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Abstract 

         Breast cancer is one of the most common cancers among women worldwide with more than 2.3 million new 
breast cancer cases diagnosed each year [1], where early detection has a significantly positive effect on patient 
survival rates. Examination of histopathological features remains the gold standard [2] in the diagnosis of breast 
cancer, however, clinical histopathological assessment is labor-intensive, time consuming and can potentially 
have inter-observer variability in the determination of the final clinical diagnosis. The current paper presents an 
AI-assisted deep learning framework for automatic breast cancer detection using histopathological images. 
Multiple transfer learning models, including VGG16, ResNet50, DenseNet121, EfficientNetB0, and 
EfficientNetB5, were evaluated. The proposed framework incorporates data augmentation, mixed precision 
training, and Binary Focal Loss to improve performance and computational efficiency. Experimental results on a 
dataset of over 14,000 histopathological images demonstrate that DenseNet121 achieves the best performance, 
with a test accuracy of 81%, sensitivity of 80.8%, specificity of 76.7%, and ROC-AUC of 0.87. VGG16 also 
shows stable performance, while ResNet50 suffers from low specificity due to over classification of malignant 
classes. EfficientNet models exhibit poor generalization and strong class bias. The result highlights the importance 
of evaluating multiple performance metrics beyond accuracy in medical image classification. The proposed 
frameworks can assist pathologists by improving diagnostic consistency and reducing workload, making it a 
practical tool for clinical applications. 

Keywords: Deep Learning, Breast Cancer Detection, Histopathology, Transfer Learning, Densenet121, 
Explainable AI 

How to cite this article: Gurumoorthy R, Rajyashree H, Muthu Pandeeswari R, Nirrmal G, Aravindrajan A, Sri 
Ram R, Pattabiraman K. AI-Assisted Early Detection of Breast Cancer Using Histopathological Image Analysis. 
Int J Drug Deliv Technol. 2026;16(71s): 1683-1688. DOI: 10.25258/ijddt.16.71s.196 

1.Introduction 

Breast cancer remains a major public health 
concern and is the most commonly diagnosed cancer 
among women worldwide [1]. Early and accurate 
detection is critical for reducing mortality rates. 
Histopathological image analysis is considered the 
gold standard for diagnosis [2]; however, manual 
examination is time-consuming, labor-intensive, and 
subject to inter-observer variability, which can affect 
diagnostic consistency. Recent advancements in 
Deep Learning (DL), particularly Convolutional 
Neural Networks (CNNs), have demonstrated 
significant potential in automating medical image 
analysis and improving diagnostic accuracy [3], [4], 
[5], [6]. Transfer learning enables the use of pre-
trained models to effectively learn from limited 
medical datasets, making it highly suitable for 
histopathological image classification tasks. In this 

study, we propose a deep learning-based framework 
to classify histopathological images as malignant or 
normal. Multiple transfer learning architectures, 
including VGG16, ResNet50, DenseNet121, 
EfficientNetB0, and EfficientNetB5, are evaluated to 
identify the most suitable model for this task. The 
framework incorporates data augmentation, mixed 
precision training, and Binary Focal Loss to enhance 
performance and computational efficiency. The 
experimental analysis demonstrates that 
DenseNet121 provides the best balance between 
sensitivity and specificity, making it more reliable 
for medical diagnosis compared to other models. The 
proposed framework aims to assist clinicians by 
improving diagnostic consistency and reducing 
workload, thereby supporting better clinical 
decision-making. 

The key contribution of this paper are: 
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 A comparative deep learning 
framework for breast cancer detection 
using histopathological images, 
evaluating multiple transfer learning 
models including VGG16, Resnet50, 
DenseNet121, and EfficientNet 
variants. 

 Implementation of data augmentation, 
mixed precision training and Binary 
Focal Loss to improve model 
performance and training efficiency. 

 Comprehensive evaluation using 
multiple performance metrics including 
accuracy, sensitivity, specificity, F1-
score, ROC_AUC, and confusion 
matrices. 

 Analysis of model trade-offs in term of 
accuracy, generalization, and inference 
time, highlighting the limitations of 
deeper architectures such as 
EfficientNet in the task. 

