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Abstract

Existing image super-resolution methods still suffer from limitations in edge-structure
restoration, high-frequency texture preservation, and artifact suppression, which may lead
to blurred contours and unnatural textures. To address these issues, this paper proposes an
image super-resolution method based on hierarchical feature aggregation and Laplacian
high-frequency compensation. First, a Hierarchical Feature Aggregation Attention Block
(HFAB) is designed in the generator to progressively extract image features at different lev-
els through multiple convolutional layers. A High-Frequency Variance Adaptive Channel
Attention Block (HFVB) is further introduced to adaptively enhance key texture and edge
information. Second, a Laplacian Adaptive Upsampling (LAU) module is developed to
combine low-frequency content reconstruction with high-frequency detail compensation,
thereby strengthening edge contours, preserving fine textures, and reducing artifacts. Fi-
nally, a Dissimilarity Structural Similarity Index Measure (DSSIM) loss is incorporated into
the loss function to constrain local structural consistency and further improve the structural
preservation and perceptual quality of reconstructed images. Experimental results on Set5,
Set14, BSD100, and Urban100 show that, compared with SRGAN, the proposed method
improves PSNR by 0.31 dB, 0.18 dB, 0.14 dB, and 0.14 dB, respectively, while reducing LPIPS
by 0.0234, 0.0183, 0.0222, and 0.0222. These results indicate that the proposed method pro-
vides consistent improvements over SRGAN and achieves modest, metric-dependent gains
over ESRGAN, suggesting an incremental enhancement in reconstruction accuracy and
perceptual quality on both natural image benchmarks and complex urban scene datasets.

Keywords: image super-resolution reconstruction; hierarchical feature aggregation;
high-frequency compensation

1. Introduction

Image super-resolution reconstruction (SRR) aims to recover a high-resolution (HR)
image from a low-resolution (LR) input through a series of transformations [1]. Since it
was first proposed in the 1980s, SRR has attracted extensive attention from researchers and
has become an important research topic in computer vision and image processing due to
its broad practical applications and theoretical significance [2]. Existing super-resolution
methods can generally be divided into interpolation-based methods [3,4], reconstruction-
based methods [5], and deep learning-based methods [6,7]. Interpolation-based methods
mainly estimate unknown pixel values from known neighboring pixels using mathematical
functions in the spatial domain, thereby enlarging the image size. However, these methods
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essentially generate pixel values rather than recover high-frequency details, which often
leads to blurred edges, distorted textures, and ringing artifacts in the enlarged images.
Reconstruction-based methods attempt to restore missing high-frequency details by ex-
ploiting the intrinsic structure and prior knowledge of images. Nevertheless, they usually
require high computational costs, are difficult to apply to large-scale images, and still
struggle to suppress artifacts and ringing effects. In recent years, convolutional neural
network-based super-resolution methods have demonstrated remarkable performance.

Generative adversarial networks (GANSs) [8] have brought revolutionary advances
to the field of image generation through their unique adversarial training mechanism.
In particular, they have shown significant advantages in producing visually realistic results,
providing a new technical route for image reconstruction. Based on this idea, Ledig et al.
proposed SRGAN, which was the first to introduce the GAN framework into single-image
super-resolution reconstruction [9]. SRGAN innovatively designed a perceptual loss func-
tion that combines content loss with adversarial loss, successfully overcoming the limi-
tations of traditional super-resolution methods in reconstructing high-frequency details.
It not only significantly improves the visual quality of reconstructed images, but also
generates more natural and realistic texture details, making the reconstructed images better
aligned with human visual perception and laying an important foundation for subsequent
GAN-based super-resolution studies.

Although SRGAN achieves favorable visual results in image super-resolution recon-
struction, it still has several limitations. First, the feature extraction structure in its generator
is relatively simple, which limits its ability to represent multi-level textures and edge details.
Second, the upsampling process lacks an explicit high-frequency compensation mechanism,
making the reconstructed images prone to blurred edges, texture loss, and ringing artifacts.
Third, the original loss function provides insufficient constraints on local structural con-
sistency, so structural distortion and artifacts may still occur in the reconstructed images.
To address these issues, this paper proposes a novel GAN architecture based on SRGAN.
Specifically, a Hierarchical Feature Aggregation Attention Block is introduced to improve
the feature extraction capability of SRGAN, and a Laplacian Adaptive Upsampling module
is designed to alleviate ringing artifacts and contour blurring during upsampling. Based
on these improvements, a High-Frequency Compensation and Feature Aggregation Gener-
ative Adversarial Network (HFAGAN) is proposed. The main contributions of this paper
are summarized as follows:

1. A Hierarchical Feature Aggregation Attention Block is proposed and used as the
backbone of SRGAN. By progressively extracting image features at different levels
through multiple convolutional layers and incorporating a high-frequency variance
channel attention mechanism, the network enhances its ability to represent high-
frequency details such as textures and edges, thereby improving the limited feature
extraction capability of the original SRGAN.

2. A Laplacian high-frequency compensation upsampling module is designed. Based on
sub-pixel upsampling, a Laplacian high-frequency branch is introduced to explicitly
compensate for edge contours and texture details, thereby alleviating edge blurring
and artifact problems in reconstructed images.

3. A dissimilarity structural similarity loss function is introduced to constrain the local
structural consistency between reconstructed images and real images. This helps
reduce edge distortion and structural artifacts, further improving the perceptual
quality of reconstructed images.
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2. Related Work

With the rise in deep learning, super-resolution methods based on convolutional
neural networks (CNNs) have demonstrated stronger capability in feature representation
than traditional methods and have gradually become the mainstream research direction in
the field of image super-resolution.

