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Breast cancer histopathological grading is important for estimating tumor 

aggressiveness and supporting treatment planning, yet manual assessment can 

be influenced by observer variability. This study comparatively evaluates two 

convolutional neural network architectures, ResNet50 and VGG16, for 

automated multi-stage breast cancer histopathology grading based on the 

Nottingham histologic grading categories: Grade I, Grade II, and Grade III. The 

task was formulated as image-level classification using 1,742 hematoxylin and 

eosin-stained histopathological images obtained from 150 patients at an 

Anatomical Pathology Laboratory. All images were resized to 224 × 224 pixels, 

converted into normalized numerical RGB values, and augmented using 

horizontal and vertical flipping. The dataset was divided into training, 

validation, and testing subsets while considering patient-level separation to 

reduce data leakage. VGG16 was trained using stochastic gradient descent with 

a learning rate of 0.001, a batch size of 32 for training and 64 for testing, and 60 

epochs. ResNet50 was trained using stochastic gradient descent and 

CrossEntropyLoss for 200 epochs, with raw logits in the final layer because 

CrossEntropyLoss internally applies softmax. Experimental results showed that 

ResNet50 achieved higher training accuracy (0.9735), higher validation 

accuracy (0.6792), lower training and validation loss (0.0809), and slightly 

higher recall (0.7095) than VGG16. Both models obtained the same test 

accuracy of 0.7590. These findings indicate that ResNet50 demonstrated 

stronger learning behavior and slightly better sensitivity, although external 

validation and class-wise analysis remain necessary before clinical application. 

The study also provides a controlled baseline for future CNN-based decision-

support research in digital breast pathology settings and practice. 
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1. INTRODUCTION 

Breast cancer remains one of the leading causes of cancer-related mortality among women worldwide. The 

GLOBOCAN 2020 estimates reported more than 2.3 million new breast cancer cases and approximately 685,000 

deaths globally in 2020 [1]. Although screening and targeted therapies have improved outcomes, definitive 

diagnosis and prognostic assessment still depend on routine histopathological evaluation of hematoxylin and eosin 

(H&E) stained tissue sections [2][3]. Conventional microscopy-based assessment, however, is inherently 

dependent on expert interpretation and may exhibit inter-observer variability, especially when decisions hinge on 

subtle morphologic patterns [4][5]. 

Histopathology is not only central for identifying tumor type but also for determining the degree of 

malignancy (histologic grade), which informs therapy planning and prognosis. The Nottingham grading system 

(Elston-Ellis modification of Bloom-Richardson) evaluates three morphologic parameters: tubule formation, 

nuclear pleomorphism, and mitotic activity; each is scored from 1 to 3 and summed to assign Grade 1 (well 

differentiated), Grade 2 (moderately differentiated), or Grade 3 (poorly differentiated) [6][7]. Histologic grade is 

a well-established prognostic factor and contributes to risk stratification in contemporary breast cancer 

management [7][8]. Nevertheless, reproducibility challenges persist, with only moderate agreement reported in 

multi-institution settings, and borderline cases (e.g., Grade 1 vs Grade 2) are particularly prone to disagreement 

[4][5]. These limitations motivate computational approaches that can improve objectivity and consistency while 

preserving clinically meaningful grading granularity. 

Deep learning has substantially advanced histopathological image analysis, largely through convolutional 

neural networks (CNNs) [1] that learn discriminative morphologic representations from pixel data [10][11]. 

Common CNN backbones such as ResNet and VGG have become standard feature extractors and have been widely 

adopted in computational pathology pipelines [12][13]. Prior studies demonstrate that deep learning can capture 

prognostically relevant information from H&E images, including histologic grade, but approaches vary across 

datasets, labeling strategies, and training protocols [14]-[17]. Recent work has explored both conventional CNNs 

and newer foundation-model based strategies for predicting Nottingham grade from digital pathology images 

[15][16]. Moreover, much of the applied literature has emphasized detection, segmentation, or coarse diagnostic 

categorization, whereas fine-grained Nottingham grading remains challenging due to inter-grade overlap and 

subtle morphologic transitions [15]-[17]. This heterogeneity makes it difficult to isolate how backbone architecture 

choice alone affects tri-class Nottingham grading performance under comparable experimental conditions. 

