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DHANet: Dual-Stage Hybrid Attention Network for Blind Image Super-Resolution

Ningjiang MA

Abstract: In recent years, blind image super-resolution (SR) methods have demonstrated promising performance but remain limited by inaccurate blur kernel evaluation
and difficulties in global feature extraction. This paper introduces DHANet, a Dual-Stage Hybrid Attention Network, combining CNN and Transformer-based modules for blind
image SR. DHANet includes a blur kernel predictor, a hybrid attention dual-path module (HADM) for enhanced feature extraction, and a feature refinement module (FRM)
for reconstructing refined high-resolution images. Experiments on benchmark datasets demonstrate superior performance in terms of quality and efficiency. Specifically, our
method improves the average PSNR metric on four benchmark datasets from 34.98 to 35.29 at SRx2 compared to the second-best comparison method, and shows varying
degrees of improvement in PSNR and SSIM metrics on different datasets at SRx3 and SRx4.
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1 INTRODUCTION

Single image super-resolution (SISR) is a subjective
low-level visual problem that restores high-resolution
(HR) images by reconstructing more details from observed
low-resolution (LR) images. This technology can reduce
hardware equipment costs and has huge practical
application prospects in military, medical and other fields
[1]. Similar to other restoration tasks of restoring high-
quality images from low-quality images [2, 3], SISR is an
ill posed problem where one LR image can restore multiple
HR images. In order to address this highly challenging
issue, researchers have done a lot of meaningful work.

The existing SISR methods can be divided into three
categories [4] based on the way HR images are generated:
interpolation-based methods [5], reconstruction-based
methods [6, 7], and learning-based methods [8-25].
Interpolation-based methods estimate unknown pixels in
the HR space wusing neighborhood information.
Reconstruction-based ~ approaches  often  leverage
mathematical frameworks like maximum a posteriori
probability or Bayesian analysis. Learning-based methods,
including sparse representation [8-11], neighborhood
embedding [12, 13], and deep neural networks (DNN) [14-
25], reconstruct HR images by modeling the mapping
between LR and HR image pairs. In recent years, DNN has
achieved significant results in SISR due to its powerful
feature learning ability.

LR images are usually considered to be obtained by
convolving HR images with blur kernels &, then down
sampling them and adding additive noise. The SISR
degradation model can be is defined as follows.

I, Z(IHROk)is+n (1)

where [, is the original HR image, and [/, is the
degraded LR image, k is the blur kernel applied to the
original HR image, © represents the two-dimensional
(2D) convolution operation, + S presents the down
sampling factor and n represents the Gaussian white noise.

In recent years, advanced SISR methods based on
DNN have achieved excellent performance. Most methods
assume that the blur kernel & in Eq. (1) is known and fixed,

but in real-world scenarios, the blur kernel is often
unknown and complex. Due to the domain gap between the
assumed degradation and the actual degradation [4], the
performance of these methods will significantly decrease,
leading to the problem of excessively smooth or sharp
edges in the reconstructed image. Considering the complex
degradation factors of real degraded images, some
researchers focus on the more challenging task of blind
image super-resolution (BISR), where the blur kernel % is
unknown and needs to be evaluated from observed LR
images. The evaluated blur kernel is used for the SR
reconstruction task of images, which can increase the
generalization of the network model. This is crucial in
fields with complex degradation and high demands for
image quality, such as medical imaging and surveillance.
In these areas, BISR effectively addresses such challenges,
offering practical solutions for real-world scenarios
applications.

