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Abstract: In wireless communication scenarios, especially in low-bandwidth or noisy transmission
conditions, image data is often degraded by interference during acquisition or transmission. To
address this, we proposed Wasserstein frequency generative adversarial networks (WF-GAN), a fre-
quency-aware denoising model based on wavelet transformation. By decomposing images into four
frequency sub-bands, the model separates low-frequency contour information from high-frequency
texture details. Contour guidance is applied to preserve structural integrity, while adversarial train-
ing enhances texture fidelity in the high-frequency bands. A joint loss function, incorporating fre-
quency-domain loss and perceptual loss, is designed to reduce detail degradation during denoising.
Experiments on public image datasets, with Gaussian noise applied to simulate wireless communica-
tion interference, demonstrate that WF-GAN consistently outperforms both traditional and deep

learning-based denoising methods in terms of visual quality and quantitative metrics. These results

highlight its potential for robust image processing in wireless communication systems.
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1 Introduction

In real-world wireless communication scenarios,
image data transmitted or captured is often
degraded due to environmental interference,
hardware limitations, and human-induced fac-
tors. These distortions typically manifest as
noise, which not only compromises the visual
quality of the images but also significantly ham-
pers downstream tasks such as recognition, classi-
fication, and interpretation. Such distortions usu-
ally appear as noise, which not only reduces
visual quality but also impairs downstream tasks

such as recognition and classification. Such
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degradation may result in incorrect analysis out-
comes in communication systems that rely on
image data for decision-making [1].

Deep learning methods, with their ability to
automatically extract complex features from
large datasets, have made significant strides in
the field of denoising. These models excel at pre-
serving edges and fine details, significantly reduc-
ing edge blurring during the denoising process [2].
For example, the edge-focused image denoising
(EFID) network proposed by Holla et al. [3] mit-
igates the loss of edge and texture information by
using parallel processing and an edge recovery
module, thereby enhancing the model’s ability to
represent details in denoising. These advance-
ments have not only propelled the field forward
but also set the stage for future work in image
restoration tasks using deep learning.

Despite these advancements, deep learning
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techniques require adjustments to image size to
improve efficiency and reduce hardware demands.
Downsampling causes data loss, while upsam-
pling may introduce artifacts, degrading the
denoised image —especially for small objects or
abstract textures where details are easily lost [4].
Liu et al. [5] were among the first to use wavelet
transforms for adjusting feature map sizes, capi-
talizing on wavelet transforms’ ability to capture
both frequency and spatial information, thus
retaining more image details while reducing
model noise. Shahaf et al. [6] extended this
approach by designing wavelet convolutions to
increase the receptive field of the network, fur-
ther improving the model’s performance.

In the frequency domain, image information
is usually divided into low- and high-frequency
components. The former captures global struc-
tures and brightness, while the latter represents
fine textures such as fur, hair, or architectural
details [7].
methods focus primarily on modeling low-fre-

However, most existing denoising

quency regions, often neglecting the high-fre-
quency components that are critical for restoring
detailed textures and finer image information [6].
Jiang et al. [8] demonstrated that neural net-
works tend to prioritize fitting low-frequency sig-
nals first, leading to the preservation of global
image structure while failing to restore the finer
details effectively.

To this end, we proposed the Wasserstein
frequency generative adversarial networks (WE-
GAN) model, which is based on Wasserstein
GAN with gradient penalty (WGAN-GP) and
wavelet transforms. Unlike the original GAN, the
input to the generator network in this case is not
random noise; instead, it requires extracting suffi-
cient meaningful information from the noisy
images to guide the training process. The noise
interference in the original images often mani-
fests as abrupt changes, thus concentrating in the
high-frequency domain. By leveraging wavelet
transforms, we can obtain the low-frequency
information of the input images. Additionally, by
using contour detection to capture the overall

outline, we can minimize the damage caused by
high-frequency information to the contour
details, thereby enhancing the quality of the gen-
erated images.

The contributions of this paper are as fol-
lows.

1) By using wavelet convolution to decom-
pose the image, we employed a combination of
high-pass and low-pass filters to separate the
image into low-frequency and high-frequency com-
ponents, enabling more refined denoising and
ensuring that the final result appears more natu-
ral.

2) The wavelet transformation retains the
overall structure of U-Net, whose superior fea-
ture extraction capabilities provide strong sup-
port for denoising. In the skip connection section,
we designed a contour guidance module to
enhance boundary information, further improv-
ing the quality of the denoised images.

