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Ultrasound Breast Cancer Image Classification
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Abstract: Breast cancer is the most commonly diagnosed cancer in women. Its diagnosis via ultrasound
imaging largely depends on the technical skill of the radiologist. This study developed a binary classification
system for breast lesions, combining transfer learning models and handcrafted features in ultrasound images.
Pre-trained CNNs like InceptionV3, EfficientNetB4, ResNet50, and VGG16 were used, along with SVM-classified
handcrafted features. Models were individually analyzed and combined using late-fusion ensembles. ResNet50
achieved an F1-score of 81.97%. The best late-fusion ensemble model reached an F1-score of 83.90%. In the
cross-dataset evaluation, the top late-fusion ensemble model in the development dataset scored an F1-score of
88.70% and 78.20% in the test BUSI and BUID datasets, respectively. These results emphasize the robust
potential of a late-fusion ensemble that combines CNN transfer learning and handcrafted features to classify
breast lesions in ultrasound images.
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— Cross-dataset Analysis

Resumo: O cancer de mama é o cancer mais comumente diagnosticado em mulheres. Seu diagnéstico por
meio de imagens de ultrassom depende, em grande parte, da habilidade técnica do radiologista. Este estudo
desenvolveu um sistema de classificagao binaria para lesbes mamarias, combinando modelos de aprendizado
por transferéncia e caracteristicas manuais em imagens de ultrassom. Redes Neurais Convolucionais (CNNs)
pré-treinadas, como InceptionV3, EfficientNetB4, ResNet50 e VGG16, foram utilizadas, juntamente com carac-
teristicas manuais classificadas por SVM. Os modelos foram analisados individualmente e combinados usando
comités de fusao tardia. A ResNet50 alcangou um F1-score de 81,97%. O melhor comité de fusao tardia
alcangou um F1-score de 83,90%. Na avaliagao cruzada de bases de dados, o melhor comité obteve F1-score
de 88,70% e 78,20% nas bases de dados BUSI e BUID, respectivamente. Os resultados enfatizam o robusto
potencial do comité de fusao tardia que combina aprendizado por transferéncia e caracteristicas manuais para
classificar lesbes mamarias em imagens de ultrassom.
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1. Introduction is usually performed using mammography, digital breast to-
mosynthesis (DBT), and ultrasound imaging [2].

Breast cancer is the most commonly diagnosed cancer in Breast ultrasound stands out for its low cost, wide avail-
women and the leading cause of cancer-related deaths. Each  ability, and not using ionizing radiation [3]. Benign and malig-
year, it is estimated that 2.3 million new cases of breast can-  nant lesions can be differentiated using ultrasound elastogra-
cer are diagnosed globally [1]. Diagnosis of breast cancer  phy, which assesses tissue stiffness and vascular permeability



[4]. However, diagnosis based on ultrasound directly depends
on the technical skill of the radiologist [3]. Other factors can
result in misdiagnosis, such as distractions and fatigue [5].

Computer-aided diagnosis systems (CAD systems) assist
radiologists in decision-making, especially during lesion clas-
sification, contributing to improved and definitive decision.
By analyzing image patterns, CAD systems enhance diagnosis
accuracy, leading to improved patient outcomes through early
disease detection [6].

Multiple deep learning (DL) methods were employed to
classify breast lesions present in ultrasound images [7]. Con-
volutional neural networks (CNNs) stand out as one of the
most popular methods, along with DL ensembles [8]. Clas-
sifiers can be further improved by incorporating handcrafted
fearures, such as texture and shape attributes [9]. However, it
is crucial to evaluate their generalization capability on other
datasets with varying levels of noise and signal variations to
determine their practical utility in real-world breast ultrasound
imaging.

