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ABSTRACT 

Breast cancer is one of the leading causes of cancer-related mortality among women. In Indonesia, it 

accounts for 16% of all cancer cases and 22.9% of invasive cancers in women. Ultrasonography (USG) is 

commonly used for breast imaging; however, its effectiveness is often limited by speckle noise, low 

contrast, and intensity inhomogeneity, which hinder accurate tumor segmentation. Therefore, this study 

aims to propose an effective segmentation framework for breast ultrasound images by integrating image 

enhancement and segmentation techniques. The proposed method combines Contrast Limited Adaptive 

Histogram Equalization (CLAHE) and contrast stretching for image enhancement, followed by Active 

Contour segmentation using the Chan–Vese model to accurately delineate tumor boundaries. CLAHE 

improves local contrast while controlling noise amplification, and contrast stretching enhances global 

intensity distribution to increase lesion–background separability. Experiments were conducted on 20 

breast ultrasound images consisting of benign and malignant cases. The segmentation performance was 

evaluated using Receiver Operating Characteristic (ROC) analysis. The results show that for benign cases, 

the method achieved an accuracy of 92.35%, sensitivity of 80.5%, and specificity of 93.41%, whereas for 

malignant cases, it achieved an accuracy of 73.9%, sensitivity of 57.83%, and specificity of 73.49%. These 

findings indicate that the proposed approach is effective in improving segmentation performance and 

boundary detection in breast ultrasound images, although performance on malignant cases remains 

relatively lower. 
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I. INTRODUCTION  

Based on data from the Globocan Observatory 2020 of the 
International Agency for Research on Cancer (IARC), breast 
cancer is the most common cancer in the world. It is the most 
common cancer in women, with an estimated 2.26 million new 
cancer cases diagnosed (11.7% of all cancers). In terms of 
causes of cancer deaths worldwide, breast cancer ranks fourth 
with 684,996 (6.9% of all cancers) deaths [1]. 

Since its introduction by Dr. Cushman Haagensen in the 
1950s, Breast Self-Examination (BSE) has been the subject of 

much controversy. Haagensen recommended that women 
perform BSE every 2 months. The main goal is to detect breast 
tumors at an early stage to reduce the number of patients 
diagnosed with large, inoperable cancers. At that time, the BSE 
technique was recognized by the National Cancer Institute and 
the American Cancer Society (ACS). Still, the recommended 
approach was later changed. Women are now encouraged to 
perform BSE once a month, one week after the start of their 
period [2, 3]. 

Ultrasound has become an essential tool in breast imaging. 
Breast ultrasound was first introduced in the 1950s using radar 
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techniques adapted from the US Navy. In the following 
decades, ultrasound in breast imaging was mainly used to 
distinguish cysts from solid masses. This is clinically important 
because simple breast cysts are a benign finding and do not 
require further treatment. However, most solid breast lesions 
remain unidentified and require biopsy because ultrasound is 
not specific enough to distinguish between benign and 
malignant breast tumors [4, 5]. 

Based on the description above, this study proposes an 
image processing system employing preprocessing and 
segmentation stages to address the noise problem in breast 
cancer digital images. Preprocessing is a technique that 
increases the contrast value of an image, whereas segmentation 
is the process of separating objects in an image based on 
certain characteristics to determine the boundaries of 
ultrasound image objects.  

To overcome these challenges, Contrast Limited Adaptive 
Histogram Equalization (CLAHE) is selected to enhance local 
contrast without over-amplifying noise, whereas contrast 
stretching is employed to emphasize object boundaries by 
expanding the global intensity dynamic range. Furthermore, the 
Active Contour method (specifically the Chan–Vese model) is 
implemented due to its robustness in handling medical images 
characterized by high speckle noise and indistinct boundaries 
through the minimization of curve energy. 

This method is widely used in medical image analysis 
because of its ability to detect object boundaries even when the 
edges are weak or poorly defined. By minimizing an energy 
function associated with the evolving curve, the model can 
adapt to the shapes of objects within the image, making it 
suitable for ultrasound images that often contain speckle noise 
and low contrast between tissues. 

In addition, the integration of preprocessing techniques 
with the Active Contour segmentation method is expected to 
improve the accuracy and stability of tumor boundary detection 
in breast ultrasound images. The enhanced image quality 
produced during preprocessing helps the segmentation 
algorithm identify meaningful structures more effectively. 
Consequently, this approach can support more reliable image 
analysis, which may contribute to assisting medical 
professionals in the early detection and evaluation of breast 
abnormalities. 

