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Abstract 

  A brain tumor is a gathering of tissue that is requested by a trudging 

amassing of irregular cells and it is critical to arrange cerebrum tumors from 

magnetic resonance imaging (MRI). MRI images have a more amount of noise 

added to the images by the worker, apparatus, and the atmosphere. It is difficult to 

get an accurate result with the noisy images. Rough Set Theory proposed and 

applied to remove Rician noises. The filtering algorithm is edge-preserving 

smoothing and preserves sharp edges. Then, the de-noised image segmented by 

using the K-means algorithm, in which time complexity is less and it produces a 

tight cluster. Then features are extracted by using Discrete Wavelet Transform 

(DWT) and the resultant features are classified by the Convolutional Neural 

Networks (CNN) algorithm. CNN is strong even for noisy training data set, the time 

complexity is less and suited for multimodel classification. The proposed 

classification system classifies the brain tumors namely Benign and Malignant. 

Based on the classification, the cancerous brain tumor is detected. Benign is an 

initial stage of the tumor and malignant is the dangerous stage of the tumor. After 

classified the tumor, tumor size will be calculated based on the count of white pixels 

in the image. Based on the prediction of the tumor size, the severity of the disease 

is detected. Size detection is useful for the diagnosis tumor is critical or not. This 

proposed technique was implemented using MATLAB 18a software. 

 

Keywords: MRI, DWT, Convolutional Neural Networks, Rough Set Theory, K-

Mean, Tumor.  

 

1. Introduction 

 

 In the analysis of medical images for computer-aided diagnosis and therapy, 

segmentation is a preliminary task in an initial stage. Medical image segmentation is a 

complicated and difficult work due to the essential nature of the images. Brain tumor 

signifies a malformed mass of tissue wherein the cells multiply abruptly and ceaselessly 
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within the brain tissues [1]. Brain tumor segmentation involves separating distinct tumor 

cells (effective tumor, solid, edema, and necrosis) from the normal brain cells (GM - grey 

matter, WM - white matter, and CSF - cerebrospinal fluid). Concerning brain tumor 

research, the unnatural cells tend to be explored at any time [2]. 

 Brain cancer is an intracranial solid neoplasm that is defined as an anomalous growth 

of cells in the brain. Brain cancers can be malignant (cancerous) or benign (non-

cancerous)[19]. Low-grade gliomas and meningiomas are benign cancers, and glioblastoma 

multiforme is the malignant cancer that represents the most mutual crucial brain neoplasm. 

Benign brain cancer tissues have a similar structure which did not have cancer cells. The 

malignant cancer tissues are heterogeneous structure and it also has cancer cells which can 

be treated with radiotherapy, chemotherapy, or a combination thereof, and they are life-

threatening. Therefore, diagnosing brain cancer tissues at an appropriate time is very 

important for further treatments.  

 Imaging tests performed on MRI and/or computed tomography (CT) scan utilize 

computer technology to engender detailed pictures of the brain. In decade years, MRI plays 

a dynamic role in identifying brain abnormalities by determining the size and location of 

affected tissues. MRI is a critical component in diagnosis and treatment planning which 

endows significantly increased knowledge of normal and diseased anatomy for medical 

research. Because of the high density of soft tissues, high spatial resolution, and since it 

does not make any damaging radiation and is a non-invasive method, MRI is effective 

compared with other images in the application of brain tumor tissue detection. 

 In the proposed system, both segmentation and classification methods are handled. 

Initially noises are removed from the MRI. Then the image is segmented with the help of 

the k-mean adaptive segmentation technique. Various features are extracted from the MRI 

using Discrete Wavelet Transform[21]. The research proposes an automatic classification 

method that relies upon CNN (Convolution Neural Networks), determining small 3 x 3 

kernels. By incorporating this single technique, segmentation and classification are 

accomplished. CNN (ML technique) from NN (Neural Networks)wherein it has layer-based 

for results classification. The research proposes a novel tumor detection technique based on 

high level extracted features from CNNs making use of the Hough transform technique. 

