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| ABSTRACT

The integration of Artificial Intelligence (Al) into medical imaging has revolutionized cancer detection and diagnosis, offering
unprecedented accuracy, speed, and consistency. This study investigates the application of advanced Al models, particularly
Convolutional Neural Networks (CNNs), in analyzing medical images for enhanced identification of cancerous tissues. Models
including VGG16, ResNet50, and DenseNet121 were evaluated for classification tasks, while U-Net variants were utilized for
segmentation. A comprehensive methodology encompassing data collection, preprocessing, augmentation, and evaluation was
employed to ensure robustness. Experimental results revealed that DenseNet121 achieved the highest performance across
precision, recall, and F1-score metrics. Graphical and tabular analyses further validated model efficacy and computational
efficiency. This research highlights the significant potential of deep learning in clinical oncology and sets the stage for future
developments involving multimodal data integration, real-time Al deployment, and explainable models for enhanced clinical
trust. The findings affirm Al's transformative role in medical imaging and pave the way for its adoption in real-world cancer
diagnosis systems.
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1. Introduction

The integration of Artificial Intelligence (Al) into medical imaging has emerged as a transformative force in modern healthcare,
particularly in the field of oncology. Cancer, a leading cause of mortality worldwide, demands early and accurate detection to
improve patient outcomes and survival rates. Traditional imaging techniques such as Magnetic Resonance Imaging (MRI),
Computed Tomography (CT), Positron Emission Tomography (PET), and mammography, although essential, are often limited by
subjective interpretation, human error, and variability among radiologists [1]. As a result, there is a pressing need for more objective
and consistent diagnostic support systems. Al, especially in the form of machine learning (ML) and deep learning (DL), has
demonstrated significant potential in enhancing the accuracy, efficiency, and reproducibility of cancer detection and diagnosis [2].
By training algorithms on large-scale annotated medical imaging datasets, Al models can identify patterns, features, and anomalies
that may not be visible to the human eye. This capability is particularly beneficial in early-stage cancer detection, where subtle
indicators can be critical [3]. Furthermore, the convergence of Al with high-resolution imaging and big data analytics facilitates

Copyright: © 2025 the Author(s). This article is an open access article distributed under the terms and conditions of the Creative Commons
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real-time decision-making and personalized treatment strategies. The automation of image analysis not only reduces radiologist
workload but also enhances diagnostic precision and throughput [4]. Major research efforts and clinical trials have highlighted Al's
effectiveness in identifying various types of cancers, including lung, breast, prostate, and skin cancers, through automated imaging
systems [5]. This study explores the utilization of Al in medical imaging for cancer diagnosis, emphasizing its transformative role,
current capabilities, and future potential. It also aims to identify existing gaps and propose directions for more robust, interpretable,
and ethically grounded Al applications in oncology.

1.1 Background and Motivation

Cancer remains one of the most significant health challenges globally, accounting for approximately 10 million deaths in 2020
alone, according to the World Health Organization (WHO) [6]. Early detection and accurate diagnosis are pivotal in improving
survival rates and reducing treatment costs. Conventional cancer diagnostic procedures heavily rely on medical imaging modalities
such as X-ray, Computed Tomography (CT), Magnetic Resonance Imaging (MRI), Ultrasound, and Positron Emission Tomography
(PET) [7]. These imaging technologies provide essential anatomical and functional information about tissues and organs, enabling
radiologists to identify and characterize abnormal growths. However, the increasing demand for imaging services, along with a
shortage of trained radiologists, poses a substantial burden on healthcare systems globally [8].

Artificial Intelligence (Al), particularly machine learning (ML) and deep learning (DL), has emerged as a disruptive solution to
augment traditional medical imaging practices. By leveraging computational models that can learn from vast amounts of imaging
data, Al systems can assist in identifying intricate patterns and anomalies that may be subtle or easily overlooked by human
observers [9]. The capacity of Al algorithms to process high-dimensional data with speed and precision has led to promising
advancements in various diagnostic tasks such as tumor detection, segmentation, classification, and prognostication [10].

In recent years, Al has demonstrated remarkable success in cancer-related applications. For instance, convolutional neural networks
(CNNs) have achieved dermatologist-level accuracy in skin cancer classification from dermoscopic images [11]. Similarly, deep
learning models trained on mammography datasets have matched or even surpassed expert radiologists in detecting breast cancer
[12]. In lung cancer screening, Al-based systems have shown the ability to reduce false positives and improve detection rates,
especially in early-stage nodules where radiologic signs are less apparent [13].

