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Breast cancer remains a leading cause of cancer-related deaths among women, highlighting the

need for accurate computer-aided diagnosis systems (CADs). Convolutional neural networks

(CNNs) have demonstrated substantial progress in medical image analysis, signi¯cantly im-

proving diagnostic accuracy. This paper introduces Tri-ResNet, a triple-input model composed
of parallel ¯ne-tuned ResNet-based branches using transfer learning (TL) for e±cient breast

cancer classi¯cation. The model simultaneously processes full mammogram images (FMs),

regions of interest images (ROIs), and contrast-enhanced ROI images (CLAHE-enhanced ROIs)

using Contrast-Limited Adaptive Histogram Equalization (CLAHE). Extensive experiments
were conducted using multiple pre-trained models across single-input and multi-input archi-

tectures. Tri-ResNet achieved outstanding results on the Mini-DDSM, MIAS, and INbreast

datasets, with peak performance on MIAS reaching 99.62% accuracy for normal–abnormal

classi¯cation and 99.14% for benign–malignant classi¯cation, while maintaining competitive
results on Mini-DDSM and INbreast. The model consistently outperformed single-input

models and state-of-the-art approaches, demonstrating the e®ectiveness of multi-input CNNs

for enhancing automated breast cancer diagnosis.

Keywords: Breast cancer; CNN; parallel network; multi-input; computer-aided diagnosis;

transfer learning.
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1. Introduction

Breast cancer is the most prevalent cancer in the world and one of the primary cause

of cancer-related deaths among women, particularly in developing countries.1 In

Algeria, breast cancer is the leading cancer among women, as reported by the National

Cancer Registry, with cases increasing annually and an age-standardized incidence

rate of 82.8.2,3 Early detection signi¯cantly improves survival rates, and relies on

accurate mammographic interpretation followed by biopsy for malignancy con¯rma-

tion.Radiologistsmanually inspectmammograms to detect and identify abnormalities

such as masses, calci¯cations, or architectural distortions, using the Breast Imaging

Reporting and Data System (BI-RADS) reporting system for classi¯cation.4

Despite advances in medical imaging technology, manual interpretation remains

challenging due to overlapping breast tissue and variations in size and shape of early-

stage cancerous lesions. This process requires the extreme caution by highly quali¯ed

radiologists.5 Misdiagnosis can lead to delayed treatment or fatal outcomes in the

case of false negatives (FNs), where real cancerous lesions are missed, or to unnec-

essary interventions and patient anxiety in the case of false positives (FPs), where

non-cancerous ¯ndings are incorrectly identi¯ed as malignant. In many developing

countries, the shortage of experienced radiologists further ampli¯es these challenges.6

Therefore, improving mammogram interpretation e±ciency is crucial through

automated diagnostic systems.

Recently, computer-aided diagnosis systems (CAD) systems have increasingly

improved diagnostic precisionwhile reducing the time required for diagnosis compared

to manual examination.7 Convolutional neural networks (CNNs), in particular, have

shown strong performance in medical applications, particularly, in the analysis of

mammograms, improving breast cancer detection, localization, segmentation and the

classi¯cation of breast tumors.4,8

However, CNNs require extensive labeled images for training, which are di±cult

to obtain in medical imaging due to cost, ethical constraints, and limited expert

availability.9 Transfer learning (TL) addresses this limitation by reusing pre-trained

models trained on large datasets such as ImageNet,10 for domain adaptation such as

medical image classi¯cation, by transferring the learned weights instead of training

the model from scratch.11,12

In this work, we evaluate several widely used pre-trained CNN architectures,

including ResNet50V2,13 ResNet152V2,14 InceptionResNetV2,15 DenseNet121,16

NASNetMobile,17 InceptionV3,18 VGG16,19 and VGG19.19 These models were

evaluated to determine their suitability for breast cancer classi¯cation when applied

to di®erent image types derived from the same case.

The experiments were structured into four main components:

. Full mammogram image (FM) classi¯cation: We evaluated the performance of

the selected pre-trained CNN models on FMs across binary and multi-class classi-

¯cation (normal–abnormal, benign–malignant, and normal–benign–malignant).
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. Regions of interest image (ROI) classi¯cation: The same models were tested on

ROIs extracted from the original mammograms. Focusing on these localized

regions helps the models concentrate speci¯cally on suspicious tumor areas,

enabling more targeted classi¯cation.

. Contrast-limited adaptive histogram equalization (CLAHE)-enhanced ROI

classi¯cation: We investigated the impact of applying CLAHE20 to the ROIs.

CLAHE enhances local contrast and improves the visibility of subtle edges and

textures that may be indistinguishable in the original images. This enhancement

helps the CNN better di®erentiate between normal and abnormal tissues.

. Triple-input CNN model: We constructed a triple-input architecture consisting of

three parallel branches, each using one of the top-performing pre-trained models

identi¯ed in the previous experiments. This model simultaneously processes FMs

and corresponding ROIs and CLAHE-enhanced ROIs. Combining these comple-

mentary inputs from the same case ensures that no relevant features are missed, as

each image contributes unique diagnostic information. This multi-input fusion

signi¯cantly improved classi¯cation accuracy.

All experiments were conducted using preprocessed, balanced, and augmented

images from the Mini-DDSM dataset.21 Through these experiments, we developed

Tri-ResNet, a parallel multi-branch architecture integrating pre-trained CNN

models. The model's novelty lies in processing three distinct image inputs, each

handled by a dedicated branch. This design enables the extraction of complementary

macroscopic and microscopic tumor characteristics. By combining ResNet50V2 and

ResNet152V2 architectures, Tri-ResNet achieved outstanding performance on the

Mini-DDSM dataset, surpassing single-input CNN models and several state-of-the-

art approaches. The model also demonstrated strong generalization on the MIAS22

and INbreast23 datasets. In addition, the models are evaluated using accuracy,

precision, recall, F1-score, speci¯city, area under the ROC curve (AUC), and error

rate metrics.

The remainder of this paper is organized in the following way. Section 2 reviews

related work in the ¯eld of breast cancer detection and classi¯cation. Section 3

describes the datasets and methodology. Section 4 reports experimental results, an

ablation study, and comparisons with state-of-the-art models. Section 5 discusses the

¯ndings, limitations and future work. Section 6 concludes this paper.

2. Related Work

This section provides a comprehensive review of recent research studies on CNN-

based breast cancer classi¯cation using TL on public mammography datasets.

Numerous studies have explored ¯ne-tuned CNNs, multi-channel architectures, and

multi-input strategies to enhance diagnostic accuracy. In addition, the section

highlights various preprocessing and data augmentation techniques employed in

these studies.
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Multi-modal studies, such as Muduli et al.24 combined mammography images

obtained from the MIAS, DDSM,25 and INbreast datasets with ultrasound images.

Augmentation involved geometric and photometric transformations, such as

Gaussian noise injection and gamma correction. Their multi-modal CNN achieved

96.55% and 90.68% accuracies on MIAS and DDSM images, respectively. Mean-

while, Mohapatra et al.26 ¯ne-tuned AlexNet,27 VGG16, and ResNet5013 for multi-

class classi¯cation using FMs. The ¯ne-tuned AlexNet and VGG16 models only

achieved a maximum accuracy of 65% on Mini-DDSM dataset.

Recent works have explored hybrid models and multi-channel fusion of features

from multiple pre-trained models. Several studies also introduced multi-input

architectures where enhanced images serve as independent inputs, demonstrating

performance gains.

