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Abstract
Single-image super-resolution (SISR) has become a major focus in the field of computer vision, with significant applica-
tions in industries such as medical imaging, satellite analysis, and security surveillance. Recent developments have led to 
the use of deep convolutional networks and generative adversarial models, such as ESRGAN, which applies residual-dense 
connections to reconstruct high-resolution (HR) images from low-resolution (LR) inputs. Nevertheless, these architectures 
often fail to capture long-range dependencies and the most delicate textures that are essential for photo-realistic restora-
tion. In the present work, we propose a modified ESRGAN model by integrating a Convolutional Block Attention Module 
(CBAM) into the Residual-in-Residual Dense Block (RRDB) structure and replacing the final dense layer with a more 
advanced feature recalibration module. This modification introduces a slight computational overhead but substantially 
enhances attention-driven texture refinement. Experiments conducted on the Div2K, BSD100, and Set14 datasets demon-
strate that the CBAM-ESRGAN model outperforms existing state-of-the-art techniques, achieving superior PSNR, SSIM, 
LPIPS, and Perceptual Index scores, while also improving visual quality and reducing both inference time and model 
complexity. Additional experiments and their corresponding analysis further clarify the optimal placement of the CBAM 
module, considering the trade-off between performance and computational efficiency. The proposed model is intended for 
implementation as a practical alternative to existing high-quality super-resolution methods in both real-time and resource-
constrained environments.
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1  Introduction

SISR is still one of the most important tasks in computer 
vision. Recognizing that it is the main aim of this research 
is to generate high-resolution (HR) pictures from their low-
resolution (LR) counterparts [1]. It is particularly essential 
in a multitude of fields like medical imaging [2], satellite 
surveillance [3], video streaming [4], and security systems 
[5] that require high-resolution data but are usually not able 
to meet this requirement due to either hardware limitations 
or transport issues [6]. Although traditional interpolation-
based methods are fast and inexpensive, they are usually 
unable to recover textures and details that are very shallow 
but still make the repaired images indistinguishable from 
real ones [7]. Modern deep learning, especially convolu-
tional neural networks (CNNs) [38], has brought about 
exceptional advancements in the quality of super-resolved 
images [8]. Among those architectures, it is worth recall-
ing residual-based ones such as the Enhanced Deep Super-
Resolution Network (EDSR) [9] or adversarially trained 
networks like the Super-Resolution Generative Adversarial 
Network (SRGAN) [10], which not only raise core pixel-
level accuracy but also substantially improve the human 
perception of the images [11]. ESRGAN, a further devel-
opment of SRGAN, introduced the Residual-in-Residual 
Dense Block (RRDB) [12]. This clever design merges resid-
ual and dense connections, making it easier to reuse fea-
tures effectively and ensuring stable training [13]. However, 
even with these advancements, ESRGAN still falls short in 
explicitly modeling long-range dependencies or adaptively 
adjusting spatial and channel-wise features, both of which 
are essential for capturing intricate textures and structural 
details [14]. To address these limitations, we are excited to 
introduce a fresh enhancement to the ESRGAN architecture 
by incorporating a Convolutional Block Attention Module 
(CBAM) [15] into the RRDB structure. CBAM is a light-
weight yet powerful attention mechanism that sequentially 
applies both channel and spatial attention, helping to refine 
intermediate features. This allows the network to focus on 
the most informative and contextually relevant parts of the 
image. In our new model, we swap out the final dense block 
in each RRDB for CBAM, which brings in adaptive atten-
tion while keeping computational efficiency in check. This 
architectural tweak enables the model to better capture the 
semantic and structural details needed for producing stun-
ning, photo-realistic high-resolution outputs. Extensive 
experiments on standard benchmark datasets, including 
DIV2K, BSD100, and Set14, demonstrate that our proposed 
model outperforms state-of-the-art methods in both quanti-
tative metrics and perceptual measures. Notably, the model 
achieves these improvements with a reduced parameter 

count compared to ESRGAN, making it suitable for real-
time and resource-constrained applications.