II. METHODOOGY 

Figure 1 illustrates the proposed framework for 
implementing the application flow, starting with image 
acquisition, preprocessing, and segmentation. The Active 
Contour method is used to obtain segmentation results. Then, 
the data are recorded, and the final step is Receiver Operating 
Characteristic (ROC) validation to obtain the accuracy, 
sensitivity, and specificity of the segmentation results [6]. 

The workflow shown in Figure 1 follows a standard 
medical image processing pipeline comprising image 
acquisition, preprocessing, segmentation, and performance 
evaluation. Such a structured pipeline is commonly adopted in 
breast ultrasound image analysis to ensure robustness against 

noise and image-quality variability, particularly when contour-
based segmentation methods are employed [7, 8]. 

 

 

Fig. 1.  Research diagram. 

A. Preprocessing  

Preprocessing is a series of transformations applied to the 
original images to improve image quality and make statistical 
analysis more reproducible and comparable. However, for 
breast cancer ultrasound, there is no standard preprocessing 
format, and the format may vary depending on the conditions 
[9]. Preprocessing consists of several sub-processes, namely: 

 Grayscale: This stage converts a color image (RGB) into a 
single-channel intensity image so that the analysis process 
becomes simpler and more efficient. Color information is 
removed, whereas the main structures such as shape, 
texture, and edges are retained, making subsequent 
processing easier. 

 CLAHE: CLAHE is used to enhance image contrast locally 
by dividing the image into several small sections (tiles), 
then performing histogram equalization on each section. 
This method is equipped with a clip limit to prevent 
excessive contrast enhancement so that noise is not also 
amplified, resulting in an image that remains balanced 
between detail enhancement and visual stability. 

 Contrast stretching: This stage aims to expand the range of 
pixel intensities so that the value distribution becomes more 
optimal. By mapping the minimum and maximum intensity 
values to a new range, the difference between objects and 
the background becomes clearer, and details such as edges 
and textures can appear sharper. 
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Various advanced preprocessing strategies have been 
shown to significantly affect segmentation performance in 
breast ultrasound images. Hybrid approaches that combine 
noise-reduction filters with contrast enhancement and texture 
analysis help discriminate tumor edges from noisy 
backgrounds, thereby improving subsequent contour 
delineation and model robustness [10, 11]. 

1) Grayscale 

Grayscale is the process of converting a color RGB image 
into a single-channel intensity image. The image has a size of 
N × M pixels, varying intensities represented numerically as a 
matrix of N  rows and M  columns [12]. Each RGB image 
consists of three channels; therefore, its representation is 
written as N × M × 3. The resulting grayscale image contains 
values ranging from 0 to 255. It is obtained by evaluating each 
of the R, G, and B components using the following equation: 

Grayscale �X, Y� = 0.2989 R +  0.587  G +  0.114 B (1) 

where �X, Y� denotes the pixel coordinates in the image matrix 
where the grayscale conversion is applied. For example, for a 
5 × 5 image, X and Y range from (0,0) to (4,4).  

Grayscale conversion is widely used in medical image 
processing to reduce computational complexity and stabilize 
intensity-based segmentation by transforming multi-channel 
images into a single intensity representation [13]. 

2) Contrast Limited Adaptive Histogram Equalization 

CLAHE is a generalization of Adaptive Histogram 
Equalization (AHE) and improves local contrast in images [5]. 
CLAHE operates on small regions of the image, called tiles. 
After grayscale conversion, CLAHE is applied. 

The probability of occurrence of intensity level r  is 
defined as: 

PR�r � = "#
$∙& , k = 0,1,2, … , L − 1  (2) 

where n  is the number of pixels with intensity level r , and 
M ∙ N represents the total number of pixels in the image. 

The cumulative distribution function is then used to map 
the input intensity values to the enhanced output image. A 
histogram equalization mapping can be expressed as: 

K- = round 123∙45#678
9∙: ;   (3) 

where: 

 C=  is the cumulative distribution function of the intensity 
level, 

 round is the rounding function to the nearest integer, 

 K- is the output intensity after equalization, 

 w and h are the image width and height, respectively. 

