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Abstract:  Detecting cancer in mice is an important part of research and drug development. This study suggests 

a new computer model using Vision Transformers (ViTs) to improve how accurately and quickly cancer can 

be identified in mice. The model combines ViTs with image preprocessing and data augmentation methods 

to tackle issues like large datasets and differences in tumor shapes. The research includes gathering and 

preparing high-resolution images, using augmentation to increase data variety, and adjusting pre-trained ViT 

models to recognize detailed tumor patterns accurately. A comparison with older machine learning methods 

and convolutional neural networks (CNNs) will assess how well this new approach works. The expected 

results should show better outcomes in classifying and segmenting tumors, providing greater accuracy, 

sensitivity, and strength. This new model is expected to greatly assist cancer research in early stages, making 

the detection process in labs quicker, more dependable, and automated. 

Index Terms – Vision transformer method , CNN, Machine Learning, Image Processing  

I. INTRODUCTION 

Cancer detection in a mouse model is a keystone in preclinical research, permitting researchers to evaluate 

therapeutic efficacy, to study mechanisms of disease, and to adjust treatment protocols before commencing 

human clinical trials. Accurate and effective identification of tumors in laboratory animals is critical for 

research because they directly affect the reliability and reproducibility of research findings. An inspection 

based on manual scanning of histological slides or simple image-analysis techniques lacks speed and is 

susceptible to error due to tumor morphology-turnover variations, as well as inter-observer subjectivity. 

Hence, the need for automated yet reliable approaches in speeding up cancer recognition in preclinical 

research is urgent. 

Developments in AI and deep learning have shown ruthless potential in biomedical image analysis; 

convolutional neural networks are widely used for tasks such as tumor detection, segmentation, and 

classification. Similarly, CNNs may have difficulty due to their inability to capture global contextual 

information, as well as their reliance on large labeled datasets for training. Vision transformers (ViT), a class 

of new deep-learning architecture, recently achieved unprecedented success in the tasks of image 

classification and pattern recognition by leveraging self-attention mechanisms to capture global and local 

features simultaneously. Application in this domain has thus far been limited to modifications of ViT in 

natural image processing, while specific application to cancer detection has not been exploited much, 

especially in preclinical models such as mice. 
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Recent research has emerged to describe the ways AI might improve the accuracy and efficiencies in detecting 

cancer; yet, these studies often come with limitations. Problems such as the availability of small datasets, the 

variability in imaging modalities, and the lack of robust generalization across different experimental setups 

hinder the generalizability and reliability of approaches available so far. Moreover, almost all studies up until 

now worked with CNN-based architectures, which might not optimally use the intricate relationships 

contained in the biomedical images. 

 

II. Literature Review  

Smith et al. (2005) introduced traditional image processing methods for cancer detection in mice, using 

handcrafted feature extraction and edge detection. These methods, while providing initial insights, faced 

accuracy challenges due to variability in tumor morphology and imaging conditions. The reliance on manual 

feature extraction also limited the adaptability to diverse datasets and complex tumor structures [1]. Later, 

Johnson and Lee (2010) applied machine learning models, such as support vector machines (SVM) and k-

nearest neighbors (KNN), to classify tumors in mice images. They achieved moderate accuracy (75–80%), 

but faced issues with generalization due to overfitting on small datasets. Additionally, manual feature 

engineering made the process time-consuming and lacked scalability [2]. Zhang et al. (2015) pioneered the 

use of convolutional neural networks (CNNs) for tumor detection, achieving 90% accuracy on histological 

datasets. However, CNNs struggled with overfitting and failed to capture long-range dependencies across 

images, limiting their effectiveness in certain scenarios [3]. In 2018, Patel et al. employed transfer learning 

using pre-trained CNN models like ResNet and Inception, improving accuracy to 93%. This demonstrated the 

effectiveness of transfer learning for small datasets, but the models showed reduced performance when tumors 

exhibited irregular shapes or sizes [4]. Dosovitskiy et al. (2020) introduced Vision Transformers (ViTs) and 

demonstrated their ability to model global relationships within images, showing potential for outperforming 

CNNs in various image recognition tasks. However, ViTs faced challenges in biomedical imaging 

applications, primarily due to high computational complexity [5]. Liu et al. (2022) applied ViTs to tumor 

segmentation in medical imaging and achieved state-of-the-art results with high accuracy and robustness, 

particularly through transfer learning. Despite these advances, high computational resource requirements and 

extended training times remain significant barriers for large-scale applications [6]. 

 

III. Statement of the Research Problem and Objectives  

 

Despite advancements in cancer detection methods, significant limitations persist in applying existing 

computational frameworks to preclinical cancer models, such as those involving mice. Traditional 

convolutional neural network (CNN)-based approaches often struggle with the variability in tumor 

morphology and rely heavily on extensive labeled datasets, which are challenging to obtain in preclinical 

research. Vision Transformers (ViTs), which have demonstrated remarkable performance in various image 

analysis tasks, present a promising alternative. However, their application in preclinical cancer detection 

remains underexplored, leaving critical gaps in improving the accuracy, scalability, and efficiency of 

automated cancer recognition systems in laboratory settings. 

