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A Cluster Tree Network for Image Super-Resolution
Qi Zhang , Weiqiang Xin , Shuai Wu , Qi Zhu , Qiya Song , and Shichao Zhang , Senior Member, IEEE

Abstract—Image super-resolution (SR) enhances the clarity
and detail of images produced by consumer electronics, particu-
larly in high-end devices, offering a superior visual experience.
In this paper, a SR technique is proposed to enable effective
and reliable processing in consumer electronics. Deep networks
extract hierarchical structural feature through multiple layers
for improving image SR results, however, their robustness
may be limited in complex scenes. To address this, a cluster
tree network for image SR (CTSRNet) was developed. The
proposed tree architecture leverages hierarchical information
by branching feature extraction into pathways that process
varying, levels of abstraction and complexity, unlike monolithic
convolutional neural networks (CNNs), where deep features
may suppress shallower ones. Adaptability to diverse scenes
is enhanced through conditional parameterized convolutions
(Condconv), which learn salient features. By clustering image
regions based on their properties, the networks learns inter-
region to recover finer details. Experimental results demonstrate
that CTSRNet surpasses popular SR methods. With reduced
complexity and resource demand, the proposed approach is well-
suited for edge computing in consumer electronics. The code is
available at https://github.com/xwq325/CTSRNet.

Index Terms—Tree network, adaptive convolution, cluster,
image super-resolution.
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I. INTRODUCTION

THE RISE of the Internet of Things and the widespread
adoption of smart devices have driven a shift toward

edge computing in consumer electronics. This shift introduces
challenges, such as limited computational resources, stringent
power constraints, and the need for scalable, device-adaptive
models. In this context, efficient and robust image super-
resolution (SR) techniques are essential for improving visual
quality, which is critical to user experience [1]. Specifically,
single image SR (SISR) improves image clarity and detail,
providing significant benefits for high-end devices. A SR
approach is proposed in this study to meet the specific
requirements of consumer electronics. When integrated with
cloud service, the method enables efficient deployment across
a broad range of mobile devices, including digital cam-
eras, smartphones, and compact consumer cameras imaging
systems.

SISR aims to reconstruct high-quality images by learning
degradation models from low-resolution inputs. Traditional
machine learning approaches, such as interpolation meth-
ods [2], and regression-based models [3], have been employed
to infer high-resolution (HR) representations. While these
methods are capable of image restoration, this adaptability is
constrained by manually defined parameters and optimization
strategies tailored to specific models.

Deep neural networks address the image restoration tasks,
such as image denoising [4], image super-resolution [5] and
image watermark removal [6], [7] to extract complex structural
relationships through forward and backwards propagation.
Dong et al. [5] first applied CNNs to SISR with SR con-
volutional neural network (SRCNN), a three-layer network
that directly mapped low-resolution inputs to HR outputs.
Although effective, the network’s shallow depth constrained
its performance. Subsequent studies established a strong link
between network depth and SR accuracy, with deeper architec-
tures yielding improved results [8]. Kim et al. [9] introduced
VDSR, a very deep network that enhanced training stability
in SISR. Kim et al. [10] further improved SISR performance
by adopting a residual architecture with recursive supervision
and skip connections to ease training difficulty. To extend
this approach, Tai et al. [11] proposed deep recursive residual
networks (DRRN), which integrated global and local residual
learning to enhance image reconstruction quality.

Although these deep learning methods outperform tradi-
tional approaches in SISR tasks, they often involve significant
computational overhand [12]. To mitigate this problem,
an alternative strategy was introduced: processing low-
resolution inputs directly through CNNs and deferring the
upsampling operation later stages in the network [13]. For
instance, Lai et al. [14] proposed LapSRN, a multi-scale
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pyramid-structured network that progressively reconstructs
HR images. Deformable and attentive network (DANet) [15]
enhanced visual reconstruction by preserving low-frequency
texture information through the integration of deformable con-
volutions and attention mechanisms. Similarly, Tian et al. [16]
designed an asymmetric architecture that employs asymmet-
ric convolutions and multi-level feature fusion to effectively
enhance low-frequency components SISR.

With the advancement of consumer electronics, increas-
ing attention has been directed towards the performance
of SR techniques on mobile devices. Rai and Rajput [17]
introduced a localized regularized facial SR method, based
on artificial neural networks (ANNLR-FSR), that enhances
facial image reconstruction under high-noise conditions by
accurately estimating noise levels in low-resolution inputs.
Wei et al. [18] proposed a transducer-based multilevel
alignment network (TAVSR), designed to recover high and
low-frequency information in compressed video. To address
issues of bias and efficiency, Liao et al. [1] developed the
minimax concave penalty-based SR (MCPSR).

