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Objective: Accurate identiﬁcation of brain tumor and its heterogeneity is a critical task in planning for proper
therapy. A reliable fully automatic detection and analysis method for the brain tumor is necessary for an efﬁcient
measurement of the tumors and its extent. This paper presents a computerized approach to brain tumor-edema
detection and analysis from the MRI of brain sequences.
Method: Computer-aided diagnosis systems are focused on several research activities and the ideas of the study of
brain images with the diverse modality of heterogeneity by applying better image analysis algorithms. The
proposed automated modern approach includes several stages of image segmentation, area and volume calculation, and its location ﬁndings using statistical and unsupervised clustering prediction method.
Result: The outcome of the proposed computerized method is compared with reference images and gives very
promising results. Performance of our proposed methodology is also assessed with the gold standard recent
comparable method and our method gives better results in context to accuracy and error metrics.
Conclusion: The proposed method is capable of improving the overall detection, segmentation, and quantiﬁcation
of a variety of tumors for different cases from multiple standard datasets.

1. Introduction
In recent days, automated diagnosis involves in medical image segmentation to extract the abnormal lesions from magnetic resonance imaging (MRI) of brain. The types of tumors vary due to several
characteristics such as nature, volume, its shape, volume, number and its
locations of lesions. MRI offers an advanced concreteness of ﬂexible tissue composition to appropriate segmentation. The correct segmentation
methods have a high correlation with image modality and the signiﬁcance of tissues. Thus recognition of abnormalities is critical in diagnosis
and treatment due to the multiplicity of intracranial diseases including
brain tumor, edema, cerebral aneurysm, characteristics, vascular malformation, trauma, heterogeneity or changes in radio and(or) chemotherapy. Computer Aided Diagnosis (CAD) method has added a new
dimension to physicians for achieving a faster and more perfect
identiﬁcation.

The CAD is ﬁeld explicit because they are precise for a particular
category of diseases, focuses on a speciﬁc piece of the body and diverse
on diagnosis techniques. The diverse kind of input includes stated indication, pathological tests, health checkup, and brain images corresponding to their domain-speciﬁc areas. Development of such CAD
system is demanding because they unite the basics of segmentation,
artiﬁcial intelligence, machine learning, statistics, deep learning and MR
images analysis. This effort proposes a CAD structure to assist the radiologists in the recognition of tumors lesions in MRI scan from the human
brain to predict their natures. A number of the older mechanisms [1]
dealt with the problems of segmenting area of solid tumors. The earlier
effort was used by spatially biased k-means histogram-based clustering
method, while, in the later effort, the authors apply a multi-resolution
computer-generated annealing technique. A more modern work a
thresholding method based on Fuzzy C-Means (FCM) cluster [2] was used
to eliminate the entire non-brain area. The outcome of that clustering
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was fragmented into slices by median ﬁltering to reduce noise, and then
the highest entropy threshold was calculated for every slice to determine
the possible abnormal area as a tumor. The small defected lesion identiﬁcation within the high background intensity values makes an unsatisfactory result. It has experimented that extraction of shady irregularity
was not helpful as segmentation in light glow abnormal lesions. Generalized fuzzy c-means algorithm was [3] used together features selection
with the local spatial knowledge that was biased in connection with the
nearest component based on their Euclidian distance between different
features. The poor disparity, noisy, and heterogeneous intensity dissimilarity can change the outcome of automated method. Results of the
unsupervised learning segmentation appear to a comparative analysis
with typical unsupervised k-means techniques. K-means was less
important in the scientiﬁc background as a sign of the detection of
multivariate brain MRI can matters. The color transformed tumor segmentation with K-means cluster technology [4] was properly separate
tumor to assists pathologist to discriminate the lesion volume and its
quantiﬁcation correctly. Fast recognition technique based asymmetric
vicinity with respect to the estimated brain regularity plane was proposed [5]. It applied to many datasets with diverse abnormality extent,
intensities and locality to identify and segment very dissimilar types of
brain abnormality with similar types. Asymmetry based [5] outcome
comprise the detection method on a group of a spatial deformable model,
and leading to a speciﬁc recognition of the tumor. In the ﬁnal phase of
their work, the tumors areas were determined to ﬁnd out their locality
and grayscale statistics property. The result obtained was really cheering;
the authors were acknowledged that it was a premature effort. An
improved method was applied to improve the superiority of detection
with precise morphology to enhance the contrast in brain MRI. The
wavelets transform was used to segmentation techniques by breaking the
image into small sub-images [6]. The practical utility is that it can assist
in detecting tumors during huge sets of MR images of brain scans within a
very small time period.
The implication of heterogeneity of tumor lesion was observed in
cellular level, however dissimilarity in genetic appearance and nutrient
necessities can supply to a varied and active micro background, that was
previously been occupied as a main feature in chemotherapy confrontation. Authors had developed [7] a distinct cell biomarker implementation for a series of precise recognition of genetic appearance in
existing cells with no changing feasibility or intrinsic biology. A key part
of the heterogeneity detection was a suitable metric that (i) enables
comparisons of tumor shapes, (ii) provides tools for computing descriptive statistics and implementing principal component analysis on the
space of tumor shapes, and (iii) allows for a rich class of continuous
deformations of a tumor shape. The utility of the heterogeneity analysis
was illustrated through speciﬁc statistical tasks on a dataset of radiologic
images of patients diagnosed with glioblastoma multiform, a malignant
brain tumor with poor prognosis. In particular, that analysis discovers
two patient clusters with very different survival, subtype and genomic
characteristics [8]. Furthermore, it was improved by adding tumor shape
information into survival models containing clinical and genomic variables in predictive power.
A brain tumor segmentation [9] and categorization technique for
multi-modality MRI scans was proposed for heterogeneous tumor segmentation. From the pre-processing steps, the information was extracted
as intensity, the difference between intensity, locality and wavelet
texture. The incorporated features consequently offers to the decision
tree based categorization to guess ﬁve different classes: background,
enhancing tumor, necrosis, and tumor surrounded edema. Then
non-full-grow tumor and class labels were used to generate a tree data
structure to quantify full tumor, dynamic tumor and enhancing tumor.
Single cell sequencing (SCS) [10] was turned into a new loom to learn
biological tumor heterogeneity. The improvement in exercising for
particular cell separation, enlargement of transcriptase and sequencing
facilitates SCS to expose the inherent assets of a unique cell from a large
amount of the genome at very high resolution. In recent times, SCS is

