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ABSTRACT

High-resolution images are crucial for many applications, but factors such as environmental conditions can reduce image quality.

Super-resolution (SR) techniques address this by generating high-resolution images from low-resolution inputs. While deep

learning SR models have made significant progress, they can be computationally expensive and struggle with differentiating

between various image scales. Lightweight SR methods, suitable for resource-constrained devices, often compromise image

quality. This study introduces a multi-stage holistic attention-based network, using Gaussian Laplacian pyramids to decompose

images and apply holistic attention modules at each level. This approach reduces parameters and computational costs while

maintaining image quality, achieving a PSNR score of 28 and SSIM of 0.91 with only 29,000 parameters. The model demonstrates

the potential for efficient and high-quality image reconstruction. Future work will focus on improving quality while minimizing

costs and exploring other advanced techniques. The code will be made available upon request

1 | Introduction

Single image super-resolution (SISR) aims to reconstruct high-
resolution images from low-resolution inputs. This type of
reconstruction has numerous applications in medical imaging,
satellite surveillance, and digital photography, where detailed
information extracted from images is critical. However, in real-
time scenarios, environmental conditions and technical limita-
tions often degrade the resolution of an image; therefore, such
lost details can only be recovered using super-resolution (SR)
techniques. Nearest neighbour and bicubic interpolation are
traditional SR approaches; they are computationally simple but
fail to do well in complex scenarios where high-frequency details
are missing [1-3]. More advanced techniques that include sparse
coding-based methods have tried to enhance image reconstruc-
tion through the analysis of image patches and hand-crafted
features [4, 5]. Even though better performances were obtained

by these methods, they performed poorly for detailed recovery
scenarios.

Deep learning has significantly improved the performance of
SISR-based schemes. The models were dominated by CNNs,
and then SRCNN [6] and SRGAN [7] have been explored and
show comparative superiority over traditional approaches. Such
models are known to extract deeper features while achieving
better reconstructions. Attention mechanisms, residual learning,
feature pyramids, and dense connections are employed in [8-10]
for enhancing reconstruction quality. A deep holistic attention
based network is proposed in [11] which used a combination of
layer and channel attention as holistic attention to reconstruct
a high resolution image with better imager quality. The capacity
of single image super-resolution (SISR) to improve image quality
and recover fine features from low-resolution inputs has made
it a crucial method that has been widely used in many different

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original work is properly

cited.

© 2025 The Author(s). IET Image Processing published by John Wiley & Sons Ltd on behalf of The Institution of Engineering and Technology.

IET Image Processing, 2025; 19:¢70013
https://doi.org/10.1049/ipr2.70013

10f12


https://doi.org/10.1049/ipr2.70013
https://orcid.org/0000-0002-4845-4808
mailto:muhammad.islam1@my.jcu.edu.au
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1049/ipr2.70013
http://crossmark.crossref.org/dialog/?doi=10.1049%2Fipr2.70013&domain=pdf&date_stamp=2025-02-26

fields. SISR techniques, such as those put forth in [12-15], use
multimodal multi-head convolutional attention with different
kernel sizes in medical imaging to enhance the diagnostic quality
and resolution of medical scans. EDiffSR, an effective diffusion
probabilistic model created to handle the particular difficulties of
super-resolving satellite and aerial pictures, was first presented
in the field of remote sensing in [16]. Researchers in [17] created
a dual-path deep fusion network for face image hallucination in
the surveillance domain, which allowed for the reconstruction of
high-resolution facial features for better recognition. To further
improve the precision and detail of depth maps, authors in [18]
showed how to employ recurrent structure attention guidance for
depth super-resolution. These uses highlighted the SISR’s adapt-
ability and importance in addressing domain-specific problems
and promoting image processing breakthroughs.

Super-resolution approaches have been used in medical imaging
to enhance diagnostic image clarity, which helps with illness
analysis and identification [19]. Similar to this, sophisticated SR
techniques in satellite surveillance have been used to improve
low-resolution satellite footage for better object tracking and
scene comprehension by employing deformable convolution and
temporal grouping [20]. Deep fusion networks have also been
used in digital photography for face image hallucination, which
allows for the reconstruction of high-quality facial photographs
from inputs with poor resolution [21].

