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Convolutional neural networks (CNNs) classify inverted eyelid images related to active trachoma. However,
using these complex networks in medical service centers faces challenges due to computational resource con-
straints. To overcome this challenge, we propose a quantified feature map-based filter pruning framework (FSIM-
SVD) that relies on feature similarity and feature map contributions. Based on these insights, our approach in-
volves quantifying redundant feature maps using feature similarity (FSIM) and assessing the contribution of each
feature map through singular value decomposition (SVD). By analyzing the impact of each component on the
overall model performance, less significant filters can be identified and pruned. The experiment uses VGG16,
ResNet56, and ResNet110 on the active trachoma and CIFAR10 datasets. The results reveal that VGG16 achieved
an accuracy of 86.9 % (+0.43 % from the baseline) for active trachoma classification while reducing FLOPs by
28.6 % and parameters by 33.4 %. In the CIFAR1O0 classification, ResNet110 achieved an accuracy of 94.31 %
(+0.73 % from the baseline) with a 43.8 % reduction in FLOPs and a 43.1 % reduction in parameters. Compared
to state-of-the-art compression techniques, the proposed approach achieves a higher pruning rate and improved

classification performance.

1. Introduction

The success of deep neural networks, especially in computer vision,
has resulted in the development of complicated and multi-stage models
[1-4]. Some methods, such as convolutional neural networks (CNN),
require a significant number of parameters and extensive floating point
operations (FLOPs) to achieve satisfactory performance [5]. For
example, VGG16, among the most renowned and efficient deep learning
models, has approximately 138.34 million parameters and requires
more than 30.94 billion FLOPs to recognize a single 224 x 224 input
image. While deep learning models greatly enhance prediction out-
comes, training and deploying CNN models of this nature often require
high-performance computational devices like graphics processing units
(GPUs). However, there is a significant demand for developing and
deploying CNNs on mobile phones and Internet of Things (IoT) devices,
which have limited computational resources. Achieving satisfactory
performance on such devices is highly desirable but presents notable
challenges [2-4,6,7]. Access to high-performance computing resources
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and adequate training data can often be limited in rural tropical areas,
exacerbating the challenge of detecting active trachoma. Despite rapid
progress in medical image analysis, most previous works have primarily
focused on classification accuracy while only briefly addressing the
computational cost of the underlying architectures. Recent studies on
breast cancer histopathology [8], COVID-19 CT-scan analysis [9], and
filter pruning strategies [10] reveal that state-of-the-art CNNs are often
over-parameterized, requiring millions of weight parameters and bil-
lions of FLOPs, which limits deployment on resource-constrained de-
vices. Even when pruning is applied, computational efficiency is often
treated as a secondary benefit rather than a primary design goal. For
example, pruning-based methods have reported FLOP reductions of up
to 63 % in VGG19 while retaining competitive accuracy, highlighting
the importance of balancing accuracy with computational efficiency [8].
These findings underscore the need for approaches that explicitly inte-
grate computational cost considerations into the design and evaluation
of CNN models. To address this issue, researchers have proposed various
model compression techniques such as model pruning [1,3,11],

Received 21 October 2024; Received in revised form 25 September 2025; Accepted 9 November 2025

Available online 14 November 2025

0010-4825/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:xiaohan.yu@mq.edu.au
www.sciencedirect.com/science/journal/00104825
https://www.elsevier.com/locate/compbiomed
https://doi.org/10.1016/j.compbiomed.2025.111295
https://doi.org/10.1016/j.compbiomed.2025.111295
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compbiomed.2025.111295&domain=pdf
http://creativecommons.org/licenses/by/4.0/

M.S. Zewudie et al.

quantization [12,13], and knowledge distillation [1-3,14]. Model
pruning reduces model size and computation by removing redundant or
less important parameters, including weights, filters, or neurons from
the network, effectively creating a sparse architecture without signifi-
cantly affecting accuracy. Quantization compresses models by reducing
the numerical precision of weights and activations, such as converting
from 32-bit floating point to 8-bit integer representations, thereby
lowering memory usage and computational costs. Knowledge distilla-
tion offers another approach by transferring knowledge from a large,
high-performing "teacher" model to a smaller "student" model, where the
student is trained to mimic the teacher’s output or feature representa-
tions, enabling efficient deployment without replicating the teacher’s
full complexity. These techniques collectively provide various strategies
for making deep learning models more practical for real-world deploy-
ment scenarios. Filter pruning is one of the most common techniques
among various model pruning methods and has shown promising results
in a wide range of applications. It operates on the principle that certain
filters within a network are less critical than others in carrying infor-
mation from the input to the output. Removing these less significant
filters should minimally affect the prediction results. Filter pruning has
proven effective in reducing the number of FLOPs needed in a CNN [15].
The main techniques for filter pruning can be categorized into
weight-based filter pruning [16,17] and feature map-based filter prun-
ing [18-20]. Filter pruning based on weights is a data-independent
technique known for its robust generalization abilities. Nevertheless,
achieving optimal performance across diverse datasets proves chal-
lenging without prior data insights. In contrast, methods that use feature
map-based filter pruning leverage information about the data distribu-
tion to refine the pruning strategy and improve efficiency. The relevance
of a particular feature map is directly associated with its corresponding
filter. Consequently, feature map-based pruning approaches conduct
filter pruning by introducing an evaluation function to measure the
importance of the feature maps [21].

In recent studies, researchers have introduced effective methods for
compressing CNN models. However, there is a significant gap in the
literature regarding integrating two critical factors related to feature
maps: feature similarity (FSIM) of low-level features and Singular Value
Decomposition (SVD). Using SVD helps identify crucial information
within feature maps while considering the similarity of low-level fea-
tures between feature maps, which is essential for preserving valid
features. For instance, if two feature maps have highly similar low-level
features, it becomes reasonable to consider one redundant. Unfortu-
nately, previous research has neglected to examine the similarity of low-
level features and the SVD of feature maps, resulting in the ineffective
elimination of redundant parameters from CNN models. Our research
proposes an innovative approach to active trachoma detection and
classification through filter pruning to address this gap. We chose to
focus on active trachoma detection due to both its significant public
health relevance and the unique technical challenges it presents. Clini-
cally, active trachoma is the leading infectious cause of blindness
worldwide, with the highest prevalence in resource-limited regions
where timely diagnosis is essential but access to trained ophthalmolo-
gists is limited [22]. Automated detection systems can play a key role in
large-scale screening and early intervention in such settings. Addition-
ally, the high computational requirements of many CNN architectures
limit their deployment in low-resource medical centers [8]. Our motive
is to develop a model with minimal parameters that can achieve high
accuracy in detecting active trachoma while being easily integrable
without imposing significant computational requirements.