This research aimed to develop a binary classification sys-
tem for breast lesions by combining models utilizing transfer
learning and handcrafted features in the BUS-BRA dataset.
The proposed system comprises CNN pre-trained models clas-
sified by multilayer perceptrons (MLPs), including Incep-
tionV3, EfficientNetB4, ResNet50, and VGG16. Handcrafted
features classified by support vector machine (SVM) were
also adopted, specifically general-purpose texture descriptors
and radiomic features. Each model was individually analyzed
and then combined through late-fusion ensembles using the
sum rule. The top ensemble models were chosen for cross-
dataset evaluation on the BUSI and BUID datasets[10],[11].
Performance was evaluated using various metrics.

The major contributions of this work are as follows:

i) Novel combinations of deep learning and handcrafted
features are proposed to assess improvements in binary classi-
fication.

ii) The robustness and generalization of late-fusion en-
semble models are tested through cross-dataset evaluation on
independent datasets.

This work is structured as follows: Section 2 presents a
concise review. Section 3 covers datasets, image preprocess-
ing, transfer learning methods, SVM classification, late-fusion
ensembles, and cross-dataset evaluation. Section 4 presents
the results and discussion. Finally, Section 5 concludes the
work and suggests directions for future research.

2. Related Work

An overview of prior research in this domain is provided.

Among these studies, Ali et al. [12] proposed a breast can-
cer classification model that employs multiple CNNs (Incep-
tionV3, ResNet50, and DenseNet121) with the BUSI dataset.
The F1-scores for benign and malignant images were 90% and
89%, respectively. The study demonstrated that their meta-
learning ensemble approach significantly improved accuracy,
particularly enhancing the detection of tumors.
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In a similar effort, Moon et al. [13] introduced a CAD
system employing image fusion and ensemble CNN archi-
tectures (VGGNet, ResNet, DenseNet) for breast ultrasound
tumor diagnosis. The method achieved an F1-score of 89.36%
on a private dataset and 91.14% on the BUSI dataset. Their
findings demonstrated that integrating multiple features yields
superior results compared to using individual features alone.

Another study by Cruz-Ramos et al. [9] proposed a hybrid
CAD system that combines CNN (DenseNet201) with hand-
crafted features (Histogram of Oriented Gradients (HOG)-
based, LBP, perimeter area, area, eccentricity, and circular-
ity). Applied to the BUSI dataset, their approach achieved an
F1-score of 96%. The study highlighted the importance of
combining deep learning and handcrafted features extracted
from regions of interest (ROI).

Abhisheka et al. [14] also combined CNN-extracted fea-
tures (ResNet50) with handcrafted features (HOG). Using an
SVM classifier, their method achieved an F1-score of 84.28%
on the BUSI dataset. Their study demonstrated that feature
integration outperforms individual features.

Continuing this line of investigation, Abhisheka et al. [15]
combined ResNet50 with handcrafted features, including
HOG, Gray Level Co-occurrence Matrix (GLCM), and Local
Binary Pattern (LBP). Their method achieved an F1-score of
87.18% on the BUSI dataset, showing that feature integration
enhances model performance.

Nanni et al. [16] created an ensemble model, named Takhi-
sisNet, which combines various modified CNNs with the origi-
nal using the sum rule. Additionally, the model’s performance
was further enhanced by integrating it with some handcrafted
features. It showed promising results, obtaining an AUC of
0.877, while GoogleNet achieved an AUC of 0.822.

Mo et al. [17] combined vision transformers with CNNs
in the HoVer-Trans model, which was evaluated across three
distinct datasets. On the BUSI dataset, this method achieved
an Fl-score of 87.20%. The model eliminated the need for
a predefined ROI and outperformed several state-of-the-art
methods.

3. Methods

3.1 Software Details

The code was implemented in Python 3.11. The models were
implemented with the following Python tools: NumPy, Pan-
das, Matplotlib, Pillow, OpenCV, Scikit-Learn, Scikit-Image,
Imblearn, TensorFlow, and Keras.