The motivation for harnessing Al in medical imaging lies not only in improving diagnostic accuracy but also in streamlining clinical
workflows and reducing inter-observer variability. Radiologists often face fatigue and cognitive overload, especially when
interpreting large volumes of complex imaging data. Al tools can serve as a second reader, flagging suspicious regions and
prioritizing critical cases, thereby improving efficiency and patient safety [14].

Moreover, the convergence of Al with big data and cloud computing allows for scalable solutions capable of real-time analytics,
remote diagnostics, and population-based screening programs [15]. With the increasing availability of annotated imaging datasets
and open-source Al frameworks, research and development in this domain have accelerated. Nevertheless, integrating Al into
clinical practice requires addressing challenges such as data privacy, algorithm interpretability, regulatory approval, and clinician
acceptance [16].

In summary, the rapid evolution of Al in medical imaging offers a compelling opportunity to enhance cancer detection and
diagnosis. The motivation for this research stems from the growing need to augment current diagnostic methods, improve health
outcomes, and pave the way for more personalized and data-driven cancer care.

1.2 Problem Statement and Research Gap

Despite the significant advancements in artificial intelligence (Al) for medical imaging, its widespread clinical adoption in cancer
detection and diagnosis remains limited. Current Al models, although effective in controlled research environments, often struggle
to maintain consistent performance across diverse clinical settings, patient populations, and imaging devices [17]. Many studies
have reported high sensitivity and specificity under ideal conditions, but these results are not always replicable in real-world
scenarios due to factors such as dataset bias, imaging noise, and lack of standardization [18]. Another pressing issue is the “black-
box" nature of many deep learning (DL) models, which impairs clinical trust and interpretability. Radiologists and clinicians require
transparency in decision-making processes, especially in critical domains like oncology where treatment plans depend heavily on
diagnostic accuracy [19]. The inability to explain why a model makes a certain prediction creates skepticism, regulatory barriers,
and ethical dilemmas in clinical deployment [20]. Moreover, a considerable portion of existing research focuses on detecting a
single type of cancer, often using private or limited datasets. This hinders generalization and reproducibility. There is a lack of
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comparative multi-cancer frameworks or integrated models that can effectively handle heterogeneous imaging data and diverse
pathologies [21]. Most Al solutions are trained and validated on curated datasets that may not reflect real-world patient
demographics, comorbidities, or varying imaging protocols [22]. Furthermore, regulatory, ethical, and infrastructural challenges
remain underexplored. There is insufficient attention to data privacy, model bias, and integration into existing healthcare systems,
especially in low-resource settings [23]. These challenges create a significant research gap in developing Al systems that are robust,
explainable, and clinically translatable. In light of these issues, this study aims to explore and address the current limitations of Al-
based cancer imaging systems and propose pathways toward more interpretable, generalizable, and ethically aligned models for
clinical use.

1.3 Objectives and Scope of the Study

The primary objective of this study is to explore how artificial intelligence (Al), particularly machine learning (ML) and deep learning
(DL) techniques, can enhance the accuracy, efficiency, and early detection capabilities of medical imaging for cancer diagnosis. By
addressing the critical limitations in existing Al systems such as interpretability, generalizability, and clinical integration the study
aims to provide a comprehensive framework for developing robust, explainable, and ethically sound Al models tailored for real-
world oncology applications [24]. This research seeks to (i) review and analyze current Al-based imaging methodologies for various
cancer types, (ii) identify performance gaps in terms of cross-institutional deployment and clinical trust, and (iii) propose
improvements in model design, data diversity, and validation protocols. Additionally, it will assess the ethical, regulatory, and
infrastructural challenges in implementing Al-driven diagnostic tools across different healthcare environments [25]. The scope of
the study spans a wide range of imaging modalities, including but not limited to MRI, CT, PET, and mammography, covering both
organ-specific and multi-cancer detection systems. It encompasses technical, clinical, and policy-related dimensions, with the
ultimate aim of guiding future Al research and adoption in oncology diagnostics [26].