 Identification of DenseNet121 as the 
most suitable model due to its balanced 
and reliable classification performance. 

 

2. Preliminaries  

Recent advancements in deep learning have 
significantly improved the performance of medical 
image analysis systems, particularly in 
histopathological image classification [4], [7], [8], 
[9], [10]. Convolutional Neural Networks (CNNs) 
and transfer learning techniques have been widely 
adopted for breast cancer detection due to their 
ability to extract complex spatial features from high-
resolution images. Several pre-trained architectures 
such as ResNet [11], EfficientNet [12], and VGG16 
[3], [13] have been successfully applied to 
classification tasks, achieving high accuracy across 
various medical imaging datasets. DenseNet-based 
models have also gained attention due to their dense 
connectivity, which improves feature reuse and 
gradient flow, leading to better generalization 
performance [14], [15]. The BreakHis dataset 
introduced by Spanhol et al. [2], [16] has become a 
widely used benchmark for evaluating breast cancer 
classification models using histopathological 
images. Additionally, Explainable AI techniques 
such as Grad-CAM [17] have been employed to 
visualize model decision regions, improving 
interpretability and trust in clinical applications. 
Despite these advancements, many state-of-the-art 
models, particularly deeper architectures such as 
EfficientNet and Vision Transformers (ViTs) [18], 
require large-scale datasets and high computational 
resources, which may limit their effectiveness in 
real-world medical scenarios with limited data 
availability. Furthermore, some models exhibit 

instability or class bias when applied to smaller 
datasets [19], [20]. Therefore, there is a need for a 
comparative evaluation of different transfer learning 
architectures to identify models that provide a 
balance between accuracy, computational efficiency, 
and reliability [21]. This study addresses this gap by 
analyzing multiple architectures and identifying the 
most suitable model for breast cancer classification. 

3. Methodology 

Dataset 

This study utilizes a combined dataset consisting 
of histopathological images from the BreakHis 
dataset [16] and Paul Mooney’s Kaggle dataset [22], 
totaling approximately 14,020 images. The dataset is 
categorized into two classes: malignant and normal. 
The dataset was divided into training (10,010 
images), validation (2,000 images), and testing 
(2,010 images) sets. The distribution ensures a 
balanced representation of both classes to enable 
effective model training and evaluation. The dataset 
distribution is illustrated in Figure 1. 

 

Figure 1. Dataset Distribution 

Preprocessing 

To enhance model generalization and handle 
variations in image appearance, preprocessing 
techniques such as normalization and data 
augmentation were applied [23], [6]. Images were 
rescaled to a range of [0,1]. Data augmentation 
techniques including rotation, width and height 
shifts, zooming, shear transformations, and 
horizontal flipping were applied to increase dataset 
diversity and reduce overfitting [24]. 

Model Architecture 

 Multiple deep learning architectures were evaluated 
using transfer learning, including VGG16 [3], [13], 
ResNet50 [11], DenseNet121 [14], EfficientNetB0, 
and EfficientNetB5 [12]. Pre-trained weights from 
ImageNet were used [24], and the final layers were 
fine-tuned for the classification task [23]. The 
convolutional base of each model was partially 
frozen to retain learned low-level features, while the 
final layers were fine-tuned to adapt to the dataset 
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[23]. A custom classification head was added 
consisting of: 

Global Average Pooling → Dense layer (256 
units, ReLU activation) → Dropout (0.5) → Dense 
output layer (1 unit, Sigmoid activation) 

This architecture enables efficient feature 
extraction while reducing overfitting. The overall 
pipeline of the proposed framework is illustrated in 
Figure 2. 

 

Figure 2. Architecture of proposed deep learning 
framework 

 

Training setup  

The models were trained using the Adam optimizer 
with a learning rate of 3 × 10⁻⁵ [25]. Binary Focal 
Loss was used to improve classification performance 
by focusing on difficult samples [26]. Mixed 
precision training was employed to accelerate 
computation and reduce memory usage [27]. Early 
stopping was used to prevent overfitting by 
monitoring validation loss, with the best model 
weights restored. A classification threshold of 0.4 
was applied during prediction to balance sensitivity 
and specificity. The training process and 
convergence behavior are illustrated using accuracy 
and loss curves in the Results section. 

