Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 1, 2026

Breast Cancer Detection In Histopathological Images Using An
Ensemble Of VGG-19 And Alexnet

G. Divya Zion?, B.K. Tripathy?2*

1School of Computer Science and Engineering, VIT, Vellore-632014, TN, India.
2 School of Computer Science Engineering & Information Systems, VIT, Vellore-632014, TN, India
* Corresponding authors: B.K. Tripathy? (tripathybk@vit.ac.in).

Abstract

Breast cancer as one of primary causes of death among women globally, requires accurate early
diagnosis to significantly improve patient survival outcomes. Even though histopathology is
the most reliable diagnostic method, manual interpretation poses limitations such as being
time-consuming, subjective, and highly dependent on the experience of the examiner. With the
advancement in deep learning the convolutional neural networks (CNNs) shows significance
in automating cancer detection. An ensemble deep learning architecture that integrates VGG-
19 and AlexNet has been proposed for breast cancer classification using histopathological
images. After performing independent fine-tuning by both models using transfer learning, the
models’ prediction scores are merged using a weighted ensemble method where both models
make predictions separately, and then their outputs which are probability scores are combined
after the individual models have finished prediction, enabling the system to utilize
complementary strengths from each architecture. The proposed ensemble system
demonstrates improved performance over individual models, achieving an overall accuracy of
98.88% on the histopathological breast cancer image dataset. Through heterogeneous CNN
models the robustness and classification performance has improved. This implies that
ensemble deep learning models may aid pathologists in improving the dependability of
computer-assisted breast cancer diagnosis.

Keywords: CNN, Deep Learning, Transfer Learning, VGG-19, AlexNet.

Introduction

Breast cancer occurs when abnormal cells in breast tissue grow uncontrollably, forming a
tumor that may spread to other parts of the body. Detecting it early is critical because survival
rates are much higher when the cancer is found before it spreads. There are several causes
leading to breast cancer, it arises from a combination of genetic, biological, environmental,
and lifestyle factors. These factors can trigger the cancer cells to behave abnormally. In the
meantime, if patient notices symptoms of cancer being progressed the imaging techniques
like, Mammograms, Ultrasound, Histopathological images (biopsies) may help detect cancer
earlier. But the manual procedure in analyzing the imaging techniques is time-consuming and
prone to errors. Breast Cancer is a prevalent and life-threatening disease that predominantly
affects women in middle age and is recognized as the second most common cause of cancer-
related mortality worldwide, following lung cancer. Characterized by uncontrolled and
abnormal cellular proliferation, BC represents a major global health concern, with the World
Health Organization (WHO) estimating that women face approximately an 8% lifetime risk of
developing the disease. Distinguishing between benign and malignant tumor that often differ
in size, shape, and spatial distribution which remains a significant challenge in the accurate
detection and localization of cancerous regions in breast imaging.

Deep Learning models analyze medical images and automatically learn features that help
classify tissue either Benign (non-cancerous) or Malignant (cancerous).
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The proposed approach aims to address these gaps by leveraging advanced Deep Learning
techniques tailored for Breast Cancer Detection. Deep learning models such as the VGG-19
and AlexNet ensemble play a crucial role in modern diagnosis by automatically extracting
microscopic (histopathological images) tumor-related features from breast tissue images,
improving detection speed, accuracy, and consistency thereby detecting earlier intervention
and improved patient survival. VGG-19 (Visual Geometry Group-19) is a deep convolutional
neural network architecture. It is widely used for image classification, feature extraction in
medical imaging tasks like breast cancer diagnosis. It uses 3x3 convolution filters instead of
using 5x5 or 7x7 larger filters. This increases depth while reducing parameters, making
feature learning more efficient. VGG-19 works by gradually extracting low-level to high-level
visual features using stacked 3x3 convolutions and max-pooling, and fully connected layers
to classify images. AlexNet is a Convolutional Neural Network (CNN) that processes images
to automatically extract features. AlexNet performs well on breast cancer histopathology by
considering large filters to detect tissue-level abnormalities and captures global texture
patterns and cell distribution and feature learning is done automatically.

The rest of the paper is structured as follows: section 2 presents Literature Review, section 3
describes Methodology, section 4 presents Comparative analysis and the Results and finally
concludes in section 5.