Although the aforementioned deep learning methods effec-
tively capture both high and low-frequency information for
SISR, their performance often degrades in complex scenes due
to limited adaptability. To address this limitation, a cluster
tree network is proposed in this study for image SR. The
approach utilized a tree-based architecture to fully exploit
hierarchical information by modeling node relationships.
Unlike conventional monolithic CNNs, the proposed structure
processes features at varying levels of abstraction through
separate branches, preventing deeper features from suppressing
shallower ones. To enhance the robustness of the proposed
image super-resolution model, conditional parameterized con-
volutions (CondConv) are introduced to dynamically extract
salient features based on regional differenced within the image,
thereby improving the model’s adaptability. Additionally, a
clustering mechanism is incorporated to learn the similarity
among different image regions, enabling more accurate recon-
struction of fine details.

The primary contributions of this study are outlined as
follows:

(1) A novel tree-based architecture is introduced to effec-
tively utilize hierarchical information for SISR based on node
relationships.

(2) A conditionally parameterized convolution is employed
to adaptively capture scene-specific features, thereby enhanc-
ing model robustness.

(3) A hybrid approach combining a clustering technique
with CNN is utilized to capture regional similarities and
extract fine-grained details for SISR.

The rest of this paper is structured as follows. Section II
reviews the related literature; Section III details the proposed
cluster tree network for SISR; Section IV presents the exper-
imental evaluation; and Section V concludes the study.

II. RELATED WORK

Deep learning-based SR methods have demonstrated strong
performance and potential due to their expressive capabilities.

However, the effectiveness of CNNs often degrades with
increased depth, primarily due to issues, such as gradient
vanishing or explosion. Moreover, deeper networks typically
face difficulties in capturing informative interactions between
shallow and deeper layers for SISR [19]. To address this
limitation, enhancing both high- and low-frequency features
within the network structure is an effective strategy to improve
feature interaction across layers.

The enhancement of high-frequency structural features is
typically carried out in two stages [20]. In the first stage,
interpolation operations are used to upscale the low-resolution
image, generating preliminary high-frequency information. In
the second stage, these features are integrated through a
designed CNN to extract richer structural representations.
Building on this concept, Dong et al. [5] were the first to
introduce an end-to-end CNN for the SR task. Subsequently,
Wang et al. [21] proposed an asymmetric pyramid struc-
ture employing varying depths for feature extraction and
reconstruction across different scales to enable efficient multi-
scale progressive SR. To simplify training, Mao et al. [22]
utilized a symmetric encoder-decoder architecture to enhance
image recovery abilities. Iterative up- and down-sampling has
also proven effective in progressively refining SR features.
Haris et al. [23] introduced a deep back-projection network
that incorporates alternating up- and down-sampling layers,
enabling an error feedback mechanism to iteratively estimate
reconstruction errors and guide the network toward improved
SR performance.

The enhancement of low-frequency structural features is
typically achieved by feeding low-resolution images directly
into a CNN to extract low-frequency information, followed by
upsampling within a deep network to reconstruct high-quality
outputs [24]. For example, multi-path residual networks [25]
improve representational capacity by employing local fea-
ture fusion, enabling the extraction of richer low-frequency
features for SISR. This not only strengthens the robustness
of the extracted information but also reduces computational
overhead. To further minimize model complexity, the cas-
caded residual network (CARN) [8] incorporates multi-path
information flow and a recursive structure across layers,
achieving competitive SR performance with fewer parameters
and reduced computation. Li et al. [26] enhanced feature
representation learning through an iterative up-down sampling
feedback module, supported by densely connected skip layers.
Building on this, Zhang et al. [27] improved SISR recon-
struction by integrating local residual learning with sparsely
connected local layers. All-in-one image restoration models
have demonstrated the ability to address diverse degradations
by using specific prompts to guide restoration. However, uni-
versal architecture often suffer from unpredictability and a lack
of control. To mitigate these issues, Conde et al. [28] proposed
a novel method that leverages human-written instructions to
guide the image restoration process more effectively.

Although CNN-based SR models and their various training
strategies have achieved notable improvements in the quality
and accuracy of HR image reconstruction, challenges remain
when addressing SR tasks in complex scenes. To address this,
a tree-based framework is introduced in this work to guide the
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CNN, thereby enhancing the robustness of the resulting SR
model.