3.2 Datasets

The BUS-BRA is a public dataset comprising 1875 breast
ultrasound images collected by a Brazilian National Cancer
Institute in Rio de Janeiro, Brazil, including 1268 benign le-
sion images and 607 malignant ones [18]. The BUSI dataset,
publicly available from the Baheya Hospital in Cairo, Egypt,
comprises 780 breast ultrasound images, including 487 im-
ages of benign lesions, 210 images of malignant lesions, and
133 images without lesions [10]. Normal images are excluded.
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The BUID dataset is a public database of breast ultrasound
images collected by Shahid Beheshti University of Medical
Science in Tehran, Iran, including 109 benign and 123 malig-
nant lesion images, respectively [11].

3.3 Images Preprocessing

The grayscale images in the BUS-BRA, BUSI, and BUID
datasets have different dimensions. Therefore, resizing them
to fit the input layer size of the models is essential. Thus, the
grayscale images were preprocessed in three distinct methods:
Input A, Input B, and Input C, according to Fig. 1. Input A:
The original grayscale image was directly resized to 224 x 224
pixels. Input B: The ROI of the original grayscale image was
cropped based in the binary mask, then was directly resized
to 224 x 224 pixels. Input C: The ROI crops were resized
proportionally to the longest side, reaching a length of 224
pixels, with circular padding added on both sides of the shorter
dimension to achieve a length of 224 pixels. Then, the image
was converted to a 3-channel RGB format [13].

3.4 Transfer learning based classification
Convolutional neural networks (CNNs) are commonly used
in image classification tasks, leveraging feature detection for
improved generalization. Due to their numerous parameters,
ample labeled data is necessary during training to mitigate
overfitting. Transfer learning utilizes pre-trained models as
feature extractors, beneficial for applications with limited
datasets. Most CNN architectures comprise feature extrac-
tion layers and an MLP classifier, with features from the last
extraction layer often used for classification.

The rationale behind transfer learning is that consider-
ing the model was pre-trained with a large dataset to predict
among many classes, the features are expected to be generic
enough to classification new, previously unseen classes. In-
ceptionV3, EfficientNetB4, ResNet50, and VGG16 are com-
monly used backbones for image classification.

In this work, we propose evaluating different backbones in
an end-to-end neural network for breast tumor classification.
The backbones evaluated were ResNet50, EfficientNetB4, In-
ceptionV3, and VGG16, pre-trained on the ImageNet dataset.

The backbone is used as the feature extractor, followed
by a custom MLP classifier. The architecture of the custom
MLP classifier was optimized by adjusting parameters such
as the number of layers, the number of neurons per layer,
and the dropout rate using Keras Tuner for hyperparameter
optimization. For the EfficientNetB4 and InceptionV3, the
output layers were set as MLP1 (a dense layer with 512 neu-
rons, ReLu activation function, and L2 regularization, and
a dropout layer with 40% dropout rate) and MLP2 (a dense
layer with 1024 neurons, ReLu activation function, and L2
regularization), respectively, while MLP3 (a dense layer with
1024 neurons, ReLu activation function, and L2 regularization,
and a dropout layer with 30% dropout rate) was employed for
ResNet50 and VGG16.

The model was trained for 100 epochs at most. Early
stopping was used to prevent overfitting, halting training after
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10 epochs without improvement in a held-out validation set.
90% of the training data was used for model fitting, while
10% was used for validation.

During training, the weights in the backbone were kept
frozen. The MLP classifier parameters were updated by back-
propagation, minimizing the binary cross-entropy loss func-
tion with the ADAM optimizer. The mini-batch size was 32
images. Learning rate decay was employed to prevent get-
ting stuck in local minima, starting at 10e-3 and reducing
by 90% after five epochs without significant loss function
improvement (10e-7).

Data augmentation was used to increase variability and
prevent overfitting. The following transformations were ran-
domly applied during training, generating different variations
of the input images each epoch: rotations (up to 20 degrees),
shifts (up to 20%), shear changes, zooms (80-120%), and
flips.

3.5 SVM Classification of Handcrafted Features
Deep learning backbones extract valuable features but can
be computationally expensive, with memory and processing
demands proportional to their size and parameters. In contexts
where these requirements are impractical, handcrafted features
can be used for image classification.

