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ABSTRACT 

Breast cancer is one of the most prevalent types of cancer in humans and carries the 
highest cumulative risk compared to other cancers. Accurate diagnosis and efficient 
intervention for this disease are very important to improving patient survival. 
However, the accuracy of these diagnostic assessments often depends on the 
subjectivity and expertise of pathologists, which may lead to inconsistencies. To 
address this issue, automated diagnosis using machine learning has been 
developed. This study aims to optimize machine learning algorithms using texture 
features to produce an efficient breast cancer classification model that remains 
competitive with deep learning-based models.  The main contribution of this research 
lies in enhancing the performance of machine learning classifiers for breast 
ultrasound image classification and providing insights into the effectiveness of 
optimization across different algorithms. The dataset used in this study consists of 
three classes (benign, malignant, and normal) with a total of 780 breast ultrasound 
images from 600 patients. All images were processed and augmented to increase 
data variation before modeling with five classification algorithms: Random Forest, 
SVM, Decision Tree, Gradient Boosting, and k-NN. Modeling was conducted in two 
scenarios: one without optimization and the other with hyperparameter optimization 
using the Ant Colony Optimization algorithm. The results showed that the GLCM 
angle orientation had a relatively small effect on model performance. The best 
accuracy for each orientation was achieved with k-NN+ ACO (0.95 at 00), SVM+ACO 
(0.94 at 450), SVM+ACO (0.90 at 900), and RF+ACO (0.95 at 1350). In conclusion, 
classification using five GLCM-extracted features optimized with ACO achieved 
better performance than approaches without optimization or those previously 
applied using deep learning methods in other studies. 
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I. Introduction 

Breast cancer is one of the most common cancers among 
women worldwide. According to data from the World 
Health Organization (WHO), in 2022, the number of 
breast cancer cases among women increased by more 
than 2 million, making it the second most common cancer 
affecting humans and the one with the highest cumulative 
risk compared to other types of cancer [1]. Despite its high 
prevalence, accurate diagnosis and effective intervention 
for this disease can significantly improve patient survival 
[2]. In general, diagnoses made by pathologists to 
determine the stage of a patient’s cancer are based on 
medical imaging results, such as mammography, biopsy 
(histopathology), or ultrasound. However, the accuracy of 
these diagnoses is highly dependent on the subjectivity 
and expertise of the pathologist, which may lead to 
inconsistencies. To address this issue, diagnostic 
assistance systems, such as Computer-Assisted 
Diagnosis (CAD), have been developed to enhance both 
efficiency and accuracy in disease diagnosis, including 
cancer. The current development of CAD has been 
influenced by the field of artificial intelligence, specifically 

machine learning, which constitutes one of its major 
branches. Using the Support Vector Machine (SVM), 
Aprilia et al. [3] classified breast cancer ultrasound images 
into two classes, benign and malignant. 

The features used in their study were extracted using 
the Gray Level Co-Occurrence Matrix (GLCM). Their 
research demonstrated that the SVM was capable of 
classifying breast cancer ultrasound images with a 
maximum accuracy of 79%, both in unbalanced and 
balanced classes. In addition, using the Wisconsin Breast 
Cancer Diagnostic dataset from the UCI Machine 
Learning Repository, Minnoor et al. [4] developed a breast 
cancer classification model based on Random Forest 
(RF). Using a similar dataset, Uddin et al. [5] used 
Principal Component Analysis (PCA) to reduce the 
feature dimensions from 30 to 16 features. The PCA-
derived features were then utilized to construct a model 
using a machine learning algorithm. In contrast, Aamir et 
al. [6] reduced features by examining strong correlations 
between predictors, which were then used to build a 
breast cancer classification model. Meanwhile, a study by 
Kaunang et al. [7] comparing RF with Decision Tree (DT) 
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for breast cancer detection showed that RF achieved 
9.5% higher accuracy than DT. 

In addition to machine learning, deep learning has 
been widely adopted in CAD development, particularly for 
medical image classification. Unlike machine learning, 
which depends on handcrafted features, deep learning 
automatically extracts features through a convolution 
process. Using data from Baheya Hospital [8],  Pacal [9] 
evaluated the performance of several well-known CNN 
architectures (AlexNet, ResNet, VGG, GoogleNet, and 
EfficientNet) for breast cancer classification. Meanwhile, 
Surya et al. [10] utilized the MobileNetV2 architecture to 
enhance efficiency while maintaining classification 
accuracy. A different approach was proposed by Cruz-
Ramos et al. [11], who combined features extracted from 
a CNN with handcrafted features, achieving better 
performance compared to CNN models that rely solely on 
automatic features. To further increase accuracy in breast 
cancer histopathology images, Istighosah et al. [12] 
implemented the ResNet101 architecture, while another 
study [13] applied Particle Swarm Optimization (PSO) to 
optimize the weights of the final dense layer in the CNN 
model. 

Although deep learning has shown better performance 
than machine learning [14][15][16], this approach requires 
high computational resources [17] and long computation 
time [18]. Therefore, this study aims to optimize machine 
learning algorithms using a limited number of features 
derived from texture features extracted using the GLCM, 
resulting in an efficient breast cancer classification model 
that remains competitive with models developed through 
deep learning.  

The GLCM has been widely applied in various medical 
imaging, such as diabetic retinopathy [19][20][21], lung 
cancer [22][23], cervical cancer [24], colorectal polyps 
[25], tendon imaging [26], breast cancer [3][27][28], and 
brain tumor analysis [29]. This approach captures spatial 
relationships between neighboring pixels in an image. 
Through this approach, both micro and macro-level 
texture patterns can be effectively identified. 

The main contributions of this study are as follows: 
First, it enhances the performance of machine learning 
classifiers for breast cancer ultrasound image 
classification. Second, it develops a texture-based 
classification model that demonstrates competitive 
performance compared to deep learning approaches. 
Third, it provides a comparative analysis of optimization 
times across several machine learning algorithms. 
Ultimately, it provides valuable insights into the 
effectiveness of optimization algorithms in enhancing 
classifier performance for breast cancer detection. 