III. PROPOSED METHOD

A. Network Architecture

Image SR methods commonly often employ deep CNNs
to capture complex image features, however, this typically
results in increased model parameters and computational over-
head [29]. Additionally, limitations in feature extraction and
fusion may hinder the network’s ability to effectively capture
diverse image details. To address these challenges, a cluster
tree network for image SR (CTSRNet) is proposed (Fig. 1). In
CTSRNet, the root node first maps the low-resolution image
to a high-dimensional feature space, generating a shallow
feature map. This map is then processed through four parallel
branches (B1-B4), forming the core of the tree-structured
architecture. These branches operate in parallel with varying
depths and complexities (base, middle, right subtree layers),
thereby enabling the capture of a richer and more diverse hier-
archy of features than conventional sequential architectures.
Each branch is configured with a distinct network structure
and depth. The base layer refines the initial shallow features
to preserve essential image details. The middle subtree layer
increases the network depth to capture more complex and
diverse feature representations. The right subtree layer then
integrates and enhances these features, improving the model’s
expressive capacity. Finally, the output from the fourth branch
is passed through an upsampling module to generate the HR
image. The feature extraction and fusion strategies for the four
branches of CTSRNet are defined by Eqs. (1)-(5):

OHR = CTSRNet(ILR) = LUP
(
FB4

)
(1)

FB4 = LRL,B4

(
LBL,B4+ML,B4(F0) × FB3 + F0

)
(2)

FB3 = LRL,B3

(
LBL,B3+ML,B3(F0) × FB2 + F0

)
(3)

FB2 = LRL,B2

(
LBL,B2(F0) × FB1 + F0

)
(4)

FB1 = LBL,B1(F0) (5)

where OHR represents the HR output image, ILR denotes
the low-resolution input, CTSRNet() refers to the cluster
tree network for image SR, F0 signifies the shallow feature
map produced by the initial convolutional layer, LUP is the
upsampling module, FBi denotes the output of the i-th branch,
LRL,Bi represents the right subtree layer of the i-th branch(i =
2, 3, 4), LBL,Bi+ML,Bi indicates the base layer and the middle
subtree layer of the i-th branch(i = 3, 4), and LBL,Bi is the base
layer of the i-th branch(i = 1, 2). The branches corresponding
to Eqs. (2)-(5) are trained in parallel. Additionally, during
exection, Eqs. (2)-(4) utilize the output of the subsequent
branch in a channel-concatenated manner to enable progressive
feature enrichment.

B. Loss Function

The L1 norm is commonly employed as a loss function
in SR and other low-level image processing tasks due to
its robustness to outliers and its effectiveness in preserving
image details [30]. Accordingly, it is adopted in this wore
to construct the loss function for training the CTSRNet

Fig. 1. Network architecture of CTSRNet.

model. The training set is {Ii
LR, Ii

HR}N
i=1, where Ii

LR and Ii
HR

denote the i-th low-resolution and high-resolution training
image segments, respectively, and N indicates the total number
of image segments. The final loss function of CTSRNet is
expressed as Eq. (6):

L(θ) = 1

N

N∑

i=1

∥∥CTSRNet
(
Ii
LR

) − Ii
HR

∥∥
1 (6)

where L denote the L1 loss function, and θ represents the
parameter set of the CTSRNet model. The loss function is
optimized using the Adam optimizer.

C. Base Layer Block

The extraction of detailed features is critical for image
SR tasks. In CTSRNet, While the initial 3 × 3 convolution
layer generates shallow features containing basic structural
information, these features are often coarse and insufficient
for representing fine details. Therefore, the base layer is
introduced to refine these preliminary features and enhance
the network’s ability to capture subtle and complex patterns.
The base layer comprises one CondConv [31] layer followed
by two standard convolutional layers, each accompanied by
a ReLU activation function. A residual connection is also
induced to facilitate feature preservation and gradient flow.
Condconv enhances representational capacity by dynamically
generating a customized convolution kernel for each input.
This is achieved by maintaining a set of K learnable expert
kernels and employing a lightweight routing function, typically
using global average pooling and fully connected layers,
to predict K input-specific weights. These weights are then
used to form a weighted combination of the expert kernels,
producing an adaptive kernel tailored to each sample. This
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mechanism improves model expressiveness while keeping
computational cost low. The structure and precessing flow of
the base layer are expressed as Eqs. (7) and (8):

FBL,Bi = LBL(F0) (7)

LBL = LCR(LCR(LCondConv+ReLU(x))) + x (8)

where F0 represents the shallow feature map from the input,
LBL indicates the composite function of the base layer, FBL,Bi

signifies the base layer output of the i-th branch(i = 1, 2, 3, 4),
LCondConv+ReLU and LCR refer to the corresponding Condconv
layer and the standard convolutional layer followed by the
ReLU activation function, respectively, and x is the input to the
base layer. Eq (7) describes the application of the base layer
before the point of significant structural divergence within
each of the four conceptual branches. The parameters across
the four branches are not shared, enabling parallel processing
pathways with distinct depths and complexities.