Salama et al.28 ¯ne-tuned ResNet50 and VGG16 by replacing the ¯nal fully

connected (FC) layer with a Support Vector Machine (SVM) classi¯er29 for benign–
malignant classi¯cation. Using MIAS, DDSM, and CBIS-DDSM30 datasets, the ¯ne-

tuned ResNet50 combined with SVM achieved top performance on DDSM with an

accuracy of 97.98%. Aslan31 combined CNNs with Bidirectional Long Short-Term

Memories (BiLSTM) layers for multi-class classi¯cation. Preprocessing involved the

removal of defects and noise, while augmentation incorporated Gaussian noise,

sharpening ¯lters, salt-and-pepper noise, and Gaussian ¯lters. The model achieved

accuracies of 98.56% and 92.26% on MIAS and INbreast datasets, respectively.

Khamparia et al.32 proposed a modi¯ed VGG16 for normal–abnormal classi¯ca-

tion on ROIs from the DDSM dataset. Their model achieved an accuracy of 94.3%.

Al-Nawashi et al.33 performed a multi-class classi¯cation of extracted features from

mammogram images using a custom CNN model. Using CLAHE-enhanced images

from a private dataset, the proposed model achieved an accuracy of 98.71%, while

minimizing computational time. Eltoukhy et al.34 proposed a CAD system for clas-

sifying breast masses and normal tissues on ROIs. Using Exact Gaussian–Hermite

Moments (EGHMs), the extracted feature vector is fed into the AdaBoost classi¯er

for prediction. Using images from the MIAS and Image Retrieval in Medical

Applications (IRMA) datasets, the classi¯er achieved accuracies of 90.56% and

93.27% on MIAS and IRMA, respectively.

Alternatively, Jafari and Karami35 investigated the fusion of ¯ve pre-trained

models for breast cancer detection. By combining extracted features from FMs using

AlexNet, ResNet50, MobileNet-Small,36 ConvNeXtSmall,37 and E±cientNet,38 their

multi-channel model achieved accuracies of 94.5% and 96% on the MIAS and DDSM

datasets, respectively. Similarly, Maqsood et al.39 introduced the Transferable

Texture CNN (TTCNN), which preserves texture information for benign–malignant

classi¯cation. They applied a modi¯ed CLAHE technique for preprocessing images

from the DDSM, INbreast, and MIAS datasets. By integrating extracted features

from InceptionResNetV2, InceptionV3, VGG16, VGG19, GoogLeNet,40 ResNet1813

ResNet50, and ResNet101,13 and using entropy-based feature selection, the model

achieved 99.08% accuracy on DDSM images.
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Alshayeji and Al-Buloushi41 developed a triple-channel model for binary and

multi-class classi¯cations by integrating a custom CNN, InceptionResNetV2, and

Xception.42 Using ROIs from the DDSM dataset, the triple-channel model achieved

97.26% accuracy for binary classi¯cation and 99.13% for multi-class classi¯cation.

Mohammed and Ekmekci43 developed a CAD system for multi-class classi¯cation by

integrating the You Only Look Once (YOLO) object detector44 with a multi-scale

CNN architecture, combining DenseNet and InceptionNet.18 Applying CLAHE and

noise injection for preprocessing, their system achieved an accuracy of 98.08% on the

INbreast dataset.

Investigating multi-input models, Jabeen et al.45 used FMs and contrast-

enhanced FMs as inputs of a dual-branchE±cientNet-B0model for benign–malignant

classi¯cation. The dual-input model achieved accuracies of 95.4% on the CBIS-DDSM

and 99.7% on the INbreast datasets.

Finally, Sahu et al.46 proposed a multi-modal CNN framework integrating

Shu®leNet47 and ResNet18 for breast cancer classi¯cation. Evaluated on images from

di®erent dataset modalities, including Mini-DDSM and ultrasound datasets, their

framework achieved 99.17% accuracy for normal–abnormal classi¯cation and 98%

for benign–malignant classi¯cation on the Mini-DDSM dataset.

While CNN models have achieved remarkable success, the emergence of Vision

Transformers (ViTs) has introduced a new paradigm. Numerous studies have

explored transformer-based architectures to enhance classi¯cation performance. In

parallel, Sarker et al.48 proposed a multi-view transformer built on Swin Transformer

blocks. The model fuses multiple views of mammogram images from the CBIS-

DDSM and VinDr-Mammo datasets. The proposed model achieved an accuracy of

95.50% on the VinDr-Mammo images and 68.63% for mass lesion classi¯cation on

CBIS-DDSM images.

Proposing a complete CAD system, Hassan et al.49 combined YOLOv4 and ViTs

for breast mass detection, localization, and classi¯cation. They used contrast-

enhanced spectral mammography images from the INbreast dataset. The ROIs are

¯rst detected and extracted using YOLOv4 and subsequently classi¯ed as benign or

malignant by a ViT-based classi¯er, achieving a classi¯cation accuracy of 95.65%.

Most previous studies have focused on developing ¯ne-tuned architectures for

breast cancer classi¯cation across multiple categories. However, these studies present

two main limitations: (1) the majority rely on a single input image per model, even

when proposing multi-channel or multi-scale architectures; (2) while other studies

have introduced multi-input models, most approaches analyze either FMs or ROIs,

meaning multiple inputs are derived from the same original image rather than

incorporating diverse input types.

Moreover, several studies employed geometric transformations for augmentation,

including image scaling, translation, shifting, cropping, and zooming for augmen-

tation. However, these methods may alter the critical characteristics of breast cancer

tumors, especially in ROIs.
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To address these limitations, we introduce a novel multi-input model that

integrates multiple pre-trained CNNs for breast cancer detection and classi¯cation.

This approach extracts complementary features from di®erent image types

including FMs, ROIs, and CLAHE-enhanced ROIs to enrich feature diversity and

improve classi¯cation performance. Additionally, this study explores photometric

transformations for augmentation, including noise addition, to improve the model's

robustness.

3. Materials and Methods

This section describes the dataset and methodology used in this study, including the

preprocessing pipeline, data balancing and augmentation procedures, and the

selection of pre-trained base models through a series of experiments conducted to

construct the proposed architecture. Figure 1 illustrates the overall work°ow of the

methodology.

The experiments were conducted using images from the public Mini-DDSM

dataset, a lightweight version of the widely used DDSM dataset. This dataset has

been adopted in numerous recent studies (Refs. 26, 46, and 50), demonstrating its

relevance and utility in breast cancer research. Mini-DDSM contains mammogram

images in 16-bit PNG and 8-bit JPEG formats, labeled as normal, benign, or

malignant. In addition to FMs, it provides rich metadata, including patient age,

Fig. 1. Overall architecture of the proposed methodology.
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BI-RADS category, disease type, and radiologist-annotated tumor binary masks

indicating lesion location and shape.

Since this study relies on complementary image types as model inputs, we ¯ltered

the dataset to retain only cases containing both FMs and corresponding

tumor binary masks. These masks were essential for extracting ROIs used in our

multi-input architecture.

3.1. Image preprocessing

Image preprocessing is an essential step to enhance CNN performance, as it helps

normalize images by reducing variability, removing irrelevant features, and en-

hancing relevant patterns. This enables the model to learn more e®ectively and

produce accurate predictions. The preprocessing pipeline included ROI extraction

using tumor masks, and contrast enhancement using CLAHE. Many Mini-DDSM

images contain noise, labels, or artifacts (Fig. 2), requiring multiple cleaning steps:

(a) Initially, morphological operations (erosion and dilation),51 combined with

binary thresholding,52 were applied to generate a binary mask of the original

FM. Contour detection was then used to identify and isolate the largest con-

nected component (the breast). Smaller objects such as labels and background

noise were removed, and the image was cropped to retain only the breast region,

eliminating blank space (Fig. 3(a)).

(b) The second step focuses on extracting ROIs. Tumor masks were used to deter-

mine bounding boxes around the lesions. ROIs were extracted by cropping these

bounding boxes from the original FM (Fig. 3(b)). For normal cases, ROIs were

randomly extracted since no suspicious lesion is present in the breast tissue.

(a) (b) (c)

Fig. 2. Sample images from the Mini-DDSM dataset: (a) malignant case; (b) benign case; (c) normal case.