broadly useful in diverse medical and investigation areas, such as
oncology, and prenatal analysis but SCS suffers from under segmentation.
In SCS analysis, authors discussed the growth of SCS techniques and
focus on the most recent clinical research uses of SCS.
To resolve the dispute of under-segmentation, a mutual histogram
based correction of the isotropic (I) and anisotropic (Q) mechanism of
diffusion tensor imaging (DTI) was proposed [11]. They investigate the
heterogeneous character of glioblastoma tumor with the mutual histogram and estimate their analytical values [11]. Pixels were mine from
DTI-I and -Q model was used to build mutual histograms, in contrast,
attractive and non-enhancing areas respectively. Their predictive values
were studied and evaluated with experimental factors using some
mathematical metrics [12]. Robust results were established for the majority patients, through careful pixels collection that was compulsory to
keep away from sub-optimal segmentation. A complete technique for
detection of the irregular tissue connected with tumor center and edema
from MR image was proposed [13]. The technique was based on
super-pixel method and categorization of every super pixel. A number of
new image information's including intensity-based, Gabor textons, fractal
study, and curvatures were computed from every super pixel inside the
whole brain in MRI to guarantee a strong categorization. Randomized
trees (RT) categorization was evaluated with support vector machine to
categorize every super pixel into tumor and non-tumor. This offers a close
competition to the specialist description for all evaluation of glioma
direct to a quicker and more reproducible technique of brain tumor
recognition and description to aid patient organization. A new technique
for glioblastoma removal based on Gaussian mixture model using MRI
was proposed for brain tumor heterogeneity detection [14]. They
concentrate on the mission of new features to recognize glioblastoma
using T1, T2 and FLAIR weighted MRI. A pathologic region was distinguished using multi-thresholding segmentation method with a morphological process on MR images. Multi-classiﬁer methods were measured to
assess the electiveness of the feature-oriented method in conditions of its
ability to distinguish glioblastoma and normal tissue but suffer from
spurious lesions generation. These experimental outcomes were capable
to improve the distinctiveness of heterogeneity and timely treatment of a
premature tumor.
A new approach [15] to the detection of saliency in a
three-dimensional multi-channel MR image sequence for the glioblastoma multiform (a form of malignant brain tumor) was proposed. First
enhance the three channels, FLAIR (Fluid Attenuated Inversion Recovery), T2 and T1C (contrast enhanced with gadolinium) to generate a
pseudo-colored RGB (Red-Green-Blue) image. The method operates
along the three major axes to maximize the computation efﬁciency while
minimizing loss of valuable 3D information. Thus the 3D multichannel
MR image saliency detection algorithm was useful in generating a uniform and logistically correct 3D saliency map with pragmatic applicability in CAD. The results were compared with 2D saliency detection
algorithm and applied on brain data. For all comparisons, the area under
the receiver operator characteristic (ROC) curve was found to be more
than 90% over various tumor types, structures, and locations. But this
method does not work well for the boundaries that are not well deﬁned.
An ensemble method [16] was proposed by combining the results
generated by Potential Field Segmentation (PFS) and other methods to
achieve a fused segmentation. Potential ﬁeld clustering was based on an
analogy with the concept of potential ﬁeld in physics. The intensity of a
pixel was viewed in an MRI as a “mass” that was created a potential ﬁeld.
Speciﬁcally, for each pixel in the MRI, the potential ﬁeld was computed
and, if smaller than an adaptive potential threshold, the pixel was associated with the tumor region. The performance of PFS was quite
competitive as a stand-alone segmentation method but requires to tuning
of fewer parameters.
Berkeley wavelets transformation (BWT) [17] based brain tumor
segmentation was proposed with the combination of support vector
machine (SVM) to improve the accuracy and quality rate. The experimental results of BWT technique were evaluated, validated for
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foreground, so by applying standard deviation based thresholding produce effective binarization to brain tumor recognition.

