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ABSTRACT 
 

Although many clinical experts or radiologist are well trained to identify 
tumor and other abnormalities in the brain. The identification, detection and 
segmentation of the infected area in the brain is observed to be a tedious and time-
consuming task. MRI has been a conventional and resultant image processing 
technique to visualize structures of the human body. It is very difficult to visualize 
abnormal structures of the brain using simple imaging techniques MRI technique 
uses many imaging modalities that scan and capture the internal structure of the 
human brain. Even with the use of these techniques, it is a difficult and tedious task 
for a human eye to be always sophisticated in detecting brain tumors from these 
images. With emerging technology, we can provide a way to ease the process of 
detection. 

 
This project focusses on identification of brain tumor in MR images, It 

involves in removing noise using noise removal technique AMF followed by 
enhancing the images using Balance Enhancement Contrast technique 
(BCET).Further, image segmentation is performed using fuzzy c-means and finally 
the segmented images are produced as an input to a canny edge detection resulting 
with the tumor image. 

This report entices the approach, design, and implementation of the 
application and finally the results.  I have tried implementing/developing this 
application in Python. The Jupyter notebook provides a block simulation for the 
entire flow of the project. 
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  Chapter 1 

Introduction 
 

 
A brain tumor is a collection of abnormal cells in the brain. A tumor may 

lead to cancer, which is a major leading cause of death and responsible for around 
11% of all deaths worldwide. The cancer incidence rate is growing at an alarming 
rate in the world. So, detection of the tumor is very important in earlier stages. 
Diagnosing brain cancer begins with taking a thorough personal and family 
medical history, including symptoms and risk factors for brain cancer. The 
diagnostic process also includes completing a thorough physical and neurological 
exam. A neurological help to evaluate the brain and nervous system and such 
functions as reflexes, sensation, movement, balance, alertness, coordination, 
vision, and hearing. Great knowledge and experience on radiology are required for 
accurate tumor detection in medical imaging. The brain tumor is a threat level 
depending upon the combination of factors like the type of tumor, its position, its 
size, and its state of growth. 
 

1.1  What is Magnetic Resonance Imaging (MRI)? 
MRI is a medical imaging technique used in radiology to form pictures of 

the anatomy and the physiological processes of the body. MRI scanners use 
strong magnetic fields, magnetic field gradients, and radio waves to generate 
images of the organs in the body. MRI does not involve X-rays or the use 
of ionizing radiation, which distinguishes it from CT and PET scans. MRI is 
a medical application of nuclear magnetic resonance (NMR). NMR can also be 
used for imaging in other NMR applications, such as NMR spectroscopy [2]. 

MRI is the investigative tool of choice for neurological cancers over CT, as 
it offers better visualization of the posterior cranial fossa, containing 
the brainstem and the cerebellum. The contrast provided between grey and white 
matter makes MRI the best choice for many conditions of the central nervous 
system, including dementia, cerebrovascular disease, infectious 
diseases, Alzheimer's disease and epilepsy. Since many images are taken 
milliseconds apart, it shows how the brain responds to different stimuli, enabling 
researchers to study both the functional and structural brain abnormalities in 
psychological disorders. MRI also is used in guided stereotactic 
surgery and radiosurgery for treatment of intracranial tumors, arteriovenous 
malformations, and other surgically treatable conditions using a device known as 
the N-localizer [3].  
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1.2 What is Image Processing? 
Image processing is a method to perform some operations on an image, to get 

an enhanced image or to extract some useful information from it. It is a type of signal 
processing in which input is an image and output may be image or 
characteristics/features associated with that image. Nowadays, image processing is 
among rapidly growing technologies. It forms a core research area within 
engineering and computer science disciplines too. 

Image processing basically includes the following three steps: 

● Importing the image via image acquisition tools. 
● Analyzing and manipulating the image. 
● Output in which result can be altered image or report that is based on image 

analysis. 

1.3 What is Machine learning? 

“Machine Learning is the science of getting computers to learn and act like humans do, 
and improve their learning over time in autonomous fashion, by feeding them data and 
information in the form of observations and real-world interactions.” [5] 

Machine learning (ML) is a subfield of artificial intelligence (AI) that 
provides systems the ability to automatically learn and improve from experience 
without being explicitly programmed. ML focuses on the development of computer 
programs that can access data and use it learn for themselves. Statistical Analysis is 
the backbone of machine learning, various statistical methods are used for making 
inferences off the data. ML is widely used by software industries for many 
applications. 

The process of learning begins with observations or data, such as examples, direct 
experience, or instruction, to look for patterns in data and make better decisions in 
the future based on the test sets that we provide.  

Machine learning algorithms are classified as follows: 

● Supervised Machine learning algorithms can apply what has been learned in 
the past to new data using labeled examples to predict future events. Starting 
from the analysis of a known training dataset, the learning algorithm produces 
an inferred function to make predictions about the output values. The system 
can provide targets for any new input after sufficient training. The learning 
algorithm can also compare its output with the correct, intended output and 
find errors to modify the model accordingly [6]. 
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● In contrast, Unsupervised machine learning algorithms are used when the 

information used to train is neither classified nor labeled. Unsupervised 
learning studies how systems can infer a function to describe a hidden 
structure from unlabeled data. The system does not figure out the right 
output, but it explores the data and can draw inferences from datasets to 
describe hidden structures from unlabeled data [6]. 
 