Several radiomic features have been proposed for radi-
ological image classification, detailing characteristics of re-
gions of interest like tumors and clinically significant lesions.
These features encompass texture, size, shape, and hetero-
geneity measurements. Commonly utilized features include
first-order statistics of pixel data (FO), gray level run length
matrix (GLRLM), gray level size zone matrix (GLSZM), gray
level dependence matrix (GLDM), neighboring gray-tone dif-
ference matrix (NGTDM), and lesion shape measurements
(SHAPE2D) [19].

Radiologists often evaluate the texture of a lesion in an
image to assess its potential malignancy. In the texture classi-
fication literature, some well-known general-purpose texture
descriptors have been successfully used in various classifica-
tion applications [20].

In this work, we propose evaluating radiomic features
and general-purpose texture descriptors in breast tumor clas-
sification. The following radiomic features were used: FO,
GLRLM, GLSZM, GLDM, NGTDM, and SHAPE2D. The ra-
diomic features were extracted with the PyRadiomics library,
with default parameter values.

The general-purpose texture descriptors we evaluated were
LBP (P=8, R=2, method="nri_uniform”), local phase quanti-
zation (LPQ; winSize=3, STFT window, decorrelation trans-
form), and GLCM (distances=[1, 2, 3, 4], angles=[0, 45, 90,
135, 180, 225, 270, 315], properties: contrast, dissimilarity,
homogeneity, energy, and correlation). Both LBP and GLCM
were extracted with the Scikit-image library [21, 22]. The
LPQ descriptor was implemented in Python [23].

The SVM with the RBF kernel was used to classify the
image descriptors [24]. Its hyperparameters were tuned via
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Figure 1. Summary of the preprocessing methods evaluated.

grid-search (C=[1, 10, 100, 1000], gamma=[2e-3, 2e-2, 2e-1,
1/(n_features * var(x)), 1/n_features]). Considering that the
SVM requires the input data to be normalized in the same
scale, the features were normalized accordingly. LBP and
LPQ were normalized with z-score. All the other features
were normalized with a quantile-based transform (500 quan-
tiles), so they follow a uniform distribution.

The BUS-BRA dataset is not balanced, which can neg-
atively impact classification performance. There are 1268
benign and 607 malignant lesions. The Synthetic Minority
Over-sampling (SMOTE) technique was used to rebalance
the dataset. It creates synthetic samples for the minority class
derived from a linear combination of a reference sample and
up to k nearest neighbors from the same class (k=7).

3.6 Late-fusion Ensemble

Distinct features can improve classification performance due
to their complementary nature. Late-fusion, a type of ensem-
ble learning, is a common method employed for this purpose
[25]. It involves training individual classifiers for different
feature sets and combining their probability estimates using
fusion rules like sum or product. For instance, with the sum
rule, probabilities from multiple classifiers for each class are
added, and the class with the highest summed probability
determines the final decision. This study explores the comple-
mentarity between transfer learning features and handcrafted
features in breast tumor classification. Classifier probabilities
from previous sections (Sections D and E) were combined
using the sum rule, and the final decision was determined by
the class with the highest sum. All 2'3 — 1 possible classifier
combinations were evaluated.

3.7 Cross-dataset analysis
Traditional machine learning evaluation involves training and
testing models on separate partitions of the same dataset. How-
ever, this approach has drawbacks, as some models may not
perform well in real-world scenarios due to domain shifts
in the same problem. Such shifts arise from variations in
signal and noise patterns among datasets. A recent study rec-
ommends using separate datasets for training (development
dataset) and testing (test dataset) to assess model robustness[26].
In this work, we have developed the models using the

BUS-BRA dataset. The top-performing models in the BUS-
BRA dataset were selected for cross-dataset evaluation. For
this, the selected models were retrained with the full BUS-
BRA dataset and then evaluated with the full BUSI and BUID
datasets.

3.8 Model evaluation

The 3-fold cross-validation technique was employed to vali-
date the models, allowing for a robust assessment of its gener-
alization capability by dividing the dataset into three distinct
parts. Within each fold, the training data was split into 90%
for training and 10% for validation.