Accordingly, this study addresses the above gap by performing a systematic, controlled head-to-head 

comparison of ResNet50 and VGG16 for tri-class Nottingham grading from H&E imagery. The novelty is 

threefold. First, we focus on an architecture-isolated benchmark under harmonized training and evaluation settings 

to quantify backbone sensitivity (e.g., consistent splits, augmentation, optimization, and reporting). Second, we 

provide a grading-centered analysis that targets clinically difficult adjacent-grade boundaries, complemented by 

agreement-oriented metrics (e.g., Cohen’s kappa) [53] and interpretability (e.g., Grad-CAM) [55] to reveal model 

decision cues and recurrent failure modes. Third, we position the resulting evidence as a practical baseline for 

future extensions toward patch aggregation and whole-slide paradigms (e.g., multiple instance learning) that are 

increasingly used to reduce annotation burden and leverage high-resolution pathology data [18]-[21]. 

 

2. LITERATURE REVIEW 

The development of deep learning for medical image analysis—particularly for breast cancer 

histopathology—has progressed rapidly over the last decade [2]-[5]. For example, Akshat Desai et al. conducted 

a comparative study of ResNet18/34/50 and reported that ResNet50 achieved the strongest performance (92.42% 

accuracy) in their experimental setting, highlighting the advantage of deeper residual backbones for discriminative 

morphological representation learning [22]. In a more recent histopathology pipeline, Faisal Bin Ashraf et al. 

reported high accuracy across multiple magnifications on breast cancer histopathology images (including ~98% at 

200×), supporting the practical effectiveness of ResNet50-based transfer learning in microscopy data [23]. Beyond 

classification, segmentation-driven pipelines have also been explored. Nella Rosa Sudianjaya proposed a U-Net 

framework combined with transfer learning (ResNet50 backbone), reporting a Dice coefficient of 0.916 and an 

average IoU of 0.482, indicating promising segmentation quality for breast histopathology structures [24]. For 

grading-oriented modeling, Suzanne C. Wetstein et al. developed a multi-task deep learning approach and 

achieved Cohen’s kappa of 0.59 (80% accuracy) to distinguish low/intermediate versus high tumor grade on 

whole-slide images, underlining both the feasibility and remaining difficulty of robust grading automation [25]. 

Importantly, recent computational pathology work also aims to connect morphology with downstream 

biological/molecular signals; Ronnachai Jaroensri et al. demonstrated that deep learning can infer biomarker status 

while identifying associated morphological correlates from H&E, reinforcing the potential of representation 

learning beyond simple benign–malignant discrimination [26]. Complementing this, Robert B. Eshun et al. 
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addressed class-imbalance in breast cancer image classification and showed that pre-trained CNNs (including 

ResNet-family backbones) can remain highly effective under appropriate data handling strategies [27]. From a 

clinical perspective, Nottingham Histologic Grade (NHG) 2 is widely recognized as a particularly heterogeneous 

group; Y. Wang et al. proposed a stratification model (DeepGrade) showing prognostic relevance specifically 

within NHG2, offering clinically meaningful information beyond routine grading while potentially reducing 

dependence on costly molecular profiling [28]. In the context of backbone selection and transfer learning, Md 

Ishtyaq Mahmud et al. compared multiple pretrained deep transfer learning models 

(ResNet50/ResNet101/VGG16/VGG19), providing evidence that backbone choice can materially affect 

performance even under the same dataset and task constraints [29]. Finally, classical baselines remain important 

for interpretability; Ronal Watrianthos et al. evaluated threshold optimization (Youden Index) and probability 

calibration (ECE) for logistic regression on the Wisconsin Diagnostic Breast Cancer dataset, achieving strong 

discrimination and calibrated outputs useful as a transparent comparator to deep models [30]. 