This study is structured as follows. Section 2 presents 
the proposed method, the dataset used, the 
preprocessing steps, the feature extraction process, the 
handling of imbalanced data, and the models along with 
their evaluation metrics. Section 3 reports the 
experimental results, including accuracy, precision, recall, 
F1-score, and the computational time required for 
optimization. Section 4 provides an interpretation and 
comparison of the results with related studies and 
discusses the study’s limitations. Finally, Section 5 
concludes the paper by highlighting the main findings and 
outlining directions for future research. 

 

II. Materials and Methods 

In this study, we used Python 3.13 with the NumPy and 
scikit-learn libraries. NumPy was employed to construct 
and manipulate multidimensional arrays representing the 
images, while scikit-learn was used for data classification. 
The experiments were conducted on a macOS system 
with an Intel Core i5 processor at 2.5 GHz and 15 GB of 
DDR3 RAM. 

A. Dataset 

The method proposed in this study can be seen at Fig 1. 
In this study, we utilized the Breast Ultrasound Images 
(BUSI) dataset [8], which comprises breast ultrasound 
images from 600 female patients aged 25 to 75 years. Al-
Dhabyani and Gomaa originally collected the dataset at 
Baheya Hospital (Egypt) and contains 437 benign 
images, 210 malignant images, and 133 normal images 
[8]. The dataset consists of three classes (normal, 

 
 

Fig 1. Proposed method 
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malignant, and benign) with an average size of 500x500 
pixels in PNG format. Data acquisition was performed 
using the LOGIQ E9 ultrasound system and the LOGIQ 
E9 agile ultrasound system.    

B. Data Processing 

The data pre-processing stage in this study began by 
standardizing the size of all images from various classes 
to 224x224 pixels, ensuring consistent input to the 
machine learning model. Since the GLCM features 
require single-channel images, the original images were 
separated into three channels (red, green, and blue). 
Among these, only the green channel was used for 
feature extraction, as several previous studies have 
demonstrated that it provides better contrast and lower 
noise levels than red and blue channels [30], making it 
more suitable for medical image texture analysis. In 
addition to resizing and channel separation, data 
augmentation was applied to the green channel to enrich 
image variation and reduce the risk of overfitting during 
the modelling process [31]. Ramamoorthy et al. [32] also 
reported that data augmentation can enhance the 
performance of classification models. The augmentation 
techniques used in this study included horizontal and 
vertical flipping, and rotations of +900 and -900 (Fig 2). As 
a result, the number of images at the modeling stage 
increased to 2185 for the benign class, 1050 for the 
malignant class, and 665 for the normal class. 

 

 
Fig 2. Data augmentation: Horizontal flipping, vertical 
flipping, 900 rotation, and -900 rotation  

C. Feature Extraction 

This study utilized texture features derived from the 
GLCM, which captures texture regularity by quantifying 
the frequency of pixel intensity pairs at defined distances 
and orientations [33]. As the images are grayscale, 
second-order statistical analysis is more efficient since it 
emphasizes luminance (intensity) rather than color. In this 
research, the GLCM was computed by considering the 
distance between pixels of d=1, and four angular 
orientations (00, 450, 900, and 1350). These orientations 
were selected to capture the variation in texture direction 
that may occur in the images, thereby ensuring a more 
comprehensive dataset. Unlike the study by Andra [34], 
which combined all GLCM features, regardless of 
orientation, into a single model, this study performs 

classification using GLCM features for each orientation, 
thereby producing distinct models for each orientation. 
The features extracted using the GLCM in this work 
include: 

1. Contrast 

Contrast (Eq. (1) [33]) is used to measure the intensity 
difference between a pixel and its neighbors. The higher 
the contrast value, the greater the local texture difference. 

Contrast =  ∑ ∑(𝑖 − 𝑗)2. 𝑃(𝑖, 𝑗)

𝑁−1

𝑗=0

𝑁−1

𝑖=0

  
   
(1) 

where 𝑃(𝑖, 𝑗) is the probability value or relative frequency 

of the appearance of pixel pairs with intensities i and j, at 
a certain distance and angle. 

2. Dissimilarity 

Dissimilarity (Eq. (2) [35]) is used to measure the degree 
of dissimilarity between pixel pairs linearly.  

Dissimilarity =  ∑ ∑|𝑖 − 𝑗|. 𝑃(𝑖, 𝑗)

𝑁−1

𝑗=0

𝑁−1

𝑖=0

 (2) 

3. Homogeneity 

Homogeneity (Eq. (3) [35]) is used to describe texture 
uniformity. A high value indicates a more homogenous 
texture. 

Homogeneity =  ∑ ∑
𝑃(𝑖, 𝑗)

1 + (𝑖 − 𝑗)2

𝑁−1

𝑗=0

𝑁−1

𝑖=0

  (3) 

4. Correlation 

Correlation (Eq. (4) [33]) is used to assess the linear 
relationship between pixel values and their neighbors. 
The value ranges from -1 to 1. 

 

Corr

=  
∑ ∑ (𝑖 − 𝜇𝑖)(𝑗 − 𝜇𝑗). 𝑃(𝑖, 𝑗)𝑁−1

𝑗=0
𝑁−1
𝑖=0

𝜎𝑖𝜎𝑗
 

(4) 

where 𝜇𝑖, 𝜇𝑗 are the mean, and 𝜎𝑖, 𝜎𝑗 are the standard 

deviations of the rows and columns of the GLCM. 

5. Angular Second Moment (ASM) 

ASM (Eq. (5) [33]) is used to indicate the level of 
smoothness and uniformity of texture. A high value 
indicates a more homogenous texture. 