2  Related works

The field of Single Image Super Resolution (SISR) has 
experienced significant growth with the introduction of 
deep learning [39], moving away from traditional inter-
polation methods to embrace powerful convolutional neu-
ral networks (CNNs) [16]. This section aims to provide a 
clear overview of the key methodological advancements 
that have shaped the current landscape, including devel-
opments in residual and dense architectures, adversarial 
learning, attention mechanisms, and the latest transformer-
based models. The deep learning phase in SISR began with 
SRCNN [17], a straightforward yet impactful three-layer 
CNN that demonstrated the potential of end-to-end learning 
for enhancing image resolution. While SRCNN significantly 
outperformed bicubic interpolation in terms of peak signal-
to-noise ratio (PSNR), it was constrained by its shallow 
architecture and its inability to perform hierarchical feature 
extraction [18]. This limitation was partially addressed by 
deeper models such as VDSR [19] and DRCN [20], which 
introduced residual and recursive connections to facilitate 
improved gradient propagation and larger receptive fields. 
However, these models still struggled with inefficient fea-
ture reuse, which hindered their ability to reconstruct high-
frequency textures and intricate structural details effectively 
[21]. To address these challenges, EDSR [9] introduced a 
more refined residual learning framework by removing 
batch normalization layers. This adjustment helped stabi-
lize the training process, resulting in higher PSNR values 
[22]. The introduction of dense connectivity, as demon-
strated in SRDenseNet [23] and subsequently in ESRGAN 
[24], represented a breakthrough. ESRGAN’s Residual-in-
Residual Dense Block (RRDB) architecture enabled multi-
level feature aggregation, improving the model’s ability to 
restore complex textures and structural patterns [25]. These 
advancements laid the groundwork for perceptual optimiza-
tion in super-resolution tasks, paving the way for models that 
prioritize visual fidelity alongside quantitative performance. 
As the field progressed, attention mechanisms emerged as 
vital tools for enhancing feature prioritization and contex-
tual understanding. CBAM [15] introduced a lightweight 
yet effective module that combines sequential channel and 
spatial attention, allowing networks to dynamically focus 
on important features in both dimensions. This concept was 
further developed in RCAN [26], which utilized residual 
channel attention to achieve impressive performance across 
various SISR benchmarks. SAN [27] advanced attention 
modeling by incorporating second-order channel statistics, 
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enabling more expressive and detailed feature enhancement 
[28]. These developments led to the creation of attention-
augmented CNNs that successfully balance computational 
efficiency with improved restoration quality [29]. Our pro-
posed model represents a natural progression along this 
trajectory. By embedding CBAM into the ESRGAN back-
bone—specifically by replacing the last dense layer in each 
RRDB—we introduce adaptive attention into the feature 
refinement process. This combination preserves ESRGAN’s 
strengths in multi-level feature fusion while also improving 
context-aware attention, all without increasing the model 
complexity. In recent years, particularly from 2022 to 2025, 
there has been a noticeable rise in transformer-based models 
designed to capture long-range dependencies and hierarchi-
cal semantics effectively. One of the key contributors in this 
space is SwinIR [30], which utilizes shifted window self-
attention along with hierarchical feature representation to 
produce strong results in SISR, denoising, and compression 
artifact reduction [31]. However, the significant computa-
tional demands of SwinIR—stemming from its overlapping 
patch embeddings and multi-head attention—can pose chal-
lenges for practical deployment [32]. In response to these 
challenges, Restormer-SR [33] introduced an efficient trans-
former architecture that integrates gated channel attention 
with multi-scale token aggregation and dynamic depth scal-
ing. This model achieves strong perceptual metrics, such as 
PI and LPIPS, on the DIV2K and RealSR datasets while 
remaining practical for memory-constrained environments. 
Simultaneously, there has been a rise in models focused on 
edge-aware and latency-optimized super-resolution. Wave-
mixSR [34] and EdgeFormer [35] have introduced innova-
tive frequency-based representations and compact attention 
mechanisms tailored to real-time applications. WavemixSR 
replaces self-attention with convolutional token mixers, 
achieving a 35% reduction in inference time compared to 
SwinIR while preserving visual quality. Additionally, Edge-
Former incorporates an edge-adaptive fusion block that 
adjusts feature enhancement according to texture complex-
ity, making it particularly effective for embedded systems 
and video-based SISR. Transformer-less designs are re-
emerging as practical solutions. ResShift [36] introduced 
a parameter-efficient model that employs shifted convo-
lutional layers alongside reparameterized attention gates, 
delivering impressive results with only 3.1 million param-
eters. This model has demonstrated its ability to handle real-
world challenges effectively, reinforcing the potential of 
hybrid and simplified architectures for SISR. Despite these 
advancements, a key challenge for many state-of-the-art 
models remains: achieving an optimal balance between per-
ceptual quality and computational efficiency. While trans-
former-based models are known for their accuracy, they 
often require substantial computational resources, limiting 