performance and quality analysis on magnetic resonance brain images,
based on accuracy, sensitivity, speciﬁcity, and dice similarity index coefﬁcient. The proposed method was suitable for integrating clinical decision support systems for primary screening and diagnosis by the
radiologists or clinical experts. But more improvement is required in
terms of accuracy by investigating the selective scheme of the classiﬁer
with the combination of more than one classiﬁer and feature selection
techniques. Automated number [18] of clustering selection was used by
using histogram and entropy. This number was used for K-mean clustering algorithm. But authors did not ﬁnd much accuracy for an automated number of cluster detection.
Previous methods discussed in this literature suffer from oversegmentation, under-segmentation, multiple lesion identiﬁcation, small
lesion identiﬁcation and unable segment heterogeneous lesions identiﬁcation. Proposed method solves the existing problem and effectively
tested on different types of MR image causing different types tumor.
There is no human interference to assists the physicians to enhance diagnose human brain abnormalities, for further treatment. The quantitative and practical study of proposed detection method is described along
with the results of segmentation for individual abnormalities.
The rest of the manuscript is organized as follows: Proposed methodology is describes in Section II and result and its discussion is describes
in Section III. A comparative study with competitive gold standard
method is described in Section IV. Finally, we conclude our work in
Section V.


g1ðx; yÞ ¼

x  x1
y  y1
¼
x2  x1 y2  y1

(4)

Constants a, b, and c is resulting as a ¼ (y2-y1); b ¼ -(x2-x1); and
c ¼ y1(x2-x1) - x1(y2 -y1). A line section s1 is typically characterized by the
pairs of (p,q) points in the image that appear s1's at the end. It is feasible
to characterize a polygon P by a round of points, called the vertices of P.
The section between successive vertices of P is named as edges of P.
Polygon P is assumed to be non-intersect, if intersections between two
edges of P happened only at a regular endpoint vertex. A polygon is
convex if it's all inner angles are smaller than p. Quick-hull [23] algorithm is implemented to apply this convex hull. Then the convexed binary image now contains the only brain. This convex binary image is
multiplied with the original image, and the resultant image (g2 converted
to gr) is free of any previously existing artifacts, noise, and skull as such
removals are critical for brain abnormality detection.

The data set from multiple image databases [19–21] of T1, T2, and PD
MR Image containing multiple image slices are used here. Proposed
method is able to segment full enhanced, small tumor lesion, connected
lesion, multiple lesions and heterogeneous lesion. Heterogeneous lesion
and small multiple lesions segmentations are the most difﬁcult tasks in
tumor identiﬁcation and segmentation. Analyzing the heterogeneous
nature of tumor is improving the diagnosis quality. Spurious lesions
generation is reduced by applying wavelet transformation, statistical
dynamic thresholding and quick hull method. Presence of abnormality is
determined from combination of multiphase level set and sharp peak
based hierarchy structure generation. The tumor lesion segmentation is
performed by power law transformation. Extraneous lesions removal is
performed by proposed ﬁltering method. Heterogeneity is determined by
entropy, k-means classiﬁer and ﬁnally quantiﬁcation is computed by
3-dimention construction method.
The MR image is transformed into a gray-scale image using an individually weighted summation of the R, G, and B components. Let f(x, y) is
the input brain MRI and g(x, y) is the after processing. This conversion is
followed by image binarization, constituting the pre-processing method
and threshold selection is performed by the standard deviation of intensity value. Mean is deﬁned as the division of the number of samples
multiplied by the total intensity.

2.1. Presence of tumor detection
The presence of abnormality is tested after the artifact and skull
removal preprocessing. Three regions level set segmentation [24] is
performed on the preprocessed image through three membership functions to clearly segment three different regions. To correct identiﬁcation
of dissimilar tissues in MRI an iterative three region level set technique is
used. The repetition of the level set depends on the total number of the
sharp peaks. If the total number of the sharp peak is greater than three
then repeat the level set method. We have selected sharp peak three
because of three phase method. The peaks are calculated from the histogram. The histogram of the brain with L, probable intensity distribution within the range 0 to G is speciﬁed as the discrete function:
hðrk Þ ¼ nk

(1)

(5)

Here rk is the kth is the intensity level in the range between 0 to G and
nk is the total number of pixels whose intensity is exactly rk. As 255 is the
highest probable value for G, thus nk signify the occurrence of different
pixels for every gray value k in the interval in between 0 and 255. To
compute sharp peaks we have to compute peak ﬁrst. The process of peak
computation is organized by selecting previous three and next three
neighbor location for every gray value k in a rounded approach like (k3)(k-2), (k-1), (kþ1), (kþ2) and (kþ3) correspondingly. The intensity
range is 0–255 and next pixel to 255 means 0, and previous pixel to
0 means 255. If the occurrence of a gray-value k is higher than its previous three neighboring and three posts neighboring gray value occurrence then k is recognized as a peak ( pk ). Thus pk can be deﬁned as below:

Variance is denoted as v, equals one divided by the total number of
samples and multiply with squared of a sum of every data deducted from
a mean. Standard deviation, denoted as σ, equals to a square root of
variance v is shown below.
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
M1 X
N1
u 1 X
σ ¼ √v ¼ t
ðgðx; yÞ  μÞ2
MN x¼0 y¼0

(3)

The grayscale image has the range between 0 to L-1 then negative
conversion is done by the using s ¼ L  1  r. Then complement the
binary image, the technique used g2(x,y) ¼ 1-g1(x,y) and get ready for
the next step of wavelet-based decomposition. We have started by
implementing the wavelet extension of function g2(x) ε L2(R) comparative to wavelet ψ(x) and extended function φ(x). After applied wavelet
up-to level two, non-brain sections are completely divided from the brain
in a disconnected form but may not helpful for the approach as there is a
likelihood that anomaly may get lost and to correct this difﬁculty, a quick
hull algorithm [22] is applied. A point is characterized in the surface by
point(x,y) that preserve the x and y coordinates. A line in a triplet (a,b,c),
such that the coefﬁcients a, b, and c of the linear equation is
ax þ by þ c ¼ 0 connected through one. The point (x1, y1) of q1 and
point (x2, y2) of q2, then line of equation throughout q1 and q2 is

2. Proposed methodology

M1 X
N1
1 X
μ¼
gðx; yÞ
MN x¼0 y¼0

1 if gðx; yÞ > σ
0 if gðx; yÞ  σ

(2)

The obtained standard deviation intensity value is used as threshold
intensity to binarize the MR image of the brain and very helpful for
extracting brain portion and differentiating it from its non-brain segment.
MRI has huge intensity disparity between the black background and

pk ¼ nk

141

if

nk3 < nk2 < nk1 < nk < nkþ1 < nkþ2 < nkþ3

(6)

S. Roy et al.

Informatics in Medicine Unlocked 13 (2018) 139–150

and analysis is performed. We introduce a method using histogram and
entropy that determine the number of clusters before using any of those
clustering techniques. Here we used the k-means method for the clustering purpose. In determining a number of clusters we have to take a
color image and change it to a grayscale image. Entropy is used to
measure of disorder that is used to distinguish the texture of the
abnormal lesion. The mathematical expression of entropy E of color
component is:

Sharp peak occurrence is computed from the total number of peaks
recorded from above equation (6) divided by three. If we consider the
number of pk is npk then sharp peak spk is deﬁned as:
spk ¼

npk
3

(7)

We consider only previous three and next three to calculate peak, thus
when we calculate spk we have used npk divided by three. Depending
upon this sharp peak value we repeats the level set segmentation and
accurately segment different tissue of the brain and non-brain part from
MR images. We do not perform segmentation for the condition sharp
peak less or equal to three. Then it generates a hierarchical structure [24]
to differentiate between normal and abnormal brain tissues. Normal and
abnormal brain tissues have different hierarchical structures. Thus the
violation of particular hierarchical structure of normal brain indicates
some presence of tumors.

X
P
Entropy ¼  Pj log2 j

After converting the image into grayscale we can ﬁnd the histogram
of that image using histogram function. The quantity of bins in the histogram is precise by the MR image type. The range function required in
shape to new intensity value inside the variety of intensity value between
0 and 255. Now after getting the histogram of the image we calculate the
average value of that histogram and count the numbers of that histogram
with are above the average value.

2.2. Tumor lesions segmentation
Now, this detected abnormal images need to segment and quantify
the abnormal regions. To segment and detect abnormalities the powerlaw transformation is applied on ‘gr’ image in basic form of
frðx; yÞ ¼ c* grðx; yÞγ

Iavg ¼

(9)

JðVÞ ¼

Abnormal lesions are selected from the ﬁnal intensity T which is in
the form of binary output and is stored in gr(x, y).

faðx; yÞ ¼

0
1

grðx; yÞ  T
grðx; yÞ > T

M1 X
N1
1 X
grðx; yÞ
MN x¼0 y¼0

(12)

Here, Iavg is the average value of the histogram peaks and M, N is
image dimension. From this average value, we calculate the numbers of
peaks that are more than that average value and also discard those which
are less than that average value. Then we calculate the numbers of sharp
peaks that are greater than three peaks before and after them. This is also
a method to detect the number of clusters. This number of peak is
considered as ‘K’ value. Let X is {x1,x2,x3, … … ,xn} be a set of points and
V ¼ {v1,v2, … … ,vc} is the set of centers. Then haphazardly choose ‘c’
cluster as centers. Then compute the Euclidian distance between every
data point to the cluster centers. Then minimize the objective functions
as squared inaccuracy function by:

(8)

Gamma conversion values of γ > 1 have exactly the reverse effect as
those produce through values of γ < 1 and identity conversion while
c ¼ γ ¼ 1. By setting γ ¼ 3, and c ¼ 1 in gamma transformation approach
irregular segment turn into more prominent. The total intensity is
computed by the subtraction of the average to the weighted standard
deviation value. Thus the total threshold value is selected by
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
M1 X
N1
M1 X
N1
u 1 X
1 X
ðgrðx; yÞ  μÞ2
T¼
grðx; yÞ  t
MN x¼0 y¼0
MN x¼0 y¼0

(11)

i

c X
ci
X


xi  vj  2
i¼1

(13)

j¼1

Here, ‘jjxi - vjjj’ is the Euclidean distance between xi and vj., and ‘ci’ is
the total of records in the ith cluster. Allocate the records to the group
center whose distance to the group center is the minimum of all the group
centers then recomputed the new group center using:

(10)

gr is the binarized results which consist of abnormal lesions along with
some normal tissues for T2 and PD type MR brain images.

vi ¼

2.3. Filtering tumor lesions

 X
1 ci
xi
ci j¼1

(14)

If no record is reallocated then stop recursion, or else reiterate from
new category. As an outcome of that we have detected the k centers alter
their position step by step until no additional modiﬁcation is done or in
other centers does not shift anymore.

Thus in T1, T2 and PD types of images need some alteration from
binarized results. So, ﬁltration is required to extract correct abnormal
lesions. The alteration is performed on connected component located
within 1/6th of total height from the center along a vertical line (separation line between two lobes), and centroid position of connected
components must be within 1/4th from the center horizontal distance
[25]. The speciﬁcation of selecting the range signiﬁes the probable
appearance of the corpus callosum.
If any region is found within the region, compare both left and right
along the horizontal straight line. If any region is found along the horizontal line within range and object size is within 1.5 times range then
vanish both region. If any region found symmetry line (horizontally) on
centroid but not 1.5 scales, then remove smaller one (this is because if
any abnormality connected with corpus callosum) if it belongs to within
1/3 from the center along x, 1/3 from the center along y directions. Thus
ﬁltering of abnormal tissue from binarized results has been performed by
selecting a speciﬁc region and store it into fa(x,y).

3. Results and discussion
The proposed methodology is applied to set of datasets for the abnormalities detection. The output of the segmented irregular tumor
lesion and locality of the abnormal lesion plays a signiﬁcant role in the
analysis of different type's tumor and treatment planning. The proposed
system provides very superior outcomes on tumors identiﬁcation and
analysis of different MR of brain images and later on heterogeneity
analysis. Localization of tumor is also ﬁnding out to identify the
dangerousness of the abnormality. Our technique shows top, bottom, left
and right point of the tumor lesion with the clear centroid of the tumor
regions that progress diagnosis quality. The ﬁgure below shows the
outcomes of proposed methods illustrates earlier tested on image standard dataset [19–21]. Fig. 1 (A) is the original image, and Fig. 1 (B) is
segmented tumor lesions. Proposed method applied on artifact and skull
removed the image that improves the recognition quality, reduces error,

2.4. Heterogeneity detection
After the detection and segmentation, this heterogeneity detection
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Fig. 1. Results on tumor image. A) is input MR of brain image and B) is the segmented abnormal region; C) is the location and centroid of the tumor lesion.

Fig. 2. Results on tumor images with heterogeneous nature. A1, A2) are input MR of brain images and B1, B2) are the segmented abnormal lesion; C1,C2) are the
location and centroid of the tumor lesions.

Segmentation results of four major types of tumor sarcoma, meningioma, metastatic bronchogenic carcinoma, and Glioma is shown in
Fig. 3. The problem of multiple tumor segmentation, heterogeneous
tumor segmentation, and false detection is solved using proposed segmentation. From the segmented results clearly, shows that proposed
method can segment different types of the tumor with reduced error and
high accuracy visually.

improves the accuracy and reduces the false detection. Fig. 1 (C) is the
output with the location of the tumor lesion with the blue point at the
top, bottom, left and right. Top, bottom, left and right points of the brain
are shown by four green dots and cross of two straight lines are considered as the center point of the brain.
Here the segmented tumor lesions and location are clearly visible in
the output shown in Fig. 2. Proposed methodology tested on both normal
and abnormal tumor images, and segmentation reduces false detection
for normal regions image. Another two MRI of brain images with
segmented tumor lesion and position of the lesion with heterogeneous
nature are shown in Fig. 2.
Segmented area using our proposed method and their locations for
ten different types of tumor lesions is shown in Table 1. Area of manual
expert assisted segmentation also written in the table corresponding to
their input image. The position of the location of the centroid of the
tumor lesion and the distance between different localization of the tumor
lesion with X-Coordinate and Y-Coordinate is shown below in Table 1.