Dong et al. [10] first applied convolutional neural networks to the super-resolution
task and proposed the SRCNN model, which mainly consists of three stages: patch
extraction and representation, nonlinear mapping, and image reconstruction. As subse-
quent studies revealed a close relationship between model performance and network
depth, increasingly deeper super-resolution networks were proposed, such as VDSR [11],
DRRN [12], and DBPN [13]. However, due to the effect of diminishing returns, sim-
ply increasing network depth became insufficient to continuously improve model per-
formance, prompting researchers to explore other directions for model improvement.
Shi et al. [14] found that sub-pixel convolution could improve image resolution and
reconstruction efficiency, and proposed an efficient sub-pixel convolutional neural net-
work, namely ESPCN. They introduced an efficient sub-pixel convolution layer into
the neural network to perform image upsampling, thereby improving image resolution.
Hu et al. [15] incorporated channel and attention mechanisms into their model to trans-
form low-resolution features into more informative representations, achieving favorable
reconstruction results.

Lim et al. [16] found that batch normalization layers tend to damage the contrast
information of image features and have a negative impact on super-resolution tasks. They
therefore proposed the Enhanced Deep Super-Resolution Network (EDSR). In this network,
batch normalization layers were removed and a simplified residual block structure was
adopted, which effectively reduced computational cost. This design made it possible to
construct deeper and wider networks, significantly improving the accuracy and efficiency
of image reconstruction. Zhang et al. [17] observed that different channel features in deep
networks contribute unequally to reconstruction performance, and proposed the Residual
Channel Attention Network (RCAN). They introduced a residual-in-residual structure
and integrated a channel attention mechanism, which adaptively recalibrates the feature
weights of each channel. As a result, the network can focus more on informative features,
enabling the training of extremely deep networks with more than 400 layers and achieving
excellent reconstruction quality.

With their unique adversarial mechanism, GAN models have attracted widespread
attention in the field of image generation, leading to the development of models such
as DCGAN [18], WGAN [19], and CGAN [20]. SRGAN was the first GAN-based model
introduced into the field of super-resolution. Based on the core idea of GANs, SRGAN
consists of a generator (G) and a discriminator (D). The generator extracts features from
the input samples, learns the data distribution, and outputs generated samples. The real
samples and generated samples are then paired as input data and fed into the discriminator.
After processing by the discriminator, a classification result is obtained to determine
whether the input sample is real or generated. This result is fed back to the generator,
and the two networks are continuously trained and updated until they eventually reach a
Nash equilibrium [21].

The generator continuously learns from the feedback provided by the discriminator
and generates images that aim to deceive it, while the discriminator is responsible for
identifying whether an image is generated by the generator. The two networks therefore
form a competitive and adversarial relationship. The structure of the generator is shown in
Figure 1.
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The generator is composed of multiple residual blocks [22], which are used for feature
extraction while helping stabilize the network. In super-resolution networks, especially
when clear and realistic details need to be recovered from low-resolution images, it is nec-
essary to capture deep semantic information. Shallow networks can only extract low-level
features such as edges and colors and are unable to effectively capture deeper information.
However, when the network depth reaches a certain level, the training error may increase
instead of decreasing as expected [23]. The idea of residual blocks is to allow the network to
learn the difference between the input and the output, making it easier to learn an identity
mapping, preserve the original information flow, and avoid the problem above. By stacking
multiple residual blocks, SRGAN forms a deeper network that can capture more complex
and abstract features.

N residual blocks

Low-
Resolution
Image

High-
Resolution
Image

AUOD)
Né

Figure 1. SRGAN generator.

The discriminator network extracts features from the input image through multiple
convolutional layers, determines whether the image is an original high-resolution image
or a reconstructed high-resolution (SR) image, and then feeds back the classification re-
sult [24]. Its structure is similar to that of classification models such as VGG [25], as it is
also a purely convolutional neural network. However, unlike conventional classification
networks, the discriminator uses strided convolutions for downsampling instead of pooling
layers. From an overall perspective, the discriminator performs a feature extraction and
compression process that transforms the input from high resolution with a small number
of channels to low resolution with a large number of channels. In addition, unlike gen-
eral classification models, the discriminator is designed for binary classification, that is,
to distinguish between real and generated images.

The design of the discriminator has two main purposes. First, through adversar-
ial training with the generator, it encourages both networks to improve together: as the
discriminator becomes more capable of distinguishing real from generated images, the re-
construction ability of the generator is also enhanced. Second, the discriminator provides
gradients for the generator. Its classification result is back-propagated as important feed-
back to guide the generator in further improving the reconstructed images. It is precisely
because of the discriminator that SRGAN can overcome the overly smooth and blurry re-
sults often produced by traditional super-resolution methods. The discriminator is also one
of the key components that enables the concept of perceptual loss in SRGAN. The structure
of the discriminator is shown in Figure 2.

Figure 2. SRGAN discriminator.
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3. Method
3.1. Network Architecture

Figure 3 shows the improved HFAGAN model. The HFAGAN model still follows the
generator-discriminator framework of SRGAN. The generator consists of a Deep Feature
Extraction Block (DFEB) and a Laplacian Adaptive Upsampling (LAU) module. In the
DFEB, the proposed Hierarchical Feature Aggregation Attention Block (HFAB) is used as
the backbone network to replace the original residual blocks. This design increases the
network depth, improves the model’s multi-scale feature processing capability, and enables
clearer image reconstruction. The LAU module introduces a Laplacian compensation path
during upsampling to improve the sharpness of image edges and textures.