1.4 Significance and Contributions

The integration of artificial intelligence (Al) into medical imaging holds transformative potential for enhancing cancer detection
and diagnosis. This study is significant because it addresses key limitations in current Al models such as lack of interpretability,
generalizability, and clinical usability by emphasizing solutions that are both technically robust and aligned with healthcare realities
[27]. Given the rising global cancer burden and shortage of specialized radiologists, Al can serve as a critical decision-support tool
to improve early detection, reduce diagnostic errors, and optimize workflow efficiency [28]. One of the core contributions of this
study is its multi-faceted analysis that bridges technical innovation with clinical application. It highlights the need for diverse, high-
quality datasets, interpretable algorithms, and ethical design principles to build trustworthy Al systems for cancer imaging [29].
Additionally, the research identifies how Al can be tailored for low-resource settings, offering scalable solutions where diagnostic
infrastructure is limited. By synthesizing insights from current literature and identifying research gaps, this study provides a
strategic roadmap for future investigations and real-world implementation of Al in oncology diagnostics. It aims to inform
developers, clinicians, and policymakers about practical pathways to ensure that Al technologies enhance, rather than disrupt,
clinical care [30].

2. Literature Review

The evolution of artificial intelligence (Al) in medical imaging has revolutionized diagnostic radiology by offering computational
models that learn from vast amounts of imaging data. Early approaches relied heavily on hand-crafted features and traditional
machine learning techniques such as support vector machines and random forests [31]. However, these methods required manual
feature extraction and suffered from limited scalability across imaging modalities and cancer types.

2.1 Evolution of Artificial Intelligence in Medical Imaging

With the advent of deep learning particularly convolutional neural networks (CNNs) Al in medical imaging witnessed a paradigm
shift. Deep learning models demonstrated remarkable accuracy in image classification, segmentation, and anomaly detection tasks,
often rivaling human experts [32]. The breakthrough came with the application of ImageNet-trained CNNs to medical datasets,
enabling transfer learning to fine-tune networks for specific cancer types using smaller annotated datasets [33]. Recent
advancements have led to the integration of multimodal data (e.g., radiomics, genomics, clinical notes) to improve diagnostic
precision. Moreover, explainable Al models are being developed to address the “black box” issue and build clinician trust [34, 68].
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The evolution of Al in this domain marks a significant step toward personalized medicine and early cancer detection, offering real-
time decision support and improved patient outcomes.

2.2 Al Algorithms in Cancer Detection: Traditional vs Deep Learning Approaches

Artificial intelligence (Al) algorithms for cancer detection have evolved from traditional machine learning (ML) models to
sophisticated deep learning (DL) architectures. Traditional ML approaches, such as decision trees, support vector machines (SVM),
and k-nearest neighbors (k-NN), rely on engineered features extracted manually from medical images. These models often perform
well on small datasets and are relatively interpretable, but they lack scalability and struggle with high-dimensional data common
in medical imaging [35]. In contrast, deep learning especially convolutional neural networks (CNNs) has shown superior
performance in cancer detection tasks by automatically learning hierarchical features directly from raw images. CNNs have been
successfully applied to detect breast cancer in mammograms, lung nodules in CT scans, and brain tumors in MRI images with high
sensitivity and specificity [36]. Advanced architectures like ResNet, DenseNet, and U-Net have further enhanced the ability to
classify and segment tumors with precision [37, 38].

2.3 Application of Al in Different Cancer Types

Al has shown remarkable performance across various cancer types, improving detection, classification, and prognosis. In breast
cancer, deep learning models have achieved radiologist-level accuracy in interpreting mammograms [39]. Similarly, CNNs aid in
detecting lung nodules on chest CT scans, significantly reducing false negatives 4040. For brain tumors, Al-driven MRI
segmentation enables precise localization and grading [41]. Prostate, skin, and colorectal cancers also benefit from Al-enhanced
pathology and imaging analysis [42]. These applications demonstrate Al's adaptability across modalities and cancer types,
reinforcing its role in improving diagnostic confidence and early intervention strategies.

2.4 Challenges in Al-based Cancer Imaging

Despite its promising potential, Al in cancer imaging faces several challenges. One of the main issues is the need for large,
annotated datasets for model training, which are often difficult to obtain due to privacy concerns and the labor-intensive nature
of annotation. Additionally, Al models can suffer from a lack of generalizability, performing well on specific datasets but struggling
with new, unseen data from different populations or imaging equipment. Interpretability remains another major challenge, as the
"black box" nature of deep learning models hinders clinical trust and acceptance. Biases in training data can also lead to skewed
predictions.

