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Abstract

In a wide range of diagnostic and therapeutic applications, automatic fault detection in MRI (Magnetic
Resonance Image) is currently crucial. This research describes a new automated brain tumor detection method
that can detect any irregularity in the brain. Here are a number of qualities that represent a picture of the brain.
For image retrieval based on visual characteristics, the Content-Based Image Retrieval (CBIR) methodology is
used. The goal of this system is to make picture retrieval easier based on content attributes (such as form,
colour, and texture), which are conventionally recorded in feature vectors. The features of each image in the
database are extracted and compared to the features of the query image in this article. The image that is most
similar to the input image and its definition is the software output. The program's ability to provide a good
definition for a fresh input picture was assessed. It has a 98 percent productivity rate

Keywords: Brain tumor retrieval, Content Based Image Retrieval (CBIR), CBMIR, Feature Extraction, Shape,
Segmentation,  Texture.

1. Introduction

Medical imaging, according to estimations, plays a substantial influence in improving the yield and
sensitivity of tumor identification in a short amount of time. The two types of medical imaging are anatomical
and physiological imaging. Anatomical imaging includes CT, Ultrasound, and MRI. MR imaging is a great
choice because of its ability to reveal distinctions between, high resolution, good contrast, and non-invasive
methodology for using no ionisation rays (Ramandeep K. Grewal, and Navneet Randhawa, 2012). The MRI
image is a high-contrast image that exhibits normal and irregularity, allowing you to see how each limb's edge
overlaps. Correctly identifying and segmenting brain tumor with MRI is difficult (AmirEhsan Lashkari, 2010).
The major purpose of this project is to create, implement, and test a robust method with a complete pattern for
extracting varied aspects that improve tumor diagnostic accuracy while looking at MR images. Various of the
variables that can cause noise and artifact in MR pictures include inhomogeneous magnetic fields, patient
motions during imaging hours, thermal noise, and the presence of some metal artifacts in the imaging setup.
These are the most typical types of computational errors in automatic or semi automated image analysis
methods, and they must be avoided prior to any analysis utilizing pretreatment approaches. The scalp was
removed in the second stage of preprocessing, which entailed scraping the outer layer of the brain. Because it
will affect the algorithm's performance, this piece must be removed first. Segmentation is the third and most
important step in the procedure. The segmentation task becomes more difficult when attempting to derive
typical judgement borders on various entity kinds in a sequence of photos. Because of the varied configurations
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of various cells such as white matter (WM), grey matter (GM), and cerebrospinal fluid, extracting meaningful
characteristics from brain MR images is difficult (CSF). The intensity of brain MR pictures is a critical factor
for discriminating between different types. G Vijay Kumar and Dr GV Raju (2010), on the other hand,
discovered that employing the strength function alone to segment complicated brain and tumor in a single
modality MR image is insufficient. The extraction of successful features is required for effective image
segmentation. Some of the features used in this study are mean, volatility, entropy, texture value, and DWT
(Discrete Wavelet Transform) value. A storage structure is used to keep track of an image's characteristics.
CBIR (Content-Based Image Retrieval) systems find photos that are identical to the one that the user has picked.
One of the main advantages of this strategy is the possibility of using an automated retrieval mechanism.