Recent studies indicate that CLAHE effectively enhances 
local contrast in ultrasound images while limiting excessive 
noise amplification. This makes the method suitable for 
improving lesion visibility before segmentation, particularly in 
low-contrast breast ultrasound images [14]. 

3) Contrast Stretching 

Contrast stretching is a simple method for improving image 
contrast by stretching the intensity levels [9]. It transforms an 
original image (e.g., X ) into a new intensity range Y . It is 
computed as: 

Y�n1, n2� = 255 . @�"7,"5�6@A="
@ABC6@A="    (4) 

where: 

 �n1, n2� is the pixel position in the image matrix, 

 Y is the new intensity value, 

 X is the original intensity value, 

 Xmax is the maximum intensity value in the image, 

 Xmin is the minimum intensity value in the image. 

Contrast stretching expands the dynamic range of pixel 
intensities, making subtle boundary information more 
distinguishable. When combined with histogram-based 
enhancement methods, this technique has been shown to 
improve segmentation accuracy in ultrasound imaging [15]. 

B. Active Contour 

Active Contour is a segmentation method based on energy 
minimization, in which a deformable curve evolves to detect 
object boundaries by exploiting image properties. The curve 
dynamically adapts to edges or structures within the image. 

Active Contour models have been extended in recent 
research by incorporating self-attention mechanisms and hybrid 
refinements to improve boundary detection in noisy ultrasound 
images, addressing limitations of classical energy-based 
formulations [16]. 

Active Contour is an iterative segmentation technique that 
evolves an initial contour toward object boundaries by 
minimizing an energy function. Region-based Active Contour 
models are particularly suitable for ultrasound images because 
they are less dependent on gradient information and more 
robust to noise [17]. 

The Chan–Vese model, proposed by Tony F. Chan, is a 
region-based Active Contour approach. It improves upon edge-
based models by not relying on image gradients; instead, it is 
based on the Mumford–Shah functional and level-set 
formulation for image segmentation. In this model, contour 
initialization can be placed anywhere in the image, and the 
evolution process will adaptively converge to the object 
boundaries regardless of the initial position. 

The segmentation process begins with contour 
initialization, after which the contour iteratively expands or 
contracts to delineate object boundaries. The number of 
iterations determines the extent of contour evolution and 
influences segmentation refinement. In this study, the 
parameters used include the Chan–Vese model and contraction 
bias [18]. 

Contraction bias controls the tendency of the contour to 
expand or shrink during evolution. Proper tuning of this 
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parameter is essential to avoid over-segmentation or under-
segmentation, especially in noisy ultrasound images [19]. 

C. Initialize Regions Using Polygon 

This initialization step determines the Region of Interest 
(ROI) in the image for the Active Contour process. The 
initialization process uses the polygon technique. A polygon is 
a geometric shape consisting of more than two points 
connected by line segments [20]. In this study, polygons are 
used to define the initial contour region in the image. 
Initialization scenarios were performed using 3-point and 4-
point polygons, both inside and outside the object. 

Initialization plays a critical role in Active Contour 
evolution. Improper initialization may lead to contour leakage 
or convergence to incorrect boundaries. Several studies have 
emphasized that the initial contour position significantly affects 
segmentation accuracy and convergence speed [21]. 

Figure 2 illustrates the manual initialization process used to 
define the starting region for the Active Contour evolution. 
Figure 2(a) presents a 3-point polygon example, where three 
strategic points are selected around the lesion to form a 
triangular boundary. Figure 2(b) demonstrates a 4-point 
polygon example, providing a more refined initial shape that 
closely follows the tumor morphology. This initialization step 
is crucial because the Active Contour (Chan–Vese) model 
relies on these user-defined vertices to define the initial 
contour, which is then iteratively expanded or contracted to fit 
the precise boundaries of the breast lesion. 

 

(a) 

 

(b) 

 

Fig. 2.  Manual initialization process: (a) 3-point polygon example, (b) 4-

point polygon example. 

D. Initialization of Iterations 

This process determines how many iterations will be 
performed during the Active Contour process [22]. 
Determining the required number of iterations is crucial for 
achieving optimal results. Three iteration scenarios were 
evaluated: 50, 100, and 300 iterations.  

In the iteration initialization stage of breast ultrasound 
image segmentation using the Active Contour method, 
determining the number of iterations is a key factor because the 
curve deformation process is performed gradually until it 
reaches the desired object boundary.  

