SSRG International Journal of Electronics and Communication Engineering
ISSN: 2348-8549/ https://doi.org/10.14445/23488549/1JECE-V1317P111

VVolume 13 Issue 7, 155-165, July 2026
© 2026 Seventh Sense Research Group®

Original Article

A Multi-Scale Residual Learning-Based Sequential
Model for Hepatocellular Carcinoma Detection

M. Indumathi?, M. Vanitha?, V. Palanisamy?®
123pepartment of Computer Applications, Alagappa University, Tamil Nadu, India.

1Corresponding Author : mindumathil12@gmail.com

Received: 30 April 2026 Revised: 06 June 2026 Accepted: 19 June 2026 Published: 29 July 2026
Abstract - Accurate recognition of Hepatocellular Carcinoma (HCC) from medical images is very important to diagnose the
disease early and come up with appropriate treatment plans. For instance, in this paper, an efficient HCC diagnosis model
called MS-ResNet is designed by combining the proficiencies of deep learning. In particular, the proposed approach uses CT
imaging in its process to detect HCC, but unlike other approaches, the new method can take advantage of multi-scale features
to improve the overall efficiency of the diagnostic framework with the DL technique. It involves an improved preprocessing step
where normalization and CLAHE techniques are used to enhance the quality of the input data. Further, in this work, multi-scale
features have been extracted via an enhanced residual network. These extracted features have been further modeled through
sequences using a Bi-LSTM approach and attention mechanisms. Subsequently, the predictive capability of the model in
recognizing HCC is tested through the following evaluation metrics: accuracy, precision, recall, F1-score, and Dice score.
From the experimental analysis of results presented in the work, the proposed method achieves an accuracy of 96.40%, precision
of 95.70%, recall of 96.40%, F1-score of 94.90%, and dice score of 94.90%. These results exceed those obtained by other
classifiers such as CNN, VGGNet, and ResNet, and are compared with the several recently developed liver tumor segmentation
and classification methods.

Keywords - Hepatocellular Carcinoma, CT image analysis, Multi-Scale residual network, Bi-LSTM, Attention mechanism,
Feature extraction.

Recent advancements in deep learning have shown
considerable potential in the analysis of medical images,
particularly in tumor detection and classification.
Convolutional Neural Networks (CNNs) and residual
networks have been widely adopted for extracting spatial

1. Introduction

Hepatocellular Carcinoma (HCC) is a frequently
diagnosed primary liver malignancies, contributing
significantly to global cancer mortality. Early and accurate
diagnosis is essential for improving patient survival and

guiding effective treatment planning [1]. Among various
imaging modalities, Computed Tomography (CT) is widely
used due to its ability to provide detailed anatomical and
pathological information.

However, manual interpretation of CT images
considerable amount of time to interpret the results manually,
which creates a need for automated and reliable detection
methods [2].

With the rapid growth in the availability of medical
imaging data, the development of modern computer-aided
diagnostic systems has gained significant momentum [3].
These systems support clinicians by enhancing detection
accuracy while reducing the effort involved in manual
analysis. As a result, automated image analysis has become an
essential tool for enabling timely and consistent diagnosis in
liver cancer detection [4].

OSOE)

features from CT images [5].

Despite their success, many existing approaches
primarily focus on single-slice analysis, often overlooking the
contextual relationships between adjacent slices. This
limitation can affect the accurate identification of HCC, as
tumor characteristics typically span across multiple slices and
exhibit complex spatial continuity. [6]

To tackle the identified issues, this research develops a
hybrid framework that integrates multi-scale residual learning
with sequential modeling for improved HCC detection.

The proposed MS-ResNet model extracts rich multi-scale
features and captures inter-slice dependencies using a Bi-
LSTM architecture. An attention mechanism is further
incorporated to emphasize the most relevant features, leading
to more precise predictions.
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The principal advancements introduced in this work are
as follows:
A novel hybrid framework combining multi-scale
residual feature extraction and sequential learning for
HCC detection.
Incorporation of an enhanced preprocessing stage using
intensity normalization with CLAHE to improve contrast
and feature representation for reliable learning.
Integration of Bi-LSTM-based sequence modelling to
effectively capture inter-slice contextual dependencies.
Introduction of an attention model to increase the ability
of feature differentiation and boost the performance of
classification.
Conducting  thorough experiments by applying
performance measures such as accuracy, precision, recall,
F1-score, and Dice Score.
Convincing proof that the proposed technique is superior
to baseline classifiers, namely CNN, VGGNet, and
ResNet, and is evaluated against existing literature for
liver lesion identification and diagnosis.
Concluding on the validation of the proposed technique
via CT medical images for HCC detection.