Such models are known to extract deeper features while achieving
better reconstructions. Recent works have introduced further
innovations in the field, enhancing super-resolution performance
through more sophisticated techniques. Some of these methods
explore multi-task interaction learning [22], while others focus
on model-informed multi-stage networks [23] for enhanced
efficiency. Techniques such as deep fusion networks and holistic
attention mechanisms have also been implemented in various
applications, from hyperspectral image super-resolution to med-
ical and satellite imagery [24, 25]. These advancements demon-
strate the growing capability of deep learning in super-resolution
tasks.

Vision transformer-based networks are proposed in [26] to better
extract fine details from low-resolution images. An enhanced
laplacian pyramid-based approach is employed in [27] as a gener-
ator of generative adversarial networks (GANS) which gradually
reconstructs HR pictures at several levels of the pyramid. How-
ever, deep networks are limited on resource-constrained devices,
and the methods often fail to incorporate fine texture details
due to augmentation, which might deteriorate the visual quality
of super-resolved images. Moreover, the absence of parameter
sharing frequently results in an excessive number of network
parameters.

To ease the computational constraints of deep models,
lightweight models have been proposed. For instance, in
[28] the concept of residual block-based SR-CNN is introduced
to achieve a significantly reduced computational demand
preserving quality. In a similar improvement towards efficiency,
a dual encoder—decoder network with a scalable guided module
is introduced in [29]. The other approaches used in this paper
include channel attention models with dense connections, as
proposed in [30], and conditional weighting strategies for the

reduction of expensive convolution operations, as provided
in [31]. Although such progress was made, the lightweight
models do so at the cost of image quality since they reduce their
parameters thereby developing a form of efficiency-accuracy
trade-off.

This paper presents a novel multi-stage holistic attention-based
network that addresses the issues mentioned above. We first
decompose an image with a pyramid decomposition using the
Gaussian-Laplacian pyramid; subsequently, we perform an effi-
cient hierarchical feature extraction process. Recursive blocks
and layer attention module from holistic attention network is
applied at each level for better feature extraction and reconstruc-
tion of images while reducing computations. HAN [11] takes an
approach that is more comprehensive to highlight informative
features across several dimensions, in contrast to conventional
attention mechanisms that concentrate on either the spatial or
the channel dimensions alone. This guarantees the model’s ability
to acquire global contextual dependencies, which are essential
for tasks such as image reconstruction and super-resolution. As
such, the model is compatible with resource-constrained devices
without compromising image quality. The key contributions of
this work are the following:

1. A Laplacian pyramid-based network is introduced that
decomposes the low-resolution image into different fre-
quency bands using Gaussian and Laplacian pyramids. This
multi-level decomposition enables the isolation of high-
frequency details and focused feature extraction at each level
to further enhance the overall clarity and sharpness of the
reconstruction HR image.

2. Alayer attention modules taken from holistic attention-based
mechanism [11] is enforced at each level of the pyramid.
The model focuses on important features while avoiding
unnecessary computations. The attention module allows
longer-range dependencies in pixels by the network, hence
enabling the network to regain fine details across multiple
scales at a minimal increase in computational loads.

Such efforts would help in overcoming the drawbacks of existing
techniques by giving an efficient solution with high quality and
being resource-effective towards the generation of HR images
from LR inputs.

2 | Related Work

Single Image Super Resolution (SISR) is a field that has been
under intense research studies recently. Early methods in SISR
were stuck in the traditional interpolation methods [32] and
learning-based approaches like those in [33, 34]. Later on deep
learning-based approaches changed the game. Dong et al. [6]
were the first to employ CNNs for SISR-related problems with
significant performance improvements. This inspired continued
research into even deeper and more efficient architectures for
such SISR problems.

A multi-stage architecture-based image restoration network is
proposed in [35] for different tasks where initial stages integrate
the encoder-decoder networks, and the final stage employs a
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network that works on the original input resolution. A coarse-
to-fine technique has been used to divide feature extraction
and image reconstruction into two different blocks in [36],
to allow the information to flow from shallow layers to deep
layers. The residual learning together with traditional bicubic
upsampling has been added to a CNN-based model with guided
filters [37]. Although this let the information flow from shallow
layers to deep layers and further saved many parameters of the
guided filters, it still increased the computational cost of the
model caused by bicubic interpolation. In [38], a multiscale skip
connection-based network was designed that works thoroughly
on multi-scale image features by combining dilated and standard
convolutions to improve feature extraction. Recently, lightweight
SISR models have attracted a lot of interest due to the demand for
efficiency in resource-constrained devices. The s-LWSR network
in [28] removes parameters by using inverted residual blocks.
Additionally, it removes some activation layers at the end for
feature degradation, thus rendering the model highly efficient.
Similarly, a scalable guided encoder-decoder network [29] can
be pruned after training to form a lightweight version usable for
real-time applications. An example of such high-performance-
based residual dense connection and attention blocks is Mad-Net
[30], which however increases model complexity with its dense
connections.