The tumors that are being detected, undergoes segmentation using a set of FC (fully 

connected) layers, thereafter, the segmented mask is classified via FCs. The proposed 

approach yields assuring outcomes as per the standard medical image benchmarks. CNN 

(Convolutional Neural Networks) or ConvNet is a deep machine learning algorithm 

adopted to examine the Image. It utilizes various multilayer perceptions framed to gain 

comparatively reduced pre-processing time. The processes involved in the proposed 

approach being: Data collection, Pre-processing wherein noisy data is eliminated, then 

comes the Average filtering which presents and identifies the clear image and thereafter the 

segmentation process is employed for pixel-based detection segmentation concerning the 

brain image and other areas being affected, next is the process of feature extraction extracts 

various feature such as PSNR, MEAN, Entropy, standard deviations, etc.. CNN via 

classification and identification. After classified tumors, tumor size will be calculated based 

on the count of white pixels in the image. 

 

2. Related Work 
 

Li et al. have presented a method to make nosologic images of the brain utilizing 

magnetic resonance spectroscopic imaging (MRSI) information in an unsupervised way. 

Distinctive tissue patterns were recognized from the MRSI information non-negative 

matrix factorization and were then coded as diverse primary colours in an RGB image. 

The methodology was valuable in helping glioma finding, where a few tissue patterns, for 
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example, normal, tumour and necrotic tissue were presented in the same voxel/range[3].  

Gholipour et al. have displayed a constrained, multi-atlas, multi-shape automatic 

segmentation strategy that particularly tended to the test of portioning different structures. 

It sought after comparative force values in subjects with solid anatomic variability. Huang 

et al. have proposed an automatic tumour segmentation strategy for MRI. This strategy 

treated tumour segmentation as a classification issue[2]. 

C. Hemasundara Rao et.al, suggests an automated method for detecting and segmenting 

affected the brain tumor areas. There are three stages in the proposed method: 1. initial 

segmentation 2. Modeling of energy functions and 3. Optimizing the energy function. To 

achieve reliable segmentation, the information present in T1 and FLAIR MRI images are 

being utilized. CRF (Conditional random field) based framework is employed to merge 

the information existing in T1 and FLAIR in the probabilistic region [4]. Atiq Islam et.al 

suggests using the new MultiFD (multi-fractal) feature extraction and enhanced AdaBoost 

classification schemes for brain tumor detection and segmentation. By making use of the 

MultiFD feature extraction strategy, the brain tumor tissue-texture is extracted. The 

enhanced AdaBoost classification methods are adopted to detect if the brain tissue is tumor 

affected or not. The scheme exhibits high complexity [5]. 

Meiyan Huang et.al presents using the LIPC (local independent projection-based 

classification) method for classifying the voxel of the brain. Also using this method, Path 

feature is extracted. Explicit regularization need not be performed in LIPC. Low accuracy 

is achieved [6]. Bjoern H. Menze et.al, presents new brain tumor segmentation also 

referred to as a multimodal brain tumor segmentation scheme. The various segmentation 

algorithm is being combined to gain better performance in contrast to the existing method.  

Still, it depicts high complexity [7]. 

Shamsul Huda et.al presents hybrid feature selection using ensemble classification for 

performing brain tumor diagnosis. For acquiring decision rules, decision Tree, 

GANNIGMAC, Bagging C based wrapper approach are adopted and the decision rules 

are simplified by making use of hybrid feature selection that merges (Decision Tree+ 

MRMR C + GANNIGMAC + Bagging C) [8]. Sergio Pereira et.al presents automated 

methods for brain tumors identifying and type cataloging by utilizing MRI images of the 

brain right from the initial time when one could attempt to scan and freight medical images 

in the computer system. On the contrary, NN (Neural Networks) and SVM (Support 

Vector Machine) being the commonly adopted methods lately as they offer better 

performance [9]. 

J. Seetha et.al put forth the usage of MRI images for brain tumor diagnosis. The MRI 

scan usually produces data in abundance which makes the manual classification process 

of tumor vs non-tumor very time consuming. Though it offers precise quantitative metrics 

for restricted no: of images. Therefore there arises a need for automated and trustworthy 

classification approaches to reduce the human death ratio. The automated brain tumor 

classification tends to be very complex in the large spatial and structural inconsistency of 

nearby areas of brain tumors. Herein, proposed an automatic brain tumor detection 

approach by adopting the CNN classification [10]. N. Varuna Shree et.al targets noise 

removal technique, extraction of GLCM(gray-level co-occurrence matrix) features, brain 

tumor region growing segmentation (DWT- based)for minimizing the complexity and 

enhancing the performance. Subsequently, morphological filtering has employed that aids 

in noise removal which may get build up after segmentation. The probabilistic neural 

network classifier is being utilized for training and testing the accuracy performance for 

detecting tumor location concerning the MRI images of the brain [11]. 