Literature Review

An ensemble deep learning approach is applied for classification of breast cancer on
histopathology images, [1] four different models based on pre-trained VGG16 and VGG19
architectures are applied. The ensemble of fine-tuned VGG-16 and VGG-19 models offered
sensitivity of 97.73% and overall accuracy of 95.29%. An advanced deep learning framework
for histopathological image classification is done by integrating AlexNet and Gated Recurrent
Unit (GRU) networks [2], optimized using the Hippopotamus Optimization Algorithm (HOA).
The results demonstrate the efficacy of integrating deep learning with bio-inspired
optimization techniques in breast cancer detection. This research offers a robust and
computationally efficient framework for improving early diagnosis and clinical decision-
making, potentially enhancing patient outcomes. Efficient treatment methods for accurately
diagnosing the kind and classifying the subtype of breast cancer using a unique combination
of hand-engineered features for color, shape, and texture extraction in parallel to three
different deep neural networks. A hybrid method [3] that combines both hand-engineered
and deep learning-based feature extractors provides an outstanding performance for breast
cancer detection and classification on different types of datasets thus verifying its robustness
and effectiveness. A comprehensive approach [4] is presented utilizing ensemble deep
learning techniques to analyze breast cancer histopathology images. VGG16 and ResNet50
architectures are incorporated to achieve precise classification of breast cancer
histopathology images. The ensemble approach utilizing VGG16, ResNet34, and ResNet50
models to classify microscopic images. This research significantly contributes in advance
breast cancer diagnosis in improved patient outcomes.

An effective detection and classification of breast cancer is done by introducing a novel
method, MPa-DCAE, which uses a multi-patch-based deep convolutional auto-encoder
(DCAE) framework combined with VGG19 to detect and classify breast cancer in
histopathology images [5]. Ensemble Deep Convolutional Neural Network (EDCNN) model
that exhibits superior accuracy compared to several transfer learning models and the Vision
Transformer model. Our EDCNN model [6] integrates the strengths of the MobileNet and
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Xception models to improve its performance in breast cancer detection and classification.
Through advanced deep learning techniques and image segmentation, this study contributes
to improving diagnosis and treatment outcomes in breast cancer.

Methodology

An ensemble VGG-19 and AlexNet framework of deep learning is considered for the
classification of histopathological breast cancer images into benign and malignant categories.
The ensemble model performs preprocessing, augmentation, architecture design, model
training, ensemble fusion, and performance evaluation. The Breast Cancer Histopathological
Image dataset is considered which is publicly available via the Kaggle medical imaging
repository. The dataset consists of 277,524 histopathology images with eight classes.

The binary separation of benign and malignant classes is shown in Figure 1. The benign
categories include adenosis (A), fibroadenoma (F), phyllodes tumor (PT), and tubular
adenoma (TA); the malignant classifications include ductal carcinoma (DC), lobular
carcinoma (LC), mucinous carcinoma (MC), and papillary cancer (PC). The data split for the
BreaKHis [7] data is shown in Figure 1. An explanation of the BreakHis [7] dataset, including
the initial partition, splitting, and sample counts for each split.

Class Sub Class Magnification Total Nos_Patients
40x 100x 200x 400x

Benign Adenosis 114 113 111 106 444 24
Fibroadenoma 253 260 264 237 1014
Phyllodes tumor 109 121 108 115 453
Tubular_ adenoma 149 150 140 130 569

Malignant Ductal carcinoma 864 203 896 788 3451 58
Lobular_carcinoma 156 170 163 137 626
Mucinous_carcinoma 205 222 196 169 792
Papillary_carcinoma 145 142 135 138 560

Total 1995 2081 2013 1820 7909 82

Augmented-Train

Benign Adenosis 1002 1002 1002 1002 4008
Fibroadenoma 1002 1002 1002 1002 4008
Phyliodes_tumor 1002 1002 1002 1002 4008
Tubular adenoma 1002 1002 1002 1002 4008

Malignant Ductal_carcinoma 1002 1002 1002 1002 4008
Lobular_carcinoma 1002 1002 1002 1002 4008
Mucinous_carcinoma 1002 1002 1002 1002 4008
Papillary carcinoma 1002 1002 1002 1002 4008

Test

Benign Adenosls 11 11 11 10 43
Fibroadenoma 25 25 26 23 99
Phyllodes tumor 10 12 10 11 43
Tubular adenoma 14 14 13 12 53

Malignant Ductal_carcinoma 86 90 89 78 343
Lobular_carcinoma 15 16 16 13 60
Mucinous_carcinoma 20 22 19 16 77
Papillary carcinoma 14 14 13 13 54

Validation

Benign Adenosis a8 98 98 98 392
Fibroadenoma 98 98 98 98 392
Phyllodes tumor 98 98 98 98 392
Tubular adenoma 98 98 98 98 392
Malignant Ductal _carcinoma 98 98 98 98 392
Lobular_carcinoma 98 98 98 98 392
Mucinous carcinoma o8 9 98 98 302
Papillary carcinoma 98 98 98 392

Figure 1. An explanation of the dataset (Man et al., 2020)

563



Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 1, 2026

_ 8 Classes_
e —— -
.- .-
<, W\
l ) |}

1 1 \
| |
] ]
U, o !
i '

! 3 / SR A . Catd ¢ I !
I = Adenosis Fibroadenoma l‘h\llndca lumor Tnbulnr adcnomn A |
i ~ 0

’ \

I ] [ 4
! [
I, il
1 L
! [
h ' |
\ ' !