At 50 iterations, the curve is generally still in the 
adjustment stage and may not fully follow the object contour, 
resulting in less stable segmentation. At 100 iterations, the 
curve begins to approach the object boundary more accurately, 
providing a balance between computational speed and 
segmentation quality.  

At 300 iterations, the results are generally smoother and 
more detailed because the curve undergoes a longer 
convergence process, but this comes at the cost of increased 
computation time and a higher risk of over-segmentation if not 
properly controlled. 

The number of iterations determines how long the contour 
evolves during the segmentation process [18]. Increasing the 
number of iterations generally improves boundary convergence 
until an optimal point is reached, after which additional 
iterations yield minimal improvement while increasing 
computational cost [23]. 

E.  Dataset Description 

The dataset used in this study is the Breast Ultrasound 
Images Dataset (BUSI), a publicly available dataset containing 
780 breast ultrasound images categorized into three classes: 
normal, benign, and malignant. The dataset also includes 
corresponding ground truth masks to support segmentation and 
evaluation. The BUSI dataset is publicly available at [24] and 
further discussed in [25]. 

F. Implementation Details 

The proposed segmentation framework was implemented 
and tested using MATLAB (R2015a). The implementation 
includes the CLAHE method, contrast stretching, and the 
Active Contour model. A Graphical User Interface (GUI) was 
also developed in MATLAB (R2015a) to facilitate image 
processing and visualization of the segmentation results. 

G. Receiver Operating Characteristic Analysis 

ROC analysis is used to evaluate the performance of a 
classification or diagnostic system. Sensitivity and specificity 
are fundamental measures of diagnostic accuracy; however, 
these measures depend on the threshold used to define positive 
and negative test results. As the threshold changes, the 
sensitivity and specificity also change. The ROC curve plots 
sensitivity against the false-positive rate for all possible 
threshold values, enabling the assessment of diagnostic 
performance and the identification of an optimal operating 
point. 
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ROC analysis is widely used to evaluate the performance of 
medical image segmentation methods. By analyzing sensitivity, 
specificity, and accuracy, ROC-based evaluation provides an 
objective assessment of how well the segmentation algorithm 
distinguishes between lesion and non-lesion regions in breast 
ultrasound images [26]. 

From the four values true positive (TP), true negative (TN), 
false positive (FP), and false negative (FN), accuracy, 
sensitivity, and specificity can be calculated as follows: 

Accuracy = HIJH&
HIJH&JKIJK&   (5) 

Sensitivity = HI
HIJK&    (6) 

Specificity = H&
H&JKI    (7) 

The regions representing TP, TN, FP, and FN are illustrated 
in Figure 3. 

 

 

Fig. 3.  Comparison between manual and program-generated 

segmentation. 

Figure 3 presents a visual comparison between the manual 
segmentation performed by a medical expert (ground truth) and 
the automated segmentation results generated by the proposed 
program.  

The left image displays the manual delineation, which 
serves as the reference standard for evaluating accuracy. The 
right image shows the segmentation result produced by the 
Active Contour algorithm after the application of CLAHE and 
contrast stretching [27]. 

The comparison demonstrates that the program-generated 
segmentation closely aligns with the manually delineated 
boundary, indicating that the integration of contrast 
enhancement techniques with the Chan–Vese model effectively 
addresses the challenges of indistinct edges and speckle noise. 
This visual consistency suggests good performance in 
preserving the actual morphology of the breast lesion. 

III. RESULTS AND DISCUSSION 

A. Segmentation Results 

The segmentation results for benign breast cancer cases 
exhibit well-defined and smooth boundary characteristics. 
Example results of the data testing are shown in Table I. 

In Table II, the results of ultrasound image segmentation 
for malignant breast cancer cases show irregular and less-
defined boundary characteristics. 