Deep Feature Extraction Block
Multiple stacked HFABs

Laplacian upsampling stage

F
Kl

Figure 3. Structure of the HFAGAN Model.

The overall module expression is given in Equation (1):
Fy = Mpau(Fy + Fy) )

where F; denotes the extracted shallow features, Fi; denotes the features extracted by the
stacked HFAB modules, and M| 41 (+) denotes the LAU module.

In the generator, the number of stacked HFAB modules is set to 23, and the basic feature
channel number is set to 64. Each HFAB contains three consecutive 3 x 3 convolutional
layers, followed by feature concatenation and channel fusion. For x4 super-resolution, two
LAU modules are used, and each LAU performs x2 upsampling. The convolution kernels
in the LAU module are mainly set to 3 x 3, while 1 x 1 convolution is used for channel
projection. No batch normalization is used in the generator, since normalization layers may
weaken pixel-level details in super-resolution reconstruction.

3.2. Deep Feature Extraction Block

To address the problems of the overly simple structure and insufficient feature ex-
traction capability of the original residual blocks, stacked HFAB modules are adopted
in the Deep Feature Extraction Block. The core of HFAB consists of three consecutive
3 x 3 convolutional layers, which construct a multi-level feature extraction path. Features
at different levels are concatenated and fused along the channel dimension, and a dynamic
channel attention mechanism is introduced to adaptively recalibrate the channel weights.
The module uses the PReLU activation function to enhance nonlinear representation ca-
pability. Meanwhile, a scaling factor is employed to control the strength of the residual
connection, allowing the network to effectively capture multi-scale detail features while
maintaining training stability. As a result, the proposed module significantly improves the
image quality and detail restoration capability of super-resolution reconstruction.
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3.2.1. HFAB Module

Batch normalization (BN) layers can accelerate network training and convergence
in most deep learning tasks, such as image classification [26]. They also help control
gradient explosion, alleviate gradient vanishing, and reduce overfitting. However, for pixel-
level tasks such as image enhancement and super-resolution reconstruction, BN layers may
weaken fine image details and adversely affect image generation quality [27]. Therefore, BN
layers are removed in the HFAB module. Instead, three consecutive convolutional layers are
adopted to process the input feature maps, forming a progressive process of dimensional
expansion, refinement, and abstraction. The first convolutional layer projects the input
features into a high-dimensional space. The subsequent convolutional layers further
perform deep nonlinear refinement in the expanded feature space, while the activation
function enhances the smoothness and representation capability of the features. This
progressive feature extraction design not only maintains parameter efficiency, but also
gradually expands the effective receptive field, enabling the network to capture broader
contextual dependencies and provide rich multi-scale information for subsequent dense
feature fusion. Its mathematical expression is shown in Equation (2):

Fy = c(Wy x Fy, + by),

2
Fk:U(Wk*kal'i_bk)/ k:2,3 ( )

where Wy and b; denote the weight and bias of the first convolutional layer, respectively. Wy
and by, denote the weight and bias of the k-th convolutional layer for k = 2, 3. These layer-
specific parameters are used to progressively transform and refine the feature representation
at different convolutional stages. F;;, denotes the input feature map, F; denotes the feature
map extracted by the k-th convolutional layer, and ¢(-) denotes the activation function.

Inspired by DenseNet [28] and RDN [29], dense feature fusion is introduced into the
HFAB module. Specifically, the intermediate features generated by each convolutional
layer within the module are extracted and preserved, and then aggregated through channel-
wise concatenation. This design enables the subsequent attention module to recalibrate
features in a multi-scale feature space that contains low-level textures, mid-level structures,
and high-level semantic information, as shown in Figure 4.

( N\
Input ——» Conv J Conv Conv
PReLu PReLu PReLu
v
Concat
|
\2 v
HFVB Squeeze
v
Out
& J

Figure 4. HFAB network architecture.
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The effectiveness of HFAB lies mainly in two aspects: receptive field expansion and
multi-level feature reuse. The consecutive convolutions do not simply increase the network
depth; instead, they form a hierarchical feature extraction process from shallow to deep.
The first convolutional layer mainly focuses on local edges, color variations, and fine tex-
tures. The second convolutional layer further aggregates contextual information and better
extracts overall contours. The third convolutional layer captures higher-level semantic
information and integrates the relationship between local details and global structures.

Meanwhile, HFAB concatenates the intermediate features generated by different
convolutional layers along the channel dimension, allowing shallow texture information,
intermediate structural information, and deep semantic features to jointly participate in
the subsequent reconstruction process. For super-resolution reconstruction, edge textures
and fine structural details are easily weakened during deep feature propagation. Therefore,
compared with the relatively simple residual blocks in the original SRGAN, HFAB can
enhance the model’s ability to represent high-frequency textures and edge structures from
the feature extraction stage.

Specifically, each HFAB takes a 64-channel feature map as input. The three internal
convolutional layers use 128 output channels, and their outputs are concatenated into a
384-channel feature map, which is then reduced to 64 channels by a 1 x 1 fusion convolution.

The main difference between HFAB and conventional residual or dense blocks is that
HFAB not only reuses intermediate features, but also organizes them into a hierarchical
feature space for subsequent high-frequency-oriented channel recalibration.

