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Abstract. This work is carried out to examine different filtering techniques to improve the image and remove noise from 
breast cancer MRI images, which aids in the subsequent assessment of MRI images, for precise Breast cancer 
identification, to contrast the suggested approach with current filtering methods in order to determine the most effective 
filtering method. MRI Images normally have noises such as salt and pepper, speckle. Various filtering techniques, such 
as the Median filter, Wiener filter , Mean Filter and Gaussian Filters are used for these noisy images. Metrics such as 
PSNR, SSIM, MSE, and SNR are used to calculate the performance of various filters. The optimal filter is so chosen to 
eliminate noise from the MRI Breast Cancer images based on its performance parameters. The findings of this work 
demonstrate that the Median filter outperforms other filtering techniques in removing noise from MRI Breast Cancer 
images.  The objective of this work is to obtain a precise image of the breast region using the Image Segmentation 
approach. The optimal segmentation method will be demonstrated by comparing and analyzing several segmentation 
algorithms. The filtered image is segmented using different segmentation Algorithms such as Fuzzy C Means Clustering, 
Thresholding, OTSU’s   and U- Net segmentation algorithms. It is determined that, in comparison to alternative 
segmentations, OTSU's approach accurately segments the breast MRI images based on the experimental results. 

Keywords: Median filter, Segmentation, OTSU’s Segmentation method, Fuzzy C Means clustering, U-Net, 
Thresholding, Mean Filter,  Gaussian Filter, PSNR, SSIM , MSE and SNR 
 

Introduction 
One of the leading causes of death worldwide is cancer. 
The most prevalent kind of cancer among women is 
breast cancer. People of any nationality, colour, 
ethnicity, age, or socioeconomic status can be affected 
by cancer, which is a chronic non communicable 
disease. It is nearly always difficult for the patient to 
receive a diagnosis of this condition due to its 
unpredictable nature. In this list, breast cancer among 
women holds a high position. However, there is a good 
chance of a cure if the condition is identified early[1]. 
The first indications of breast cancer which the 
screening techniques can identify are micro 
calcifications. A number of factors, including smoking, 
alcohol consumption, reproductive factors, hormonal 
factors, and family history, raise the risk of developing 
breast cancer hence, research on early-stage breast 
cancer detection is quite challenging [2]. The 