2. Architecture of CBIR System

Thanks to advancements in data management and image capturing technology, large image datasets are now
possible. In order to deal with these records, it's critical to set up suitable computer systems to handle them
properly. Image searching is one of the most important resources that such networks would supply. Database
and image processing analyses, as well as the resolution of difficulties ranging from storage to user interface
design, are all part of the development of CBIR systems (M. Das et al., 1999). Photos are particularly
challenging to manage because, in addition to taking up a lot of space, retrieving them is a procedure that is
dependent on the application and context. It necessitates the transformation of high-level customer expectations
into taking up a lot of space, retrieving them is a procedure that is dependent on the application and context. It
necessitates the transformation of high-level customer expectations into low-level image attributes. Image
indexing is also more than only string processing (as in traditional Content-Based Image Retrieval (CBIR)
Method Aided Tumor Identification 331 textual databases). Numerical values for the n features are commonly
employed to index visual properties, and the picture or entity is then represented as a point in an n-dimensional
space (Y. A. Aslandogan and C. T. Yu., 1999). Multi-dimensional indexing algorithms and standard similarity
metrics are two things to think about. The primary challenges in this work are the specification of indexing
algorithms to speed up image retrieval and the query specification as a whole. Figure 1 shows A content-based
photo retrieval system's standard design. Data injection and query processing are the two key features
mentioned. In the picture store, the data entry subsystem collects and saves relevant functionality from photos.
Normally, this procedure is carried out offline. The database processing is organised in the following way: A
query pattern can be used to generate a query, and the gui can be used to visualise the obtained relevant photos.
The query-processing module derives a feature vector from a query pattern and compares the query image to
database images using a metric (the Euclidean distance). The database photos are then sorted by decreasing
similarity to the query image, with the images that are most closely related being sent to the interface module
first.
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Query Pattern Similar Images
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Figurel: Typical Architecture of Content-Based Image Retrieval System
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3. THE PROPOSED METHOD

The purpose of this research is to see if combining our new fractal-based features with intensity
characteristics can help with tumour segmentation and classification in multimodal paediatric brain MR images.
The following five measures were proposed to achieve this goal: I MR image filtering, (ii) skull MR image
extraction, (iii) feature extraction, (iv) multimodal feature fusion and image segmentation, and (v) tumour or
non-tumor categorization Figure 3 depicts the entire algorithm flow diagram. The implementation specifics of
the modules are covered briefly in the following paragraphs.

K-means Clustering:

K-means clustering is a straightforward and commonly used technique for unsupervised machine learning.
On the other hand, unsupervised algorithms infer from datasets only on the basis of input vectors, without than
referring to known, or labelled, outcomes. By computing centroids and iterating until one is discovered, the K-
means clustering approach selects the optimum centroid. The number of clusters is expected to be known.
Another term for it is the flat clustering algorithm. The letter 'K' indicates the number of clusters discovered by
the K-means algorithm. The data points are clustered in this technique to minimise the total squared distance
between them and the centroid. It is crucial to keep in mind that less disparities between clusters correlates to
more comparable data points within each cluster. The next stages will assist us in comprehending the K-Means
clustering technique.

Step 1: We must first indicate the amount of clusters that this approach must generate, K.

Step 2: At random, choose K data points and assign them to a cluster. To put it another way, classify the data
based on the number of data points.

Step 3: The cluster centroids will now be computed. Step 4: Repeat the preceding stages until we find the
ideal centroid, which is the assignment of data points to non-changing clusters.

* 4.1 To begin, compute the sum of squared distances between data points and centroids.

* 4.2 Now we must assign each data point to the cluster that is most closely related to the others (centroid).
* 4.3 Finally, compute the cluster centroids by averaging all of the cluster's data points.

While working with K-means algorithm we need to take care of the following things —

e  When using clustering algorithms like K-Means, it's a good idea to standardise the data because these
algorithms employ distance-based measurements to establish how similar data points are.

. Because of the iterative nature of K-Means and the random initialization of centroids, K-Means may
cling to a local optimum rather than converge to the global optimum. As a result, multiple centroids
initializations are advised.

. The mean clustering procedure splits objects into K categories Kc = c¢1, ¢2,..., ck, with each ck having a
cluster centre k; calculate the sum of the squares of the distances from the points in the class to the cluster centre
k using the Euclidean distance formula:

Mean (ct) = Y [ai - "

TiCp

. Clustering aims to reduce distance by minimising square sum mean (Kc) = k=1Kmean (ck)k=1Kmean
(ck). In this work, the clustering approach is to replace the original values of the same kind of pixels with their
predetermined values (colours), using each RGB colour component as an input parameter to replace the pixels
of the same kind of the original image. The resulting categories are grouped together on an image rather of
being displayed one by one.