At present, most BISR methods [27, 28] based on
convolutional neural networks (CNN) generally consist of
two consecutive steps: 1) estimating the blur kernels based
on the observed LR images; 2) restoring SR images based
on the estimated kernels. While these methods have made
significant progress, they still face two limitations. First,
most existing researches [26, 29] focus on building deeper
and more complex neural networks, which brings heavy
computational cost and memory consumption. In [26], the
authors made it easier to estimate the blur kernels by
sending LR and SR images to the estimator. The iterative
principle can gradually make the generated SR images
closer to the ground-truth images, but it will consume more
computational costs and make the inference time longer
[30]. Due to the limited local receptive field, CNN pays
more attention to local description and can process local
detail information well, but it is difficult to simultaneously
obtain long-distance global information. As an advanced
solution of CNN, the Transformer architecture has shown
excellent performance in the fields of natural language and
computer vision tasks. In [31], an efficient Transformer
model can achieve excellent results in image restoration
tasks by capturing long-distance features. However, the
Transformer structure does not perform as well as CNN in
learning local features. Balancing the learning of local and
global features remains another challenge in the field of
blind super-resolution.
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Based on the above analysis, we propose an end-to-end
dual-stage hybrid attention network (DHANet) to
progressively obtain reconstructed HR images. DHANet
consists of two stages: low-resolution feature
reconstruction stage and high-resolution feature refinement
stage, named LR-Stage and HR-Stage. In LR-stage, a dual-
branch sub-network is constructed to reconstruct the
features in LR space, in order to obtain a coarse SR image.
The upper branch aims to extract features of different
depths from LR images, while the lower branch is used to
achieve deblurring of shallow features and further refine
deblurring features. To extract richer features, A hybrid
attention dual-path module (HADM) is constructed based
on the combination of CNN and transformer attention
mechanisms to achieve the extraction of global and local
features. In HR-Stage, a feature refinement module (FRM)
is designed to explore the available information in HR
space to reconstruct a SR image with more detail
information. The main contributions of this paper are as
follows.

1) A DHANet consisting of two stages, namely LR
feature reconstruction stage (LR-Stage) and HR feature
refinement stage (HR-Stage), is proposed to progressively
achieve the reconstruction of HR images.

2) In LR-Stage, a blur kernel predictor is constructed
to learn a fuzzy kernel from the input LR image, and a
HADM based on a channel attention residual block
(CARB) and a transformer block (TB) is constructed to
reconstruct the features in LR space.

3) In HR-stage, a FRM is constructed to explore the
HR features in HR space to make up for the missing
information in LR space, in order to reconstruct a HR
image with rich detail information.

4) Extensive experiments on several different datasets
demonstrate that the proposed method achieves
competitive results in both quantitative and qualitative
evaluations and has high inference efficiency.

2 RELATED WORK

In this section, we mainly introduce some works
related to the proposed method, including blind SR
reconstruction and application of Transformer in computer
vision.

2.1 Blind Image SR Reconstruction

Initially, Dong et al. [14] were the first to use a three-
layer convolutional network for image super-resolution
reconstruction. Later, in order to improve the performance
of SR reconstruction, Zhang et al. [17] proposed a channel
attention mechanism, which enables the network to focus
on more useful channels and enhances the model's
discriminative learning ability. Most SR methods directly
learn the mapping relationship between LR and HR
images, without considering the degradation factors of the
images. In addition, the training set used was obtained by
assuming that LR images are degraded by Gaussian blur,
which makes the generalization of SR methods relatively
weak and cannot achieve good results when used for real
degraded images. In order to improve the performance of
the models in practical applications, some researchers have

begun to focus on blind SR reconstruction, which considers
the problem of blur degradation to enhance the
generalization of the reconstructed model.

Gu et al. [32] proposed an iterative optimization
scheme, namely Iterative Kernel Correction (IKC), which
achieves the reconstruction of HR images by jointly
optimizing the degradation estimation and image
restoration processes. The DASR proposed by Wang et al.
[29] benefited from the research progress of contrastive
learning and improves the generalization ability of the
model by accurately learning the degradation information
in the LR image feature space. Luo et al. [26] proposed an
end-to-end network that alternates the processes of image
restoration and blur kernel estimation, achieving fine-
grained reconstruction of HR images while implementing
blur kernel estimation. This training method greatly
reduces the inference time of the model. Liang et al. [33]
used moderate convolutional receptive fields and inter-
channel dependencies to estimate spatially varying blur
kernels. Later, Luo et al. [34] reformulated the degradation
formula to estimate blur kernels closer to the ground-truth
kernels and successfully deblurred the images. Despite
numerous studies on blind SR tasks, most methods still
suffer from detail loss and blurring in the reconstructed HR
images.