effectiveness of cancer treatment greatly depends on 
early detection. Making medical images more 
dependable and understandable for use in diagnosis and 
treatment procedures is the aim of image processing. [3]. 
CAD can be helpful in diagnosing breast cancer by 
identifying the existence of a tumour or differentiating 
between benign and malignant lesions using a variety of 
image processing algorithms and statistical techniques. 
[4]. A range of imaging modalities, including 
mammography, ultrasound, and magnetic resonance 
imaging (MRI), have been developed to enhance the 
early identification of breast cancer. To improve the 
early detection of breast cancer, a variety of imaging 
techniques have been developed, such as Magnetic 
resonance imaging (MRI), ultrasound, and 
mammography. By facilitating treatment at the earliest 
stage and increasing the speed and precision of breast 
cancer screening, this research will improve cancer 
outcomes. [5].  To find lesions and identify illnesses, 
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radiologists examine MRIs layer by layer, which is a 
laborious and time-consuming process in actual clinical 
settings.[6] The ability of radiologists to interpret breast 
cancer on MRI depends on their experience. Long wait 
times and delays in diagnosis are the result of 
radiologists' increased workload due to the growing 
demand for breast MRI and the scarcity of radiologists 
[7]. Machine learning techniques have the potential to 
help radiologists interpret breast MRI images more 
accurately, support clinical judgment, and enhance 
patient outcomes. Machine learning algorithms can 
learn to recognize and categorize questionable regions 
by evaluating huge MRI datasets. This could improve 
diagnosis accuracy by lowering the amount of false 
positives and false negatives [8]. 
Magnetic Resonance Imaging (MRI) is a medical 
imaging technique that use a magnetic field and radio 
waves to produce detailed images of internal structures. 
The basic principles of MRI is an advanced imaging 
modality that uses a powerful magnetic field to align the 
nuclei of Hydrogen atoms in the human body[9]. This 
produces a tiny magnetic moment that can be utilized to 
produce finely detailed pictures of the inside organs of 
the body. First, radio-frequency (RF) pulses are used to 
shift the hydrogen nuclei's alignment, causing them to 
generate a faint radio signal. A detector picks up these 
signals, and a computer processes them to provide finely 
detailed images of the body's internal structure [10]. 
MRI has a better sensitivity than mammography  
Physician  suggest that based on a person's most recent 
negative screening MRI, it might be possible to predict 
their probability of getting cancer within the following 
year[11] .The high sensitivity of breast MRI in detecting 
malignant breast cancers that are clinically occult is one 
of its advantages [12]. 
Noise and outliers frequently occur in the medical 
imaging mainly during the process of acquiring MRI 
images, various forms of noise, such as salt-and-pepper 
noise and speckle noise, are introduced. These noises 
and outliers obscure numerous subtle details in a MRI 
image. The presence of noise can result in a snowy, 
grainy, and blotchy appearance. These noises adversely 
affect the quality of MRI images and diminish the 
effectiveness of both the segmentation and feature 
extraction phases in breast cancer in a MRI Images [13]. 
Capturing MRI images is a lengthy process, which can 
lead to the movements that result in motion artifacts in 
the images. Additionally, the MRI acquisition process 
itself can generate noise, and any motion can further 
diminish the image quality [14]. The quality of these 
images can be enhanced by applying denoising 
techniques in post-processing. One such method that can 
enhance image quality is the Median Filter. Data 
collected from MRI images of breast patients and 
subsequently processed using the Median filtering 
technique, thus de-noising after image acquisition, 
offers a more cost-effective and efficient 
alternative[15]. Dividing a digital image into multiple 
segments enables effective and efficient identification of 
objects by utilizing the information obtained. This 
process gathers meaningful information from the 
separated segments, which possess certain 

characteristics, including pixel intensity values and 
colour details [16]. 
Numerous attempts have been made 
to create CAD systems that use cutting-edge digital 
image processing, pattern recognition, and artificial 
intelligence to increase the rate of diagnosis and get rid 
of operator dependency. Adoui.et.al proposed two deep 
learning strategies to automate breast tumour 
segmentation and identification in dynamic contrast-
enhanced MRI images by building two fully 
convolution neural networks [17]. Westbrook, et.al  
used the Wavelet-based WMF filter for the MRI brain 
examination and the results generated from Wavelet-
based WMF filter good de-noised  images [18]. Rumani, 
et.al analysed four filters for Mammography images and 
from the output observations the adaptive median filter 
is better than the other filters. Author used performance 
parameters as MSE, PSNR, SC (Structural Content) and 
NAE (Normalized absolute error) in their research work 
[19]. Aulia Annisa, et.al used weighted Median filter 
(WMF) on the Post processing stages of the images. The 
author used performance parameters as SNR and 
Contrast to Noise Ratio (CNR)[20].  
One of the shortcomings of the current breast lesion 
segmentation techniques is that some of them call for 
manual ROIs as initialization [21]. However, there is 
comparatively little research on segmenting no mass 
lesions because of the form variability of the lesions, 
which makes it very challenging to define them[22]. A 
shape improved U-Net with Trasnformer encoder layer 
(SETE-Unet) has been proposed by Yeru Xia .et.al to 
autonomously segment tumours from breast cancer[23]. 
In their analysis of deep learning architectures such as 
LINKNet and FPN ( Feature pyramid Network). Storm 
Schatte et. Al. Found that LINKNet performed better 
than the others [24]. Medical images are pre-processed 
to eliminate unwanted noise and special marks.  Every 
recent study shows that the segmentation of breast 
tumours in MRI Images incorporates machine learning. 
In essence, Split-and-Merge and Region Grwoing 
(SMRG) is a threshold – based technique that combines 
Split-and-Merge(SM), which consists of a first split( 
top-down) phase of the image followed by a merge ( 
bottom-up) phase, with RG for the refinement of the 
discovered regions; 
Existing studies show key gaps such as evaluating filters 
without considering their effect on segmentation, 
applying segmentation without optimizing noise 
removal, and lacking fair comparisons between 
traditional and advanced models using standardized 
datasets and metrics. As a result, there is no clear 
consensus on the best filter–segmentation combination 
when assessed using quantitative measures like PSNR, 
SSIM, MSE, SNR, accuracy, precision, and recall. This 
work addresses these limitations by providing a stage-
wise evaluation of the breast MRI Images. 
Methodology 
Breast cancer tumour recognition requires accurate 
extraction of the region of interest, which depends 
heavily on effective pre-processing and segmentation. 
In the proposed method, different pre-processing 
techniques are analyzed to identify the most suitable 
noise-removal filter, with the Median filter selected for 
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its strong ability to suppress salt-and-pepper and speckle 
noise while preserving anatomical structures. 
 Proposed Methodology: 