Texture: This method uses the k-means clustering methodology and the co-occurrences feature to
automatically segment textures. The grey level co-occurrence information yielded a set of eight features. Two of
them are proposed here to improve magnetic resonance (MR) picture segmentation performance. MRI images
are presented in a grey-scale format. The grey-level co-occurrence matrix is the most prevalent class of textural
features (GLCM). The GLCM s defined as the combined likelihood of two grey level values happening at a
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given offset (in terms of both distance and orientation). It's calculated as follows over a m x n image,l at a
distance d and an orientation o:

‘ S| L if [(xy)=iand I(x}y) =]
Cao = Zz[ (), otherwise

3= y=l

where x' and y' are derived from x,y,d, and, 1 x'n, 1 y'm, and 1 | j g 1. The number of various grey levels in
I, or quantization levels, correlates to the value of g. The GLCM has gxq elements and is a square matrix. Each
element & C(d,)(i,j) in the GLCM reflects the number of occurrences of the grey-level pair(i,j) in | at distance d
and orientation according to this specification. These values can be translated to probabilities, and element C(d,)
(i,j) denotes the likelihood of the grey-level pair (i,j) appearing in 1.

Shape: K-means doesn't really perform well with elliptical clusters because it assumes spherical clusters
(with a diameter distance moved between the centroid and the farthest data point). K-means is used to partition
pieces of data into distinct, quasi subgroups. It works magnificently well when the cluster are spherical in shape.
However, it comes from the fact that the geometric geometries of clusters differ from irregular shape. Form is a
critical low-level visual feature of images. Contour-based or region-based approaches could be used to extract
shape features. When an object's shape information is contained within its bounds, contour-based feature
extraction methods are applied. These techniques extract the pixels that exist on an object's boundary. These
techniques retrieve shape information from all pixels included within a given object. The shape signature
function is used to compute the boundary pixels in this method. By defining border coordinates, the edge
detector and boundary tracer are employed to compute boundary pixels. As a result, the following collection of
border pixels can be constructed and labelled:

P={(x(®), y(®) [t e [1, N]}
The number of boundary pixels is N. The form signature function is then computed from the collection of
boundary pixels P.

The centroid of the shape of the set P, represented by (Xc, Yc), is computed using the centroid distance
method as follows:

The distance between each pixel in the set P and the centroid point, indicated by r(t), is then computed as
follows:

1 N-l ] N-I
Xe=—LX(t) | Yo=—1 Y1)
N =0 N =0

Then, we compute the distance between each pixel in the set P and the centroid point, denoted by r(t) as
follows:

(1) = \/[x(:) S IR

=12,.,N

It I ]

Next, the discrete Fourier transform is computed as follows.

1 ~ —2jrnXt
a, = —Zr(t)exp(———),
N = N

n=0012..,N-1

where r's Fourier converted coefficients are denoted by an (t).

The initial Fourier transformed coefficient a0 is then used to normalise the Fourier transformed coefficients.
The coefficients of standardised Fourier transformation, abbreviated as bn, are computed as follows.
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b,=la,’ a,l

The Fourier descriptor is used to compute shape features and the shape feature vector FD.
FD = {p; | i €[0,N/2-1] }

Boundary: Linear and non-linear classification problems are the two types of classification problems. You
can draw lines, planes, or hyperplanes to correctly classify all of your data points in a linear issue (depending on
the number of dimensions in your problem). It's impossible to do in a non-linear problem. As you may know,
decision boundaries are defined as lines, planes, or hyperplanes. Linear decision boundaries make up the
Voronoi diagram produced by K-means clustering.

The decision boundary points will be equidistant from both the C1 and C2 centres. So there you have it.