Zhenyu Tang et.al presents a new framework of MAS(multi-atlas segmentation) for 

MR tumor brain images. MAS basically works by registering and fusing label information 

from numerous normal brain atlases into a new brain image for the process of 
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segmentation. Mostly it is framed for normal brain images, though the tumor brain images 

remain a challenging concern for it. For resolving this concern, at the initial level of the 

MAS framework, a new low-rank method is being adopted for retrieving the recovered 

image of the normal brain from the MR tumor brain image relying upon the normal brain 

atlas information. In the next step, normal brain atlases are being registered for recovering 

the image without being affected by tumors [12]. 

Baljinder Singh et.al have initially presented, the process of pre-processing wherein 

there is noise elimination from the images by employing a fuzzy filter and a new mean 

shift based fuzzy c-means algorithm which requires low computing time span and offers 

better segmentation output in contrast to traditional techniques. The above segmentation 

techniques have a mean field phrase in the traditional fuzzy c-means objective function. 

Since it’s possible for the mean shift to locate cluster centers quiet easily and promptly, 

all the techniques can carry out the effective diagnosis of the image area [13]. 

Garima Singh et.al presents a technique to classify and analyze the image de-noising 

filters like the Adaptive filter, Median filter, Un-sharp masking filter, Averaging filter and 

Gaussian filter that are employed to eliminate additive noises prevailing within the MRI 

images which include: speckle noise, Gaussian, Salt & pepper noise. PSNR and MSE are 

utilized for comparing the de-noising performance of all the strategies taken into account. 

For successful brain tumor identification, a novel idea is being recommended by making 

use of normalized histogram and segmentation via the K-means clustering algorithm. 

Naive Bayes Classifier and SVM are adopted for classifying the MRIs effectively, thereby 

offering precise prediction and classification [14]. 
 

3. Proposed Work  

The flow diagram for the proposed Brain Tumor image segmentation using 

Convolutional Neural Network (CNN) is shown in Figure 1. 

 

Figure 1. Proposed System 

 

 

 

Input 

Image 

Pre-processing Segmentation Feature Extraction 

Classification Type of Tumor Size of Tumor 
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3.1. Pre-processing 

 
3.1.1. Removal of Noise 

 
  The major contribution of this work is to provide more information from strepitous 

image in the Bilateral framework to boost up the performance. This prompted the present 

work to cull RST to get imprecise edge information that is expected to include authentic 

edges. The granule information processing of RST avails to visualize the possible presence 

of edge or heterogeneity in the granules. Granules are defined as minuscule image blocks 

of size either 2 × 1, 1 × 2 or 2 × 2 etc. The RST predicated approach, with the avail of 

granules, provides partitions in the image to engender lower and upper approximations of 

the object. These are kenned as object lower and upper approximation set. Note that, lower 

estimation collection will be enclosed in upper estimate collection. 

The distinction of both approximations provides a likely edge region for a 

selected item or class present within the image. Here, in this work, we considered four 

major class/objects namely, CSF, White matter, Gray matter and Background in the 

encephalon MR images. The entire pre-processing procedure is given below 

 

1. Estimate approximate thresholds from the strepitous image histogram utilizing parzen 

window approach. 

2. Optimize each threshold discretely utilizing rough entropy criteria  

𝑅𝐸𝑇 = −
1

2
[𝑅𝑂𝑇 log𝑒 (

𝑅𝑂𝑇
𝑒
) + 𝑅𝐵𝑇 log𝑒 (

𝑅𝐵𝑇
𝑒
)]                                                              (1) 

 

3. Binarize the image with veneration to each optimized threshold. For each threshold, 

assign 1 if pixel value is more preponderant or identically tantamount to the threshold, 0 

otherwise. 

4.Combine assigned symbols (1 or 0) of every pixel for all thresholds. This will lead 

to representing every pixel by means of a binary string of duration K, if there are K 

thresholds. 