 
 

Flow Chart 1.  Proposed Methodology 
 
 

The noisy breast MRI Image is moldedas g(i ,j) = f ( i , 
j ) + n ( i , j ) ,  where f ( i , j ) represents the original 
noise -free image and  n (i  , j) denotes noise . For each 
pixel, a square nighborhood  Wij is defined around  ( i , 
j), and the filtered output is computed as  ^f (  i, j ) = 
median { g (u , v) | ( u ,v)€ Wij } , meaning the pixel 
value is replaced by the median of its local window. The 
filtered image is then segmented using multiple 
techniques including thresholding , FCM clustering, 
OTSU’s method, and the U-Net deep learning model . 
To divide the image domain  I (x,y ) into K non –
overlapping , meaningful regions. Thresholding 
seperates pixels by intensity. FCM groups them by 
minimizing the intra-clusterobjective. 
∑ ∑ ||I(p) −  μk||p∈Rk

K
kୀ1 2 ,and OTSU computes an 

optimal threshold by maximizing the between- class 
variance σb

2  (T) = ω0 (T) = ω1(T) [μ0(T) – μ1 (T) ]2 .  
U- Net performs pixel-wise classification through an 
encoder – decoder CNN optimized with loss functions 
such as DICE or cross entropy. For each segmented 
output and its corresponding pseudo-ground truth, 
performance metrics such as accuracy, precision, and 
recall are computed to determine the most effective 
segmentation technique for  reliable Breast cancer 
Tumour identification. 

 

A. Image Acquisition 
Magnetic resonance imaging (MRI) of breast cancer is 
part of this investigation. The KAGGLE online MRI 
image collection, which is accessible through the 
"Cancer Imaging Archive," is where the breast tumour 
dataset was chosen. The photos used in this study are 
in.jpg format. The dataset Comprises 1600 images of 
Healthy and Sick persons. 

B. Pre-processing based techniques 
Biomedical image processing is used to medical images 
that have been obtained from a variety of equipment. 
This procedure is crucial for evaluating and gleaning 
useful information from the photos, improving their 

visibility, and facilitating the diagnosis and 
investigation of diseases by researchers and medical 
professionals [26]. 
Digital images are frequently subjected to filtering. To 
eliminate noise from an image while maintaining its 
quality, filters are utilized. In image processing, 
normally 2D filtering technique is used. It's a method for 
improving or changing the image's quality. The type and 
behaviour of the data as well as the task's requirements 
are taken into consideration while choosing a filter. 
Image sharpening, edge enhancement, and smoothing 
are a few typical uses for filters. The process of applying 
a filter to an image is called "convolution." 