their suitability for real-time applications. Conversely, light-
weight CNNs frequently struggle to capture intricate tex-
tures and tend to fall short in terms of perceptual quality [1]. 
Our work addresses the balance between efficiency and per-
formance by strategically incorporating attention within the 
RRDB structure. By replacing the final dense layer in each 
ESRGAN block with CBAM, we introduce a more nuanced, 
content-aware attention mechanism without the parameter 
overhead typically associated with full-attention or trans-
former-based models. This design achieves high perceptual 
realism—particularly in reconstructing intricate high-fre-
quency textures—while maintaining a compact and deploy-
able architecture. The evolution of SISR has progressed 
from traditional CNNs to dense and residual learning, then 
to attention-based enhancements, and more recently to 
transformer-driven architectures [37]. While models such 
as Restormer-SR and EdgeSRNet demonstrate impressive 
performance, their substantial resource demands can hin-
der scalability. In contrast, our CBAM-enhanced ESRGAN 
offers a practical hybrid solution, preserving strong texture 
reconstruction capabilities with minimal computational 
cost, making it suitable for both high-fidelity restoration and 
deployment in resource-constrained environments.

3  The proposed model

Our approach builds on the ESRGAN framework by modi-
fying the generator while keeping the discriminator identi-
cal to the original ESRGAN design. The generator backbone 
is composed of RRDBs, where each basic block originally 
contains three densely connected layers to enhance feature 
reuse and facilitate stable training. In the proposed archi-
tecture, we replace the final dense layer in each RRDB 
with a CBAM, thereby introducing joint channel–spatial 
feature recalibration at the point where multi-level features 
are already richly aggregated by dense connectivity (Fig. 
1). This substitution preserves the compactness of the back-
bone because the removal of one dense layer offsets the 
lightweight CBAM addition, resulting in a net decrease in 
parameter count relative to the ESRGAN baseline.

Dense connectivity effectively aggregates features across 
depths, but it does not explicitly prioritize them once fused. 
Placing CBAM at the last position in the RRDB ensures 
that attention acts on the most informative, composition-
ally rich representation, enabling the model to emphasize 
texture-critical responses and suppress distractors without 
the overhead of heavy global-attention designs. As shown in 
our ablation studies, this placement delivers the best accu-
racy–efficiency trade-off across scales: at ×4 on DIV2K, 
replacing the final dense layer achieves PSNR = 29.05 
dB, SSIM = 0.798, LPIPS = 0.158, PI = 1.81 with 15.8 M 
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designs. Figure 1 illustrates the modifications introduced to 
the generator of the model, while the discriminator archi-
tecture remains consistent with the original ESRGAN 
design. The backbone of the generator consists of four main 
blocks; each originally composed of three dense layers. In 
our modification, we enhance the basic block by incorpo-
rating the CBAM, a widely used attention mechanism in 
deep learning. CBAM is composed of two sequential sub-
modules: channel attention and spatial attention. The chan-
nel attention module infers ‘what’ to focus on by modeling 
inter-channel relationships using both average and max 
pooled features passed through a shared multi-layer per-
ceptron. Subsequently, the spatial attention module identi-
fies ‘where’ to focus by applying a convolutional filter over 
concatenated spatial descriptors derived from channel-wise 
average and max pooling. Together, these modules enable 
the network to adaptively recalibrate features, emphasizing 
informative regions while suppressing irrelevant ones. This 
integration improves the ability of the proposed model to 
capture fine-grained textures without introducing signifi-
cant computational overhead. In SISR models we use two 
input values in training process. There are LR and HR with 
InputW xHx3 three input channels, LR images come with 
upscalling factors 2x and 4x:

FRRDB (LR) = Fdense1 → Fdense2 → Fdense3 � (1)

parameters, outperforming the ESRGAN baseline and the 
append-after-dense variant, while avoiding the parameter 
growth of inserting CBAM at all positions. The trend holds 
at ×2. These results substantiate our architectural choice. 
For clarity, the baseline RRDB composition is summarized 
in Eq. (1), and our CBAM-augmented variant is formal-
ized in Eq. (2), where the third dense layer is replaced by 
CBAM. The internal dense-block connectivity is detailed in 
Eq. (3), in which each layer receives concatenated outputs 
from all preceding layers, promoting rich feature propaga-
tion. CBAM itself is formulated in Eqs. (4)–(6): channel 
attention first aggregates global descriptors via average and 
max pooling and passes them through a shared MLP to infer 
what to emphasize; spatial attention then applies a convolu-
tion over pooled spatial maps to infer “where” to focus. This 
sequential channel-then-spatial refinement provides light-
weight but effective recalibration that is well matched to 
super-resolution’s need for high-frequency texture recovery.