Multi-Branch Tri-ResNet for Cancer Diagnosis 7

V
ie

tn
am

 J
. C

om
p.

 S
ci

. D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 2
a0

1:
e0

a:
5a

3:
88

d0
:3

4a
2:

fd
58

:7
11

a:
5c

f4
 o

n 
03

/2
2/

26
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



(c) In the third step, ROIs were enhanced using CLAHE (Fig. 3(c)), which improves

local contrast and highlights low-contrast structural patterns without exces-

sively amplifying noise or adjacent tissues. This technique has been widely

adopted in breast cancer imaging studies (Refs. 39 and 43), achieving notable

results.

(d) Finally, all processed images were resized to 224�224 to match the input

requirements of pre-trainedCNNmodels and subsequently normalized to improve

training stability.

Following preprocessing, the ¯nal dataset included 13,854 images, divided across

three distinct sets (FMs, ROIs, and CLAHE-enhanced ROIs) each containing 4,618

images (1,984 normal, 1,317 benign, 1,317 malignant) as summarized in Table 1.

3.2. Data balancing, augmentation, and splitting

In this study, we perform three types of classi¯cations: normal–abnormal, benign–
malignant, and normal–benign–malignant classi¯cations. Since Mini-DDSM is im-

balanced, typically containing more normal cases, each class was balanced separately

for each classi¯cation task to avoid biased model performance.

Balancing was performed as follows:

. For normal–abnormal classi¯cation, the benign and malignant classes were

downsampled to 992 cases each, producing a balanced abnormal set of 1,984 cases

matching the number of normal cases.

. For benign–malignant classi¯cation, both classes were already balanced at 1,317

cases each.

. For normal–benign–malignant classi¯cation, the normal class was downsampled

to 1,317 cases to match the benign and malignant classes.

Fig. 3. Overview of the preprocessing steps.
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Each case is represented by the set of three related image types: FM and corre-

sponding ROI, and CLAHE-enhanced ROI obtained from the same patient sample.

To improve generalization, image transformation techniques are frequently used

to expand the dataset.12 Although geometric transformations such as rotating,

zooming, and cropping, are commonly applied for augmentation, they may distort or

alter the appearance of breast cancer tumor.

Recent studies (Refs. 24, 31, 43, and 53) demonstrate that using photometric

transformations, such as Gaussian blur and Gaussian noise is more appropriate for

improving medical image classi¯cation. Based on these ¯ndings, Gaussian noise and

Gaussian blur were used for augmentation. Table 1 provides detailed counts before

and after augmentation.

Following the data balancing and augmentation steps, each case (FM with its

corresponding ROI and CLAHE-enhanced ROI) was assigned a unique numeric

identi¯er to maintain consistency across image type sets. To prevent data leakage,

the dataset was split strictly at the case level rather than at the individual image

level. Speci¯cally, the training, validation, and testing split was ¯rst performed on

the FMs using the split-folders library with a ¯xed random seed, generating a 70%,

15%, and 15% split for training, validation, and testing sets, respectively. This

initial split produced distinct sets of image ¯lenames corresponding to each case.

Once the FM split was established, the ROIs and CLAHE-enhanced ROIs were

assigned to the train, validation, and test sets by matching ¯lenames with the FM

split. This ensured that all images originating from the same case were consistently

assigned to the same subset, eliminating any possibility of cross-set leakage. The

process preserved the correspondence between the original FMs and the derived

ROIs and CLAHE-enhanced ROIs, maintaining case-level integrity across all

image types.

To con¯rm alignment across all image types, we implemented a veri¯cation

procedure after each split, comparing ¯lenames across all image type sets. No mis-

matches were observed, and all ¯lenames in the ROI and CLAHE-enhanced ROI sets

perfectly matched the FM ¯lenames in the corresponding subsets. This rigorous

veri¯cation guarantees that each case is represented in only one dataset split,

ensuring the validity of subsequent model training and evaluation.

Table 1. Mini-DDSM images used in the experiments.

Abnormal

Normal Benign Malignant Total

Set/class Bef. aug. Aft. aug. Bef. aug. Aft. aug. Bef. aug. Aft. aug. Bef. aug. Aft. aug.

FMs 1,984 7,936 1,317 5,268 1,317 5,268 4,618 18,472
ROIs 1,984 7,936 1,317 5,268 1,317 5,268 4,618 18,472

CLAHE-enhanced ROIs 1,984 7,936 1,317 5,268 1,317 5,268 4,618 18,472
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By performing case-level splitting on mammograms and propagating this split to

all derived image types, the dataset preparation prevents data leakage and ensures

reliable evaluation of the model's performance.

3.3. Training, validation, and testing processes

Throughout the experiments, in each evaluated architecture, the features extracted

from each base model are °attened and passed through a ¯ne-tuning block (which

varies depending on the experiment architecture), and ¯nalized by a ¯nal prediction

layer with a softmax activation function. During training, the model's predictions are

compared to ground-truth labels using Categorical Crossentropy loss function, which

measures the discrepancy between predicted and actual labels. The Adam optimizer

iteratively updates the model's parameters to minimize the loss. After each training

epoch, the model is evaluated on the validation data, and a ModelCheckpoint call-

back saves the model's weights whenever validation accuracy improves, ensuring

that only the best-performing weights are retained for testing. Once the training

process is complete, the saved weights with the highest validation accuracy are

reloaded for testing. The model is then evaluated on the test dataset, and the results

are presented in the experimental results section.

3.4. Experimental design

This study introduces a triple-input model that integrates the strengths of multiple

pre-trained base models and complementary image inputs from the same case to

achieve accurate breast cancer classi¯cation. The proposed architecture consists of

three branches, each dedicated to processing a speci¯c type of image input:

. Branch-A processes FMs, capturing global structural features.

. Branch-B processes ROIs, focusing on localized regions likely to contain

abnormalities.

. Branch-C processes CLAHE-enhanced ROIs, highlighting subtle features that

may be less visible in standard ROIs.

This multi-input design enables the model to capture a wide range of features from

di®erent input images. Each branch incorporates a pre-trained base model selected

based on experimental evaluations.

To develop the proposed architecture, two main experiments were conducted:

3.4.1. Single-input model experiment

In the ¯rst experiment, we evaluated the performance of several pre-trained base

models for single-image classi¯cation. The models included ResNet50V2, Incep-

tionV3, InceptionResNetV2, VGG16, VGG19, DenseNet121, and NASNetMobile.

These models were selected based on recent studies presented in the related work

section, where they were frequently ¯ne-tuned for breast cancer classi¯cation.

10 A. Kacher, M. Merati & S. Mahmoudi

V
ie

tn
am

 J
. C

om
p.

 S
ci

. D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 2
a0

1:
e0

a:
5a

3:
88

d0
:3

4a
2:

fd
58

:7
11

a:
5c

f4
 o

n 
03

/2
2/

26
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



Each pre-trained base model was initialized with ImageNet weights (excluding

the top layers). Extracted features were °attened and passed through a softmax-

activated prediction layer. Figure 4 shows the architecture used in the single-input

experiments for both binary and multi-class classi¯cation.

To comprehensively evaluate the impact of di®erent input types, the experiment

was repeated using the same set of pre-trained models and ¯ne-tuning strategy with:

(1) FMs, to establish the baseline performance, (2) ROIs, to evaluate region-focused

classi¯cation, and (3) CLAHE-enhanced ROIs, to investigate the e®ect of contrast

enhancement on classi¯cation accuracy.

3.4.2. Triple-input model experiment

In the second experiment, we combined the strengths of the top-performing

pre-trained base models from the previous experiments into a triple-input architec-

ture. The model consists of three parallel branches, each corresponding to a pre-

trained base model. The model captures diverse and complementary features from

each input type, and the extracted features from the three branches were °attened,

concatenated, and passed through a softmax-activated prediction layer for ¯nal

classi¯cation (Fig. 5). This experiment aimed to assess the impact of combining

multiple image types and multiple pre-trained base models on overall classi¯cation

performance.