ASM =  ∑ ∑ 𝑃(𝑖, 𝑗)2

𝑁−1

𝑗=0

𝑁−1

𝑖=0

 (5) 

D. Imbalanced Classes 

Based on the dataset obtained by Al-Dhabyani and 
Gomaa [8], the distribution of data among classes was 
found to be imbalanced. This imbalance can affect the 
performance of the classification model. The model tends 
to be biased towards the majority class, thereby reducing 
its performance on the minority class [36]. To overcome 
this problem, the Synthetic Minority Over-sampling 
Technique (SMOTE) was applied to the GLCM-generated 
features of each minority class, producing new variations 
that are more representative while reducing the risk of 
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overfitting [25][36]. By applying the SMOTE, the number 
of samples in each class was balanced, allowing the 
model to learn patterns from all classes more fairly. 

After the balancing process, the dataset was divided 
into two subsets: 80% for training and 20% for testing. To 
evaluate the model’s performance more accurately and 
prevent overfitting, 5-fold cross-validation was applied to 
the training data. In this process, the training set is divided 
into five subsets. In each iteration, four subsets are used 
for training, and one is reserved for validation. This 
procedure is repeated five times so that each subset is 
used once as validation data, and the results are 
averaged to obtain the final model performance. 
Furthermore, during the training and testing stages, the 
random.The seed function is employed to control the 
randomization process, ensuring that the data used for 
model construction remains consistent. Consequently, 
the experimental results are reproducible and reliable. 

E. Modeling and Evaluation 

In this study, five classification algorithms were 
implemented: Decision Tree (DT), Random Forest (RF), 
Support Vector Machine (SVM), Gradient Boosting (GB), 
and k-Nearest Neighbour (k-NN). These algorithms have 
been widely applied not only for breast cancer [7][36], but 
also for other medical classification tasks [37][38][39][40].  

DT is a supervised learning algorithm that classifies 
data by recursively splitting it into subsets based on the 
values of specific features. At each node, the algorithm 
selects the feature that provides the highest Information 
Gain (IG), as defined in Eq. (6), which is computed from 
the Entropy (E) in Eq. (7). 

𝐼𝐺(𝑆, 𝐴) = 𝐸(𝑆) − ∑
|𝑆𝑣|

|𝑆|
𝐸(𝑆𝑣)  (6) 

𝐸(𝑆) = − ∑ 𝑝𝑖 log2(𝑝𝑖)

𝑁

𝑖=1

  (7) 

where  𝐼𝐺(𝑆, 𝐴) is information gain obtained by splitting on 

feature A, 𝐸(𝑆) is entropy of the dataset, 𝐸(𝑆𝑣) is entropy 

of subset, 𝑆𝑣 is number of samples in subset, 𝑆 is number 

of samples in the dataset, N is number of classes, and 𝑝𝑖 

is proportion of samples in class 𝑖. 

RF is an ensemble learning algorithm that combines 
multiple DT to improve classification performance and 
reduce overfitting. Each Decision Tree is trained on a 
different subset of the dataset, a process known as 
bootstrap sampling, which helps to minimize the 
correlation among the trees. The final prediction (y) is 
determined through a majority voting process based on 
the classification results of all individual trees (Eq. (8)).  

𝑦 = 𝑚𝑜𝑑(𝑦1, 𝑦2, … , 𝑦𝑛)   (8) 

SVM is a supervised learning algorithm that uses a 
hyperplane to separate data into different classes. In 
addition, SVM employs kernel functions to enable the 
classification of non-linear data by transforming the input 
features into a higher-dimensional space where the 
classes become linearly separable (Eq. (9)). 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛 (∑ 𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥)

𝑁

𝑖=1

+ 𝑏)  (9) 

where 𝑓(𝑥) is the predicted class label of the input 𝑥, 𝛼𝑖 is 

the Lagrange multiplier associated with the ith training 
sample, 𝑦𝑖 indicates the actual class label of the ith 

sample, 𝐾(𝑥𝑖 , 𝑥) is the kernel function, and 𝑏 is the bias. 

GB is an ensemble learning method that builds a 
predictive model by sequentially combining multiple weak 
learners (Eq. (10)). Unlike RF, which builds trees 
independently and aggregates their outputs by averaging 
or voting, GB constructs trees sequentially, where each 
new tree attempts to correct the errors made by the 
previous ensemble. 

𝐹(𝑥) = 𝐹0(𝑥) + ∑ 𝜂ℎ𝑛(𝑥)

𝑁

𝑛=1

   (10) 

where 𝐹(𝑥) is the final model, 𝐹0(𝑥) is the initial model, ℎ𝑛 

represents the nth tree, 𝜂 is learning rate ( 0 < 𝜂 ≤ 1), and  

N denotes the total number of trees. k-NN is a non-
parametric algorithm in which the class of a data point is 
determined based on the majority class among its nearest 
neighbors. Therefore, the distance between the data point 
and its neighbors, as defined in Eq. (11), plays a crucial 
role in determining the classification result 

𝑑(𝑥, 𝑦) = (∑|𝑥𝑖 − 𝑦𝑖|𝑝

𝑛

𝑖=1

)

1
𝑝

    (11) 

where 𝑥 and 𝑦 represent two data points, n is the number 

of features, and 𝑝 defines the type of distance metric. If 𝑝 

is 1, the distance is calculated using the Manhattan 
distance, whereas if 𝑝 is 2, it is calculated using the 

Euclidean distance. Furthermore, to evaluate their 
performance, each algorithm was tested using two 
scenarios, without parameter optimization (representing 
the baseline model), and with parameter optimization 
using ACO. ACO is a metaheuristic algorithm inspired by 
the behaviour of ant colonies in finding the shortest path 
to a food source [41]. At each iteration, a number of 
agents explore the solution space. The selection of a 
particular solution is based on pheromone intensity (τ), 
which reflects the collective knowledge of previous 
solutions, and heuristic information (η), which provides an 
initial preference for promising solutions. In this study, the 
number of ants (n_ants=10), the number of iterations 
(T=10), and the evaporation rate (ρ=0.3) were used. 

