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Abstract—Image segmentation is a method to extract regions of
interest from an image. It remains a fundamental problem in
computer vision. The increasing diversity and the complexity of
segmentation algorithms have led us firstly, to make a review and
classify segmentation techniques, secondly to identify the most used
measures of segmentation performance and thirdly, discuss deeply on
segmentation philosophy in order to help the choice of adequate
segmentation techniques for some applications. To justify the
relevance of our analysis, recent algorithms of segmentation are
presented through the proposed classification.
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1. INTRODUCTION

MAGE segmentation is the basis for applications such as

objects recognition, medical diagnosis, image analysis and
understanding, detecting and locating objects in an image. It
refers to partitioning an image into several disjoint subsets
such that each subset corresponds to a meaningful part of the
image [1].

A rich amount of literature on image segmentation has been
published over the past decades. Conventionally, image
segmentation is grouped into five main categories [2]. The
first category is edge-based segmentation scheme. This
method assumes that the grey levels of the pixels connecting
foreground and background are very distinct, thus
discontinuities are usually detected by the first or second order
derivatives method, despite the fact that, they were usually
found sensitive to the image noise. Post-processing operations
are usually required to remove noise. The second category is
threshold-based segmentation scheme [3]. This approach is
able to detect different objects in the image by using threshold
value based on classification rules. When we need only one
objet in an image, the rest of image is called background.
When the intensity of the pixels is found to be larger/smaller
than a predefined threshold, those pixels are classified as
foreground. Otherwise, they will be viewed as background.
However, the challenge on this is to find an appropriate
threshold. The third category is region-based segmentation [4],
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where we generally have region growing and split-and-merge
algorithms. As the fourth category we have watershed-based
segmentation [5], where image is viewed as a topological
surface and the intensity value as height. The local minimal
height is assigned to a region and the maximal one to edge.
However, a direct application of watershed algorithm will
generally lead to over-segmentation problem due to noise
generation. The fifth category is clustering-based
segmentation. This method tries to establish clusters or
collection of data points held together because of the
predefined criteria. To answer the question “how good is a
given segmentation algorithm?” and to cope with
shortcomings of segmentation algorithms, the researcher's
ingenuity led them to propose performance measurements and
to explore other potentially effective tools for good
segmentation.

The goal of this paper is to present adequate segmentation
techniques for some applications and that, through
presentation of segmentation methods and the most widely
used measures of evaluation. This is to inform researchers
about the increasing complexities of image segmentation and
at the same time to equip users of segmentation.

The outline of the paper is as follows. Section II will be of
particular interest to see our classification method of the
segmentation. In Section III, we list performance measures of
segmentation. In Section IV, we present recent segmentation
techniques as classified by our method. Performance analysis
of segmentation is presented in Section V. Conclusion is given
finally in Section VI.

II. METHODOLOGY

Image segmentation is the process by which an original
image is partitioned into homogeneous regions [6]. The
segmentation aims to localize objects among many others.
Many image segmentation techniques have been proposed.
Some of the most important and widely used image
segmentation techniques can be classified based on three steps
as shown in Fig, 1.

Each region in segmentation process is generally identified
by its inside or its boundary. A good knowledge of one of
those two elements is often suitable for a good segmentation.
Some processes look within regions without necessarily being
concerned with the borders. These segmentation techniques
can be considered as region inside approach. Some other
segmentation processes give priority to good knowledge of
region boundary. We consider them as approach region
boundary. While considering those two approaches,
segmentation process considers at least one of three
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elementary properties in a 2D or 3D image, namely color, gray
level and texture. Color images are represented by three
intensity components. Color uniformity is one of the most
significant low-level features that can be used to extract
homogeneous regions that are most of the time related to
objects or part of objects [7]. The gray level or brightness
denoted as f (x, y), represents a set of positive integers G = {0,
1..., L- 1}, where (x, y) is the spatial coordinate of a digitized
image. By convention, the gray level 0 is the darkest and the
gray level L — 1 is the lightest. The brightness variation is
another far-reaching low-level feature used to extract objects
[8]. Texture is a field of the image which seems to be a
coherent and homogeneous field. It is this property of

coherence which is generally required to recognize regions. In
each segmentation algorithm, once image elementary
properties and segmentation approach have been chosen, we
need to find appropriate tools. The state of the art in
segmentation abounds a multitude of tools used to enhance,
denoise and properly segment. The most recent tools used are:
Canny edge detection, clustering algorithms, Contrast
stretching, Decision trees, Descriptors, Dynamic Programming,
Filters, Firework algorithm, Flood fill, Fuzzy tools, Graph
theory, Local search, Morphological Operators, Neutrosophy,
Partial Differential Equations, Statistical tools and Support
Vector Machine.

1. Gray level

First step: Elementary property of the image used

— 3. Texture

'
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Fig. 1 Characterization of segmentation methods

A. Canny Edge Detection

It is a multi-step algorithm that can detect edges with noise
suppressed at the same time [9]. It aimed to build an edge
detector that satisfied three criteria: there should be no
response where edges do not exist (a low error rate), edge
points should be well localized and there should be only one
response to a single edge [6].

B. Clustering Algorithms

The clustering algorithm extracts the region as a cluster, and
is suited to the partitioning of larger parts. They have features
which are robust to noise, but are not suited to extract small

regions [10]. Those algorithms are: Artificial neural networks,
deep learning, connectivity-based algorithm, Centroid-based
algorithm, density-based algorithm, dimensionality reduction.

C. Contrast Stretching

It is a tool which operates by stretching the range of pixel
intensities of the input image to take a larger dynamic range in
the output image [6].