The pre-trained base models assigned to each branch were selected based on their

performance in the corresponding single-input experiments:

. Branch-A: top-performing model with FMs,

. Branch-B: top-performing model with ROIs,

. Branch-C: top-performing model with CLAHE-enhanced ROIs.

3.5. Proposed model construction

The ¯nal proposed architecture, namely Tri-ResNet, builds upon the triple-input

architecture with additional ¯ne-tuning enhancements. The output of each pre-

trained base model is ¯rst passed through a dedicated FC layer. The concatenated

features from all branches are then re¯ned using a ¯ne-tuning block composed of: (1)

Fig. 4. Architecture of the single-input model.
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batch normalization for training stability, (2) FC layer with 512 neurons, (3) a

dropout layer to reduce over¯tting, and (4) another FC layer with 64 neurons.

Finally, the output of this block is fed into a softmax-activated prediction layer.

The complete architecture of the ¯nal model is illustrated in Fig. 6.

Fig. 5. Architecture of the triple-input model.

Fig. 6. Architecture of the proposed Tri-ResNet model.
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4. Experimental Results

This section presents the experimental results using multiple evaluation metrics. We

compare the performance of all conducted experiments on both binary and multi-

class classi¯cations. Additionally, we discuss the results of the Tri-ResNet model on

the Mini-DDSM, MIAS, and INbreast datasets and compare its performance with

several state-of-the-art models.

4.1. Evaluation metrics

The performance of all models is evaluated using commonly adopted classi¯cation

metrics,54 including accuracy9 \(1)", precision9,55 \(2)", recall (sensitivity)9,55 \(3)",

F1-score9,55,56 \(4)", speci¯city9,55 \(5)", AUC,9,57 and error rate54 \(6)".

These metrics are de¯ned as follows:

Accuracy ¼ TPþ TN

TPþ FPþ TNþ FN
; ð1Þ

Precision ¼ TP

TPþ FP
; ð2Þ

Recall ¼ TP

TPþ FN
; ð3Þ

F1-score ¼ 2� Precision� Recall

Precisionþ Recall
¼ 2� TP

2TPþ FPþ FN
; ð4Þ

Specificity ¼ TN

TNþ FP
; ð5Þ

Error Rate ¼ FPþ FN

TPþ FPþ TNþ FN
; ð6Þ

where

. True Positive (TP): The number of instances correctly classi¯ed as positive class.

. FP: The number of instances incorrectly classi¯ed as positive class when they are

actually negative class.

. True Negative (TN): The number of instances correctly classi¯ed as negative class.

. FN: The number of instances incorrectly classi¯ed as negative class when they are

actually positive class.

4.2. Single-input model results

In this experiment, we ¯rst evaluated single-input ¯ne-tuned models using FMs.

ResNet50V2 achieved 93.16% across accuracy, recall, precision, F1-score, and

speci¯city, with an AUC of 0.9778 and an error rate of 0.0684 for normal–abnormal

classi¯cation. It achieved 92.10% across all ¯ve metrics, with an AUC 0.9705 and an

error rate of 0.0790 for benign–malignant classi¯cation. For multi-class classi¯cation,
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it achieved 91.91% accuracy, 92.20% precision, 91.66% recall, 91.93% F1-score, and

96.12% speci¯city, 0.9823 AUC and an error rate of 0.0537.

Using ROIs, ResNet50V2 achieved 98.49% across accuracy, recall, precision,

F1-score, and speci¯city, with an AUC of 0.9991 and an error rate of 0.0151 for

normal–abnormal classi¯cation. It achieved 92.92% across all ¯ve metrics, with an

AUC of 0.9786 and error rate of 0.0708 for benign–malignant classi¯cation. For

multi-class classi¯cation, it achieved 94.23% accuracy, 94.25% precision, 93.97%

recall, 94.11% F1-score, 97.13% speci¯city, 0.9920 AUC and an error rate of 0.0392.

These results demonstrate accuracy improvements of þ5.33%, þ0.82%, and þ2.32%

over FM-based models for the corresponding binary and multi-class classi¯cations.

Applying CLAHE to ROIs further improved performance. ResNet50V2 achieved

98.74% across accuracy, recall, precision, F1-score, and speci¯city, with an AUC of

0.9986 and error rate of 0.0126 for normal–abnormal classi¯cation. It achieved

94.94% across the same ¯ve metrics, with an AUC of 0.9852 and error rate of 0.0506

for benign–malignant classi¯cation. For multi-class classi¯cation, it achieved 94.77%

accuracy, 94.88% precision, 94.44% recall, 94.66% F1-score, 97.45% speci¯city,

0.9931 AUC, and an error rate of 0.0355. Compared to ROI-based models, accuracy

increased by +0.25%, +2.02%, and +0.54% for the three classi¯cation tasks.

Tables 2–4 summarize the detailed results obtained in this experiment.

Table 2. Results of the single-input models using FMs.

Base model

Accuracy

(%)

Recall

(%)

Precision

(%)

F1-score

(%)

Speci¯city

(%) AUC

Error

rate

Normal–Abnormal Classi¯cation

ResNet50V2 93.16 93.16 93.16 93.16 93.16 0.9778 0.0684

DenseNet121 90.09 90.09 90.09 90.09 90.09 0.9659 0.0991

InceptionResNetV2 87.57 87.57 87.57 87.57 87.57 0.9489 0.1243
NASNetMobile 86.15 86.15 86.15 86.15 86.15 0.9346 0.1385

VGG16 85.64 85.64 85.64 85.64 85.64 0.9271 0.1436

InceptionV3 83.84 83.84 83.84 83.84 83.84 0.9182 0.1616

VGG19 82.12 82.12 82.12 82.12 82.12 0.8946 0.1788
Benign–Malignant Classi¯cation

ResNet50V2 92.10 92.10 92.10 92.10 92.10 0.9705 0.0790

DenseNet121 87.67 87.67 87.67 87.67 87.67 0.9475 0.1233
InceptionResNetV2 86.09 86.09 86.09 86.09 86.09 0.9302 0.1391

NASNetMobile 79.96 79.96 79.96 79.96 79.96 0.8765 0.2004

InceptionV3 76.80 76.80 76.80 76.80 76.80 0.8466 0.2320

VGG16 76.36 76.36 76.36 76.36 76.36 0.8526 0.2364
VGG19 69.09 69.09 69.09 69.09 69.09 0.7574 0.3091

Normal–Benign–Malignant Classi¯cation

ResNet50V2 91.91 91.66 92.20 91.93 96.12 0.9823 0.0537

DenseNet121 85.12 84.28 86.36 85.31 93.34 0.9640 0.0968
InceptionResNetV2 83.44 81.84 84.88 83.33 92.71 0.9533 0.1091

NASNetMobile 78.76 77.75 79.84 78.78 90.18 0.9309 0.1396

InceptionV3 76.74 75.18 77.94 76.53 89.36 0.9188 0.1537
VGG16 74.67 63.84 81.10 71.45 92.56 0.9067 0.1701

VGG19 66.50 49.22 75.16 59.49 91.87 0.8497 0.2235
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Overall, most pre-trained models performed better with ROIs than with FMs,

likely due to the removal of irrelevant structures such as pectoral muscles, non-

cancerous tissues, and background artifacts. Performance improved further with

CLAHE-enhanced ROIs, highlighting the importance of preprocessing and contrast

enhancement in CNN-based medical image analysis.

4.3. Triple-input model results

This experiment combined the best-performing pre-trained models from the single-

input experiments. After comparative analysis, ResNet50V2 consistently out-

performed all other models across all classi¯cation tasks. Therefore, ResNet50V2 was

always part of the optimal con¯guration of the triple-branch model.