3.2.2. High-Frequency Variance Channel Attention

Attention mechanisms have shown great potential in improving the performance of
convolutional neural networks. Among them, the Convolutional Block Attention Module
(CBAM)) is one of the representative methods [30]. It adaptively recalibrates features by
sequentially inferring a channel attention map and a spatial attention map. The structure
of CBAM is shown in Figure 5.

Input

MaxPool
]
[ﬂ<, SO

MLP

MaxPool

Figure 5. Structure of CBAM.
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To adaptively select key features from dense features containing rich multi-scale infor-
mation, a customized High-Frequency Variance Adaptive Channel Attention Block (HFVB)
is integrated into HFAB. As shown in Figure 6, considering that the hierarchical convo-
lutional feature extraction structure in HFAB already has strong capability for capturing
spatial contextual information, directly applying the complete CBAM may introduce unnec-
essary computational redundancy. Therefore, the design of CBAM is adopted with several
key adaptations and improvements. First, the spatial attention branch is removed, and only
channel attention is retained to focus on the selection and suppression of feature chan-
nels. Unlike the original standard CBAM, which operates on a single input, the proposed
attention mechanism can directly receive inputs from multiple scales.

————————————————————————————————————————————————————————————————————————————————————————

Mean

out

________________________________________________________________________________________

Figure 6. Architecture of the HFVB.

Unlike traditional channel attention methods, the proposed high-frequency variance
channel attention does not use max pooling as the main descriptor of high-frequency re-
sponses. This is because although max pooling can highlight local strong-response regions,
local maximum values in super-resolution reconstruction are often susceptible to noise
points, artifacts, or abnormal activations. As a result, the attention weights may be biased
toward a small number of prominent pixel responses while ignoring the overall texture
distribution. Therefore, this paper combines average pooling with standard deviation
pooling to model channel features from the perspectives of low-frequency structures and
high-frequency variations.

Average pooling reflects the overall response intensity of each channel and is mainly
used to describe low-frequency background information, color distribution, and basic
structural information in an image. For super-resolution tasks, this information helps
maintain the overall brightness, color consistency, and structural coherence of the image,
thereby preventing large-scale color shifts or structural deformation in the generated results.

1 H W . 2
Fypg = HXW;];(XC(lr])_Fuvg) +¢€ 3)

where ¢ is a small constant used to ensure numerical stability. Since the gradient of the
square-root operation may become large when the variance approaches zero, ¢ is added
inside the square root to avoid division by an extremely small value during backpropagation.
Therefore, the StdPool operation remains stable even in smooth regions with weak spatial
response variations. Fm,g denotes the global response of each channel after average pooling,
H and W represent the height and width of the feature map, respectively, X.(i, j) denotes
the feature value of the c-th channel at spatial position (i, j). Standard deviation pooling can
reflect the dispersion degree of pixel responses in the feature map. When a channel contains
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abundant high-frequency details, such as edges, textures, and contours, its spatial responses
usually exhibit stronger fluctuations, resulting in a larger standard deviation. In contrast,
the responses in smooth background regions are relatively stable, leading to a smaller
standard deviation. Therefore, by introducing standard deviation pooling, the network can
explicitly perceive the variation intensity of high-frequency textures in each channel, thereby
enhancing its attention to edge contours, fine textures, and complex structural regions.

Subsequently, to avoid the loss of high-frequency information caused by the dimen-
sionality reduction operation in traditional attention mechanisms, a one-dimensional con-
volution without dimensionality reduction is adopted to achieve information interaction
across channels. Finally, the average-response branch and the standard-deviation-response
branch are fused, and the final channel attention weights are generated through the Sig-
moid function.

Compared with the channel attention mechanism in the original CBAM, which uses
“average pooling + max pooling,” the proposed high-frequency variance channel attention
has two advantages. First, standard deviation pooling can better reflect the overall fluctua-
tion degree of spatial responses than max pooling, thereby avoiding excessive interference
from individual abnormal responses in attention allocation. Second, the one-dimensional
convolution without dimensionality reduction avoids the possible loss of high-frequency
details caused by channel compression in traditional multilayer perceptrons. As a result,
weak textures, fine edges, and other easily overlooked information can still participate in
the calculation of channel weights. Therefore, this module is more suitable for recovering
high-frequency textures and edge details in image super-resolution reconstruction.

The key difference between HFVB and CBAM-like attention is that HFVB does not
rely on max pooling or an additional spatial attention branch. Instead, it uses standard-
deviation pooling to explicitly describe high-frequency spatial response variations, which
is more suitable for edge and texture reconstruction.

3.3. Laplacian Upsampling Layer

Traditional upsampling operations often fail to accurately recover high-frequency
textures, resulting in overly smooth reconstructed images and artifact problems. ESPCN
demonstrates the efficiency of sub-pixel convolution, while LapSRN uses a Laplacian
pyramid structure for residual prediction [31]. Inspired by these methods, this paper
proposes a Laplacian Adaptive Upsampling module, as shown in Figure 7.

e N
LAU LAU
Block Block
/ \
/ \
/ N\
e N
¢ 11 -1
Conv 1 8 -1
l i lal |
Pixel . .
Shuffle Sigmoid Clnv
PReLu Ll
Shuffle
\ J
N J

Figure 7. LAU Module.
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The LAU module adopts a dual-branch parallel structure. The main branch uses a
sub-pixel convolution layer to recover the basic semantic information and low-frequency
content of the image. Let F;, denote the input feature. The output of this branch is given in
Equation (4):

Fyase = pS(Whpase * Fin + D) 4)

where p;(-) denotes the pixel shuffle operation, W and b denote the weight and bias of the
convolutional layer, respectively, and F,., denotes the output of the main branch.