TABLE I.  RESULTS OF TESTING ULTRASOUND IMAGE 
DATA FOR BENIGN BREAST CANCER 

No Original image 

Preprocessing result 

image and 

initialization region 

Active Contour 

segmentation 

results 

1 

 
Benign 9 

  

2 

 
Benign 10 

  

TABLE II.  RESULTS OF TESTING ULTRASOUND IMAGE 
DATA FOR MALIGNANT BREAST CANCER 

No Original image 

Preprocessing 

result image and 

initialization region 

Active Contour 

segmentation 

results 

1 

 
Malignant 26 

  

2 

 
Malignant 28 

  

 

B. Segmentation Performance Evaluation Using ROC 

Analysis 

The segmentation results are evaluated in terms of 
accuracy, sensitivity, and specificity using ROC analysis. Table 
III presents the performance of the proposed method on benign 
breast cancer ultrasound images. The results show consistently 
high performance, with most samples achieving accuracy 
above 90%. For instance, Benign 15 achieved a peak accuracy 
of 98.56%. This indicates that well-defined lesion boundaries 
in benign cases allow effective convergence of the Active 
Contour model when combined with CLAHE and contrast 
stretching. 

Table IV presents the results for malignant breast cancer 
cases, which show greater variability in performance. While 
some images, such as Malignant 95, maintain a high accuracy 
of 89.16%, others, such as Malignant 93, show a significant 
drop to 29.30%. This variance provides a technical insight: 
malignant tumors often have spiculated or irregular margins 
and are frequently accompanied by acoustic shadowing. In 
cases such as Malignant 93, the program misinterprets the 
posterior shadow as part of the tumor mass, leading to contour 
leakage. This suggests that, although the proposed method is 
robust, it faces challenges when dealing with complex 
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shadowing artifacts commonly observed in invasive breast 
cancer. 

TABLE III.  PERFORMANCE RESULTS FOR BENIGN BREAST 
CANCER ULTRASOUND IMAGES BASED ON ROC 

ANALYSIS 

No 
Image 

name 

Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

1 Benign 9 86.0291 90.4485 72.947 

2 Benign 10 92.1219 91.5382 92.7289 

3 Benign 15 98.5626 78.4776 99.7751 

4 Benign 23 88.6871 79.9293 92.3286 

5 Benign 26 90.4251 89.2282 91.7837 

6 Benign 34 86.0626 66.8651 91.2493 

7 Benign 87 98.0667 89.7409 99.4907 

8 Benign 89 92.8955 67.9957 97.0676 

9 Benign 95 97.6074 76.1736 98.8767 

10 Benign 99 93.129 74.6993 97.86 

TABLE IV.  PERFORMANCE RESULTS FOR MALIGNANT 
BREAST CANCER ULTRASOUND IMAGES BASED ON ROC 

ANALYSIS 

No Image name 
Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

1 Malignant 26 88.2278 69.603 92.9365 

2 Malignant 28 91.4246 68.0385 95.0614 

3 Malignant 34 86.4792 67.0635 92.0522 

4 Malignant 35 52.1545 60.9772 38.0308 

5 Malignant 93 29.2999 38.362 16.834 

6 Malignant 131 87.7747 70.3872 92.4535 

7 Malignant 135 41.7923 50.1514 30.0301 

8 Malignant 143 83.1192 55.1022 89.6106 

9 Malignant 145 93.6432 49.3443 96.6134 

10 Malignant 166 85.1166 49.2803 91.3618 

 
Table V summarizes the average performance for both 

classes. The results indicate higher performance for benign 
cases compared with malignant cases, with accuracy, 
sensitivity, and specificity of 92.3587%, 80.5096%, and 
93.4108%, respectively, for benign lesions, and 73.9032%, 
57.8310%, and 73.4948%, respectively, for malignant lesions. 

TABLE V.  AVERAGE SEGMENTATION PERFORMANCE OF 
ACTIVE CONTOUR FOR BREAST ULTRASOUND IMAGES 

USING ROC ANALYSIS 

No Image name 
Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

1 Benign 92.3587 80.5096 93.4108 

2 Malignant 73.9032 57.8310 73.4984 

 
This performance gap between the two categories provides 

several key insights. The high accuracy in benign cases 
indicates that the combination of CLAHE and contrast 
stretching successfully clarifies the well-defined boundaries 
typical of benign lesions, allowing the Active Contour model to 
converge precisely. On the other hand, the lower sensitivity in 
malignant cases (57.83%) reflects the inherent challenges of 
ultrasound imaging, such as spiculated margins and intensity 
inhomogeneity. In these complex cases, the algorithm 
occasionally struggles to distinguish between the invasive 
edges of a malignant tumor and the surrounding shadowed 
tissue.  