D. Decision Trees

It is a type of supervised learning algorithm used in
classification process which represents graphically, specific
decision situations that are used when complex branching
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occurs in a structured decision process [11].

E. Descriptors

Image is considered as a matrix information where we can
extract some information. Descriptors are  some
transformations used to extract this information. Among these
transformations we have, the histogram equalization generally
uses to enhance the contrast in regions where pixels have
similar intensities [12], the Discrete Wavelet Transform
(DWT), Discrete Cosine Transform (DCT), Hough Transform,
Co-occurrence matrix, Chromaticity, the dominant color
(color that is most prevalent in image).

F. Dynamic Programming

Dynamic programming or dynamic optimization is a
method for solving a complex problem by breaking it down
into a collection of simpler sub-problems. Each sub-problem is
considered as a stage and the possible alternatives available at
each stage are regarded as its states. Associated with each
stage is the return function of a decision variable which
evaluates each feasible decision [13].

G.Filters

Filters are used to improve contrast, remove noises, detect
known patterns. They transform pixel intensity values to
reveal certain image characteristics [6]. Among them, we have
matched filter (an optimal linear filter for maximizing the
signal to noise ratio in the presence of additive stochastic
noise), Gabor filter, rank filter, steerable filter, Gaussian filter,
Prewitt filter, Sobel filter, line detection filters.

H. Firework Algorithm

Inspired by firework explosion process, firework algorithm
is an optimisation of subtle functions. Four steps define the
process of fireworks algorithm namely, explosion operation,
mutation operation, mapping rule and selection strategy. It
explores a very large solution space by choosing a set of
random points confined by some distance metric. Reference
[14] used it as a tool for image segmentation.

I. Flood Fill

Flood fill or seed fill, is an algorithm that determines the
areas that are connected to a given node in a multi-
dimensional array. It's used for region filling when all the
pixels in the region have same features [15].

J. Fuzzy Tools

Fuzzy set theory and fuzzy logic are strength tools to
describe human language rules, in form of fuzzy if-then rules
[16]. They have four main algorithms used in image
segmentation:  fuzzy thresholding, fuzzy rule-based
inferencing scheme, fuzzy C-mean clustering and fuzzy
integral-based decision [17].

K. Graph Theory

Image segmentation can be interpreted as partitioning the
image elements into different categories; a cut of a graph is a
partition of the vertices in the graph into two disjoint subsets.
Constructing a graph with an image can solve the

segmentation problem by using techniques for graph cuts in
graph theory [18].

L. Local Search

Local search is a method for solving computationally hard
optimization problems. It is based on the concept of a
neighborhood which generates function that may be able to
generate the optimal solution [19]. Local search algorithms
generally used in image segmentation are Hill climbing and
genetic algorithms.

M.Morphological Operators

There are many applications for morphological operators,
like texture analysis, noise elimination, and boundary
extraction. Their goal is to eliminate all defects and maintain
structure of image [20]. Key Morphological Operators are
called erosion and dilation.

N. Neutrosophy

It is a general framework for unification of many existing
logics (philosophy, set theory, probability and statistics) and
can be used in segmentation image [21].

O. Partial Differential Equations (PDE)

Using PDE-based methods and solving the PDE by a
numerical scheme, can segment an image. The central idea is
changing an initial curve towards the lowest potential of a cost
function, where its definition reflects the task to be addressed.
Active contours and level sets are some approaches. Active
contour model or snake is a tool for delineating an object
outline from a possibly 2D noise image. It is popular in
computer vision, and greatly used in segmentation, edge
detection and stereo matching. A snake is an energy
minimizing, deformable spline influenced by constraints [22].
The segmentation problem can be reduced to finding curves to
enclose regions of interest. Intuitively, these issues can also be
alleviated using the level set method [23]. One of the level set
algorithms used is the Chan-Vese algorithm [24].

P. Statistical Tools

Among statistical tools, we can mention, the Markov
random field (MRF), Otsu thresholding, Bayesian parameter
estimation (BPE), iterative conditional estimation (ICE),
expectation maximization algorithm (EMA), regression
analysis, likelihood, region merging (growing/splitting).
Segmentation is formulated to assign labels to pixels. MRF is

a probabilistic approach to build label/pixel dependencies [25].

BPE is a powerful probabilistic graphical model that has been
applied in computer vision. It can group low-level edge
segments for high-level image understanding, for the
interpretation of complex scenes [26]. Region merging is a
robust algorithm to segment an image into regions with similar
intensity or color. It starts with one region per pixel and then
applying a statistical test on neighboring regions (in ascending
order of intensity differences) to find out whether the mean
intensities are sufficiently similar enough to be merged [27].
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Q. Support Vector Machines (SVM)

SVM is primarily a classification method that performs
classification tasks by constructing hyperplanes in a
multidimensional space that separates cases of different class
labels and thus, segmentation can be done using SVM [28].

III. ACCURACY MEASUREMENT OF IMAGE SEGMENTATION

In order to gain a better understanding of a good image
segmentation, extensive research have been carried out by
creating many different approaches and algorithms, but it is
still difficult to assess whether one algorithm produces more
accurate segmentation than another [29]. Designing a good
measure for segmentation quality is a known hard problem
[30]. Image segmentation partitions the entire image region R
into many sub regions, with some rules, as follows: Every
region is spartially connected, every pixel belongs to only one
region, all pixels in a region satisfy a specified similarity
predicate [31].