The remaining part of the paper will be organized as
follows. Section 2 will present the literature review on this
topic. Section 3 will highlight the methodological framework
used in the research. The findings and discussions will be
presented in Section 4. The conclusion of this study is
presented in Section 5, and Section 6 provides the study
limitations and future research directions.

2. Related Works

This section examines existing studies on Hepatocellular
Carcinoma (HCC) detection using deep learning techniques.
Prior research mainly focuses on CNN-based models and
medical imaging analysis for improved diagnosis. Methods
such as multi-phase imaging, transfer learning, and attention
mechanisms have shown significant progress. The review
helps identify gaps that guide the proposed work.

In [7], a deep learning approach is introduced for non-
invasive HCC mutation prediction from multi-phase CT
images. Here, an attempt is made to leverage the
complementary nature of features extracted from various
contrast phases for improved tumor representation. Through
cross-phase feature learning, the heterogeneity in tumors is
well understood, along with enhanced predictive performance
in terms of mutation prediction. Experimental results indicate
that the proposed model outperforms both single-phase and
conventional machine learning techniques, thus illustrating
the potential of multi-phase CT image-based deep learning for
accurate HCC characterization.

A deep learning-based framework for automatic
segmentation of hepatocellular carcinomas from contrast-
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enhanced CT images is introduced in [8]. In this work, efforts
have been made to improve tumor localization through
accurate delineation of tumor borders utilizing advanced
convolutional architectures. Due to the learned representations
of complex spatial relationships and intensity variations in
tumor regions, the segmentation performance has been
improved by this method.

As per [9], there exists a multi-task deep learning
framework that can be used in predicting early recurrence of
hepatocellular carcinoma. Here, pre-training is employed to
train multiple related tasks in one go. With this approach,
several feature representations have been learned which are
informative and generalized. This results in improved
prediction of recurrence risk and better clinical decision-
making processes.

According to [10], there exists a deep fusion framework
that incorporates multi-phase CT scans combined with
selected preoperative clinical parameters for early prediction
of hepatocellular carcinoma recurrence. In this way, both
imaging features and clinical features from different CT
phases are integrated into one framework to improve the
prediction capability.

A phase attention residual network has been designed in
[11] for the segmentation of liver tumors from multi-phase CT
images. The proposed network takes advantage of phase
information in its design and uses attention mechanisms that
help in considering the complementary information contained
in various phases for better results. By combining residual
learning with attention, the framework manages to achieve
better results in terms of accurate liver tumor region
segmentation.

An innovative deep learning approach for the early
identification of hepatocellular carcinoma has been introduced
in [12]. In the proposed approach, the researchers have made
use of enhanced images and multi-phase CT scans. In this
way, they were able to capture various features of the tumors
and detect any cancerous changes present in the liver tissue.

In [13], a deep learning algorithm for detecting liver
lesions with fused MR T1 in-phase, out-of-phase, and CT
images has been developed. The proposed method applies the
YOLOV8 neural network for fast and precise lesion detection
using multi-modal medical imaging information, specifically
MRI and CT. By using information about various modalities,
the algorithm achieves high detection accuracy and can be
used for liver lesion localization purposes.

In [14], a predictive CT-based model for MVI in patients
with HCC has been developed. Using imaging-based features
obtained during contrast-enhanced CT scanning, the authors
propose an algorithm that predicts the presence of microscopic
vascular invasion in HCC cases. As demonstrated by the
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results, the proposed imaging-based algorithm can
successfully predict the degree of tumor aggressiveness and
clinical outcomes.

In [15], a deep learning approach to liver tumor
segmentation with the use of a hybrid ResUNet architecture
has been developed. The ResUNet model combines two
approaches to segmentation, i.e., ResNet for deep learning and
UNet for semantic segmentation. The combined algorithm
improves image segmentation due to the ability to extract
various features from CT images and combine them into a
single feature map.

