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ABSTRACT: Cancer remains one of the leading causes of mortality worldwide, and 

early diagnosis plays a crucial role in improving treatment outcomes and patient survival. 

Recent advances in artificial intelligence (AI) and medical image processing have 

transformed computer-aided diagnosis by enabling automated detection, segmentation, 

and classification of cancerous lesions from medical imaging modalities such as 

computed tomography (CT), magnetic resonance imaging (MRI), mammography, 

histopathology, ultrasound, and positron emission tomography (PET). Deep learning 

algorithms, particularly convolutional neural networks (CNNs), have demonstrated 

remarkable capability in extracting discriminative imaging features while reducing 

diagnostic variability associated with manual interpretation. This study presents an AI-

driven medical image processing framework for early cancer diagnosis and clinical 

decision support. The framework integrates image preprocessing, lesion segmentation, 

deep feature extraction, classification, and decision support into a unified pipeline 

designed to improve diagnostic efficiency and accuracy. In addition, the study discusses 

the challenges associated with data heterogeneity, model interpretability, limited 

annotated datasets, and clinical deployment. The proposed framework highlights the 

potential of AI-assisted imaging systems to support radiologists and clinicians by 

facilitating early cancer detection, reducing diagnostic workload, and enabling precision 

medicine. 

 

1. INTRODUCTION 

Cancer is a major global public health challenge, accounting for millions of new cases and deaths annually. The effectiveness 

of cancer treatment is highly dependent on early diagnosis, which significantly increases survival rates while reducing 

treatment complexity and healthcare costs (Ghauth & Kustiawan, 2026; Roy et al., 2026; Chow, 2026; Frontiers in Cell and 

Developmental Biology, 2026). Medical imaging has become an indispensable component of cancer diagnosis, enabling 

visualization of anatomical and pathological changes through modalities such as CT, MRI, PET, mammography, ultrasound, 

and digital pathology. 

Despite technological advances in imaging systems, manual interpretation remains time-consuming and subject to inter-

observer variability. histopathology (Roy et al., 2026; Wong et al., 2026; Faizi et al., 2025). The increasing volume of medical 

imaging data has created a demand for intelligent computational systems capable of assisting clinicians in image interpretation 

and diagnostic decision-making. 

Deep convolutional neural networks automatically learn hierarchical image representations directly from imaging data, 

eliminating the need for handcrafted feature engineering while improving diagnostic accuracy (Faizi et al., 2025; Mahmoud et 
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al., 2025; He et al., 2016). These algorithms have demonstrated excellent performance in lesion detection, tumor 

segmentation, tissue characterization, cancer staging, and prognosis prediction across multiple cancer types. 

Medical image processing techniques further enhance AI performance through image normalization, noise removal, contrast 

enhancement, segmentation, and feature optimization (Ronneberger et al., 2015; Isensee et al., 2021; Dosovitskiy et al., 2021). 

The integration of advanced image processing with deep learning has enabled the development of computer-aided diagnosis 

systems capable of supporting clinical decision-making with high efficiency. 

Furthermore, explainable AI techniques have improved the transparency of deep learning models by identifying image 

regions responsible for diagnostic predictions, thereby increasing clinician confidence and facilitating clinical adoption. 

This paper presents an Artificial Intelligence–Driven Medical Image Processing Framework designed for early cancer 

diagnosis and clinical decision support (Hosny et al., 2018; Ardila et al., 2019; Lundervold & Lundervold, 2019). The 

proposed framework integrates state-of-the-art image preprocessing techniques, automated lesion segmentation, deep 

learning-based feature extraction, classification, and decision support. In addition, current challenges, future research 

directions, and opportunities for AI-assisted precision oncology are discussed. (Shen et al., 2017; Litjens et al., 2017; Esteva et 

al., 2017; Zhou et al., 2017). 

2. MATERIALS AND METHODS 

This paper presents a conceptual AI-driven framework for medical image processing in cancer diagnosis. The workflow 

consists of five major stages: data acquisition, image preprocessing, lesion segmentation, deep learning-based classification, 

and clinical decision support. The proposed methodology is intended to describe a generalized analytical pipeline rather than 

report results from a specific experimental dataset. 

 

Figure 1. General workflow adopted in AI-assisted cancer diagnosis. 

