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Abstract—Detecting liver cancer early remains challenging because medical images can vary widely between patients, and differences 

in scan contrast are often subtle. This study describes a hybrid model that combines a CNN with a Vision Transformer, aiming to 

capture both fine, local image details and broader contextual information. In this setup, the CNN is used to focus on nearby visual 

signals such as edges and textures, while the transformer analyzes the full image to learn longer-range relationships between different 

regions. The method is evaluated on public datasets, including LiTS and TCGA-LIHC, with consistent preprocessing applied across 

all data. The reported accuracy is 94.8%, which is higher than the results from models using only a CNN or only a transformer. 

These findings indicate that leveraging both local and global features may lead to better performance in liver cancer detection 
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I. INTRODUCTION 

Liver cancer is still one of the major causes of cancer-
related deaths worldwide, and hepatocellular carcinoma 
(HCC) is the most common type [1][2][3]. Detecting it early 
can greatly improve survival, but finding tumors at an early 
stage is often difficult because medical images may show low 
contrast, tumors can have irregular shapes, and imaging 
features vary from one patient to another [4][5]. 

In clinical settings, diagnosis mainly depends on 
radiologists manually reviewing CT, MRI, and pathology 
images [6][7]. This process can be slow, and results may differ 
between readers. Deep learning methods, especially 
Convolutional Neural Networks (CNNs), have shown strong 
results in medical image analysis by learning layered visual 
features [8], but they are not always effective at capturing 
relationships between distant regions in an image. 

Vision Transformers (ViTs) help with this by using self-
attention to model broader context across the entire image [9]. 
Even so, ViTs often need very large datasets and may be less 
responsive to small, detailed local features. To address these 
issues, the study proposes a hybrid [10]model that combines 
CNN and transformer components, so it can learn both local 
spatial detail and global context, with the aim of improving 
diagnostic performance. 

II.  RELATED WORK 

Deep learning has made automated medical image 
analysis more effective, particularly for detecting and 
classifying tumors [11][12]. In many studies, researchers use 
CNN-based models such as ResNet or DenseNet because they 
are good at learning local patterns within scans. A common 
drawback, however, is that these networks often concentrate 

on nearby regions, which may limit their ability to capture 
broader context across the entire image [13]. 

Vision Transformers aim to address this issue by using 
self-attention to link information from distant areas of an 
image [14]. In practice, though, they often depend on very 
large datasets and significant computing resources. For that 
reason, hybrid methods that combine CNN elements with 
transformer-like modules have become increasingly popular, 
since they can preserve fine-grained local detail while also 
incorporating wider contextual information. 

III. PROPOSED METHODOLOGY 

The proposed approach follows a structured pipeline 
consisting of data collection, preprocessing, hybrid model 
development, feature fusion, and classification. Initially, 
medical imaging datasets are collected and prepared for 
training.  

 

Fig. 1. Overall Workflow of the Proposed Liver Cancer Diagnosis 

Framework. 
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Pre-processing techniques are applied to maintain 
consistency and enhance data quality. These include 
normalization to standardize pixel intensity values, resizing 
images to a standard resolution of 224×224 pixels, noise 
reduction through filtering techniques, and data augmentation 
to increase dataset diversity. The overall workflow of the 
proposed approach is illustrated in Fig. 1. 

The hybrid model combines CNN and transformer 
components to extract complementary features. The CNN 
module processes the input image to capture local spatial 
features, while the transformer module processes image 
patches to learn global dependencies. The outputs of both 
components are combined through a feature fusion 
mechanism, which combines local and global representations 
into a unified feature space. The structure of the CNN module 
employed for feature extraction is shown in Fig. 2[15] 

.  

Fig. 2. CNN Architecture Illustrating Hierarchical Feature Extraction. 

 

Fig. 3. Overall Workflow of the Proposed Liver Cancer Diagnosis 

Framework. 