To expand the experimental scope, deeper ResNet architectures (ResNet101V2

and ResNet152V2) were evaluated alongside ResNet50V2. All 27 possible model

combinations, accounting for branch order and duplicates were tested. The optimal

con¯guration consisted of ResNet50V2 for Branch-A (FMs), ResNet152V2 for

Branch-B (ROIs), and ResNet50V2 for Branch-C (CLAHE-enhanced ROIs).

This con¯guration achieved excellent results (Table 5). For normal–abnormal

classi¯cation, it achieved 99.20% across accuracy, precision, recall, F1-score, and

speci¯city with an AUC of 0.9991 and an error rate of 0.0080. For benign–malignant

Table 3. Results of the single-input models using ROIs.

Base model
Accuracy

(%)
Recall
(%)

Precision
(%)

F1-score
(%)

Speci¯city
(%) AUC

Error
rate

Normal–Abnormal Classi¯cation

ResNet50V2 98.49 98.49 98.49 98.49 98.49 0.9991 0.0151

InceptionResNetV2 97.61 97.61 97.61 97.61 97.61 0.9969 0.0239
DenseNet121 96.89 96.89 96.89 96.89 96.89 0.9952 0.0311

InceptionV3 96.85 96.85 96.85 96.85 96.85 0.9930 0.0315

NASNetMobile 96.39 96.39 96.39 96.39 96.39 0.9936 0.0361
VGG16 92.40 92.40 92.40 92.40 92.40 0.9791 0.0760

VGG19 91.02 91.02 91.02 91.02 91.02 0.9688 0.0898

Benign–Malignant Classi¯cation

ResNet50V2 92.92 92.92 92.92 92.92 92.92 0.9786 0.0708
InceptionResNetV2 87.86 87.86 87.86 87.86 87.86 0.9552 0.1214

DenseNet121 84.01 84.01 84.01 84.01 84.01 0.9239 0.1599

InceptionV3 83.12 83.12 83.12 83.12 83.12 0.9048 0.1688

NASNetMobile 81.80 81.80 81.80 81.80 81.80 0.8987 0.1820
VGG16 73.39 73.39 73.39 73.39 73.39 0.8033 0.2661

VGG19 66.88 66.88 66.88 66.88 66.88 0.7473 0.3312

Normal–Benign–Malignant Classi¯cation
ResNet50V2 94.23 93.97 94.25 94.11 97.13 0.9920 0.0392

InceptionResNetV2 90.69 89.80 91.58 90.68 95.87 0.9831 0.0615

DenseNet121 87.95 87.10 88.90 87.99 94.56 0.9748 0.0792

NASNetMobile 86.94 86.14 87.73 86.92 93.97 0.9672 0.0864
InceptionV3 85.42 84.79 85.98 85.38 93.09 0.9626 0.0968

VGG16 75.35 68.98 80.21 74.17 91.49 0.9148 0.1601

VGG19 72.48 68.39 75.28 71.67 88.77 0.8978 0.1802
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classi¯cation, it achieved 96.46% across all ¯ve metrics with an AUC of 0.9907 and

an error rate of 0.0354. For multi-class classi¯cation, it achieved 96.59% accuracy,

96.63% precision, 96.59% recall, 96.61% F1-score, and 98.31% speci¯city, 0.9902

AUC and an error rate of 0.0226.

These results demonstrate that combining complementary image types and

variant deeper ResNet architectures signi¯cantly improves performance over the

best single-input models, con¯rming the e®ectiveness of multi-input fusion and

model diversity for breast cancer classi¯cation.

4.4. Ablation study

We ¯rst evaluated multiple pre-trained models individually using FMs, ROIs, and

CLAHE-enhanced ROIs. The results showed that models trained on CLAHE-

enhanced ROIs consistently achieved the best results, highlighting the importance of

region-focused inputs and contrast enhancement.

Next, the three image types were integrated into a triple-input model, and the

con¯guration using ResNet50V2 for Branch-A, ResNet152V2 for Branch-B, and

ResNet50V2 for Branch-C achieved the highest accuracy. Therefore, it was selected

as the backbone of Tri-ResNet.

Table 4. Results of the single-input models using CLAHE-enhanced ROIs.

Base model
Accuracy

(%)
Recall
(%)

Precision
(%)

F1-score
(%)

Speci¯city
(%) AUC

Error
rate

Normal–Abnormal Classi¯cation

ResNet50V2 98.74 98.74 98.74 98.74 98.74 0.9986 0.0126

DenseNet121 98.53 98.53 98.53 98.53 98.53 0.9973 0.0147
InceptionResNetV2 97.61 97.61 97.61 97.61 97.61 0.9963 0.0239

InceptionV3 97.10 97.10 97.10 97.10 97.10 0.9950 0.0290

VGG16 96.35 96.35 96.35 96.35 96.35 0.9927 0.0365
NASNetMobile 96.14 96.14 96.14 96.14 96.14 0.9943 0.0386

VGG19 94.12 94.12 94.12 94.12 94.12 0.9863 0.0588

Benign–Malignant Classi¯cation

ResNet50V2 94.94 94.94 94.94 94.94 94.94 0.9852 0.0506
InceptionResNetV2 89.57 89.57 89.57 89.57 89.57 0.9630 0.1043

DenseNet121 88.75 88.75 88.75 88.75 88.75 0.9496 0.1125

NASNetMobile 87.48 87.48 87.48 87.48 87.48 0.9442 0.1252

InceptionV3 86.03 86.03 86.03 86.03 86.03 0.9324 0.1397
VGG16 84.32 84.32 84.32 84.32 84.32 0.9213 0.1568

VGG19 79.39 79.39 79.39 79.39 79.39 0.8752 0.2061

Normal–Benign–Malignant Classi¯cation
ResNet50V2 94.77 94.44 94.88 94.66 97.45 0.9931 0.0355

DenseNet121 91.82 91.07 92.31 91.68 96.21 0.9835 0.0551

InceptionV3 89.72 89.21 90.24 89.72 95.17 0.9765 0.0681

InceptionResNetV2 89.63 89.13 90.15 89.64 95.13 0.9833 0.0687
NASNetMobile 87.10 86.30 87.75 87.02 93.97 0.9699 0.0858

VGG16 86.43 84.28 88.18 86.19 94.35 0.9700 0.0900

VGG19 82.55 80.15 84.38 82.21 92.58 0.9516 0.1156
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Focusing on the challenging benign–malignant classi¯cation on the Mini-DDSM

dataset, we iteratively re¯ned the triple-input model through extensive experimen-

tation and optimization, ultimately developing the ¯nal proposed architecture. The

re¯nement process began by adding a uniform FC layer with 128 neurons to all

branches, which slightly reduced accuracy from 96.46% to 95.58%. We then evalu-

ated heterogeneous FC layers (128 neurons for Branch-A, 512 for Branch-B, and

1024 for Branch-C), which improved accuracy to 97.41%. As a ¯nal ¯ne-tuning step,

we added a 512-neuron FC layer after the concatenation layer, followed by a 128-

neuron FC layer. Dropout layers were inserted between FC layers to mitigate

over¯tting, and batch normalization was applied before them. This con¯guration

achieved an accuracy of 98.42%, using Categorical Crossentropy as the loss function

and the Adam optimizer with a learning rate of 0.001.

The ¯nal stage of the ablation study focused on hyperparameter optimization. We

evaluated alternative loss functions, including Cosine Similarity and Mean Squared

Table 5. Summary of the results of the triple-input models.

Precision Recall Accuracy F1-score Speci¯city Error

# Base model A, Base model B, Base model C (%) (%) (%) (%) (%) AUC rate

Normal–Abnormal Classi¯cation

1 ResNet50V2, ResNet50V2, ResNet50V2 98.99 98.99 98.99 98.99 98.99 0.9956 0.0101

2 ResNet50V2, ResNet50V2, ResNet101V2 98.61 98.61 98.61 98.61 98.61 0.9951 0.0139

3 ResNet50V2, ResNet50V2, ResNet152V2 98.95 98.95 98.95 98.95 98.95 0.9964 0.0105

. . .