● Semi-supervised machine learning algorithms fall somewhere in between 
supervised and unsupervised learning, since they use both labeled and 
unlabeled data for training – typically a small amount of labeled data and a 
large amount of unlabeled data. The systems that use this method can 
considerably improve learning accuracy. Usually, semi-supervised learning 
is chosen when the acquired labeled data requires skilled and relevant 
resources to train it / learn from it. Otherwise, acquiring unlabeled data 
generally does not require additional resources [6]. 
 

● Reinforcement machine learning algorithms is a learning method that 
interacts with its environment by producing actions and discovers errors or 
rewards. Trial and error search and delayed reward are the most relevant 
characteristics of reinforcement learning. This method allows machines and 
software agents to automatically determine the ideal behavior within a 
specific context to maximize its performance. Simple reward feedback is 
required for the agent to learn which action is best; this is known as the 
reinforcement signal [6]. 
 



            
 Chapter 2 

Background 
 

 

2.1. Fuzzy C-Means 
 Fuzzy c-means (FCM) is a method of clustering which allows one piece of 
data to belong to two or more clusters. This method is frequently used in pattern 
recognition. This algorithm works by assigning membership to each data point 
corresponding to each cluster center based on distance between the cluster and the 
data point. The nearer the data is to the cluster center the better is membership to 
the cluster center. The algorithm is based on minimization of the following 
objective function: 

𝐽  =  𝑢 𝑥  − 𝑐  

      
𝑤ℎ𝑒𝑟𝑒, 1 ≤ 𝑚 < ∞ 

 

where m (the Fuzziness Exponent) is any real number greater than 1, N is the 
number of data, C is the number of clusters, uij is the degree of membership of xi in 
the cluster j, xi is the ith of d-dimensional measured data, cj is the d-dimension 
center of the cluster, and ||*|| is any norm expressing the similarity between any 
measured data and the center [7]. 

Fuzzy partitioning is carried out through an iterative optimization of the 
objective function shown above, with the update of membership uij and the cluster 
centers cj by: 

 

 

   

∑
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where ||xi - cj|| is the Distance from point i to current cluster center j, ||xi - ck|| is the 
Distance from point i to other cluster centers k [7]. 

 

𝑐 =
∑ 𝑢 ∙ 𝑥

∑ 𝑢
 

 

The iteration will stop when 𝑚𝑎𝑥 𝑢
( )

− 𝑢
( )

< 𝜀 , where ε is a termination 

criterion between 0 and 1, whereas k are the iteration steps. This procedure converges 
to a local minimum or a saddle point Jm [7]. 

The FCM algorithm typically has the following steps: 

1. Initialize U=[𝑢 ] matrix, U (0) 
2. At k-step: calculate the centers vectors C(k)=[cj] with U(k) 

 

c =
∑ u ∙ x

∑ u
 

 
3. Update U(k), U(k+1) 

 

   

∑

 

 
4. If || U(k+1) - U(k)||< 𝜀 then STOP; otherwise return to step 2. 
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2.2. Balance Enhancement contrast technique  

Color bias is one major cause of poor color composite images. To eliminate 
this, the three bands used for color composition must have an equal value range 
and mean. The balance contrast enhancement technique (BCET) is a simple 
solution for this problem. Using a parabolic or cubic function defined by three 
coefficients, BCET can stretch (or compress) images exactly to a value range and 
mean given by a user without changing the basic shapes of the image histograms. 
As color bias is completely avoided and the full value range of the display system 
is properly used, high-quality color composites as well as black and white single-
band images are produced by BCET [10]. 

The general form of the parabolic function is defined as: 

 

 

The three coefficients ‘a’,’b’ and ‘c’are derived from the following inputs: 
● Minimum value of the output image(y) 
● Maximum value of the output image 
● Mean value of the output image [8] 
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Where 
● ‘l’ represents the minimum value of the input image 
● ‘h’ denotes the maximum value of the input image 
● ‘e’ denotes the mean value of the input image 
● ‘L’ represents the minimum value of the output image 
● ‘H’ denotes the maximum value of the output image 
● ‘E’ denotes the mean value of the output image 
● ‘s’ denotes the mean square sum of the input image 

 

 

Figure 2.1: Example of the segmentation for different mean of BCET: a) original 
image, b) BCET 120, c) BCET 100, d) BCET 80, e) BCET 60 [1]  
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2.3. Adaptive Median Filtering  
 

Image noise can be briefly defined as random variations in some of the pixel 
values of an image. We know filters are used to reduce the amount of noise present 
in an image. There are some outlier pixel values in images, due to these outlier cause 
disturbance (salt & pepper) or also called as noise in images. Median filtering is 
excellent at reducing this type of noise. The filtering algorithm will scan the entire 
image, using a small matrix and recalculate the value of the center pixel by simply 
taking the median of all the values inside the matrix [11]. 