2.5 Ethical, Regulatory, and Clinical Integration Issues

The integration of Al in cancer imaging raises significant ethical and regulatory concerns. Patient data privacy and informed consent
must be carefully managed, particularly when using large-scale medical datasets. Regulatory approval processes for Al tools are
still evolving, with challenges in standardizing validation criteria across jurisdictions [43]. Clinically, integrating Al into existing
workflows requires careful alignment with radiologists’ expertise to ensure the technology augments rather than replaces human
judgment. Additionally, liability in case of Al misdiagnosis remains unresolved, posing risks to both providers and patients.
Transparent, interpretable Al models are crucial to gain trust and ensure responsible clinical adoption.

2.6 Literature Review Table: Comparative Analysis of Al Models for Cancer Imaging

Table 1: Summary of Al Applications in Cancer Imaging: Models, Data Sources, and Performance

Study Cancer Type Al Model Data Source Performance Key Findings
Metrics

Rodriguez-Ruiz Breast CNN Mammaography AUC: 0.89 Al matched or

et al. (2019) (Private) outperformed
101 radiologists
in cancer
detection.

Ardila et al. Lung 3D CNN Low-dose CT AUC: 0.94 Model detected

(2019) (NLST Dataset) lung cancer
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earlier than

radiologists.
Pereira et al. Brain CNN MRI (BraTS Dice Score: 0.88 | Achieved high
(2016) Dataset) segmentation

accuracy for
brain tumors.

Esteva et al. Skin Inception v3 Dermoscopic AUC: 0.91 Comparable to
(2017) CNN Images (ISIC) board-certified
dermatologists.
Hosny et al. Multiple Radiomics + ML | CT, MRI, PET Varies by Demonstrated
(2018) modality multi-cancer

application of Al

in imaging.
Bibault et al. Prostate DL + Radiomics MRI (Internal Accuracy: 87% Enhanced
(2019) Dataset) diagnosis and

treatment

planning.

3. Methodology

This section outlines the framework adopted for implementing Al in medical imaging for cancer detection and diagnosis. It details
the dataset selection, preprocessing strategies, Al model configurations, hardware setup, and the evaluation metrics used to assess
model performance. A structured pipeline was followed to ensure consistency and reproducibility across experiments.

Figure 1: Integrating Intraoperative and Ex-Vivo Advanced Optical Imaging in a Surgical Setting

Figure 1 depicts a surgical workflow incorporating advanced optical imaging techniques. Panel (A) shows the intraoperative surgical
environment where surgeons utilize specialized equipment, including a surgical microscope or exoscope, alongside additional
camera systems. Panels (B) and (C) illustrate in-situ tissue imaging, presenting paired views of tissue within the surgical field, with
standard color images alongside corresponding grayscale views from a specialized optical modality, both including a 1cm scale
bar. Following tissue resection, Panel (D) displays an ex-vivo specimen analysis station where an operator uses a laptop connected
to an imaging device to scan the removed tissue. Finally, Panels (E) and (F) provide paired images of these resected specimens,
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showing standard color photographs alongside their specialized grayscale optical counterparts, again with 1cm scale bars for
reference, allowing for detailed ex-vivo examination.

Raw lmage Grround truth 3D display

Figure 2: Multimodal Visualization of Abdominal CT Scans and 3D Reconstruction for Tumor Localization

Figure 2 illustrates a multimodal visualization of abdominal CT scans used for tumor localization and segmentation. Each row
showcases raw CT slices (left), ground truth annotations highlighting tumor regions (middle), and their corresponding 3D
reconstructions (right). These visualizations support model validation and offer critical insight into tumor morphology, enabling
enhanced interpretability and aiding in surgical planning. Figure 2 presents a diverse collection of cancer imaging data spanning
various modalities. It includes histopathological slides of breast, cervical, colon, and lung cancers; endoscopic views of esophageal
cancer; dermoscopic images of skin cancer; and CT/MRI scans of liver, brain, and pancreatic tumors. The compilation underscores
the heterogeneity of medical imaging data and emphasizes the importance of developing robust, modality-independent Al models

capable of performing across different cancer types and imaging formats [50].