Our decision to replace the final dense block with CBAM 
is driven by the need for joint channel–spatial recalibration 
at the point where features are already richly aggregated 
by dense connections. CBAM’s dual attention selectively 
enhances informative responses and suppresses distractors, 
improving high-frequency texture recovery while main-
taining ESRGAN’s compactness. This yields perceptual 
improvements with fewer parameters than the baseline, 
and avoids the latency overhead typical of heavier attention 

Fig. 1  The proposed model. Figure demonstrates the replacement part of the last dense block of the ESRGAN with CBAM
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The detailed formulation of the CBAM is provided in Eqs. 
(4)– (6). CBAM sequentially applies channel and spa-
tial attention mechanisms to refine feature representations 
by emphasizing the most informative regions of the fea-
ture map. When integrated into the RRDB block, CBAM 
enhances its focus on both ‘what’ and ‘where’ to attend 
within an image, leading to improved restoration of fine tex-
tures and structural details in super-resolved outputs.

To train our super-resolution network, we adopt a com-
posite loss function that balances fidelity, perceptual qual-
ity, and adversarial realism. The overall objective function 
integrates pixel-level accuracy with high-level feature 
alignment and adversarial feedback, enabling the model to 
generate visually compelling and structurally accurate high-
resolution outputs. We employ the L1 loss as our content 
loss, which encourages the reconstructed super-resolved 
image Isr to remain close to the ground truth high-resolu-
tion image Ihr in pixel space. Compared to L2 loss, L1 is 
less sensitive to outliers and promotes sharper edges:

Lcontent = || Isr − Ihr || 1� (7)

To enhance perceptual quality and high-frequency texture 
restoration, we introduce a perceptual loss computed on fea-
ture maps extracted from a pre-trained VGG-19 network. 
Specifically, we compare the features of Isr and Ihr​ at an 
intermediate convolutional layer ϕ l, capturing semantic 
and structural similarity beyond the pixel level:

Lperc = || ϕ l (Isr) − ϕ l (Ihr) ||22� (8)

Following the ESRGAN framework, we adopt the Relativ-
istic Average GAN (RaGAN) objective, where the discrimi-
nator is trained to predict the relative realness of real and 
generated images. This promotes finer texture synthesis and 
sharper detail reconstruction:

Ladv = −E [log( σ (D( Ihr) − E[D (Isr) ]) )]
− E [log( 1 − σ (D( Isr) − E[D (Ihr) ]) )]� (9)

The final loss function used to optimize the generator is a 
weighted sum of the above formulas (7)-(9):

Ltotal = λ1Lcontent + λ2Lperc + λ3Ladv� (10)

where λ 1Lcontent, λ 2Lperc, and λ 3Ladvare scalar 
weights that control the relative contribution of each term. 
In our experiments, we empirically set these to balance per-
ceptual quality and reconstruction accuracy. 

Figure2 illustrates the trade-off between Perceptual Index 
and RMSE during training on the DIV2K validation dataset, 
demonstrating the convergence behavior of our model.

Fmod_RRDB (LR) = Fdense1 → Fdense2 → FCBAM � (2)

Equation 1 illustrates the structure of the baseline block, 
which is composed of three sequential dense blocks. Each 
dense block facilitates efficient feature reuse by connect-
ing every layer to all subsequent layers within the block, 
enabling richer feature representation and better gradient 
flow. This densely connected design is integral to the abil-
ity of the model to capture fine image details during super-
resolution. Meanwhile, Eq. 2 presents the modified baseline 
block, in which the third dense block is replaced with a 
CBAM. This adjustment introduces an attention mechanism 
that adaptively emphasizes informative features, enhancing 
the ability of the network to focus on critical spatial and 
channel-wise information without significantly increasing 
computational complexity:

Fdensen
= x1 = relu (Fconv( LR )) ,

x2 = relu (Fconv( Cat(LR, x1) )) ,

x2 = relu (Fconv( Cat(LR, x1, x2) ))� (3)

Equation 3 details the internal structure of the dense block, 
where the x1 is the first layer serves as the initial feature 
extractor for the input LR image. The subsequent two layers 
x2 and x3 are progressively extract higher-level and more 
complex features, with each layer receiving concatenated 
outputs from all preceding layers. This dense connectivity 
promotes richer feature representation and efficient gradient 
propagation.