C. Different Filtering Techniques 
i) Weiner Filter: 
The Wiener filter is a fundamental concept in signal 
processing, particularly used for estimating a desired 
signal from a noisy or degraded observation. It's a linear, 
time-invariant (LTI) filter that aims to minimize the 
mean square error (MSE) between the estimated signal 
and the true (unobserved) signal. The Wiener filter is 
based on statistical properties of the signal and noise. It 
assumes that both the desired signal and the 
contaminating noise are stationary random processes. 
ii)  Median Filter 
A nonlinear filter that effectively eliminates salt and 
pepper noise is the median filter. The median filter tends 
to eliminate noise while maintaining the sharpness of 
medical edges. The Median filter operated by scanning 
the image one pixel at a time, substituting each value 
with the median value of adjacent pixels. The 
arrangement of surrounding pixel is referred to as the 
window, which move pixel by pixel across the whole 
image. 
iii) The Gaussian filter is used in linear smoothing filter 
in image processing that reduces noise by applying a 
Gaussian distribution to neighboring pixel values. This 
filter assigns higher weights to pixels closer to the center 
and lower weights distant pixels.This weighted 
averaging helps in reducing Gaussian noise and 
preserving important edge details. Hence the filtered 
image appears smoother and more natural . 
iv) The Mean filter is  a simple linear smoothing filter 
used in image processing to reduce random noise and 
smooth variations in pixel intensity. It works by 
replacing each pixel value with the average value of its 
neighboring pixels within a specified filter mask. For all 
neighboring pixels are given equal importance, thus 
Mean filter smooths the image and reduces the noise 
Procedure for the Pre- Processing Techniques – Median 
Filter , Weiner Filter, Gaussian Filter and Mean Filter 
The pre-processing workflow for Median, Wiener, 
Gaussian and Mean filtering begins with collecting 
healthy and sick MRI breast images from the Kaggle 
data repository and separating them into two categories. 
To simulate real-world noisy conditions, salt-and-
pepper noise is introduced to both healthy and cancerous 
images, generating the required noisy dataset. These 
noisy images are then processed and denoised using the 
Median Filter , Wiener, Gaussian and Mean Filter to 
obtain cleaned output images. After denoising, 
performance metrics such as SNR, PSNR, SSIM, and 
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MSE are calculated to evaluate the quality of the 
restored images. The computed SNR, SSIM, PSNR, and 
MSE values are printed, and the performance of the four  
filters is compared based on these attributes. Finally, the 
noise-removal results are obtained and analyzed to 
determine the effectiveness of each filtering technique. 

D.  Performance Index Metrics 
Signal- to-Noise Ratio 

An essential metric in science and engineering that 
assesses a signal's quality is the signal-to-noise ratio, 
sometimes known as SNR or S/N. This ratio contrasts 
the amount of undesired background noise with the 
amount of a desired signal. Essentially, it tells how much 
"useful information" compared to "junk" or interference. 
The most common way to express SNR is using power 
ratios, often in decibels (dB). 
Psignal is the signal's average power. The noise's 
average power is called Pnoise. A higher signal-to-noise 
ratio (SNR) (positive dB number) means the signal is 
stronger. A high signal-to-noise ratio (SNR) indicates 
that there is more helpful information than undesirable 
data and that the signal is clear and simple to detect or 
understand. An SNR of 0 dB indicates that the signal 
and noise powers are equal. 
Lower SNR (negative dB value): Indicates that the noise 
is stronger than the signal. A low SNR indicates that 
noise has distorted or obscured the signal, making it 
potentially hard to discern or recover. 