The process begins by obtaining the output feature maps for each
layer in the model architecture. Subsequently, we analyze the similarity
of low-level features within each output feature map using FSIM.
Additionally, we evaluate the information content of each output feature
map through SVD. The FSIM-SVD approach measures the significance of
each output feature map through a two-step process. First, the Feature
Similarity (FSIM) is used to evaluate redundancy among feature maps by
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capturing low-level perceptual information such as phase congruency
and gradient magnitude. This step ensures that structurally similar or
redundant feature maps can be identified. Second, Singular Value
Decomposition (SVD) is applied to feature maps to quantify their
contribution. The distribution of singular values reflects the amount of
unique and discriminative information preserved in each feature map:
higher singular values correspond to more informative maps, whereas
lower values indicate weaker contributions or redundancy. By
combining these two measures, FSIM-SVD generates a significance score
for each feature map, enabling the framework to retain highly infor-
mative filters while pruning less significant ones. This strategy ensures
that computational efficiency is improved without sacrificing classifi-
cation performance. This intentional removal of filters streamlines the
model, and ensures that computational efficiency is improved without
sacrificing classification performance.
The following are the primary contributions of this research.

1. The study acknowledges the challenges of implementing complex
CNNs in medical service centers due to limited computational re-
sources. To address this challenge, the proposed FSIM-SVD frame-
work focuses on quantified feature map-based filter pruning,
effectively reducing model parameters and FLOPs.

2. We introduce a novel approach that combines FSIM and SVD to
assess the significance of each feature map. The methodology ach-
ieves a more accurate evaluation of feature maps by leveraging the
human visual system’s sensitivity to image features (FSIM) and
identifying crucial information within feature maps (SVD).

3. We evaluated the FSIM-SVD method using the active trachoma and
CIFAR10 datasets. The results indicate that FSIM-SVD is more
effective in accuracy, has reduced FLOPs, and has decreased
parameters.

The paper follows the following format: Section 2 presents the
related work, while Section 3 describes the proposed method. Dataset
description and parameter setting are presented in Section 4, followed
by the result and discussion in Section 5. Finally, Section 6 concludes the

paper.
2. Related work

Deep Learning (DL) has been proven successful in various medical
image classification tasks, surpassing clinical classification performance.
Researchers have also implemented DL image detection and classifica-
tion systems for trachoma, specifically targeting active trachoma image
classification. For instance, Kim et al. [22] Proposed a CNN for detecting
clinical trachoma signs, focusing on two stages of active trachoma:
trachomatous inflammation follicular (TF) and trachomatous inflam-
mation intense (TI) [23,24]. The model achieved 70 % accuracy for TF
and 85 % for TI cases. Yenegeta and Assabie [25] proposed a
texture-feature-based CNN for the detection and grading of trachoma.
They extracted salient texture features from eye images using Gabor
filters and achieved a 97.9 % accuracy. However, their approach only
classified three stages of trachoma (TS, TT, and CO) and did not cover
active trachoma. Socia et al. [26] proposed trachoma classifiers using
ResNet101 and VGG16 CNN models and employed over-sampling
techniques on positive images to balance the data. Their study focused
only on TF, one of the five stages of trachoma, and yielded 95 % recall
and 68 % precision values.

Previous research has focused on achieving excellent outcomes
through deep neural networks with numerous stages. However, the high
cost of training these models raises concerns about their practicality in a
clinical environment. In clinical settings, the main goal is to accurately
identify and classify active trachoma images using cost-effective and
easily accessible devices, such as smartphones or embedded devices.
This goal proves challenging with deep models and multi-stage tech-
niques. There is a need to develop learning methods that utilize less
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Fig. 1. Shows the proposed method. Within the convolutional layer, convolution is executed, resulting in output feature maps for each model layer. Subsequently,
FSIM calculates low-level feature similarity, and SVD is applied to determine the contribution of each feature map. The FSIM-SVD method is then employed to
measure the importance of each feature map, generating a set of quantified values. Ultimately, the network structure undergoes pruning and fine-tuning guided by

these quantified values.

expensive hardware while maintaining or surpassing the performance of
deep or multi-stage frameworks to address this challenge. One potential
approach for compressing networks involves training smaller models
with reduced parameters using effective filter pruning methods. For
example, Hu et al. [27] determined the importance of a filter by calcu-
lating the percentage of zero activations in the feature map. Chen Z et al.
[28] introduced a dynamic channel pruning technique that removes less
crucial channels at the initial stages of training. The evaluation of
channel importance directly influences the final accuracy of the
network. Unlike conventional attribute-based methods that prune fixed
ratios layer by layer, this approach ensures adaptability, avoiding a less
flexible model. The adaptive importance methods alter the network’s
loss function, causing the importance indicators of specific channels to
converge to zero. This alteration is achieved by assigning importance
scores to filters based on the network’s learning of the input-output
mapping and comparing these scores across all convolutional filters
[29]. By dynamically removing unimportant channels, these methods
can significantly reduce the computational burden while maintaining
performance [30].

Additionally, some methods utilize a threshold of the L1-norm of
pruned weights to ensure no degradation of the loss function, allowing
for adaptive pruning rates per layer [31]. While these methods can
achieve a substantial compression ratio, they often necessitate

additional hyperparameter training, leading to less efficient model
pruning. Lin et al. [32] introduced the HRank filter pruning method,
which targets filters with low-rank feature maps. This approach sub-
stantially reduces FLOPs and parameters while experiencing minimal
accuracy loss. Although high-rank feature maps may also contain
redundant information, they remain untouched. Chen et al. [33] pre-
sented FPC, a filter pruning method centered on the contribution of the
output feature map. SVD decomposes the output feature map and
effectively eliminates filters with low contribution, thereby maintaining
model performance. However, this method overlooks the possibility that
low-contributing output feature maps may still contain valuable infor-
mation. Yajun et al. [19] proposed techniques for pruning filters that
measure features’ similarity and the entropy of feature maps. The
importance of filters is determined by considering the richness of in-
formation in the feature maps and the similarity among underlying
features. However, it’s important to note that entropy cannot offer in-
sights into the significance of specific features in the data.