3) To verify the reliability and effectiveness
of the model, we conducted denoising tasks on
multiple public datasets. Experimental results
demonstrate the model’s superiority in denoising
performance, showing stronger noise suppression
capabilities and better retention of image details
compared to traditional methods.

2 Related Work

2.1 Traditional Method

Although traditional denoising methods have
achieved limited progress in recent years, they
are still actively studied due to their simplicity
and interpretability [9]. These methods can be
broadly classified into spatial domain and fre-
quency domain approaches. Spatial domain
methods analyze pixel neighborhoods to remove
noise. Filters such as bilateral and guided filter-
ing can preserve details and edges, with gradient-
domain guided filtering offering further improve-
ments in edge preservation [10]. Yin et al. [11]
enhanced this by adjusting the regularization
term for more generalized models. However, most

spatial domain methods rely heavily on local
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neighborhood information, making them less
effective when handling complex noise patterns
or fine structures [12].

On the other hand, frequency domain meth-
ods take advantage of noise being concentrated in
high-frequency regions [13]. By transforming
images into the frequency domain, noise can be
separated from useful signal. Hard thresholding
removes coefficients above a certain threshold,
preserving textures but potentially creating arti-
facts in high-frequency areas, while soft thresh-
olding reduces these artifacts but introduces bias,
which might lead to some loss of details [14]. To
address these issues, Li et al. [15] proposed a soft
thresholding method based on the non-subsam-
pled shearlet transform (NSST), which effi-
ciently distinguishes between noise and useful
details, improving the overall denoising quality.
Despite these improvements, frequency domain
methods often struggle with adaptively balanc-
ing detail preservation and noise suppression,
especially in scenarios where the noise distribu-
tion overlaps with fine image textures.

2.2 Deep Learning Method

Deep learning has achieved remarkable progress
in image denoising owing to its powerful feature
learning and generalization abilities [16]. A repre-
sentative early work is denoising convolutional
neural network (DnCNN) [17], which introduced
residual learning by predicting the noise compo-
nent instead of directly generating a clean image,
thereby improving both accuracy and efficiency,
but its design is mainly limited to additive white
Gaussian noise. To address spatially varying
noise, Zhang et al. [18] proposed fast and flexible
denoising convolutional neural network (FFD-
Net), which incorporates noise level maps into
the input to adaptively handle different noise
intensities and improve robustness through
orthogonal initialization; however, the method
still depends on accurate noise estimation. More

recently, Transformer-based models have emerged.

Zamir et al. [19] proposed restoration trans-
former (Restormer), which employs multi-
deformable Conv  (DConv)-head transposed

attention to capture global dependencies with
reduced computational cost and achieves strong
results in high-resolution image restoration. Simi-
larly, Wang et al. [20] proposed U-shaped trans-
former (Uformer), which adopts a hierarchical U-
shaped design with local window attention to
balance local detail preservation and global con-
text modeling, but requires careful parameter
tuning to maintain efficiency.

In addition to spatial-domain approaches,
several recent studies have explored frequency-
domain processing for image denoising. Jiang et
al. [21] proposed adaptive fusion dual-domain
network (AFDN), a Fourier-based denoising net-
work that applies high-pass filtering in the fre-
quency domain to suppress noise components and
enhance feature extraction. Fan et al. [22] pro-
posed wavelet-domain frequency-mixing trans-
former (FMT), which employs a wavelet-based
feature decomposition module to separate low-
and high-frequency components and fuses them
with spatial features to improve edge and tex-

ture preservation.

3 Method

This study improves upon the WGAN-GP model.
First, the design of the discriminator combines
conventional downsampling methods with resid-
ual blocks, ensuring a deep extraction of useful
features during training while effectively avoid-
ing information loss. Secondly, the structure of
the generator retains the classic U-Net frame-
work but replaces the downsampling and upsam-
pling operations with wavelet transforms. Resid-
ual blocks are used in the feature learning pro-
cess, ensuring the learning of image detail fea-
tures and enhancing accuracy in denoising tasks.
Additionally, an edge-guidance module is incor-
porated into the skip connections of the U-Net.
This module enhances the accuracy of object con-
tours, improving the precision of edge informa-
tion in the generated images, thereby preventing
edge blurring or loss. The overall structure of the