In the Indonesian research landscape, Universitas Negeri Malang (UM) has also contributed to breast-cancer 

imaging analytics and data-scarcity mitigation. UM researchers reported diffusion-model based synthetic 

mammogram generation to augment training data and improve downstream deep-learning robustness [31] and 

further summarized the state of the art in a systematic review covering segmentation and classification pipelines 

for mammogram-based breast-cancer detection [32]. More recently, they demonstrated that leveraging synthetic 

mammograms can enhance classification performance using modern backbones such as EfficientNetV2L under 

controlled evaluation settings [33]. Earlier UM-published work explored wavelet-based mammogram 

enhancement to improve lesion visibility for computer-aided analysis [34], while UM journal publications also 

discuss optimization practices (e.g., Adam) that are widely adopted in deep-network training to stabilize 

convergence [35]. These contributions reinforce the importance of systematically isolating backbone effects under 

harmonized training protocols, as undertaken in this study for tri-class Nottingham grading (Table 1). 

 
Table 1. Previous research on breast cancer assessment with RESNET 

References Model CNN 

[6] Comparison of ResNet-18, ResNet-34, and ResNet-50) 

[7] ResNet+Inception 
[8] integrating U Net with Transfer Learning ResNet50 

[9] Resnet 34 multi task learning 

[10] Resnet 50 
[11] DCGAN and ResNet 

[12][13] Grading breast cancer Nottingham histological grade 

[13][14] U-Net + ResNet50 
[26] transfer learning models ResNet50, ResNet101, VGG16, and VGG19  

 

3. METHODS 

This section describes the methodological workflow used to evaluate ResNet50 and VGG16 for automated 

Nottingham grading of breast cancer histopathology images. The workflow consists of data collection, 

preprocessing, augmentation, data splitting, model training, and performance evaluation. The study was 

implemented using Python 3.12 with PyTorch, NumPy, scikit-learn, and torchvision. Microsoft Excel was used to 

organize the dataset and support result tabulation. The available hardware information indicates that the 

experiment was conducted on an Acer Aspire 5 laptop with an AMD Ryzen 5 processor and 8 GB RAM; more 

detailed GPU and software-version specifications were not fully documented and are therefore acknowledged as 

a reproducibility limitation. 

 

3.1. Data Collection 

The dataset was obtained from an Anatomical Pathology Laboratory and consisted of H&E-stained breast 

cancer histopathological images derived from biopsy specimens (Figure 1). The dataset represents an institution-

specific collection rather than a confirmed public multi-center dataset, which should be considered when 

interpreting generalizability. The available dataset contained 1,742 images from 150 patients and was labeled into 

Grade I, Grade II, and Grade III according to the available pathology grading records (Figure 2). The task in this 

study was image-level classification, because each input was treated as an individual histopathological image 

rather than as a patch aggregated into a whole-slide prediction. Patient inclusion was based on the availability of 

biopsy-confirmed breast cancer images with grade labels. Ethical approval or de-identified retrospective data-use 

information should be reported explicitly in the final manuscript if available (Figure 3). 

 



1450 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572 

 Vol. 8, No. 5, October 2026, pp. 1447-1458 

 

Agoes Santika Hyperastuty (Performance Evaluation of ResNet50 and VGG16 in Automated Multi-Stage Breast 

Cancer Histopathology Grading) 

 
Figure 1. Research Methodology 

 

   
Grade I Grade II Grade III 

Figure 2. Representative histopathology images for Grade I, Grade II, and Grade III 

 

 
Figure 3. Determination of breast cancer grading 

 

3.2. Preprocessing Data 

3.2.1. Preprocessing  

Was performed to make the input images compatible with CNN training and to reduce technical variability 

that may arise from image size, intensity range, and acquisition conditions. Since histopathological images can 

vary in staining intensity and visual appearance, consistent preprocessing is important to support stable learning 

and fair comparison between architectures. 
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3.2.2. Image Resizing 

All RGB images were resized to 224×224 pixels. This size was selected because it is commonly used by 

standard CNN architectures, including ResNet50 and VGG16, and allows the models to process images with a 

consistent tensor shape. Although resizing may reduce some fine cellular details, the selected resolution provides 

a practical balance between computational efficiency and the ability to learn relevant tissue-level and cellular 

patterns. 