Recently, pyramid-based networks have been extensively used
to reduce the computational costs. Decomposition of an image
at various scales, as discussed in [39] and [40], reduces the
computational effort for feature extraction. A deep Laplacian
pyramid-based network was proposed in [41] with the concept
of CGAN. Its aim is to achieve improved results by establishing
connections through long and short skip connections throughout
the network.

Moreover, attention mechanisms have played a vital role in
progressing SISR performance. A spatial attention-based model
[42], incorporates bottleneck modules to boost spatial resolution.
The residual channel-spatial attention module proposed in [43]
combined with a dense sampling method outperforms their
previous results. Holistic attention network [11], remedied the
issue of smoothing in super-resolved images by making layer-
specific attention weights preserve fine details and improve
feature representation. Some models focus on spatial details
through non-local residual groups and improve the reconstruc-
tion of images significantly as presented in [10]. Despite these
improvements from attention-based models in various sectors,
many of these, including those in [44], do not consider layer-
to-layer correlations that result in smooth yet less detailed
outputs. Pyramid-based approaches further advanced the multi-
scale image representation for SISR. In [45], and [46], pyramid
structures were employed for extracting features at various scales.
Encoder-decoder sub-networks were used in this regard to
prevent information loss.

In [47] an image formation-guided network is proposed which
uses pixel substitution to enforce constraints. The approach relies
heavily on enforcing image formation constraints during training.
In [48] a multistage architecture is employed to reconstruct the
image gradually. The subnetwork used at different levels of the
proposed network revolves Recursive networks and transformer-
based designs have both been used in recent SISR developments

to obtain better performance. around encoder-decoder and
attention-based methods. A transformer-based technique also
entered into the scene with the pioneering SRFormer [49], which
used the mechanism of self-attention to reduce the computational
complexity without losing the quality of images. The DiVA
mechanism that captures long-range spatial correlations, while
taking advantage of inter-channel dependencies to extract more
discriminative features also sparked as a renewal [50]. The TTST
(Top-K Token Selective Transformer), which was proposed by
Xiao et al. [51], effectively processes high-resolution characteris-
tics in remote sensing images by using a token-selective method.
This technique shows how transformers can optimize com-
putational overhead while capturing long-range dependencies.
However, Jiang et al. [52] presented a hierarchical dense recursive
network that uses recursive connections to efficiently take use of
hierarchical feature representations. In order to maintain fine-
grained details during reconstruction, this architecture places
a strong emphasis on dense connections. Even while these
techniques produce amazing outcomes, they frequently call more
intricate network architectures or higher processing expenses. In
contrast, our proposed lightweight multi-stage holistic attention-
based network achieves comparable reconstruction quality with
significantly fewer parameters, making it more suitable for
resource-constrained environments.

In brief, SISR methods have developed from traditional tech-
niques to quite sophisticated models led by CNNs, mechanisms
of attention, and transformers. Though deep learning has been
significantly contributing to improving the quality of images, big
challenges exist in designing models that balance computational
costs and are performance-oriented. Pyramid networks and the
attention-based method continue to shave off the trade-off of
these models, thus making it possible for them to be useful for
real-time environments with resource constraints.