In this section, we choose to classify existing performance
measures in two main sets: those using ground truth and those
not using ground truth. However, it should be stressed that,
authors [5], [7], often use two criteria independent of ground
truth, namely time complexity of algorithm (the total time
required by the algorithm to run to completion) and human
visual system (HVS) or visual quality, through the judgment
relates to images segmented. The following notations are used
for the presentation of evaluation metrics.

- Let [, the original image, [ be the segmented image and
Ige the ground truth image all with the height I and
width Iy,

- LetS; be the area (the number of pixels) of the full image
(i.e. S; = Iy. Iyy). We define segmentation as a division of
an image into N arbitrarily-shaped regions in I, and M
specifically-shaped regions in I, .

- We use R; and V; to denote the set of pixels in region *j”

of I and region “i” of I, srespectively, and use §; = |R]-|

to denote the area of region j. We use C(p) to denote the

value of pixel p. We define the average value in region j

by
C(R)) = Zper, CB)/S; (1)
- The squared color error of region j is defined as,
€2(R;) = Zpen [C®) ~ C(R))]’ @)

- Eyg=1{12,--+,L}is used as the set of image gray level.
We use N(a) to denote the number of regions in the
segmented image having an area of exactly a.

- Let “MaxArea”, be the number of pixels of the biggest
region. The subscript ‘‘gl’’ denotes gray-level, subscript
““0”” means those measures for object or foreground, and
subscript ‘““b’’ means those for background. We use
“Card(A)” as cardinality or the number of elements in A-
set and d(,) the Euclidean distance.

A. In the Case of Ground-Truth Image

Ground truth images are “true” or “accurate” segmentations
that are typically made by one or more human experts. There
are performance metrics which measure the amount of overlap
between the ground truth segmentation /¢ and the automated
segmentation produced /. We present the most used.

1) Dissimilarity of Vinet’s Measure (M)

Reference [32] proposed a dissimilarity criterion between [
and Igs. For any pair of regions (V; R;) with V; C Ig.r and
R; c I, let’s have t;; = Card (Vi R;) the number of pixels
occurring simultaneously in the two regions. Let’s also have
Cy, Gy, -+~ Cy, the values t;; of each possible pair of regions. The
target of a good segmentation, is to have a maximum value of
C;1<i<k- The sum of this values can be normalized by the total
area of the image S;.Thus, the Vinet’s measure M,, presented
in (3), is efficient for low values. This dissimilarity value was
used by [33] & [34].

1
M, =1-1-35,C 3)

2) Yasnoff’s Measure (My)

It is a measure that considers pixels misclassified and their
distance from the region to which they belong [35]. Let’s
have "s", a misclassified pixel and d(s): the distance of s to
the nearest pixel of the region of which it belongs. The
purpose of a good segmentation, is to have a minimal value of
the distance d(s). So, Yasnoff’s measure My presented in (4),
is efficient for low values. This measure was used by [36] &

[37].

My =22 [T () @

3) Local and Global Consistency Error

For any pixel "s", simultaneously belonging to the regions
V; and R;, it presents two relative errors E and E’ shown in (5)
[38] where the operator /, means subtraction of the sets. Using
both two relative errors, Local Consistency Error (LCE) and
Global Consistency Error (GCE) are presented in (6) and (7)
respectively. They are in the range [0,1] and, they are
efficient for low values. They are in the range [0, 1] and, they
are efficient for low values. They were used by [39] & [40]

_ Card(V;/R;)

card(R;/V;)
E(s) = Card(v) ;

SE'(s) = Card(Rj)

(&)
LCE(1, Iper) = 5 oer min{E(s), E'(s)} (6)

GCE(L Iner) = 5 min{Sses E), Dot ')} (D)

4) Precision, Recall and Their Dependent Functions

For classification tasks in image segmentation with ground-
truth, [41] and [42] used precision, recall and their dependent
functions presented in Table 1.

The terms, true positive (TP), true negative (TN), false
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positive (FP), false negative (FN) mean:

- TP: pixels that are detected as an object and also labeled
as so on the ground truth image.

- TN: pixels that are detected as a background and also
labeled as so on the ground truth image.

- FP: pixels that are detected as an object and labeled as
background on the ground truth image.

- FN: pixels that are detected as background and labeled as
an object region in the ground truth image.

TABLEI
PRECISION, RECALL AND THEIR DEPENDENT FUNCTIONS
Parameter name Expression
Positive prediction value or precision ppy = TP
(PPV) ~ FP+TP
True positive rate or sensitivity or TPR = TP
Recall (TPR) FN+TP
True negative rate or specificity TNR = ™
(TNR) FP+TN
Negative predictive value (NPV) NPV = TNT:VFN
Accuracy (ACC) ACC = TP
FN+FP+TN+TP
Type-I error Type; = W
Type-II error Type; = W
Fg-measure: with § a natural number Fp=(1+ Bz)m

Dice similarity coefficient (DSC) DSC = TNTIPIFP
Receiver operating characteristic ROC: a curve created by plotting the
(ROC) TPR against the 1-TNR at various
threshold settings.
Miss rate or false negative rate (FNR) FNR =1—-TNR

FDR =1— PPV
FOR =1— NPV
BM =TPR +TNR — 1
MK = PPV + NPV — 1

False discovery rate (FDR)
False omission rate (FOR)
Book maker informedness (BM)
Markedness (MK)

PPV, TNR, TPR, NPV, ACC, Fj, ROC and DSC are in the
range [0, 1] and, they are efficient for high values. Type-I and
Type-II errors are efficient for small values.

5) Modified Hausdorff distance (MHD)

This measure can be used to match two sets of edge points
extracted from any two objects. MHD, shown in (8), has the
following  desirable properties: Its value increases
monotonically as the amount of difference between the two
sets of edge points increases; it is robust to outliers that might
result from segmentation errors [43].