5. Classify all binary strings and there by way of pixels. Strings 

having identical symbol at equal position may be classified as equal class. 

 

3.1.2. Removal of Nonbrain Tissues 

 

Nonbrain tissues such as fat, skull, or neck have intensities overlapping with intensities 

of brain tissues. Therefore, the brain has to be extracted before brain segmentation methods 

can be used. is step classifies voxels as brain or nonbrain. The result can be either a new 

image with just brain voxels or a binary mask, which has a value of 1 for brain voxels and 

0 for the rest of tissues. In general, the brain voxels comprise GM, WM, and CSF of the 

cerebral cortex and subcortical structures, including the brain stem and cerebellum. The 

scalp, dura matter, fat, skin, muscles, eyes, and bones are always classified as nonbrain 

voxels. The common method for brain extraction is to use prior information of the brain 

anatomy. A deformable template can be registered with an image and nonbrain tissue is 

then removed by transferring the brain mask from the template. However, brain extraction 

using a probabilistic atlas is usually not very accurate and can cause misclassication around 

the brain boundary. An alternative method for extracting the brain is the brain extraction 

tool (BET), which is part of the publicly available so ware package FSL. In is method and 

the center of gravity of the brain and then inmates a sphere until the brain boundary is found. 

It has been proven to work in practice on good quality -W and -W images of the adult brain. 
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3.2. Segmentation 

 

Fundamental components of structural brain MRI analysis include the classification of 

MRI data into specific tissue types and the identification and description of specific 

anatomical structures. Classification means to assign to each element in the image a tissue 

class, where the classes are defined in advance. The problems of segmentation and 

classification are interlinked because segmentation implies a classification, while a classier 

implicitly segments an image. In the case of brain MRI, image elements are typically 

classified into three main tissue types: white matter (WM), gray matter (GM), and 

cerebrospinal fluid (CSF). The segmentation results are further used in different 

applications such as for analyzing anatomical structures, for studying pathological regions, 

for surgical planning, and for visualization. 

 

3.2.1. K-means Algorithm 

 

This section briefly expounds the rudimental theory of K-denotes clustering. Let 

A={a | i=1,…,f} be attributes of f- dimensional vectors and X={xi | i=1,…,N} be each data 

of A. The K-designates clustering dissevers X into k partitions called clusters S={Si, 

i=1,…,k} where M ∈ X is M of si, where n(si={mij | j=1,…, n(s) is number of members for 

si)} as members. Every cluster has C={c | i=1,…,k}. C is center cluster. K-Means clustering 

algorithm can be described as follows : 

 

1. Initiate its algorithm by engendering arbitrary starting points of initial centroids C. 

2. Calculate the distance d between X to cluster center C.  

Euclidean distance is commonly used to express the distance.  

3. Separate x for i=1..N into S in which it has minimum d(xi,C). 

4. Determine the incipient cluster centers ci for i=1..k defined as: 

𝐶𝑖 =
1

𝑛𝑖
∑ 𝑚𝑖𝑗 ∈ 𝑆𝑖
𝑛(𝑠𝑖)
𝑗=1                                                                                                      (2) 

5. Go back to step 2 until all centroids are convergent.  

The centroids can be verbalized converged if their positions do not transmute in the 

iteration. It additionally may stop in the t iteration with a threshold ε  if those positions have 

been updated by the distance below ε: 

|
𝐶𝑡−𝐶𝑡−1

𝐶𝑡
| < 𝜀                                                                                                                      (3) 

3.3. Feature Extraction 

The wavelet was used to examine dissimilar frequencies of an image using diverse 

scales. Here, in this paper  discrete wavelet transform (DWT) is used to feature extraction. 