3 | Methodology

The proposed network model for single-image super-resolution
is shown in Figure 1. The model works by decomposing a low-
resolution image into a Laplacian pyramid and then building
a sub-network for each pyramid level. Each sub-network has
the same architecture and has its loss function which is used
in the training. The super-resolved image is generated as a
Gaussian pyramid by the network. The bottom level of the
Gaussian pyramid is the final reconstructed image. So overall
the model passes through three stages, image decomposition in
the form of Laplacian pyramid’s levels, sub-network, and image
reconstruction using Gaussian pyramids. The proposed IWMHAN
uses five sub-networks which are trained independently using
their loss function. The architecture of these sub-networks is
the same. Figure 2 shows the structure of the sub-network that
is used in this study. After the decomposition of the image, a
single image goes as input to each sub-network. At first shallow
features are extracted using a convolutional layer and for deep
feature extraction five recursive blocks are used. Inside each
recursive block image is convoluted using three convolutions and
the LReLU activation function is used in between. The recursive
blocks strategy is adapted for sharing parameters among different
layers and to reduce cost. After recursive blocks, the information
is passed to a layer attention module (LAM) taken from HAN
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[11] to extract the information that exists between different layers.
HAN [11] takes an approach that is more comprehensive to high-
light informative features across several dimensions, in contrast
to conventional attention mechanisms that concentrate on either
the spatial or the channel dimensions alone. This guarantees
the model’s ability to acquire global contextual dependencies,
which are essential for tasks such as image reconstruction and
super-resolution. Residual learning is utilized to facilitate the
training of the model. The proposed network is comprised of three
main modules: Laplacian pyramids, sub-network, and image
reconstruction.

3.1 | Laplacian Pyramids

The Laplacian pyramid is a band-pass image decomposition
derived from the Gaussian pyramid (GP). The Gaussian pyramid
(GP) is a multi-resolution picture representation created through

- ReLU -
Up-sample
—d— ma A
lvr..;..- ple

Upesample

Up-sumple
) i Super
~m——ReLl p Resolved
Tmage

Image Reconstruction
Gaussian Pyramids

a recursive reduction (low-pass filtering and decimation) of the
image data set. A modified version of the Laplacian pyramid
[39] is used here which was created for the image-deraining
process. The low-resolution images passed to the network are
first decomposed into different levels of the Laplacian pyramid
through Equation (1).

Ln(X) =Gn(X) —upsample (Gn +1 (X)), (€8]

where G, is the Gaussian pyramid, n = 1....N — 1. With G,;(X)
= X and Ly (X) = Gy(X), the function G, (X) is computed by
down-sampling G,_;(X) with a Gaussian kernel. The network
will be able to take advantage of sparsity at all levels because of
this decomposition strategy. The main reason for choosing the
combination of Laplacian and Gaussian pyramids is their low cost
in addition to multi-scale feature representation which will help
to better reconstruct the image.

3.2 | SUB-Network

After decomposition, a sub-network is designed for each pyramid
level independently.

Each sub-network has a similar architecture with a different
number of filters. The sub-network consists of five recursive
blocks inside which residual learning is used on three convolu-
tional layers and the LReLU activation function.

3.2.1 | Feature Extraction

Two types of feature extraction strategies are used here. One is
shallow to extract course features and the other is deep extraction
to extract fine or high-level features. For the first one, a single
convolutional layer is defined using Equation (2) as mentioned
in HAN [11]

F, = Conv (I,R) @)
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and for deep feature extraction of recursive and residual blocks
with holistic attention are used.

3.2.2 | Recursive and Residual Blocks

Itis well-known that deep architecture can extract better informa-
tion as compared to shallow networks. This is because they use
more layers for that purpose. However, training these networks is
not a piece of cake. Moreover, more layers bring more cost making
the model computationally expensive. In recursion, different
layers share parameters by calling themselves again and again.
To gain the benefits of this strategy a group of recursive blocks
are used in this model which consist of three convolutional
layers with LReLU activation function. He initialization [53] is
used to initialize weights for these layers. Filters of size 3 x
3 are used inside each layer. All recursive blocks are linked
with each other using residual connections which can facilitate
training.

3.2.3 | Layer Attention

To extract deep features from images at each level of the pyramid
Holistic attention network HAN [11] is studied in detail which
aims to improve feature representations’ representational quality
for super-resolution. HAN introduced a novel type of attention
mechanism comprised of two types of attention modules that is
layer attention module (LAM) to learn parameters of hierarchical
layers and channel-spatial attention module (CSAM) to focus on
channel and spatial interdependencies of layers. After extensive
experiments, the authors chose LAM from HAN [11] as a subnet-
work for our proposed scheme. The reason behind choosing LAM
is discussed in the section of ablation studies. Layer attention
module as shown in Figure 3 is utilized to treat the issues of
feature correlation among different layers. It is used in the sub-
network of the proposed model. The concatenated features from
recursive blocks are reshaped into a 2D matrix in dimension
NxHWC and transposed in the layer attention module. After this,
the variable storing values of previous operations are multiplied
as shown in Equation (3) of LAM [11].

wy = 8@ F), - @ F);, Li=12..N, 3

where 6§ and ¢ represent the softmax and reshape operations,
respectively. The predicted correlation matrix is then multiplied
with the reshaped feature map as shown in Equation (4) from

HAN [11].