Based on the gaps above, we propose filter pruning using feature
maps. It involves selectively removing filters from a neural network
based on the similarity between feature maps and their contribution to
the overall model. This process typically includes techniques such as
FSIM to quantify the similarity between feature maps and SVD to mea-
sure the contribution of each feature map. By analyzing the contribution
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Fig. 2. Internal computation of a convolutional layer in a neural network, illustrating how filters convolve with input feature maps to produce activated output
feature maps for hierarchical feature learning. This operation serves as the foundation for the process depicted in Fig. 1,where the resulting feature maps are further
analyzed using FSIM and SVD for importance quantification, pruning, and network optimization.

of each component to the overall model performance, less significant
filters can be identified and pruned. This strategic filter removal aims to
streamline the model, reduce computational complexity, and potentially
enhance generalization capabilities by retaining only the most essential
features for accurate predictions.

3. Method
3.1. Motivation

The typical use of CNNs in medical image analysis often results in
models with excessive parameters, rendering them computationally
expensive and unsuitable for deployment in resource-constrained set-
tings, such as clinics or remote areas with limited access to high-
performance computing resources. The main reason for this lies in the
convolutional operation, which generates various feature maps; some of
these feature maps may be redundant and offer different contributions.
Feature maps with similar or redundant features and fewer contribu-
tions are not crucial for model accuracy; instead, they only increase
model parameters and FLOPs. Feature maps that are highly similar or
redundant often capture overlapping structural patterns, meaning their
informational content is already represented elsewhere in the network.
As a result, retaining all such maps does not significantly improve the
model’s discriminative ability. Similarly, feature maps with lower con-
tributions, as indicated by their singular value distribution, contain
limited unique information and add little to the decision-making pro-
cess. Pruning these redundant or weakly informative maps reduces
computational complexity without compromising accuracy, since the
remaining feature maps preserve the critical and diverse representations
needed for classification. To address this problem, various studies pro-
pose methods to measure the importance of feature maps and apply filter
pruning, as the relevance of a particular feature map is directly associ-
ated with its corresponding filter [21]. Chen et al. [33] eliminate filters
based on the contribution of the output feature map, but their method
overlooks the potential value in low-contributing output feature maps.
Yajun et al. [19] proposed techniques that consider features’ similarity
and the entropy of feature maps for filter pruning, thereby offering a
holistic approach to filter selection. However, entropy cannot provide
insights into the significance of specific features in the data. In response
to these gaps, we propose a novel FSIM-SVD framework that differs from
conventional pruning and dimensionality reduction techniques by
jointly addressing feature redundancy and contribution in a unified
manner. Specifically, FSIM is employed to quantify structural and
textural similarity among feature maps, moving beyond purely statisti-
cal or weight-based criteria, while SVD is applied to assess the

representational contribution of each feature map through a rank-based
evaluation of information content. By integrating these two comple-
mentary measures, the framework ensures that only feature maps with
both low uniqueness and low contribution are pruned, thereby mini-
mizing the risk of discarding informative features. Moreover, the
FSIM-SVD approach is explicitly designed with practical deployment in
mind, aiming to maintain or even enhance classification accuracy while
significantly reducing FLOPs and parameters, making it particularly
suitable for medical imaging applications in resource-constrained
healthcare settings.

Fig. 1 illustrates the proposed FSIM-SVD-based pruning framework,
which operates across all convolutional layers of the backbone CNN (e.
g., VGG16, ResNet variants). The framework consists of three main
stages. First, the output feature maps are extracted from each convolu-
tional layer in the network. Second, for each layer, FSIM is applied to
evaluate the low-level structural similarity between feature maps, while
SVD is used to measure the individual contribution of each feature map
to the network’s representational capacity. These two complementary
metrics are then combined to produce a quantified importance score for
every feature map. Finally, filters corresponding to feature maps with
low importance scores are pruned, and the resulting network is fine-
tuned to recover performance. This layer-wise approach ensures that
redundancy and low-contribution filters are identified and removed
throughout the network, enhancing compression efficiency while pre-
serving accuracy.

3.2. Convolution operation

As shown in Fig. 2, in the I-th convolutional layer of a neural
network, the computation process involves convolving filters with the
output feature maps from the (I-1)-th layer. Each filter, represented by
Wi, undergoes a convolution operation with the input feature maps X,
producing intermediate feature maps Zi as shown in equation (1). An
activation function fis applied, resulting in the feature map Al. If pooling
is employed, the feature maps are further downsampled. The final
output of the I-th layer, denoted as Al, as shown in equation (2), consists
of a set of feature maps obtained through these operations. The subscript
denotes the index of the convolutional layer, while the superscript
represents the index within that layer. This process is repeated for
subsequent layers, allowing the network to learn hierarchical repre-
sentations from the input data, ultimately contributing to the network’s
ability to capture complex patterns and make accurate predictions. We
evaluate the similarity and contribution of the output feature map Al in
each layer. Based on the combined similarity and contribution values of
the feature map, we can determine the importance of the filters that
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Fig. 3. Show the feature map from the initial convolutional layer of VGG16, revealing a notable similarity among specific feature maps. The visual examination of

the two feature maps highlighted in red indicates a significant similarity.

generate it.

In the proposed FSIM-SVD framework, this convolutional filter layer
serves not only as the standard feature extractor but also as a dedicated
pre-processing stage for the similarity and decomposition steps. By
learning to emphasize salient low-level structures, such as edges, tex-
tures, and local gradients, the layer produces clean and information-rich
feature maps Al These refined maps provide a stable basis for the next
stage, where FSIM quantifies the similarity among feature maps to
detect redundancy and SVD decomposes the selected maps to capture
their intrinsic low-rank structure. Evaluating the similarity and contri-
bution of each output feature map Ali therefore allows the method to
determine the importance of the filters that generate it and to prune or
retain filters based on their true representational value.