X~ CylI2 = IIX = C,I?
X112 + 1C, 117 = 2C;. X = [|X|12 + [IC,]I* - 2C,. X
2C;=Cy). X + IGI2-IC,I1 =0
(IC,IP=1IC, 11D

(€=C)X + ———— =0

WX+C=0
(ICI* = 1IC, 1P

this is a hyperplane with W = (C;-C,) and C = 2

B:-Otsu's Binarization Method:

Otsu's technique is an adaptive thresholding solution for image binarization. It may calculate the optimal
threshold value for the supplied image by examining all threshold values (from 0 to 255). Grayscale is assumed
for the submitted image. To begin, convert the RGB source image to grayscale. It's worth mentioning that the
value of a pixel can range between 0 and 255. To keep things simple, we'll assume the pixel value is less than 5
and has nothing to do with the color displayed in the example.

image histogram

01234

Utilize the same histogram as an example. When T=2 is used as the threshold value, the image is separated
into two classes: Class 1 (pixel values equal to 2) and Class 2 (pixel values greater than or equal to 2). We can
say that these two classes represent the background and foreground of the input image, respectively. (If the
foreground is lighter than the backdrop, Class 2 may be used as the backdrop.)

_ E( Xi- )’
N

Variance; ¥i is the pixel value, | is the mean, and N is the number of pixels in ene image

o2

The variance within each class (Vw) indicates
how evenly distributed the data is. The smaller the value of Vw, the less scattered the data in each class is
(background and foreground). As a result, finding the least value of VVw is the best technique for determining the
ideal threshold value. This is an example of how to compute Vw.
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"Overall variance" (Vt) is another technical term that refers to the total variance in a single image. Because
the variation is either within or between classes, Vt-Vw=Vb, of course. Because Vt is constant in one image and
Vw is low in another, Vb should be the highest. The image has two classes: background and foreground, as we
already know. Verify that Vb is at a bare minimum. It indicates that the dispersion between two classes is the
least (it is not a good result). Vb should, as a result, be as high as possible. An example of how to compute Vb is
given below.

Between class variance
# if pixels are classified into N classes (categories),

then the between class variance (Vi) = Vr-V,,
where Vr is the total variance

# if pixels are classified into 2 classes,
then the between class variance (V) = W Wa(j1,-p2)?

class 1 class2 | W,=5/9 W.=4/9

: I =1 M==13/4
: 1 , s 13.,.
V= »%-»(1—3‘)-: 1.25

34

151

C:-Otsu’s Segmentation Method:

Japanese researchers proposed the OTSU technology (OTSU) in 1979 as a global adaptive binarization
threshold image segmentation algorithm. The threshold selection rule in this approach is based on the largest
inter class variation between the background and the target image. The OTSU methodology is an alias for the
greatest between-class variance method, which is based on the same principle. It divides the image into
foreground and background based on its grey scale features. When the best threshold is selected, the disparity
between the two halves is the greatest. The OTSU approach employs the highest inter-class variance, which is a
widely used standard metric. Because variance is a critical metric of uniform grey distribution, the larger the
variance value, the larger the gap between the two sides of the graph. If some targets are incorrectly sorted into
backgrounds or some backgrounds are incorrectly divided into targets, the gap between the two halves will
narrow. As a result, as long as the variation between clusters is maximised, the chances of misclassification are
reduced, resulting in flawless image segmentation.

The following is a description of the core premise of OTSU-based threshold segmentation: The total number
of pixels N in the image is if the image's grey scale range is | = 0,1,...,L. 1 and the number of pixels with grey
scale k is nk.