\ l)uclul turclnnmu Iulmlur cnulnumu ’\Iucinom curclmmm l’npillnr) curcinomn ’ J

5------------------------------/

B B O R O O O B B O B O O N O e e e

Figure 2. Dataset samples (Man et al., 2020).

The dataset samples are shown as pictorial representation [7]. In Figure 2, the inner dash
lines represent the multiclass (4 classes) in two categories: Benign and malignant, whereas
the outside dash lines show the multiclass (8 classes).

Step-1: Data Pre-Processing

The publicly available Breast cancer histopathological image dataset is considered. The
dataset contains high-resolution histopathological images that are captured at multiple
resolutions to increase variability in terms of Texture patterns, Structural details, Sharpness
and clarity, Scale of visual information, representation of tissue morphology and increase in
feature quality in terms of Cell size and shape, Nuclei structure, Tissue patterns, color
distribution, texture details. As part of the preprocessing pipeline, every image was
normalized and resized to a fixed resolution of 224 x 224 x 3 channels to enable consistent
input representation irrespective of the deep learning model that is considered. The images
are resized to a fixed dimension of 224 pixels by 224 pixels with RGB colours. The deep
learning model’s architectures needs the images into fixed dimensional networks
irrespective of original resolution and so they are converted. To reduce inconsistencies in
images, pixel intensities are normalized by scaling them based on the dataset’s mean and
standard deviation, typically calculated from a large set of training images. Normalization
converts pixel values to have a zero mean and unit variance, improving model convergence
during training and preventing issues related to varying brightness and contrast.

Image normalization is done using;

I-p
Ihormalized = o (1)

where I= input image, p=mean and o= standard deviation

Step-2: Data Augmentation

Data augmentation is performed to make the dataset more differentiated, and more

representative so that the model becomes more accurate, reliable, and less prone to
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overfitting. Histopathological images usually have few samples and uneven class distribution.
Therefore, augmentation is performed to increase the sample size and improve model
generalization by performing; rotation to simulate different tissue positioning and aligning
the images into different angles is done, Horizontal and vertical flipping, cropping, Color
contrast and brightness variation is done.
Step-3: Architecture Design: VGG-19 and AlexNet
VGG-19 Architecture
The VGG-19 consists of 19 sequential layers, instead of considering a single large convolution
layer, it uses several convolution layers placed one after another i.e; 3x3 convolution kernels
with increasing filter depth [8]. This enables the model to extract fine-grained texture
patterns like nuclei shape irregularities, cell density variations and structural degradation in
malignant tissue. To perform classification on the breast cancer histopathology task, custom
classification is done:

1. Converts feature maps from the convolution layers into a smaller vector by averaging

values which reduces model complexity and prevents overfitting.
2. A fully connected layer with 512 units and ReLU activation which allows the model to
learn high-level decision rules from extracted features.

3. Randomly disables 50% of neurons during training, to overcome overfitting and
improves generalization.
The final output layer produces class probabilities such as benign or malignant.
From the custom classification, only the top (last) convolution blocks of the
pretrained model were made trainable (unfrozen). The previous layers remained
frozen, where the weights are not changed.

vl

Comparison of VGG-19 Architecture model Layers with the generated output

Model: VGGIY _model®

e — Layer (typw) Output Shape Param »

input | impulees Cinput_layer (Inputiayer) | (None, 224, 224, 33| o
T blockl_cormvl (Convan) (None, 224, 224, G4 1.792

okt -'ﬁl-'.ﬂ” Uluc.t_[_pouv;‘ (Convan) (None, 112, 112, b—: i 36.98 |
A blockd _poal (MaxPooling?ON (None, 132, 1313, G4 o
,II bBlock2 _corwl (ConvaD) {(None, 56, %6, 128) 73,8506