Mean Squared Error 
Mean Squared Error (MSE): The MSE measures the 
average of the squared differences between the 
corresponding pixel values of the original image (I) and 
the processed image (K). 
For an m×n greyscale image: 

 MSE=
1

  
∑ ∑ [ ( ,  ) −  ( ,  )] ି1

 ୀ0 21 ି1
 ୀ0                                     

(1) 
      Where,                                               
     
I (i, j) is the pixel value at row i, column j in the original 
image.  
K (i, j) is the pixel value at row i, column j in the 
processed image.  
m is the number of rows (height) in the image.  
n is the number of columns (width) in the image. 
For color images (RGB), MSE is often calculated for 
each colour channel separately and then averaged, or the 
image might be converted to a luminance channel (like 
Y in YCbCr) and PSNR calculated on that. 
Peak Signal-to-Noise Ratio (PSNR): Once MSE is 
calculated, PSNR is computed using the following 
formula: 

                             PSNR = 10.log10 (
MAXI 2

   
)                                               

(2) 
MAXI is the maximum possible pixel value of the 
image. 
For 8-bit grayscale images (pixel values from 0 to 255), 
MAXI 

2 = 255 
For images with B bits per sample), MAXI   = 2B -1 
A higher PSNR value generally indicates a higher 
quality image, meaning less distortion or noise 
introduced by the processing. 

  Structural Similarity Index (SSIM)  
A perceptual metric called the Structural Similarity 
Index (SSIM) was created to assess how similar two 
images are while accounting for how the Human Visual 
System (HVS) interprets image degradation. Unlike 
PSNR, which focuses on absolute pixel differences 
(Mean Squared Error), SSIM aims to capture subtler, 
structural, and perceptually relevant changes. 

E. Segmentation Techniques: 
The field of image segmentation has undergone a 
remarkable transformation from conventional machine 
learning (ML) techniques to its current, unparalleled 
level of development. At first, image segmentation 
methods mostly depended on conventional machine 
learning algorithms, which divided images into distinct 
sections using heuristic rules and manually created 
features. 
i) Threshold Segmentation  
This technique is effective for converting an image into 
binary format based on pixel intensity levels. A 
grayscale image is utilized as input, along with a defined 
threshold. The result is a binary image. When a pixel in 
the input image exhibits greater brightness than the 
threshold, the corresponding pixel in the output is 
designated as white. Conversely, if the brightness is 
lower than or equal to the threshold, the output pixel is 
marked in black. Original and Segmented Image for 
Threshold segmentation is shown in Table .3  
Performance metrics are shown in Table.1 
ii) OTSU Segmentation 
One popular technique for image thresholding is 
OTSU’s method. Based on the grayscale intensity 
values of pixels, it separates an image into two groups: 
Foreground and Background. Furthermore, this 
approach finds the optimal threshold value that 
maximizes the variance between the two sections by 
using the image’s grayscale histogram. Original and 
Segmented Image for OTSU’s segmentation is shown in 
Table .3 
iii) FCM Method  
A Fuzzy C-means (FCM) algorithm was utilized on the 
Dixon in-phase images. One of its benefits is that it can 
be adjusted to perform simultaneous compensation for 
intensity in homogeneity, or bias correction (BC), which 
may be computationally more efficient than an initial 
filtering process. 
iv) U _ Net Method 
A type of neural network called U-Net is used for image 
segmentation, which is the process of breaking an image 
up into distinct areas in order to identify particular 
things, such as distinguishing a tumor from healthy 
tissue in a medical scan. The name "U-Net" is derived 
from the architecture's shape, which when depicted, 
resembles the letter "U." Since it works effectively even 
with a limited amount of labeled data, it is frequently 
employed in medical imaging. In this method the 
Original images, Pseudo images and U- Net segmented 
Images shown in Table. 5  Performance metrics are 
shown in Table.1 
Procedure to perform the Breast Cancer  MRI 
Segmentation: 
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The procedure for image segmentation begins with 
extracting the ZIP file containing the pre-processed 
images, loading them from the directory, converting 
them into NumPy arrays, including masks. The images 
are then pre-processed through resizing , normalization, 
orgrayscale conversion, ensuring that all inputs have 
consistent dimensions.Segmentation is performed using 
one of four techniques. Threshold segmentation applies 
a fixed global threshold to produce binary outputs. In 
OTSU Segmentation automaticallycomputes the 
optimal threshold and segments the images.Fuzzy C-
Means Segmentation uses Scikit-Fuzzy to cluster pixel 
intensities and convert cluster membership into binary 
masks.U Segmentation loads images and masks 
(Generates Pseudo masks ), constructs a U-Net Model 
trains it on image- mask pairs, and produces segmented 
outputs. After segmentation, original and segmented 
images are displayed side-by-side using a standard 
Figure size (12,4), while U-Net results additionally 
show the psudo- mask.The complete workflow is 
executed and segmentation outputs are saved as NumPy 
arrays. Performance is then evaluated by computing 
accuracy ,precision, and recall for each method using 
Pseudo masks. Finally, sample original and segmented 
images are presented, the evaluation metrics are printed 
,and the performance of all segmentation methods is 
summarized for comaprision. 