D. Middle Subtree Layer Block

To enhance feature representation in deeper branches, mid-
dle subtree layers are integrated into CTSRNet. For branches
with indices 1 and 2, which primarily focus on lower-level or
simpler features, additional refinement through middle layers
is deemed unnecessary. In contrast, branches with indices
greater than 2 are responsible for processing more complex,
high-level features. To support this, middle subtree layers are
introduced in these branches to enrich feature representation
and facilitate the capture of multiscale information in higher
dimensions. Each middle subtree layer comprises three mixed
depthwise convolutions (MixConv) blocks. Mixconv combines
depthwise separable convolution and multi-scale convolu-
tion. Depthwise convolution first extracts spatial features
independently for each input channel, followed by point-
wise convolution to fuse inter-channel information, thereby
approximating the effectiveness of standard convolution with
significantly reduced computational cost. Additionally, con-
volution kernels of varying sizes are applied in parallel to
capture both local and global features smaller kernels focus on
fine details, while larger kernels emphasize broader context.
Through the fusion of multi-scale features, MixConv enables
efficient and comprehensive feature extraction. This process is
formulated in Eqs. (9)-(11):

FML,B3 = LML
(
FBL,B3

)
(9)

FML,B4 = LML
(
LML(FBL,B4)

)
(10)

LML = LMix+ReLU(LMix+ReLU(LMix+ReLU(x))) (11)

where LML represents the composite function of the middle
subtree layer, FML,Bi indicates the output of the middle subtree
layer in the i-th branch, and LMix+ReLU refers to the MixConv
applied within the layer followed by the ReLU activation
function.

The total number of output channels is distributed across
the parallel branches using different kernel sizes, with the
allocation designed to ensure that each branch contributes
approximately the same number of parameters. As a result,
branches with larger kernels are assigned fewer output chan-
nels, while those with smaller kernels receive more. This

strategy balances representational capacity and computational
efficiency by constraining the dimensionality of broader con-
textual features and enhancing the representation of fine
details. For images with diverse structures, such as those con-
taining both intricate textures and large homogeneous regions,
this design enables the network to adaptively exploit the most
relevant scale information. Smaller kernels are more effective
at capturing local details, whereas larger kernels contribute to
modeling broader spatial context. During training, the network
learns to optimally leverage the concatenated multi-scale
features across different regions of an image. Although this
approach efficiently facilitates multi-scale feature extraction
within a block, its effectiveness may depend on the suitability
of the selected kernel sizes to the dominant structural charac-
teristics of the input image.

E. Right Subtree Layer Block

To effectively fuse and optimize multi-level information,
the right subtree layer is incorporated into all branches with
indexes greater than 1. This later comprises an initial standard
convolution layer, followed by N Cluster Blocks, and a final
standard convolution layer. Initially, the input feature maps
are processed through a standard convolution and ReLU
activation to perform spatial refinement and normalization.
Recognizing that conventional SR models typically operate on
small, disjointed image patches, often resulting in fragmented
detail reconstruction, a superpixel token interaction block [32]
is introduced. This block enhances the capture of structural
information by segmenting feature maps into superpixels,
performing local clustering, and applying a superpixel-based
cross-attention mechanism. This approach improves the align-
ment between pixel-level data and structural features, enabling
more accurate recovery of complex image details, partic-
ularly under high magnification factors. The right subtree
layer further strengthens feature representation by utilizing
semantically meaningful superpixel regions rather than raw
patches, enhancing the extraction of both local and global
features, particularly for complex structures often degraded at
higher zoom factors (×3,×4). Residual connections are used
to incorporate shallow features, while channel concatenation
is employed to integrate broader contextual information from
other branches. The processed features are finally refined
through a standard convolution layer, improving both detail
preservation and global coherence in the output feature map.
The corresponding operations are detailed in Eqs. (12)-(15):

FRL,B2 = LRL
(
FBL,B1 × FBL,B2 + F0

)
(12)

FRL,B3 = LRL
(
FRL,B2 × FML,B3 + F0

)
(13)

FRL,B4 = LRL
(
FRL,B3 × FML,B4 + F0

)
(14)

LRL = LCR(LCluster(LCR(x))) (15)

where LRL represents the composite function at the right
subtree layer, FRL,Bi indicates the output of the right subtree
layer in the i-th branch, LCR refer to the standard convolutional
layer followed by the ReLU activation function and LCluster

refers to the superpixel token interaction block.
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F. Cluster Technique

Traditional SR models predominantly focus on local fea-
ture extraction, often failing to capture comprehensive pixel
similarities in complex scenes, which can result in the loss of
structural information. To address these limitations, CTSRNet
incorporates a clustering block [32] to enhance the fusion of
local and global features through superpixel-based aggregation
and interaction. This mechanism is integrated within the right
subtree layer block, where clustering serves as a structural
framework rather than relying on conventional patch-based
operations. The clustering process segments the input fea-
ture map into multiple superpixels S = {S1, S2, . . . , Sk},
enabling the grouping of similar pixels. This approach facil-
itates not only the recognition of local similarities but also
mitigates artifacts commonly introduced by traditional patch
segmentation. Within each superpixel, an intra-superpixel
attention mechanism (ISPA) is applied to reinforce interac-
tions among similar pixels and enhance fine-grained details.
Concurrently, the superpixel cross-attention (SPCA) module
enables long-range feature communication across superpixels,
allowing structurally relevant information from distant regions
to be effectively integrated. Finally, the aggregated features
are refined through a standard convolutional layer, ensuring
both the preservation of local detail and the consistency of
global structure. The process is mathematically represented by
Eqs. (16)-(18):