2.2 Transformer for Computer Vision

The impressive Transformer in natural language tasks
has aroused great interest in the field of computer vision
and has been successfully used in various computer vision
tasks [35-37] such as image recognition, object detection,
and image restoration. ViT [36] was the first to directly
apply Transformer to image recognition tasks, dividing
images into blocks and using the linear embedding
sequence of these blocks as input to the Transformer
structure. Chen et al. [37] explored the use of a pre-trained
Transformer model called IPT in computer vision tasks.
Yang et al. [35] were among the first to introduce the
transformer architecture into image generation and
proposed a texture Transformer consisting of four closely
related modules for image SR reconstruction task. This
approach achieved a more powerful feature representation
by stacking multiple texture Transformers. Liang et al. [25]
proposed an image restoration model called SwinIR based
on Swin Transformer [38], which has fewer parameters and
delivers impressive image SR effects. Zamir et al. [31]
developed an efficient Transformer model for restoration
tasks by designing the building blocks with multi-head
attention and feed-forward network to capture long-range
pixel interactions while accommodating large images. In
our work, we successfully integrated two powerful feature
extractors, the Transformer block and CNN, to achieve the
extraction of local and global features.

3 THE PROPOSED METHOD
3.1 The Overall Structure of DHANet

In this section, we proposed a DHANet for blind image
super-resolution, as shown in Fig. 1, which is composes of
two stages: LR feature reconstruction stage (LR-stage) and
HR feature refinement stage (HR-stage).
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Figure 1 Overall architecture of DHANet

In the LR-stage, a dual-branch reconstruction network
is constructed to achieve deblurring of image features and
reconstruction of detail features, in order to obtain the
reconstructed features in the low-resolution space. In the
upper branch, two convolution operations with a kernel
size of 3 x 3 are first used to extract shallow features from

the input LR image /,, . Then, three cascaded residual

blocks are used for further feature extraction and
enhancement to obtain the feature maps F. Each residual
block consists of two convolutional layers and one channel
attention layer to emphasize useful features and suppress
useless features. The above operations can be represented
by the following equation.

F =Res (...Res (Conv3X3 (Conv3X3 (ILR )))) )

where Convs,; () denotes a convolution operation with a

kernel size of 3 x 3, and Res(+) denotes the operation of

a residual block. Next, to reduce the computational
complexity of the network, a 1 x 1 convolution operation
is performed to compress the channels of feature maps F
while achieving feature integration. Here, the number of
channels of feature maps F is reduced to one fourth of its
original size. Finally, the compressed feature maps F' are
fed into the upper branch of the HADM, which consists of
multiple cascaded HADBs, to achieve deep feature
extraction and enhancement. The specific operation is as
follows.

DF,,, = HADM,, (Conv,, (F))

- HADB,, ( -+(#4DB,, (Conv,, (F)))) ®

where Conv,, (+) denotes a convolution operation with a
kernel size of 1 x 1. HADM,,(+) and HADB,, ()

denote the upper branch operation in HADM and HADB.
DF,, denotes the output feature maps of the upper branch

in the LR-stage.

In the lower branch of the LR stage, first, a blur kernel
predictor is constructed to blindly predict the blur kernel of
the input image, which is applied to perform the deblurring
operation on shallow features. Then, the deblurring
features F, are fed into the upper branch of the HADM,

which consists of multiple cascaded HADBs, to achieve
the learning of long-distance features. The specific
operations are represented as follows.