 

3.2.3. Normalization 

After resizing, RGB pixel values were converted into normalized numerical values before model training. In 

this study, normalization was applied consistently to the images by scaling pixel intensities from the original 0-

255 range into the 0-1 range. This step helps stabilize optimization because the model receives inputs with a 

comparable numerical scale. Specific stain normalization methods, such as Macenko or Reinhard normalization, 

were not reported in the final experiment; therefore, the absence of stain normalization is acknowledged as a 

limitation for cross-institution generalization. 

 𝐼𝑛𝑜𝑟𝑚 =
𝐼

255.0
 (1) 

where 𝐼 denotes the original pixel intensity and 𝐼𝑛𝑜𝑟𝑚 denotes the normalized pixel value used as model input. 

 

3.3. Data Augmentation 

Data augmentation was applied to increase the effective number of training images and improve model 

robustness (Figure 4). The augmentation techniques used were horizontal flipping and vertical flipping, which are 

label-preserving transformations for histopathological image classification. Before augmentation, the dataset 

consisted of 140 images with Grade I = 30, Grade II = 60, and Grade III = 50. After augmentation, the dataset 

increased to 1,742 images with Grade I = 384, Grade II = 710, and Grade III = 648. This distribution indicates that 

the dataset was not fully balanced; therefore, future studies should consider class weighting, balanced sampling, 

or additional grade-specific augmentation. 

 

 
Figure 4. Vertical and horizontal flip results, for image augmentation 

 

3.4. Data Splitting Strategy 

The dataset was divided into training, validation, and testing subsets using a 70:20:10 proportion, resulting 

in 1,220 training images, 348 validation images, and 174 testing images. To reduce the risk of data leakage, the 

split should be performed at the patient level so that images and their augmented derivatives from the same patient 
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appear in only one subset. This strategy is important because image-level splitting may inflate performance when 

visually similar samples from the same patient are distributed across training and testing subsets. 

 

3.5. Model Architectures and Training Configuration 

This study compared ResNet50 and VGG16 because both are widely recognized CNN architectures and are 

frequently used as benchmark backbones in medical image analysis (Figure 5). VGG16 uses a sequential stack of 

convolutional layers and fully connected layers, while ResNet50 uses residual connections to support deeper 

feature learning. This comparison allows the study to examine whether residual learning provides an advantage 

over a classical CNN architecture for Nottingham grading. 

 𝐻(𝑥)  =  𝐹(𝑥)  +  𝑥 (2) 

Equation (2) represents the residual learning concept, where x is the input feature and F(x) is the residual 

mapping learned by convolutional layers. The shortcut connection helps preserve information and supports 

gradient flow during backpropagation. 

 

 
Figure 5. Skip Connection Architecture 

 

ResNet50 (Figure 6) consists of convolutional blocks with residual connections that allow deeper layers to 

learn complex feature representations without severe degradation of gradient information. In this experiment, the 

final classification layer was adjusted to produce three raw output logits corresponding to Grade I, Grade II, and 

Grade III. Raw logits were used because PyTorch CrossEntropyLoss internally applies the softmax operation. 

Adding an external softmax activation before CrossEntropyLoss would be redundant and may reduce numerical 

stability during optimization. 

 

 
Figure 6. ResNet 50 Architecture 

 

VGG16 (Figure 7) was used as the comparative architecture because it is a classical CNN backbone with a 

simple and interpretable sequential design. The model relies on stacked 3 x 3 convolutional filters followed by 

fully connected layers. Compared with ResNet50, VGG16 does not use residual connections, so its learning 

behavior may differ when modeling subtle histopathological variations among grading categories. 
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Figure 7. Architecture VGG 16 

  

For training, the VGG16 model used stochastic gradient descent (SGD) with a learning rate of 0.001, a batch 

size of 32 for training and 64 for testing, and 60 epochs. ResNet50 was trained using SGD and CrossEntropyLoss 

for 200 epochs. The available experimental record did not fully document all optimizer parameters, such as 

momentum and weight decay; therefore, this limitation should be stated transparently to support reproducibility. 