FISPA = Attention
(
FSi

) = softmax

(
QKT

√
dk

)
V (16)

FSPCA =
k∑

i=1

Attention
(
FSi , FS

)
for Si ∈ S (17)

Fcluster = Conv(FISPA + FSPCA) (18)

IV. EXPERIMENTAL ANALYSIS AND RESULTS

A. Datasets

The DIV2K dataset [33] is utilized for the development
and training of the proposed SR framework. It comprised 800
training images, 100 validation images, and 100 test images.
Specifically, the first 800 images are employed for training,
while images 801-810 are used for validation.

To ensure an objective evaluation of SR performance, four
widely recognized benchmark datasets [34] are employed:
Set 5, containing 5 natural images [35]; Set14, with 14
natural images [36]; BSD100 (B100), comprising 100 natural
images [37]; and Urban100 (U100), including 100 urban
images [38]. These datasets support scale factors of ×2, ×3,
and ×4, with all images stored in PNG format.

B. Experimental Settings

For the model configuration, shallow feature extraction is
initiated using a standard convolution layer with 3 × 3 kernel.
In each branch, the base layer consists of one CondConv
followed by two standard 3 × 3 convolutions, each succeeded
by a ReLU activation. The right subtree layer in each branch
includes a standard 3 × 3 convolution, a superpixel token
interaction block with N = 1, and an additional 3 × 3

TABLE I
ABLATION STUDY RESULTS OF CTSRNET ON B100 (PSNR/SSIM)

convolution. The middle subtree layer comprises three stacked
MixConv, utilizing an exponentially decreasing structure with
a combination of 3 × 3, 5 × 5, and 7 × 7 kernels. Each
convolutional layer is followed by a ReLU activation. For
upsampling, the efficient sub-pixel convolution network [39] is
employed to convert coarse-resolution features into HR RGB
outputs.

For the hyperparameter configuration, a batch size of 16
is adopted, and, the image block size is set to 96. Data
augmentation is performed through random horizontal and
vertical flips, as well as 90-degree rotations. Additionally, the
image mean subtraction technique introduced in EDSR [40] is
applied both before model input and after output. Training is
conducted over 350 rounds, with each round comprising 1,000
iterations. The Adam optimizer is employed with an initial
learning rate of 1 × 10−4, which is reduced by half every
200 rounds. SR performance is evaluated using peak signal-
to-noise ratio (PSNR) and structural similarity index (SSIM).
Ablation studies are also conducted over 350 rounds using the
same iteration schedule.

For the experimental environment, the CTSRNet code is
executed on a system running Ubuntu 20.04, equipped with
128 GB of RAM and an NVIDIA RTX 3090 GPU. CUDA
version 11.6 is utilized for training the SR model.

C. Ablation Study

The proposed clustered tree-like network, CTSRNet, is
designed to enhance the robustness of image SR, particularly
in complex scenes. Efficient reconstruction is achieved through
hierarchical feature extraction and fusion enabled by its
branched architecture. The core of the tree structure lies in the
distinct configurations of the base layer, middle subtree layer,
and right subtree layer within each branch, which facilitate
the effective capture and integration of fine-grained image
details. While traditional CNNs often improve SR performance
by increasing network depth, such approaches may fail to
represent the full image and lack complementary information.
While increasing network width can extract complementary
information, it significantly increases model complexity and
struggles to exploit the differentiated representations across
structures. In contrast, the tree-like design of CTSRNet
enhances interaction among all nodes, promoting the integra-
tion of width, depth, and heterogeneous fractures, and thereby
ensuring comprehensive and efficient feature representation.

This subsection presents an ablation study performed on
the B100 dataset to evaluate the effectiveness of the key
components (Table I). Additional ablation results on the U100
dataset are provided in Table II, where each module demon-
strates the anticipated performance improvement; thus, further
elaboration is omitted. It is worth noting that baseline model
outperforms most classical image SR methods on both B100
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TABLE II
ABLATION STUDY RESULTS OF CTSRNET ON U100 (PSNR/SSIM)

and U100, highlighting the effectiveness of the proposed tree-
based structure.

Base layer block: In image SR tasks, varying feature
distributions across input images can challenge a model’s
generalization ability. Traditional approaches typically rely
on fixed convolutional kernels for feature extraction, which
constrains the model’s ability to handle complex and diverse
image samples, limiting adaptability and performance. To
address this issue, CondConv is employed in the base layer
to replace standard convolution. This technique enables the
dynamic generation of convolution kernels based the specific
characteristics of the input image, thereby overcoming the
limitations of fixed kernels. As a result, the model is better
equipped to capture fine image details and textures, enhancing
its adaptability and overall performance.

