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Abstract— There is no reliable guidance available in 
literature so far for the selection of a suitable technique for 
denoising Magnetic Resonance (MR) images. Brain Tumor 
is a fatal disease which cannot be confidently detected 
without MRI. In the project, it is tried to detect whether 
patient’s brain has tumor or not from MRI image using 
MATLAB simulation. To pave the way for morphological 
operation on MRI image, the image was first filtered using 
Anisotropic Diffusion Filter to reduce contrast between 
consecutive pixels. After that the image was resized and 
utilizing a threshold value image was converted to a black 
and white image manually. This primary filter the plausible 
locations for tumor presence. On this semi processed image 
morphological operations have been applied and 
information on solidity and areas of the plausible locations 
was obtained. A minimum value of both of this characters 
has been determined from statistical average of different 
MRI images containing tumor. Then it was used to deliver 
final detection result. Though this simulation routine can 
give correct result most of the time, it fails to perform when 
tumor’s size is too small or tumor is hollow. The larger goal 
of the project is to build a data base of 2D image data of 
tumor from the MRI images taken from different angle of a 
particular human and by analyzing them to point out the 
exact 3D location of the tumor . To fulfill this, 2D tumor 
detection and segmentation have been developed to better 
accuracy so that 3D detection can be more reliable. This is 
the primary target of the project. 
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I.INTRODUCTION 
    The principle of Magnetic Resonance Imaging (MRI), its 
clinical applications, the origin of noise in Magnetic Resonance 

(MR) images, implications caused by the noise, the significance 
of denoising in MRI, the need for a blind quality metric for 
assessing the quality of denoised MR images, a review of 
existing Image Quality Analysis (IQA) metrics meant to 
measure the quality of MR images, project objectives and a 
brief outline of the content of the report are discussed in this 
chapter. 
 A brain tumor is a collection (or mass) of 
abnormal cells in the brain. A tumor can cause cancer, which is 
a leading cause of death and is responsible for approximately 
13% of all deaths worldwide. The incidence of cancer is 
increasing at a dangerous rate in the world. Therefore it is very 
important to detect tumors in the first stage. Great knowledge 
and experience are required on radiology to detect exact tumors 
in medical imaging. MRI is the most flexible of our diagnostic 
imaging methods, with the ability to show a wide range of 
parameters in the living subject and provide excellent spatial 
resolution. Brain Tumor Detection Form There are several 
stages in magnetic resonance imaging (MRI). Segmentation is 
considered a necessary but difficult step in classical imaging 
classification and analysis. Therefore, it is very important that 
the MRI images should be split correctly before asking the 
computer for precise diagnosis. This review presents an 
overview of magnetic resonance imaging (MRI) based medical 
image analysis for brain tumor studies. 
Together, the brain and spinal cord (the central nervous system 
(CNS)) control the physical and psychological functions of our 
body. Normally our brain consists of three major parts: 
1. Cerebrum. It controls thinking, learning, troubleshooting, 
emotions, speech, reading, writing, and voluntary movement. 
2. Cerebellum It controls movement, balance, and currency. 
3. Brain stem. It connects the brain to the spinal cord, and 
regulates vital functions in the human body, such as motor, 
sensory pathway, cardiac, reservoir and reflection 
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II. REVIEW OF LITERATURE
 Literature which deals with the measurement of 
quality of MR images belong to three categories. The first 
category of literature evaluates the scalability of quality metrics 
designed for natural-scene images on MR images. The second 
category of literature covers the modified versions of quality 
metrics used on natural-scene images for application in MRI. 
Quality metrics exclusively designed for MRI itself, belong to 
the third category.  
 Among the first category of literature, Chow 
(2016) identified the quality metrics which are correlated with 
Difference Mean Opinion Score (DMOS) in the presence of 
various artefacts in MRI like, noise, blur and compression 
artefacts. It was reported that Universal Quality 
Index (UQI) (Wang & Bovik, 2002), Visual Information 
Fidelity (VIF) (Sheikh  & Bovik 2006), NQM 
2000) and PSNR are well correlated with DMOS for Rician 
noise, Gaussian blur images, both Discrete Cosine Transform 
(DCT) and JPEG compression artefacts and JPEG compression 
artefacts, respectively.  Mason et al. (2020) compared the 
Spearman Rank-Order Correlation Coefficient (SROCC) 
between full-reference quality metrics like Root Mean Square 
Error (RMSE), SSIM, PSNR, Multi-Scale SSIM (MSSSIM) 
(Wang  et al.  2003), Information-Weighted SSIM (IWSSIM) 
(Wang & Li, 2011), Gradient Magnitude Similarity Deviation 
(GMSD) (Xue et al.  2014), Feature Similarity Index (FSIM) 
(Zhang et al.  2011), High Dynamic Range Visible Difference 
Predictor (HDRVDP) (Mantiuk et al.  2011), NQM, and VIF 
and image quality scores of five radiologists. It was reported 
that RMSE and SSIM had lower SROCC than six of the other 
quality metrics. 
Existing System 
        Existing background reconstruction quality
classified into two categories: statistical and image quality 
assessment (IQA) techniques, depending on the type of featur
used for measuring the similarity between the reconstructed 
background image and reference background image.
 
III. PROPOSED SOLUTION AND METHODOLOGICAL 

FLOW 
      To address the project problems discussed in section, a 
blind IQA metric termed as the No-reference Quality Index for 
Denoised Images (NQIDI), for assessing the quality of 
denoised MR images is proposed in this report. The 
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Existing background reconstruction quality metrics can be 
classified into two categories: statistical and image quality 
assessment (IQA) techniques, depending on the type of features 
used for measuring the similarity between the reconstructed 
background image and reference background image. 