Generator is shown in Fig. 1.
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3.1 Frequency Convolution Module b = (=1)"g:« (4)
The effectiveness of wavelet transform largely

depends on the choice of wavelet basis, as differ-
ent bases decompose and reconstruct signals dif-
ferently, directly affecting transformation perfor-
mance [23]. The Daubechies wavelet is widely
used due to its compact support, orthogonality,
and excellent localization, which enable effective
capture of local features in both spatial and fre-
quency domains. The discrete wavelet transform
(DWT) process can be expressed as follows

Lo =Y _L[2n— kg, ¢D)
k=0
K-—1

B =Y L[2n — k]h, (2
k=0

where [, is the approximation at level j, n
denotes the time/space index of the downsam-
pled coefficients at scale j+1, and k is the filter
tap index ranging from 0 to K-1, with K being
the length of the analysis filters, and h; is the
detail component. The downsampling operator
[2n — k] ensures that the output length is half of
the input, which is fundamental to the multireso-
lution property of wavelets. The filters g, and h,
satisfy the quadrature mirror filter condition

nggk—m = 5[”] (3)
k=0

where L is the filter length, which guarantees
perfect reconstruction of the original signal. By
iteratively applying Eq. (1) to the low-frequency
component [;, a multi-level decomposition is
(2D)
DWT is applied along rows and columns, result-

obtained. For two dimensional images,
ing in four subbands at each level: low-low (LL),
low-high (LH), high-low (HL), and high-high
(HH). The LL subband captures the coarse
structure, while the other three detail subbands
preserve edges and textures.

The inverse DWT (IDWT) reconstructs the
original image by upsampling and convolving the
subbands with the synthesis filters g, and h, as
follows

l;[n] = igk lia[n/2 = kl+

> hihga[n/2 - k] (5
k=0

This ensures that the global structure from
LL and high-frequency details from LH, HL, HH
are combined accurately. In our framework, fea-
ture maps from each subband are processed by
convolutional layers and then fused via IDWT,
as illustrated in Fig. 2, which preserves both

coarse and fine image features for denoising.
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Fig. 2 Illustration of the frequency convolution module

3.2 Edge Guidance Module

During the image denoising process, although
smooth regions are generally well restored, object
contours —especially in areas with sharp color
changes—often become blurred due to the over-
lap of high-frequency noise and edge information.
To address this, the model extracts contour infor-
mation from low-frequency feature maps as an
auxiliary guiding signal. Specifically, given a low-
frequency feature map F,, € R"*"  the Sobel
operator is applied to compute horizontal and

vertical gradients as follows
G,=F, xS, (6)
G,=F,=*8S, 7

where * denotes convolution, and S,, S, are the
standard Sobel kernels

-1 0 1

S.=|-2 0 2 (8)
-1 0 1
S, =8 9

The edge magnitude map E is then com-

RN e (10

This edge map FE serves as a guiding fea-

puted as

ture, ensuring that the network focuses on recov-

ering object contours during training. Even when

high-frequency components are affected by noise,
the low-frequency contour information helps
maintain the clarity of edges.

The model’s overall structure is based on U-
Net, with the edge-guided module functioning as
part of the skip connection. The primary role of
the skip connection is to combine high-resolution
features from shallow layers with low-resolution
features from deeper layers, preserving details
and minimizing information loss. An attention
mechanism is introduced to guide the learning of
edge information, and convolution operations are
applied after concatenation to further alleviate
potential shifts. The module is illustrated as

shown in Fig. 3.

LL subfigure

. Frequency ResBlock

= IDWT

Fig. 3 Illustration of the edge guidance module

4 Experiments

4.1 Experimental Setup

In this study, we utilized a computer equipped
with an NVIDIA real-time ray tracing (RTX) 4080
graphics processing unit (GPU), running on a
Windows 11 operating system, and powered by
an Intel Core i5 processor. The research was con-
ducted using Python 3.10 and PyTorch 2.1.2. To
evaluate the performance of the proposed model,
we selected several widely recognized algorithms
in the fields of machine learning and deep learn-

ing as benchmarks for comparison. WF-GAN was
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trained for 50000 iterations with a batch size of
12. The generator learning rate was 5 x 10~°, the
discriminator learning rate was 1 x 10=*, and
discriminator parameters were clipped to 0.01.
For model performance evaluation, we
employed two main metrics: signal-to-noise ratio
(SNR) and structural similarity index (SSIM) to
assess denoising performance. The best results
are highlighted in bold for ease of reference.
Through these comparisons and evaluations, our
objective is to comprehensively demonstrate the
effectiveness and advantages of the proposed

model.