Block 2 | Canvi e block2_pool (Convin) (Mone, 56, 56, 128)| 147.584
- 1 blockd_poal (MaxPoalinglD)] (None, $6, 56, 128) 205,064
Tlmll_tunv] (Convan) (Rone, 28, 28, 256) 2095, 808
n‘lo(\d c(;';vz (Convao) (';(;nc. 28, 28, 512) 2':'.'-.6(.'747
blockd_poal (MaxPooling2O) (None, 14, 14, %312) 23%. 90n
blockS_cornvl (Conva2D) (None, 14, 14, 512)| 1.180.180
blocks Vr_nnv) ((n;-.v,‘(») (MM, XJ-IV. 14, '.l):} 2.359. 008
vlocks _pool l"a-l\)u.‘lr‘n-'(") (None, 14, 14, 512)| 2.359.808
blockS_poovi (ConvaD) (None, 14, 14, 5123 2.359.808
blockS _conva (Convan) (None, 14, 14, 512)| 2.3%9.808

Kt Eiobal_sverege poing | (Nore, 7, 5135 | ©

Convs | Pooling (GilobalAverage Pool g 2D)

Output dense (Dense) (None, %S12) 202,6%0
[_Densa | “dropout (Dropout) (one, 512) 104

Tortal params: 20.291.144
Trainable params: 277.524
Non-trainable params: 0013.620

VGG-19 Architecture Layer by Layer execution of VGG-19 Model

Figure 3. VGG-19 Architecture comparison with layer-by-layer execution

565



Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 1, 2026

Figure 3, explains the execution of VGG-19 model layer by layer. The VGG19-based model
accepts 224 x 224 RGB images as input through an input layer that defines only the image
dimensions and contains no trainable parameters. The network is organized into five
sequential convolutional blocks, each responsible for extracting features of increasing
complexity;

Block 1 begins with 64 convolutional filters, focusing on extracting low-level visual features
such as edges, gradients, and basic color transitions. A max-pooling layer reduces the spatial
resolution from 224 x 224 to 112 x 112, lowering computational cost while preserving
essential information. Block 2 employs 128 filters to capture mid-level patterns, including
corners, curves, and simple texture regions. Max-pooling further reduces the feature map size
to 56 x 56, retaining the most discriminative structures. Block 3 increases the depth to 256
filters, enabling the extraction of more complex textures and structural patterns. After
convolution and pooling, the feature maps are reduced to 28 x 28, allowing the model to
generalize deeper spatial representations. Block 4 uses 512 filters to learn high-level
semantic features, such as tissue regions and shape-based patterns relevant to breast cancer
histopathology. Max-pooling compresses the representation to 14 x 14, discarding weaker
activations. Block 5, the deepest block, also utilizes 512 filters to extract highly abstract and
domain-specific features, such as malignant cellular textures. The final pooling operation
prepares the feature maps for classification.

Instead of using traditional fully connected layers, a Global Average Pooling layer converts
the final feature maps into a compact 512-dimensional feature vector, significantly reducing
the number of parameters and minimizing overfitting. The extracted global features are then
passed through a Dense layer with 512 neurons, which learns the final discriminative
representation. A Dropout layer is applied afterward to randomly deactivate neurons during
training, enhancing robustness and preventing overfitting.

The VGG-19 base is frozen (non-trainable) only dense layers and dropout layer are learned
from dataset. The lower convolution layers in pretrained models learn generic features such
as edges, corners, and simple patterns and the higher convolution layers learn task-specific
features like textures and patterns. In histopathology images, cancer patterns involve cell
structures, irregular nuclei, and tissue textures.

AlexNet Architecture

AlexNet contains 8 learnable layers (5 convolutional layers + 3 fully connected layers). It uses
larger convolutional kernel of sizes 11x11 and 5x5 so that the model extracts broader and
more abstract information. AlexNet classifies the breast cancer histopathology image dataset
using custom classification; by converting high-dimensional 2D feature maps are converted
to 1D vector format with high-level numerical feature maps that describe patterns suitable
for dense layers. The Dense layers are responsible for interpreting these extracted features
and determining which class the image belongs to (e.g., benign or malignant). The Rectified
Linear Unit activation function checks non-linearity to detect complex cancer-specific tissue
patterns [9][10]. During training the 50% of neurons gets deactivated randomly and
produces output as probability of binary classification.

Comparison of AlexNet Architecture model Layers with the generated output
Figure 4, explains the layer-by-layer execution of AlexNet model. The AlexNet-based model
accepts 224 x 224 RGB images as input through an input layer that defines the image
dimensions and contains no trainable parameters. The network is composed of five
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convolutional stages followed by fully connected classification layers, enabling hierarchical
feature extraction from low-level visual cues to high-level semantic representations.