MHD(I,Iger) = Max{g(L, Ines); 9(Ires. 1)} (8)

with
1

g(IIIRef) = |SI|ZpEIMinqu {d, )} 9

6) Two measures of similarity (JIM, MS)

The Intersection-over-Union (IOU) or Jaccard Index
measure (JIM) in (10), computed between the binary masks of
a predicted segmentation and ground-truth, averaged over all
categories. This measure was used by [44]. It is efficient for
high value.

Card(R;nV;)

JIM(R,, Vi) = Card(R;UV;)

(10)

Another measure of similarity sometimes used [45] in the
case of ground-truth image is MS shown in (11). It is a
measure that evaluates the level of overlap between the region
resulting from the segmentation and its reference. It is also
efficient for high values.

Card(R;nV;) (11)
Max(Card(Ry);Card(V;))

MS =100-

B. Without Reference Image

Unsupervised evaluation methods, also known as empirical
goodness methods do not require a reference image, but
instead evaluate a segmented image based on how well the
homogeneity attributes of regions have been reached.

1) A Discrepancy Measure (Dis)

Reference [46] presented a gray-level measure which
computes the difference between the original image I and the
foreground object of segmented image I, after thresholding. It
was proposed to evaluate thresholding-based segmentation
techniques that separate the foreground object from the
background. It is efficient for low values.

Dis = %it, S, (I, ) = 163, ) (12)

2) Otsu Measures (1, 63;)

Reference [47] proposed a measure which allows to choose
a suitable threshold k, or verify if a selected threshold k, is the
best of a thresholding segmentation. The appropriate threshold
is the one that maximizes the function n(k) presented in (13).
For i € Eyg,ny + ny + -+ n;, = S;, with n; the number of
pixels which have “i”” value, we have Otsu measure in (13):

ur—u(k) _p(7
(i) = 22O S (13)

or

where,
k € Eygs wk) = ZiLy 5nlk) = By iy =

15:11'%0'% = 25:1(1' - HT)Z% (14)
1 1

The variance ¢33, of Otsu measure in (15), is presented by
[28] and it is efficient for low values.

s, s,
oy = S_l; 51(Rb) + 5_(1)951(130) (15)

3) U, C, LC, DR, and DL
- Region Uniformity (U)

It is a metric proportional to the squared color error of
regions, efficient for high values [48].

1
U=1-_3Y  wen(R)) (16)

where w; =

1 _ (Cmax_cmin)z : .
;,Z = 22— are respectively the weight
J

associated with the contribution of the region and the
maximum variance.
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- Region Contrast (C)

It is a function of contrast, which is efficient for high value
[48].

[E(R)-E(R))]

Z] 1Vj ZAdjR; Pij
= 77 e(Rry)+E(R;) a7

Z,=1 ]

where
Length of the border between R; and Rj

bij =

perimeter of R;

and v; a weight assigned to region R;

- Line Connectivity (LC)

A line is considered as a set of pixels which define an edge.
The number of lines that have one or both ends opened is an
indication of the degree of discontinuity in the lines. Let ¢; be
the number of closed ends of the lines L;, which can have
three quantitative values (0, 1, or 2). Let ; be the length of the
line. The line connectivity (LC) shown in (18) is efficient for
high value [48].

N
Xj=aljtj/2

LC = Sy

LCel0,1] (18)

- Density of Region in a-Area (DR, and DL,)

In a segmented image, it may be necessary to look for the
density of the regions in an area [48]. Thus, we can calculate
DR, or DL, as:

NRa/Sa _ NLg/Sq

DR A = =
a NR;/S;’ @ NL;/St

19)
where NR, and NR; are the number of regions in a-area and
in the whole image respectively. NL, and NL; are the number
of close lines in a-area and in the whole image respectively.
If DR, > 1, the density of regions in a-area will be greater
than the average density for the whole image.

4) Functions of the Squared Error: F, F' and Q

References [49] & [50] proposed three measures built with
the squared error to appreciate the segmentation and which are
efficient for small values.

F=vNyy, 2¢) (20)
j=1 J5;
1
o _ NEHeraTeaN@)ta Gy ()
k= 1000-S; =155 @n
__ VN N ef N(s)\?
Q= 1000-5; <J=1 [1+log5j + ( sj (22)

5) Intra and Inter Region Disparity (D, D)

Reference [51] proposed two measures shown in (23) and
(25), to evaluate how much homogeneity is preserved from a
region, or which disparity we can observe between regions.

- The Intra-region disparity (D): which is efficient for
small values.

D() = 3 E 2 D(R) (23)

where,

D(R) = = B Tle® — CR) @4

2

- The Inter-region disparity (D): which is efficient for high

values.
D) = jvlz (R)) (25)
with
D(R) = 7= 3,5 D(R, ) (26)

Rosenberger et al. [51] presented two possible cases of
D(R;, R;) values:

D(R;,R;) =

|C(Rz) C(R])l d(B;, B})

and D(Ry.Ry) = a7
where N, is the number of regions adjacent to R;; d(Bl-, Bj)

the Euclidean distance between barycenter of regions R;
and R;.

6) Disparity of a Region (ZEB)

It is a measure which combines concepts of maximum inter-
regions disparity (CI) and minimal intra-region disparity (CE)
measured on a pixel neighborhood [52].