 

Parameter Value 

Image Size 

Batch Size 

Learning Rate 

Optimizer 

Loss Function 

224 x 224 

32 

3 x 10⁻⁵ 

Adam 

Binary Focal Loss 

Epochs 

Threshold 

 

25 

0.4 

 

Results 

The proposed framework was evaluated using 
multiple deep learning architectures, including 
VGG16, ResNet50, DenseNet121, EfficientNetB0, 
and EfficientNetB5. The performance of each model 
was assessed using accuracy, sensitivity, specificity, 
F1-score, and ROC-AUC. 

Among all models, DenseNet121 achieved the 
best overall performance with a test accuracy of 81%, 
sensitivity of 80.8%, specificity of 76.7%, and ROC-
AUC of 0.87, consistent with findings in similar 
studies [14], [15]. VGG16 also demonstrated stable 
performance with an accuracy of 77% and balanced 
classification results. 

ResNet50 showed high sensitivity but suffered 
from low specificity, indicating a tendency to 
misclassify normal samples as malignant [28]. 
EfficientNet models (B0 and B5) exhibited poor 
generalization and strong class bias, predicting most 
samples as malignant, resulting in near-zero 
specificity [19], [29]. 

The training and validation accuracy and loss 
curves for DenseNet121 are shown in Figure 4 and 
Figure 5, respectively. The curves demonstrate stable 
convergence and minimal overfitting, indicating 
effective learning of meaningful features. 

 

Figure 3. Model Performance Comparison. 
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Figure 4. Training vs Validation Accuracy. 

 

 

Figure 5. Training vs Validation loss. 

The confusion matrix for DenseNet121, shown in 
Figure 6, highlights the model’s ability to correctly 
classify both malignant and normal samples with 
balanced performance. Additionally, a comparative 
analysis of model performance is presented in Table 
1, illustrating the trade-offs between different 
architectures in terms of accuracy, generalization, 
and computational efficiency 

 

 

Figure 6. Confusion Matrix on test set. 

 

Discussion and future work 

The experimental results demonstrate that model 
performance varies significantly across different 
architectures. DenseNet121 achieved the best overall 
performance with balanced sensitivity and 
specificity, making it the most reliable model for 
medical diagnosis [14], [8], [15]. VGG16 also 
provided stable and consistent results, while 
ResNet50 exhibited high sensitivity but poor 
specificity, indicating a tendency to misclassify 
normal samples as malignant. Efficient Net models 
(B0 and B5), despite their deeper architecture, failed 
to generalize effectively on the given dataset and 
showed strong class bias by predicting most samples 
as malignant [9], [20]. This highlights that more 
complex models do not necessarily guarantee better 
performance, especially when the dataset size is 
limited. The inference time analysis indicates that 
lighter architectures such as VGG16 provide faster 
predictions, whereas deeper models introduce 
additional computational overhead [21]. However, 

DenseNet121 achieves a good balance between 
computational efficiency and classification 
performance, making it more suitable for practical 
clinical applications [5], [8]. 

 

 

Figure 7. Inference Time per Image. 

 

Limitations 

Although the proposed framework achieved 
strong results, certain limitations remain. The dataset 
size, while reasonably large, may still be insufficient 
to fully exploit deeper architectures such as 
EfficientNet [9]. Additionally, variations in staining, 
resolution, and image acquisition conditions may 
affect model generalization in real-world clinical 
environments [10]. Another limitation is that the 
models were evaluated on a binary classification task 
(malignant vs normal), which does not capture the 
full complexity of breast cancer subtypes [19]. 
Furthermore, the use of a fixed classification 
threshold may influence the trade-off between 
sensitivity and specificity. 