The effectiveness of incorporating CondConv in the base
layer is validated through a comparison between by “CTSRNet
(baseline)” and “CTSRNet (+CondConv)” (Table I), where
red and blue markings denotes the best and second-best results
for SISR, respectively. “CTSRNet (baseline)” refers to the
version without CondConv, while “CTSRNet (+CondConv)”
integrates this module into the base layer. For a scaling factor
of ×2, slight improvements in both PSNR and SSIM are
observed with “CTSRNet (+CondConv)”, indicating that the
module effectively refines shallow features at the root node
(Table I). The benefits become more pronounced at a scaling
factor of ×3, confirming that the module can dynamically
adapt convolution operations based on input characteristics,
thereby enhancing feature extraction. At a scaling factor
of ×4, improvements in performance metrics are observed
despite the increased reconstruction difficulty. This confirms
that CondConv adaptively refines shallow features at the root
node across all scales, offering a robust foundation for subse-
quent processing. Its ability to dynamically adjust convolution
operations based on input characteristics consistently enhances
the network’s feature extraction capacity, even under more
demanding conditions.

Middle subtree layer block: While the base layer enhances
shallow features, it is insufficient on its own to capture the
full range of structure and fine details required for complex
image SR tasks. Therefore, the middle subtree layer plays a
critical role in the network design. To strengthen multi-scale
feature representation, MixConv is introduced in this layer.
Small kernels are employed to capture fine textures and edges,
whereas large kernels extract broader contextual information.
This parallel application of multi-scale kernels allows simul-
taneous attention to both local details and global context
within a single layer, effectively mitigating the information
loss typically associated with sing-scale convolution.

The effectiveness of the MixConv in the middle subtree
layer is evaluated by comparing “CTSRNet (+CondConv)”
and “CTSRNet (+MixConv)” in Table I. “CTSRNet

(+CondConv)” excludes MixConv, while “CTSRNet
(+MixConv)” incorporates it into the middle subtree layer.
At a scaling factor of ×2, improvements in PSNR and SSIM
are observed with MixConv, attributed to its integration of
convolution operations with varying receptive fields. As the
scaling factor increases, such as ×3 and ×4, leading to greater
detail loss and reconstruction complexity, MixConv continues
to provide measurable benefits, particularly in SSIM, by
effectively capturing and integrating spatial information. This
highlights the strength of MixConv’s multi-scale kernel design,
which enables simultaneous extraction of fine-grained local
features and broader contextual information. Such capability
allows the network to adapt to structural variations across
scales, enhancing its ability to process complex image context.
Consequently, richer and more accurate multilevel feature
representations are generated, supporting more effective
feature fusion at the right subtree level.

Right subtree layer block: The right subtree layer is a
critical component of the proposed CTSRNet, designed to
enhance SR reconstruction by deeply integrating multi-scale
features. Its primary objective is ensure the effective fusion
of global structural patterns and local textures. To achieve
this, a superpixel token interaction block is introduced. This
module segments the image into superpixel regions with
similar features, enabling a tokenization process that reduces
computational overhead while preserving essential structural
information. These superpixel tokens then undergo interaction
for information fusion, strengthening the network’s capacity
to model both global context and local detail. By facilitating
long-range dependencies and complex pixel relationships, this
approach addresses the limitations of traditional convolution
layers in capturing broad structural information.

The effectiveness of the right subtree layer in modeling
structural information is validated by comparing “CTSRNet
(+MixConv)” and “CTSRNet (+Cluster Block)” in Table I.
“CTSRNet (+MixConv)” excludes the superpixel token
interaction module, while “CTSRNet (+Cluster Block)” incor-
porates it within the right subtree layer. Across both low
and high scaling factors, “CTSRNet (+Cluster Block)” con-
sistently outperforms “CTSRNet (+MixConv)” in terms of
PSNR and SSIM. These results confirm that the superpixel
token interaction block significantly enhances feature intercon-
nectivity by promoting information exchange between global
structures and local pixel regions. This mechanism not only
strengthens the network’s comprehension of the overall image
structure, but also improves the coherence and expressiveness
of the reconstructed images. By effectively capturing relevant
pixel dependencies, its leads to visually superior SR outputs.

Cluster technique: The integration of clustering techniques
in image SR reconstruction is designed to effectively leverage
both local structural details and global contextual information.
Traditional methods, which rely on fixed convolutional ker-
nels, often lack adaptability to varying image inputs. In
contrast, the clustering technique enhances feature extraction
by segmenting the input feature map into multiple superpix-
els, grouping similar pixels, and capturing meaningful local
relationship. Within each superpixel, the ISPA is employed
to dynamically highlight important internal features, thereby

Authorized licensed use limited to: NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS. Downloaded on August 20,2026 at 14:43:03 UTC from IEEE Xplore.  Restrictions apply. 