Meanwhile, to compensate for the lost high-frequency details, a high-frequency en-
hancement branch is introduced. This branch uses a fixed Laplacian operator Kj,, as a
non-trainable inductive bias to explicitly extract high-frequency information such as edges
and textures from the input features. The extracted high-frequency information is then
projected and upsampled to generate a high-frequency feature map Fejg.. The calculation
process is shown in Equation (5):

-1 -1 -1
Kigp=1-1 8 -1
-1 -1 -1

Feqge = Ps(wproj * (Klup © Fin)) (5)

Here, © denotes the channel-wise application of the fixed Laplacian kernel to F;,,
which is implemented as a depthwise convolution. In this operation, each input channel is
filtered independently, and no cross-channel information mixing is performed. The learn-
able 1 x 1 projection convolution wy,,; is then used as a pointwise convolution to map the
extracted high-frequency responses to the target dimension required by the pixel shuffle
operation. Therefore, the high-frequency branch follows a depthwise-separable-style de-
sign, but the Laplacian filtering itself is specifically a fixed depthwise convolution. Fyye,
denotes the output of the high-frequency branch.

Finally, a learnable scaling factor « is introduced to perform weighted fusion of the
outputs from the two branches so as to balance structural information and texture details.
The final upsampled output is obtained as shown in Equation (6):

Fup = Fygse + 0'(0‘) ’ Fedge (6)

where o(a) denotes the sigmoid function, which ensures that the weight is dynamically
adjusted within the range of (0,1). In our implementation, the learnable scaling factor
« is initialized to 0.3. This constraint prevents excessive high-frequency compensation
during the early training stage and helps stabilize generator training. Through this explicit
frequency compensation mechanism, LAU can effectively enhance image edge details.

Therefore, LAU differs from conventional sub-pixel upsampling and Laplacian-
pyramid methods by directly embedding a Laplacian high-frequency compensation branch
into the upsampling process and adaptively controlling its contribution through a learnable
scaling factor.

3.4. Loss Function

SRGAN improves the visual realism of reconstructed images by introducing perceptual
loss. Its loss function mainly consists of content loss and adversarial loss. Inspired by this
idea, this paper jointly uses image loss, adversarial loss, and perceptual loss to constrain
the training of the generator. The image loss is used to reduce the pixel-level error between
the reconstructed image and the real high-resolution image, the adversarial loss is used
to improve the visual realism of the generated image, and the perceptual loss is used to
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constrain the difference between the generated image and the real image in the deep feature
space. The basic loss function is given in Equation (7):

Lpgse = Limage + AudoLado + )\peerer (7)

where Ly, denotes the basic generator loss, Ljyge denotes the image loss, L,4, denotes
the adversarial loss, Lpgr denotes the perceptual loss, and A,q, and )\per denote the weight
coefficients of the adversarial loss and perceptual loss, respectively.

However, relying on the above loss functions only makes it difficult to sufficiently
constrain the local structural consistency of reconstructed images, which may lead to edge
distortion and structural artifacts. Therefore, this paper further introduces the Dissimilarity
Structural Similarity Index Measure (DSSIM) loss function, which is defined in Equation (8):

Lpssiv = 1 — SSIM(Isg, IuR) 8)

where Igr denotes the generated super-resolution image, Igr denotes the real high-
resolution image, and SSIM(-) denotes the structural similarity calculation. After in-
troducing DSSIM, the final generator loss function is given in Equation (9):

Lg = Lpgse + AdssimLDssim )

By introducing the DSSIM loss, the model can further enhance the local structural
consistency between the reconstructed image and the real image, thereby reducing edge
distortion and structural artifacts.

To provide a clearer and more intuitive understanding of the proposed method,
the overall flowchart of HFAGAN is shown in Figure 8. The LR image is first processed
by shallow feature extraction and then fed into the Deep Feature Extraction Block, where
stacked HFAB modules are used to extract and aggregate hierarchical features. Subse-
quently, the fused features are sent to the LAU module for upsampling and Laplacian
high-frequency compensation, generating the final SR image. During training, the re-
constructed SR image is jointly optimized using the HR image, discriminator feedback,
and the combined loss function, including image loss, perceptual loss, adversarial loss,

and DSSIM loss.
I
| | Y
I
LR Image H ShallopEeiie H DFEB H LAU }—:b-—b{ Discriminator H Output ‘
| Extraction |
I

oss function feedback-

Figure 8. Overall flowchart of the proposed HFAGAN method.

4. Experimental Results and Analysis
4.1. Dataset

In this paper, the DIV2K dataset is used as the training and validation set, while
four widely used public benchmark datasets, namely Set5, Set14, BSD100, and Urban100,
are selected as the test sets. The DIV2K dataset contains a large number of high-quality
natural images with 2K resolution and rich image content, providing sufficient texture,
edge, and structural information for super-resolution models.

During the training stage, the DIV2K training set is used, and data augmentation
operations such as horizontal flipping and vertical flipping are applied to the training
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images to increase the number of samples and improve the generalization ability of the
model. During the validation stage, the DIV2K validation set is used to observe the
convergence behavior and performance changes of the model during training.