In contrast to brute-force optimization methods, such 
as GridSearch, and probabilistic model-based 
approaches, such as Bayesian optimization, 
metaheuristic approaches can overcome the problem of 
local optima and thus identify more optimal solutions [42]. 
Akbari et al. [43] demonstrated that hyperparameter 
tuning for identifying prospective regions of porphyry-Cu 
mineralization using ACO resulted in higher model 
accuracy than tuning with GridSearch. Similarly, Said et 
al. [44] reported that metaheuristic approaches 
outperformed both Bayesian and search-based methods. 
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Moreover, although not always applied for 
hyperparameter optimization, several studies have 
demonstrated that ACO can improve model performance 
more effectively than other metaheuristic approaches. 
Gjecka and Bushati [45] reported that using ACO for 
feature selection in thyroid disorder prediction achieved 
an accuracy of 99.5%, which was significantly higher than 
that obtained with PSO (93%) and GA (92%). Similarly, 
Alghawli and Taloba [46] showed that feature selection 
using ACO for depressive disorder classification 
produced higher accuracy compared with PSO and GA 
feature selection. In another comparative study, Adrian et 
al. [47] found that among the three metaheuristic methods 
(GA, PSO, and ACO), ACO achieved the most efficient 
execution time when solving construction site layout 
problems. 

Pseudocode 
Input: Models M, Hyperparams H, Data D, ACO params 
(n_ants=10, T=10, α, β, ρ=0.3, Q) 
Initialize pheromone τ uniformly (τ0) 
for t = 1 to T: 
    solutions = [] 
    for k = 1 to n_ants: 
        Select model m_j with prob P_j ∝ τ_j^α * η_j^β 

        For each hyperparameter dim in H_j: 
            Select value with prob P_h ∝ τ_h^α * η_h^β 

        Train model m_j with chosen hyperparams on the 
train set 
        Evaluate on validation set → score_k 
        Store solution path and cost L_k = 1/score_k 
    Evaporate pheromone: τ ← (1-ρ)*τ 
    For each solution: 
        Update pheromone: τ_path += Q/L_k 
    Update global best if score_k > best_score 
Return the best model and hyperparameters 

This study employed ACO to determine the optimal 
combination of hyperparameters within predefined 
ranges. For the RF classifier, the number of estimators 
(i.e., the number of decision trees in the forest) was set to 
50, 100, and 150; the maximum tree depth was tested at 
None (unlimited), 5, 10, and 20; and the minimum number 
of samples required to split an internal node was set to 2, 
5, and 10. For the DT, the maximum depth was varied 
across four levels: None, 5, 10, and 20, while the 
minimum samples per split were set at 2, 5, and 10. For 
the GB, the number of estimators was set to 50, 100, and 
150; the learning rate was tested at 0.01, 0.1, and 0.2; and 
the maximum depth was set at 3, 5, and 7. For the SVM, 
the regularization parameter C was set to 0.1, 1, 10, 100, 
and 1000; the kernel coefficient γ (gamma) was tested at 
1e−4, 1e−3, 0.01, 0.1, 1, and 10, with the radial basis 
function (RBF) kernel. Finally, for the k-NN, the number of 
neighbors, k, was tested at 2, 5, 8, and 10, with distance 
metrics defined by the Minkowski parameter p set to 1 
(Manhattan distance) and 2 (Euclidean distance). 

The final phase of this study involved evaluating the 
model’s performance using test data, which comprised 
20% of the total dataset. This evaluation aimed to assess 
the model’s ability to make predictions on unseen data, 
thereby objectively reflecting the model’s performance. 
Using a confusion matrix, the analysis was conducted by 

comparing the baseline model (without ACO optimization) 
with the model optimized using ACO. The confusion 
matrix, which contains True Positive (TP), True Negative 
(TN), False Positive (FP), and False Negative (FN), then 
becomes the basis for calculating evaluation metrics, 
including accuracy (Eq. (12)), precision (Eq. (13)), recall 
(Eq. (14)), and F1-score (Eq. (15)). The calculation of 
these metrics provides a comprehensive overview of the 
model performance and the impact of ACO on improving 
predictive performance. 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
       (12) 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
       (13) 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
      (14) 

F1 − score =
2. Precision. Recall

Precision + Recall
       (15) 

III. Results 

A total of 500 randomly selected samples per class were 
used to assess feature significance through ANOVA and 
the Kruskal-Wallis test. Consistent across all orientations, 
the results demonstrated that four features (contrast, 
dissimilarity, homogeneity, and correlation) significantly 
contributed to classification (Tables 1–4). In comparison, 
ANOVA revealed that ASM was not significantly different 
for class discrimination (p > 0.05), whereas the Kruskal-
Wallis test identified this feature as highly significant (p < 
0.05) across all orientations. Therefore, all GLCM-
extracted features were considered appropriate for 
modeling. 

Table 1. Significance test of features at 00 

 

ANOVA 

(p) 

Kruskal-Wallis  

(p) 

Contrast 5.03E-07 3.41E-08 

Dissimilarity 2.06E-07 4.48E-08 

Homogneity 3.92E-07 1.27E-08 

Correlation 7.69E-07 2.29E-06 

ASM 2.04E-01 6.44E-10 

 

Table 2. Significance test of features at 450 

 

ANOVA 

(p) 

Kruskal-Wallis  

(p) 

Contrast 1.79E-40 9.43E-42 

Dissimilarity 1.18E-44 1.60E-41 

Homogneity 6.76E-09 9.62E-20 

Correlation 9.62E-26 1.86E-28 

ASM 1.96E-01 2.20E-12 

 
Table 3. Significance test of features at 900 

 

ANOVA 

(p) 

Kruskal-Wallis  

(p) 

Contrast 3.00E-13 7.51E-12 
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Dissimilarity 2.51E-11 7.10E-11 

Homogneity 9.66E-07 3.21E-09 

Correlation 4.88E-13 1.02E-10 

ASM 2.04E-01 2.28E-10 

 

Table 4 Significance test of features at 1350 

 

ANOVA 

(p) 

Kruskal-Wallis  

(p) 