ZHANG et al.: CLUSTER TREE NETWORK FOR IMAGE SR 11973

TABLE III
AVERAGE PSNR (DB) AND SSIM FOR DIFFERENT METHODS WITH

THREE SCALING FACTORS ON THE SET5 DATASET

optimizing information flow and enhancing local feature
interaction. Additionally, the SPCA mechanism facilitates the
exchange of information between distant superpixels, reinforc-
ing global feature correlations.

The effectiveness of the clustering technique is demon-
strated by comparing “CTSRNet (+BASELINE)” and
“CTSRNet (+Cluster Block)” in Table I. At a scaling factor
of ×2, improvements in the PSNR and SSIM of “CTSRNet
(+Cluster Block)” confirm enhanced detail recovery. With
a scaling factor of ×3, performance gains become more
obvious, as the PSNR increases from 28.98 to 29.09, indicating
improved adaptability to diverse image features. Even at is
×4, where reconstruction becomes more challenging, a PSNR
of 27.57 is achieved, validating the robustness and efficiency
of the clustering technique across varying scales.

Overall, the ablation study confirms that each
proposed component incrementally enhances the network’s
performance. Among them, the cluster block yields the most
substantial improvements across all scaling factors, proving
especially effective in high-magnification scenarios (e.g., ×4)

by strengthening structure-aware feature fusion and relational
modeling.

D. Experimental Results

Both quantitative and qualitative analyses were conducted
to evaluate the SR performance of CTSRNet. Quantitative
evaluation was performed by comparing the PSNR and SSIM
of CTSRNet against those of classical SR methods on the
Set5, Set14, B100, and Urban100 datasets. Qualitative analysis
assessed the visual quality of the reconstructed images to
further validate the model’s effectiveness.

TABLE IV
AVERAGE PSNR (DB) AND SSIM FOR DIFFERENT METHODS WITH

THREE SCALING FACTORS ON THE SET14 DATASET

CTSRNet demonstrates strong performance on the Set5
dataset across scaling factors ×2, ×3, and ×4, consistently
achieving the best or second best results in terms of PSNR
and SSIM (Table III). The red and blue indicators denote the
top and second -best scores, respectively. For instance, at a
×2 scale, CTSRNet attains a PSNR of 37.88 dB, surpassing
classical methods, such as VDSR [9], FSRCNN [12], and
LapSRN [14]. At ×3 and ×4 scales, it achieves PSNR values
of 34.35 dB and 32.22 dB, outperforming even recent meth-
ods, including heterogeneous dynamic convolutional network
(HDSRNet) [62]. In terms of SSIM, CTSRNet also exhibits
notable improvements over other methods, further confirming
its effectiveness in image SR tasks.

CTSRNet outperforms several classical image SR methods
on the Set14 dataset across all scaling factors (Table IV). At
×2, it achieves a PSNR of 33.60 dB and a SSIM of 0.9184,
surpassing approaches such as SRCNN [5] and VDSR [9]. For
×3, CTSRNet attains 30.34 dB (PSNR) and 0.8416 (SSIM),
demonstrating superior reconstruction quality over methods
including Bicubic [41], DRRN [11], and FSRCNN [12].
At ×4, it achieves 28.61 dB and 0.7812, outperforming the
CARN-M [42], IDN [43], and DRCN [10]. Notably, CTSRNet
consistently exceeds the performance of the state-of-the-art
HDSRNet [62] across all scales. These results confirm the
robustness and effectiveness of CTSRNet, even on datasets
with diverse image contents.

CTSRNet demonstrates strong robustness and generalization
on the B100 dataset, which is characterized by complex natural
scenes and fine-grained details (Table V). At a scaling factor
of ×2, CTSRNet achieves a PSNR of 32.15 dB and an SSIM
of 0.8992, surpassing most comparative methods, including
a 0.79 dB gain over SRCNN [5]. At ×3, the model attains
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TABLE V
AVERAGE PSNR (DB) AND SSIM FOR DIFFERENT METHODS WITH

THREE SCALING FACTORS ON THE B100 DATASET

TABLE VI
AVERAGE PSNR (DB) AND SSIM FOR DIFFERENT METHODS WITH

THREE SCALING FACTORS ON THE URBAN100 DATASET

a balanced performance with 29.09 dB (PSNR) and 0.8051
(SSIM). Even at the challenging ×4 scale, CTSRNet reaches
an SSIM of 0.7362, slightly outperforming HDSRNet [62],
highlighting its ability to preserve structural information under
higher scaling multiples. These results confirm that CTSRNet
effectively restores image details and textures across various
scaling factors, demonstrating both high accuracy and strong
adaptability in real-world SR tasks.