Figure 3: Representative Samples from Diverse Cancer Imaging Datasets
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Figure 3 showcases a diverse set of medical images used in cancer diagnosis, reflecting the wide range of imaging modalities
employed in clinical practice. The collection includes histopathological slides from breast, cervical, colon, and lung cancers, where
cellular structures are stained to highlight malignancy. It also presents dermoscopic images used for early detection of skin cancer,
endoscopic images for esophageal tumor visualization, and radiological scans such as CT and MRI from liver, brain, and pancreatic
cancers [51]. This diversity exemplifies the challenge in designing a unified Al framework capable of handling the variability in
image quality, resolution, and diagnostic patterns across cancer types. The visualization highlights the necessity of multimodal
data integration and transfer learning in the development of robust and generalizable Al models for cancer detection and
diagnosis.

3.1 Data Collection

The study utilized publicly available medical imaging datasets from established repositories such as The Cancer Imaging Archive
(TCIA) and the Lung Image Database Consortium (LIDC-IDRI). These datasets include mammograms, CT scans, MRI, and
dermoscopic images representing different cancer types such as lung, breast, brain, and skin cancers. All datasets were anonymized
and included labeled data confirmed by certified radiologists or histopathological reports. Data diversity was prioritized to ensure
generalization, incorporating various demographic profiles and imaging modalities. For models requiring segmentation, datasets
with pixel-level annotations were selected to support supervised training and accurate validation.

3.2 Data Preprocessing

Preprocessing is a critical phase in medical image analysis to enhance data quality and model performance. The images were
resized to a uniform resolution, and intensity normalization was applied to minimize scanner variability. Noise reduction
techniques, such as Gaussian blurring and histogram equalization, were used to enhance feature visibility. For segmentation tasks,
masks were converted to binary format. Data augmentation techniques like rotation, flipping, and contrast adjustments were
applied to increase training data diversity and reduce overfitting. In cases of class imbalance, oversampling and synthetic
augmentation (e.g., SMOTE for tabular labels) were used to maintain distribution parity across cancer types [46].

3.3 Al Models

Multiple Al models were employed to address different cancer imaging tasks. For classification, convolutional neural networks
(CNNs) such as VGG16, ResNet50, and DenseNet121 were fine-tuned on cancer image datasets using transfer learning. For
segmentation tasks, U-Net and its variants were used to delineate tumor regions. Additionally, hybrid models combining CNNs
with LSTM layers were explored for temporal imaging data. Hyperparameter tuning was performed using grid search and cross-
validation [47]. Each model was trained using categorical cross-entropy loss and optimized with Adam or SGD optimizers
depending on convergence behavior.

3.3.1 Convolutional Neural Networks (CNNs) for Classification

CNNs are widely adopted for cancer image classification tasks due to their ability to learn spatial hierarchies of features. The
general form of a CNN layer operation is:

70 = f(W(l) XD 4 b(l)), (1)

where: * denotes the convolution operation, W® and b® are the weights and biases of layer I, XD is the input feature map
from the previous layer, f is an activation function, typically ReLU: f(x) = max(0, x).

Models Used: VGG16: Uses small 3x33x3 convolution filters with deep architecture. ResNet50: Employs residual learning:
F(x) =H(x) —x= H(x) =F(x) +x,(2)
where H(x) is the true mapping and x is the input. DenseNet121: Introduces dense connections between layers:

X, = Hl([x()ixli "'ixl—l])i (3)
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3.3.2 Transfer Learning Strategy

Transfer learning was applied by fine-tuning models pre-trained on ImageNet: Initial layers were frozen to retain low-level
features. Final fully connected layers were replaced and trained on the cancer dataset.

Loss Function: Loy = — X5, v log(F,), (4)
Where y; is the true label and #, is the predicted probability for class i.
3.3.3 U-Net for Segmentation

U-Net is a widely used architecture for medical image segmentation. It consists of a contracting path (encoder) and an expanding
path (decoder), with skip connections.

Segmentation Output: ¥ = o(fy—_yec (X)), (5)

Where ¢ is the sigmoid activation for binary segmentation. Dice Coefficient is used to measure performance:

Dice — 2TP ;
ice = Srprrp+EN’ ©

3.3.4 Hybrid CNN-LSTM Models

For temporal imaging datasets (e.g., fMRI or time-lapse scans), CNNs were combined with LSTMs. CNN extracts spatial features.
LSTM models temporal dependencies:

hy = LSTM (x;he—1), (7)
Where: x, feature vector at time ¢t, h, hidden state. This helps model progression of cancer over time.
3.3.5 Optimization and Hyperparameter Tuning

Optimizers: Adam and SGD used. Adam update rule:

—~

me

041 =60 —n.—,(8)
\/v:t+e

Hyperparameter Tuning: Learning rate: [0.0001, 0.001, 0.01], Batch size: [16, 32, 64], Dropout: [0.3, 0.5] Cross-validation (5-fold)
was employed for robust training.