Edge preservation is important in computer vision since edges are important 
for things like differentiating between a person and the background in a video or 
defining lane boundaries for a self-driving car. This class of filter belongs to the class 
of edge preserving smoothing filters which are non-linear filters. This means that for 
two images A(x) and B(x):  

 
 𝑚𝑒𝑑𝑖𝑎𝑛[𝐴(𝑥) + 𝐵(𝑥)]  ≠ 𝑚𝑒𝑑𝑖𝑎𝑛[𝐴(𝑥)] + 𝑚𝑒𝑑𝑖𝑎𝑛[𝐵(𝑥)] 

These filters smooth the data while keeping the small and sharp details. The 
median is just the middle value of all the values of the pixels in the neighborhood. 
Note that this is not the same as the average (or mean); instead, the median has half 
the values in the neighborhood larger and half smaller. The median is a stronger 
"central indicator" than the average. In particular, the median is hardly affected by 
a small number of discrepant values among the pixels in the neighborhood. 
Consequently, median filtering is very effective at removing various kinds of 
noise. Figure 1 illustrates an example of median filtering. 

Like the mean filter, the median filter considers each pixel in the image in 
turn and looks at its nearby neighbors to decide whether or not it is representative 
of its surroundings. Instead of simply replacing the pixel value with the mean of 
neighboring pixel values, it replaces it with the median of those values. The 
median is calculated by first sorting all the pixel values from the surrounding 
neighborhood into numerical order and then replacing the pixel being considered 
with the middle pixel value.  
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Figure 2.2: Example of AMF processing  

The Adaptive Median Filter performs spatial processing to determine which 
pixels in an image have been affected by impulse noise. The Adaptive Median 
Filter classifies pixels as noise by comparing each pixel in the image to its 
surrounding neighbor pixels. The size of the neighborhood is adjustable, as well as 
the threshold for the comparison. A pixel that is different from most of its 
neighbors, as well as being not structurally aligned with those pixels to which it is 
similar, is labeled as impulse noise. These noise pixels are then replaced by the 
median pixel value of the pixels in the neighborhood that have passed the noise 
labeling test. 

AMF uses the following algorithm: 

Level A:  

A1 = Zmed - Zmin 

          A2 = Zmed - Zmax 

          if A1 > 0 AND A2 < 0, go to level B 

else increase the window size 

if window size < Smax, repeat level A 
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else output Zxy 

Level B:  

B1 = Zxy - Zmin 

B2 = Zxy - Zmax 

if B1 > 0 AND B2 < 0, output Zxy 

else output Zmed 

 

 

Where, 

● Zmin: minimum gray level value in Sxy 
● Zmax: maximum gray level value in Sxy 
● Zmed: median of gray levels in Sxy 
● Zxy: gray level at coordinates (x, y) 
● Smax: maximum allowed size of Sxy 

 

2.4. Otsu’s Thresholding 
Converting a grayscale image to monochrome is a common image 

processing task. Otsu's method, named after its inventor Nobuyuki Otsu, is one of 
many binarization algorithms, it uses data-driven approach which can 
adaptively find the optimal threshold to distinguish two-class data, by going 
through all possible threshold values (from 0 to 255), it can find the optimal 
threshold value of input image. This method can be applied in image segmentation 
and image binarization, in the current project the use was for image binarization. 

Otsu’s thresholding is primarily based on the variance of the data- within class 
variance and between class variance. The goal is to find the optimal threshold 
value so that Vm is minimal and Vb is maximal for within class and between class 
variance, respectively. 

2.4.1 Within-class variance 
If we choose the threshold value T=2, then the image is separated into two 

classes, which are Class 1 (pixel value<=2) and Class 2 (pixel value>2). We can 



Detection of Brain Tumor in MRI  17 

 
say that these two classes represent background and foreground of the input 
image, respectively [12]. 

“Variance”. From the following mathematical equation, it can be explained 
as the distribution of the data. The higher the value of “Variance”, the more 
dispersed the data is. 

 

 

Variance: Xi is the pixel value, μ is the mean, and N is the number of pixels in one 
image [12]. 

 

In terms of the within-class variance (Vw, for short), the lower the value of Vw is, 
the less dispersed the data in each class is (background and foreground). As the 
result, to get the optimal threshold value is to find the minimal value of Vw [12]. 

Vw is calculated as follows: 

 Consider the pixels are classified into n-classes (categories), then Vw is given     
by[12]: 

 

Where, 

 Wi: (No of pixels in class i) / (total pixels) 
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2.4.2 Between-class variance 

 
Between-class variance (Vb, for short). Vb is the variance between two classes. 
And, to get the suitable threshold value is to find the maximal value of Vb. 

Vb is calculated as follows: 

  

Case 1: If pixels are classified into n-classes then Vb is given by [12]: 

 

 

Where, 

 VT: total variance of the image    

 

Case 2: If pixels are classified into 2-classes then Vb is given by [12]: 

     

 

 

 

 

 

 

 

 

 

 

 



Chapter 3 

Design 
 
 

In this project i have developed a python module that would take in a 
grayscale brain MRI as an input and results with a tumor outlined output. The 
project is developed in python using Jupyter notebooks as an IDE. 