During the testing stage, experiments are conducted on Set5, Set14, BSD100, and Ur-
ban100, respectively. Among them, Set5 is mainly used to evaluate the model’s ability
to recover basic structures and edge contours; Set14 contains more complex texture and
structural information; BSD100 includes a larger number of images with more diverse
natural scenes, making it suitable for comprehensively evaluating the generalization per-
formance of the model. In addition, Urban100 contains many urban scenes with dense
edges, repeated building textures, and regular geometric structures, which places higher
requirements on the recovery of high-frequency details and line structures. Therefore, intro-
ducing Urban100 can further verify the effectiveness of the proposed method in complex
structural scenarios.

4.2. Experimental Environment and Training Parameter Settings

The hardware environment used in this experiment is as follows: the CPU is an
Intel(R) Core(TM) i9-14900KF @ 3.20 GHz, and the GPU is an NVIDIA GeForce RTX
5070 Ti with 16 GB of video memory. The software environment includes the Python
3.10.16 programming language, Windows 11 operating system, PyTorch 2.8.0 deep learning
framework, and CUDA 12.8 for accelerated computation. The Adam optimizer is used
for both generator and discriminator optimization. The learning rate is set to 1 x 107%.
The Adam parameters are configured as 1 = 0.9 and 5, = 0.999.

During the training stage, the images are cropped into smaller patches before being fed
into the model. The generator is first pretrained for 50 epochs, followed by 200 epochs of
adversarial training. The batch size is set to 8, and the Adam optimizer is used to improve
the convergence speed.

4.3. Evaluation Metrics

This paper uses Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index Mea-
sure (SSIM), Learned Perceptual Image Patch Similarity (LPIPS), and Feature Similarity
Index Measure (FSIM) as evaluation metrics.

PSNR is one of the most common and widely used evaluation metrics in the field
of super-resolution. It calculates the mean squared error (MSE) between two images at
the pixel level and compares it with the maximum possible signal value of the image.
Although SRGAN usually achieves lower PSNR than traditional super-resolution networks,
its visual perceptual quality is superior to that of many conventional methods [32].

Different from PSNR, SSIM focuses more on the structural consistency between images.
It evaluates image similarity from the perspectives of luminance, contrast, and structure,
which makes it more consistent with the human visual perception of image quality.

LPIPS is introduced because PSNR and SSIM cannot fully represent the actual percep-
tual quality of reconstructed images [33]. The core idea of LPIPS is that human perception
of image similarity relies more on high-level semantic features than on low-level pixels
or structural information. It uses deep learning models to automatically learn human
perceptual judgments and has become a new paradigm for image quality assessment.

To further measure the recovery of structural details and edge textures, FSIM is also
used in this paper. FSIM mainly relies on phase congruency and gradient magnitude to
evaluate feature similarity between images. Phase congruency reflects significant structural
information such as edges, corners, and textures, while gradient magnitude describes local
grayscale variations and edge strength.
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4.4. Quantitative Analysis of the Model

To verify the effectiveness of the proposed HFAGAN model, comparative experi-
ments are conducted on four public test datasets: Set5, Set14, BSD100, and Urban100.
The proposed method is compared with several classical super-resolution models, includ-
ing Bicubic, SRCNN [10], SRGAN [9], VDSR [11], and ESRGAN [34]. Four evaluation
metrics, namely PSNR, SSIM, LPIPS, and FSIM, are adopted to comprehensively eval-
uate model performance from multiple perspectives, including reconstruction accuracy,
structural similarity, and visual perceptual quality.

As shown in Table 1, the proposed method achieves favorable overall performance
on the Set5 dataset. Specifically, the PSNR reaches 29.01 dB, which is the highest among
all compared methods, and the LPIPS is reduced to 0.1097, also achieving the best result.
Compared with SRGAN, the proposed method improves PSNR by 0.31 dB and reduces
LPIPS by 0.0234, indicating that the proposed model improves both pixel-level reconstruc-
tion accuracy and visual perceptual quality. Compared with ESRGAN, HFAGAN shows
a slight advantage in PSNR and LPIPS, while its SSIM and FSIM values are marginally
lower. This indicates that the proposed method does not uniformly outperform ESRGAN
on all metrics, but provides a modest improvement mainly in reconstruction accuracy and
perceptual similarity.

Table 1. Performance metrics on the Set5 dataset.

Method PSNR SSIM LPIPS FSIM
Bicubic 26.89 0.7934 0.3450 0.8480
SRCNN 27.81 0.8120 0.2120 0.8836
SRGAN 28.70 0.8301 0.1331 0.9109
VDSR 28.87 0.8424 0.1556 0.9078
ESRGAN 28.99 0.8382 0.1248 0.9136
HFAGAN 29.01 0.8368 0.1097 0.9117

As shown in Table 2, the proposed method also performs well across all four evalua-
tion metrics on the Set14 dataset. Specifically, the PSNR reaches 25.70 dB, the SSIM reaches
0.7332, the LPIPS is reduced to 0.2001, and the FSIM reaches 0.9121. Relative to SRGAN,
HFAGAN improves all evaluation metrics, demonstrating enhanced reconstruction accu-
racy and perceptual quality. It also slightly outperforms ESRGAN in terms of PSNR, SSIM,
LPIPS, and FSIM. Since the Set14 dataset contains more complex texture and structural
information, it places higher requirements on the feature extraction and detail restoration
capabilities of the model.

Table 2. Performance metrics on the Setl4 dataset.