F. Performance Evaluation 
The precision, accuracy, the recall specifications were 
employed to evaluate the performance of Segmentation 
algorithms. The precision metric quantifies the 
percentage of true positive pixels among all pixels that 
the model classifies as positive. The ratio of accurately 
predicted pixels to all pixels is known as accuracy. It is 
a simple metric that gives a broad idea of how well the 
model is performing overall. Recall quantifies the 
percentage of accurately identified genuine positive 
pixels among all actual positive pixels. 
 Results and Discussion 
The Images are downloaded from the Kaggle data base 
the data base contains 1600 images of Healthy and Sick 
persons.[37] The Images are of three types Benign, 
Normal and Malignant Images. In this work four  types 
of filters are applied for the Pre-processing  and 
predominantly focus on the  Signal -to -Noise Ratio 
(SNR), Mean Square Error (MSE), Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index 
Measure (SSIM). These parameters are calculated and 
tabulated.  
The proposed model achieved the PSNR results as 
44.095 higher than with earlier reports. [15]  
Table 1. Comparison of different pre-processing 
techniques in relation to SNR  performance metrics 

Sl.
No 

Image 
Mean
_SNR 

Gaussia
n_SNR 

Median
_SNR 

Wiener
_SNR 

0 
23.41
7866 

25.9502
09 

28.594
311 

-
2.1188
55 

1 
22.78
2874 

25.2061
98 

28.422
991 

-
2.0882
23 

2 
21.46
3847 

23.8362
53 

27.416
033 

-
4.8576
04 

3 
23.24
5105 

25.7789
42 

29.042
543 

-
1.9406
53 

4 
23.66
6788 

26.0951
01 

26.623
536 

-
1.8831
29 

 
Table 2:Comparision of different Pre-processing filters 
in relation to MSE Values 

Sl.
No 

MSE_
Mean 

MSE_G
aussian 

MSE_
Median 

MSE_
Wiener 

SSIM_
Mean 

0 3.7292
25 

2.69435
2 

1.86297
9 

2.67377
0 

0.9748
95 

1 3.5433
37 

2.84936
2 

1.70374
3 

2.89126
6 

0.9736
32 

2 2.9854
33 

2.46695
3 

1.38236
0 

2.83760
4 

0.9767
44 

3 3.5445
74 

2.63961
9 

1.74025
7 

2.71302
4 

0.9754
32 

4 3.6265
07 

2.73797
5 

1.79238
3 

2.78181
3 

0.9740
10 

 
Table 3:Comparision of different Pre-processing filters 
in relation to SSIM Values 

Sl.
No 

SSIM_M
ean 

SSIM_Gau
ssian 

SSIM_Me
dian 

SSIM_Wi
ener 

0 0.97489
5 

0.985195 0.987335 0.305828 

1 0.97363
2 

0.983393 0.987985 0.315032 

2 0.97674
4 

0.984946 0.989438 0.208235 

3 0.97543
2 

0.985211 0.987999 0.304879 

4 0.97401
0 

0.984197 0.985016 0.355095 

Table 4:Comparision of different Pre-processing filters 
in relation to PSNR Values 