CI(R)) = sl,.szRj Max {'C"fi“”' t € w(p) N R;}(28)

IC@)—-C@®)I

1 ’
CE(R;) = 5,y Zven(r) Max {t e Wf,;)l,t ¢ RJ} @)

where w(p) is a neighborhood of the pixelp; Nb(Rj) the

R; perimeter; r](R]-) the pixels set of N, (R]-)

Let
~H®) 0 < ci(R)) < CE(R))
Cu(R) =1 ' ' (30)
BV CE(R) ifCI(R)=0
0 otherwise

The disparity of a region (ZEB) presented at (31) is efficient
for high values.

ZEB(1)=§IZ?:151--CE,(RJ: ZEB(De[0,1]  (31)

7) Error Measurements (Eip¢ra, Einter)

It is a composite evaluation method for color images, which
uses intra-region visual error shown in (33) to know the
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degree of under-segmentation and uses inter-region shown in
(34) to evaluate the degree of over-segmentation [53].
Let’s have the step function u(t)as shown in (32),

1ift>0
0 otherwise

u(e) ={ (32)
The threshold th = 6, fixed by authors [53], for a visible
color difference.
Let |||l ;#q*p* be the Euclidean norm in Lab-Space color and
w;; the joined pixels length between regions R; and R;. We
have,

Eintra = 5 Zpet £l () = I@lap = th) — (33)

1
E: = —
inter = ¢

L 2wy pu(th = o () — (D)l )(34)
Einter 1 high for an over-segmentation and Ejys.q 1s high for
an under-segmentation.

8) Weighted Disorder Function (H,,) and Entropy-Based
Evaluation Function (E)

Since entropy measures the disarray within a region, it is a
natural characteristic to incorporate into a segmentation
evaluation method.

Let ieEyg; N;(i)the number of pixels in region R; which
has i-value [53]. We have,

Entropy for region R; :

N;(i) N (i)
H(R;) = - f=1;—j og (;—1) 35)

Expected region entropy:

H(D) =2 (2) - H(R) (36)
Layout entropy:
(D) = =3k, Liog (2) (37

By using those functions, we have the weighted disorder
and entropy-based functions in (38), which are efficient for
small values.

H, =VN -H,.(]);

9) Multi-Scale Criterion (Ey)

A good segmentation is considered as a process which
minimizes a total energy (Ey),

E = H.(I) + H() (38)

Ey(k,D) = ZRiEI Ep(Ry) + kZRiEI Ec(R) (39)

where, Ep(R;) is the energy of attachment to data, which
promotes the over-segmentation, for example, Ep(R;) =
e2(R;). The energy of complexity E.(R;) penalizes the under-
segmentation, for example the perimeter of the regions. The
natural number “k” is used to adjust the relative contribution
of the two previous energies [54].

10) Dunn’s index (DI,,)

Let R; a region considered as being a cluster; x and y be
two features assigned to the same cluster R;. Let us define 4;
(maximum distance) in (40), as the size of the region R;
according to x and y.

A; = Max d(x,y)

X,y €ER; (40)
Let §(R;, R;) be an inter-cluster distance metric between R;

and R;. If there are m clusters, the Dunn’s index is DI, [55].

Min 8(RyRj)
_ _lsisjsm
DI, = —Fo 7 — v (41)
1<ksm

The Dunn Index is the ratio of the smallest distance
between observations not in the same cluster to the largest
intra-cluster distance. The Dunn Index has a value between
zero and infinity, and should be maximized for a better
segmentation [56].

IV. NON-EXHAUSTIVE EXAMPLES OF SEGMENTATION
TECHNIQUES

In Table II, 21 recent segmentation techniques are presented
according to the classification of segmentation methods shown
in Section II. We can observe that, gray levels seem to be the
most used elementary property in image segmentation.
Clustering algorithms generally use this elementary property
with the region inside approach. Tools like, active contours,
level sets, morphological operators and Canny edge detection
are mostly used in the case of region boundary research.
Something really important to underline is the general habits
of combining many tools in one segmentation approach.
Another important observation is the fact that one metric
would not be enough to judge all properties of segmentation
algorithms. Different methods, especially different evaluation
metrics are therefore used. Among them, HSV is the most
used.
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TABLEII
CLASSIFICATION OF 21 SEGMENTATION TECHNIQUES
No References Elementary Approach Tools used Performance measure used
Property used used
1 [57] Gray level Region inside  firework algorithm (with an adaptive transfer function) : 3%“; s index
-Enhancement with a Clustering algorithm (Feed Forward Neural . DSC
2 [58] Gray level Region inside  Network) and a Descriptor (Hessian Matrix) - HVS
- Segmentation with a Fuzzy tool (Fuzzy Local Information C-means)
- Accuracy
- Sensitivity
Lo . . . - Specificity
3 [59] Gray level Region inside Clustering algorithm (Convolutional Neural Network) - 10U (or JIM)
- DSC
- HVS
- Accuracy
- Sensitivity
4 [60] Gray level Region inside Clustering algorithm (Convolutional Neural Network) - Specificity
- ROC
- HVS
- Accuracy
. -Descriptor (Adaptive Histogram Equalization) - Type-I error
3 611 Gray level Region boundary _ Filter (Steerable Filters) - Type-II error
- HVS
-Fuzzy tool’s (FCM) - Accurac
6 [62] Gray level Region inside -Descriptor (Histogram) } Cor: ut;,tional time
- Contrast Stretching (intensity transformation) P
P -Morphologic Operators
7 [63] Gray level Reﬁ;iiézilde/ -Flood Filling : ﬁif;racy
y -Contrast Stretching
- Accuracy
Lo -SVM - Sensitivity
8 [64] Color Region inside -Descriptor (DCT, Chromacity) - Specificity
- HVS
9 [65] Gray level Region boundary -Active contour : l(-:l(ilnslputanonal e
Region inside/ -Descriptor (Dominant Color)
10 [66] Color g - Fuzzy Tool (Fuzzy-C-Means) -HVS
boundary
-Level set
-Descriptor (Histogram)
11 [67] Color Region inside -local search algorithm (Hill climbing) -HVS
-fuzzy tool (fuzzy-C-Means).
- Precision
. - Recall
12 [68] Color Region inside ﬂger}fﬁgkiggegﬁmr (opening) - F,-measure
TPROTOEIC Op pening - Computational time
- HVS
Lo -SVM (improve with self-organizing data - Accuracy
13 [69] Color, Texture Region inside analysis techniques algorithm) - HVS
-local search algorithm (Genetic Algorithm) - Aceurac
14 [70] Gray level Region inside -Morphologic operator (opening) - HVS y
-fuzzy tool (fuzzy C-Means Clustering).
15 [71] Gray level Region inside -Decision tree : g;,(sj
-PDE
16 [72] Gray level Region inside -Level set - HVS
-Filter (Gaussian filter)
- HVS
17 (73] Color Region inside/  -Canny edge detection - Precision
boundary -statistic’s tool (Otsu method, Region growing) - Sensitivity
- F;-measure
. -Graph theory - HVS
18 [74] Gray level Region boundary -Dynamic Programming - Computational time
Lo - Neutrosophy - Computational time
19 (73] Color Region inside - Statistical tools (Merging Region) - HVS
. - Neutrosophy
20 [76] Gray level Region boundary Morphologic operator (Watershed) - HVS
- DSC
21 [77] Gray level Region bounda - Morphologic operator (Watershed) - HVS
Y & Ty P g1c op - Sensitivity
- Specificity
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V. DISCUSSION