3.4 Experimental Hardware Setup

All experiments were conducted using a high-performance computing setup to manage the computational demands of deep
learning training. The system was powered by an NVIDIA RTX 3090 GPU with 24 GB VRAM, 64 GB of RAM, and an Intel Core i9
processor. Models were developed using Python with TensorFlow and PyTorch frameworks. Jupyter Notebooks and Google Colab
Pro were used for prototyping and cloud-based GPU acceleration. The setup ensured minimal training bottlenecks and allowed
batch processing of large medical image volumes for efficient experimentation and validation [65].
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4. Results and Analysis

This section evaluates model performance using accuracy and loss graphs over epochs. DenseNet121 showed the highest accuracy
(~93%) and the lowest loss (~0.15) after 10 epochs. VGG16 trailed slightly behind. Graph-based comparisons support these
observations. The data reveal that deeper networks generalize better with transfer learning. Evaluation metrics like precision, recall,
and F1-score also reinforced DenseNet's superiority in cancer detection accuracy.

4.1 Accuracy Comparison Over Epochs

The figure 4 illustrates the training performance of three convolutional neural network models VGG16, ResNet50, and DenseNet121
in terms of accuracy (left panel) and loss (right panel) over 10 training epochs. Left Panel: Model Accuracy over Epochs, the Y
axis represents accuracy, and the X-axis represents the number of epochs (1 to 10). All three models exhibit monotonic
improvement in accuracy over time, indicating effective learning. DenseNet121 (pink line) shows the highest performance
throughout all epochs. It starts with an initial accuracy of around 0.74 and reaches nearly 0.93 by the 10th epoch. ResNet50 (orange
line) performs better than VGG16 initially and maintains a moderate lead, ending near 0.91. VGG16 (yellow line) shows steady but
slightly slower growth, starting at 0.70 and reaching 0.90 by the final epoch. DenseNet121's dense connectivity promotes better
feature propagation and reuse, resulting in faster convergence and higher final accuracy. Right Panel: Model Loss over Epochs:
the Y-axis represents cross-entropy), and the X-axis again indicates the epochs. All  models
demonstrate consistent decrease in training loss, suggesting reduction in classification error over epochs. DenseNet121 achieves
the lowest final loss, dropping from ~0.56 to below 0.15. ResNet50 follows closely, decreasing to about 0.18. VGG16 starts at the

highest loss (~0.60) and finishes around 0.20, reflecting its relatively lower performance. The steeper loss reduction in DenseNet121

the loss (categorical

suggests better optimization efficiency and reduced risk of overfitting due to its architecture.
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Figure 4: Performance Metrics of VGG16, ResNet50, and DenseNet121 During Training
4.2 Evaluation Metrics Table

The table 2 below presents the evaluation metrics Precision, Recall, and F1-Score for three prominent convolutional neural network
models: VGG16, ResNet50, and DenseNet121, trained on a cancer imaging dataset. Precision: measures the proportion of correctly
identified positive cases (i.e., cancer-positive images) out of all instances predicted as positive. Higher precision indicates fewer
false positives. Recall: quantifies the proportion of actual positive cases that were correctly detected. Higher recall means fewer
false negatives. F1-Score: is the harmonic mean of precision and recall, offering a balance between the two, especially valuable in
datasets with class imbalance. DenseNet121: achieved the highest scores across all metrics, indicating its superior ability to both
correctly detect and classify cancerous lesions with minimal errors. ResNet50: followed closely, showing balanced performance
with slightly lower values. VGG16: exhibited the lowest scores among the three, although still maintaining acceptable performance
levels. This analysis confirms that DenseNet121 is the most effective model in this context, likely due to its densely connected
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layers that facilitate better feature propagation and gradient flow. These metrics support the choice of DenseNet121 as the

preferred model for deployment or further refinement in clinical decision-support systems.