DF,, = HADM,, Dy, (Pre(I,z),F))

== HADB,, ( ' '(HADBlo (Dbzur (Pre(I1s )F)))) N

where Pre(+) denotes the blur kernel predictor, Dy, (+)
denotes the deburring operation, HADM,,(+) and
HADB,, (+) denote the lower branch operation in HADM

and HADB, DF,, denotes the output feature maps of the

lower branch in the LR-stage. The output features of the
upper and lower branches are finally concatenated and
integrated through a 3 x 3 convolutional layer. The
integrated features and shallow features are merged
through a residual link to obtain reconstructed features in
LR space. The PixelShuffle operation rearranges elements
of a low-resolution feature map into a higher-resolution
output, increasing spatial resolution without adding extra
parameters. Therefore, we apply PixelShuffle to the
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reconstructed features here to generate a coarse HR image
Iz - The above operations can be represented as follows.

Ieyr = PS ((Conv3x3 (Concat(DFup,DFlo ))) + F) (5

where Concat(-) denotes the concatenation operation, and

PS () denotes the PixelShuffle operation.

In the HR-stage, the coarse HR image from the LR-
stage is sent to an FRM to refine the features in HR space,

in order to output the final reconstructed HR image 7, .

Below, we will provide a detailed introduction to the two
stages of HATS-Net. Below, we will provide a detailed

introduction to the components in the network, such as blur
kernel predictor, HADM, and FRM.

3.2 Blur Kernel Predictor

In the degradation model (1), the bias of the blur
kernel k will significantly reduce the performance of the
SR model, resulting in overly smooth or sharp results. Most
current methods assume that the blur kernel is known,
fixed, or even discarded to simplify the problem. To
improve the performance of the model, we constructed a
blur kernel predictor that uses several convolutional layers
to gradually increase the number of feature channels while
progressively reducing their spatial size. This dynamic,
parameterized approach enables blind estimation of the
blur kernel for LR image degradation, as shown in Fig. 2.
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Figure 2 The structure of blur kernel predictor (Note: The predictor consists of three residual blocks and a fully connected layer which estimates the blur kernel by
generating filters at four scales.)

Firstly, feature extraction was performed on the LR
image using 3 x 3 convolutional layers and three residual
blocks, where each residual block consists of two
convolutional kernels and one channel attention. Then, a
global averaging pooling was employed to compress the
features to obtain a vector S containing channel
information.

ﬂIGp(Res(...RES(C0nV3X3 (I1z )))) (6)

Next, a dynamic depth linear kernel estimation method
was designed to obtain the estimated blur kernel.
Specifically, the fully connected (FC) operation is used to
map the vector £ into four filters of sizes 11 x 11,7 x 7,3
x 3, and 1 x 1, in order to search for different filter
parameters.

f,=FC;(8),i=1,2,3,4 (7)

where Gp(-) denotes the global averaging pooling
operation. FC;(+) denotes the i-th (i=1,2,3,4) FC
operation, and its output is the i-th filter f; .

Finally, we initialized a blur kernel ko with a size of
21 x 21, with only one value of 255 at the center point and
all other values being 0. Four filters are sequentially
convolved with ko to obtain a compact kernel with a step
size of 1, which is the estimated blur kernel. This process
can be mathematically represented as follows.

k=kyxfi*xfo* fi*f, ®)
where * denotes the convolution operation.

3.3 Hybrid Attention Dual-Path Module (HADM)

To learn more diverse features, we construct an
HADM composed of multiple HADBs, where the dual-
branch cascades of HADBs form the dual branches of the
HADM. The upper branch of HADB consists of a CARB
for learning local spatial features, while the lower branch
contains a TB for learning long-distance features. CARB
consists of 3 x 3 convolutional layers, a ReLU activation
layer, and a channel attention, mainly focusing on learning
local features and enhancing features by learning the
correlation of features in the channel dimension. The upper
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branch operation of the t-th HADB can be represented as
follows.