Sl.
No 

PSNR_
Mean 

PSNR_Gau
ssian 

PSNR_M
edian 

PSNR_Wi
ener 

0 42.41461
7 

43.826260 45.428725 
43.85956
4 

1 42.63668
0 

43.583327 45.816762 
43.51992
3 

2 43.38073
0 

44.209195 46.724592 
43.60128
5 

3 42.63516
4 

43.915391 45.724669 
43.79626
7 

4 42.53591
8 

43.756508 45.596496 
43.68752
4 

Table 5:Average Performance Metrics for  each filter 

Sl.N
o 

Filter 
Name 

Average 
SNR 
Value 

Averag
e MSE 
Value 

Averag
e SSIM 
Value 

Average 
PSNR 
Value 

1 
Mean 
Filter 

22.1035
39 

5.3897
24 

0.9603
50 

41.0811
97 

2 
Gaussi
an 
Filter 

24.4707
39 

4.1316
05 

0.9753
88 

42.2326
92 

3 
Media
n Filter 

27.4879
06 

2.7184
41 

0.9810
60 

44.0945
51 

4 
Weine
r Filter 

-
0.62279
5 

0.4212
92 

0.4212
92 

42.3036
25 
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Filter Performance Comparision using SNR Attributes 

                                
 Fig.1 Comparision of SNR for Various filters  
 
Filter Performance Comparision using PSNR Attributes 

 
Fig.2 Comparision of PSNR for Various filters  
The experimental results gives the performance of 
filtering techniques performed using the Signal -to-
Noise Ratio(SNR).Among all the filters , the Median 
filter shows the Highest SNR values for the 
images,demonstrating better noise reduction and 
preservation of image details.The Gaussian filter 
consistently provided better SNR values than the Mean 
filter displaying its effectiveness in smoothing and 
preserving the edges. The weiner filter 
producesnegative SNR values for many Images.This 
indicates that the weiner filter was less effective.In 
general the results showing that the Median filter 
proveided the best denoising performance among all 
filters evaluated ,followed by the Gaussian filter . The 
weiner filter showed the least effective for these 
datasets. 
A variety of segmentation techniques, including the 
Thresholding algorithm, OTSU's approach, FCM 
method, and U-Net method, are also used to segment the 
filtered images. The pseudo mark images for the input 
filtered images are determined. Using segmented 
images and pseudo mark images for each segmentations 
methods, the performance parameters like Recall, 
accuracy and Precision are determined. The different 
segmentations are compared as shown in the table 9.  
Confusion matrices are used to calculate a variety of 
performance metrics. 
 Accuracy= (TN+TP)/(FN+FP+TP+TN)  
     (3) 
 Precision= (TP)/(FP+TP)    
     (4) 
 Recall = TP/ (FN+TP)    
     (5) 

 
 
Pseudo Images Segmentation: 

With the use of the filtered images, pseudo images are 
generated using the algorithms, such as deep learning 

models, which are used as a substitute for manual 
ground truth images. Pseudo images is used to evaluate 
the accuracy of pseudo-labels, and pseudo-labels can be 
used to improve the performance of segmentation 
models.  
Table 7. Original image and output pseudo images 

Sl. 
No 

Original  Image Pseudo Mask U- Net 
Prediction 

Im
ag
e 1 

Im
ag
e 2 

Table 8. Pre- processed  breast images and Segmented 
images 

Methods Pre- processed image Segmented Image 

 
Threshol
d 
Segment
ation 

 
FCM 
Segment
ation  

 
OTSU’s 
Segment
ation  

    

 
U-Net 
Segment
ation 

 
 
 
 
Table 9. Evaluation of various segmentation algorithms 
in relation to performance metrics 