Future Work 

Future work can focus on improving model 
robustness and generalization by incorporating 
larger and more diverse datasets. Ensemble learning 
techniques combining multiple models may further 
enhance performance [29]. Exploring advanced 
architectures such as Vision Transformers and 
hybrid models could also provide improvements 
[18]. Additionally, integrating explainable AI 
techniques such as Grad-CAM can help visualize 
model decision regions, improving interpretability 
and trust in clinical settings [17]. Extending the 
framework to multi-class classification of breast 
cancer subtypes [20] and optimizing threshold 
selection based on clinical requirements are also 
promising directions for future research. 
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                                                           Figure 8. 
Accuracy Comparison. 

 

 

                                                                    Figure 9. 
Loss Comparison. 

Conclusion 

This research presents an enhanced deep learning 
framework for automated breast cancer classification 
using histopathological images. Multiple transfer 
learning architectures, including VGG16, ResNet50, 
DenseNet121, and EfficientNet models, were 
evaluated to identify the most effective approach. 
Among these, DenseNet121 achieved the best 
overall performance, providing a balanced trade-off 
between accuracy, sensitivity, and specificity [14], 
[15]. While VGG16 demonstrated stable and 
computationally efficient results, deeper models such 
as EfficientNet showed limitations in generalization 
on the given dataset [9]. The use of data 
augmentation, mixed precision training [27], and 
focal loss [26] contributed to improved model 
performance and training efficiency. The proposed 
framework highlights the potential of deep learning 
as a reliable decision-support tool for assisting 
pathologists in early and accurate breast cancer 
diagnosis. By improving consistency and reducing 

manual effort, such systems can contribute 
significantly to enhanced clinical outcomes. 
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data augmentation, and mixed precision training 
enables the system to provide accuracy and 
efficiency. Overall, the framework could be utilized 
as a useful decision-support tool to aid pathologists 
in arriving at an early and reliable diagnosis, thus 
improving patient care. 

 

Reference 

[1] World Health Organization, “Breast cancer,” 
WHO, 2021. [Online]. Available: 
https://www.who.int/news-room/fact-
sheets/detail/breast-cancer 

[2] A. Spanhol, L. Oliveira, C. Petitjean, and L. 
Heutte, “A dataset for breast cancer 
histopathological image classification,” IEEE 
Transactions on Biomedical Engineering, vol. 
63, no. 7, pp. 1455–1462, 2016. 

[3] K. Simonyan and A. Zisserman, “Very deep 
convolutional networks for large-scale image 
recognition,” arXiv preprint arXiv:1409.1556, 
2014. 

[4] G. Litjens et al., “A survey on deep learning in 
medical image analysis,” Medical Image 
Analysis, vol. 42, pp. 60–88, Dec. 2017. 

[5] J. Esteva et al., “Dermatologist-level 
classification of skin cancer with deep neural 
networks,” Nature, vol. 542, pp. 115–118, 
2017. 

[6] S. Albawi, T. A. Mohammed, and S. Al-Zawi, 
“Understanding of a convolutional neural 
network,” in Proceedings of the International 
Conference on Computer Communication 
Control (ICCC), 2017, pp. 1–6. 

[7] I. Goodfellow, Y. Bengio, and A. Courville, 
Deep Learning. MIT Press, 2016. 



AI-Assisted Early DetecƟon of Breast Cancer Using Histopathological Image Analysis 

 IJDDT Volume 16 Issue 71s 2026 Page: 1688 

[8] S. Liu et al., "Application of deep learning in 
histopathology images of breast cancer: A 
review," Micromachines, vol. 13, no. 12, p. 
2197, Dec. 2022. 

[9] Y. Zhang et al., "Deep learning applications in 
breast cancer histopathological imaging: 
Diagnosis, treatment, and prognosis," Breast 
Cancer Res., vol. 26, Art. no. 131, Sep. 2024. 

[10] F. Shahidi, S. M. Daud, H. Abas, N. A. Ahmad, 
and N. Maarop, "Breast cancer classification 
using deep learning approaches and 
histopathology image: A comparison study," 
IEEE Access, vol. 8, pp. 187531–187552, 2020. 

[11] K. He, X. Zhang, S. Ren, and J. Sun, “Deep 
residual learning for image recognition,” in 
Proceedings of the IEEE Conference on 
Computer Vision and Pattern Recognition 
(CVPR), 2016, pp. 770–778. 