Image segmentation is an important step in image analysis,
and performance measures of segmentation algorithms play a
key role both in developing efficient algorithms and in
selecting suitable methods for the given tasks. A range of
publications have appeared on segmentation methodology and
segmentation performance evaluation. Generally, two
categories of segmentation algorithms are presented;
supervised and  unsupervised methods.  Supervised
segmentation algorithms need human presence to select better
orientation in the process contrary to unsupervised
segmentation algorithms, which is an automatic process.
Supervised evaluation criteria use some a priori knowledge
such as ground truth. They generally compute a global
dissimilarity measure between the ground truth and the
segmentation result; however the overriding concern is
objectivity and variability of experts. While unsupervised ones
compute some statistics in the segmentation result according
to the original image such as the gray-level standard deviation
or the contrast of each region in the segmentation result.
Another point of view [2] grouped segmentation algorithms in
five categories: edge-based segmentation, threshold-based
segmentation, region-based segmentation, watershed-based
segmentation and clustering based segmentation. Reference
[78] classified segmentation methods in eight groups: region-
based, edge-based, histogram thresholding, clustering,
morphological, model-based, active contours and soft
computing. However, the increasingly diversity and the
complexity of operators such as Neutrosophy, Fireworks
algorithms used in segmentation algorithms led us to propose
a classification of segmentation techniques and to identify the
most used measures of segmentation performance. With this
classification, an important attention has been paid to be able
to identify key process of each segmentation method as
presented in Table I. The performance of segmentation
algorithms is influenced by many factors. Since one metric
would not be enough to judge all properties of segmentation
algorithms, different methods, especially different evaluation
metrics, should be combined. The multi-scale criterion
presented in Section III B 9 has this possibility to evaluate
both under and over segmentation between two segmentation
methods by plotting their total energy (Ey) according to the
scale number “k” and observe positions of curves obtained.
Two substantial challenges for image segmentation are image
intensity inhomogeneity and low contrast. Another critical
issue in image segmentation is how to explore the information

in both feature and image space and incorporate them together.

Segmentation with clustering technique is one of the most
efficient techniques and shows better results than other
segmentation methods [79]. However, clustering methods
depend on initial number of clusters, setting of central values
of the initial clusters. MRF is widely applied because of many
reasons. It uses few model parameters and is easy to deal with;
it has a strong ability of space constraints; it is easy to
combine it with other methods and it is stable. When we face
the problem of image segmentation, we can regard the class

label in random field as different areas. Watershed algorithm
is traditionally applied on image domain but it fails to capture
the global colour distribution information. There is neither a
general image segmentation method, nor an objective criterion
judgment: segmentation method is chosen for the most
appropriate given application.

VI. CONCLUSION

In this paper, we have proposed a classification for image
segmentation. Our model considers three elements to define a
segmentation, namely, the elementary property of the image,
the portion of the region sought and the chosen tools. We have
thus identified a large number of operators widely used in
image segmentation. We have also presented the most used
performance measures in segmentation. Several recent
segmentation algorithms have also been classified by our
method. A thorough discussion has been carried out to
highlight the difficulties and solutions generally met in
segmentation process. The target of this work was to guide the
researchers to understand segmentation algorithms and
progress in this field, and to provide useful measures of
segmentation performance for the follow-up research work.

REFERENCES

[1] Gonzalez, R.C., Woods, R.E.: “Digital Imaging Processing”, Prentice
Hall: New York, NY, USA, 2002.

[2] Gangwar, S., Chauhan, R.P.. “Survey of Clustering Techniques
Enhancing Image Segmentation Process”. International Conference on
Advances in Computing and Communication Engineering, 2015, pp. 34-
39.

[3] Naz, S., Majeed H., Irshad, H.: “Image segmentation using fuzzy
clustering: A survey”, International conference on emerging
technologies, 2010, pp 181-186.