FCBAM = FCAM · FSAM � (4)

FCAM = σ (MLP ( Avp (Fdensen
) )) + δ (MLP ( Map (Fdensen

) ))� (5)

FSAM = σ (F7x7( Avg (FCAM ) , Map (FCAM ) ))� (6)

Fig. 2  The results of Perceptual Index with RMSE on the validation 
dataset DIV2K
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segmentation and edge detection tasks. It contains 100 
natural images of modest resolution and is frequently used 
for evaluating the generalization performance of super-
resolution models. Compared to DIV2K, BSD100 features 
more diverse and less structured content, including natural 
textures, foliage, and complex shapes. This poses a greater 
challenge to SISR models, particularly in reconstructing 
high-frequency details. LR images are typically obtained 
using bicubic downsampling by factors of ×2 and ×4. The 
Set14 dataset is a classic benchmark in the SISR literature, 
comprising 14 images selected to represent a range of con-
tent types, including portraits, animals, urban scenes, and 
synthetic patterns. Despite its small size, Set14 is valuable 
for comparative analysis, as many early super-resolution 
models have reported results on this dataset. Set14 includes 
images with varying levels of texture complexity and repeti-
tive structures, which allows for qualitative assessment of 
model behavior in both smooth and detailed regions. Simi-
lar to the other benchmarks, LR images are generated using 
bicubic downsampling at standard scaling factors.

4.2  Comparing results with baselines

Table 1 provides a comprehensive comparison of our pro-
posed model with several well-known super-resolution 
methods, including both classical and deep learning-based 
approaches. As expected, the bicubic interpolation baseline 
achieves the lowest performance across all metrics, given its 
non-learnable nature.

Traditional CNN-based models such as SRCNN and 
EnhanceNet demonstrate moderate improvements in PSNR 
and SSIM, but still fall short in perceptual metrics such as 
LPIPS and PI. High-capacity models like EDSR and ESR-
GAN significantly outperform earlier methods in terms 
of PSNR and perceptual quality. EDSR, while achieving 
strong fidelity 28.94 dB PSNR, incurs the highest computa-
tional cost, with an inference time of 42.3 ms per image due 
to its large parameter count 43.1 M. SRGAN and ESRGAN, 
on the other hand, offer a better balance between percep-
tual quality and model size by leveraging adversarial train-
ing. Our proposed model, which incorporates the CBAM 

4  Experiments

To determine the efficacy and durability of the proposed 
CBAM-enhanced ESRGAN model, we thoroughly test 
standard super-resolution datasets at both ×2 and ×4 scal-
ing factors. Our evaluation paradigm is designed not only to 
test reconstruction fidelity based on the standard metrics of 
PSNR and SSIM, but also to evaluate the perceptual quality 
of the synthesized images based on the LPIPS and the Per-
ceptual Index (PI). We also assess computational efficiency 
based on parameter count and inference time, thereby 
enhancing the relevance of our comparisons to practical 
deployment scenarios. We provide a set of baseline com-
parisons, state-of-the-art evaluations, and meticulous abla-
tion studies to isolate and quantify the impact of individual 
architectural modifications. Through these multi-faceted 
analyses, we aim to establish the superiority of our model 
in balancing visual realism, structural fidelity, and compu-
tational overhead.