The python module comprises of the following major stages: 

● Preprocessing 
● Segmentation  
● Data Analysis 

3.1. Overview  
 
The design flow chart in fig 3.1, consists of the high-level flow of the 

module. Each stage uses various machine learning unsupervised algorithms and 
image processing algorithms. The project flow starts with image acquisition- here 
the gathered images are made generic to the system i.e. MRI’s acquired are of 
different color, grayscale or intensity and with different image sizes, to process 
these images they are converted to 256 X 256 grayscale images using python 
opencv package. 

3.2. Preprocessing 
 
The second step of the application is preprocessing of the image. At this 

stage of the application the acquired and resized grayscale images acts as input to 
this stage. The purpose of this method is to improve the quality of the MRI and 
transform respectively for further processing. In addition, preprocessing helps to 
improve certain parameters of MR images such as improving the signal-to-noise 
ratio, enhancing the visual appearance of MR image, removing the irrelevant noise 
and undesired parts in the background while preserving the edges. This is achieved 
using AMF.The python opencv package provides a function -medianBlur to 
facilitate this, I have also tried using gaussian filter but medianBlur provided with 
more reduced noise and preserved the original edges. AMF uses the 
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Figure 3.1: Architecture of the system 

neighboring pixel value when compared to gaussian which uses the replacement 
pixel value that does not exists in the image, due to this reason AMF is considered 
to be optimal. I have developed a sigmoid function which is a custom filter that 
works better in cases where the default opencv medianBlur function doesn’t 
perform well, the custom function parameters are random numbers that are being 
tested and fixed for further usage in the application. 
 In the preprocessing stage the image also goes through contrast enhancement 
which is achieved using BCET. The purpose of this is to improve the contrast for 
highlighting the area of interest as Low image quality is an obstacle for effective 
feature extraction, analysis, recognition, and quantitative measurements. Medical 
images are often contaminated by additive, impulsive or multiplicative noise due to 
several non-idealities in the image acquisition process.  
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 I have implemented BCET algorithm in python which uses the parabolic 
equation and calculation of the required coefficients. The resultant image of the 
parabolic function is stored as an unit8 image.  
 
 

3.3. Segmentation 
 

Segmentation is has two different stages, one which consists of applying 
FCM on the preprocessed image to extract the normal region of the brain from 
MRI and the second to extract the tumor region of the brain by applying Otsu’s 
thresholding on the BCET image. The result of image segmentation is a set of 
regions that collectively cover the entire image, or a set of contours extracted from 
the image. Each of the pixels in a region is similar with respect to some 
characteristic or computed property, such as color, intensity, or texture. 
Thresholding technique segments the MR images by a binary partitioning of the 
image intensities. The segmentation is a process where the image is partitioned into 
different regions. After image enhancement, preliminary segmentation of the 
medical image determines the boundaries of the area of interest most accurately. 
To perform the segmentation, the Fuzzy C-Means (FCM) clustering and 
thresholding methods were chosen. The Fuzzy C-Means segmentation used to 
segment the region of the normal brain, and the thresholding segmentation is 
converting the enhanced image to binary image to segment the region of the tumor 
(shape, area, spatial sizes, etc.) in MR images. 

 

3.4. Canny Edge Detection  
 

This stage in the application is the final stage, before applying the opencv 
canny method the 2 segmented images resulted from the segmentation process are 
combined using opencv addWeighted method by providing desired weights, the 
tumor being weighted more. This combined image is provided as an argument for 
the canny edge detection, the method highlights the tumor region and results with 
detected tumor output image. 
There are many other methods which can be used for contour extraction such as 
Roberts, Prewitt, Sobel, and more complex ones, for example, LoG but the 
research paper[1] which i used as a reference shown Canny method to be effective 
for contour extraction. 
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3.5. Tools and Technologies used 
 

3.5.1. IDE 
The project is developed in python using PyCharm IDE and Jupyter 

notebook online. I have used Jupyter notebook online to show the flow of the 
application as it provides a block execution interface and each stage output can be 
shown effectively. 

3.5.2. Machine Learning and Python Packages  
Here, I have used unsupervised Machine Learning Algorithm - fuzzy c-

means algorithm which is in skfuzzy python package and opencv package for 
image processing- AMF, thresholding, Canny etc. 

Skfuzzy 

Scikit-Fuzzy is a collection of fuzzy logic algorithms intended for use in 
the SciPy Stack, written in the Python computing language [13].The skfuzzy.cluster 
contains the cmeans method which enables a way to apply the unsupervised 
learning algorithm, following is the method signature [13]. 

cmeans (data, c, m, error, maxiter, init=None, seed=None) 

Where, 

● data: Data to be clustered. N is the number of data sets; S is the number of features 
within each sample vector. 

● c: Desired number of clusters or classes. 
● m: Array exponentiation applied to the membership function u_old at each iteration, 

where U_new = u_old ** m. 
● error: Stopping criterion; stop early if the norm of (u[p] - u[p-1]) < error. 
● maxiter: Maximum number of iterations allowed. 
● Init: Initial fuzzy c-partitioned matrix. If none provided, algorithm is randomly 

initialized.  
● Seed: If provided, sets random seed of init. No effect if init is provided. Mainly for 

debug/testing purposes. 
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OpenCV 

OpenCV-Python is a library of Python bindings designed to solve computer 
vision problems. It is a Python wrapper for the original OpenCV C++ 
implementation. OpenCV-Python makes use of NumPy, which is a highly 
optimized library for numerical operations with a MATLAB-style syntax. All the 
OpenCV array structures are converted to and from NumPy arrays. This also 
makes it easier to integrate with other libraries that use NumPy such as SciPy and 
Matplotlib [14]. 