[4] Karoui I, Boucher J., Augustin J.: “Variational begion-Based
Segmentation Using Multiple Texture Statistics”, IEEE trans on Image
processing, 2010, 19, (12), pp. 3146-3156.

[5] Rambabu, C., Chakrabarti, I., Mahanta, A.: “Flooding-based watershed
algorithm and its prototype hardware architecture” IEEE Proceedings
vision image and signal processing, 2004, 151, (3), pp. 224-234.

[6] Solomon, C.J., Breckon, T.P.. “Fundamentals of Digital Image
Processing: A Practical Approach with Examples in Matlab”, Wiley-
Blackwell, 1st edn. 2010.

[7] Tan, K.S., Isa, N.A.M.: “Color image segmentation using histogram
thresholding — Fuzzy C-means hybrid approach” Pattern Recognition,
2011, 44, (1), pp. 1-15.

[8] Sahoo, P. K., Soltani, S., Wong, A. K. C.: “A survey of thresholding
techniques”, Computer Vision, Graphics, and Image Processing, 1988,
41, (2), pp. 233-260.

[9] Wang, Q., Chang L., Sun Z., Zhou M., Li Q., Liu, H., Guo F.: “An
Improved Support Vector Machine Algorithm for Blood Cell
Segmentation from Hyperspectral Images”, Institute of Electrical and
Electronics Engineers, 2016, pp. 35-39.

[10] Ryu, H., Miyanaga, Y.: “A Study of Image Segmentation Based on a

Robust Data Clustering Method”, Electronics and Communications in

Japan, 2004, 87, (7), pp. 27-35.

McDonald, J.A., Sheehan, F.H.: “Ventriculogram segmentation using

boosted decision trees”, Proc. SPIE 5370, 2004, pp. 1804-1814.

[12] Yoon, H., Han, Y., Hahn, H.: “Image Contrast Enhancement based Sub-

histogram Equalization Technique without Over-equalization Noise”,

International Journal of Electrical and Electronics Engineering, 2009, 3,

(6), pp. 323-329.

Nocedal, J., Wright, S.: “Numerical Optimization”, Springer, 2nd edn.

2006.

Misra, P.R., Si, T.: “Image segmentation using clustering with fireworks

algorithm”, Institute of Electrical and Electronics Engineers, 2017, 97-

102.

(11

(13

(14

1115



[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

B1

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

International Journal of Information, Control and Computer Sciences
ISSN: 2517-9942
Vol:12, No:12, 2018

Ashwaq T. Hashim, Duaa A. Noori, An Approach of Noisy Color Iris
Segmentation Based on Hybrid Image Processing Techniques,
Cyberworlds (CW), International Conference, 2016.

Venketkumar Hariraj, Wan Khairunizamland Vikneswaran, Zunaidi
Ibrahim, Shahriman AB, Zuradzman M. Razlan, Rajendran. T,
Sathiyasheelan. R., “Fuzzy Multi-Layer Svm Classification of Breast
Cancer Mammogram Images”, International Journal of Mechanical
Engineering and Technology, 2018, 9, (8), pp. 1281-1299.

Mike Nachtegael, Dietrich Van der Weken, Dimitri Van De Ville,
Etienne E. Kerre “Fuzzy Filters for Image Processing” Springer-Verlag
Berlin Heidelberg, 2003.

Songhao Zhu, Xinshuai Zhu, Qingqing Luo, «Graph Theory Based
Image Segmentation », 6th International Congress on Image and Signal
Processing (CISP), 2013.

Christos H. Papadimitriou and Kenneth Steiglitz, «Combinatorial
Optimization: Algorithms and Complexity. » Prentice Hall, Englewood
Cliffs, NJ., 1982.

Chudasama, D., Patel, T., Joshi, S.: “Image Segmentation using
Morphological ~Operations”, International Journal of Computer
Applications, 2015, 117, (18), pp. 16-19.

Zhang, M., Zhang, L., Cheng, H.D.: “A Neutrosophy approach to image
segmentation based on watershed method”, Elsevier Signal Processing,
2010, 90, (5), pp. 1510-1517.

Kass, M., Witkin, A., Terzopoulos, D., “Snakes: Active contour models”,

International Journal of Computer Vision, 1988, 1, (4), pp. 321-331.

Lie, J., Lysaker, M., Tai, X.C.: “A variant of the level set method and
applications to image segmentation”, Mathematics of Computation,
2006, 75, (255), pp. 1155-1174.

Chan, T.F., Vese, L.A.,, “Active contours without edges”, IEEE
Transactions on Image Processing, 2001, 10, (2), pp. 266-277.

Zhang, R., Huang, Y., Fu, S.: “The development of Markov random
field theory and applications on image segmentation algorithm”,
International Conference on Communication and Electronics Systems
(ICCES), 2016.

Zhang, L., Ji, Q.. “Bayesian Network Model for Automatic and
Interactive Image Segmentation » IEEE Transactions on Image
Processing, 2011, 20, (9), pp. 2582-2593.

Nock, R., Nielsen, F.: "Statistical Region Merging", IEEE Trans. Pattern
Anal. Mach. Intell., 2004, 26, (11), pp. 1452-1458.

Yu, Y.H., Chang, C.C.: “Scenery image segmentation using support
vector machines”, Fundamenta Informaticae, 2004, 61, (3-4), pp. 379—
388.

Zhang, H., Fritts, J.E., Goldman, S.A.: “Image segmentation evaluation:
A survey of unsupervised methods” Computer Vision and Image
Understanding, 2008,110, (2), pp. 260-280.

Celebi, M.E., Lecca, M., Smolka, B.: “Color Image and Video
Enhancement”, Springer International Publishing, 2015.