The model performance was evaluated by six different
metrics, namely the accuracy (ACC), precision (PREC), sen-
sitivity (SEN), Fl-score (F1), specificity (SPEC), and area
under the receiver ROC curve (AUC). The F1-score was cho-
sen as the primary metric for model comparison.

4. Results and Discussion

The binary classification of breast lesion ultrasound images
was performed using three distinct preprocessing methods
for the input image (Input A, Input B, and Input C). The
images were classified using pre-trained CNNs as feature ex-
tractors, specifically EfficientNetB4, InceptionV3, ResNet50,
and VGG16. Classification results are shown in Table 1.

ResNet50 showed superior classification performance among
the architectures across all three preprocessing methods. As
further evidenced in Table 1, modifications to the preprocess-
ing methods increased the AUC values for ResNet50.

Another highlight was the progressive improvement in
performance across all models as the preprocessing methods
were refined. The F1-score for the original images was lower
than the ROI-cropped images, indicating that noise removal
enhanced the classification models evaluated.

Similarly, the ROI-cropped images that underwent pro-
portional resizing demonstrated an increase in the F1-score
metric, indicating that preserving the shape of the lesion is
advantageous for the classification models evaluated. Thus,
optimizing image preprocessing significantly influences the
performance of classification models.

The results obtained are comparable to those published
by [18], which also demonstrated that cropping and propor-
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Table 1. Evaluation metrics for EfficientNetB4, InceptionV3, ResNet50 and VGG16 networks obtained from Input A, B and C.

Inputs Networks Evaluation metrics
ACC (%) PREC (%) SEN (%) F1 (%) SPEC (%) AUC

EfficientNetB4 | 77.49 +£0.86 | 71.44 +1.80 | 51.08 £5.85 | 59.31 £3.52 | 90.14 £ 1.74 | 0.83 £0.011
Input A InceptionV3 | 74.34 £0.86 | 6291 £0.51 | 50.58 £6.30 | 55.86 £3.76 | 85.72+ 1.77 | 0.76 £ 0.007
ResNet50 77.06 £0.52 | 6548 +1.16 | 61.77£2.04 | 63.54+0.95 | 84.38 +1.22 | 0.81 £0.008
VGG16 7498 £0.76 | 61.83 £1.83 | 59.80 £2.58 | 60.73+1.05 | 82.25+1.91 | 0.80 +£0.014
EfficientNetB4 | 79.52+1.17 | 72.32+3.83 | 60.13+2.84 | 65.52+1.39 | 88.80+2.61 | 0.85+0.015
Input B InceptionV3 | 77.97£1.39 | 6891 £2.88 | 59.80+1.33 | 62.96 £ 6.61 | 86.67£4.74 | 0.84 £0.012
ResNet50 82.56£0.98 | 72.72+3.12 | 73.30+3.48 | 73.38 £ 1.28 | 86.51 £2.45 | 0.88 +0.005
VGG16 81.06 £1.65 | 69.65+2.16 | 73.47+3.99 | 71.48+291 | 84.70+0.93 | 0.86 + 0.009
EfficientNetB4 | 87.47 £0.30 | 81.70 £2.66 | 79.25+3.10 | 80.36 £ 0.54 | 91.41 £1.74 | 0.92 +0.002
Input C InceptionV3 86.34+1.05 | 79.71 £3.00 | 77.76 £ 0.35 | 78.68 £ 1.29 | 90.45+1.72 | 0.92 £ 0.005
ResNet50 88.64 £0.59 | 84.47+£298 | 79.74 +1.80 | 81.97 £0.58 | 92.90 £ 1.66 | 0.93 +0.006
VGG16 8533 £1.55 | 76.18£3.32 | 7990+ 1.64 | 77.94 £1.82 | 87.93 £2.36 | 0.91 +0.009

tionally resizing the ROI in the BUS-BRA dataset yielded
better classification results with ResNet50, achieving accu-
racy, sensitivity, specificity, and AUC values of 85.9%, 80.8%,
88.3%, and 0.92, respectively.