Contrast 4.79E-40 3.45E-41 

Dissimilarity 1.06E-43 4.09E-41 

Homogneity 7.86E-09 7.10E-20 

Correlation 7.07E-25 2.73E-27 

ASM 1.96E-01 2.06E-12 

 

The results of the model performance evaluation are 
presented in Tables 5–8, which report the accuracy of 
validation results obtained using 5-fold cross-validation. 
At the 00 orientation (Table 5), hyperparameter 
optimization with ACO significantly improved model 
performance, particularly for SVM, GB, and k-NN, which 
increased by 38.43%, 19.88%, and 9.68%, respectively, 
compared with models without optimization. A similar 
trend was observed at the 450 orientation (Table 6), with 
accuracy improvements of 34.07% for SVM, 16.91% for 
GB, and 6.73% for k-NN. At the 900 orientation (Table 7), 
SVM accuracy increased by 38.40%, GB by 19.31%, and 
k-NN by 8.35%. Likewise, at the 1350 orientation (Table 
8), the accuracy of SVM, GB, and k-NN increased by 
35.37%, 18.95%, and 7.23%, respectively. In contrast, RF 
and DT showed relatively stable performance under both 
optimized and non-optimized conditions. 

The results in Tables 5–8, also demonstrate that 
changes in the GLCM angle orientation had no significant 
effect on model performance. RF, SVM, DT, GB, and k-
NN consistently maintained the same relative ranking 
across orientations. These findings suggest that, within 
the context of ultrasound image datasets, the composition 
of GLCM features has a greater impact on model 
performance than the orientation direction in the Co-
occurrence matrix. Thus, although angle orientation is 
part of the GLCM formulation, its role in influencing the 
performance of classification models in this study was 
relatively small. Moreover, appropriate hyperparameter 
optimization has been shown to have a significant impact 
on model performance.  

 

Table 5. Comparison of the model performance at the 
00 GLCM orientation  

Model 
Validation 

Average of 
Accuracy 
Default with 
Hyperparam
eter 

Average of 
Accuracy with 
Tuned 
Hyperparameter 
by ACO 

RF 0.91590.001 0.91840.001 

SVM 0.52820.000 0.91250.000 

DT 0.86030.001 0.86360.001 

Model 
Validation 

Average of 
Accuracy 
Default with 
Hyperparam
eter 

Average of 
Accuracy with 
Tuned 
Hyperparameter 
by ACO 

GB 0.70190.000 0.90070.003 

k-NN 0.81050.000 0.90730.001 

 
Table 6. Comparison of the model performance at the 
450 GLCM orientation 

Model 
Validation 

Accuracy 
Default with 
Hyperparame
ter 

Accuracy with 
Tuned 
Hyperparameter 
by ACO 

RF 0.92120.000 0.91990.002 

SVM 0.57270.000 0.91340.002 

DT 0.86210.001 0.86290.001 

GB 0.73470.000 0.90380.004 

k-NN 0.83830.000 0.90560.000 

 
Table 7. Comparison of the model performance at the 
900 GLCM orientation 

Model 
Validation 

Accuracy 
Default with 
Hyperparam
eter 

Accuracy with 
Tuned 
Hyperparameter 
by ACO 

RF 0.87740.002 0.88190.003 

SVM 0.50460.000 0.88860.000 

DT 0.82570.002 0.83030.001 

GB 0.66930.000 0.86240.005 

k-NN 0.78490.000 0.86840.000 

 
Table 8. Comparison of the model performance at the 
1350 GLCM orientation 

Model 
Validation 

Accuracy 
Default with 
Hyperparame
ter 

Accuracy with 
Tuned 
Hyperparameter 
by ACO 

RF 0.92400.001 0.92750.001 

SVM 0.56960.000 0.92330.000 

DT 0.87230.001 0.87330.001 

GB 0.72290.000 0.91240.001 

k-NN 0.83540.000 0.90770.000 

 
Fig. 3 illustrates clear variations in optimization times 

across the classifiers for 10 iterations, reflecting the 
differences in computational complexity inherent to each 
algorithm. The DT achieved the fastest optimization time 
(0.36 minutes) because it constructs only a single tree 
with straightforward splitting rules, resulting in minimal 
computational cost. Similarly, the k-NN required relatively 
little time (0.88 minutes), as its optimization primarily 
involves recalculating distances for different parameter 
values without the need to build an explicit model. In 
contrast, the RF required more time (12 minutes) since it 
constructs multiple decision trees within an ensemble, 
thereby increasing computational demand compared to a 
single DT. The SVM with an RBF kernel took substantially 
longer (46 minutes) due to the quadratic optimization 
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process involved in determining the optimal hyperplane, 
which becomes more computationally intensive when 
kernel transformations are applied. The GB recorded the 
longest optimization time (95 minutes) because it 
sequentially builds trees, with each tree correcting the 
errors of the previous one, making the process both 
computationally expensive and less parallelizable. 

 
Fig 3. Comparison of optimization time over 10 
iterations for each classifier  

Similar to the validation results, the evaluation on the 
testing data demonstrated that the ACO-optimized 
models achieved a significant improvement in 
performance compared with the non-optimized models 
(Table 9). At the 0° orientation, the best performance was 
achieved by k-NN with ACO, reaching an accuracy of 
95%, with precision, recall, and F1-score of 0.96, 0.96, 
and 0.96 for the normal class, respectively. Similar to the 
validation stage, both GB and SVM demonstrated 
substantial improvements after optimization. In particular, 
SVM showed a remarkable increase in accuracy from 
55% to 92%, accompanied by improvements in precision 
(from 0.53 to 0.92), recall (from 0.67 to 0.97), and F1-
score (from 0.59 to 0.95). GB also improved significantly, 
with accuracy increasing from 68% to 92%, precision from 
0.72 to 0.94, recall from 0.74 to 0.95, and F1-score from 
0.73 to 0.95. In contrast, RF and DT revealed minimal 
differences after ACO optimization. For instance, RF 
maintained a stable accuracy of 93%, with precision, 
recall, and F1-score consistently around 0.93–0.95, while 
DT preserved an accuracy of 90% with similarly stable 
precision (0.90), recall (0.93), and F1-score (0.91). The 
lowest performance was observed in SVM without ACO, 
which not only reached the lowest accuracy of 55% but 
also showed low precision (0.53), recall (0.67), and F1-
score (0.59) across all classes. 