3.1. Heterogeneity of tumor
Problem related to heterogeneous tumor segmentation is solved using
proposed method. Proposed method is able to segment heterogeneous
lesion and from this segmented tumor region. Heterogeneous tumor
segmentation with glioma grade-I and their heterogeneous structure
segmentation by Kmeans clustering is shown Fig. 4 below.
Fig. 4(B) is the segmented heterogeneous tumor consists of a bright
white structure; the necrotic region is black structure and dead cells in

Table 1
Tumor lesion localization and distance between different sections.
Image number

T1
T2
T3
T4
T5
T6
T7
T8
T9
T10

Center to Centroid

Top to Top

X- Coordinate

Y- Coordinate

43.312
15.585
46.511
13.052
46.116
85.093
10.497
47.127
49.497
21.252

9.1143
43.441
0.4366
49.368
6.3057
7.9942
50.090
5.7069
11.118
8.6463

63.28
6.403
90.42
13.60
88.72
15.31
13.15
71.28
95.69
52.46

Bottom to Bottom

96.1769
110.639
87.2067
103.121
100.498
182.877
122.036
85.0882
90.4268
68.3593
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Left To Left

103.237
50.6952
99.8499
49.6488
103.004
196
44.1475
110.476
109.370
26.5707

Right to Right

12.64
80.62
7.211
84.31
14.76
49.39
73.79
34.78
8.062
73.82

Segmented area
Automated

Manual

974
1908
890
1911
1287
3725
2860
1271
1378
246

959
1901
877
1908
1311
3740
2849
1206
1302
256
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Fig. 3. Four major types of tumor sarcoma, meningioma, metastatic bronchogenic carcinoma, and glioma. B) and D) are the segmented results for input image A) and
C); where 1 for sarcoma, 2 for metastatic bronchogenic carcinoma, 3 for meningioma and 4 for glioma.

neurosurgeon to get a decision through their surgical preparation. But
the alteration of this sequence of 2D images into a 3D Figure may produce
information loss and provide an incorrect analysis of volume and shape of
the tumors present within the brain MRI. Also, 2D images are not capable
to precisely depict the complexity of human structure in the brain, so 3D
structure is needed to communicate the deﬁnite dimension in the brain.
Therefore, 3D creation is required from a series of 2D images to the
improve understanding of topology and characteristics of the tumors.

the center of the tumor. The performance of the proposed methodology is
very superior. The uses of the planned computerized method for premature ﬁnding of the tumor are demonstrated to improve efﬁciency and
accuracy of clinical practice. The uses of our method for segmenting
tumor are established to assist pathologists to differentiate accurately
tumor area and its type of tumor.
3.2. vol and 3D representation

3.3. Stack implementation of binary segmented images

In this section, a volume calculation and three-dimensional (3D)
modeling from 2D MR images is described. Each of MR images
segmented using abnormally detection methodology and sequentially
pushed into a stack to make a 3D cube. The volume of brain lesion defect
is computed from the region of every segmented lesion of MR slices with
their inter-slice distance. This volume and 3D view help to the

Volume and 3D view depend on correct detection and segmentation
of abnormalities. The goal is to modernize segmented images throughout
stacking of 2D image according to Z-axis and improving the quantiﬁable
of imaging as compulsory steps. Here each 2D matrix fa(x,y) is pushed on
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Fig. 4. Heterogeneity of brain tumor. A) is the input glioma grade-I and B) is the segmented results, C) showing its heterogeneity.

The volume of this method truly depends on the accuracy of segmentation. Volume is accurate as much as segmentation is accurate. The
volume of tumors for a set of brain images that depends upon the interslice distance between two slices. Inter-slice distance can change
dynamically that depend upon given input and data set. Some slice with
absence of tumors cells are taken to be a null slice and are discarded.
These images provide as the input of the 3D model that is work on the set
of slices and shown in red region in Fig. 7.
Generated 3D Figure is rotatable along with any direction, and box
encloses the Figure provide as the strategy for the output 3D Figure that
rotating it in any direction along the axis. This method has given good
results regarding volume restoration of tumors and other anomaly.
Computerized volume (AV) and manually intended volume (MV) from
the above slices, and their relative area error [25,26] is shown in Table 3
below.
The experimental outcomes illustrates that our methodology for 3D
modeling produce a truthful 3D model in very small time and can support
the radiologist in the identiﬁcation, diagnosis the phase of tumor and
treatment planning.