7 ResNet50V2, ResNet152V2, ResNet50V2 99.20 99.20 99.20 99.20 99.20 0.9985 0.0080

. . .

25 ResNet152V2, ResNet152V2, ResNet50V2 98.91 98.91 98.91 98.91 98.91 0.9943 0.0109

26 ResNet152V2, ResNet152V2, ResNet101V2 98.91 98.91 98.91 98.91 98.91 0.9967 0.0109

27 ResNet152V2, ResNet152V2, ResNet152V2 98.78 98.78 98.78 98.78 98.78 0.9985 0.0122

Benign–Malignant Classi¯cation

1 ResNet50V2, ResNet50V2, ResNet50V2 96.21 96.21 96.21 96.21 96.21 0.9864 0.0379

2 ResNet50V2, ResNet50V2, ResNet101V2 95.32 95.32 95.32 95.32 95.32 0.9836 0.0468

3 ResNet50V2, ResNet50V2, ResNet152V2 95.70 95.70 95.70 95.70 95.70 0.9877 0.0430

. . .

7 ResNet50V2, ResNet152V2, ResNet50V2 96.46 96.46 96.46 96.46 96.46 0.9907 0.0354

. . .

25 ResNet152V2, ResNet152V2, ResNet50V2 95.32 95.32 95.32 95.32 95.32 0.9874 0.0468

26 ResNet152V2, ResNet152V2, ResNet101V2 94.82 94.82 94.82 94.82 94.82 0.9772 0.0518

27 ResNet152V2, ResNet152V2, ResNet152V2 94.69 94.69 94.69 94.69 94.69 0.9842 0.0531

Normal–Benign–Malignant Classi¯cation

1 ResNet50V2, ResNet50V2, ResNet50V2 95.03 95.03 95.03 95.03 97.51 0.9874 0.0332

2 ResNet50V2, ResNet50V2, ResNet101V2 94.99 94.99 94.99 94.99 97.49 0.9805 0.0334

3 ResNet50V2, ResNet50V2, ResNet152V2 95.62 95.58 95.58 95.60 97.81 0.9847 0.0294

. . .

7 ResNet50V2, ResNet152V2, ResNet50V2 96.63 96.59 96.59 96.61 98.31 0.9902 0.0226

. . .

25 ResNet152V2, ResNet152V2, ResNet50V2 96.17 96.17 96.17 96.17 98.08 0.9897 0.0256

26 ResNet152V2, ResNet152V2, ResNet101V2 94.27 94.23 94.27 94.25 97.13 0.9791 0.0383

27 ResNet152V2, ResNet152V2, ResNet152V2 96.37 96.25 96.29 96.31 98.19 0.9900 0.0246
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Error, but none matched the performance of Categorical Crossentropy, which

consistently delivered the best results. For the optimizer, we tested SGD, RMSProp,

Adagrad, and Nadam; although Adagrad achieved comparable performance, Adam

was retained due to its stability across earlier experiments. We also tested learning

rates of 0.01, 0.001, 0.0001, and 0.00001, with 0.0001 yielding the highest accuracy of

98.48% and thus selected as the optimal value. Finally, extending training to 50

epochs showed that performance stabilized after the 30th epoch, indicating no

further improvement beyond that point.

The ¯ne-tuning steps and their corresponding accuracy improvements are

summarized in Tables 6 and 7.

4.5. Tri-ResNet model results

Building on the ¯ndings from previous experiments, the Tri-ResNet architecture was

¯ne-tuned using the optimal hyperparameters and achieved its highest performance

on the Mini-DDSM dataset. The model reached 99.54% across accuracy, precision,

recall, F1-score, and speci¯city, with an AUC of 0.9995 and an error rate of 0.0046

for normal–abnormal classi¯cation. For benign–malignant classi¯cation, Tri-ResNet

achieved 98.61% across all metrics, with an AUC of 0.9973 and an error rate of

0.0139. In the multi-class classi¯cation, it attained 98.78% accuracy, 98.86% preci-

sion, 98.74% recall, 98.80% F1-score, and 99.43% speci¯city, with an AUC of 0.9995

and an error rate of 0.0080.

To assess generalization, Tri-ResNet was further evaluated on two additional

public mammography datasets, MIAS and INbreast. These datasets were pre-

processed, balanced, and augmented using the same pipeline applied to Mini-DDSM.

On the MIAS dataset, the model achieved 99.62% across accuracy, precision, recall,

F1-score, and speci¯city, with an AUC of 1.0 and an error rate of 0.0038 for normal–
abnormal classi¯cation. For benign–malignant classi¯cation, it achieved 99.14%

across all metrics, with an AUC of 0.9998 and an error rate of 0.0086. For multi-class

Table 6. Impact of architectural modi¯cations on model accuracy.

Experiment Accuracy (%)

Triple-input model (ResNet50V2–ResNet50V2–ResNet50V2) 96.21
Triple-input model (ResNet50V2–ResNet152V2–ResNet50V2) 96.46

Adding a Dense (256) layer after each branch output 95.58

Adding Dense (64) for Branch-A, Dense (128) 97.41

for Branch-B, and Dense (256) for Branch-C
Adding Dense (128) for Branch-A, 97.60

Dense (512) for Branch-B, and Dense (1024) for Branch-C

Adding Dense (512) after the concatenation layer 97.79

Adding Dense (64) before the output layer 98.36
Adding a dropout layer before the output layer 95.95

Our proposed model (Tri-ResNet) architecture 98.42
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classi¯cation, it attained 98.85% accuracy, 100.00% precision, 98.85% recall, 99.42%

F1-score, and 100.00% speci¯city, with an AUC of 0.9999 and an error rate of 0.0038.

On the INbreast dataset, Tri-ResNet achieved 98.75% across accuracy, precision,

recall, F1-score, and speci¯city, with an AUC of 0.9869 and an error rate of 0.0125

for normal–abnormal classi¯cation. For benign–malignant classi¯cation, it reached

98.53% across all metrics, with an AUC of 0.9990 and an error rate of 0.0147. For

multi-class classi¯cation, it attained 98.53% accuracy, 99.01% precision, 98.53%

recall, 98.77% F1-score, and 99.51% speci¯city, with an AUC of 0.9996 and an error

rate of 0.0081.

Table 8 presents the results of Tri-ResNet on the Mini-DDSM, MIAS, and

INbreast datasets.

Table 8. Performance of the Tri-ResNet model on the Mini-DDSM, MIAS, and INbreast datasets.

Dataset

Accuracy

(%)

Recall

(%)

Precision

(%)

F1-score

(%)

Speci¯city

(%) AUC

Error

rate

Normal–Abnormal Classi¯cation

Mini-DDSM 99.54 99.54 99.54 99.54 99.54 0.9995 0.0046
MIAS 99.62 99.62 99.62 99.62 99.62 1.0000 0.0038

INbreast 98.75 98.75 98.75 98.75 98.75 0.9869 0.0125

Benign–Malignant Classi¯cation

Mini-DDSM 98.61 98.61 98.61 98.61 98.61 0.9973 0.0139
MIAS 99.14 99.14 99.14 99.14 99.14 0.9998 0.0086

INbreast 98.53 98.53 98.53 98.53 98.53 0.9990 0.0147

Normal–Benign–Malignant Classi¯cation
Mini-DDSM 98.78 98.74 98.86 98.80 99.43 0.9995 0.0080

MIAS 98.85 98.85 100.00 99.42 100.00 0.9999 0.0038

INbreast 98.53 98.53 99.01 98.77 99.51 0.9996 0.0081

Table 7. Impact of hyperparameter modi¯cations on model accuracy.