It was worned to extract coefficient of wavelets from brain MR images. The wavelet restrict 

frequency information of signal role which was more important for classification. 2D 

discrete wavelet transform was applied that resulted in four subbands LL(low–low), 

HL(high– low),LH(low–high), HH(high–high) with the two-level wavelet decomposition 

of Region of Interest (ROI). The 2D level decomposition of an image displays an 

approximation with detailed three images that represents low and high-level frequency 

contents in an image, respectively [25]. The wavelets approximations at first and second 

level are represented by LL1, LL2, respectively; these represent the low-frequency part of 

the images. The high-frequency part of the images are represented by LH1, HL1, HH1, 
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LH2,HL2 and HH2 which gives the details of horizontal, vertical and diagonal directions 

at first and second level, respectively. We have used low-level image, where LL1represents 

the approximation of original image and is further decomposed to second-level 

approximation and details of image. The process was repeated until we obtained the desired 

level of resolution. By using 2D discrete wavelet transform, the images were decomposed 

into spatial frequency components were extracted from LL subbands and since HL 

subbands have higher performance when compared to LL, we have used both LL and HL 

for better analysis which describes image text features [26]. The different frequency 

components and each component were studied with resolution matched to its scale and 

expressed as: 

𝐷𝑊𝑇𝑝(𝑠) = {
𝑑𝑖𝑗 = ∑𝑝(𝑠)ℎ ∗ 𝑖(𝑠 − 2𝑖𝑗)

𝑑𝑖𝑗 = ∑𝑝(𝑠)𝑔 ∗ 𝑖(𝑠 − 2𝑖𝑗)
                                                                        (4) 

The coefficients di,j refers to the component attribute in signal p(s) corresponding to the 

wavelet function, whereas bi,j refer to the approximated components in the signal. The 

functions h(s) and g(s) in the equation represent high-pass and low-pass filters coefficients, 

respectively, while parameters i and j refer to wavelet scale and translation factors. 

3.4. Convolutional  Neural Networks 

 
Convolutional Neural Network is hired for segmenting the snapshots. It directly extracts 
features from pixel images with the least pre-processing involved. The network utilized 
is LinkNet which being a light deep neural network architecture that’s evolved to carry 
out semantic segmentation. The LinkNet Network carries encoder and decoder blocks that 
manipulate to split the image and re-construct again before it’s forwarded thru few final 
convolutional layers. CNN is a giant technique for deep learning that's being hired in 
photograph popularity applications. It involves basic techniques of convolution and 
pooling. Convolution and pooling layers are arranged until an excessive level of type 
accuracy is achieved. Moreover, few feature maps are recognized in every convolutional 
layer and weights related to convolutional nodes (inside the equal map) are being shared. 
Such arrangements provide comprehension of various network characteristics on the 
identical time preserving the no: of traceable parameters. CNN possesses much less 
precise tasks in assessment to the conventional strategies and enables in very well 
extracting features. Figure 2, depicts the CNN manner scheme. 
 
Algorithm for CNN based Classification 
 

Step 1: The convolution filter is applied in the first layer. 

Step 2: The filter sensitivity is minimized by smoothing the convolution filter that is by 

sub-sampling. 

Step 3: The activation layer controls the signal transfer from one layer to other layers. 

Step 4: The training period is being fastened by employing RELU (rectified linear unit). 

Step 5: The neurons in the proceeding layer is associated with each neuron in the next 

layer. 

Step 6:at the time of training, the Loss layer is appended in the end to provide feedback 

to NN (neural network). 
  

3.5. Evolution metrics 
         

The proposed CNNs performance is assessed with sensitivity, specificity and accuracy 
of the training and testing set and throughout the performance was examined by making 
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use of the following equations of brain tumor feature acquired, TN (True Negative) 
denotes prediction for the patients with no brain tumor and were detected with no brain 
tumor, FN (False Negative) denotes the prediction for the patients with no brain tumor 
but were detected with a brain tumor, TP(True Positive) denotes the prediction for the 
patients with a brain tumor and were detected with a brain tumor, and FP(False Positive) 
represents the prediction for the patients having brain tumor but were detected with no 
brain tumor. 

 
True Positive (TP): If the instance is positive and it is classified as positive 
False Negative (FN): If the instance is positive but it is classified as negative 
True Negative (TN): If the instance is negative and it is classified as negative 
False Positive (FP): If the instance is negative but it is classified as positive 

 
Sensitivity may be described because the measurement of exact identity of the MRI 
image that don't includes a tumor. The sensitivity, α is defined as follows:  

α =
𝑇𝑃

𝑇𝑃+𝑇𝑁
× 100                                                                                                                           (5) 

Specificity can be defined because of the dimension of exact identification of the MRI 

image that doesn't incorporate a tumor. The specificity, β is defined as follows:  

β =
𝑇𝑁

𝑇𝑁+𝐹𝑃
× 100                                                                                                                     (6) 

Accuracy can be described because the measurement of actual classification.. The 

accuracy, η is defined as follows:  

η =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
× 100                                                                                                        (7) 

 

3.6. Tumor Size Calculation 

In this process, the tumor size is calculate by using binarization method .It having 

only two pixel values like black and white. Here image size was maximum of 256 X 256. 