Method PSNR SSIM LPIPS FSIM
Bicubic 24.16 0.6927 0.4416 0.8372
SRCNN 24.80 0.7129 0.3013 0.8830
SRGAN 25.52 0.7287 0.2184 0.9082
VDSR 25.45 0.7303 0.2456 0.9027
ESRGAN 25.69 0.7325 0.2106 0.9103
HFAGAN 25.70 0.7332 0.2001 0.9121

As shown in Table 3, the proposed method also achieves favorable experimental
results on the BSD100 dataset. Compared with SRGAN, the PSNR of the proposed method
increases from 25.64 dB to 25.78 dB, the SSIM increases from 0.6906 to 0.6959, the LPIPS
decreases from 0.3157 to 0.2935, and the FSIM increases from 0.8226 to 0.8296. The BSD100
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dataset contains a larger number of images and more diverse scene content, which makes it
more suitable for comprehensively evaluating the generalization performance of the model.
The experimental results show that HFAGAN can still maintain stable reconstruction
performance in complex natural image scenarios. This indicates that the proposed method
not only improves perceptual quality, but also takes structural information preservation
and detail restoration into account to a certain extent.

Table 3. Performance metrics on the BSD100 dataset.

Method PSNR SSIM LPIPS FSIM
Bicubic 24.75 0.6655 0.5314 0.7662
SRCNN 25.22 0.6841 0.3928 0.8029
SRGAN 25.64 0.6906 0.3157 0.8226
VDSR 25.67 0.6923 0.3449 0.8152
ESRGAN 25.76 0.6948 0.3035 0.8260
HFAGAN 25.78 0.6959 0.2935 0.8296

As shown in Table 4, the proposed method also achieves stable performance on the
Urban100 dataset. Urban100 contains a large number of urban building images with dense
edges, repeated window patterns, straight lines, and complex structural textures, making it
more challenging than general natural image datasets. Compared with SRGAN, HFAGAN
improves PSNR from 23.40 dB to 23.54 dB, increases SSIM from 0.7158 to 0.7212, reduces
LPIPS from 0.2278 to 0.2056, and improves FSIM from 0.9744 to 0.9769. These results
indicate that the proposed model can better preserve structural information and recover
high-frequency details in complex urban scenes.

Table 4. Performance metrics on the Urban100 dataset.

Method PSNR SSIM LPIPS FSIM
Bicubic 20.43 0.5781 0.7564 0.4921
SRCNN 22.35 0.6718 0.3393 0.9631
SRGAN 23.40 0.7158 0.2278 0.9744
VDSR 23.22 0.7142 0.2597 0.9731
ESRGAN 23.51 0.7188 0.2132 0.9753
HFAGAN 23.54 0.7212 0.2056 0.9769

HFAGAN also achieves modest improvements over ESRGAN across all four evalu-
ation metrics on Urban100. Specifically, PSNR and SSIM increase by 0.03 dB and 0.0024,
respectively, while LPIPS decreases by 0.0076 and FSIM improves by 0.0016. Although these
gains are numerically limited, they suggest that the proposed hierarchical feature aggrega-
tion and Laplacian high-frequency compensation modules can provide incremental benefits
for reconstructing dense edges and regular geometric textures. Therefore, the results on
Urban100 further demonstrate the generalization ability of the proposed method in more
complex structural scenarios.

4.5. Ablation Study

To verify the contribution of each module to model performance, ablation exper-
iments are conducted by progressively introducing the four variants into the baseline
SRGAN: the Hierarchical Feature Aggregation Attention Block embedded with CBAM
(+HFAB-C), the Hierarchical Feature Aggregation Attention Block integrated with HFVB
(+HFAB-H), the LAU upsampling module (+LAU), and the improved loss function (+Loss).
The experimental results are shown in Table 5.
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As can be seen from the experimental results, after introducing the Hierarchical Feature
Aggregation Attention Block, the PSNR, LPIPS, and FSIM metrics are all clearly improved
on the three datasets. On the Set5 dataset, the PSNR increases from 28.70 dB to 28.83 dB,
indicating that the hierarchical convolutional feature extraction and multi-scale feature
fusion in HFAB can effectively enhance the feature extraction capability of the network
and improve image reconstruction accuracy. Meanwhile, the significant decrease in LPIPS
also shows that this module can better recover high-frequency details such as textures
and edges.

Table 5. Ablation study results.

Dataset Model PSNR SSIM LPIPS FSIM
SRGAN 28.70 0.8301 0.1331 0.9109

+HFAB-C 28.76 0.8293 0.1291 0.9109

Set5 +HFAB-H 28.83 0.8308 0.1285 0.9100
+LAU 29.00 0.8363 0.1252 0.9125

+Loss 29.01 0.8368 0.1097 0.9117

SRGAN 25.52 0.7287 0.2184 0.9082

+HFAB-C 25.47 0.7229 0.2172 0.9069

Set14 +HFAB-H 25.56 0.7253 0.2161 0.9084
+LAU 25.67 0.7290 0.2112 0.9098

+Loss 25.70 0.7332 0.2001 0.9121

SRGAN 25.64 0.6906 0.3157 0.8226

+HFAB-C 25.63 0.6873 0.3090 0.8230

BSD100 +HFAB-H 25.67 0.6886 0.3079 0.8239
+LAU 25.74 0.6918 0.3038 0.8247

+Loss 25.78 0.6959 0.2935 0.8296

After further introducing the LAU module, all metrics continue to improve. In par-
ticular, the improvement in FSIM is relatively evident, indicating that the Laplacian high-
frequency compensation mechanism can effectively enhance the recovery of image edge
contours and texture structures. This is consistent with the design idea proposed above,
namely compensating for detailed information through a high-frequency branch. At the
same time, the LPIPS value is further reduced, demonstrating that the LAU module plays a
positive role in improving visual realism and reducing artifacts.