L—1
AN 9 9 . 4 q - - . - 1
N = Z ng = ng + ng TLr_1

=0
The probability of gray level k's occurrence is

. This ny,
P =N = i

The gray level threshold Tcan be used to divide the gray level of an image into two parts :
Co=(0,1,2,...,t), and

Ci=(t+1t+2,...L-1), then the probability and mean of the class Co and C; are as follows:
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wo — Py (Co) — S pi — w(t)
¥ O
1
o . (Ch) ) 5T oy 1 o ()

i Swg = g Sw ()

(1)

—, e 'y . L2
wy = R B P
1 (£}

Among them,
r—1

L —1
wit) = > dipi,ur = > dipy
i==I00 2=

For any value of t, the following formulas are met:

wytlg + unuy = up,wy +wp =1
When summing the variances of Cp and Cy, the following formulas can be

used:

2 N 2
gy =2 (i —uo) pifun
i=1

L1

N ) s
o= > (i—w)pi/fw
i1
The inter-class variance is defined as
2 _ 2 2
oh = wpoy +wio;

Then the inter-class variance is

2 2

) \2
oy = wyug +ur)” +w(u +ur)” = wow) (u — ug)
The population’s inter-class variance is

2 __ 22 2
Op =0p + 0w

Introduction of decision criteria on t:

A(E) :—
n(t)= 2

It's not difficult to see how the three criteria given above are interchangeable. All agree that the best value t
isolated from the classes CO and C1 is the best threshold value. As a result, (t), (t), and (t) are the maximum
judging criteria (t). Because B2 denotes first-order statistical features and w2 denotes second-order statistical
traits. Because w2 and B2 are functions of the threshold value t, while T2 is unrelated to the value of t, using (t)
as the criterion is the simplest, and it may be used to find the best threshold value t.

t* = argyes<y 1 maxn (t)
The optimal threshold value t of t can be attained when B2 is the greatest value, as can be seen from the
above deduction.
D: Otsu's Thresholding Method:

Nobuyuki Otsu's (tsu Nobuyuki) technique is used in computer vision and image processing to do automatic
picture thresholding. In its simplest form, the technique provides a single cutoff of intensity that divides photons
in 2 groups: focus and background. This limit is obtained by decreasing the variance of intra-class intensity
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while increasing the variance of inter-class intensity. The strategy is aimed at minimising intra-class variation,
which is defined as the weighted sum of the variances of the two classes.

rult) = (i) i)
Weights wy and uy are the probabilties of the two classes separated by a freshold £ and crg andof are variances of tese two Classes

The cass robabity g 1) s computed rom te L bins ofthe istogean

{-1
)= Y o)
i=0

-l
wf)= ZPU)

For 2 classes, minimizing the intra-class variance is equivalent to maximizing inter-class variance:
op(t) = 0% — o (t) = wolpo — pr)* + wi(p — pr)?
= wo (£)wr (£) [0 (t) — pa (£)]°

This is represented in terms of class probabilities w and class means, where 0(t), 1(t), and T are the class
means:

S8 dp(d)

e () = oo (£)
ST dp(E)
pey () = o1 (2)
L1
pr — > ipli)
i—0

The following relations can be easily verified:

Wppo + W = pr
wp +wqy =1
It is possible to compute the class probabilities and means iteratively. This concept results in a useful
algorithm.
existing system

We now have a plethora of content-based image retrieval technologies. Some were developed in research
labs, while others are commercially available systems. contains facts about current systems, and contains a more
detailed overview of existing systems, as seen below. The following are some examples of CBIR systems that
are currently in use:

1. The first publicly accessible content-based retrieval system is Query by image information, or QBIC.
Users will ask and refine queries graphically based on qualities such as colour, texture, and form.

2. Visual SEEK and Web SEEK were also developed at Columbia University, with Visual SEEK being a
visual feature search engine and Web SEEK being a text/image search engine.

3. Virage: It's a content-based image search engine that can combine colors and textures.
4. Color, form, and texture matching are all assisted by NeTra.