Z=X|W, M
A=f(2) @
3.3. Feature similarity (FSIM)

The FSIM technique demonstrates a remarkable ability to capture
low-level features, including edges, textures, contrast, and shape, within
an image by maintaining phase consistency. This unique characteristic
makes FSIM a strong candidate for quantifying visual quality in a
manner that closely resembles the perception of the human visual sys-
tem. Specifically, the phase consistency (PC) component captures
structural and shape information, while the gradient magnitude (GM)
component reflects contrast and texture variations. Together, these low-
level visual cues define the geometry and fine details in feature maps.
When applied to CNN feature maps, FSIM exclusively assesses low-level
feature similarity because it was originally designed for image quality
evaluation based on the human visual system’s sensitivity to structural
details such as edges, textures, and color patterns. In this context, FSIM
measures the degree of similarity among feature maps within the same
convolutional layer by focusing on structural and textural similarities
while disregarding high-level semantic content. This ensures that
redundancy is identified purely at the level of visual details rather than
object-level interpretations. Fig. 3 provides an example of the output
feature maps from the first convolutional layer in VGG16, which consists
of 16 maps and illustrates the presence of similarity among them.

A similarity measure is valuable in tasks such as image quality
assessment, where understanding the similarity of feature maps can
contribute to evaluating redundant features. To assess FSIM between the
j-th and k-th feature maps within the same layer, let’s consider the

output, i.e., feature maps, of the I-th convolutional layer of the CNN
model, denoted as F! = {f{7 for S ...f}vl}eRN'XHlXV"'. The similarity

between the two feature maps is measured in Equation (3):

SypenSi(fift) PCa(fif2)
Zf}"f}krFIPCm (f}flﬁ)

FSIM}, = FSIM (f} f,i) = 3)

where FSIM}k denotes the similarity between the j-th and k-th feature
maps of the I-th convolutional layer.

The weighting factor PCn (f} fi) = max (PC (ﬂ),PC (f}<> is
employed to assign a weight to the similarity of feature maps jjl and fk.

This weighting factor is determined by selecting the maximum value
between the phase consistency information of fjl and fi denoted as

PC (f}) and PC (f,ﬂ) respectively.
Here, PC (f}) and PC (f}<) signify the phase consistency information

related to the feature maps jjl and f& respectively. The S, (f}f,ﬁ) repre-

sents the similarity between the feature maps ﬂ and fL. This similarity is
computed using the following formula:

sc() = [sre (1) | [sem(rift) | “

where Spc <f} f,ﬁ) indicates the feature similarity between the feature
maps js.l and f}, capturing how closely their structural characteristics
align. On the other hand, Sgy (f} f,ﬂ) presents the gradient similarity

between these feature maps, emphasizing the resemblance in their
gradient distributions, a and f§ are positive numbers, @ adjusts the weight
assigned to feature similarity. At the same time, f§ controls the weight
associated with gradient similarity, and @ = =1 [19] in this study.

) oc(a)
Sec(fift) = PC2(fl).PC2(fl) + Ty ®
Saw(fift) = o) GHlf) 1 7 ©®

GM2 (f1).GM2 (f}) + T

where T1 and T2 are both positive constants that prevent the denomi-

nator from becoming zero, thereby increasing the stability of Spc (f} f,i)

and Sgu (le f}(> In this study, we take the values T; = 0.85 and Ty = 160

were taken directly from the original FSIM work by Ref. [19], where
these values were empirically determined to yield stable and accurate
low-level feature similarity measurements in image quality assessment
tasks. In our FSIM-SVD framework, we adopted these same constants
because they are widely validated in prior literature and ensure con-
sistency and comparability with established FSIM-based methods.
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GM <f}> and GM (f,i) denote the gradient amplitude information of the
feature maps f! and f} , respectively.

The result denoted as FSIM}‘k is obtained by computing the low-level
feature similarity between two distinct feature maps. For the 1-th con-

volutional layer, comprising N; output feature maps, the FSIM value of
the j-th output feature map is determined using the following formula:

N
FSIM, = > FSIM(fift) .t # k @
k=1

Following Equation (7), we acquire the FSIM value for each feature
map within the same layer. However, these values exhibit significant
variation, posing a risk of errors in computation. To address this, we
employ max-min normalization on the computed FSIM values to facil-
itate subsequent index quantification.

3.4. Singular value decomposition (SVD)

In a neural network model, all feature maps in a specific layer un-
dergo identical transformations, incurring the same amount of FLOPs.
Additionally, each weight matrix takes up a comparable amount of
storage space. Despite these similarities, output feature maps’ impor-
tance and impact on overall model performance vary significantly. Fig. 4
visually represents the output feature map obtained from the middle
layer of the VGG-16 network, along with extracting their singular
values, highlighting clear distinctions among these feature maps. In
Fig. 5, the singular values are then visualized by plotting them against
their index, highlighting the importance of each feature in a feature
map. Those feature maps that contribute minimally do not enhance the
network’s performance and can be safely eliminated. To assess the
contribution of an output feature map, we utilize SVD to decompose
each feature map Al € R™*" as represented in Equation (8):

A=USY, ®

The matrix Al represents the entity being decomposed, which typically
corresponds to a feature map. The decomposition is achieved through
singular value decomposition (SVD), where Ul denotes a unitary
(orthogonal) matrix containing the left singular vectors of Al The di-
agonal matrix S} comprises the singular values of Al, representing the
magnitudes of the principal components. Finally, VfT is the transpose of a
unitary (orthogonal) matrix containing the right singular vectors of Al.
This decomposition facilitates the analysis and manipulation of the
feature representation within the model. Larger singular values signify a
greater amount of conveyed information, considering these singular
values facilitates the assessment of the output feature map’s contribu-
tion. We aggregate all the singular values within the diagonal matrix to
streamline and efficiently measure this contribution. This assessment is
expressed through Equation (9):

G=>_s 9

In equation (9), G} is derived from the singular value decomposition of
the i th feature map A! at layer L. The singular values, contained in Si, are
summed to produce G}, which reflects the aggregated significance of the
feature map’s components.

FSIM-SVD: The FSIM-SVD method is defined in this paper to guide
the pruning of filters based on the principle of quantifying feature map
importance. A feature map’s importance is influenced by its low-level
features and more significant information content. In this study, we
begin by normalizing FSIMJI- and Gf to the range [0,1] using max-min
normalization, ensuring they are on the same scale. Afterward, we
merge FSIM and SVD to measure the significance of the output feature
map in each layer. The formula for calculating the importance of the
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output feature map is provided below.