The initial convolutional layer applies 96 filters of size 11 x 11 with a stride of 4, producing
feature maps of size 54 x 54 x 96. This layer captures basic image characteristics, such as
edges, color gradients, and simple textures. A Batch Normalization layer follows to stabilize
learning and accelerate convergence. Max-pooling then reduces the spatial resolution to 26 x
26, retaining the most dominant activations. The second convolutional layer increases the
depth to 256 filters (5 x 5 kernel), allowing the network to learn mid-level patterns, including
corners and texture regions. Batch normalization and max-pooling further reduce the feature
maps to 12 x 12 x 256, enhancing representational efficiency. The third and fourth
convolutional layers employ 384 filters (3 x 3 kernels) to extract deeper and more complex
structural features, such as object parts and detailed spatial patterns. These layers refine the
feature hierarchy without further spatial reduction. The fifth convolutional layer, with 256
filters, captures the most abstract and highly discriminative features. A final max-pooling
operation reduces the feature maps to 5 x 5 x 256, preparing the network for classification.
The classification stage consists of two large fully connected layers, each with 4096 neurons,
which learn high-level feature combinations critical for recognition tasks. Dropout layers are
applied after each dense layer to reduce overfitting and improve generalization. Finally, the
network terminates with a Dense output layer containing 8 neurons, corresponding to the
target classes, producing the final classification output.

Model: “AlexNet”™
Input
(227,227, 3)
+ F.aye.— (type) Tmﬁm shape I Param & ]
Conv1 11x11, 96, 5=4 alex_irput {Inputiayer) , 226, 228, 3)
(55, 55, 96) o s =
i _tch_norm
MaxPool 3x3, s=2 (satchaorsa
(27, 27, 96) ool (MaxPoslinglo
‘ comel ( 3 , 30, 25, 5 s 655
Comv2 5x5, 256, s=1 e
(27, 27, 256) tSatcwormiizationd
' pool2 (MaxFoclingZD) , 12, 12, 56
Conv3 3x3, 384, s=1 s (oA S ) a2
(13, 13, 384) i — —_—
Conv5 3x3, 384, s=1 —_
(13, 13, 256)
: : (rzr, 554
Conv3 3x3, 366, s=1 fc1 (vense , 4295
(13, 13, 256} it % —
' = -
Flatten
{9216)
.
FC1 4086
(4(;96; Total params: <6.791,192 (178.4¢ »8)
an: Trainable params: &5,750,488 (17§5.85 @)
num_classes
Non-trainable params: 8L (1.75 2
AlexNet Architecture Layer by Layer execution of AlexNet model
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Figure 4. AlexNet Architecture comparison with layer-by-layer execution

Step-4: Training a Model
The training a model fine-tunes the VGG-19 and AlexNet architectures on the
histopathological image dataset using a transfer learning strategy.

Both models were initialized with pretrained ImageNet weights, the earlier
convolutional layers remained frozen with low-level features (edges, contours, and textures),
while selected higher convolution blocks were unfrozen to learn histopathology-specific
patterns such as abnormal nuclei morphology, glandular disorganization, and color-shift
patterns. The newly added dense layers from both models were initialized with random
Gaussian weights and trained from the beginning as they were specific to the binary breast
cancer classification task.

Binary Cross-Entropy (BCE) Loss Function
Binary Cross-Entropy (BCE) Loss is used to train the model to make accurate probability
predictions and pushes the network to produce higher probabilities for true cancer images
and lower probabilities for benign ones. The Binary Cross-Entropy (BCE) loss function is used
to measure the model's predicted output matches the true class label in a binary classification
task, such as deciding benign and malignant breast tissue. As the output of the model is a
probability value between 0 and 1, BCE evaluates how close the predicted probability is to
the actual truth label.
L = —[ylog(p) + (1 —y) log(1 — p)] (2)
where, y = true label (benign = 0, malignant = 1), p = predicted probability from the model,
L= Loss value (error measure).
[f the true label is malignant (y = 1):
L=—log(p) (3)
If the model predicts p = 1, loss becomes 0 (perfect prediction).
If the model predicts p = 0.1, loss becomes high, penalizing the model.
If the true label is benign (y = 0):
L=—log(1-p) (4)
A prediction near 0 gives low loss and a prediction near 1 gives a large penalty.

In breast cancer detection using VGG-19 and AlexNet ensemble fusion, BCE Loss trains the
ensemble fusion model to output accurate probabilities for malignant vs benign cases,
penalizes high-confidence mistakes, stabilizes learning, and improves diagnostic sensitivity.