Fig. 5. Stack based 3D model.

the top of every other to build a 3D model. A distinct partition L is
keeping among two images that indicate the real-time division. The
illustrated technique looks like Fig. 5.
Fig. 5 is the stack based of 2D matrices that measured as a 3D matrix.
The total volume of tumors is calculated using areas of abnormal lesion
and area calculation using the distance among two successive slices or
slice breadth. Let area of slices are A1, A2, A3, …, An, and interslice
distance L ¼ 1 for n number of slices. If the slice thickness is 0.5 then the
volume of abnormal lesion calculated as follows:

3.5. Performance study
Visual assessment is ﬁne, but visualization may vary man to man and
biased. A performance measurement technique with reference to
manually segmented images is performed for accuracy and error calculation. A signiﬁcant complexity to face in abnormal lesion segmentation
process is short of a good gold standard method for their assessment. The
correctness is used to estimate the performance of our methodology by
Relative Error (RE), Kappa Index (KI), Jacard Inex (JI), Correct Detection
Ratio (CDR) and False Detection Ratio (FDR) [26]. A method is superior
while KI, JI, and CDR value is large and small value of FDR and RE, so
that the superlative method has the highest value of KI, JI, and CDR and
the smallest amount value of FDR and RE.
Different performance metric (RE, TP, KI, JI, CDR, and FDR) has been
shown in Table 4 below for ten images for estimation errors and accuracy
of our outcome. Ten tumor segmentation result and performance is
shown in Table 4.
The similarity index is susceptible to both variations in size and position. For the similarity index, dissimilarity in locations is more robustly
replicated to dissimilarity in size and KI > 90% signiﬁes for superior
segmentation result. In the proposed research, KI achieves above 90% in
most of the times thus according to the KI index proposed detection
methods generate outstanding results. JI index is more susceptible to the
dissimilarity between both denominator and numerator modiﬁcation
with growing or falling overlap and in our method reaches maximum
times more than 90% that signify proposed detection method optimistic
on correct detection. CDR signiﬁes the accurate detection area

V ¼ A1 þ (L/2)*(A1 þ A2) þ A2 þ (L/2)*(A2þA3) þ A3 þ …. þAn (15)
(L/2)*(A1 þ A2), (L/2)*(A2 þ A3), … , (L/2)*(A(n1) þ An) are the
interslice area to reduce the volume error. Interslice distance L may vary
depending on the thickness of MRI slices. If the thickness is x and
interslice distance is y, then we need to calculate ((y/x)1)/2 time of
total areas (e.g., A1 þ A2) for each interslice distance.
3.4. vol and 3D view
Here MRI slices containing the tumors cells are used to model 3D
brain abnormality. These slices are passed throughout both volume
computation and 3D creation procedure. To authenticate the projected
methodology twenty different data sets are used but here only one
dataset containing tumors of 12 slices [21] is shown in Fig. 6.
Area of each segmented tumor lesions are shown in Table 2, and interslice areas are calculated between two slices. The inter-slice areas are
used to reduce the error.
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Fig. 6. (I1 to I12) are the inputted MRI of brain slices and (O1 to O12) are the corresponding detected tumors lesion in the slices as binary images.

Table 3
RE error metric for volume calculation.

Table 2
Individual slice area with their inter-slice areas to calculate volume of abnormal
lesions.
Input Sequence

Area

Input Sequence

Area

Input Sequence

Area

1
1–2
2
2–3
3
3–4
4
4–5

0
0
0
0
0
0
0
279

5
5–6
6
6–7
7
7–8
8
8–9

558
710.5
863
973.5
1084
1102
1120
1220.5

9
9–10
10
10–11
11
11–12
12
Volume ¼ 12714

1321
1098
875
705.5
536
268
0

Total no of slices

AV

MV

RE (in %)

12

12714

12435

2.24

FDR or other mathematical metrics. High KI and JI values mean correct
segmentation, no spurious lesion generation, and no false detection. This
high CDR signiﬁes the correct detection. Thus proposed segmentation
method does not suffer from under/over-segmentation, spurious lesion
generation, and false detection.
FDR demonstrate the inaccuracy of the segmented area and signify
the area that is not placed in the true segmentation. CDR provides an
excellent evaluation of the segmentation because most of the times
proposed method gives greater than 95% CDR and less than 10% FDR

normalizes by the reference area and CDR is not susceptible to size.
Therefore CDR not only designate the similarity and but also used with

Fig. 7. 3D view. A), B) and C) are the different view of the 3D model from the segmented abnormal lesion.
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Table 4
Performance measurement metric for proposed method.
Image Sequence

AS

MS

RE

TP

KI

JI

CDR

FDR

T1
T2
T3
T4
T5
T6
T7
T8
T9
T10

974
1908
890
1911
1287
3725
2860
1271
1378
246

959
1901
877
1908
1311
3740
2849
1206
1302
256

1.561
0.36
1.48
0.15
1.83
0.40
0.38
5.38
5.83
3.90

949
1846
867
1898
1251
3714
2825
1183
1283
242

98.18
96.92
98.13
99.39
96.30
99.50
98.96
95.51
95.74
96.41

96.44
94.03
96.33
98.80
92.87
99.01
97.95
91.42
91.83
93.07

98.95
97.10
98.85
99.47
95.42
99.30
99.15
98.09
98.54
94.53

2.60
3.26
2.62
0.68
2.74
0.29
1.22
7.29
7.29
1.56

Fig. 8. Results of compared methods. A) is the input image, B) is the output by FCM, C) is the output by Kmeans, D) is the output by Morphology, E) is the output by
atlas-guided, F) is the output by proposed method. The performance metrics used to evaluate the proposed methods with other gold standards methods are the RE, KI,
JI, CDR, and FDR [26]. The column chart graphical representation of the different performance evaluation metric RE, KI, JI, CDR, and FDR are shown in Fig. 9, Fig. 10,
Fig. 11, Fig. 12, and Fig. 13.