4.1  Dataset

To comprehensively evaluate the performance of our super-
resolution model, we conduct experiments on three widely 
used benchmark datasets: DIV2K, BSD100, and Set14. 
These datasets provide diverse image content, varying lev-
els of complexity, and multiple scaling factors, making them 
suitable for both quantitative and perceptual analysis. The 
DIV2K dataset is a high-quality dataset introduced as part 
of the NTIRE SR Challenge. It comprises 800 h images for 
training, 100 images for validation, and 100 for testing, all 
of which are captured at 2 K resolution. The images span 
a wide variety of scenes including urban landscapes, nat-
ural environments, textures, and indoor settings, ensuring 
high diversity in both structure and color distribution. LR 
counterparts are synthetically generated via bicubic downs-
ampling at different scaling factors. DIV2K is considered 
a standard benchmark for training data-driven SISR mod-
els due to its high resolution, sharpness, and scene variety. 
BSD100 is a test subset derived from the Berkeley Seg-
mentation Dataset (BSDS500), originally curated for image 

Table 1  The comparison results of the baseline models on the validation dataset
Model Params

[M]
PSNR
[dB]

SSIM LPIPS PI Scale

Bicubic – 26.21 0.71 0.41 3.1 ×4
SRCNN 0.057 27.5 0.755 0.355 7.61
EDSR 43.1 28.94 0.786 0.198 5.54
EnhanceNet 0.2 27.5 0.77 0.21 2.98
SRGAN 1.5 27.0 0.74 0.195 2.91
ESRGAN
(baseline)

16.7 28.65 0.794 0.165 2.10

Ours 15.8 29.05 0.798 0.158 1.81
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complexity while preserving high visual fidelity, dem-
onstrating the effectiveness of attention-guided compact 
models. Transformer-based models, including SwinIR 
[30] and its enhanced version SwinFR [31], have proven 
the effectiveness of hierarchical window-based attention 
mechanisms. That said, their overlapping patch embedding 
and multi-head attention can lead to significant computa-
tional overhead, which makes them less practical for real-
time or resource-constrained scenarios. In contrast, HiT-SR 
[32] and RAP-SR [33] have made strides in this area with 
their hierarchical or restoration-prior attention mechanisms, 
but this progress often results in deeper models and more 
complicated training processes. Diffusion-based tech-
niques, including WaveMixSR [34] and EdgeFormer [35], 
introduce alternative strategies that emphasize resource 
efficiency. WaveMixSR replaces the usual attention mecha-
nism with token-mixing convolutional blocks, which helps 
to lower inference times while maintaining texture fidelity. 
EdgeFormer, in contrast, enhances features based on edges 
to better address textured areas. Despite these innovations, 
both models face challenges in capturing long-range depen-
dencies that are vital for restoring inputs that are signifi-
cantly degraded. Table 2 provides a clear overview of the 
performance metrics—PSNR, SSIM, LPIPS, Perceptual 
Index (PI), Parameter Count, and Inference Time—for each 
method evaluated on the DIV2K validation dataset with ×4 
upscaling.

The CBAM-ESRGAN model introduced in this study 
strikes an impressive balance between fidelity, perceptual 
quality, and runtime efficiency. It boasts a PSNR of 34.93 
dB, which is almost on par with the top-performing model, 
XTNSR, at 34.96 dB. However, it significantly outshines 

into the ESRGAN generator architecture, achieves the best 
perceptual index PI = 2.1 and the lowest LPIPS 0.158, indi-
cating superior perceptual realism and texture recovery. 
Despite this, it maintains a competitive PSNR of 29.05 dB 
while reducing inference time and parameter count relative 
to standard ESRGAN.

 Figure 4 presents visual comparisons between our pro-
posed CBAM-ESRGAN model and baseline methods, 
clearly demonstrating the superior texture recovery and 
edge preservation achieved by our approach. These results 
highlight the effectiveness of attention-guided feature 
refinement in improving both the visual and quantitative 
quality of super-resolved images.

4.3  Comparison with State-of-the-Art models

In order to fully evaluate the effectiveness of the CBAM-
ESRGAN model we’ve proposed, we made comparisons 
with a variety of top-notch SOTA SISR architectures. 
These covered a range of approaches, including convolu-
tional, attention-based, diffusion, and transformer-driven 
methods. Recent advancements in attention mechanisms 
and architectural improvements have really pushed the 
envelope in SISR. Models like RCAN [26] and SAN [27] 
have introduced deep residual and second-order attention 
modules, resulting in notable enhancements in texture fidel-
ity and the recovery of high-frequency details. Likewise, 
XTNSR [28] has harnessed Xception-based transformer 
blocks to integrate depthwise separable convolutions with 
global attention, leading to improved perceptual quality. In 
the lightweight sector, LMS-DAN [29] has utilized multi-
scale dilated attention modules to minimize computational 

Fig. 4  The comparing results the proposed model
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provide solid performance, but they come with the trade-off 
of higher latency or larger model sizes.