A densely connected hybrid U-Net model was developed
to capture spatial information within and across CT slices,
enabling effective identification of liver and tumor structures
from volumetric scans, has been proposed in [16]. The
proposed method is beneficial for liver tumor segmentation
because it integrates dense connections with the U-Net
structure. Integration of dense connectivity and the U-Net
helps with efficient gradient flow and feature reuse. Therefore,
it can help improve the efficiency of liver tumor segmentation.

A modified version of the U-Net architecture has been
proposed for the segmentation of liver cancer from computed
tomographic scans in [17]. A novel class balancing method
has been applied to address the problem of data imbalance.
With the introduction of the class balancing technique,
learning of minority tumor classes was improved. Therefore,
more precise identification and classification of liver and
tumor parts could be achieved.

An automated deep learning-based approach has been
proposed in [18] to accurately diagnose liver tumors through
integration of magnetic resonance imaging data and clinical
data. Integration of multiple sources of data makes this
approach effective for liver tumor segmentation. Through the
combination of imaging features and clinical data, liver
tumors could be detected and classified in a more precise and
clinically relevant manner.

In [19], an automated approach for detecting HCC from
dynamic contrast-enhanced MRI through a deep learning
technique has been designed. This framework makes use of
the unique imaging properties, such as contrast enhancement
and temporal characteristics, that can further assist in tumor
identification. Using these techniques, a significant
improvement in detection can be achieved. This paper shows
the significance of using advanced imaging modality and deep
learning techniques for accurate HCC detection.

In [20], a novel framework for detecting liver cancer
using deep learning by utilizing Generative Adversarial
Network (GAN), ResNet, and Vision Transformer has been
developed. The GANs-based technique can help solve the
problem of class imbalance and provide additional diversity to
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the training dataset. ResNets will be used to extract local
features, while Vision Transformer will help capture global
contextual information, which can be combined using an
advanced fusion technique to achieve superior classification
results.

In [21], a deep learning model that uses UNet++ to detect
and segment liver tumors based on magnetic resonance images
is suggested. It improves feature extraction by means of nested
and dense skip connections, thus being able to extract not only
local but also global features. By optimizing feature
propagation within the network, it can provide precise
segmentation of areas affected by the tumor. This paper
demonstrates the potential of advanced versions of U-Net in
the task of liver tumor segmentation.

According to previous research, the performance of deep
learning models in HCC detection is rather high, yet there are
several difficulties, including data variation and poor
generalization. These problems make a solid foundation for
this study.

3. Proposed Methodology

In this subsection, the Multi-Scale Residual Learning-
Based Sequential Model (MS-ResNet) framework to detect
hepatocellular carcinoma from CT images will be discussed.
The MS-ResNet framework aims at utilizing both the fine-
grained local features and the relationships between different
slices. First, the input CT image data is preprocessed. Then,
multi-scale features are extracted using the MS-ResNet
algorithm. After that, the sequence is generated from the
learned features while retaining spatial context. Features
obtained in the previous step are used with Bi-LSTM, and the
attention mechanism before classification is performed. The
workflow of the proposed MS-ResNet model is illustrated in
Figure 1.

3.1. Data Collection

For the current research, the authors employ a CT images
database created for the LiTS (Liver Tumor Segmentation)
Challenge, which is available on Kaggle. The image dataset
comprises 130 contrast-enhanced CT images of the abdomen
and is normalized to be in 256 x 256 pixels resolution in PNG
format. Annotations for both liver and tumor lesions are
provided in this dataset to allow the development of highly
precise segmentation models. Since the database was
collected from various medical facilities, its diversity cannot
be underestimated.

3.2. Data Preprocessing

Preprocessing is an essential process during the analysis
of medical images, thereby improving the integrity and
usefulness of the data, minimizing variations, and making
diagnostic features more visible. In the current research, the
preprocessing stage will be conducted on the CT scan images
before extracting the features. This includes the following
steps.
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Fig. 1 The workflow of the proposed MS-ResNet model

3.2.1. Slice Extraction

CT scans are volumetric and can be represented as a 3D
image volume V € RF*W*P  correspond to the spatial
dimensions of the volume, namely height, width, and slice
count, respectively. The volume is decomposed into an
ordered set of 2D slices presented in Equation (1):
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§= {11' IZ; 13, ---tID} (1)

where I; € R¥*Y It is important that the order of the
slices is maintained in their original form.