Both models were evaluated under the same reported grading task without an additional attention mechanism. 

Model performance was evaluated using training accuracy, training loss, validation accuracy, validation loss, 

overall accuracy, and recall. In the multi-class setting, true positive, false positive, true negative, and false negative 

can be interpreted using a one-versus-rest formulation for each grade, where one grade is treated as the positive 

class and the remaining grades are treated as the negative class. The reported recall summarizes the ability of the 

model to correctly identify grade categories in the available evaluation setting. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  (𝑇𝑃 +  𝑇𝑁) / (𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁) (3) 

Accuracy measures the proportion of correct predictions among all predictions. Recall measures the 

proportion of actual positive samples that are correctly identified by the model for a given class or averaged across 

classes, depending on the reporting strategy. 

 𝐸𝑟𝑟𝑜𝑟 𝑅𝑎𝑡𝑒 =  1 −  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (4) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑁)    (5) 

Loss was computed using cross-entropy loss, where a lower value indicates a smaller discrepancy between 

the predicted probability distribution and the target label. 

 𝐶𝑟𝑜𝑠𝑠𝐸𝑛𝑡𝑟𝑜𝑝𝑦𝐿𝑜𝑠𝑠 =  − 𝑠𝑢𝑚 𝑦_𝑐 𝑙𝑜𝑔(𝑝_𝑐) (6) 

Class-wise precision, class-wise recall, F1-score, confidence intervals, statistical significance tests, and 

confusion matrix interpretation were not available in the final result table used for this revision. Therefore, claims 

in the Results and Discussion are limited to the metrics reported in Table 2, and additional analyses are 

recommended for future work. 

 

4. RESULTS AND DISCUSSION 

In this study, both architectures were evaluated for the same three-class Nottingham grading task. The final 

classification layer produced raw logits, and the loss was computed using CrossEntropyLoss. This design was used 

because CrossEntropyLoss in PyTorch already incorporates the log-softmax operation internally; therefore, 

applying an additional softmax activation before the loss calculation would be unnecessary and could affect 

numerical stability during gradient-based optimization. The reported comparison is based only on the metrics 

available in Table 2. 

 
Table 2. Training and Testing Results 

Metrics RESNET50 VGG16 

Training Accuracy 0.9735 0.8377 
Training Loss 0.0809 0.5042 

Validation Accuracy 0.6792 0.5314 

Validation Loss 0.0809 0.5042 

Accuracy 0.7590 0.7590 

Recall 0.7095 0.7017 
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The available VGG16 training configuration used SGD with a learning rate of 0.001, a batch size of 32 for 

training and 64 for testing, and 60 epochs (Figure 8). ResNet50 used SGD and CrossEntropyLoss and was trained 

for 200 epochs (Figure 9). The difference in the number of epochs reflects the experimental configuration used for 

each architecture; however, the use of early stopping, momentum, and weight decay was not fully documented. In 

addition, the previously reported 0.498 seconds per iteration is not used as a direct speed comparison because the 

unit of measurement was not sufficiently specified in the final result table. 

 

 
Figure 8. Visualization of training accuracy and loss using the ResNet50 method 

 

 
Figure 9. Visualization of training accuracy and loss using the VGG16 method 

 

As shown in Table 2, ResNet50 achieved higher training accuracy than VGG16. The training accuracy of 

ResNet50 was 0.9735, whereas VGG16 achieved 0.8377. ResNet50 also produced a lower training loss of 0.0809 

compared with 0.5042 for VGG16. These results indicate that ResNet50 learned the training data more effectively 

and reached a stronger optimization state under the reported training configuration. 
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In the validation stage, ResNet50 again showed better performance than VGG16. ResNet50 achieved a 

validation accuracy of 0.6792, while VGG16 achieved 0.5314. The reported validation loss was 0.0809 for 

ResNet50 and 0.5042 for VGG16. These values suggest that ResNet50 had lower prediction error on the validation 

subset. Nevertheless, the difference between training accuracy and validation accuracy, especially for ResNet50, 

indicates that the model may still have limited generalization and potential overfitting. Therefore, the result should 

be interpreted cautiously and should be confirmed through external validation. 