Experiment Accuracy (%)

Loss function: Cosine Similarity 94.75
Mean Squared Error 94.44

Categorical Crossentropy 98.42

Optimizer: SGD 97.35
RMSProp 96.27
Adagrad 98.42
Nadam 97.22
Adam 98.42

Learning rate: 0.01 95.45
0.001 98.42

0.0001 98.48

0.00001 96.59

Epochs: 10 98.48
30 98.61
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Figures 7–9 present the confusion matrices of the Tri-ResNet model across all

datasets. The matrices display both the predicted case counts and their corre-

sponding percentages for the binary classi¯cations. High TP values indicate the

model's e®ectiveness in correctly identifying abnormal cases in the ¯rst classi¯cation

and malignant cases in the second. Whereas high TN values re°ect its ability to

accurately recognize normal and benign cases in both binary classi¯cations. Low FP

values are important, as they reduce the number of normal and benign cases in-

correctly classi¯ed as abnormal and malignant. FN values correspond to abnormal

and malignant cases misclassi¯ed as normal and benign. Minimizing these values is

critical as missed abnormal and malignant cases can lead to delayed diagnosis and

serious clinical consequences.

(a) Normal–Abnormal Classi¯cation (b) Benign–Malignant Classi¯cation

Fig. 7. Confusion matrices of the Tri-ResNet model on the Mini-DDSM dataset.

(a) Normal–Abnormal Classi¯cation (b) Benign–Malignant Classi¯cation

Fig. 8. Confusion matrices of the Tri-ResNet model on the MIAS dataset.
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Figure 10 shows the ROC curves for the binary classi¯cations, o®ering additional

insight into the model's performance. The consistently high AUC values across all

datasets demonstrate the model's strong capability. The ROC curves rise near the

origin, re°ecting high TP rates with minimal FP rates, and remain close to the

upper-left corner of the ROC space, re°ecting high TP rates with minimal FP rates.

Overall, these ROC curves provide a comprehensive visual representation of the

robustness and reliability of the Tri-ResNet model in breast cancer classi¯cation.

4.6. Experimental environment and settings

We conducted our experiments using Google Colab's cloud-based environment with

T4 GPU acceleration. Model development and ¯ne-tuning were performed in Python

(a) Normal–Abnormal Classi¯cation (b) Benign–Malignant Classi¯cation

Fig. 9. Confusion matrices of the Tri-ResNet model on the INbreast dataset.

(a) Mini-DDSM dataset (b) MIAS dataset

Fig. 10. ROC curves of the Tri-ResNet model.
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3.10.12 using TensorFlow 2.15.0, while OpenCV library was used for image pre-

processing. Table 9 summarizes the hyperparameter settings of the proposed model.

4.7. Comparison with state-of-the-art models

Table 10 compares the performance of the proposed Tri-ResNet model with state-of-

the-art approaches on the CBIS-DDSM, Mini-DDSM, and DDSM datasets for both

binary and multi-class classi¯cations. Tri-ResNet consistently outperformed existing

models across all evaluation metrics and all classi¯cations. The only exception occurs

in the benign–malignant classi¯cation, where the model by Maqsood et al.39 achieved

higher accuracy, recall, and speci¯city. However, Tri-ResNet achieved comparable

results and was further evaluated using precision, F1-score, and AUC metrics,

suggesting stronger overall performance. Additionally, the model was further

(c) INbreast dataset

Fig. 10. (Continued )

Table 9. Hyperparameter values used for the proposed model.

Parameter Value

Batch size 128

Loss function Categorical Crossentropy

Optimization function Adam
Learning rate 0.0001

Momentum 0.9

Epochs 30

Callback ModelCheckpoint (saving weights based on best validation accuracy)
TensorFlow version 2.15.0

Initial pre-trained weights ImageNet

Dropout 0.2
Activation function Softmax

Input shape (224, 224, 3)

Training split 0.7
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evaluated on the MIAS and INbreast to assess its generalization across di®erent

mammography datasets.

Similarly, Table 11 presents a comparison with state-of-the-art methods on the

MIAS dataset. Tri-ResNet achieved the highest performance across all metrics and

classi¯cation tasks.

Finally, Table 12 shows the comparison on the INbreast dataset. While the dual-

input model reported by Jabeen et al.45 achieved higher performance for benign–
malignant classi¯cation. However, it performed less e®ectively on the CBIS-DDSM

Table 11. Comparison between the Tri-ResNet model and state-of-the-art models using MIAS dataset.

Study Dataset Accuracy (%) Recall (%) Precision (%) F1-score (%) Speci¯city (%) AUC

Normal–Abnormal Classi¯cation

Ref. 34 MIAS 90.56 ��� ��� ��� ��� 0.8850

Tri-ResNet MIAS 99.62 99.62 99.62 99.62 99.62 1.0000
Benign–Malignant Classi¯cation

Ref. 28 MIAS 96.99 96.88 96.99 96.45 ��� 0.9781

Ref. 39 MIAS 96.57 96.11 97.06 96.58 97.03 0.9657

Ref. 24 MIAS 96.55 97.28 ��� ��� 95.92 ���
Tri-ResNet MIAS 99.14 99.14 99.14 99.14 99.14 0.9998

Normal–Benign–Malignant Classi¯cation

Ref. 31 MIAS 98.56 98.82 98.36 98.56 99.33 ���
Ref. 35 MIAS 94.50 96.32 91.80 ��� ��� ���
Ref. 58 MIAS 92.54 ��� ��� ��� ��� 0.8500

Tri-ResNet MIAS 98.85 98.85 100.00 99.42 100.00 0.9999

Table 10. Comparison between the Tri-ResNet model and state-of-the-art models using Mini-DDSM,

CBIS-DDSM, and DDSM datasets.

Study Dataset
Accuracy

(%)
Recall
(%)

Precision
(%)

F1-score
(%)

Speci¯city
(%) AUC

Normal–Abnormal Classi¯cation

Ref. 46 Mini-DDSM 99.17 99.25 99.50 99.37 99.00 0.9917

Ref. 41 DDSM 97.26 92.37 95.31 93.77 92.37 ���
Ref. 32 DDSM 94.30 93.70 93.50 93.60 ��� 0.9330

Tri-ResNet Mini-DDSM 99.54 99.54 99.54 99.54 99.54 0.9995

Benign–Malignant Classi¯cation
Ref. 39 DDSM 99.08 99.19 ��� ��� 98.96 ���
Ref. 32 DDSM 98.02 ��� ��� 98.15 ��� 0.9827

Ref. 46 Mini-DDSM 98.25 98.00 98.00 ��� 98.49 0.9800

Ref. 28 DDSM 96.98 97.63 97.51 95.97 ��� 0.9846
Ref. 45 CBIS-DDSM 95.40 95.40 95.35 ��� ��� 0.9800

Ref. 24 DDSM 90.68 92.72 ��� ��� 88.21 ���
Ref. 48 CBIS-DDSM 68.63 ��� ��� ��� ��� 0.7137

Tri-ResNet Mini-DDSM 98.61 98.61 98.61 98.61 98.61 0.9973
Normal–Benign–Malignant Classi¯cation

Ref. 58 DDSM 96.47 ��� ��� ��� ��� 0.9600

Ref. 35 DDSM 96.00 94.70 97.00 ��� ��� ���
Ref. 26 Mini-DDSM 65.00 ��� ��� ��� ��� ���
Tri-ResNet Mini-DDSM 98.78 98.74 98.86 98.80 99.43 0.9995
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dataset. In contrast, the proposedTri-ResNetmodel demonstrated consistently strong

performance across all three datasets, con¯rming its robustness and generalizability.

5. Discussion of Limitations and Future Work

The results of this study highlight the e®ectiveness of the proposed Tri-ResNet model

for the classi¯cation of breast cancer. Its strengths include consistently high

performance across three independent datasets and its ability to integrate comple-

mentary image features through a triple-input architecture for more precise pre-

dictions. The use of TL and ¯ne-tuned models helps overcome the challenges of

limited dataset size faced in the MIAS and INbreast datasets. Additionally, the

modular design of Tri-ResNet allows °exible adaptation to other imaging modalities

by adjusting the number of inputs and branches and recon¯guring the backbone

networks with lightweight pre-trained alternatives.

