method is easier. In addition they have more clear
features as shown in Fig. 3. The obtained images of
the methods in [30] and [59] are more smooth which
the image features are lost as shown in Fig. 3.

Table 2 shows the performance comparison of
the proposed GAN using Sentinel-1A images. The
results indicate that using a training set containing
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Table 1. Performance comparison between the proposed
GAN and other basline approaches using synthetic INSAR
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Table 2. Performance comparison between the proposed
GAN and other basline approaches using real INSAR

images images
Methods MSE | SSIM | PSNR Methods MSE | SSIM | PSNR
CNN Method [30] 0.018 | 0.97 | 21.09 CNN Method [30] 0.011 0.98 | 20.65
GAN Method [59] 0.0204 | 0.998 | 17.94 GAN Method [59] 0.0126 | 0.96 | 19.86
GAN-Unet+CBAM 0.0194 | 0.998 | 18.3 GAN-Unet+CBAM 0.014 | 0.96 | 19.58
GAN-ResUNet 0.0198 | 0.999 | 18.17 GAN-ResUNet 0.0319 | 0.924 | 15.55
GAN-ResUNet+CBAM | 0.0187 | 0.999 | 18.42 GAN-ResUNet+ CBAM | 0.0089 | 0.95 | 21.42
Ground truth CNN Method [30] GAN Method [59] Proposed GAN- Proposed GAN- Proposed GAN-

UNet CBAM

B VResNet CBAM

e e

ResNet-CBAM

Figure. 3 Comparison between Virtual SAR dataset denoising methods

Ground truth

CNN Method [30] GAN Method [59]

ProposedGAN-
UNet-CBAM

ProposedGAN-
ResUNet

Proposed GAN-
ResUNet-CBAM

Figure. 4 Comparison between real dataset denoising methods

real noise increases the diversity of the INSAR data
and the robustness of the model. The denoising
performance was enhanced for GAN-ResUNet using
CBAM attention, which improved SSIM compared
with the other experiments of methods used in [30],
[59]. The generator inspired by ResUNet has
achieved the best SSIM and increased the
performance to be 0.999. The improvement
increased in proposed network of a deep residual U-
Net based on generative advertisal (GAN) by 0.029
using SSIM. The images quality of the proposed
methodare appeared more clear than images quality

International Journal of Intelligent Engineering and Systems, Vol.15, No.5, 2022

using models in [30] and [59], in addition to the
easy visual interpretation features as shown in Fig. 4.
The despeckled results from different models are
achieved to solve the interferometry of INSAR noise
images. The generator was used inspired by UNet
and ResUNet and applied with the GAN. The
CBAM module was added after the UNet and
ResUNet decoder components to improve the
speckle filter and retain the quality of the features.
The ideal place for CBAM in this model is used
after the decoder component in both experiments.
Thus, that CBAM was conclude boosted essential
features in upsampled data and supported the
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creation of a final denoised image for the following
convolution layer. The effectiveness of CBAM was
found to rely on the network’s complexity, as
presented in Fig. 3 and 4.The despeckled results
from different GAN models of the interferometric
SAR data are presented in Fig.3. The 6" column
representing the GAN model whose generator is
inspired by ResUNET and the CBAM attention
shows the details of the fringe features more than
the other models. The real images of the used
INSAR data are wrapped images. Thus, the
generator model of the 6™ column is essential in the
despeckling process.

Compared with other techniques, GAN proved
to have high performance in despeckling and detail.
preservation while shortening the test time, thereby
making it more practical for applications.

5. Conclusion

In this paper, an improved network architecture
was proposed for INSAR image denoising. The
experiments of GAN network was compared using
two generators inspired by the UNet and Res-UNet
models using CBAM attention. These models
automatically remove speckle noise and improve the
quality of the INSAR data. Synthetic data were used
to increase the training data, and the encoding block
was added to the generator to improve the usable
features for despeckling. Compared with alternative
methods for speckle reduction in INSAR data. The
proposed method has significant advantages: 1)
GAN obtained the best despeckling performance
with fewer parameters than other basline approaches
models, and the generated images were more real. 2)
Compared with other approaches, the proposed
model exhibits high performance in despeckling and
detail retention with the quickest operating time,
making it perfect for many applications. The
denoising performance was improved using the
GAN with CBAM attention as the generator
inspired by UNet and ResUNet.
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