The results at the 45° orientation also revealed that 
ACO optimization substantially enhanced the 
performance of most models (Table 10). SVM obtained 
the highest performance with ACO, which achieved an 
accuracy of 94% with precision, recall, and F1-score 
consistently around 0.95–0.97 (for the normal class), 
showing a remarkable improvement compared to the 
baseline SVM that only reached 60% accuracy with much 
lower precision (0.54), recall (0.75), and F1-score (0.63). 
A similar improvement was also observed in GB, where 
the accuracy increased from 75% to 93%, with 
corresponding precision, recall, and F1-score rising from 

approximately 0.74 to 0.95. Meanwhile, k-NN also 
benefited from optimization, improving its accuracy from 
86% to 93% with improvements in almost all metrics. In 
contrast, RF and DT showed minimal differences between 
optimized and non-optimized versions, as RF consistently 
achieved high performance with an accuracy of around 
93-94% and balanced precision, recall, and F1-score 
(0.95–0.96), while DT maintained a stable accuracy of 
88–89% with only marginal changes after optimization. 
These findings indicate that although ACO optimization 
can significantly boost the performance of models such as 
SVM, GB, and k-NN, its impact on RF and DT remains 
relatively limited due to their already stable performance 
without optimization. 

At the 90° orientation, ACO optimization demonstrated 
substantial performance enhancements across several 
models (Table 11). The most significant improvement was 
demonstrated by SVM, whose accuracy increased from 
54% to 90%, accompanied by notable improvements in 
precision (from 0.56 to 0.93), recall (from 0.56 to 0.94), 
and F1-score (from 0.56 to 0.93). This transformation 
elevated SVM from the weakest baseline model to one of 
the strongest performers after optimization. GB also 
demonstrated notable progress, with accuracy rising from 
69% to 88% and its precision, recall, and F1-score 
consistently reaching approximately 0.75–0.92. Likewise, 
k-NN achieved meaningful improvements, increasing 
from 80% to 89% accuracy with balanced precision, 
recall, and F1-score ranging between 0.83 and 0.93. In 
contrast, RF and DT showed relatively stable results, with 
optimization exerting only minimal impact due to their 
already competitive baseline performance. 

Finally, at the 135° orientation, ACO optimization 
consistently enhanced the performance of most models, 
with particularly remarkable improvements observed in 
SVM and GB (Table 12). SVM, which initially showed 
weak baseline results with an accuracy of only 59%, 
precision of 0.54, recall of 0.77, and F1-score of 0.63, 
improved substantially after optimization, achieving 94% 
accuracy alongside precision, recall, and F1-score of 
0.95, 0.97, and 0.96, respectively. Similarly, GB 
demonstrated a notable increase in accuracy from 73% to 
93%, with precision, recall, and F1-score also rising from 
approximately 0.72–0.82 to 0.94–0.96. k-NN achieved a 
moderate improvement, with accuracy increasing from 
86% to 92%, and balanced precision, recall, and F1-score 
reaching values of around 0.92–0.96. In contrast, RF and 
DT displayed relatively stable outcomes, with optimization 
exerting minimal influence due to their already strong 
baseline performance. Specifically, RF consistently 
maintained an accuracy of 95%, with precision, recall, and 
F1-score values of approximately 0.96. In contrast, DT 
preserved an accuracy of 90% with stable precision, 
recall, and F1-score values of approximately 0.91. 
Furthermore, Tables 9–12 also present a comparison of 
model performance with and without ACO-based 
optimization across different GLCM orientations, with 
particular emphasis on execution time during testing.    
The results show that classifiers optimized with ACO-
based hyperparameters did not substantially increase the 
overall execution time across models. Among the models, 
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the DT consistently achieved the shortest execution time 
(0.0006-0.0009 seconds), reflecting its simple structure 
and low computational cost during prediction. The k-NN 

also showed fast prediction time (0.11–0.15 seconds), as 
classification primarily involves distance computations, 
which remain efficient given the dataset size.

 

Table 9 Comparison of the model performance with and without optimization at the 00 GLCM orientation  

Model Accuracy Precision Recall F1-score Time 
(seconds) Benign Malignant Normal Benign Malignant Normal Benign Malignant Normal 

RF 0.93 0.93 0.92 0.93 0.89 0.94 0.95 0.91 0.93 0.94 0.031 

SVM 0.55 0.53 0.57 0.53 0.36 0.62 0.67 0.43 0.60 0.59 1.32 

DT 0.90 0.89 0.90 0.90 0.87 0.90 0.93 0.88 0.90 0.91 0.00060 

GB 0.68 0.63 0.70 0.72 0.61 0.70 0.74 0.62 0.70 0.73 0.0069 

k-NN 0.84 0.90 0.80 0.84 0.64 0.91 0.97 0.75 0.85 0.90 0.12 

RF + ACO 0.93 0.93 0.92 0.93 0.88 0.95 0.95 0.91 0.93 0.94 0.039 

SVM + 
ACO 

0.92 0.92 0.92 0.92 0.86 0.94 0.97 0.89 0.93 0.95 0.63 

DT + ACO 0.90 0.89 0.91 0.90 0.88 0.90 0.93 0.88 0.90 0.91 0.00060 

GB + ACO 0.92 0.91 0.91 0.94 0.88 0.94 0.95 0.89 0.93 0.95 0.024 

k-NN + 
ACO 

0.95 0.92 0.95 0.96 0.94 0.94 0.96 0.93 0.95 0.96 0.11 

 

Table 10 Comparison of the model performance with and without optimization at the 450 GLCM orientation 

Model Accuracy Precision Recall F1-score Time 
(Seconds) Benign Malignant Normal Benign Malignant Normal Benign Malignant Normal 