The binary image can be represented as a precis of total number of white and black pixels.  

 

Image= ∑∑ {[f(0)] + [f(1)]}             (8) 

 

Pixels = Width (W) × Height (H) = 256 × 256 

f (1) = white pixel (digit 1)  

f (0) = black pixel (digit 0)  

 

NWP= ∑∑[f(0)]                                                                                                               (9) 

Where,  

NWP = number of white pixels (width*height)  

1 Pixel = 0.264 mm  

The Size of the Tumor formula is  

Size_of_tumor_is, S= [(√P)*0.264]mm2 

 

4. Result and Discussion 
 

In this process, we have used two datasets, one was educated dataset and the one other 

was experiment dataset. These datasets were built by experienced radiologists; this includes 

sample images of 25 patients with different modalities. We have collected 125 samples of 
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DICOM dataset, of which 18 are infected tumor brain tissues and other images are 

uninfected for the analysis. 

Initially, the test query brain MRI is to be received from the user, then pre-processing, 

segmentation, feature extraction done as mentioned above. Finally, the classification 

approach is applied on the given query image. Then CNN classifier approach is used to 

tactically assign exactly one label to each instance. In the Brain MRI classification after 

gathering images we have to apply various image processing techniques in both training 

and testing phase. Techniques followed in these phases are, pre-processing, image 

segmentation, Feature  extraction and CNN. The pre-processing and feature extraction 

techniques done with  both training and testing data. When an input image is given to the 

proposed system the input images are checked by image used in the training phase. Initially 

the image identifier detect the type of image and then it search for the presence of related 

images in the database. If the related image is found it collect all of them then send both 

input image and images from database for pre-processing. By these step noise and extra 

cranial tissue present in the image are removed, it shows in the Figure 2. Then segmentation 

process k-means algorithm will segment the input image, it displayed in the Figure 3. Then 

the major features are extracted using DWT. After that CNN classifier categories the input 

image affected by the which type of tumor. Whether it will be benign tumor or malignant 

tumor, it is in the Figure 4. Finally, size of the tumor in the Figure 5.  

 

Figure 2. After Preprocessing 
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Figure 3. Segmentation 

Figure 4. Type of Tumor using CNN 
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Figure 5. Size of Tumor 

Table.1 contains 10 sample classified images with the calculation of the area that 

was tabulated in Table 1. The stage of the tumor is based on the area or size of the tumor. 

Here considered that, if the area is greater than 6.00mm it will consider being the critical 

stage of the tumor. And also performance analysis in the same table for the same images. 

A lower value of MSE and a higher value of PSNR indicate better signal-to-noise ratio in 

the extracted image.   

Table 1. Analysis of samples classified images 

Images PSNR MSE Area of image 

in pixel 

Area of 

tumor 

region in 

pixel 

Size of 

tumor 

mm2 

Image 1 14.011 6.121 39,240 7698 23.16 

Image 2 13.82 3.116 67,824 9874 26.23 

Image 3 14.12 8.068 50,508 7423 22.75 

Image 4 13.86 4.77 50,388 1056 8.56 

Image 5 13.79 5.84 24,964 464 5.69 

Image 6 13.82 7.79 50,429 3698 16.05 

Image 7 13.99 6.92 50,298 6130 20.67 

Image 8 14.004 7.35 35,040 13,923 31.15 

Image 9 14.066 6.215 50,544 6534 21.34 

Image 10 14.03 6.172 16,384 2497 13.70 

 

5. Conclusion 

The proposed classification system with the effective classification technique classifies 

the normal and abnormal MRI brain tissues. Also it calculates the size of the normal tissue.  

The performance of this classifier system in terms of statistical measures such as sensitivity, 
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specificity and classification accuracy was analyzed. The results are specified that the 

proposed work produced 95% specificity, 98% sensitivity and 97% accuracy. Our proposed 

classifier system is a promising technique for image classification in a medical imaging 

application. 
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