3.2.2. Intensity Normalization

In order to minimize the variance of pixel intensities
during each scan, normalization must be performed. This
involves scaling the image I to a standardized range of values
through min-max normalization:

I=Imin
= (2)

Inarm 1 I
max min

where I, and [, represent the minimum and
maximum intensity values in the image. This transformation
ensures consistent intensity distribution and improves training
stability.

3.2.3. Image Enhancement using CLAHE

In order to better highlight the fine details of certain
anatomical structures, the image enhancement technique
known as Contrast Limited Adaptive Histogram Equalization
(CLAHE) is applied. CLAHE works differently from global
histogram equalization by working on small image tiles in
order to improve the local contrast of the image without
introducing too much noise. This algorithm can work best in
medical CT images where some tumors are visible at a low
contrast when compared to other parts of the body. The
contrast enhancement can be formulated as:

Ienh(x: y) = CLAHE(Inorm(x' y)) (3)

where the amplification of contrast is controlled with a
predefined clip limit in order to avoid increasing noise too
much, through CLAHE, finer details can be better recognized,
and tumor boundaries will become easier to discern.
Therefore, it becomes much easier to learn the features of the
image. The figure below shows the feature-improved image
through the CLAHE filter.

BEFORE CLAHE

AFTER CLAHE

Fig. 2 Feature-enhanced image using CLAHE
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3.3. Sequence Formation

After pre-processing, the generated slices are organized
into sequences in order to facilitate the analysis of inter-slice
dependencies in a sequential manner.

3.3.1. Slice Grouping

The ordered slice set S ={I,L,,...,I,} is split into
subsequences of fixed length via sliding window technique.
For any particular window length L, the sequence is defined
as follows:

XO = (I, vty i Igspa b k=12,..,D—L+1 (4

This grouping enables the model to have access to local
volumetric information, which in turn allows the identification
of differences between anatomical structures in neighboring
slices.

3.3.2. Sequence Ordering
Within each sequence X' ®, the slices are maintained in
their original anatomical order:
Ly = Ieyq = Q)
Preserving this order is essential for modeling spatial
continuity along the scan depth. It enables the subsequent
sequential model to learn forward and backward

dependencies, capturing the progression and consistency of
tumor regions across neighboring slices.

el P

3.4. Multi-Scale Residual Feature Extraction

For obtaining discriminative features from CT slices, a
deep residual learning architecture is used. The objective of
this phase is to extract spatial features at various scales for
efficiently representing fine-texture and high-level semantic
information related to hepatocellular carcinoma.

3.4.1. Residual Feature Learning

Each input slice I; fed into the Residual Network
(ResNet) to learn features at various levels. The concept of
residual learning helps train deep neural networks, as it
involves learning of the residual mapping given as:

y=F(x)+x (6)

where x denotes the input feature map, F(x) represents
the learned residual function, and y is the output. This
formulation helps preserve low-level information while
enabling deeper feature abstraction.

3.4.2. Multi-Scale Feature Extraction

The tumor properties at various scales can be captured
through feature extraction by applying the convolution
operation on multiple layers of the residual network. The
feature maps generated from various stages can be denoted by:

159

{F,F,,F;, ..., E.} 7
where each F; represents the feature map corresponding
to a unique scale of representation that can vary from low-

level features to high-level semantic features.

3.4.3. Feature Representation
For each slice I;, the multi-scale features extracted are
fused together to create a full feature vector:

fi=G(F,F,, ...

where G(-) is a function for fusion, such as
concatenation. This feature f; contains all the necessary
information about the input slice.

) (8)

3.5. Feature Fusion

The features at multiple scales that have been obtained
from different layers of the residual network are fused to
represent a single entity for each slice. Suppose the set of
feature maps is {F;, F, ..., F;, }, with each F; representing one
particular scale. Then, the following fusion process takes place
using weighted summation:

m
Fiysed = Z w; F
j=1

where || stands for concatenation and w; the
corresponding weight factor for each scale of the feature map.
The fused feature map is subsequently transformed into a
compact feature vector. f; = ¢(Fpseq)USINg a pooling or
flattening operation. The resulting feature vector serves as a
comprehensive representation of features present in the input
slice.

€)

3.6. Sequential Feature Construction

After feature fusion, the feature vectors extracted at the
slice level are grouped together systematically to facilitate
sequential learning. For any sequence length L, the fused
features will be grouped as follows:

i}

where each f;represents the feature vector corresponding
to the i-th slice. It must be noted that this arrangement
maintains strict correspondence to the anatomical sequence of
the slices, thus making the independent slices' features into a
sequence.