Finally, after adding the improved loss function, the model achieves the best LPIPS
results on all three datasets. Specifically, the LPIPS decreases from 0.2112 to 0.2001 on Set14
and from 0.3038 to 0.2935 on BSD100, indicating that the improved loss function further
enhances the model’s ability to optimize perceptual quality. In addition, PSNR, SSIM,
and FSIM also remain at relatively high levels, suggesting that the model can improve
visual perceptual quality while still taking image structure and reconstruction accuracy
into account.

Notably, the comparison between HFAB-C and HFAB-H further demonstrates the ad-
vantage of the proposed HFVB over CBAM. As shown in Table 5, HFAB-H achieves better
PSNR, SSIM, and LPIPS than HFAB-C on Set5, Set14, and BSD100, indicating improvements
in reconstruction accuracy, structural similarity, and perceptual quality. In addition, HFAB-
H obtains higher FSIM on Set14 and BSD100, while only showing a very slight decrease on
Set5. Overall, these results suggest that HFVB is more suitable for the proposed HFAB struc-
ture than CBAM. This is mainly because HFVB introduces standard-deviation pooling to
explicitly capture high-frequency response variations, enabling the network to better focus
on texture fluctuations, edge contours, and fine details in super-resolution reconstruction.
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Overall, HFAB, LAU, and the improved loss function optimize the model from three
aspects: feature extraction, high-frequency compensation, and structural constraint, re-
spectively. The ablation results demonstrate that each module contributes positively to the
improvement of model performance. When combined, the three components achieve the
best or near-best overall performance, verifying the effectiveness of the proposed method.

4.6. Qualitative Analysis

To further verify the effectiveness of the proposed HFAGAN model in terms of visual
perceptual quality, qualitative comparison experiments are conducted with several classi-
cal super-resolution models, including Bicubic, SRCNN, SRGAN, VDSR, and ESRGAN.
The experimental results are shown in Figure 9.
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Figure 9. Qualitative comparison results.
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In the first group of building scenes, HFAGAN tends to preserve clearer edge structures
as well as the detailed textures of building edges. In particular, the line structures in local
regions are clearer and more complete. Compared with the blurred edges produced by
Bicubic and SRCNN, the proposed method achieves better line continuity and more natural
local textures. Meanwhile, compared with the local artifacts and texture distortion observed
in SRGAN and ESRGAN, the results generated by HFAGAN are closer to the real high-
resolution images in terms of structural preservation and detail realism.

For the human image, HFAGAN shows more obvious restoration effects on the contour
of the chin and the beard textures on both sides of the mouth. Compared with the blurred
textures and missing details produced by other methods, the proposed method better
preserves fine hair textures and edge transitions, making the facial structure clearer and
more natural. As a result, its visual perceptual quality is closer to that of the real image.

For the line patterns on the clothing, the lines generated by HFAGAN are continuous,
smooth, and sharp at the edges, while ringing effects are effectively avoided. HFAGAN
can clearly restore local geometric shapes and fabric textures, achieving visual realism
closer to the high-resolution reference image. This verifies the effectiveness of the proposed
Laplacian upsampling layer in compensating for high-frequency details, as well as the
advantage of the hierarchical feature aggregation module in preserving complex textures.

For the texture details of butterfly wings, HFAGAN shows more noticeable recon-
struction effects on small spots and vein structures. Compared with the blurred color
blocks or texture distortions produced by other methods, the proposed method better
preserves the distribution of fine spots and the direction of veins, making the wing textures
clearer and more natural. Its visual perceptual quality is therefore closer to that of the real
high-resolution image.

5. Conclusions

Aiming at the limitations of existing super-resolution reconstruction methods in high-
frequency texture recovery, edge detail preservation, and artifact suppression, this paper
proposes HFAGAN, a generative adversarial network based on hierarchical feature aggre-
gation and Laplacian high-frequency compensation. By introducing the HFAB module,
the proposed method enhances the model’s ability to extract multi-level features. Com-
bined with the high-frequency variance channel attention mechanism, it further strengthens
the representation of texture and edge information. In addition, the LAU module is used to
compensate for high-frequency details during the upsampling process, thereby improving
the clarity and visual naturalness of reconstructed images. Finally, the DSSIM loss function
is introduced to constrain the local structural consistency of reconstructed images, reducing
structural distortion and artifacts.

Experimental results show that the proposed method achieves favorable reconstruction
performance on the Set5, Set14, BSD100, and Urban100 datasets. Compared with ESRGAN,
HFAGAN also obtains modest improvements on several metrics, particularly in perceptual
quality indicators such as LPIPS and FSIM. However, the numerical gains are relatively
limited, indicating that the proposed method provides an incremental improvement rather
than a substantial overall advantage. The qualitative experiments also demonstrate that
the proposed method can effectively alleviate texture blurring and artifact problems.

Although the proposed method achieves good experimental results, there are still
some limitations in restoring fine details in complex scenes and large-scale upsampling
tasks. Meanwhile, the introduction of multi-scale feature fusion and attention mechanisms
increases the computational complexity of the model to some extent. In future work,
lightweight network structures, frequency-domain feature modeling, and super-resolution

https:/ /doi.org/10.3390/a19070582


https://doi.org/10.3390/a19070582

Algorithms 2026, 19, 582 18 of 19

reconstruction under real degradation scenarios will be further explored to improve the
generalization ability and practical application value of the model.
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