is shown in Fig. 9. RE does not depend on the true positive value that it
related to the area wise error. Area difference from reference image is an
important factor for RE. FCM and morphology has high RE because it
crosses twenty ﬁve for maximum images. Kmeans [27] and atlas [5]
perform better than FCM [28] and morphology [29]. But the proposed
method does not reach above eleven for any images which are a good
indication of good segmentation. This high RE indicated the existing
methods suffered from over segmentation and spurious lesion generation, but proposed method overcomes that problem. The average value of
performance evaluation metrics for the different method is shown in
Table 5.
Column representation of KI metric (in %) for proposed method,
Kmeans [27], FCM [28], morphology [29], and atlas-guided [5] method
is shown in Fig. 10. Proposed method reaches above 90% for all type of
brain abnormalities. Here morphology performs better than Atlas and
FCM. Thus, proposed method produced the best result with respect to KI
metric that implies reduced over-segmentation, under segmentation and
spurious lesion generation very is small.
Column representation of JI metric (in %) for proposed method,
Kmeans [27], FCM [28], morphology [29], and atlas-guided method [5]
is shown in Fig. 11. Proposed method reaches above 90% for all type of

with very low RE (most of the times less than 10%). However, the overlap
computation depends on the size and the outline difﬁculty of the object
and associated to the image sampling. Lesser RE and CDR signify the
lesser under, over segmentation and spurious lesion generation. Thus
proposed method produces very competent results for diverse brain MRI
that visually as well as mathematically accurate with good accuracy and
low error rate.
4. Comparison and analysis
The proposed method is compared with K-means [27], atlas-guided
[5], FCM [28], and morphology [29] based method and the result for
one input image is shown in Fig. 8 below. FCM and morphology method
suffers from over segmentation and spurious lesion generation. K-means
and atlas-guided segmentation show good results, but they also suffer
from false detection (corpus callosum as abnormal tissue). The result of
proposed detection method is shown in Fig. 8(f) correctly segment
abnormal lesion with generating spurious lesions and it gives best results
than other methods.
Column chart design of RE error metric (in %) for proposed method,
Kmeans [27], FCM [28], morphology [29], and atlas-guided method [5]

Fig. 9. RE metric in column chart representation.
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morphology. CDR reﬂect true segment but does not bother about the false
detection and spurious lesion generation.
Column representation of FDR metric (in %) for proposed method, Kmeans [27], FCM [28], morphology [29], and atlas-guided [5] method is
shown in Fig. 13. Proposed method generates less than ten for all type of
brain abnormalities. Atlas and K-means perform better than FCM and
morphology. Low FDR means less false detection, under and
over-segmentation. Thus proposed method overcomes the problem of
false detection, over and under-segmentation, and spurious lesion generation compares to other existing methods. Average value of performance metric is shown in Table 5 and its column chart representation is
shown in Fig. 14.
Table 5 and Fig. 14 clearly demonstrate that existing methods Kmeans [27], atlas [5], FCM [28] and morphology-based [29] segmentation have fair KI, JI, and CDR value but RE and FDR value also large.
Proposed method reduces the existing problems of spurious lesion
generation, over-segmentation and false detection. Thus, proposed
method gives improved results than the three other comparable
methods in all respects. Our research goal is satisﬁed by improving
tumor lesion segmentation based on the results of an existing system

Table 5
Average value of performance metric.

Proposed method
K-means
FCM
Morphology
Atlas-Guided

RE

KI

JI

CDR

FDR

7.27129
23.3106
28.8771
25.8017
23.4261

92.8358
86.8777
82.5454
84.4720
81.3965

92.9496
77.2616
71.2328
74.0185
70.0574

95.4231
94.4729
90.4750
91.7643
84.9686

6.78505
24.085
29.7679
27.1635
24.2282

brain abnormalities. Kmeans and morphology perform better than Atlas
and FCM. Thus, proposed method produced the better result with respect
to KI metric which implies reduced over segmentation and under segmentation. Higher KI and JI of proposed method than other existing gold
standard method reﬂect the similarities with reference image than other
methods.
Column representation of CDR metric (in %) for proposed method,
Kmeans [27], FCM [28], morphology [29], and atlas-guided [5] method
is shown in Fig. 12. Proposed method reaches above 90 for all type of
brain abnormalities. Kmeans and FCM perform better than Atlas and

Fig. 10. KI accuracy metric in column chart representation.

Fig. 11. JI accuracy metric in column chart representation.

Fig. 12. CDR accuracy metric in column chart representation.
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Fig. 13. FDR error metric in column chart representation.

Fig. 14. Column chart representation of overall
average performance measurement metric.
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