4.2 Ablation Experiment

To wvalidate the effectiveness of the designed
modules, we performed ablation experiments on
the Set12 data set with a noise level of 50. The
experimental results show that incorporating
wavelet transform significantly improves the
model’s denoising performance, demonstrating
that a frequency-based approach can effectively
Additionally,

while the edge-guidance module does not show a

extract more relevant features.

notable improvement in peak signal-to-noise ratio
(PSNR), it exhibits a significant enhancement in
SSIM, indicating that this module -effectively
guides the restoration of the overall structure and
contours of the image during the denoising pro-
cess, particularly playing a key role in preserving
detail and edge information. The experimental

results are shown in Tab. 1.

4.3 Grayscale Image Denoising
In this study, the Berkeley segmentation dataset
400 (BSD400) was employed for training the
grayscale image denoising model. The dataset
was divided into training and validation sets,
with approximately 70% of the images used for
training and the remainder for validation. All
images were cropped into patches of size
256 %256 for model input. The performance of the
trained model was evaluated on the Setl2,
BSD68, and Urbanl00 datasets as independent
test sets. To simulate wireless communication
interference at different intensity levels, Gaus-
sian noise with standard deviations of 10, 25, and
50 was added to each dataset, enabling a compre-
hensive evaluation of the model’s denoising per-
formance in varying channel noise conditions.
The experimental results, presented in Tab. 2,
provide quantitative evaluation metrics for each
dataset at different noise levels. The qualitative
comparison results are shown in Fig. 4.

Among the compared methods, block match-
ing 3D (BM3D) effectively preserves the overall

image structure but is limited in restoring fine

details, particularly at higher noise levels.
Tab. 1 Ablation experiment results
Feature Edge PSNR/
extraction guidance SSIM (dB/%)
Conv X 27.18/78.28
haar X 27.15/79.19
db2 X 27.31/79.43
db6 X 27.64/80.13
db6 v 27.92/81.11

Tab. 2 Grayscale image denoising results in PSNR/SSIM

Dataset o BM3D (dB/%) DnCNN (dB/%)

NLRN (dB/%)

IRCNN (dB/%) FFDNet (dB/%) WF-GAN (dB/%)

15 32.37/89.52 32.86/90.24
Setl2 25  29.97/85.04 30.44/86.17
50 26.72/76.76 27.18/78.28
15 31.07/87.17 31.73/89.07
BSD68 25  28.57/80.13 29.23/82.79
50 25.60/68.64 26.23/71.89
15 32.35/92.20 32.64/92.46
Urban100 25  29.70/87.77 29.95/87.81
50  25.95/77.91 26.26,/78.56

33.16/90.70
30.80/86.89
27.64/79.80
31.88/89.32
29.41/83.31
26.47/72.98
33.45/93.54
30.94/90.18
27.49/82.79

32.76/90.06 32.75/90.24 33.21/91.23
30.37/85.98 30.43/86.31 31.00/87.52
27.12/78.04 27.32/78.99 27.92/81.11
31.63/88.82 31.63/89.02 31.95/89.86
29.15/82.48 29.19/82.88 29.56/84.02
26.19/71.69 26.29/72.39 26.67/73.96
32.46/92.36 32.40/92.65 33.58/93.96
29.80/88.31 29.90,/89.79 31.23/91.41
26.22/79.18 26.50,/80.47 27.83/84.83
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Fig. 4 Grayscale denoising results of various models: (a) noise
image; (b) DnCNN; (¢) NLRN; (d) IRCNN; (e) FFD-
Net; (f) WF-GAN
DnCNN and FFDNet achieve a moderate bal-
ance, providing reasonable recovery of both edges
and textures. Non-local recurrent network
(NLRN) emphasizes edge and contour sharpness,
sometimes producing details that exceed those in
the original images, yet this often introduces arti-
facts and reduces global consistency. CNN
denoiser prior for image restoration (IRCNN)
generally maintains the global structure but is
less capable of capturing high-frequency details.
In contrast, the proposed WF-GAN demon-
strates superior performance, consistently recov-
ering both fine details and overall image struc-
tures, yielding denoised results that are visually

more faithful and quantitatively stronger.