DF' = CARB(DFH):

up up

CA (Conv3X3 (Relu (Conv3X3 (DFu’"p_1 )))) -i-DFui,,_1 , )

0 _pr
DFY=F

where CARB (+) denotes the operation of CARB, Relu(+)
denotes the ReLU function, and CA4(+) denotes the

channel attention operation. DFu’p denotes the output of

the upper branch in the -th HADB, which are used as
supplementary features for the lower branch.

In the lower branch of HADB, firstly, a TB consisting
of two normalization layers, a multi-head attention module,
and a feedforward network is used to learn the global
contextual information by calculating the self-attention on

the channel dimension. The, the feature maps DFu’p from

the upper branch are concatenated with the feature maps
output by TB to form the output DF) of the lower

branch. To reduce the computational burden caused by
feature map stacking, the concatenated feature maps are
compressed in the channel dimension through a 1 x 1
convolutional layer. In addition, a residual link is used to
stabilize network training and reuse shallow features. The
upper branch operation of the fth HADB can be
represented as follows.

up

DFj, = Conv, (Concat(DFt TB(DFIZ_I )))JFDFlg—l (10)

where TB(+) denotes the operation of TB, and DFj,

denotes the output of the lower branch.

3.4 Fine Reconstruction Module (FRM)

In HR-stage, an FRM is constructed to refine features
in HR space to reconstruct HR images with rich details.
Firstly, the coarse HR image is fed into 3 x 3 convolution
operations and a ReLu function to extract the features in
HR space. Then, a Sigmoid function is used to obtain a
spatial weight map that weights rough HR images to
enhance image features. Finally, a residual link is
constructed between the coarse HR image and the
enhanced features to output the final reconstructed HR

image /,;, . The above operations are expressed as follows.

Iyr =
- . . (A1)
Ieyr ® Sig (Conv3X3 (Relu (Conv3X3 (ICHR )))) +1omr

where ® denotes the element-wise multiplication

operation. Sig(+) denotes the Sigmod function.

3.5 Loss Function

To better train the network, a loss function containing
two loss terms, namely blur kernel loss and reconstruction
loss, is defined as follows.

L= ”k_le‘L +HIGT ~ I “1 (12)

where k and £ denote the ground-truth and the predicted
blur kernels, respectively. /;; donates the ground-truth

(GT) image. ””l donates the L; norm.

Table 1 Quantitative results of different comparison methods on four benchmark datasets. (The best one is highlighted in bold and the second-best is highlighted in

underline.)
Scale Methods Set5 Setl14 Urban100 Mangal09 AVE Percen‘t improvement
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM in PSNR

Bicubic 29.42/0.8666 27.13/0.7797 24.23/0.7430 25.60/0.8498 26.59/0.8097 32.7%
RCAN [25] 29.81/0.8797 27.54/0.8804 24.69/0.7727 - 27.35/0.8443 29%
“ IKC [32] 34.31/0.9287 31.69/0.8789 29.22/0.8752 36.93/0.9667 33.03/0.9123 6.8%
DASR [29] 37.22/0.9515 32.93/0.9029 30.63 /0.9079 - 33.59/0.9208 5.1%
KXNet [39] 37.58/0.9552 33.36/0.9091 31.48/0.9192 37.48/0.9737 34.98/0.9393 0.9%

Ours 37.67/0.9552 33.41/0.9103 31.53/0.9188 38.55/0.9750 35.29/0.9398 -
Bicubic 26.19/0.7716 24.58/0.6671 22.07/0.6216 22.98/0.7576 23.96/0.7045 31.4%
RCAN [25] 26.37/0.7840 24.73/0.6800 22.18/0.6366 - 24.43/0.7002 28.9%
3 IKC [32] 32.90/0.8997 29.41/0.8106 26.85/0.8087 32.43/0.9316 30.40/0.8627 3.6%
DASR [29] 33.78/0.9200 29.94/0.8266 27.28/0.8307 - 30.33/0.8591 3.8%
KXNet [39] 34.22/0.9238 30.27/0.8340 28.00/0.8457 33.34/0.9422 31.45/0.8864 0.1%