The following are major functions used from OpenCV: 

● medianBlur 
● canny 
● threshold 
● findcontours  
● drawcontours 
● floodfill 
● addweighted 
● imread 

3.6. Dataset 
I have used an open source Kaggle dataset[15] for acquiring the brain MR 

images with and without tumor. 

3.6.1. Overview of the Dataset  
The dataset consists of jpg images, these images are MR images of the brain. 

As the desired result of my application is to highlight the tumor region there are no 
specific labels required for the images. All the images are transformed accordingly 
in the acquisition stage. 

 

 

 

 

 

Figure 3.2: Sample jpg Image of the Dataset 



Chapter 4 

Implementation 
 

  

4.1. Python module for image acquisition  
 
As discussed earlier in the Design section, the images acquired are 

transformed using opencv resize and cvtColor functions. 

 

The above code snippet resizes the image to 256 X 256 and converting it to a 
grayscale image. The cv2.cvtColor takes in an input image and a flag specifying 
the color conversion. The flag cv2.COLOR_BGR2GRAY converts the given image to a 
grayscale image. The images are converted to grayscale as contour extraction is 
performed at ease compared to other image types. 

4.2. Python module for preprocessing  
The preprocessing consists of  applying AMF and BCET, I have developed a 

custom sigmoid function for the AMF which is followed by the predefined opencv 
method- medianBlur, which helps to remove the noise in acquired images. Input 

images to this function is resultant image of Image Acquisition stage. 
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The second step in the preprocessing stage is applying BCET on the noise altered 
images.  

The BCET python function is developed using the standard mathematical 
equations, calculation of the coefficients- Lmin,Lmax,Lmean,Gmin.Gmax and calculating 
the parabolic function.  

 

The above python implementation is developed from an open source matlab code 
of BCET implementation[8]. 

NumPy python package is used to calculate the min,max,mean of the input image 
by converting the given image pixel array to double precession [16] and flattening 
out the array using  NumPy ravel function and applying desired min,max functions 
existing in NumPy package. 

The resultant ‘y’ is the new enhanced/stretched contrast image, this image is used 
in further processing for thresholding and contour extraction. 
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4.3. Python module for Segmentation 
The segmentation has two parts, one is applying the FCM for extracting the 

normal region of the brain and the second is using thresholding  for extracting 
tumor region of the brain. 

4.3.1. FCM 
Using the fuzzy c-means provided by skfuzzy package defining the cluster 

iterations to be 2 and fuzziness m to be 2, m is fixed on testing with various 
parameters and its considered to be optimal. 

 

 

After clustering, the cluster centers are passed to custom function and a new 
image is constructed according to the cluster membership. Thresholding is 
performed on this image using opencv threshold method, this is usually done for 
optimal contour extraction which is recommended by Python documentation [17]. 

 

The threshold segmented image consists of the whole white area of the 
brain, this needs to be further transformed to extract the outlier/border structure of 
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the brain. In order to achieve this contour extraction – opencv findcontours method 
is used. There are typically 3 stages that are involved for final border extraction. 

Contours can be explained simply as a curve joining all the continuous points 
(along the boundary), having same color or intensity. The contours are a useful tool 
for shape analysis and object detection and recognition[17].Here they suggest 
performing thresholding before contour extraction, considering this as I discussed 
earlier, contours are found only after thresholding. The contour extraction is 
applied at 2 different stages: 

 

 

The above function determines the total occupying area of each contour and 
on comparing with the fixed value of area pixels- set to 500, this is value is used to 
preserve and draw the contours which ranges in the specific area. All the extracted 
contours which fall in the range are redrawn using opencv drawcontours method. 

The next step is a selection the boundary pixels (edge pixels). A pixel is 
considered as boundary pixel if the magnitude of the gradient of this pixel is 
greater than that of two neighbors in the direction of the gradient In the below 
method, each contour row and column pixel is evaluated, the row and column 
check conditions are used to determine the border of the brain and hence 
appending to a new list of contours, this list is redrawn using drawContours 
method. This image is the final FCM segmented image.  
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4.3.2. Thresholding 
  The research paper[1] that i have used as a reference suggested using Otsu’s 
thresholding for tumor segmentation but in practice, i have faced a challenge to 
segment the tumor region of the brain. To overcome this issue, i used 
THRESH_BINARY flag which is provided my opencv this helped me to achieve the 
tumor extraction. Before the segmentation is performed, i used gaussian blur so 
that it provides a suppressed image and a better segmentation is achieved. 

 

 

thresh_f contains the final segmented tumor image which is provided as one of the 
inputs for canny edge detection. 
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4.4. Canny Edge detection 
 
In the above stage of segmentation, there are two final images which 

resulted from the segmentation processes, these are combined using 
cv2.addweighted method with the Tumor weighted more. 