C;=A-FSIM; + (1 - )-G| (10)

This Equation represents the combined score (C}) for the j-th feature

map in the I-th convolutional layer, combining the feature similarity
(FSIM}) and the contribution (GD calculated through SVD. The weight 4
balances the influence of FSIM and SVD.

3.5. Pruning and fine-tuning

The detailed pruning process involves a systematic approach to
identifying and removing less important filters from a convolutional
layer in a neural network, guided by the combined metric C}l- = /1~FSIM]1» +
(1 — 2)-G.. First, for each filter j in layer I, the combined metric C]l is
calculated, considering the weights 1 that balance the contributions of
FSIM and the SVD measure (G}'). Next, a pruning threshold (7) is deter-
mined based on a specified criterion, such as a percentile of C} Values.
Filters with CJI. Values below this threshold are identified as candidates
for pruning.

The actual pruning operation involves removing the identified filters
from layer I and adjusting the dimensions of subsequent layers to
maintain connectivity within the neural network architecture. The fine-
tuning process is a crucial step following filter pruning, aimed at
adapting the pruned neural network model to a specific task or dataset.
This process involves training the pruned model on the target task with a
smaller learning rate and refining its parameters to enhance perfor-
mance. The fine-tuning process is considered a crucial step because
pruning alters the network architecture by removing filters associated
with less important feature maps, which can cause a temporary drop in
model accuracy due to the loss of some learned parameters. Fine-tuning
allows the remaining filters to adapt and re-optimize their weights based
on the reduced architecture, thereby recovering and often improving
performance. This step enables the network to re-learn feature repre-
sentations that compensate for the pruned components, ensuring that
essential discriminative information is preserved. As shown in our ex-
periments, fine-tuning after pruning with FSIM-SVD consistently re-
stores or even surpasses the baseline accuracy, confirming its necessity
for stable and effective deployment of the compressed model. This
model’s specific setup of hyperparameters, including parameters such as
epoch and learning rate, will be explained in detail in section 4.2.

4. Dataset and experimental setting
4.1. Dataset

Our experiment used two datasets: active trachoma inverted eyelid
[22] and CIFAR10 [34]. Active trachoma is an open dataset of
field-collected conjunctival images from clinical trial participants in
Niger and Ethiopia used by Kim et al.’s [22]. Trained field workers
followed a standardized protocol to capture the images. Three experts
independently classified each image using the World Health Organiza-
tion’s simplified system for trachomatous inflammation. The dataset
comprised 1656 labeled conjunctival images, with 39 % showing tra-
chomatous changes. Among them, 22 % had TF, 7 % had TI, and 10 %
had both TF and TI. The original authors obtained ethical approval. The
dataset was divided into three sets to evaluate the model’s performance:
80 % for training, 10 % for validation, and 10 % for testing. The
CIFAR-10 dataset consists of color images with dimensions of 32 x 32,
classified into 10 categories that encompass animals and vehicles. It
encompasses a total of 50,000 training images and 10,000 test images.
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4.2. Experimental setting

The FSIM-SVD pruning method is employed to prune the model fil-
ters, followed by fine-tuning using stochastic gradient descent (SGD)
with a reduced learning rate. We conducted experiments on three
models: VGG16 [35] and ResNet56,/110 [36]. We then compared the
pruned models obtained from our method with the baseline models and
other state-of-the-art pruning techniques. In the experimental setups for
training models on the active trachoma dataset, the training batch size is
set to 64, and the learning rate remains fixed at 0.001. Each experiment
involves training for 90 epochs for the VGG16 model and 90 epochs for
the ResNet56 and ResNet110 models using a momentum of 0.9 and
weight decay of le-4. For the CIFAR10 experiments, the training
parameter settings described in Ref. [19] are adopted. This includes
training for 300 epochs with a batch size 256, weight decay of 5e-4, and
momentum of 0.9. The initial learning rate starts at 0.01 and is divided
by 10 at the 150th and 225th epochs. To compute feature similarity and
determine the contribution of the output feature map for each, we
randomly selected 50 images as samples from the active trachoma
dataset and 150 sample images from the CIFAR10 dataset. The
pre-training and implementation of the pruning algorithm for all
fundamental network models in this study rely on the PyTorch frame-
work. The experiments were executed utilizing the A100-SXM4-40 GB
GPU on the Google Colab Pro platform, offering 40 GB of graphics
memory, and the virtual machine possesses a RAM size of 81 GB.

4.3. Evaluation criteria

We utilize three different metrics to assess the effects of pruning
thoroughly. First, managing the model’s classification accuracy within a
suitable range after pruning is crucial. However, a direct comparison of
accuracy after pruning might be somewhat biased due to variations in
the baseline accuracy of other methods. The outcomes detailed in sec-
tion 5 demonstrate that our method can achieve better classification
performance than the baseline. Secondly, we employ the reduction in
FLOPs to measure the acceleration effects on the model, and the ratio of
reduced parameters to the original parameters measures the compres-
sion efficiency.

5. Results and discussion

In our experiments, the FSIM-SVD technique was employed as a filter
pruning framework to evaluate both the active trachoma and CIFAR-10
datasets. Specifically, output feature maps were analyzed using FSIM to
detect redundancy based on perceptual similarity and SVD applied to
quantify the contribution of each feature map by decomposing its energy
distribution. Feature maps with lower FSIM-SVD significance scores
were pruned, and the networks were fine-tuned to recover accuracy. For
the active trachoma dataset, this enabled efficient classification of
inverted eyelid images while substantially reducing FLOPs and param-
eters, thereby supporting deployment in resource-constrained medical
service centers. For CIFAR-10, the same pruning process validated the
generalization ability of FSIM-SVD on a large-scale benchmark,
demonstrating its effectiveness in compressing models such as ResNet56
and ResNet110 without degrading, and in some cases even improving,
classification performance.

5.1. Results and discussion on active trachoma

The purpose of combining FSIM and SVD is not limited to pruning
VGG16 layers; rather, it provides a general framework for quantifying
feature map importance across different architectures. We applied FSIM-
SVD to VGG16 for active trachoma classification as a representative
case, but we also validated it on ResNet56 and ResNet110 with the
CIFAR-10 dataset. In all cases, FSIM-SVD consistently reduced FLOPs
and parameters while maintaining or improving accuracy,
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Table 1

Presents the pruning outcomes for active trachoma, enabling a comparison with
different pruning ratios against the baseline model. The table includes top-1
accuracy, FLOPS pruning ratio (FPR), and parameter pruning ratio (PPR).