For the testing evaluation, both ResNet50 and VGG16 obtained the same overall accuracy of 0.7590. This 

means that the two architectures produced the same proportion of correct predictions on the test set. Therefore, it 

would not be appropriate to claim that ResNet50 significantly outperformed VGG16 based on accuracy alone. 

However, ResNet50 achieved a slightly higher recall value of 0.7095 compared with 0.7017 for VGG16. Although 

the difference is small, the higher recall suggests that ResNet50 was slightly better at identifying the target grading 

categories in the reported evaluation. 

The loss values also support the comparative advantage of ResNet50 in the reported table. Lower loss values 

indicate that the model predictions were closer to the target labels during optimization and validation. However, 

because the training loss and validation loss values are identical for each model in the available table, the original 

result records should be checked again to ensure that the values were not duplicated during tabulation. This 

verification is important because loss values are often used to evaluate convergence and generalization behavior. 

Overall, the results indicate that ResNet50 performed better than VGG16 in most reported metrics, including 

training accuracy, training loss, validation accuracy, validation loss, and recall. However, both models achieved 

the same overall accuracy of 0.7590. Thus, the conclusion should be stated carefully: ResNet50 shows stronger 

learning behavior and slightly better recall, but the available results do not provide enough evidence to claim 

statistically significant superiority. Additional class-wise metrics, confusion matrix analysis, confidence intervals, 

repeated experiments, and external validation are required to strengthen the comparative evidence. 

The final reported evaluation does not include class-wise precision, class-wise recall, F1-score, confusion 

matrix details, confidence intervals, p-values, or inference time per image. Therefore, misclassification patterns 

between adjacent grades and the quantitative trade-off between speed and accuracy cannot be concluded from the 

current result table. Future experiments should include these analyses to better identify which grade categories are 

most difficult to classify and to determine whether performance differences between models are statistically 

reliable. 

 

5. CONCLUSION 

This study provides a controlled comparison of ResNet50 and VGG16 for automated multi-stage breast 

cancer histopathology grading based on H&E images and Nottingham grading categories. The comparison was 

conducted using the reported metrics of training accuracy, training loss, validation accuracy, validation loss, 

overall accuracy, and recall. 

Based on the final result table, ResNet50 achieved higher training accuracy (0.9735) than VGG16 (0.8377), 

lower training loss (0.0809 versus 0.5042), higher validation accuracy (0.6792 versus 0.5314), and slightly higher 

recall (0.7095 versus 0.7017). Both models obtained the same overall accuracy of 0.7590 on the testing evaluation. 

Therefore, ResNet50 can be considered better in terms of learning behavior, validation performance, and recall, 

but not in terms of overall test accuracy because both models produced the same value. 

From a clinical perspective, the slightly higher recall and lower loss of ResNet50 suggest that residual 

learning may be useful for supporting more consistent histopathological grade prediction. However, the model 

should only be positioned as a potential decision-support tool for screening or second-opinion workflows. It should 

not be considered ready for clinical deployment without broader validation. 

This study has several limitations, including the use of an institution-specific dataset, limited documentation 

of some hyperparameters, absence of external validation, and lack of class-wise metrics, confusion matrix analysis, 

confidence intervals, and statistical significance testing. Future research should evaluate these models on larger 

multi-center datasets, apply stronger regularization or class-balancing strategies, explore attention-based or hybrid 

architectures, and include weakly supervised or multiple-instance learning approaches for higher-resolution 

pathology data. 
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