Fiam=a Z wi,jFr 4

In the end, all the results are added to the input of LAM. In
this way attention weights are applied to the features of several
layers and softmax is applied before element element-wise sum
of the input and attentive features. LAM learns the association
between features of varying depths, hence improving the ability
to represent features automatically. The overall module LAM [11]
is represented by Equation (5).

LAM = Fiay + (F)) j )

3.3 | Image Reconstruction

The last layer of the Gaussian pyramid is the final output image
and to obtain that output, the Laplacian pyramid is used which
can be defined by using Equation (6) from the reconstruction
phase described in [39].

Gy (Y) =max (0,Ly (Y)), .
G, (Y) = max (0,L, (Y) + upsample (G, (Y))), ©

where n = 1...N — 1. To correct the outputs rectified linear
units(ReLU) are used which is represented as max(0,x) and it
returns the values between 0 and 1 while avoiding the issue of
dead neurons.

3.3.1 | Loss Function

Since each pyramid level has its sub-network a separate loss
function is used to train each sub-network. Mean square loss
smooths the edges of images so it can degrade the quality of
reconstructed images. So each sub-network is trained using the
11 loss function as shown in Euation (7).

M
I(x,y) =1/M Z sk = Iur) @)
(i=1)

11 loss does not over-penalize larger errors and can therefore
preserve structures and edges. In contrast, the commonly used
12 loss frequently produces over-smoothed results because it
penalizes larger errors while tolerating smaller ones. Therefore,
12 faces challenges to preserve the image’s deeper structures
compared to 11.
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4 | Experiments
4.1 | Experimental Setup

All the experiments are performed in Python 3.6 using tensor
flow 1.0.1 on Google collaboratory Pro. In each training batch, 16
patches of size 128 x 128 are selected randomly. 50 iterations of
back-propagation constitute an epoch. The learning rate 1 x 1073
is used for training the model with a batch size of 16 and it is
optimized using Adam optimizer. As batch normalization blurs
the results of SISR it is not utilized in the model as a regulariza-
tion parameter. Data augmentation is performed to make data
sufficient for the model. Each image in the dataset is rotated
and translated with an angle of 90°. In the Gaussian pyramid
reconstruction feature maps are divided by different values to
restore a better version of the image. To check the quality of
reconstructed images two well-known evaluation metrics PSNR
and SSIM are used.

411 | PSNR

Peak signal-to-noise ratio (PSNR) is a traditional method used to
check the quality of images. It is defined as the ratio between the
maximum possible power of a signal and the power of corrupting
noise that affects the fidelity of its representation It is like mean
square error (MSE)and can be calculated by taking the log of MSE
as shown in Equation (8) [54].

PSNR = 10log10(max /MSE)* 8

412 | SSIM

Structure similarity index works by considering three factors
that is, luminance, structure, and contrast. Structural infor-
mation is more important as it works on the idea of pixel
inter-dependencies especially when they are spatially close to
each other. As the SSIM formula is based on three comparison
measurements it can be calculated as shown in Equation (9) [54].
Whereas Equations (10)-(12) describe its parts:

SSIM (x,y) = 1(x,y) - ¢ (x,y) - 5 (x, ¥) ©)
where
(xy) = ot 10)
i) = st ay
s(x,y) = ;zg—j:g. (12)

4.2 | Datasets

The DIV2K dataset is used to train the proposed model which
consists of 1000 images out of which 800 are for training and
200 for validation and testing as shown in Table 1. This dataset
contains all images in PNG format which are low in resolution
and these LR images are specifically for the task of single images

TABLE 1 | Training dataset organization.