General-purpose texture descriptors, namely GLCM, LBP,
and LPQ, achieved F1-scores of 63.70%, 40.30%, and 51.90%,
respectively (Table 2). GLCM, which describes pixel spatial
relationships with varying gray levels, had the highest F1-
score among these descriptors.

Radiomic features, quantitative characteristics extracted
from the delineated ROIs, are typically applied to breast imag-
ing diagnosis. For the radiomic features, according to Table 2,
the F1-score for FO, GLDM, GLRLM, GLSZM, NGTDM e
SHAPE2D was 53.00%, 57.00%, 60.20%, 49.00%, 55.90%,
and 80.50%, respectively.

The shape-based feature demonstrated superior perfor-
mance. The SHAPE2D descriptor captures geometric at-
tributes of ROIs, such as diameters, axes, compactness, and
sphericity [19]. Spiculations and a taller-than-wide orienta-
tion are commonly observed in malignant lesions [3]. These
characteristics captured by SHAPE2D may enhance model
generalization performance.

The ensemble method combines multiple models to create
a more accurate and comprehensive generalized model [25].
Thus, integrating models trained with handcrafted features
and transfer learning features can contribute to more robust
models for breast cancer classification [9].

A late-fusion ensemble was developed for the BUS-BRA
dataset, combining probabilities from four different pre-trained
CNN models, three general-purpose texture descriptors, and
six radiomic descriptors. This resulted in 8,191 combinations.

The most effective combination consists of the GLCM
general-purpose texture descriptor, GLDM, GLRLM, NGTDM,
and SHAPE2D radiomic descriptors, and features extracted
by InceptionV3, EfficientNetB4, ResNet50, and VGG16. For
this combination, accuracy, precision, sensitivity, F1-score,

and specificity were 89.90%, 85.70%, 82.20%, 83.90%, and
93.50%, respectively (Table 3).

The evaluation metrics for the top-performing late-fusion
ensemble surpassed those achieved by each set of handcrafted
and transfer learning features individually. Moreover, it demon-
strated superior accuracy, sensitivity, and specificity compared
to the results reported by [18].

The late-fusion ensemble was developed using the BUS-
BRA dataset. A cross-dataset analysis was performed to eval-
uate the model’s robustness, wherein the model was assessed
with unseen data not used in development namely the BUSI
and BUID datasets. For the optimal combination within the
late-fusion ensemble with the BUS-BRA dataset, the F1-score
of the BUSI and BUID datasets were 88.70% and 78.20%,
respectively. Thus, the Fl-score obtained for the BUSI and
BUID datasets was close to that achieved during model devel-
opment (Table 3).

The results suggest that the proposed late-fusion ensemble
model exhibited robustness when evaluated on unseen data
from both BUSI and BUID datasets. This is particularly signif-
icant because evaluating the model on a new dataset simulates
novel real-world situations with different noise and signal
patterns. Therefore, testing the model on another dataset is
crucial to assess its generalization ability.

The literature emphasizes several promising techniques
for diagnosing lesions in ultrasound images. Table 3 compares
the proposed ensemble model with recent state-of-the-art
methods. In cross-dataset evaluations with the BUSI dataset,
our ensemble model outperformed other systems that employ
both deep and handcrafted features [14], [15]. However, it
was inferior to that reported by [9]. On the other hand, the
performance of our ensemble model was comparable to that
of HoVer-Trans, an advanced vision transformer model [17].

The approach shows promise but is limited by ROI an-
notation variability and applicability to complex diagnostic
tasks. Addressing these issues could enhance its robustness.
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Table 2. Evaluation metrics for general-purpose texture descriptors and radiomic features classified by SVM.