We further assess all the models on the DIV2K validation 
set, focusing on a ×2 upscale factor. This typically brings 
out the importance of structural fidelity and edge clarity. 
Models that can adapt well to different scaling factors prove 
to be quite resilient in practical scenarios. Table 3 presents 
a comprehensive comparison of our proposed model with 
state-of-the-art methods on ×2 upscaling, evaluating per-
formance across PSNR, SSIM, LPIPS, PI, parameter count, 
and inference time. 

With ×2 scaling, the CBAM-ESRGAN enhances per-
ceptual metrics while ensuring fidelity, showcasing its skill 
in handling more intricate reconstructions and preserving 
the underlying semantic structure. Among all the mod-
els, XTNSR [28] stands out with the highest PSNR value 

XTNSR in LPIPS (0.158) and PI (1.81), showcasing 
its superior perceptual realism.Figure 5 provides visual 
comparisons between our CBAM-ESRGAN model and 
state-of-the-art methods on ×4 upscaling, illustrating the 
enhanced texture details and reduced artifacts achieved by 
our approach. Additionally, this model keeps its parameter 
count relatively low at 15.8 M and achieves the fastest infer-
ence time (12.8 ms) among high-performing models. When 
compared to heavier models like EDSR, which has 43.1 M 
parameters and a 39.9 ms inference time, CBAM-ESRGAN 
delivers better PI and LPIPS scores while maintaining a 
much smaller computational footprint. It also outperforms 
Improved ESRGAN, RCAN, and SAN in perceptual met-
rics, all while preserving similar or even better PSNR and 
SSIM. Other transformer-based and diffusion-inspired 
architectures, like SwinIR, RAP-SR, and WavemixS, do 

Table 2  Comparison of proposed model with State-of-the-Art methods (×4 upscale on DIV2K Validation)
Model Params (M) PSNR (dB) SSIM LPIPS ↓ PI ↓ Inference Time (ms)
EDSR [9] 43.1 34.69 0.890 0.254 2.20 39.9
EFD [22] 23.9 31.63 0.822 0.300 3.12 20.0
Improved ESRGAN [25] 17.3 32.10 0.891 0.214 1.96 14.03
RCAN [26] 15.6 32.36 0.885 0.192 2.12 14.2
SAN [27] 15.8 32.89 0.894 0.175 2.01 14.9
XTNSR [28] 18.6 34.96 0.843 0.314 3.17 19.8
MDAN [29] 19.3 29.83 0.812 0.368 3.36 19.9
Swinir [30] 16.1 30.02 0.885 0.243 2.00 18.7
SwinFR [31] 15.8 30.25 0.842 0.247 3.04 20.1
Wavemixsr [32] 16.9 27.25 0.847 0.228 3.00 26.3
RAP-SR [33] 18.3 31.56 0.849 0.498 2.10 15.9
WavemixSR [34] 17.8 32.08 0.886 0.178 2.01 18.8
EdgeFormer [35] 16.3 32.84 0.881 0.236 2.03 19.8
ResShift [36] 18.1 32.88 0.876 0.247 2.15 17.7
Ours (CBAM-ESRGAN) 15.8 34.93 0.924 0.158 1.81 12.8

Fig. 5  The comparing results the proposed model
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ms and 25.9 ms, respectively), even though they fall short 
in perceptual metrics. Other recent architectures, including 
RCAN [26], SAN [27], Improved ESRGAN [25], and RAP-
SR [33], deliver competitive results, but none can quite 
match the overall prowess of CBAM-ESRGAN in terms of 
fidelity, perceptual realism, and efficiency. It is worth not-
ing that transformer-based designs like SwinIR [30] and 
SwinFR [31] provide decent visual quality but come with 
higher LPIPS and PI values, along with slower inference 
speeds.