Methods Accurac
y  

Precisio
n 

Reca
ll 

Dice IoU 

Threshold 
Segmentati
on 

95.48 99.99 91.4
3 

95.5
2 

91.4
2 

OTSU 
Segmentati
on 

99.98 99.99 99.9
9 

99.9
8 

99.9
8 
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FCM 
segmentati
on 

46.16 46.16 46.1
4 

46.1
5 

30.0
0 

U-Net 
Segmentati
on 

99.18 99.92 98.5
0 

99.2
0 

98.4
2 

 
Comparison of Accuracy, Precision and Recall 

 
Fig.3Comparing the Accuracy of Various Segmentation 
Techniques 
 

 
Fig .4 Comparing the Precision of Various 
Segmentation Techniques 
 

 
 Fig .5 Comparing the Recall of Various Segmentation 
Techniques 
Based on the experimental results, OTSU segmentation 
achieved the highest performance, with an accuracy of  
99.98%, outperforming Thresholding (95.48%),U-Net 
(99.92%), and FCM , which showed the lowest accuracy 
at 46.16%. Precision values also similar to a accuracy 
values,whereas OTSU and Threeholding both reached 
99.98%, U-Net achieved 99.18, and FCM performed 
poorly with 46.16%. Recall results confirmed OTSU as 
the best –performing method, obtaining 
99.99%compared to Thresholding (91.42%), U-Net 
(98.50%), and FCM (46.16%). Overall , these findings 
clearly shows that OTSU Segmentation consistently 
outperforms other techniques in accuracy, precision, and 
recall for the Breast cancer MRI Images Segmentation. 

 

Fig :6 Comparing the DICE and IoU of Various 
Segmentation Techniques 
OTSU segmentation produces the most visually precise 
boundaries, with clean and well-defined contours 
closely matching the ground truth, reflecting its near-
perfect Dice (99.98%) and IoU (99.98%) scores.FCM 
segmentation performs the weakest visually, displaying 
irregular and fragmented boundaries, under –
segmentation .Overall , the visual assessment clearly 
demonstrates that OTSU and U-Net yield the most 
accurate acceptable segmentation. 
Overall, the results establish OTSU as the current SOTA 
method for this dataset, outperforming both traditional 
and deep learning approaches in consistency, accuracy, 
and tumour delineation fidelity. 
Hence from above discussions it can be concluded that 
OTSU Segmentation technique segments the Breast 
cancer MRI images more accurate, precise and with 
good recall percentage, to get the exact breast cancer 
tumour region of interest. Segmentation methods used 
to segment the images has obtained less  Accuracy 
,Precision, Recall Values compared to our proposed 
method.[33] and [34] 

Conclusion 
In this work a technique that depends on the application 
of the Pre- processing stage to improve the content of 
medical images by eliminating the speckle noise and salt 
and pepper is discussed. It was evidenced that the 
condition of the image gets enhanced after the removal 
of the noises from the image due to segmentation. In this 
Methodology two types of filtering techniques for pre- 
processing of MRI images were considered. The 
simulated output   results such as Mean square error, 
Peak Signal to Noise ratio and SSIM were compared. 
The two types of filters are tested for 1600 images 
(Kaggle) and compared, from the simulated results it 
was observed that the Median filter performs better and 
its image quality is also better than the Wiener filter. The 
input images were filtered with Median filter and 
distinct algorithms like, FCM method; Thresholding, 
OTSU’s Segmentation Algorithm and U-Net 
Segmentation were applied to segment the Breast cancer 
images. Using the Pseudo images and the segmented 
images several performance parameters like accuracy, 
precision  recall, Dice and IoU are determined for each 
segmentation algorithm. Considering the experimental 
results, it is concluded that OTSU’s segmentation 
attained enhanced segmentation performance for images 
which is 99.98% for accuracy, 99.98% for precision  
99.99% for recall , Dice 99.98 %and IoU 99.98 % 
thereby resulting in breast cancer images accurately to 
get the exact breast region of interest. 
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