The hybrid model combines CNN and transformer 
components to extract complementary features. The CNN 
module processes the input image to capture local spatial 
features, while the transformer module processes image 
patches to learn global dependencies. The outputs of both 
components are combined through a feature fusion 
mechanism, which combines local and global representations 
into a unified feature space. The structure of the CNN module 
employed for feature extraction is shown in Fig. 2 

.  

Fig. 4.  CNN architecture illustrating hierarchical feature extraction. 

The transformer-based feature extraction process is 
illustrated in Fig. 3. The Vision Transformer partitions the 
input image into fixed-size patches and processes them using 
self-attention mechanisms to capture global contextual 
relationships[16]. 

 
Fig. 5. Vision Transformer Architecture Showing Patch Embedding and 

Self-Attention Mechanism. 

Mathematically, the hybrid feature representation can be 
expressed as:Fhybrid = αFCNN + βFViT                          (3.1) 

Where FCNN represents local features, FViTF_represents 
global features, and α, β are weighting factors.  

The complete hybrid CNN–Vision[17] Transformer 
architecture with feature fusion is illustrated in Fig. 4. 

 

Fig. 6. Architecture of the proposed hybrid CNN–Vision Transformer 

model. 
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As illustrated in Fig. 4, input medical images are processed 
using multiple CNN modules to extract local spatial features. 
These features are subsequently provided to Vision 
Transformer encoders, where global contextual relationships 
are captured using self-attention mechanisms. Extracted 
features from different branches are concatenated and refined 
via an attention gate and multi-scale fusion module. Finally, 
the fused representation is processed through a classification 
layer predict liver cancer presence or absence. 

By combining CNNs with transformer parts, the model 
can pick up detailed spatial patterns while also capturing 
longer-range relationships, which can help it, make more 
accurate diagnoses.  

IV. DATASET AND PREPROCESSING 

The approach is evaluated on public datasets to make the 
results easier to verify and more likely to generalize. In this 
study, the LiTS dataset[18] is used to detect tumors in CT 
scans, while TCGA-LIHC is used to classify histopathology 
images. Before training, the images undergo pre-processing: 
pixel values are normalized, images are resized to 224×224, 
and noise is reduced [19][20]. To introduce more variation and 
support better generalization, data augmentation is also 
applied, such as rotation, flipping, and scaling. Together, these 
steps aim to standardize the inputs and help limit over fitting. 

 
Fig. 7. Workflow of image augmentation and model prediction. 

Key characteristics of the datasets are summarized in 
Table I. 

TABLE I.   DATASET CHARACTERISTICS FOR MODEL TRAINING AND 

EVALUATION 

Dataset Modality Cases Purpose 

LiTS CT 131 Tumor Detection 

TCGA-LIHC 

Histopatholo

gy ~350 Classification 

Table II has a list of everything we did to get the data 
ready. 

TABLE II.   PREPROCESSING STEPS APPLIED TO MEDICAL IMAGING DATA 

Step Description 

Normalization Pixel intensity scaling 

Resizing 224 × 224 resolution 

Augmentation Rotation, flipping, scaling 

Noise Reduction Gaussian filtering 

Following dataset preparation and preprocessing, the 
model is optimized under the experimental setup described 
below. 

V. EXPERIMENTAL SETUP 

Training uses the Adam optimizer with an initial learning 
rate of 0.0001. The model is trained for 50 epochs with a batch 
size of 32. All experiments run on GPU-enabled systems to 

improve speed. The setup is intended to support 
reproducibility and allow fair comparison with baseline 
models. 

VI. RESULTS AND DISCUSSION 

The proposed hybrid CNN–Vision Transformer model is 
compared against a CNN-only model and a transformer-only 
model. The proposed hybrid approach appears to deliver 
better overall performance, achieving 94.8% accuracy and 
showing stronger sensitivity and specificity.[21] 

The improvement appears to come from the model’s 
capacity to learn detailed spatial cues as well as broader 
context. In practical terms, the CNN component focuses on 
local signals like edges and textures, while the transformer 
component is used to capture relationships between regions 
that may be far apart in the image. When these two parts are 
combined, the model can represent complex tumor structures 
more effectively. 