RF 0.94 0.92 0.94 0.96 0.92 0.94 0.96 0.92 0.94 0.96 0.029 

SVM 0.60 0.60 0.67 0.54 0.42 0.63 0.75 0.49 0.65 0.63 1.19 

DT 0.89 0.86 0.87 0.93 0.85 0.89 0.91 0.86 0.88 0.92 0.00070 

GB 0.75 0.72 0.78 0.74 0.64 0.75 0.84 0.68 0.76 0.79 0.0086 

k-NN 0.86 0.88 0.83 0.86 0.72 0.90 0.96 0.79 0.87 0.91 0.13 

RF + ACO 0.93 0.92 0.93 0.95 0.91 0.94 0.96 0.91 0.93 0.95 0.036 

SVM + 
ACO 

0.94 0.93 0.94 0.95 0.89 0.95 0.97 0.91 0.94 0.96 0.56 

DT + ACO 0.88 0.85 0.86 0.93 0.85 0.89 0.90 0.85 0.87 0.92 0.00080 

GB + ACO 0.93 0.90 0.93 0.95 0.92 0.93 0.94 0.91 0.93 0.95 0.026 

k-NN + 
ACO 

0.93 0.90 0.93 0.97 0.92 0.92 0.95 0.91 0.93 0.96 0.13 

 
Table 11 Comparison of the model performance with and without optimization at the 900 GLCM orientation 

Model Accuracy Precision Recall F1-score Time 
(Seconds) Benign Malignant Normal Benign Malignant Normal Benign Malignant Normal 

RF 0.89 0.89 0.87 0.90 0.82 0.91 0.94 0.86 0.89 0.92 0.028 

SVM 0.54 0.51 0.54 0.56 0.39 0.67 0.56 0.45 0.60 0.56 0.91 

DT 0.84 0.82 0.85 0.86 0.80 0.83 0.91 0.81 0.84 0.88 0.00060 

GB 0.69 0.67 0.66 0.75 0.59 0.72 0.76 0.63 0.69 0.75 0.0087 

k-NN 0.80 0.83 0.76 0.83 0.64 0.86 0.91 0.72 0.81 0.87 0.12 

RF + ACO 0.89 0.91 0.87 0.90 0.83 0.90 0.95 0.87 0.89 0.92 0.030 

SVM + 
ACO 

0.90 0.87 0.90 0.93 0.85 0.91 0.94 0.86 0.91 0.93 0.66 

DT + ACO 0.84 0.83 0.83 0.85 0.78 0.82 0.91 0.80 0.83 0.88 0.00090 
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Model Accuracy Precision Recall F1-score Time 
(Seconds) Benign Malignant Normal Benign Malignant Normal Benign Malignant Normal 

GB + ACO 0.88 0.88 0.88 0.88 0.82 0.90 0.92 0.85 0.89 0.90 0.020 

k-NN + 
ACO 

0.89 0.84 0.88 0.95 0.88 0.87 0.92 0.86 0.88 0.93 0.15 

 
Table 12 Comparison of the model performance with and without optimization at the 1350 GLCM orientation 

Model Accuracy Precision Recall F1-score Time 
(Seconds) Benign Malignant Normal Benign Malignant Normal Benign Malignant Normal 

RF 0.95 0.93 0.95 0.96 0.94 0.95 0.96 0.93 0.95 0.96 0.026 

SVM 0.59 0.61 0.66 0.54 0.41 0.60 0.77 0.49 0.63 0.63 1.16 

DT 0.90 0.88 0.91 0.91 0.88 0.91 0.90 0.88 0.91 0.90 0.00060 

GB 0.73 0.70 0.77 0.72 0.63 0.73 0.82 0.66 0.75 0.77 0.0086 

k-NN 0.86 0.87 0.84 0.87 0.74 0.91 0.94 0.80 0.87 0.90 0.13 

RF + ACO 0.95 0.94 0.95 0.96 0.93 0.96 0.96 0.93 0.95 0.96 0.022 

SVM + 
ACO 

0.94 0.94 0.93 0.95 0.89 0.96 0.97 0.91 0.94 0.96 0.66 

DT + ACO 0.90 0.88 0.91 0.91 0.88 0.92 0.91 0.88 0.92 0.91 0.00060 

GB + ACO 0.93 0.90 0.94 0.96 0.92 0.93 0.94 0.91 0.93 0.95 0.022 

k-NN + 
ACO 

0.92 0.87 0.92 0.96 0.92 0.91 0.92 0.89 0.92 0.94 0.12 

The RF required slightly longer times (0.026–0.039 
seconds) due to its ensemble nature, involving multiple 
decision trees, yet still maintained sub-second efficiency. 
In contrast, the GB recorded slightly higher times 
(0.0069–0.024 seconds) compared to the RF, but 
remained within a very efficient range, benefiting from the 
relatively shallow trees used during boosting. The most 
time-consuming classifier was the SVM with an RBF 
kernel, requiring 0.56–1.32 seconds for prediction. The 
longer time required for processing to make predictions is 
explained by the quadratic optimization and kernel 
transformation involved in the decision function. 
Nevertheless, when optimized with ACO, SVM achieved 
improvements in accuracy, precision, recall, and F1-score 
across orientations. 

 

IV. Discussion 

Based on the results presented in Tables 9–12, the 
highest accuracy was observed at 0° and 135°, where 
optimized k-NN and RF achieved an accuracy of 0.95. 
This demonstrates that the proposed method for 
ultrasound image-based breast cancer classification can 
achieve performance levels comparable to various deep 
learning approaches (Table 13). Unlike deep learning 
models that require substantial computational resources 
and long training times, the proposed approach remains 
efficient without compromising accuracy. 