 

 

 

The  combined image is then provided to canny[18] for drawing out the edges and 
resulting in tumor highlighted image as shown in fig.6. 

  

 

 

 

 

 

  Figure 4.1: Tumor highlighted by canny edge detection  



Chapter 5 

Results and Conclusion 
 
 

5.1. Results  
The following images shows the detection of the tumor from the MR images. 

 

  

 

 
 
 
 
 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

(b) (c) (a) 
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Notation: 
(a) Actual Image  
(b) Image after applying BCET 
(c) Final Image  

 
5.2. Accomplishments and lessons learned 
 In the development of this application i had to research and understand a lot 
of articles related to Image processing, this project enabled an exposure to opencv 
and NumPy  python packages as a lot of processing is involved with the use of 
these packages. In my previous studies, i have worked with a lot of supervised 
learning algorithms but this project helped me understand the unsupervised 
machine learning algorithms by implementation of fuzzy c-means. I have used the 
implementation of fuzzy c-means from the open source GitHub[19] but there were 
many changes that i need to accommodate in order to make the segmentation 
happen. I had to understand the mathematical equations before implementing the 
AMF,BCET etc.  

 The code was first developed using PyCharm IDE but then i had to 
accommodate the code in Jpyter Notebook online for representation of the stage-
wise output helped me understand the technology even more. I had to study many 
IEE articles to understand the perceptions and implementations of various authors, 
one of it which i have come across is the use of neural networks for segmentation 
of tumor MR images and training the model for prediction these diverse insights 
provided an understanding which i could use to develop a better sophisticated 
application in future.   

 Image Processing technology has widespread applications, this project had 
provided a way to learn various image processing algorithms used in OpenCV 
which helps me apply them in future projects. 

5.3. Future Work 
 This application only enables a user to provide with MR images as an input and 
results with a highlighted sketch of the detected tumor. To make it even more 
useful and sophisticated it can have a mobile/Web UI layout which can deployed 
and made use by professional radiologists who need to find tumor in the MR 
images. This can be achieved by having a Yes/No MR image labels and the 
application buckets the images accordingly. Also, these images can be used as 
ground truth tables to develop deep neural networks. An LSTM model can be 
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developed over the resulted images of this application making even more useful as 
the model helps prediction of brain tumor in patients.  

Integration of this application with deep neural network model and providing a 
user interface while having a python backend application which receives an MR 
image as a request and the trained model can predict the occurrence of brain tumor 
in the given image can help doctors to treat the patients suffering from brain tumor. 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 



Appendix 

Appendix A 
 

 

Python Application   

import numpy as np 

import cv2 

import math 

from skimage import exposure as ex 

import sys 

import matplotlib.pyplot as plt 

import matplotlib.image as mpimg 

import skfuzzy as fuzz 

import os 

from time import time 

 

def AdaptiveMedianFilter(grayimage): 

    try: 

        img_out = grayimage.copy() 

 

        height = grayimage.shape[0] 

        width = grayimage.shape[1] 

 

        for i in np.arange(6, height - 5): 

            for j in np.arange(6, width - 5): 

                neighbors = [] 
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                for k in np.arange(-6, 6): 

                    for l in np.arange(-6, 6): 

                        a = grayimage.item(i + k, j + l) 

                        neighbors.append(a) 

                neighbors.sort() 

                median = neighbors[30] 

                b = median 

                img_out.itemset((i, j), b) 

 

    except Exception as e: 

        print("Error=" + e.args[0]) 

        tb = sys.exc_info()[2] 

        print(tb.tb_lineno) 

         

    return img_out.astype(np.uint8) 

 

def BalanceContrastEnhancementTechnique(gray_image): 

    x = im2double(gray_image)  # INPUT IMAGE 

    Lmin = np.min(x.ravel()) # MINIMUM OF INPUT IMAGE 

    Lmax =np.max(x.ravel())  # MAXIMUM OF INPUT IMAGE 

    Lmean = np.mean(x)       # MEAN OF INPUT IMAGE 

    LMssum = np.mean(pow(x,2))  # MEAN SQUARE SUM OF INPUT IMAGE 

   

    Gmin = 0   # MINIMUM OF OUTPUT IMAGE 

    Gmax = 255  # MAXIMUM OF OUTPUT IMAGE 

    Gmean =85 # MEAN OF OUTPUT IMAGE 80 (Recomended) 
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    bnum = pow(Lmax,2) * (Gmean - Gmin) - LMssum * (Gmax - Gmin) + 
pow(Lmin,2) * (Gmax - Gmean) 

    bden = 2 * (Lmax * (Gmean - Gmin) - Lmean * (Gmax - Gmin) + Lmin * 
(Gmax - Gmean)) 

    b = bnum / bden 

    a = (Gmax - Gmin) / ((Lmax - Lmin) * (Lmax + Lmin - 2 * b)) 

    c = Gmin - a *  pow((Lmin - b), 2) 

    y = a *pow((x - b),2)+ c  # PARABOLIC FUNCTION 

    y = y.astype(np.uint8) 