Training Validation
Dataset samples samples
DIV2K 800 200
TABLE 2 | Testdatasets organization.
Dataset Samples
Urban 100 100
MangalO9 109
TABLE 3 | Model with HAN and LAM.
Methods PSNR SSIM Parameters
With HAN 16.70 0.55 122714
With LAM 28 0.91 29k

super-resolution. High-resolution images are also given as ground
truths. For testing two well-known datasets are used. URBAN100
contains challenging urban scene images with varying frequency
band details, and MANGAL109 is a Japanese manga dataset. The
complete dataset organization is shown in Table 2.

4.3 | Ablation Study and Discussion

We present a detailed examination of the different components
of the model and their contributions to the overall architecture
and performance. Our analysis encompasses a thorough review of
critical layers, connections, and specific design choices that play
a significant role in shaping the model’s outcomes. By carefully
assessing each of these elements, we aim to understand their
impact on the model’s behavior and overall success. Through
this ablation study, we systematically modify or remove various
parts of the model to determine their influence on performance.
This analysis enables us to identify the key drivers of the model’s
success and potential areas for optimization which can guide
future improvements and enhancements in model design.

4.3.1 | Holistic Attention Module as a Sub-Network

The holistic attention network (HAN) is employed as a sub-
network within the proposed model. However, as indicated in
Table 3, the model’s performance is sub-optimal when using a
pyramid-based structure. This approach incurs additional costs,
resulting in thousands of extra parameters, without providing
significant improvements in image quality as measured by PSNR
and SSIM. We found that adding HAN [11] results in a consider-
able increase in the number of parameters in the model (122,714)
and a significant decrease in performance measures (PSNR:
16.70, SSIM: 0.55). This implies that the lightweight pyramid-
based structure of IWMHAN is incompatible with the dense
connections of HAN, notwithstanding their effectiveness in other
settings. The ensuing inefficiencies emphasize how crucial it is
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TABLE 4 | Model with and without layer attention module.

TABLE 5 | Model with and without recursive blocks.

Methods PSNR SSIM Parameters Methods PSNR SSIM Parameters
With LAM 28 0.91 28.309K With recursive blocks 28 0.91 29K
Without LAM 25 0.85 29k Without recursive blocks 22 0.70 50K
and processing efficiency. Based on this analysis, LAM was
chosen as part of the recursive blocks to be employed as a sub-
network within proposed model (IwWMHAN). This selection not
= only optimized the model’s performance but also minimized the
3 increase in computational costs, thus enhancing its efficiency for
< real-world applications.
z

AT i
I[ I[

©
n
"
5]
-
]
9
>
N
]
>

mSSIM  mPSNR

FIGURE 4 | Effect of adding LAM on quality and cost.

to develop components that complement our model’s lightweight
nature. One possible explanation for this is that the proposed
model adopts a lightweight approach based on a divide-and-
conquer strategy. Furthermore, integrating a dense model as a
sub-network may not only disrupt the gradients but also hinder
the model’s ability to converge effectively, thereby compromising
its overall performance. Consequently, while the pyramid-based
structure theoretically expands the model’s capacity to capture
long-range dependencies, the practical implementation presents
challenges that outweigh its benefits. Additionally, the increase
in parameters leads to higher computational costs during both
training and inference, making the model less efficient for
real-world applications.

4.3.2 | Layer Attention Module as a Sub-Network

The results presented in Table 3 demonstrate that the model strug-
gles when using a pyramid-based structure with holistic attention
network. This approach increases costs by adding thousands
of extra parameters without yielding significant improvements
in image quality, as measured by PSNR and SSIM. Instead of
using HAN model fully in pyramids, only the layer attention
module from this model is integrated with recursive blocks
in the proposed model to assess the outcomes. As indicated
in Table 4, removing this module from the model resulted in
reductions in both PSNR and SSIM. On the other hand, its
inclusion brought minimal additional parameters to the network.
This can be attributed to the layer attention’s foundation on
channel attention, which leverages the information between fea-
ture channels and also manages inter-layer information. Figure 4
illustrates the shifts in cost and quality of the model when adding
and removing LAM. With only a small increase in parameters
(29K), the integration of LAM significantly boosts performance
(PSNR: 28, SSIM: 0.91). Both PSNR and SSIM drop when LAM
is removed (PSNR: 25, SSIM: 0.85), indicating how important
LAM is for improving feature representation across layers. This
module successfully strikes a compromise between image quality