The Urban100 dataset includes a wide range of urban
scenes featuring buildings, roads, and other man-made
structures, characterized by complex textures and abundant
high-frequency details. This diversity makes it an effective

Fig. 2. Super-resolution visualization results of different methods with scaling
factor of ×2 on B100-148026. (a) A HR image, (b)Bicubic, (c) ScSR, (d) A+,
(e) SRCNN, (f) CARN-M, (g) HDSRNet and (h) CTSRNet (Ours).

benchmark for evaluating the capability of SR models in han-
dling structurally complex and visually rich content. CTSRNet
demonstrates strong performance across all scaling factors
(Table VI). At ×2 magnification, the model maintains stable
reconstruction quality, effectively preserving structural details.
With scaling factors of ×3 and ×4, CTSRNet consistently
outperforms most competing models, including HAFRN [63]
and DRRN [11], highlighting its superior ability to restore
fine-grained textures and reduce blurring in high-magnification
settings. These results validate the model’s robustness in urban
environments and its practical value in real-world applications
requiring high-fidelity visual reconstruction.

As demonstrated in quantitative analysis, CTSRNet
achieved notable improvements in PSNR and SSIM. However,
such metrics alone are insufficient to fully reflect the per-
ceptual quality of super-resolved images, especially regarding
detail and texture fidelity. To complement the quantitative
results, a qualitative analysis was conducted using the B100,
Set14, and Urban100 datasets to visually compare the recon-
struction performance of CTSRNet against six established
SR methods. These include three traditional approaches, i.e.,
bicubic interpolation (Bicubic) [41], sparse coding-based SR
(ScSR) [58] and anchored neighborhood regression (A+) [44],
and three deep learning-based methods, such as SRCNN [5],
CARN-M [42], and HDSRNet [62]. In the visualization
results, subfigures (a)–(h) represent, respectively: the ground-
truth HR images, outputs of the six comparative methods, and
the result produced by CTSRNet.

A visualization comparison using an image from the B100
dataset demonstrates the effectiveness of CTSRNet (Fig. 2).
The results indicate that CTSRNet aligns more closely with
human visual perception. In the magnified region, classical
interpolation methods fail to reconstruct the window frame
structure, while deep learning-based methods exhibit varying
levels of blurring and distortion. In contrast, CTSRNet more
accurately restores the true window frame structure, preserving
clearer and more faithful image details.

Figure 3 presents a comparative visualization using a
zebra image from the Set14 dataset. The results demonstrate
that CTSRNet significantly outperforms other methods in
recovering fine details. In the magnified region, traditional
interpolation produces highly blurred results, with the zebra’s
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Fig. 3. Super-resolution visualization results of different methods with scaling
factor of ×3 on Set14-zebra. (a) A HR image, (b)Bicubic, (c) ScSR, (d) A+,
(e) SRCNN, (f) CARN-M, (g) HDSRNet and (h) CTSRNet (Ours).

Fig. 4. Super-resolution visualization results of different methods with scaling
factor of ×4 on Urban100-001. (a) A HR image, (b)Bicubic, (c) ScSR, (d) A+,
(e) SRCNN, (f) CARN-M, (g) HDSRNet and (h) CTSRNet (Ours).

texture appearing indistinct. Classical deep learning methods
also fail to accurately reconstruct the fifth zebra, causing it
to blend with the fourth. In contrast, CTSRNet effectively
preserves the separation and restores the original texture
details, resulting in a more realistic and structurally accurate
reconstruction.

Figure 4 illustrates a visual comparison using an image
from the Urban100 test set. The analysis shows that the
proposed CTSRNet exhibits superior SR performance. In the
magnified region, the classical interpolation method fails to
reconstruct window frames clearly, and deep learning-based
methods introduce noticeable distortions that do not reflect the
true scene. In contrast, CTSRNet more accurately restores the
building’s geometry, effectively preserving structural integrity
and avoiding deformation.

Crucially, the qualitative analysis reveals that CTSRNet
consistently produces visually superior results compared to
other methods, demonstrating exceptional capability in recov-
ering fine details and preserving structural integrity across
diverse scene types. Unlike traditional interpolation methods
that often result in blurring and loss of detail, or some deep
learning approaches that may introduce artifacts or distortion,
CTSRNet’s reconstructions are characterized by enhanced
clarity, sharper textures, and more accurate geometries. This
suggests that the proposed tree-based architecture effectively
capture and leverage hierarchical features and regional simi-
larities, aligning well with human visual perception.

V. CONCLUSION

This paper presents a cluster tree network designed for
image SR. The model leverages a hierarchical structure
with parallel branches to enable diverse feature extraction.
Conditionally parameterized convolution is introduced to
adaptively modulate convolution kernels based on input char-
acteristics. Furthermore, clustering techniques are employed to
capture regional similarities, facilitating detailed texture recov-
ery. Experimental results confirm that the proposed method

effectively reconstructs fine details, outperforming existing
methods in SR tasks.
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