This suggests that, although the current framework is highly 
effective for circumscribed masses, further optimization of the 
contour's internal energy is needed for handling irregular 
malignant morphologies. 

Figure 4 illustrates the systematic stages of the proposed 
segmentation framework. The process begins with image 
acquisition, where raw breast ultrasound images are retrieved. 
To address the inherent low contrast and speckle noise, 
CLAHE is applied to enhance local features, followed by 
contrast stretching to widen the global intensity distribution, 
making the lesion more distinguishable against the background. 

 

 

Fig. 4.  Segmentation process. 

Once the image is enhanced, the ROI is manually defined 
as a polygon around the suspected lesion. This initial contour 
serves as the starting point for Active Contour (Chan–Vese) 
evolution, in which the curve iteratively deforms to minimize 
the energy functional until it converges to the tumor boundary. 
The final stage involves extraction of the segmented region for 
quantitative analysis. 

Figure 5 illustrates the comparison between manual 
segmentation (ground truth) and program-generated 
segmentation results [28, 29]. The left image represents the 
manual annotation, whereas the right image shows the output 
of the proposed method. The visual similarity in shape and area 
indicates good agreement between the automated and manual 
segmentations. Evaluation metrics including accuracy, 
sensitivity, and specificity are used to quantify this agreement 
[30, 31]. Higher metric values indicate better agreement 
between automated and reference segmentations.  

Overall, these results suggest that the proposed approach 
performs effectively in segmenting breast ultrasound images, 
although further validation on more diverse datasets is required 
to ensure robustness. 

C. Implications 

In this study, 20 breast cancer images were used as the 
dataset, consisting of 10 benign and 10 malignant cases. As 
shown in Table I, benign breast cancer images exhibit well-
defined, firm borders, whereas Table II shows that malignant 
breast cancer images are characterized by irregular and poorly 
defined boundaries.  
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Fig. 5.  ROC analysis and segmentation comparison. 

The findings of this study provide significant contributions 
to the field of medical image processing, particularly in breast 
cancer diagnosis. The primary contribution is the development 
of a robust segmentation framework that integrates CLAHE, 
contrast stretching, and the Active Contour model to address 
the inherent limitations of Ultrasonography (USG). 

First, this study demonstrates that CLAHE is effective in 
stabilizing local intensity variations and preventing over-
amplification of speckle noise, which is a common limitation of 
standard histogram equalization methods. Second, contrast 
stretching serves as an important bridge between preprocessing 
and segmentation by optimizing the global intensity dynamic 
range, thereby improving the performance of the Active 
Contour energy functional. 

The main implication of this study is that accurate tumor 
boundary detection in USG cannot rely on a single 
segmentation method alone. By combining contrast 
enhancement techniques with the Chan–Vese model, the 
proposed framework provides a more reliable tool for 
clinicians, achieving high accuracy (92.36%) in delineating 
benign lesions. This approach serves as a foundational step 
toward automated Computer-Aided Diagnosis (CAD) systems 
that are less sensitive to the low-contrast environment of breast 
ultrasound images. 

IV. CONCLUSIONS 

This study presents a segmentation approach for breast 
cancer ultrasound images using the Active Contour method. 
The preprocessing stage involves converting color ultrasound 
images into grayscale, followed by image enhancement using 
the Contrast Limited Adaptive Histogram Equalization 
(CLAHE) method and contrast stretching. These techniques are 
applied to improve image quality by enhancing contrast and 
expanding the dynamic range, thereby facilitating more 
accurate segmentation. 

The Active Contour segmentation method demonstrates 
distinct characteristics in differentiating tumor types. Benign 
breast cancer images tend to exhibit well-defined and regular 
boundaries, whereas malignant cases are characterized by 
irregular and unclear borders. A total of 20 breast cancer 
ultrasound images were used in this study. The segmentation 
performance was evaluated using the Receiver Operating 

Characteristic (ROC) approach. The results indicate that the 
method achieved an accuracy of 92.35%, sensitivity of 80.5%, 
and specificity of 93.41% for benign cases, whereas for 
malignant cases, it achieved an accuracy of 73.9%, sensitivity 
of 57.83%, and specificity of 73.49%.  

Overall, the results demonstrate that the Active Contour 
method is effective for segmenting breast cancer ultrasound 
images, particularly for benign tumor identification, although 
performance on malignant cases remains relatively lower. 
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