Model Top-1 FLOPs (FPR) Parameters Model Size
(%) (PPR) (MB)

Original VGG16 86.56 313.86 M (0.0 14.72 M (0.0 56.30
%) %)

FSIM-SVD-1 86.99 224.09 M 9.8 M (33.4 %) 37.55
(28.6 %)

FSIM-SVD-2 86.35 140.92 M 5.4 M (63.3 %) 20.71
(55.1 %)

FSIM-SVD-3 84.47 61.83 M (80.3 2.84 M (80.7 10.87
%) %)

Original 86.23 126.55 M (0.0 0.85 M (0.0 %) 3.24

ResNet56 %)

FSIM-SVD-1 86.41 87.83 M (30.6 0.55M (35.4 2.07
%) %)

FSIM-SVD-2 86.20 62.90 M (50.3 0.41 M (51.6 1.57
%) %)

FSIM-SVD-3 83.52 23.79 M (81.2 0.14 M (83.3 0.53
%) %)

Original 86.51 254.72 M (0.0 1.73 M (0.0 %) 6.61

ResNet110 %)

FSIM-SVD-1 86.64 149.52 M 1.06 M (38.5 4.02
(41.3 %) %)

FSIM-SVD-2 86.02 88.13 M (65.4 0.67 M (61.3 2.56
%) %)

FSIM-SVD-3 85.32 49.16 M (80.7 0.35 M (79.5 1.34
%) %)

demonstrating that its role extends beyond a single network and can be
effectively generalized to other CNN architectures. Table 1 presents the
results of pruning experiments conducted on the active trachoma clas-
sification task using VGG16, ResNet56, and ResNet110 neural network
architectures. The evaluation of pruned models encompasses accuracy,
FLOPs, and parameters. The findings highlight the benefits of utilizing
FSIM and SVD as quantitative indicators of feature map importance.

Table 2
Presents the pruning result of VGG16 on CIFAR10.
Model Top-1 FLOPs (FPR) Parameters Model Size
(%) (PPR) (MB)
Original 93.96 313.86 M (0.0 14.72M (0.0 %) 56.30
VGG16 %)
L1 [37] 93.40 206.00 M (34.3 5.40 M (63.6 %) 20.71
%)
Zhao et al. 93.18 190.00 M (39.1 3.92 M (73.3 %) 15.05
[38] %)
GAL-0.05 92.03 189.49 M (39.6 3.36 M (77.6 %) 12.83
[39] %)
SSS [40] 93.02 183.13 M (41.6 3.93 M (73.8 %) 15.00

%)
145.61 M (53.5
0/0)
131.61 M (58.1
%)
121.15 M (61.4
%)
108.61 M (65.3
%)

HRank [32] 93.43 2.51 M (82.9 %) 9.57

FSIM-E [19] 93.65 3.31M (77.5%) 13.11
FSIM-SVD 93.72 3.59 M (75.6 %) 14.18

HRank [32] 92.34 2.64 M (82.1 %) 10.11

AKECP [41] 92.68 63.18 M (79.8 3.21 M (78.6 %) 12.30
%)

FSIM-E [19] 92.84 59.90 M (80.9 2.32M (84.2 %) 8.85
%)

FSIM-SVD 92.91 57.43 M (81.7 2.16 M (85.3 %) 8.28

%)

171.89 M (45.2
%)

53.63 M (82.9
%)

49.90 M (84.1
%)

GAL-0.1 [39] 90.73 2.67M(82.2%) 10.88

FSIM-E [19] 92.51 1.59 M (89.2 %) 6.08

FSIM-SVD 92.62 1.72 M (88.3 %) 6.50
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Table 3
Presents the pruning result of ResNet on CIFAR10.
Model Top-1 FLOPs (FPR) Parameters Model Size
(%) (PPR) (MB)
Original 93.30 126.55 M (0.0 0.85 M (0.0 %) 3.24
ResNet56 %)
L1 [37] 93.06 90.90 M (27.6 90.90 M (27.6 3.44
%) %)
HRank [32] 93.52 88.72 M (29.3 0.71 M (16.8 2.73
%) %)
FilterSketch 93.65 88.05 M (30.4 0.68 M (20.6 2.60
[42] %) %)
FSIM-E [19] 94.10 88.01 M (30.5 0.56 M (34.1 2.14
%) %)
FSIM-SVD 94.23 85.92 M (32.1 0.54 M (36.6 2.07
%) %)
GAL-0.6 [39] 92.98 78.30 M (37.6 0.75M (11.8 2.87
%) %)
FilterSketch 93.19 73.36 M (41.5 0.50 M (41.2 1.91
[42] %) %)
AKECP [41] 93.21 69.28 M (44.8 0.47 M (44.9 1.80
%) %)
Feng et al. [43] 93.05 63.79 M (49.6 0.48 M (43.5 1.82
%) %)
HRank [32] 93.17 62.72 M (50.0 0.49 M (42.4 1.87
%) %)
FSIM-E [19] 93.48 59.24 M (53.2 0.39 M (54.1 1.50
%) %)
FSIM-SVD 93.59 56.06 M (55.7 0.36 M (57.1 1.38
%) %)
CP [44] 90.80 62.00 M (50.6 0.29 M (65.9 1.14
%) %)
GAL-0.8 [39] 90.36 49.99 M (60.2 0.29 M (65.9 1.14
%) %)
AKECP [41] 91.86 38.02 M (69.7 0.26 M (69.9 1.06
%) %)
Fan et al. [45] 91.13 33.99 M (72.9 0.23 M (72.9 0.91
%) %)
HRank [32] 90.72 32.52 M (74.1 0.27 M (68.1 1.09
%) %)
FilterSketch 91.20 32.47 M (74.4 0.24 M (71.8 0.92
[42] %) %)
FSIM-E [19] 91.96 31.08 M (75.4 0.21 M (75.3 0.80
%) %)
FSIM-SVD 92.01 29.99 M (76.3 0.22 M (73.1 0.84
%) %)
Original 93.58 254.72 M (0.0 1.73 M (0.0 %) 6.61
ResNet110 %)
L1 [37] 93.30 155.00 M 1.16 M (32.6 4.58
(38.7 %) %)
AKECP [41] 93.90 152.10 M 1.03 M (40.0 4.07
(39.9 %) %)
SFP [16] 93.38 150.00 M - -
(40.8 %)
FSIM-E [19] 94.16 145.56 M 1.07 M (38.2 4.22
(42.9 %) %)
FSIM-SVD 94. 31 143.15M 0.98 M (43.1 3.87
(43.8 %) %)
GAL-0.5 [39] 92.55 130.20 M 0.95 M (44.8 3.74
(48.5 %) %)
HRank [32] 93.36 105.70 M 0.70 M (59.2 2.75
(58.2 %) %)
AKECP [41] 93.54 101.67 M 0.69 M (59.9 2.71
(59.8 %) %)
HRel [46] 93.03 95.72 M (62.4 0.62 M (63.8 2.42
%) %)
FilterSketch 93.44 92.84 M (63.3 0.69 M (59.9 2.71
[42] %) %)
FSIM-E [19] 93.68 73.59 M (71.1 0.58 M (66.5 2.28
%) %)
FSIM-SVD 93.87 68.01 M (73.3 0.53 M (69.6 2.07
%) %)
HRank [32] 92.65 79.30 M (68.6 0.53 M (68.7 2.07
%) %)
FSIM-E [19] 92.72 51.74 M (79.7 0.43 M (75.1 1.65
%) %)
FSIM-SVD 92.88 51.45 M (79.8 0.41 M (76.3 1.57