[12] M. Tan and Q. V. Le, “EfficientNet: Rethinking 
model scaling for convolutional neural 
networks,” in Proceedings of the International 
Conference on Machine Learning (ICML), 
2019, pp. 6105–6114. 

[13] F. Chollet, Deep Learning with Python. 
Manning Publications, 2018. 

[14] G. Huang, Z. Liu, L. van der Maaten, and K. Q. 
Weinberger, "Densely connected convolutional 
networks," in Proc. IEEE Conf. Computer 
Vision and Pattern Recognition (CVPR), 2017, 
pp. 2261–2269. 

[15] M. A. Wakili et al., "Classification of breast 
cancer histopathological images using 
DenseNet and transfer learning," Comput. 
Intell. Neurosci., vol. 2022, Art. no. 8904768, 
Oct. 2022. 

[16] BreakHis Dataset, “Breast cancer 
histopathological database,” [Online]. 
Available: 
https://web.inf.ufpr.br/vri/databases/breast-
cancer-histopathological-database-breakhis/ 

[17] R. R. Selvaraju et al., “Grad-CAM: Visual 
explanations from deep networks via gradient-
based localization,” in Proceedings of the IEEE 
International Conference on Computer Vision 
(ICCV), 2017, pp. 618–626. 

[18]  A. Dosovitskiy et al., “An image is worth 
16×16 words: Transformers for image 
recognition at scale,” in Proceedings of the 
International Conference on Learning 
Representations (ICLR), 2021. 

[19] Z. Hameed, B. Garcia-Zapirain, J. J. Aguirre et 
al., "Multiclass classification of breast cancer 
histopathology images using multilevel features 
of deep convolutional neural network," Sci. 
Rep., vol. 12, Art. no. 15600, Sep. 2022. 

[20] L. Aldakhil et al., "Attention-based deep 
learning approach for breast cancer 

histopathological image multi-classification," 
Diagnostics, vol. 14, no. 14, p. 1579, Jul. 2024. 

[21] H. Fujiyoshi, T. Hirakawa, and T. Yamashita, 
“Deep learning-based image recognition for 
autonomous driving,” IATSS Research, vol. 43, 
no. 4, pp. 244–252, 2019. 

[22] P. Mooney, “Breast histopathology images,” 
Kaggle, 2017. [Online]. Available: 
https://www.kaggle.com/paultimothymooney/b
reast-histopathology-images 

[23] N. Tajbakhsh et al., “Convolutional neural 
networks for medical image analysis: Full 
training or fine tuning?” IEEE Transactions on 
Medical Imaging, vol. 35, no. 5, pp. 1299–1312, 
2016. 

[24] A. Krizhevsky, I. Sutskever, and G. E. Hinton, 
“ImageNet classification with deep 
convolutional neural networks,” in Advances in 
Neural Information Processing Systems 
(NIPS), 2012, pp. 1097–1105. 

[25] D. Kingma and J. Ba, “Adam: A method for 
stochastic optimization,” in Proceedings of the 
International Conference on Learning 
Representations (ICLR), 2015. 

[26] T.-Y. Lin, P. Goyal, R. Girshick, K. He, and P. 
Dollár, "Focal loss for dense object detection," 
in Proc. IEEE Int. Conf. Computer Vision 
(ICCV), 2017, pp. 2980–2988. 

[27] P. Micikevicius et al., "Mixed precision 
training," in Proc. Int. Conf. Learning 
Representations (ICLR), 2018. 

[28] K. Zhang et al., “Residual networks of residual 
networks: Multilevel residual networks,” IEEE 
Transactions on Circuits and Systems for Video 
Technology, vol. 28, no. 6, pp. 1303–1314, 
2018. 

[29] D. Addo et al., "Ensemble deep learning-based 
image classification for breast cancer subtype 
and invasiveness diagnosis from whole slide 
image histopathology," Cancers, vol. 16, no. 
12, p. 2222, Jun. 2024 

[30] T. Tieleman and G. Hinton, “RMSProp: Divide 
the gradient by a running average of its recent 
magnitude,” Coursera: Neural Networks for 
Machine Learning, 2012. 

 

 

 

 

 

 