Ours 34.31/0.9238 30.29/0.8342 27.97/0.8491 33.41/0.9416 31.49/0.8869 -
Bicubic 24.43/0.7045 23.25/0.6036 20.96/0.5544 21.50/0.6933 22.54/0.6390 30.1%
RCAN [25] 24.52/0.7148 23.30/0.6109 20.96/0.5608 - 22.93/0.6288 27.9%
4 IKC [32] 29.83/0.8375 26.88/0.7301 24.42/0.7112 28.91/0.8782 27.51/0.7893 6.6%
DASR [29] 31.68/0.8854 28.26/0.7668 25.49/0.7621 - 28.48/0.8048 3.0%
KXNet [39] 31.94/0.8912 28.67/0.7782 26.18/0.7873 30.50/0.9089 29.32/0.8414 0.1%

Ours 32.04/0.8899 28.69/0.7765 26.11/0.7878 30.51/0.9089 29.33/0.8407 -
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4 EXPERIMENT RESULTS AND ANALYSIS
4.1 Dataset and Experimental Setup

Based on existing work [32] we collected a total of
3450 HR images, including 800 images from the DIV2K
dataset [40] and 2650 images from the Flickr2K dataset
[41], which were used as our training data. To verify the
generalization of the model, we generate LR images using
two different blur kernels based on equation (1). One is the
isotropic Gaussian blur kernel, and another is the
anisotropic  Gaussian blur kernel. Two different
degradations were applied to two types of datasets: four
commonly used benchmark datasets including Set5 [42],

Bicubic

-~

" YA .
L

b '.""\1

e — '/l'// |

N

D\=

o——— ——|

Set14 [43], Urban100 [44] and Mangal09 [45], as well as
DIV2KRK dataset [27].

Isotropic Gaussian kernel. Blind SR experiments on
the isotropic Gaussian blur kernels were carried out
according to the parameter settings [32]. Specifically, the
kernel size is set to 21. In the training, we sampled the
kernel widths uniformly from the ranges of [0.2, 2.0], [0.2,
3.0] and [0.2, 4.0], and the corresponding SR scale factors
were set to 2, 3 and 4, respectively. For the test set, the blur
kernel is set to Gaussian8, which samples uniformly the 8
cores in the range of scale factors 2, 3 and 4, respectively.
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Figure 3 Comparison of SRx2 on img 092 and img 067, SRx2 on img100, and SRx4 on img 044 in the Urban100 dataset (The right side shows
zoomed-in insets for each method)

Anisotropic Gaussian kernel. Blind SR experiments
on the anisotropic Gaussian kernels were carried out
according to the parameter settings [27]. We employed the
method similar to generating isotropic Gaussian blur
kernels to generate anisotropic Gaussian blur kernels. The
kernel widths on the two axes are uniformly distributed in
(0.6, 5.0). In addition, the random angle rotation was
selected to generate an anisotropic Gaussian kernel, which
is used for the DIV2KRK dataset to obtain the test set.

The proposed model was implemented using PyTorch
1.8, and trained on an Ubuntu 20.04 system with an

NVIDIA GeForce GTX A6000. For all scale factors, the
input LR image block size is 64 x 64, and the batch size is
64. The model was trained for 5 x 10° iterations using the
Adam optimizer with £ = 0.9, B, = 0.99. The learning rate
was initialized to 4 x 10~* and attenuated by a factor of 0.5
every 2 x 107 iterations. To increase the diversity of
training data, we used data augmentation operations such
as random horizontal flipping and 90-degree rotation on the
training set. For all the experiments except the ablation
studies, the number of HADM is set tol8 In the upper
branch of HADMs, each layer in CARBs contained 16
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channels and the others of DHANet contained 64 channels.
The SR results obtained by all comparison methods were
evaluated on the luminance channel (Y channel) in the
YCbCr space. two widely-used evaluation metrics, Peak
signal-to-noise ratio (PSNR) and structural similarity index
(SSIM), were used for quantitative comparison.