X ={fu. fo fa - (10)

3.7. Sequential Learning

In order to establish any dependencies between the
adjacent slices, the derived feature sequence undergoes
processing by a Bidirectional Long Short-Term Memory (Bi-
LSTM) model. By processing information in both forward and
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backward directions, the Bi-LSTM effectively captures
contextual relationships and improves the interpretation of
changes between adjacent slices. This is done as follows:

h = LSTM(fy, by 1), by = LSTM(fy, heis) (1)
and combined as:
he = [he Il Ty (12)

This bidirectional representation produces a context-
aware sequence embedding, which is then utilized for further
refinement and classification.

3.8. Slice-Aware Attention

To emphasize informative slices from the sequence, a
slicing-specific attention model is used on the output of the
Bi-LSTM. Given the sequence of hidden representations
{hq, hy, ..., h,}, Attention weights are computed to quantify
the importance of each slice:

exp(Why)
@ = — (13)
2ne EXP(W hy)
and used to obtain a context vector:
L
¢= Z a, hy (14)

t=1

This ensures that more significance is given to relevant
slices, providing a better representation of the data.

3.9. Classification

After the attention mechanism generates the context
vector ¢, it is forwarded to a fully connected layer for
prediction. The final output is obtained by applying a sigmoid
function to convert the network response into a probability
value. It can be represented as:

y=oW.c+Db) (15)

where W, and b are learnable parameters and y the

predicted value. Depending on the threshold, the result can be
HCC or non-HCC. Figure 3 illustrates the results of
Hepatocellular Carcinoma (HCC) detection.

WITHOUT HCC WITH HCC

detection
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3.10. Evaluation

Model performance will be assessed via common
classification measures such as accuracy, precision, recall, F1-
measure, and dice score. These performance measures
guarantee that the proposed algorithm's performance will be
properly evaluated based on its capability of classifying HCC,
assessing the reliability of predictions, and determining the
correspondence between the predicted areas and the manually
annotated regions.

Algorithm Steps of the Proposed Model
Input: CT volume V € RAXWxD
Output: Predicted label §

Begin
1. Extract slices
S={l,1,..,1Ip}
2. Preprocessing
for each I; € Sdo
I; < Normalize(l;)
I; « CLAHE(I))
end for
3. Form sequences of length L:
X ={,L, ... 1;}
4. foreachslice I; € Xdo
Extract multi-scale features:
(Fi, F, Fi} « ResNet(l;)
Fuse features:
Fusea < [F1 1| F Il F5]
Compute feature vector:
fi < GAP(Fﬁleed)
end for
5. Construct feature sequence
F= {fl)fZl "'th}
6. Sequential learning
H = BiLSTM(¥F)
7. Compute attention
c=Yash;
8. Classification
y=0cWc+b)
End
Return y

4. Results and Discussion
4.1. Experimental Setup

For this study, a CT medical imaging dataset has been
used, which was created based on LiTS17 (Liver Tumor
Segmentation) Challenge and was downloaded from Kaggle
with 130 images that were contrast-enhanced abdominal CT
scans [22]. All the images were preprocessed and resized to
256x256 and saved in PNG format. The liver and tumors have
been labeled in these images. This is a diverse dataset since it
was created from multiple clinical sites. The dataset consists
of 80% of training images and 20% of test images. It has been
trained in Python (version 3.8). For training, binary cross-
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entropy was used along with the Adam optimization
algorithm. This research has been executed on a computer
with an Intel i7 CPU, 16GB RAM, and a NVIDIA GPU.

4.2. Comparative Analysis with Baseline Classifiers

A performance comparison was carried out to assess the
capability of the proposed MS-ResNet model against baseline
classifiers, namely CNN, VGGNet, and ResNet. These
classifiers were independently implemented and trained using
the same dataset, preprocessing procedures, and experimental
settings as the proposed model to ensure a fair comparison.
The results exhibit that the proposed MS-ResNet model
outperforms the baseline models across all evaluation metrics,
including accuracy, precision, recall, F1-score, and dice score.

4.2.1. Accuracy

Accuracy represents the proportion of instances that are
correctly identified out of all evaluated samples. The accuracy
offers a measure of the overall performance of the classifier,
and it is often employed in comparing multiple classifiers
under similar circumstances.