5. Color, texture, spatial arrangement, and shape matching are all supported by MARS: Multimedia
Analysis and Retrieval System.
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4. Literature Survey

A content-based image retrieval (CBIR) system is a database management system that returns images based
on picture content similarities to the query image. The purpose of CBIR is to uncover new content-based image
retrieval applications and methodologies, as well as to provide an up-to-date overview of various content-based
image retrieval systems. Almost all CBIR systems use query by example, in which the user sends the device the
question image. Relevance Feedback, Support Vector Machine, Gray Level Co-Occurrence Matrix, Gabor filter
method, and other image retrieval approaches have been developed. According to tests, a CBIR device with an

entropy function has an accuracy of 82 percent.

5.The Experimental Results

Result 1:

Input image

Samplel

Input as MR Image.

Bounding Box

Filtered image

Sample2
MR Image after Filter.

tumor texture

Sample3
The region inside the
light yellow rectangle

contains a tumor.

Tumor shape

Detected Tumer

Displaying the high level

feature of tumor.

Sampled
Visual tumor results of
low-level features

learned in the this block.

Sample5
Sample6

The tumors are indicated by

the red region in above image.
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Input image Filtered image

tumor texture Tumor shape

Sample7

Result 2:

Input image Filtered image

tumor texture Tumor shape

Sample8
Result 3:

Input image Filtered image

Bounding Box

Bounding Box

Bounding Box

tumor texture Tumor shape
Sample9
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Result4:

Input image

Filtered image Bounding Box

Tumor shape Detected Tumer
tumor texture -

Sample 10

6. Explaination:

In the following tests, category retrievals of brain tumours in various viewpoints were performed separately,
and retrieval performance was evaluated using fivefold cross-validation. All of the experiments were ran five
times, and the final results were published as the mean and standard deviations of the individual runs' results. In
the transverse view, 1239 pictures were used for training and testing. The brain MR scans of 1239 patients make
up the input dataset. After checking the dataset, 259 tumour identified photos and 923 non-tumor detected
images were found. There are also 57 photos that are neutral.

The above findings demonstrate the CBIR system's graphical user interface (GUI) as well as the retrieval
results for a specified query image. The hierarchical approach to similarity learning and extracting more
efficient features for describing the brain tumour kind improves the accuracy of the system. Incorporating an
indexing strategy based on modified K-means clustering also improves the efficiency of the system.

The results of the performance evaluation showed that combining features improves retrieval accuracy over
employing features separately. In addition, the various similarity measures were evaluated in order to determine
which one returned the most comparable photos. Exhaustive search was found to be inferior to the proposed
indexing strategy. As a result, the suggested CBIR system can be utilised in hospitals to assist radiologists in
accurately and quickly identifying brain cancers.

Vggle Loss

— train
s Validation

Vgglé Accuracy

0 0 0 60 a0 00 120

GRAPH 1
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Distribution of Image Ratios
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Ratio Value
graph 2

7. Applications of CBIR

CBIR technology has a wide variety of uses, some of which are described below:

1.Face recognition device that is automatic.

2.Medical diagnosis: identification of tumors, MRI, CT, and ultrasound

3.Satellite photographs and weather forecasts are examples of remote sensing.
4.Cartography: the development of maps from photos and the reconstruction of weather maps.
4.Digital Forensics: Comparing fingerprints for crime prevention

5.Rezistration of trade marks. 6.Art Collections: San Francisco Fine Arts Museum

8. Conclusion

A thorough MRI scan is essential for the right diagnosis and treatment of a brain tumour at an early stage. As
a result, this research presents a novel method for distinguishing between normal and malignant brain tumour
images. By selecting productive characteristics, the complexity of classifier construction can be considerably
reduced. For the purpose of evaluating brain texture, six features are retrieved. The suggested technique was
tested on, which uses a features-based approach to recover images. The proposed model is put to the test to
evaluate how well it can segment tumour textures. Statistical validation is demonstrated for tumour and non-
tumor brain MRI differentiation. Our experimental findings back up the usefulness of our innovative function
vector in creating a tumour brain prediction method.
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