 

    return y 

 

def im2double(im): 

    min_val = np.min(im.ravel()) 

    max_val = np.max(im.ravel()) 

    out = (im.astype('float') - min_val) / (max_val - min_val) 

    return out 

#FCM module 

path='E:/SUNY POLY/Brain_tumor' 

def FCM(image_bcet,count) 

    list_img = [] 

    if(count is -1): 

        img = 
cv2.imread("C:/Users/shash/Downloads/SourceCode/SourceCode/Detection/image
s/"+str(image_bcet)) 

    else:     
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        img = cv2.imread(path+'/images/bcet/"+str(image_bcet)) 

     

    rgb_img = img.reshape((img.shape[0] * img.shape[1], 3)) 

    list_img.append(rgb_img) 

    n_data = len(list_img) 

    clusters = [2] 

 

    for index, rgb_img in enumerate(list_img): 

        img = np.reshape(rgb_img, (256, 256, 3)).astype(np.uint8) 

        shape = np.shape(img) 

        # looping every cluster 

        for i, cluster in enumerate(clusters): 

            # Fuzzy C Means 

            new_time = time() 

            print("this is cluster"+str(i)) 

            cntr, u, u0, d, jm, p, fpc = fuzz.cluster.cmeans( 

                rgb_img.T, cluster, 2, error=0.005, maxiter=1000, init=None, seed=42) 

 

            new_img = change_color_fuzzycmeans(u, cntr) 

 

            fuzzy_img = np.reshape(new_img, shape).astype(np.uint8) 

            ret, seg_img = cv2.threshold(fuzzy_img, np.max(fuzzy_img) - 1, 255, 
cv2.THRESH_BINARY) 

             

            if(count is -1): 

                print('Fuzzy time for cluster', cluster) 
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                print(time() - new_time, 'seconds') 

            seg_img_1d = seg_img[:, :, 1] 

                

 

            bwfim1 = bwareaopen(seg_img_1d, 500) 

             

            bwfim2 = imclearborder(bwfim1) 

            if(count is -1): 

                
cv2.imwrite('C:/Users/shash/Downloads/SourceCode/SourceCode/Detection/image
s/border.jpg', bwfim2) 

                plt.imshow(bwfim2) 

                plt.show() 

            else: 

                cv2.imwrite(path+'/images/border/border'+str(count)+'.jpg', bwfim2) 

            bwfim3 = imfill(bwfim2) 

            if(count is -1): 

                
cv2.imwrite('C:/Users/shash/Downloads/SourceCode/SourceCode/Detection/image
s/FCM.jpg', bwfim3) 

            else:     

                cv2.imwrite(path+'/images/fcm/FCM'+str(count)+'.jpg', bwfim3) 

             

        return bwfim3 

 

def change_color_fuzzycmeans(cluster_membership, clusters): 

    img = [] 
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    for pix in cluster_membership.T: 

        img.append(clusters[np.argmax(pix)]) 

     

    return img 

def imclearborder(imgBW): 

    # Given a black and white image, first find all of its contours 

    radius = 2 

    imgBWcopy = imgBW.copy() 

    contours, hierarchy = cv2.findContours(imgBWcopy.copy(), cv2.RETR_LIST, 

                                                  cv2.CHAIN_APPROX_SIMPLE) 

     

    # Get dimensions of image 

    imgRows = imgBW.shape[0] 

    imgCols = imgBW.shape[1] 

    contourList = []  # ID list of contours that touch the border 

    # For each contour... 

    for idx in np.arange(len(contours)): 

        # Get the i'th contour 

        cnt = contours[idx] 

 

        # Look at each point in the contour 

        for pt in cnt: 

            rowCnt = pt[0][1] 

            colCnt = pt[0][0] 

 

            # If this is within the radius of the border 
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            # this contour goes bye bye!  

            check1 =  (rowCnt >= 0 and rowCnt < radius) or (rowCnt >= imgRows - 1 
- radius and rowCnt < imgRows) 

            check2 =  (colCnt >= 0 and colCnt < radius) or (colCnt >= imgCols - 1 - 
radius and colCnt < imgCols) 

 

            if check1 or check2: 

                contourList.append(idx) 

                break 

    for idx in contourList: 

        cv2.drawContours(imgBWcopy, contours, idx, (0, 0, 0), -1) 

    return imgBWcopy 

def bwareaopen(imgBW, areaPixels): 

     

    # Given a black and white image, first find all of its contours 

    imgBWcopy = imgBW.copy() 

    contours, hierarchy = cv2.findContours(imgBWcopy.copy(), cv2.RETR_LIST, 

                                                  cv2.CHAIN_APPROX_SIMPLE) 

 

    # For each contour, determine its total occupying area 

    for idx in np.arange(len(contours)): 

        area = cv2.contourArea(contours[idx]) 

        if (area >= 0 and area <= areaPixels): 

            cv2.drawContours(imgBWcopy, contours, idx, (0, 0, 0), -1) 

 

    return imgBWcopy 
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def imfill(im_th): 

    im_floodfill = im_th.copy() 

    # Mask used to flood filling. 

 

    # Notice the size needs to be 2 pixels than the image. 

    h, w = im_th.shape[:2] 

    mask = np.zeros((h + 2, w + 2), np.uint8) 