4.3.3 | Recursive Blocks for Reducing Parameters

To thoroughly assess the effectiveness of recursive blocks, we
conducted an experiment where these blocks were removed
from the model. We then evaluated the performance in terms
of parameters, PSNR, and SSIM on the Mangal09 dataset. This
careful analysis was aimed at understanding how the removal
of recursive blocks would impact both the model’s cost and its
accuracy. The results, as detailed in Table 5, demonstrate a notable
decrease in the model’s overall cost, which can be attributed to the
sharing of parameters across the layers of the recursive blocks.
This sharing significantly reduces the parameter count and
computational overhead. Despite this cost reduction, the model
maintains its performance quality, with no detrimental effect on
PSNR and SSIM. By allowing parameter sharing, recursive blocks
allow the model to have 29K parameters while still performing
well (PSNR: 28, SSIM: 0.91). When these blocks are removed,
metrics significantly decrease (PSNR: 22, SSIM: 0.70), but param-
eters increase to 50K. This illustrates how well the blocks work
to create a simplified design without sacrificing output quality.
These findings highlight the efficiency gains that can be achieved
through the strategic use of recursive blocks in the model.
By optimizing the network structure and reducing unnecessary
complexity, we can achieve a more streamlined model that retains
high-quality output without excessive computational expense.

4.4 | Results

In this section the impact of different parameter settings on
the proposed model’s performance is presented. The heading
presents a comprehensive analysis of how variations in the
loss function, pyramid structure, and learning rate affect the
model’s efficiency, convergence, and overall image quality. By
experimenting with different configurations, the study identifies
optimal parameter choices that balance high-quality output with
minimized resource consumption. We provide detailed insights
into the effectiveness of specific parameter-tuning strategies and
their role in enhancing the performance of the proposed model.

4.41 | Loss Function

Since the 12 loss function works well with SSIM in many image
restoration techniques, it is also tested for SISR. However, it gives
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FIGURE 5 | Error curve during training on DIV2K dataset.
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FIGURE 6 | Quality metrics analysis with different number of
pyramids.

dark areas in the output image and the model took more time to
converge on this loss function. More time in convergence means
the model might get stuck in finding the optimal solution and
will remain pending. As compared to this function 11 loss is tried
and tested in this study and it gives efficient results and helps
the network to converge fast. The change in L1 loss over training
is seen in Figure 5. In the early phases of training, the loss first
begins at a relatively low value before rapidly increasing. Weight
changes when the model adjusts its parameters could be the cause
of this increase. The loss then steadies and progressively drops,
suggesting that the model is learning successfully. The overall
trend indicates convergence despite early oscillations, indicating
the efficiency of our suggested methodology in reducing error
over time.

4.4.2 | Pyramid Structure

The number of pyramids decides the decomposition factor of
input images. The proposed model is tested with different
numbers of pyramids and qualitative measures along with net-
work parameters are calculated with each one. As shown in
Figure 6 reducing the number of pyramids reduces the total
number of parameters. However, it decreases the quality of output
images. Similarly adding more pyramid numbers improves the
performance of the model but it brings more computational
cost. Experiments show that five pyramids best performed as
compared to other numbers in terms of parameters and PSNR.

TABLE 6 | Model complexity of proposed IWMHAN.

Model Inference
parameters Flops (M) time (ms)
29K 58 20

4.4.3 | Learning Rate

Learning rate is an important parameter which is the step size that
the model will take during training in the process to minimize
loss and reach global minima. Two learning rates are tested in the
proposed study. When the learning rate is 1 x 10~* PSNR suddenly
starts decreasing with upcoming iteration. This is because if the
value of the learning rate is too large concerning the model then
results are unstable due to overshooting of minima and it will not
be able to converge. To this end learning rate with the value of
1x107° is tested and it works well with the results. Figure 7 shows
the PSNR curve with different learning rates.

4.5 | Model Complexity

The complexity of the proposed model is being evaluated in terms
of number of parameters m flops and Inference time. Table 6
shows the overall complexity of proposed model.