4.2 Comparison with State-of-the-Art Methods

To wvalidate the effectiveness of our model, we
conducted extensive experiments on four benchmark
datasets and the DIV2KRK dataset. The quantitative
results of our method were compared with those of several
recent state-of-the-art methods, including non-blind SISR
method RCAN [25] and blind SISR method, including IKC
[32], DASR [29], DAN [26], KXNet [39], Kernel GAN
[27] + ZSSR [21], KOALAnet [22], and DCLS [34]. Fig. 3
and Tab. 1 present the subjective and objective results of
some SOFA methods and our model on four benchmark
datasets, respectively. Tab. 2 gives the subjective and
objective results of some SOTA methods and our model on
the DIV2KRK dataset.

Fig. 3 shows the SR x 2 results for img 044, img 067,
SR x 3 results for img100, and the SR x 4 results for img
092 in the Urban100 dataset. From the figure, we can see
that the non-blind SR method IKC loses more texture
information compared to blind SR methods including
DAN, KXNet, and our method. KXNet and our method
reconstruct more texture structures, but our method
leverages the combined strengths of CNN and Transformer

architectures, enabling more effective capture of both local
and global features, as well as better feature interaction. As
a result, our method produces sharper edges and fewer
artifacts in the reconstructed images compared to KXNet.
Tab. 1 provides the quantitative results obtained by the
comparison methods on four benchmark datasets degraded
by isotropic Gaussian kernels. In the last column of the
table, we present the average PSNR and SSIM on four
datasets, demonstrating the average performance of each
method. As shown in Tab. 1, we can see that blind SR
methods are superior to non-blind SR methods (Bicubic
and RCAN), and the proposed DHANet has achieved
mostly optimal results at different scales compared to other
methods. Our results are relatively close to those obtained
by the KXNet method, but in objective comparison, our
results have sharper edges compared to the KXNet method.
Therefore, considering both objective and subjective
results, our method outperforms other comparative
methods.

The objective values of comparison methods in Tab. 2
are all from the original references provided by the author.
Due to the inability to obtain testing models for some
comparison methods, the experiments conducted on the
DIV2KRK dataset in this paper only provided objective
comparisons. From Tab. 2, we can see that the blind SR
method is also superior to the non-blind SR methods
(Bicubic and RCAN). Compared with other methods, the
proposed DHANet achieved the highest PANR values at
both scales. Therefore, our method is also effective for the
degradation of anisotropic Gaussian kernels.

Table 2 Quantitative results of different comparison methods on the DIV2KRK dataset. (The best one is highlighted in bold and the second-best is highlighted in underline.)

DIV2KRK Percent improvement
Scale Methods PSNR/SSIM in PSNR
Bicubic 28.73/0.8040 14.3%
RCAN[25] 29.20/0.8223 12.5%
Kernel GAN [27]+ZSSR[21] 30.36/0.8669 8.2%
x2 KOALAnet[22] 31.89/0.8852 3.0%
DAN [26] 32.56/0.8997 0.89%
DCLS[34] 32.75/0.9094 0.3%
Ours 32.85/0.9062 -
Bicubic 25.33/0.6795 14.5%
RCAN[25] 25.66/0.6936 13.0%
Kernel GAN[27]+ZSSR[21] 26.81/0.7316 8.2%
x4 KOALAnet[22] 27.77/0.7637 4.4%
DANJ26] 27.55/0.7582 5.3%
DCLS[34] 28.99/0.7946 0.03%
Ours 29.00/0.7961 -

4.3 Ablation Study

1) Number of HADB. We conducted experiments to
verify the impact of HADB quantity on network
performance, and the experimental results are shown in
Tab. 3.