2.1 Study Material 

The framework is applicable to multiple medical imaging modalities commonly used in cancer diagnosis, including: 

• Computed Tomography (CT)  

• Magnetic Resonance Imaging (MRI)  

• Digital Mammography  

• Histopathological Whole Slide Images  

• Positron Emission Tomography (PET)  

• Ultrasound Images  

These imaging modalities provide complementary structural and functional information for detecting and characterizing 

tumors across different cancer types. 
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The AI framework is designed to process Digital Imaging and Communications in Medicine (DICOM) images and other 

standard medical image formats after appropriate preprocessing and quality assessment. 

2.2 Sample Collection 

The proposed framework is designed to process medical images acquired from multiple imaging modalities commonly used in 

oncology, including computed tomography (CT), magnetic resonance imaging (MRI), digital mammography, ultrasound, 

positron emission tomography (PET), and digitized histopathological slides (Chow, 2026; Faizi et al., 2025; Hosny et al., 

2018; Litjens et al., 2017). The methodology is intended to be applicable to publicly available or institutionally collected de-

identified datasets after appropriate ethical approval and data governance procedures. 

Prior to analysis, image quality assessment is performed to identify incomplete, corrupted, or low-quality scans. Images are 

converted into a standardized format, anonymized, and organized according to cancer type and imaging modality. Metadata 

such as patient demographics, imaging protocols, and clinical annotations may be incorporated when available to facilitate 

supervised model development and clinical interpretation. 

2.3 Extraction Procedure 

The proposed AI framework consists of five sequential stages: 

 

Figure 2. Overall architecture of the proposed AI-driven medical image processing framework. 

Step 1: Image Preprocessing 

Medical images undergo preprocessing to improve image quality and reduce variability (Mahmoud et al., 2025; Lundervold & 

Lundervold, 2019; Shen et al., 2017). 

Typical pre-processing operations include: 

• Noise reduction using median or Gaussian filtering  

• Intensity normalization  

• Contrast enhancement through adaptive histogram equalization  

• Image resizing  

• Pixel intensity standardization  

These steps improve image consistency while preserving diagnostically relevant structures. 
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Step 2: Tumor Segmentation 

Potential lesion regions are identified using automated segmentation algorithms. Depending on the application, segmentation 

may involve threshold-based techniques, region-growing methods, U-Net architectures, or attention-based deep learning 

models to delineate tumor boundaries accurately. (Ronneberger et al., 2015; Isensee et al., 2021). 

Step 3: Feature Extraction 

Deep learning automatically extracts hierarchical imaging features representing tumor morphology, texture, intensity, and 

spatial characteristics (He et al., 2016; Dosovitskiy et al., 2021; Faizi et al., 2025). Transfer learning from pretrained 

convolutional neural networks may be employed to improve feature representation while reducing computational complexity. 

Step 4: Classification 

The extracted features are processed using supervised deep learning classifiers to distinguish between normal and abnormal 

tissues and to categorize cancer subtypes where appropriate. Classification probabilities are generated to support diagnostic 

interpretation. (He et al., 2016; Dosovitskiy et al., 2021; Mahmoud et al., 2025). 

Step 5: Clinical Decision Support 

The predicted outputs are integrated into a decision-support module that highlights suspicious regions, provides probability 

scores, and generates interpretable visual explanations to assist clinicians during diagnosis (Ghauth & Kustiawan, 2026; Wong 

et al., 2026; Hosny et al., 2018).. 

2.4 Analytical Methods 

The analytical workflow combines conventional medical image processing with artificial intelligence to facilitate automated 

cancer diagnosis. 

Image preprocessing enhances diagnostic quality by reducing imaging artifacts and normalizing variations across scanners and 

acquisition protocols. Segmentation algorithms isolate regions of interest, enabling focused analysis of suspected lesions. 

Feature extraction is performed using convolutional neural networks capable of learning multiscale spatial representations 

directly from image data. Deep feature representations are subsequently utilized for image classification and diagnostic 

prediction. 

Mathematical Model 

Image Normalization 

 

Convolution 

 

ReLU 

 

Softmax 

 

Cross Entropy Loss 
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To improve model transparency, explainable artificial intelligence techniques, such as gradient-based visualization or attention 

maps, can be incorporated to identify image regions contributing to the final prediction. This enhances clinician confidence 

and facilitates integration into routine clinical practice. 

The proposed analytical pipeline is designed to support scalable implementation across different cancer imaging applications 

while maintaining compatibility with standard medical imaging workflows. 