4.6 | Comparison With State-Of-the-Art Methods

Selected comparison schemes are retrained on the DIV2K dataset
and tested on benchmark datasets. The results of the proposed
method are compared to the following image restoration meth-
ods, LESRCNN [55], s-LWSR [28], swinIR [26], shuffleMixer [56]
and HAN [11]. Results are compared by conducting extensive
experiments using two benchmark datasets URBAN100 and
MANGAI09. Figures 8 and 9 show a comparison between pro-
posed IWMHAN and state-of-the-art models in terms of visual
quality. The results are obtained by conducting experiments on
the Urban100 dataset for x2 scale. Figure 10 shows the comparison
between different models and our proposed model in terms
of network parameters which clearly shows that our proposed
model is lightweight among all other models. As more trainable
parameters bring more cost so in the proposed model total
number of parameters is reduced using recursive blocks and by
skipping the pre-processing step of up-sampling. Table 7 shows
the results based on two quality metrics that is, PSNR and SSIM
with a total number of parameters, flops and inference time in
comparison of our proposed model with s-LwSR [28], LESRCNN
[55], and HAN [11] whereas Table 8 compares proposed model
in terms of parameters with advanced models such as swinIR
[26], shuffle-Mixer [56] and IFIN [57]. It can be seen that our
method has less number of parameters, flops and takes less time
as compared to other schemes and it has achieved a good PSNR
and SSIM score as compared to the two models. Bringing more
pyramid levels into the architecture might beat the other models
as well. However, it will not be a good choice for resource-
constrained devices. Moreover, our proposed model demonstrates
its superiority in terms of computational efficiency, making it
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TABLE 7 | Comparative analysis based on PSNR, SSIM, parameters, and time with flops.

Methods PSNR SSIM Parameters Flops (M) Inference time ms
LESRCNN 25.77 0.77 0.515m 1030 100

sLwSR 26.87 0.79 2.277Tm 4500 250

HAN 31.42 0.91 15.6m 31200 400

IWMHAN 28 0.91 0.029m 58 20

/s

(e) IWMHAN

FIGURE 8 | Visual results of proposed model On Urbanl00 x 2
dataset.

TABLE 8 | Comparative analysis based on PSNR, SSIM, and param-
eters.

Methods PSNR SSIM Parameters
swinlR 30.92 0.9151 897K
Shuffle-Mixer 30.65 0.909 411K

IFIN 28.57 0.860 980K
IwWMHAN 28 0.91 29K

an ideal choice for real-world applications where computational
resources are limited.

5 | Limitations and Future Work

Although the suggested lightweight multi-stage holistic
attention-based network shows significant gains in image
quality with reduced computational costs, there are still certain
restrictions. The performance of the model has mostly been
assessed using benchmark datasets, which might not accurately
represent the variety and complexity of real-world situations.
The network may encounter difficulties when handling excessive
ambient noise or reconstructing highly textured regions with
fine-grained details. Another drawback is the fixed pyramid
structure, which can make it more difficult to adapt to changing
input resolutions or shifting computing needs. To verify the
model’s resilience in a variety of scenarios, future studies will
concentrate on resolving these problems through comprehensive
real-world testing. Reconstruction quality and efficiency could
be further increased by adding features like adjustable pyramid
levels, noise-aware modules, and sophisticated generative
approaches.
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FIGURE 10 | Comparison with state of the art models.

6 | Conclusion

Single image super-resolution is a valuable sub-domain of image
restoration that is required for numerous practical applications. It
is a difficult task because numerous environmental and technical
factors affect the image quality. Numerous super-resolution
approaches based on deep learning have attempted to address
this issue. However, they incur additional computational costs,
and to reduce these costs, compression units are sometimes

employed, which can negatively impact output quality. A multi-
stage holistic attention-based model is proposed in this study. The
model receives a low-resolution image as input and returns a
super-resolved one as output. After taking the input, the model
decomposes the input image into five pyramid levels using the
Laplacian decomposition strategy. A sub-network is used for each
pyramid level which is trained with its own loss function. Each
sub-network has a similar structure and different numbers of
kernels. As a sub-network layer attention module from holistic
attention network HAN [11] with different parameter settings is
used. To get a better generalization capability of the proposed
method, extensive experiments are done on the DIV2K dataset
and results are compared with other state-of-the-art methods.
Experimental analysis of the proposed work demonstrates that
using recursive blocks for parameter sharing reduced the total
number of parameters which is equal to 29K only which is a
smaller number as compared to other SISR schemes. Moreover,
the super-resolution images restored from our model are of good
quality and achieved a PSNR score of 28 and an SSIM index of 0.91.
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