The Tri-ResNet model was trained and evaluated in a controlled environment on

Google Colab using an NVIDIA Tesla T4 GPU (16 GB). Training required

approximately 1.5 h for the normal–abnormal classi¯cation (30 epochs), 1.1 h for the

benign–malignant classi¯cation, and 1.4 h for the multi-class classi¯cation, with re-

source usage reaching 13.7 GB of VRAM and 6.7GB of RAM. The model includes

167.8 million trainable parameters out of a total of 273.3 million.

During inference, the average processing time was 93 ms per image for both binary

classi¯cations and 94ms for the multi-class classi¯cation, with memory consumption

of 4.1GB VRAM and 2.8 GB RAM. Table 13 compares the training and inference

times of Tri-ResNet with single-input architectures (ResNet50V2 and ResNet152V2)

under the same experimental conditions. Although the multi-branch architecture

signi¯cantly improves performance across all metrics, it also increases computational

complexity. Training time increased by approximately þ497.4% and þ112.1%

relative to ResNet50V2 and ResNet152V2, respectively, and inference time increased

by þ122.21% and þ51.33%. Despite these increases, the Tri-ResNet model still

Table 12. Comparison between the Tri-ResNet model and state-of-the-art models using the INbreast

dataset.

Study Dataset Accuracy (%) Recall (%) Precision (%) F1-score (%) Speci¯city (%) AUC

Benign–Malignant Classi¯cation

Ref. 45 INbreast 99.40 99.40 99.40 99.40 ��� 1.0000

Ref. 39 INbreast 96.82 95.99 97.73 96.85 97.68 0.9684
Ref. 49 INbreast 95.65 100.00 95.00 97.43 75.00 0.8800

Ref. 24 INbreast 91.28 99.43 ��� ��� 83.13 ���
Tri-ResNet INbreast 98.53 98.53 98.53 98.53 98.53 0.9990
Normal–Benign–Malignant Classi¯cation

Ref. 43 INbreast 98.08 97.93 97.13 97.51 ��� ���
Ref. 31 INbreast 92.26 92.95 91.22 88.53 92.95 0.9751

Tri-ResNet INbreast 98.53 98.53 99.01 98.77 99.51 0.9996
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satis¯es the real-time prediction requirement (below 100 ms), making it suitable for

clinical decision-support systems.

Despite its strong classi¯cation performance, the proposed Tri-ResNet model

presents certain operational limitations that must be addressed for e®ective real-

world deployment. The model introduces an operational dependency on the avail-

ability of ROIs corresponding to suspicious regions in the mammogram. In this

study, ROI extraction was based on the tumor masks provided in the used datasets.

However, this is not the case in real-world screening scenarios, meaning that ROI

extraction must occur prior to the classi¯cation stage. This dependency can be

addressed through one of the following strategies:

. Automated detection or segmentation: A detection or segmentation model, such as

a U-Net-based architecture or a YOLO-based mass detector, can be integrated

upstream of the classi¯er. This module would automatically identify suspicious

regions, extract the corresponding ROIs, and feed them into the triple-input

classi¯er. Although this enables a fully automated end-to-end work°ow, the per-

formance of the detection stage directly in°uences the ¯nal classi¯cation accuracy,

and errors in ROI localization may propagate to the classi¯er.

. Manual annotation by radiologists: Radiologists using annotation tools may

manually describe ROIs. While this ensures accurate localization of suspicious

areas, it is time-consuming and unsuitable for large-scale screening applications.

Although unsuitable for real-time deployment, manual annotation remains

valuable for ensuring high-quality ground truth.

Beyond its strong performance on Mini-DDSM, the model also demonstrated good

generalization on the MIAS and INbreast datasets. Nonetheless, validation on

large, multi-institutional datasets remains essential to fully establish robustness and

real-world applicability.

To address these limitations, future work will focus on distributed training and

inference, pruning redundant layers, knowledge distillation, and quantization to

Table 13. Training and inference time comparison.

Model architecture Training time (s/30 epochs) Average inference time (ms/input)

Normal–Abnormal Classi¯cation

Single-input model (ResNet50V2) 925 40

Single-input model (ResNet152V2) 2,556 59

Tri-ResNet 5,321 93
Benign–Malignant Classi¯cation

Single-input model (ResNet50V2) 599 44

Single-input model (ResNet152V2) 1,712 61
Tri-ResNet 4,001 93

Normal–Benign–Malignant Classi¯cation

Single-input model (ResNet50V2) 906 42

Single-input model (ResNet152V2) 2,580 65
Tri-ResNet 5,199 94
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reduce computational cost and memory usage ensuring that the model remains

e±cient and scalable for clinical deployment. In parallel, automated ROI extraction

must be explicitly incorporated into the work°ow, resulting in a fully operational

CAD system that follows a two-stage pipeline: (1) automated lesion detection

and segmentation for ROI extraction, and (2) multi-input CNN classi¯cation using

Tri-ResNet.

This complete two-stage pipeline will be implemented and evaluated on real-

world mammograms by integrating an automated lesion detection module with

the proposed triple-input classi¯er, ultimately enabling a fully automated clinical

decision-support system for breast cancer detection and classi¯cation.

6. Conclusion

In this paper, we proposed a multi-branch architecture for breast cancer classi¯ca-

tion. The model, named Tri-ResNet, is a triple-input CNN that integrates the

strengths of ResNet50V2 and ResNet152V2. These pre-trained models were selected

through a systematic evaluation of nine state-of-the-art architectures (ResNet50V2,

ResNet101V2, ResNet152V2, InceptionV3, InceptionResNetV2, VGG16, VGG19,

DenseNet121, and NASNetMobile), which were rigorously assessed for their e®ec-

tiveness in classifying three distinct input types (FMs, ROIs, and CLAHE-enhanced

ROIs). The top-performing models were incorporated into the ¯nal Tri-ResNet

architecture, comprising three parallel branches: Branch-A (ResNet50V2) for FMs,

Branch-B (ResNet152V2) for ROIs, and Branch-C (ResNet50V2) for CLAHE-

enhanced ROIs. This con¯guration consistently outperformed all single-input models

across both binary and multi-class classi¯cation tasks, demonstrating the advantage

of integrating complementary image representations within a uni¯ed framework.

Although Tri-ResNet achieved superior performance on the Mini-DDSM, MIAS,

and INbreast datasets, its multi-branch design increases computational complexity,

memory usage, and inference time compared to single-branch models. Nevertheless,

the model showed strong generalization when evaluated on external datasets,

achieving comparable results across independent imaging sources. An additional

limitation is the model's reliance on pre-annotated lesion masks for ROI extraction.

Future work will focus on (1) developing a fully automated end-to-end CAD

system for breast cancer detection, segmentation, and classi¯cation, (2) validating

the Tri-ResNet model on large and private mammography datasets (currently under

construction) to further enhance robustness and generalization, and (3) addressing

computational constraints through model optimization to maintain diagnostic

performance while improving e±ciency.

Data Availability

The datasets used in this study are publicly available from their original sources:

Mini-DDSM (https://www.kaggle.com/datasets/cheddad/miniddsm2).

26 A. Kacher, M. Merati & S. Mahmoudi

V
ie

tn
am

 J
. C

om
p.

 S
ci

. D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 2
a0

1:
e0

a:
5a

3:
88

d0
:3

4a
2:

fd
58

:7
11

a:
5c

f4
 o

n 
03

/2
2/

26
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



MIAS https://www.repository.cam.ac.uk/handle/1810/250394).

INbreast (https://www.kaggle.com/datasets/martholi/inbreast).
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