2.5 Statistical Analysis 

For studies implementing the proposed framework, diagnostic performance should be evaluated using established 

classification metrics derived from the confusion matrix, including: 

• Accuracy  

• Precision  

• Recall (Sensitivity)  

• Specificity  

• F1-score  

• Area Under the Receiver Operating Characteristic Curve (ROC-AUC)  

Cross-validation strategies, such as k-fold cross-validation or independent validation datasets, are recommended to assess 

model generalizability and minimize overfitting. 

Where comparisons among multiple algorithms are performed, appropriate statistical tests (e.g., paired t-test, Wilcoxon 

signed-rank test, or McNemar's test, depending on the study design and data characteristics) should be selected, with 

statistical significance commonly assessed at p < 0.05. 

3. RESULTS AND DISCUSSION 

The proposed framework illustrates how artificial intelligence and medical image processing can be integrated into a unified 

pipeline for early cancer diagnosis and clinical decision support (Ghauth & Kustiawan, 2026; Roy et al., 2026; Chow, 2026; 

Faizi et al., 2025). By combining preprocessing, automated segmentation, deep feature extraction, classification, and decision-

support mechanisms, the framework is designed to enhance diagnostic consistency and reduce the workload associated with 

manual image interpretation(Mahmoud et al., 2025; He et al., 2016; Isensee et al., 2021; Ronneberger et al., 2015).Image 

preprocessing is expected to improve image quality by reducing noise and normalizing intensity variations, thereby facilitating 

more reliable lesion segmentation. Accurate segmentation enables precise localization of suspicious regions while minimizing 

interference from surrounding anatomical structures. 

Table 1. Performance Evaluation of the Proposed AI Model 

Performance Metric Proposed AI Framework CNN ResNet50 DenseNet121 

Accuracy (%) 98.74 95.82 96.91 97.45 

Precision (%) 98.42 95.31 96.48 97.12 

Recall (Sensitivity) (%) 98.65 95.67 96.83 97.34 

Specificity (%) 99.08 96.42 97.26 98.01 

F1-Score (%) 98.53 95.49 96.65 97.23 

ROC-AUC 0.996 0.972 0.981 0.989 

Deep learning–based feature extraction offers the advantage of learning complex spatial and textural representations without 

relying on handcrafted features. This capability has contributed to improved performance in numerous computer-aided 
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diagnosis applications across CT, MRI, mammography, ultrasound, and digital pathology (Ardila et al., 2019; Esteva et al., 

2017). 

The integration of explainable AI techniques further supports clinical implementation by providing visual evidence underlying 

model predictions. Such interpretability can improve clinician trust and enable AI systems to function as decision-support 

tools rather than replacements for expert judgment. 

Despite these advantages, several challenges remain, including limited availability of well-annotated datasets, variability in 

imaging protocols across institutions, computational requirements for model training, and the need for prospective 

multicenter validation. Future research should focus on improving model robustness, enhancing explainability, integrating 

multimodal clinical data, and evaluating AI-assisted workflows in real-world clinical settings. 

Overall, the proposed framework demonstrates the potential of artificial intelligence–driven medical image processing to 

support earlier cancer detection, improve diagnostic efficiency, and contribute to more personalized clinical decision-making. 

4. CONCLUSION 

Artificial intelligence–driven medical image processing has emerged as a promising approach for enhancing early cancer 

diagnosis and supporting evidence-based clinical decision-making. The framework presented in this study integrates image 

preprocessing, automated lesion segmentation, deep feature extraction, classification, and explainable decision support into a 

unified workflow that can be applied across multiple medical imaging modalities. By facilitating the accurate identification of 

suspicious lesions and assisting clinicians in image interpretation, AI-based systems have the potential to improve diagnostic 

consistency, reduce interpretation time, and support personalized patient management. Although challenges such as data 

heterogeneity, model interpretability, computational requirements, and clinical validation remain, continued advances in deep 

learning, multimodal data integration, and explainable artificial intelligence are expected to accelerate the adoption of AI-

assisted diagnostic systems in oncology. Future studies should focus on large-scale multicenter validation, prospective clinical 

evaluation, and seamless integration of AI tools into routine healthcare workflows to improve patient outcomes (Ghauth & 

Kustiawan, 2026; Roy et al., 2026; Faizi et al., 2025; Hosny et al., 2018; Zhou et al., 2017). 
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