Higher sensitivity matters in medical diagnosis because it 
lowers the chance of overlooking real cancer cases. The 
results also seem to generalize consistently across different 
datasets, which suggests the approach is reasonably robust. A 
comparative overview is provided in Table III. 

TABLE III.  COMPARATIVE PERFORMANCE OF CNN, VIT, AND HYBRID 

MODELS 

Model Accuracy Sensitivity Specificity 

CNN 92.10% 89.70% 94.50% 

ViT 91.50% 88.20% 93.80% 

Hybrid 94.80% 92.50% 96.30% 

The results indicate that the proposed hybrid model 
provides consistent improvements across multiple evaluation 
metrics, confirming the effectiveness of integrating CNN and 
transformer-based feature extraction[22]. 

The model performance is further illustrated using ROC 
curves and confusion matrix, as illustrated in Fig. 6 and Fig. 7  

To assess model performance, Receiver Operating 
Characteristic (ROC) curves are evaluated, illustrating the 
relationship between true positive rate and false positive rate 
across different thresholds[23] 

 
Fig. 8. Receiver Operating Characteristic (ROC) curves comparing the 

proposed hybrid CNN–Vision Transformer model with baseline 

architectures. 

As illustrated in Fig. 6, the proposed hybrid approach 
achieves the highest Area Under the Curve (AUC = 0.97), 
outperforming baseline models including ResNet101 (AUC = 
0.83), VGG19 (AUC = 0.80), InceptionV3 (AUC = 0.88), and 
EfficientNetB3 (AUC = 0.96). A higher AUC value reflects 
improved classification capability and improved 
discrimination between cancerous and non-cancerous cases. 
This performance improvement highlights the effectiveness of 
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combining CNN-based local feature extraction with 
transformer-based global contextual modeling[24]. 

These results indicate that hybrid architectures 
significantly improve diagnostic accuracy by leveraging 
complementary feature representations[25]. 

To further analyze classification performance, the 
confusion matrix is presented in Fig. 7.[26] 

 

Fig. 9. Confusion matrix of the proposed hybrid model. 

The confusion matrix indicates that the proposed model 
achieves high true positive and true negative rates, thereby 
reducing misclassification errors[27]. 

VII. ABLATION STUDY  

We ran an ablation study to see what each part of the 
proposed model actually adds. The results suggest the CNN is 
good at picking up local spatial details, while the transformer 
helps capture broader context across the input. When we 
combine the two, the model performs better overall, which 
supports the idea behind using this hybrid setup. The numbers 
showing how each component affects performance are listed 
in Table 4[28]. 

VIII.  ABLATION RESULTS 

The impact of different architectural components is 
evaluated in Table 4. 

TABLE IV.  ABLATION STUDY EVALUATING THE CONTRIBUTION OF 

INDIVIDUAL COMPONENTS IN THE PROPOSED HYBRID CNN–VISION 

TRANSFORMER MODEL. 

Configuration Accuracy Sensitivity Specificity 

CNN Only 92.10% 89.70% 94.50% 

ViT Only 91.50% 88.20% 93.80% 

CNN + ViT (No 

Fusion 
Optimization) 

93.20% 

 
  

90.80% 

 
  

95.10% 

 
  

Proposed 
Hybrid Model 

94.80% 
  

92.50% 
  

96.30% 
  

IX. CONCLUSION 

This study describes a hybrid CNN and Vision 
Transformer model for diagnosing liver cancer using medical 
imaging. The CNN is used to pick up local patterns in the 
images, while the transformer helps capture broader context 
across the full scan, which together supports stronger 
classification results. In experiments, the model shows higher 
accuracy, sensitivity, and specificity than the baseline 
methods used for comparison. The next stage of work will 
concentrate on improving computational efficiency and 

adapting the approach to multimodal medical data so it is more 
suitable for real-world clinical use. 
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