%)

%)
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FSIM demonstrates its capability to identify similarities between feature
maps, particularly in low-level features, leading to the discovery of
redundant information. Simultaneously, SVD quantifies the essential
information within feature maps from an informatics perspective,
enabling effective compression of the model structure. For VGG16,
applying FSIM-SVD pruning results in a 28.6 % decrease in FLOPs, a
reduction of 33.4 % in parameters, and an accuracy of 86.99 % (with a
+0.43 % improvement from the baseline). Moreover, it only experiences
a 0.21 % accuracy drop when pruning 55.1 % of FLOPs and 63.3 % of
parameters. There is also a 2.09 % accuracy decrease when pruning
80.3 % of FLOPs and 80.7 % of parameters. For ResNet56, employing
FSIM-SVD pruning results in a 30.6 % decrease in FLOPs, a reduction of
35.4 % in parameters, and an accuracy of 86.41 % (with a +0.18 %
improvement from the baseline). Notably, an accuracy loss of 0.03 % is
observed when pruning 50.3 % of FLOPs and 51.6 % of parameters, and
a 2.71 % accuracy decrease occurs when pruning 81.2 % of FLOPs and
83.3 % of parameters. In the case of ResNet110, the results demonstrate
a 41.3 % reduction in FLOPs, 38.5 % fewer parameters, and an accuracy
of 86.64 % (with a +0.13 % improvement from the baseline). Addi-
tionally, pruning 65 % of FLOPs and 61 % of parameters results in a 0.49
% accuracy loss, while pruning 80.7 % of FLOPs and 79.5 % of param-
eters leads to a 1.19 % accuracy loss.

5.2. Results and discussion on CIFAR10

The pruning results of VGG16 on CIFAR1O0 are shown in Table 2.
With a 61.4 % reduction in FLOPs and a 75.6 % reduction in model
parameters, our method can obtain a 0.24 % higher accuracy than the
baseline model. For the pruning rate (61.4.7 % for FLOPs and 75.6 % for
parameters), the proposed method, compared with L1 [37], Zhao et al.
[38], GAL-0.05 [39], GAL-0.05 [39], SSS [40], HRank [32] and FSIM-E
[19], excels in all accuracy, FLOPs, and parameters. However, it has a
lower parameter pruning rate than GAL-0.05 [39], HRank [32] and
FSIM-E [19]. For a higher pruning rate (81.7 % for FLOPs and 85.3 % for
parameters), our method still maintains a significant accuracy advan-
tage (92.91 % vs. 92.68 % by AKECP [41]). For an even higher pruning
rate (84.1 % for FLOPs and 88.3 % for parameters), our method still
demonstrates a significant accuracy advantage (92.62 % vs. 92.51 % by
FSIM-E [19] and 90.73 % by GAL-0.1 [39].

Table 3 displays the results of various pruning strategies on the
CIFAR10 dataset for ResNet56 and ResNet110 models. For the ResNet56
model, our approach demonstrates an accuracy that surpasses the
baseline model by 0.93 %. This enhancement is accompanied by a 32.1
% reduction in FLOPs and a 36.6 % decrease in the number of param-
eters. At this pruning rate, our model surpasses L1 [37], HRank [32],
FilterSketch [42], and FSIM-E [19] in terms of accuracy, FLOPs, and
parameter pruning rate. As the compression rate increases, with a 55.7
% reduction in FLOPs and a 57.1 % decrease in parameters, our model
maintains a 0.29 % higher accuracy than the baseline model. It also
outperforms GAL-0.6 [39], FilterSketch [42], AKECP [41], Feng et al.
[43], HRank [32] and FSIM-E [19] across all evaluation aspects. Further
increasing the compression rate, with a 76.3 % drop in FLOPs and a 77.1
% decrease in parameters, our model exhibits a 1.58 % accuracy loss
compared to the base model. Nevertheless, it demonstrates superior
accuracy improvement over previous works such as CP [44], GAL-0.8
[39], AKECP [41], Fan et al. [45], HRank [32], FilterSketch [42] and
FSIM-E [19].

For the ResNet110 model, our method continues to perform well. It
achieves a higher accuracy than the baseline model by 0.73 %, with a
43.8 % decrease in FLOPs and a 43.1 % reduction in parameters. Our
model outperforms L1 [37], AKECP [41], SFP [16], and FSIM-E [19] in
accuracy, FLOPs, and parameter pruning rate. With a 73.3 % reduction
in FLOPs and a 69.6 % decrease in parameters, our model maintains a
0.29 % higher accuracy than the baseline. It also outperforms GAL-0.5
[39], HRank [32], AKECP [41], HRel [46], FilterSketch [42] and
FSIM-E [19] across all evaluation aspects. Further increasing the
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Fig. 6. Depicts the impact of FLOP and parameter pruning rates on accuracy for both the current and proposed pruning models applied to ResNet56. Note: The Y-axis
starts at 90 % (not zero) to better illustrate small performance differences between methods.

pruning rate, with a 79.8 % FLOPs and a 76.3 % parameters reduction,
our model experiences a 0.7 % accuracy loss compared to the baseline
but still outperforms HRank [32] and FSIM-E [19] in accuracy, FLOPs,
and parameter pruning rate. An increase in the compression rate directly
leads to a reduction in FLOPs and a decrease in parameters because
pruning removes redundant or less informative filters from the network.
Each pruned filter eliminates its associated weights (parameters) and
also removes the corresponding computations required for generating its
output feature maps, thereby reducing the number of floating-point
operations (FLOPs). As the compression rate increases, a larger pro-
portion of filters are removed, which proportionally lowers both the
parameter count and the computational cost. This relationship is evident
in our experimental results, where higher pruning ratios achieved by
FSIM-SVD consistently correspond to significant reductions in FLOPs
and parameters while maintaining competitive accuracy.