Step-5: Proposed Model: Ensemble Fusion
This Figure 5. explains the Ensemble Model Architecture used for breast cancer classification
from histopathology images by combining VGG19 and AlexNet. The workflow is explained
step-by-step as follows:
1. Input and Data Preparation
e Histopathology Images are taken as input.
e Preprocessing includes resizing, normalization, and stain normalization to reduce
color and intensity variations common in medical images.
e Data Augmentation (applied only during training) improves generalization by
introducing rotations, flips, and other variations.
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2. Parallel CNN Feature Extraction
The architecture consists of two parallel CNN models:
a) VGG-19 Model
e Extracts deep hierarchical features using a deeper architecture.
e Outputs feature maps that are passed through a Dense and Softmax layer,
producing class probability scores p,.
b) AlexNet Model
e Extracts complementary features using a comparatively shallower but wider
network.
e Also ends with a Dense and Softmax layer, producing probability scores pg.
3. Ensemble Strategy
This ensemble fusion is performed using Late fusion, Decision fusion and Stacking.
The ensemble layer collects the probability output from the Dense and Softmax layer
which is the final classification stage of a deep learning model, where extracted
features are converted into class probabilities.

VGG-19 output: ps = [Pa1,Pa2s - Pakl
AlexNet output: pg = [Pp1,PB2s -» PBK]

where k is the number of classes (e.g., benign and malignant).

Ensemble Model Architecture

Two CNN branches — probabilities — fusion - final decision + evaluation

Data Preparation
Histopathology Parallel CNN Feature Extraction
Images
. ‘ VGG19 CNN AlexNet CNN
3 Al s > Feature Maps p— Feature Maps
Preprocessing - d = I <
(Resize, Normalize, - L . -
Stain Norm) [ Dense + Softmax ] [ Dense + Softmax J
p—— \ s \
I [ | ]
Data Augmentation A/
{Train Only) Ensemble Layer
e
Late Fusion (Weighted Avg)
Prou =W pA+(1-w)-pB
v v
Decision Fusion (Voting) Stacking (Meta-Learner)
Ensemble class = modedargmax pu, wgms ¢8| [pa, pB] — Meta-Classifier
Layer - Final Class
~ — — — -—
L )
\ =
’ v
Final Prediction Evaluation
Final Class Label » Accuracy | Precision
+ Confidence Score Recall | F1 | AUC

Confusion Matrix

Figure 5. Proposed Architecture
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The proposed ensemble techniques support three strategies shown in Figure 5;

1. Late Fusion (Weighted Average Fusion): After performing the feature extraction and
classification by each model the output probabilities of multiple models are combined and
the final probability is computed as:

Pfinal = W pa+ (1 —w) - pg ()

Where, wis a weighting factor (0 < w < 1).

when the value of w is high, VGG-19 probability is considered and when value of w is low the

probability of AlexNet model is considered. The weights can be fixed or can be optimized

based on validation performance.

2. Decision Fusion: The final class labels predicted by multiple models rather than their

probabilities are combined. Both VGG-19 and AlexNet predicts a class label; VGG19 — Benign,

AlexNet — Malignant

and the final decision is made based on majority agreement.

class = mode(arg max (p,), arg max (pg)) (6)

3. Stacking: A meta-classifier is trained to optimally combine the outputs of multiple base

models. Both the model VGG-19 and AlexNet produce probabilities ps, pg . These

Probabilities are concatenated [p4’ pg] and a meta-learner combines the values and outputs

the final class.

This ensemble approach reduces prediction variance, improves robustness, and minimizes
false negatives.

The necessity of ensemble model is as the histopathology images are complex and uncertain
due to more intra-class similarity and differences in tissue sizes by ensembling the outputs
from the VGG-19 and AlexNet the random errors are reduced, predicting probability
increases.

Step-6: Performance Evaluation

After training the proposed ensemble model, its performance was assessed using evaluation
metrics commonly applied in medical image classification. These metrics help measure how
accurately and reliably the model distinguishes between benign and malignant breast cancer
histopathology images. Both threshold-based metrics (e.g., accuracy, precision) and
probabilistic performance criteria are considered.

Comparative Analysis

A comparative analysis of present work with three earlier works of ours [11][12][13] in
predicting breast cancer, focusing on key aspects such as dataset type, methodologies,
computational cost, performance, interpretability, and scalability are discussed in Table-1.