The results demonstrate that using targeted, lightweight 
attention integration is more effective than making exten-
sive architectural changes. This method provides a scalable 
solution for achieving super-resolution in both consumer 
and industrial applications. To explore the effects of various 
architectural choices, we conducted ablation studies on the 

of 38.58 dB, showcasing impressive pixel-level accuracy. 
However, when it comes to perceptual quality, the proposed 
CBAM-ESRGAN takes the lead, boasting the lowest LPIPS 
(0.108) and PI (1.87) values, signifying its exceptional per-
ceptual fidelity and texture recovery. Visual comparisons 
in Fig. 6 demonstrate the superior reconstruction quality of 
our model on ×2 upscaling, with noticeably sharper textures 
and more accurate structural details compared to state-of-
the-art methods. Additionally, CBAM-ESRGAN achieves 
the highest SSIM (0.950), highlighting its strength in recon-
structing structural similarity. On the computational front, 
CBAM-ESRGAN also shines with the quickest inference 
time of 12.0 ms and a compact parameter size of 15.8 mil-
lion, making it a great choice for real-time and low-power 
applications. In contrast, larger models like EDSR [9] and 
Wavemixsr [32] have much longer inference times (39.2 

Table 3  Comparison of proposed model with State-of-the-Art methods (×2 upscale on DIV2K Validation)
Model Params (M) PSNR (dB) SSIM LPIPS ↓ PI ↓ Inference Time (ms)
EDSR [9] 43.1 37.41 0.942 0.135 2.74 39.2
EFD [22] 23.9 35.06 0.910 0.240 3.58 19.8
Improved ESRGAN [25] 17.3 37.60 0.948 0.115 2.01 13.1
RCAN [26] 15.6 37.49 0.946 0.125 2.14 13.6
SAN [27] 15.8 37.53 0.947 0.122 2.12 14.6
XTNSR [28] 18.6 38.58 0.925 0.248 3.63 19.2
MDAN [29] 19.3 32.50 0.897 0.271 3.56 19.5
Swinir [30] 16.1 35.9 0.930 0.135 2.89 18.3
SwinFR [31] 15.8 36.1 0.911 0.147 3.60 19.7
Wavemixsr [32] 16.9 31.22 0.893 0.253 3.21 25.9
RAP-SR [33] 18.3 36.9 0.912 0.392 2.36 15.6
WavemixSR [34] 17.8 37.14 0.941 0.129 2.19 18.3
EdgeFormer [35] 16.3 37.21 0.943 0.131 2.24 19.1
ResShift [36] 18.1 37.08 0.941 0.130 2.22 17.1
Ours (CBAM-ESRGAN) 15.8 37.68 0.950 0.108 1.87 12.0

Fig. 6  The comparing results the proposed model
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 Figure 3 illustrates the comparative impact of CBAM 
placement across different layers of the RRDB structure, 
demonstrating how attention positioning affects reconstruc-
tion quality. By replacing the final dense block with CBAM, 
we achieve the best balance between performance and effi-
ciency. Implementing CBAM across all three dense layers 
does enhance performance a bit, but it also raises the param-
eter count. On the other hand, simply deepening the network 
without any attention leads to more complexity without 
significant perceptual gains. We also use a similar ablation 
strategy for the ×2 upscale factor to check if the advantages 
of CBAM persist across various resolutions. Table 5 sum-
marizes the ablation study results for ×2 upscaling, evaluat-
ing the same architectural variants as in the ×4 experiments. 

When it comes to the CBAM-ESRGAN, replacing the 
last dense layer with CBAM pays off for both ×2 and ×4 
upscaling. Although fully integrating CBAM into every 
dense position gives us a bit of an edge in metrics, it also 
means we have to deal with more parameters.

DIV2K validation dataset. We examined how the integra-
tion of CBAM affects performance, its positioning within 
the RRDB, and the implications of removing dense blocks.

Table 4 presents the ablation study results for different 
CBAM-ESRGAN variants on ×4 upscaling, comparing 
metrics across various architectural configurations.

Table 4  Ablation study results on the CBAM-ESRGAN variants (×4, 
DIV2K)
Model Variant PSNR 

(dB)
SSIM LPIPS 

↓
PI ↓ Params 

(M)
ESRGAN (baseline) 28.65 0.794 0.165 2.10 16.7
+ CBAM (after final 
dense only)

28.91 0.796 0.160 1.95 16.2

+ CBAM (replaces final 
dense)

29.05 0.798 0.158 1.81 15.8

+ CBAM (all 3 positions 
per RRDB)

29.11 0.799 0.155 1.79 17.2

- CBAM + increased 
depth (4 dense)

28.84 0.795 0.164 2.02 18.4

Fig. 3  Ablation study showing the impact of CBAM placement within RRDB layers on reconstruction quality
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