Table 2: Performance Comparison of CNN Architectures Based on Precision, Recall, and F1-Score

Model Precision Recall F1-Score
VGG16 0.87 0.85 0.86
ResNet50 0.89 0.88 0.88
DenseNet121 0.91 0.92 0.91

4.3 Final Accuracy and Loss Table

The table 3 below highlights the final accuracy and loss values achieved by the three deep learning models—VGG16, ResNet50,

and DenseNet121 at the conclusion of training:

Table 3: Final Accuracy and Loss Comparison of CNN Architectures

Model Final Accuracy Final Loss
VGG16 90% 0.20
ResNet50 92% 0.18
DenseNet121 93% 0.15

Final Accuracy: represents the percentage of correctly classified instances on the validation or test set after completing all training
epochs. Higher accuracy indicates better predictive performance. Final Loss: measures the model's error after training. A lower loss
signifies better optimization and learning stability. DenseNet121 outperforms the others with the highest accuracy
(93%) and lowest loss (0.15), reinforcing its superior learning capabilities and generalization. ResNet50 also performs robustly, with
a final accuracy of 92% and a slightly higher loss than DenseNet121. VGG16, while still effective, lags behind with a final accuracy
of 90% and the highest loss value of 0.20. These findings align with earlier evaluations (precision, recall, and F1-score), confirming
that DenseNet121 consistently delivers better performance across all key metrics. Its deeper and more efficient architecture likely

contributes to more effective feature learning and reduced overfitting.
5. Discussion

The results presented across classification accuracy, loss curves, and evaluation metrics reveal clear patterns in model performance
across different architectures. A comparative summary of final performance is shown in the following bar graph:

Comparative Performance of CNN Maodels on Cancer Image Classification

975} &= Fi-scom 8

90.0 |

farformance (%)

goot el

AmaNet50 DenseNet121
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Figure 5: Comparative Performance of Models on Cancer Image Classification
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Figure 5 provides a comparative overview of three critical performance metrics Final Accuracy, Precision, and F1-Score for the
VGG16, ResNet50, and DenseNet121 models. These metrics were chosen to reflect both the correctness and robustness of the
classification task. DenseNet121 consistently outperforms the others in all metrics. Its dense connectivity mechanism enables
improved gradient flow and feature reuse, making it particularly effective for learning complex cancer image features. ResNet50,
with its residual learning framework, demonstrates solid generalization and achieves second-best results, with minimal overfitting
as shown by the low final loss (0.18). VGG16, while performing reasonably well, shows relatively lower precision and higher loss.
This suggests potential limitations in handling high-dimensional data without residual or dense connections. The consistent
improvement from VGG16 — ResNet50 — DenseNet121 suggests that deeper and more advanced architectures contribute
significantly to better feature learning in medical imaging tasks. Moreover, all three models improved over training epochs, as
indicated by rising accuracy and falling loss in Figure 4, confirming the benefit of transfer learning and proper optimization. These
findings validate the effectiveness of deep CNNs in cancer classification tasks and highlight the importance of model architecture
choice. In clinical deployment scenarios, DenseNet121 is the most promising due to its superior performance and potential for
fewer false positives/negatives.

6. Conclusion and Future Work

This study has explored the use of advanced artificial intelligence (Al) models in enhancing cancer detection and diagnosis through
medical imaging. By leveraging convolutional neural networks (CNNs) such as VGG16, ResNet50, and DenseNet121, we
demonstrated substantial performance improvements in classification tasks. Additionally, U-Net-based architectures proved
effective in image segmentation, identifying tumor boundaries with high accuracy. Preprocessing techniques, including
normalization, augmentation, and class balancing, were critical in improving model generalizability and robustness. Comparative
analysis showed DenseNet121 consistently outperforming the others across precision, recall, and F1-score metrics [67]. The
experimental results not only affirm the power of deep learning in radiological image analysis but also underscore the potential of
hybrid models for processing complex or temporal datasets. Furthermore, the evaluation revealed that model performance is
closely tied to data quality, proper preprocessing, and careful model tuning. This highlights the importance of an end-to-end
pipeline in medical Al research.

For future work, several avenues remain open. Integration of multimodal data (e.g., pathology, genomic data), incorporation of
explainable Al (XAl) for clinical transparency, and real-time deployment in hospital settings are key directions. Additionally, future
research should focus on enhancing model interpretability, improving fairness across diverse patient populations, and validating
models across larger, multi-institutional datasets to ensure clinical readiness [66].
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