Table 1. Comparative Analysis of different Algorithms on Detecting Breast Cancer

Aspect CSV Dataset Histopathologi | Histopathologi | Histopathologi
(LightGBM & cal Images cal Images cal Images
LSTM) [11] (GAN & (VGG-16) [13] | (Ensemble
ResNet) [12] VGG-19 and
AlexNet)
Dataset Structured/tabu | Histopathologic | Histopathologic | Histopathologic
lar data with al images, raw al images, al images

570



Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 1, 2026

clinical and medical data directly utilized | (multi-
numerical requiring for resolution
features. preprocessing. classification. tissue
structures)
Approach LightGBM for GAN for data VGG-16 for Feature-level
feature selection | augmentation feature fusion of VGG19
and LSTM for and ResNet for | extraction and and AlexNet for
sequential data | deep feature direct enhanced
processing. extraction & classification feature
classification representation
Data Size Performs well Requires large Can work with Works well with
Dependency | with relatively datasets for medium medium
small datasets training GAN datasets using datasets due to
effectively transfer combining
learning transfer
learning with
ensemble fusion
Model Moderate High (dual Moderate High-moderate
Complexity | (tabular data models: GAN for | (simpler CNN (dual deep
methods are augmentation, structure with models fused;
well- ResNet for transfer no GAN training
established) classification) learning) required)
Accuracy High for High for images | Competitive, High accuracy
structured data | when GAN leveraging pre- | dueto
performs trained weights | complementary
effective for better strengths of
augmentation generalization VGG19 and
AlexNet
Feature Relies on Deep features Deep Combined deep
Extraction engineered learned through | hierarchical features: VGG19
features and ResNet features learned | captures fine
LSTM for through VGG-16 | textures,
sequential AlexNet
patterns captures global
patterns
Overfitting | Low to High without Moderate, Low-Moderate
Risk moderate, careful tuning of | mitigated by (fusion reduces
depending on GAN and ResNet | transfer bias; transfer
feature learning and learning
engineering regularization stabilizes
training)
Training Short (efficient | Long (GAN + Moderate Moderate (two
Time with LightGBM | ResNetrequire | (transfer models run in
& LSTM) significant learning parallel but use
training time) reduces training | frozen layers)
requirements)
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Preprocessi | Requires feature | Requires image | Minimal image Minimal
ng engineering and | preprocessing preprocessing preprocessing;
cleaning (normalization, | required standard
resizing) resizing &
normalization
Scalability Highly scalable | Limited Scalable with Scalable;
for larger scalability due modern GPUs ensemble fusion
structured to high and efficient increases
datasets computational frameworks computation
demands slightly but
remains
practical
Application | Suitable for Research- Clinical High suitability
Suitability clinical settings | oriented, application- for clinical
with numerical | addressing ready with focus | diagnosis due to
data challenges in on image-based | robust fusion-
medical imaging | diagnosis based
classification

Results

The Breast Cancer Histopathological Image dataset is considered which is publicly available
via the Kaggle medical imaging repository. The dataset consists of 277,524 histopathology
images with eight classes.

Model: "VGG19_AlexNet_Fusion”

Layer (type) Output Shape Param # | Connected to

fusion_input (InputLayer) ( , 224, 224, 3) e | -

vgg_feature_extractor ( s 512) 20,287,040 | fusion_input[@][e]

(Functional)

alex_feature_extractor ( , 4896) 46,748,416 | fusion_input[e][e]

(Functional)

feature_fusion (Concatenate) ( 4608) @ | vgg_feature_extractor[@][
alex_feature_extractor[@]..

fusion_fcl (Dense) ( » 512) 359,808 | feature_fusion[@][@]

dropout_5 (Dr ( , 512) @ | fusion_fci[e][e]

fusion_fc2 (Dense) ( » 256) 131,328 | dropout_5[e][e]

dropout_6 (Dropout) ( » 256) fusion_fc2[e][e]

fusion_output (Dense) ( > 8) 2,05¢ dropout_6[8][2]

Figure 6. VGG19 and AlexNet ensemble fusion model

The Figure 6, shows a VGG-19 and AlexNet fusion architecture which is build on feature level
combination where frozen feature extractors produce 512 and 4096 features, which are
concatenated into a 4608-dimensional vector and passed through fully connected layers to
classify breast histopathology images into 8 classes.
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Figure 7. VGG-19 Classification Report
Figure 7. explains VGG-19 classification report with an accuracy of 84% on a very large
histopathology dataset.

txNet - classification report
precision recall fl-score support

adenosis Q.72 9.72 9.83 16
ductal_carcinom 0.30 Q.85 Q.83 1,82e
fibroadenoma 8.97 9.90 9.93 34,89
lobular_carcinoma 9.70 9.67 0.68 26,70
mucinous_carcinoma 0.56 a.59 0.58 28,450
papillary_carinoma 9.42 9.48 9.45 22,380
phylldes_tumor e.76 a.76 8.76 14,720
tubular_adenona ©.87 0.57 0.68 14,884
accuracy 0.75 o7
nacro avg e.73 @.69 Q.76 e
weighted avg 8.76 @.75 8.75 387

Figure 8. AlexNet Classification Report

Figure 8, explains the classification report generated by AlexNet trained on 277,524 images
on multiclass breast cancer detection, with an accuracy of 75%.