TP+TN
TP+TN+FP+FN

Accuracy = (16)

In this context, TP and TN refer to the true positive and
true negative classification results, while FP and FN represent
incorrectly predicted data. A higher value of accuracy implies
good prediction performance. Figure 4 presents the difference
in performance between different models on the grounds of
accuracy. The accuracy values achieved by the CNN model
and VGGNet model were 88.20% and 90.10%, respectively.
On the other hand, ResNet produced an accuracy of 92.30%.
It may be clearly seen that with increasing depth, the accuracy
improves significantly. The MS-ResNet produced the highest
accuracy of 96.40%, thereby exhibiting a superior model
performance.

Accuracy Comparison

Accuracy (%)
0 0O ©W O ©OW O O
D 0 O N b O 0

(o]
=~

Classifiers

BCNN »VGGNet mResNet mMS-ResNet

Fig. 4 Accuracy comparison of the proposed model with existing
approaches

4.2.2. Precision

Precision evaluates the accuracy with which a model
predicts positive examples through a measure of how many
true positives there are among all the predicted positives.
Precision gives an indication of how well a model can avoid
false positives.

TP

P .. —
recision —TP T FP

(17)

A high precision measure implies that the model performs
very well when it comes to identifying relevant positive
classes without any errors. The performance comparison
results of the suggested MS-ResNet classifier with other
classifiers can be seen in Figure 5. The precision comparison
reveals that precision values have improved steadily with the
increase in models, ranging from 87.10% for CNN, 89.40%
for VGGNet, to 91.80% for ResNet. The suggested MS-
ResNet model has a precision value of 95.70%, making it
perform best when it comes to identifying positive cases.

4.2.3. Recall

Recall is an indicator of the accuracy of the model in
determining all real positive cases from the data set. Recall
represents the model’s capability in recognizing relevant data
without missing out on any positive data.

TP

Recall = TP+—F1V

(18)

The higher the value of recall, the more accurate the
model in detecting the real positive cases with few missed
detections. The recall values show a similar pattern and begin
at 86.50% for CNN, followed by 88.70% for VGGNet and
92.30% for ResNet, as seen in Figure 5. The proposed model
attains the highest recall value of 96.40%. This shows the
efficiency of the model in recognizing real cases of HCC.

4.2.4. F1 score

F1-Score is a balanced performance score metric in which
the precision and recall metrics are balanced in a single
evaluation process. In situations where classes do not have
equal numbers, it helps balance the ratio of false positives and
false negatives.

2 X (Precision X Recall)
Precision + Recall

Fl-score = (19)

The higher the F1-Score in a performance score, the better
the performance balance achieved by the model in relation to
the number of correct predictions and incorrect predictions.
An F1-Score, which balances the precision and recall,
supports the robustness of the proposed model as depicted.
Whereas CNN, VGGNet, and ResNet have F1-Scores of
85.80%, 89.00% and 93.20% respectively, MS-ResNet
achieves a slightly higher percentage of 94.80%.
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Fig. 5 Performance Comparison of the proposed MS-ResNet Model
with baseline models

4.2.5. Dice Score

The dice similarity coefficient is a statistical measure for
evaluating the amount of overlap between the prediction map
and the target regions. This measure is frequently employed in
biomedical image analysis to measure the accuracy of the
target region segmentation.

2TP

Dice Seore = ST p ¥ FP + FN

(20)

The more similar the predicted segmentation area is
compared to the actual ground truth, the higher is the Dice
score value. From Figure 6 below, one can conclude that the
proposed method shows the best performance with the Dice
score equal to 94.90%. In descending order are the scores
obtained for CNN, VGGNet, and ResNet methods equal to
85.90%, 88.20%, and 90.70%, respectively.

Dice Score Comparison

AN\
]
ESESE

Proposed
ResNet

ResNet

Classifiers

VGGNet

CNN

Score (%)
CNN mVGGNet mResNet % Proposed ResNet

Fig. 6 Dice score comparison of the proposed MS-ResNet model with
baseline models
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Table 1. Comparative analysis of the proposed MS-ResNet model with
baseline models

Classifiers
Metrics Proposed
(%) CNN | VGGNet | ResNet MS-
ResNet
Accuracy 88.20 90.10 92.30 96.40
Precision 87.10 89.40 91.80 95.70
Recall 86.50 88.70 92.30 96.40
F1-score 85.80 88.00 93.20 94.90
Dice Score | 85.90 88.20 90.70 94.90

Table 1 presents the comparative performance of the
proposed MS-ResNet model against existing approaches. The
results clearly indicate that the proposed model achieves
superior performance across all evaluated metrics that
demonstrate its effectiveness over the baseline methods.