. Evaluation metrics
Descriptors
ACC (%) PREC (%) SEN (%) F1 (%) SPEC (%)
GLCM 7640 £1.20 | 63.40+1.80 | 64.10+3.00 | 63.70 £2.30 | 82.30 + 0.80
Texture descriptors LBP 73.00£0.80 | 71.20 +4.20 | 28.20+£0.90 | 40.30+0.10 | 94.50 £ 1.20
LPQ 75.80+1.70 | 72.70 £3.70 | 40.50 £4.90 | 51.90 £4.70 | 92.70 £ 1.10
FO 65.80 +0.80 | 47.60+1.10 | 59.80 £4.50 | 53.00 £2.50 | 68.60 +1.10
GLDM 70.30 +1.30 | 53.70+1.80 | 60.80 £2.70 | 57.00 £2.10 | 74.90 = 1.20
. . GLRLM 7290+0.90 | 57.40+1.30 | 63.30+2.70 | 60.20 £ 1.50 | 77.50 = 1.40
Radiomic descriptors
GLSZM 64.40 £2.00 | 45.40+£3.00 | 53.50 +8.50 | 49.00 +£5.30 | 69.90 + 1.40
NGTDM 66.90 £ 1.80 | 49.20+1.90 | 64.90+2.20 | 5590+ 1.10 | 67.80 + 3.40
SHAPE2D | 87.00+0.80 | 78.40+1.50 | 82.90 + 1.80 | 80.50 = 1.20 | 89.00 + 1.00

Table 3. Evaluation metrics for top late-fusion ensemble models and cross-dataset analysis. The combination of transfer
learning and handcrafted features was developed in the BUS-BRA dataset. The late-fusion ensemble was evaluated through
cross-dataset analysis on the BUSI and BUID datasets. Models with * indicate comparison with state-of-the-art systems.

Features Dataset Evaluation metrics

ACC (%) | PREC (%) | SEN (%) F1 (%) SPEC (%)

GLCM. GLDM. GLRLM. NGTDM, | BUS-BRA | 89.90 +0.50 | 85.70 +0.30 | 82.20+ 1.50 | 83.90 +0.90 | 93.50 + 0.10
SHAPE2D, ResNetS0, InceptionV3, | BUSI 93.40 99.40 80.00 88.70 99.80
EfficientNetB4, VGG16 (Ours) BUID 77.60 80.90 75.60 78.20 79.80
HOG, LBP, shape, DenseNet201 [9]* |  BUSI 96.00 96.00 96.00 96.00 96.00
HOG, ResNet50 [14]* BUSI 88.87 87.50 86.90 87.18 83.80

GLCM, HOG, LBP, ResNet50 [15]* | BUSI 85.76 85.16 83.95 84.28 -

HoVer-Trans [17]* BUSI 85.50 87.60 86.70 87.20 83.80

5. Conclusion

The aim of this research was to develop a binary classification
system for breast lesions in ultrasound images by combining
models utilizing transfer learning and handcrafted features.
Among the transfer learning scenarios evaluated, ResNet50
stood out, with an Fl-score of 81.97% for Input C images
preprocessing. Among the handcrafted features, SHAPE2D
stood out with an F1-score of 80.50%. The most effective com-
bination of models using the late-fusion ensemble included
all four transfer learning features and the GLCM, GLDM,
GLRLM, NGTDM, and SHAPE2D descriptors, with an F1-
score of 83.90% in the BUS-BRA dataset. In the cross-dataset
evaluation, the top late-fusion ensemble model in the develop-
ment dataset scored an F1-score of 88.70% and 78.20% in the
test BUSI and BUID datasets, respectively. Therefore, this
study has demonstrated that combining transfer learning and
handcrafted features is complementary and enhances perfor-
mance compared to using only a single feature. Moreover, the
performance of the optimal combinations of the late-fusion
ensemble was robust in a cross-dataset analysis. These results
underscore the potential robustness of a late-fusion ensem-
ble utilizing CNN transfer learning and handcrafted features
to classify breast lesions in ultrasound images. For future

research, we plan on improving classification performance
by incorporating other medical images, such as ultrasound
elastography. Another research direction deals with exploring
explainable models that are able to highlight relevant portions
in the image to aid the radiologist in the diagnostic.
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