4.4 Color Image Denoising
For the color image denoising task, the Berkeley
dataset was employed for training the model,
with the training/validation split and patch size
following the same procedure as in the grayscale
experiments. The performance of the trained
model was evaluated on four widely-used public
datasets: color Berkeley software distribution 68
(CBSD68), Kodak24, McMaster, and Urban100.
Gaussian noise with standard deviations of 15,
25, and 50 was added to each dataset, as in the
grayscale image processing task. The results are
summarized in Tab. 3, comparing our model’s
performance with other algorithms at different
noise levels. For qualitative comparison, image
13 from the McMaster dataset is shown in Fig. 5.
In the task of color image denoising, the
compared methods exhibit distinct behaviors.
DnCNN and TRCNN deliver comparable yet rela-
tively basic results, indicating limited capability
in modeling multi-channel noise. FFDNet shows
certain stability at moderate to high noise levels,
but its performance in color fidelity and fine
detail preservation remains insufficient. Deep
(BRDNet)

achieves strong results at low noise levels, partic-

CNN with batch renormalization

ularly on Urbanl00, though its advantage dimin-
ishes rapidly as noise intensity increases. Resid-
(RNAN)
demonstrates potential in specific high-noise con-

ual non-local attention networks

Tab. 3 Color image denoising results in PSNR/SSIM

Dataset o RNAN (dB/%) BRDNet (dB/%)

DnCNN (dB/%)

IRCNN (dB/%) FFDNet (dB/%) WF-GAN (dB/%)

15 - 34.10/92.91 33.89/92.90 33.87/92.85 33.87/92.90 34.26/93.10
CBSD68 25 - 31.43/88.47 31.23/88.30 31.18/88.24 31.21/88.21 31.59/88.79
50 28.27/80.18 28.16/79.42 27.92/78.96 27.88/78.98 27.87/83.96 28.48/80.96
15 - 34.88/92.49 34.48/92.09 34.69/92.09 34.63/92.24 35.08/92.92
Kodak2d4 25 - 32.41/88.56 32.03/87.75 32.15/87.79 32.13/87.91 32.74/88.56
50 29.58/81.18 29.22/80.40 28.85/79.17 28.94/79.43 28.98/79.52 29.80/81.82
15 - 35.08/92.69 33.44/90.35 34.58/91,95 34.66/92.16 35.29/92.88
McMaster 25 - 32.75/89.43 31.51/86.94 32.18/88.18 32.35/88.61 33.07/90.13
50 29.72/83.29 29.52/82.65 28.61/79.86 28.93/80.69 29.18/81.49 29.90/83.92
15 - 34.42/94.62 32.98/93.14 33.78/93.14 33.83/94.18 34.19/94.93
Urbanl00 25 - 31.99/91.94 30.81/90.15 31.20/90.88 31.40/91.20 32.22/92.31
50  29.08/87.03 28.56/85.77 27.59/83.31 27.70/83.96 28.05/84.76 29.29/87.84
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(a) (b) (©)
(d) (e) ®
Fig. 5 Color denoising results of various models: (a) noise

image; (b) RNAN; (c) BRDNet; (d) IRCNN; (e) FFD-
Net; (f) WF-GAN

ditions but lacks overall consistency. Compared
to existing methods, WF-GAN achieves similar
PSNR but significantly higher SSIM, indicating
better preservation of structural details and per-
ceptual quality. Its advantage is particularly evi-
dent in both color and grayscale images with
complex textures, though there remains room for

improvement in extremely high-noise scenarios.

5 Conclusion

In this paper, we proposed the WF-GAN model,
designed for effective denoising of noisy images in
wireless communication environments from a fre-
quency perspective. By decomposing and analyz-
ing different frequency bands, we can perform
feature learning tailored to the characteristics of
each band, significantly improving denoising per-
formance. The wavelet decomposition technique
allows for the full utilization of information from
different frequency bands while reducing noise
interference with the overall structure, thereby
enhancing the clarity of the generated images.
Our model also incorporates an edge-guidance
module, which extracts high-frequency edge infor-
mation hidden beneath severe noise interference
further
improves the detail quality of the denoised

using low-frequency  signals. This
images. Additionally, we employed frequency loss
and edge loss to mitigate potential detail texture
loss caused by discriminator loss and pixel-wise
loss. Experimental results demonstrate that WEF-

GAN achieves excellent denoising performance,

showcasing its broad applicability in wireless
communication image processing.

While the proposed WF-GAN demonstrates
strong denoising performance, several avenues for
future improvement remain. Key research direc-
tions include reducing the impact of noise in high-
frequency components during wavelet decomposi-
tion and developing more adaptive feature learn-
ing strategies that fully exploit the characteris-
tics of different frequency bands. Our future work
will focus on addressing these challenges to fur-
ther enhance the model’s denoising capability

and robustness.
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