4.3. Comparison with State-of-the-Art Methods

To provide a more comprehensive evaluation of the
proposed MS-ResNet model, its performance was compared
with several recent state-of-the-art approaches reported for
liver tumor analysis using the LiTS17 dataset. This
comparison provides a broader evaluation of the proposed
model and highlights its capability relative to advanced deep
learning models developed for liver tumor segmentation and
classification. The results presented in Tables 2 and 3
summarize the comparative evaluation based on dice score,
accuracy, precision, recall, and F1-score. The comparison
demonstrates the effectiveness of the proposed approach in
accurately identifying tumor characteristics from CT images
while maintaining robustness across multiple evaluation
measures.

Table 2. Comparison of the proposed MS-ResNet model with State-of-
the-Art methods based on the dice score

Dice
S.No Model Dataset score (%)

1 CAFCT-NET [23] LiTS17 84.29

2 FasNet [24] LiTS17 87.66

3 RHEU-Net [25] LiTS17 70.19

LiTS17 73.63

4 PGC-Net [26] 3DII:)R;)CA 2418

5 PAKS-Net [27] LiTS17 76.9
MS Liver Tumor

6 Segmentation LiTS17 74.8

Algorithm [28]

ATLAS 86.12

7 DynTransNet [29] LiTS17 93.12

8 Proposed MS-ResNet | LiTS17 94.90

The findings reported in Table 2 highlight the strong
performance of the proposed MS-ResNet model in liver tumor
analysis. The model achieved a dice score of 94.90%,
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outperforming several recent methods, including CAFCT-Net,
FasNet, RHEU-Net, PGC-Net, PAKS-Net, the MS Liver
Tumor Segmentation Algorithm, and DynTransNet. The
enhanced performance of the proposed model is primarily due
to the combined use of multi-scale feature learning and
residual connections. This design allows the network to

effectively capture both fine-grained tumor characteristics and
contextual information from CT images. Consequently, the
model is able to identify tumor regions more precisely, which
results in better agreement between the predicted outputs and
the corresponding reference annotations.

Table 3. Performance comparison of the proposed MS-ResNet model with State-of-the-Art liver tumor classification methods

Model Dataset Accuracy (%) | Precision (%) | Recall (%) F1-score (%)
En-DeNet [30] LiTS17 93.13 93.65 88.94 91.42
FLAS-UNet++ [31] LiTS17 82.4 - - -
Hybrid Deep .
Ensemble Model [32] LiTS17 95.4 94.3 93.9 94.1
Proposed MS- LiTS17 96.40 95.70 96.40 94.90
ResNet

Table 3 compares the proposed MS-ResNet model with
recent state-of-the-art classification methods on the LiTS17
dataset. The proposed model attained an accuracy of 96.40%,
precision of 95.70%, recall of 96.40%, and F1-score of
94.90% which demonstrates strong performance across all
evaluation metrics. Compared with En-DeNet, FLAS-UNet++
and the Hybrid Deep Ensemble Model, MS-ResNet achieved
better overall classification results. This improvement is
mainly due to its multi-scale feature learning and residual
connections, which help capture important tumor
characteristics from CT images more effectively. The results
highlight the capability of the proposed model to provide
accurate and reliable liver tumor classification.

5. Conclusion

This study proposes a hybrid deep learning architecture,
termed MS-ResNet, for accurate detection of HCC in CT
images. Unlike conventional approaches that focus solely on
spatial feature extraction, the proposed model adopts a multi-
stage learning strategy, where multi-scale features are first
extracted using an enhanced residual network and then
modeled sequentially to capture inter-slice dependencies.
Additionally, the use of slice-level attention in the current
approach helps in highlighting informative features used in
classification. Results obtained under identical experimental
conditions show that the proposed model performs better than
baseline classifiers like CNN, VGGNet, and ResNet across all
evaluation metrics, such as accuracy, precision, recall, F1-
score, and dice score. It is evident that the proposed model,
which combines multiple scales of feature learning together
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