Table 3 Ablation study on the impact of the number N of HADBs on model
performance. (The best one is marked in bold.)

Number N=15 N=17 N=18 N=19 | N=20

PSNR 37.57 37.60 37.67 37.67 37.65

It can be observed that as N increases, the PSNR value
of the SR results increases, and the performance of the
model is improved. However, when the number of HADBs
increased to 19, the PSNR value reached its maximum.
When N = 20, the PSNR value begins to decrease. This

may be due to the increase in the network's parameters,
which leads to redundant feature processing and,
consequently, a decline in performance. To ensure that the
proposed DHANet model achieves an optimal balance
between SR performance and efficiency, we set N to 18.

2) Effectiveness of HADB and FRM. To verify the
effectiveness of hybrid attention mechanism based on
CNN and Transformer in HADB, we have conducted the
following ablation studies. In addition, to further verify the
effectiveness of FRM in HR-stage, we conducted
experiments by removing HR-stage from the network and
retaining only LR-stage. The experimental results are
shown in Tab. 4.

Table 4 Ablation study of HADB and the FRM in HR-stage. (The best one is
marked in bold.)
Model w/o HAM w/o FRM ours
PSNR 37.28 37.60 37.67
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We first replace the TB in HADB with CNN-based
channel attention module. From the table, we can see that
the performance of the model with HADB using only a
single attention mechanism has significantly decreased.
Similarly, the performance of model that only retains LR-
stage after removing FRM also shows a significant decline.
Therefore, the hybird attention mechanism in HADB can
achieve a balance between capturing local details and long-
distance dependencies, and improve the performance of the
model. FRM can effectively refine the features in the HR
space, contributing to the reconstruction of finer SR
images.

4.4 Efficiency Analysis

Tab.5 shows the average testing time of IKC, DAN,
KXNet, and our method on the Set5 dataset. Our method
focuses on balancing performance and efficiency.
Although our method has slightly higher parameter count
than several other methods, it achieves the shortest average
test time on the Set5 dataset. By utilizing efficient and
simple operations, we minimize inference time to the
greatest extent, offering better computational efficiency,
which is of significant importance for practical
applications.

Table 5 Efficiency analysis of different methods. (The best one is marked in bold).

Methods IKC DAN DANv2 KXNet ours

Times /s 3.28 0.75 0.70 0.40 0.37
Parameters / M 4.1 4.2 4.5 6.5 9

PSNR 34.31 | 37.33 37.60 37.58 37.67

5 CONCLUSION

In this work, we introduce a novel end-to-end hybrid
attention two-path network for blind image super-
resolution, called DHANet, which consists of two stages:
LR-stage and HR-stage. In LR-stage, a dual-branch sub-
network consisting of multiple HDAM:s is constructed to
achieve feature reconstruction in LR space. In addition, to
address the issue of blur degradation in network, a blur
kernel predictor is designed to evaluate fuzzy kernels from
LR images, which are used to achieve deblurring of
shallow features. HDAM is constructed based on a hybrid
attention mechanism of CNN and transformer, and uses
features extracted from LR images and deblurring features
as inputs for the upper and lower branches to achieve the
extraction of local and global features. In HR stage, an
FRM is constructed to explore the effective information of
HR in HR space to reconstruct more refined HR images.
The proposed method has been validated through a series
of experiments, and the experimental results also show that
our method has good performance. However, certain
limitations remain that warrant further exploration. For
instance, the performance is constrained by degradations
not covered by the model, and the generalization capability
needs to be further enhanced for handling complex real-
world degradation scenarios. In the future, we aim to
explore applying this network to tasks like video super-
resolution, where temporal information can enhance
performance. Additionally, further research on real-world
degradation is crucial for reducing the cost of high-quality
imaging in real-world and advancing other high-level
visual tasks.
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