PROPOSED SOLUTION AND METHODOLOGICAL 

To address the project problems discussed in section, a 
reference Quality Index for 

Denoised Images (NQIDI), for assessing the quality of 
denoised MR images is proposed in this report. The 

computation of NQIDI involves pre
noise and sharpness of edges in the denoised MR images. 
Hence, a principal components-based noise estimation model 
for quantifying the strength of noise in MR images and a 
quantitative IQA metric termed as Objective Measure of 
Sharpness of Edges (OMSE) that accounts for the perceptual 
sharpness of MR images are also introduced in this report. 
Three scientific contributions, namely, a noise model for 
estimating the statistics of noise in MR images, an objective 
metric for measuring the sharpness of edges in MR images, and 
a no-reference metric for measuring the quality of denoised MR 
images are done in the report. Methodological flow of proposed 
solution is shown in Fig.1. 

Fig.1 Methodological flow of proposed solution
 

A. A. Content/Outline of the report
 The principle of MRI, its clinical applications, the 
origin of noise in MR images, implications caused by the noise, 
significance of denoising in MRI, the need for a blind quality 
metric to assess the quality of denoised MR i
existing IQA metrics used to measure the quality of MR 
images, project objectives and a brief outline of the content of 
the report are included in the first chapter. A statistical model to 
estimate the power of noise in MR images is prop
objective statistic termed as the Objective Measure of 
Sharpness of Edges (OMSE) for measuring the sharpness of 
edges in MR images is proposed in chapter 3. 
model proposed and the OMSE proposed in, a novel metric for 
evaluating the quality of denoised MR images, termed as 
No-reference Quality Index for Denoised Images (NQIDI). A 
summary of the scientific contributions done in the report and 
the observations made during the experimental evaluation, the 
merits of the proposed noise mode
scalability, application  prospects, limitations and directions for 
future enhancement are discussed. 
B. State-of-the-art noise models  
 Coupe et al. (2010) proposed a Median Absolute 
Deviation (MAD) estimator which operates in the wavelet 
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domain. This estimator is a modification of the MAD used on 
Gaussian noise, towards the quantification of Rician noise. 
Maitra & Faden (2009) and Maitra (2013) used 
Expectation-Maximization (EM) algorithm to measure the 
noise present in the MR images by modelling the noise as a 
mixture of Rice and Rayleigh components. The approach put 
forth by Fernández et al. (2015) split the spatially variant noise 
into two terms, stationary noise and a low-frequency signal 
which correspond to the variance of the noise, based on the 
homomorphic principle. The noise variance was estimated via a 
low pass filter meant for Rician bias correction. Tabelow 
(2015) employed  Maximum Likelihood Estimation (MLE) to 
account noise level in MR images. Recently, Bouhrara
(2017) employed a multispectral extension of MLE.
C. Proposed Noise Model 
 A statistical model for estimating the power of 
noise in MR images from the principal components is proposed 
in this chapter. In this method, an image with ‘M’ rows and ‘N’ 
columns of pixels is divided into MN overlapping patches. 
Pixels within a square window of diameter ‘D’ around the 
contextual pixel is considered as a patch. Let ‘P
patch, i = 1,2,3 … …MN, around the pixel, X(m,n), m = 1,2,3 
… …M, n = 1,2,3 … …N. Assuming that noise which degrades 
the image is additive white Gaussian, vectorised noisy patch,  
‘Pi’ can be written as, 
 

Fig 2. Flow Chart 
D. No-reference quality index for 
denoised images 
       Performance evaluation of algorithms used
real-time MR images and the selection of their
parameters are difficult as noise-free 
unavailable. Blind IQA metrics which can reflect
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in this chapter. NQIDI exhibited good agreement with 
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quality levels. It was found to be fast in computation. The 
NQIDI collectively reflects quality degradation due to residual 
noise remaining in the denoised images and inadvertent blur at 
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quantify the quality of smoothed imag
major applications. It can be used for comparing the 
performance of denoising algorithms. It is useful as a target 
function for determining the optimum values of operational 
parameters of the denoising algorithms. 
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bounding box approach in two different manner ex
bounding box and modified bounding box based on Anisotr
Diffusion Filter approach. Difference can be seen in results 
where modified bounding box 
accurately than old one while old
bounding box approach give best result for different type of
Dataset .we can use both of them as per the requi
sample and dataset.New bounding box approach have been

Fig.3 Input Image
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Fig.4 Filtered Image 

 

Fig.5 Tumor Alone 
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Fig.6 Bounding Box 

 

 

Fig.7 Eroded image 

 

Fig.8 Tumor outline 

 

Fig.9 Detected tumor 
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Fig.10 Output images 

 
IV. CONCLUSION 

     This compares various techniques for segmenting the brain 
tumor disease. Technique is Anisotropic Diffusion Filter based 
on bounding box used for capturing the diseased MRI images 
through plotting and comparing them with their nearest 
neighbors. Filtering technique is used for filtering the tumor 
images out of good ones using pixels. 
In bounding box we compared similarity from Axis of 
Symmetry (XY axis) using energy function graph where a 
region of change (D) is detected on a test image (I), when 
compared with a reference image (R). 
Bounding box is based upon change detection principle 
which has its drawbacks in small tumor detection that can be 
understood by Case 1 and Case 2 respectively. 
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