Using the same dataset (BUSI), a comparison 
between the results of this study and those reported in 
previous research demonstrates the consistently better 
performance of the proposed method (Table 13). In 
contrast to the present study, which employed machine 

learning algorithms, Pacal [9] evaluated eleven CNN 
architectures for breast cancer classification and 
identified three models with the highest accuracies, 
namely VGG16 (0.854), ResNet101 (0.847), and Vision 
Transformer (0.886). Furthermore, Surya et al. [10] 
achieved an accuracy of 0.82 using MobileNetV2 
optimized with Keras Tuner, while Gheflati and Rivaz [48] 
reported accuracies of 0.82 with the Vision Transformer 
and 0.83 with ResNet. In addition, Moon et al. [49] 
developed a CNN model based on DenseNet-161 
integrated with ensemble learning, achieving an accuracy 
of 0.9462, with results closely approaching those obtained 
in this study. 

Other studies, such as that by Deb and Jha [50], 
demonstrated that a fuzzy-rank ensemble could attain an 
accuracy of 0.8523, similar to the accuracy reported by 
Putri [51] using a conventional CNN. Meanwhile, 
compared with other machine learning studies using 
similar datasets, Yadav et al. [52] applied Topological 
Data Analysis for feature extraction and achieved an 
accuracy of only 0.684, whereas Aprilia [3], who also used 
GLCM for feature extraction as in this study, achieved an 
accuracy of 0.79. Therefore, the method proposed in this 
study outperformed previous studies. 

According to Tables 9–12, hyperparameter 
optimization using ACO contributes substantially to 
performance improvement, particularly for SVM, which 
showed not only an increase in accuracy but also 
significant gains in recall, precision, and F1-score. The 
performance of SVM is highly dependent on the selection 
of parameters such as C, kernel type, and γ, which control 
the margin of the hyperplane. Consequently, when the 
parameters are not optimally tuned, the performance of 
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SVM tends to degrade [53]. In contrast, other algorithms 
remain relatively stable or experience only slight 
improvements, since their default performance is less 
sensitive to parameter tuning. 

Furthermore, the comparison of model performance in 
Tables 9–12 shows that variations in GLCM orientation 
(0°, 45°, 90°, 135°) do not have a significant impact on the 
results. This is mainly because the second-order statistics 
used in GLCM are derived from the average distribution 
of pixel relationships. Therefore, although the calculations 
are based on different orientations, the resulting statistical 
values remain relatively consistent across angles. 

Furthermore, as shown in Tables 9–12, the prediction 
times of the models on the testing data did not differ 
significantly. These differences arise from the distinct 
computational mechanisms of each classifier. In 
comparison with other studies on hyperparameter tuning 
using metaheuristic approaches, Ali et al. [54] examined 
the computational complexity of ACO, GA, Whale 
Optimization (WO), and PSO for optimizing SVM 
hyperparameters. Their findings revealed that ACO and 
GA achieved superior execution time and model 
performance compared with the other optimization 
techniques. However, the study by Ali et al. [54] was 
limited to SVM hyperparameter tuning, which, as 
illustrated in Fig. 3, takes longer than RF, DT, and k-NN. 

 

Table 13 Comparison of the best result with other 
studies using a similar dataset 

Studies Accuracy 

Aprilia et al. [3] - GLCM SVM   0.79 

Pacal [9] - VGG16 0.854 

Pacal [9] - ResNet101 0.847 

Pacal [9] - Vision Transformer  0.886 

Surya et al. [10] - MobileNetV2 0.82 

Gheflati and Rivaz [48] - Vision 
Transformer 

0.82 

Gheflati and Rivaz [48] - ResNet 
Transformer 

0.83 

Moon et al. [49] - DenseNet-161 0.9462 

Deb and Jha  [50] - Fuzzy Rank 0.8523 

Putri [51] - CNN  0.85 

Yadav et al. [52] - Topological Data 
Analysis  

0.684 

Proposed Method (best model) 
RF + ACO (1350) and k-NN+ ACO (00) 

0.95 

However, this study has several limitations. First, the 
selection of the initial and final values of the 
hyperparameters, as well as the number of 
hyperparameters used, must be determined intuitively or 
based on existing best practices. As a result, the more 
hyperparameters that need to be tested, the longer the 
optimization process becomes. Therefore, this study also 
compares the optimization time required for each 
classifier, showing that RF, DT, and k-NN are relatively 
fast in hyperparameter tuning while still achieving 
competitive classification performance. 

The findings of this study have several important 
implications for the development of breast cancer 
detection systems based on machine learning. First, 
optimization using ACO not only improved model 
accuracy but also reduced false positives and false 
negatives, particularly in the SVM model. As a result, the 
misclassification of breast cancer by machine learning 
algorithms was minimized. Second, machine learning 
models with limited computational resources were able to 
achieve performance comparable to deep learning-based 
classification models. As shown in previous studies and 
this research, the computational time required for model 
development using machine learning was considerably 
lower than that of deep learning models, especially for RF, 
DT, and k-NN. This makes such models suitable for 
implementation in medical diagnostic systems operating 
in computationally constrained environments. 

 

V. Conclusion 

The purpose of this study was to optimize machine 
learning algorithms using a limited number of features, 
combined with ACO, aiming to achieve performance 
competitive with that of deep learning approaches. The 
findings demonstrated that applying ACO for 
hyperparameter tuning generally improved classification 
performance across all orientations. Additionally, the 
results indicated that variations in orientation had little 
effect on model performance. Classification using five 
GLCM-extracted features optimized with ACO 
outperformed both non-optimized approaches and deep 
learning methods previously applied by other 
researchers. Using the test data, the highest accuracy for 
each orientation was achieved with k-NN+ ACO (0.95 at 
00), SVM+ACO (0.94 at 450), SVM+ACO (0.90 at 900), 
and RF+ACO (0.95 at 1350). Although the classifiers 
showed improved performance after optimization, this 
study was limited to three classes. Further investigations 
are required to assess their potential for detecting breast 
cancer subtypes. While the present work focused on 
enhancing model performance using a limited set of 
features through optimization, future research could 
explore the integration of metaheuristic optimization with 
search-based or Bayesian approaches to achieve more 
robust and generalizable improvements. 
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