VG619 - classification report
precision  recall fl-score support

adenosis 9.75 8.25 8.38 16320
ductal_carcioma 9.96 9.99 8.98 118640
fibroadenoma 8.79 0.59 8.67 34899
lobular_carcinoma ©.98 0.15 8.25 26740
mucinous_carcinoma ©.98 0.33 8.58 28459
papillary_carinoma 0.79 9.87 8.13 22389
phyllodes_tumor 0.48 8.12 8.18 14720
tubular_adenoma ©.79 8.91 8.85 14884

accuracy ©@.84
macro avg 8.79 0.43 8.49
weighted avg ©.89 0.84 0.85

Fusion (VGG19+Alexhet) - classification report

precision recall fl-score support

adenosis .98 1.00 .99 16
ductal_carcinoma ®.99 .99 8.99 117,198
fibroadenona 8.99 .99 9.99 37
lobular_carcinona @.98 8.9 0.%8 24
mucinous_carcinomsa .93 .96 0.97 32
papillary_carcinoma 8.94 9.89 8.92 19
phyllodes_tumor 1.08 e.94 8.97 18
tubular_sdenona 1.00 1.e0 1.00 16
accuracy 0.99 277,524

macro avyg 9.98 @.97 0.98 277524
weighted avg 9.99 .99 0.99 277521

Fusion (VGG19+AlexNet) - Acc: 9.9888, Prec: 0.9867, Rec: 8.5722

Figure 9. Ensemble VGG-19 and AlexNet Classification Report
Figure 9, explains the ensemble VGG-19 and AlexNet classification report on the largescale

histopathological dataset. The models demonstrate 98.88% accuracy despite of significant
class imbalance. The consistency in their per-class metrics highlights their suitability for

573



Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 1, 2026

ensemble fusion, where combining their complementary features enhanced the breast cancer
detection accuracy.

VGG19 + AlexNet Fusion - Accuracy Curve (Final Accuracy
= 98.88%)

1.00 e
095

0.90 /

Accuracy
i

0.80
— Train Acc

Val Acc

0 10 20 30 a0 50 50
Epoch

Figure 10. Ensemble VGG-19 and AlexNet Accuracy

The Training vs. Validation Accuracy Curve for the VGG-19 and AlexNet Ensemble Fusion
Model, the model learns over 50 epochs with an accuracy of 98.88%, as shown in Figure 10.

VGG19 4+ AlexNet Fusion - Loss Curve (Final Loss = 0.06)

g

Figure 11. Ensemble VGG-19 and AlexNet Loss Curve

The loss curve in Figure 11, demonstrates consistent reduction in both training and
validation loss for 50 epochs, reaching final values of approximately 0.06 and 0.35,
respectively. The VGG-19 + AlexNet fusion architecture effectively learns discriminative
features from large-scale histopathology images with generalization performance.
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Canfusion Matrix (277,524 samples, Accuracy = 98 88'%)
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Figure 12. Ensemble VGG-19 and AlexNet Confusion Matrix

This confusion matrix shown in Figure 12, visualizes the Ensemble VGG-19 and AlexNet
model by classifying 8 histopathological breast tissue categories. Each row represents the
true class, and each column represents the predicted class. The Ensemble VGG-19 and
AlexNet model performs well with 98.88% accuracy on a very large dataset. The values along
the diagonal indicate the strong classification performance which are correctly classified
samples. The values which are not on the diagonal are misclassifications.

Conclusion

The proposed ensemble VGG-19 and AlexNet framework demonstrates a robust and effective
approach for breast cancer detection using histopathological images. By combining the
complementary strengths of both architectures, the model achieves improved diagnostic
performance compared to using both models independently. The experimental results
confirm that the ensemble model exhibits high accuracy of 98.88%. Ultimately, this method
supports improved early diagnosis, reduces subjectivity in manual assessment, and
contributes toward advancing computer-aided cancer diagnosis systems.

Data Availability
The dataset analyzed during the current study is available in the kaggle repository
[https://www.kaggle.com/datasets/waseemalastal /breakhis-breast-cancer-
histopathological-dataset].
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