    # Floodfill from point (0, 0) 

    cv2.floodFill(im_floodfill, mask, (0, 0), 255); 

    # Invert floodfilled image 

    im_floodfill_inv = cv2.bitwise_not(im_floodfill) 

     

    # Combine the two images to get the foreground. 

    im_out = im_th | im_floodfill_inv 

 

    return im_out 

def segmentation(fcm_image,ths_image): 

        brain = fcm_image 

        tumor = ths_image 

        segimg = cv2.addWeighted(brain, 0.5, tumor, 0.7, 0) 

        return segimg 

 

def dataanalysis(seg_img): 

        try: 

            detected_edges = cv2.Canny(seg_img, 10, 10 * 3, 5) 

            colour = cv2.applyColorMap(seg_img, cv2.COLORMAP_JET) 
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            return detected_edges 

        except Exception as e: 

            print("Error=" + e.args[0]) 

            tb = sys.exc_info()[2] 

            print(tb.tb_lineno) 

 

Main Module 

#Image acquisition  

image1 = cv2.imread(‘SourceCode/Detection/testimages/no20.JPG') 

image1 =cv2.resize(image1,(256, 256),interpolation=cv2.INTER_AREA) 

image = cv2.cvtColor(image1, cv2.COLOR_BGR2GRAY) 

plt.imshow(image) 

plt.show() 

# AMF image preprocessing  

img_median_sigmoid = AdaptiveMedianFilter(image) 

img_median = cv2.medianBlur(image, 5) 

cv2.imwrite('C:/Users/shash/Downloads/SourceCode/SourceCode/Detection/image
s/AMF.jpg', img_median_sigmoid) 

plt.imshow(img_median) 

plt.show() 

# BCET image preprocessing  

image_bcet = BalanceContrastEnhancementTechnique(img_median) 

cv2.imwrite(‘SourceCode/Detection/images/img_bcet.jpg', image_bcet) 

plt.imshow(image_bcet) 

plt.show() 

# Segmentation thresholding for tumor region of brain  
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blur = cv2.GaussianBlur(image_bcet,(5,5),0) 

T, thresh_f =  cv2.threshold(blur,200,255, cv2.THRESH_BINARY)  

plt.imshow(thresh_f) 

plt.show() 

# FCM segmentation for normal region of brain  

image_FCM = FCM('img_bcet.jpg',-1) 

plt.imshow(image_FCM) 

plt.show() 

#Data analysis  

seg_img=segmentation(image_FCM,thresh_f) 

edges=dataanalysis(seg_img) 

plt.imshow(edges) 

plt.show() 

 

#to iterate all the test images and results with tumor highlighted sketch of the 
images 

import os  

path='E:/SUNY POLY/Brain_tumor' 

 

def _stage_acquistion(img): 

    image1 = cv2.imread(path+'/test-images/'+img) 

    actual_image_shape= image1.shape 

    image1 =cv2.resize(image1,(256, 256),interpolation=cv2.INTER_AREA) 

    image = cv2.cvtColor(image1, cv2.COLOR_BGR2GRAY) 

    return image    

def _stage_preprocessing(image,count): 
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    img_median_sigmoid = AdaptiveMedianFilter(image) 

    img_median = cv2.medianBlur(image, 5) 

    cv2.imwrite(path+'/images/amf/AMF'+str(count)+'.jpg', img_median_sigmoid) 

    image_bcet = BalanceContrastEnhancementTechnique(img_median) 

    cv2.imwrite(path+'/images/bcet/img_bcet'+str(count)+'.jpg', image_bcet) 

    return image_bcet 

def _stage_segmentation(image_bcet,count): 

    blur = cv2.GaussianBlur(image_bcet,(5,5),0) 

    T, thresh_f =  cv2.threshold(blur,200,255, cv2.THRESH_BINARY)  

    cv2.imwrite(path+'/images/threshold/threshold'+str(count)+'.jpg', thresh_f) 

    image_FCM = FCM('img_bcet'+str(count)+'.jpg',count) 

    seg_img=segmentation(image_FCM,thresh_f) 

    return seg_img 

def _detection(seg_img,count): 

    edges=dataanalysis(seg_img) 

    cv2.imwrite(path+'/images/results/edges_detected'+str(count)+'.jpg', edges) 

    plt.imshow(edges) 

    plt.show() 

     

os.chdir("E:\\SUNY POLY\\Brain_tumor\\test-images") 

for root, dirs, files in os.walk(".", topdown = False): 

    for count,name in enumerate(files): 

        print(name+" "+str(count)) 

        img=_stage_acquistion(name) 

        plt.imshow(img) 

        plt.show() 
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        bcet=_stage_preprocessing(img,count) 

        segm=_stage_segmentation(bcet,count) 

        canny=_detection(segm,count) 

 

 

 



Appendix 

Appendix B 
 
 

MRI  Magnetic resonance Imaging  

ML Machine Learning  

AMF Adaptive Median Filtering  

BCET Balance Contrast Enhance Technique  

FCM Fuzzy C-Means Clustering  

JPG  Joint Photographic Expert Group – images  

IDE Integrated development environment 
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