The FSIM-SVD pruning method substantially reduces both FLOPs and
parameter counts across all evaluated models and datasets. For example,
pruning VGG16 on the active trachoma dataset with FSIM-SVD-3 de-
creases FLOPs by 80.3 % and parameters by 80.7 %, reducing the model
size from 56.30 MB to 10.87 MB. Similarly, ResNet56 on CIFARI1O is
reduced from 3.24 MB to 1.38 MB with a 55.7 % reduction in FLOPs.
These reductions lead to fewer operations per forward/backward pass,
decreasing training and inference time. The lower parameter counts also
reduce memory consumption, enabling deployment on GPUs or
embedded devices with limited resources. Therefore, FSIM-SVD not only
improves theoretical efficiency, as reflected in FLOPs, but also provides
tangible computational cost savings. The updated “Model Size (MB)”
column in Tables 1-3 quantifies these memory savings alongside FLOPs
and accuracy.

We extensively assessed the effectiveness of our proposed FSIM-SVD
method by comparing its Top-1 accuracy with that of several state-of-
the-art techniques across different pruning rates for FLOPs and param-
eters. The results of these experiments are illustrated in Fig. 6. Notably
when considering ResNet56 on CIFAR10, FSIM-SVD consistently main-
tains a high Top-1 accuracy even with varying pruning rates for FLOPs
and parameters. This consistent performance is compelling evidence for
utilizing FSIM and SVD to evaluate the importance of feature maps
quantitatively.
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Table 4
Ablation study to provide insights into the individual contributions of FSIM and
SVD indicators in guiding filter pruning.

Model Top-1 (%) FLOPs (FPR) Parameters (PPR)
Original ResNet56 93.30 126.55 M (0.0 %) 0.85 M (0.0 %)
FSIM 93.46 56.06 M (55.7 %) 0.36 M (57.1 %)
SVD 93.41 56.06 M (55.7 %) 0.36 M (57.1 %)
FSIM-SVD 93.59 56.06 M (55.7 %) 0.36 M (57.1 %)

5.3. Ablation study

5.3.1. Feature map indicators

In this section, we conduct a comprehensive ablation study to show
the distinct and combined contributions of FSIM and SVD indicators in
guiding filter pruning. Initially, we examine the model’s performance
when feature maps are pruned based solely on FSIM scores. Further-
more, we explore the impact of using the SVD indicator alone for guiding
filter pruning. FSIM alone does not account for how much unique or
discriminative information each feature map contributes. In contrast,
SVD analyzes the intrinsic energy distribution of a feature map, where
dominant singular values reflect the richness of unique content. This
makes SVD well suited for quantifying contribution, but it lacks sensi-
tivity to redundancy across maps. By combining FSIM and SVD, the
FSIM-SVD framework jointly considers redundancy (FSIM) and contri-
bution (SVD), ensuring that pruning decisions retain both diverse and
informative feature maps. The experiments were conducted on the
CIFAR10 dataset, utilizing the experimental parameter settings outlined
in Table 3. This complementarity explains why the combined FSIM-SVD
consistently outperforms either method alone, as shown in our ablation
study (Table 4), where FSIM-SVD achieved higher accuracy (93.59 %)
than FSIM-only (93.46 %) or SVD-only (93.41 %) under identical
pruning rates. Thus, the integration of FSIM and SVD is not redundant
but rather necessary to balance perceptual distinctiveness with infor-
mation contribution.

5.3.2. Weight parameter (2)
In this ablation study, we systematically explore the impact of the
weight parameter (A) on filter pruning, governing the balance between
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Table 5
Impact of weight parameter (1) on ResNet56 filter pruning.

Weight parameter (A) Top-1 accuracy (%)

A=0.2 93.42
L=0.3 93.43
A=0.4 93.45
A=0.5 93.59
L=0.6 93.46
r=0.7 93.49
L=0.8 93.51

FSIM and SVD metrics in the combined filter importance metric CJI-.
Understanding how different A values influence pruning outcomes is
crucial for optimizing the trade-off between preserving feature similar-
ity and leveraging singular value information. We varied A while
maintaining ResNet56 experimental settings (93.59 % accuracy,
Table 3). Results in Table 5 show that ResNet56 accuracy varies with A.
At A = 0.5, post-pruning accuracy is 93.59 %, while other A values yield
lower accuracies. After consideration, we set the FSIM-SVD indicator’s A
to 0.5, offering a balanced approach; A = 0 emphasizes SVD, A = 1
prioritizes FSIM, and intermediate values assess a balanced contribution
from both metrics.

6. Conclusion

v The research provides a viable solution to the challenges of deploy-
ing complex CNNs for active trachoma detection.

v The proposed FSIM-SVD framework effectively quantifies the sig-
nificance of feature maps, enabling substantial model compression
without sacrificing accuracy.

v The methodology addresses computational constraints in medical
service centers and is tailored to the needs of active trachoma
detection.

v The study contributes to the advancement of CNN compression
techniques and their application to medical image classification,
especially in resource-limited settings.

v The findings demonstrate the potential for developing compact yet
accurate models that can be integrated into clinical workflows to
improve trachoma diagnosis.

While the proposed method demonstrates strong performance on our
curated dataset, deploying it in real-world settings may present several
challenges. These include limitations in computational resources, vari-
ability and quality of field-acquired data, integration with existing
diagnostic workflows, and scalability for larger datasets. Addressing
these challenges will be essential for practical applications. Future work
will focus on field validation to assess the method’s effectiveness in
operational environments and to optimize the approach for resource-
constrained settings.
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