This research aims to address these challenges by developing a computational framework based on Vision 

Transformers (ViTs) for automated cancer detection in mice. The framework seeks to overcome limitations 

posed by small datasets and variability in tumor morphology. Furthermore, the study will analyze and compare 

the performance of the ViT-based framework with conventional CNN models, focusing on accuracy, 

sensitivity, and robustness across diverse preclinical imaging datasets. Finally, the research aims to optimize 

the scalability of the proposed framework for real-time applications by minimizing computational complexity 

and resource requirements. Collectively, these objectives aim to provide a robust and efficient solution for 

preclinical cancer detection, contributing to advancements in cancer research and drug development. 
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IV. Methodology   

This research proposes a computational framework for automated cancer detection in mice using Vision 

Transformers (ViTs), focusing on improving accuracy, scalability, and robustness. The methodology 

comprises several key steps. First, imaging datasets of mice with varying tumor characteristics will be 

collected, including histological and radiological images from publicly available repositories and preclinical 

research studies. These datasets will undergo preprocessing steps such as normalization, noise reduction, and 

contrast enhancement, alongside augmentation techniques like rotation, flipping, and zooming to address 

limitations posed by small sample sizes. Second, a Vision Transformer (ViT)-based architecture will be 

developed for tumor classification and segmentation, leveraging self-attention mechanisms to capture long-

range dependencies in the image data. Transfer learning will be employed by fine-tuning pre-trained ViT 

models, such as those trained on ImageNet, to adapt learned features to the biomedical domain. 

 

The ViT-based model will be compared to conventional CNN-based models, such as ResNet or Inception, 

trained on the same datasets with identical preprocessing and augmentation techniques. The performance of 

these models will be evaluated using metrics like accuracy, sensitivity, specificity, and F1-score to 

demonstrate the superior robustness and generalization of the ViT framework. To optimize scalability, 

computational techniques such as pruning, quantization, and knowledge distillation will be applied to enhance 

inference speed and reduce model size while maintaining accuracy. The optimized model will be tested across 

multiple datasets with varying complexity to assess its scalability and efficiency. Data analysis and 

characterization will utilize tools like OpenCV, TensorFlow, and PyTorch, with tumor segmentation evaluated 

using metrics such as dice similarity coefficient (DSC) and intersection over union (IoU). Visual inspection 

will further validate the model's clinical feasibility and robustness. 

The research integrates theoretical principles of deep learning with experimental methodologies, highlighting 

the advantages of ViTs in capturing global relationships in images compared to traditional CNNs. 

Experiments will be conducted in a controlled environment using standard computational resources, with 

statistical analysis used to validate performance improvements. By combining these approaches, this study 

aims to develop a scalable, efficient, and accurate ViT-based framework for automated cancer detection in 

preclinical mice studies, contributing to advancements in cancer research and drug development. 

V.  Description of Research Work  

The research focuses on designing an advanced computational framework for automated cancer detection in 

preclinical mice models using Vision Transformers (ViTs). This approach addresses the challenges of 

traditional convolutional neural network (CNN)-based methods, which often struggle with variability in tumor 

morphology and the limited availability of labeled datasets in preclinical research. The proposed workflow 

begins with collecting diverse imaging datasets, including histological and radiological images, followed by 

preprocessing steps like normalization and augmentation to enhance data quality and diversity. A ViT-based 

model will be developed and fine-tuned using transfer learning to adapt features learned from general image 

datasets for tumor detection tasks. The model's performance will be evaluated against CNN-based 

architectures, with metrics like accuracy, sensitivity, and specificity determining its effectiveness. To ensure 

scalability and efficiency, optimization techniques such as pruning and quantization will be applied, enabling 

real-time applications in resource-limited settings. This research aims to establish a robust and scalable 

solution for automated cancer detection, contributing to advancements in preclinical cancer research and drug 

development. 

VI. Expected Outcome  

 The proposed research aims to make significant contributions to preclinical cancer detection by developing 

an advanced computational framework based on Vision Transformers (ViTs). The expected outcomes of this 

work are multifaceted and impactful. First, the ViT-based framework is expected to offer improved accuracy 

and robustness in tumor detection, surpassing conventional models like CNNs. This improvement is 

particularly important for handling the variability in tumor morphology across diverse datasets, which will 

enhance the reliability and precision of cancer detection in preclinical studies, particularly in early-stage cancer 

diagnosis. 

http://www.ijcrt.org/


www.ijcrt.org                                                    © 2025 IJCRT | Volume 13, Issue 2 February 2025 | ISSN: 2320-2882 

IJCRT2502613 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org f206 
 

Additionally, the scalability and efficiency of the ViT-based model will be optimized to create a 

computationally efficient solution suitable for resource-constrained environments. This will result in a 

lightweight framework capable of real-time applications, making it well-suited for large-scale preclinical 

studies and speeding up drug discovery processes. The research will also contribute significantly to preclinical 

research and drug development by providing an automated, reliable cancer detection tool for mice. This tool 

will expedite tumor identification and classification, enhancing the accuracy and reproducibility of results in 

drug testing, potentially reducing both the time and cost associated with preclinical trials. 

In terms of technological impact, this work will contribute to the growing field of AI-based medical imaging, 

specifically the use of ViTs for biomedical applications. By integrating cutting-edge AI techniques into medical 

research, this project could revolutionize cancer detection, with far-reaching implications for both animal 

models and human clinical settings. The societal impact of this research is substantial, as improving cancer 

detection accuracy and speed in preclinical trials could lead to more efficient drug development and better 

healthcare outcomes. Ultimately, the research holds the potential to accelerate the identification of promising 

cancer treatments, reducing human suffering, and lowering healthcare costs. 

The development of a ViT-based computational framework for automated cancer detection in preclinical 

studies will be a significant achievement, offering more accurate, faster, and cost-effective tumor identification. 

The framework will also contribute to advancing AI-assisted medical imaging and lay the foundation for future 

breakthroughs in cancer research. The expected outcomes promise to benefit the scientific community and 

society by advancing the pace of cancer research and treatment development, leading to better health outcomes 

globally 
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