Cardoso, J.S., Corto-real, L.: “Toward a generic evaluation of image
segmentation”. IEEE trans. on Image Processing, 2005, 14, (11), pp.
1773-1782.

Vinet L. : “Segmentation et Mise en Correspondance de Régions de
Paires d’Images Stéréoscopiques” PhD thesis, Université Paris IX —
Dauphine, 1991.

Cocquerez J.P., Philipp-Foliguet, S.: “Analyse d’images: filtrage et
segmentation” Masson, Paris, 1995.

Orozco-Monteagudo M., Sahli H., Mihai C., Taboada-Crispi A., “A
Hybrid Approach for Pap-Smear Cell Nucleus Extraction”, In: Martinez-
Trinidad J.F., Carrasco-Ochoa J.A., Ben-Youssef Brants C., Hancock
E.R. (eds) Pattern Recognition. MCPR, 2011, Lecture Notes in
Computer Science, vol 6718. Springer, Berlin, Heidelberg.

Yasnoff W. A., Galbraith W., Bacus J. W., “Error measures for objective
assessment of scene segmentation algorithms”. AQC, 1979, 1, pp. 107-
121.

Rosa, B., Mozer, P., Szewczyk, J..: “An algorithm for calculi
segmentation on ureteroscopic images”. International Journal of
Computer Assisted Radiology and Surgery, 2011, 6, (2), pp 237-246.
Migniot, C., Bertolino, P., Chassery, J.M.: “Automatic people
segmentation with a template-driven graph cut” IEEE International
Conference on Image Processing (ICIP), 2011.

Martin, D.R.: “An Empirical Approach to Grouping and Segmentation”,
PhD Thesis, University of California, Berkeley, 2002.

Vojodi., H., Moghadam., AM.E.: «A Supervised Evaluation Method
Based on Region Shape Descriptor for image Segmentation Algorithm »,
The 16th CSI International Symposium on Artificial Intelligence and
Signal Processing (AISP), 2012.

[40]

[41

[42

[43

[44

[45]

[46

[47]

[48

[49

[50

[51

[52

[53]

[54

[55

[56]

[57

[58

[59

[60]

[61]

[62]

[63]

[64]

lancu, A., Popescu, B., Brezovan, M., Ganea, E.: “Quantitative
Evaluation of Color Image Segmentation Algorithms ». International
Journal of Computer Science and Applications, 2011, 8, (1), pp. 36-53.
Powers, D.M.W.: “Evaluation: From Precision, Recall and F-Measure to
ROC, Informedness, Markedness & Correlation", Journal of Machine
Learning Technologies, 2011, 2, (1), pp. 37-63.

Fawcett, T.: “An Introduction to ROC Analysis”, Pattern Recognition
Letters, 2006, 27, (8), pp. 861-874.

Dubuisson, M.P., Jain, A.K.: “A modified Hausdorff distance for object
matching.” Conference on pattern recognition, 1994, pp 566-568.
Arbabshirani, M.R., Dallal, A.H., Agarwal, C., Patel, A., Moore, G.:
“Accurate Segmentation of Lung Fields on Chest Radiographs using
Deep Convolutional Networks”, Proc. of SPIE, 2017.

Tareef, A., Song, Y., Cai, W., Wang, Y., Feng, D.D, Mei Chen, M.:
“Automatic nuclei and cytoplasm segmentation of leukocytes with color
and texture-based image enhancement”, Biomedical Imaging (ISBI),
IEEE 13th International Symposium, 2016, pp. 935 - 938.

Weszka, J.S., Rosenfeld, A.: “Threshold evaluation techniques”, IEEE
Transactions on Systems, Man and Cybernetics, 1978, 8, (8), pp. 622—
629.

Otsu N.: “A threshold selection method from gray-level histograms”,
IEEE Transactions on Systems, Man and Cybernetics, 1979, 9, (1), pp.
62— 66.

Levine, M.D., Nazif, A.M.: “Dynamic Measurement of Computer
Generated Image Segmentations”, IEEE Transactions on Pattern
Analysis and Machine Intelligence, 1985, 7, (2), pp. 155-164.

Liu, J., Yang, Y.H.: “Multi-resolution color image segmentation”. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 1994, 7, (2),
pp. 689-700.

Borsotti, M., Campadelli, P., Schettini, R.: “Quantitative evaluation of
color image segmentation results”, Pattern Recognition Letters, 1998, 19,
(8), pp. 741-747.
Rosenberger, C., Chehdi,
multicomponent image segmentation”,
Istanbul, Turkey, 2000.

Chabrier, S., Emile, B., Laurent, H., Rosenberger, C., Marche, P.:
“Unsupervised evaluation of image segmentation application to
multispectral images”. Proceedings of the 17th international conference
on pattern recognition, 2004.

Chen, H.C., Wang, S.J.: “The use of visible color difference in the
quantitative evaluation of color image segmentation”, Proceedings of
ICASSP, 2004.

Guigues, L., Men, H.L., Cocquerez, J.P.: “The hierarchy of the cocoons
of a graph and its application to image segmentation”, Pattern
Recognition Letters, 2003, 24, (3), pp. 1024-1066.

Handl, J., Knowles, K., Kell, D.: “Computational cluster validation in
post-genomic data analysis”, Bioinformatics, 2005, 21, (15), pp. 3201-
3212.

Dunn, J.C., “Well-separated clusters and optimal fuzzy partitions”,
Journal of cybernetics, 1974, 4, (1), pp. 95-104.

Priya Ranjan; Si, Tapas, “Image segmentation using clustering with
fireworks algorithm”, Institute of Electrical and Electronics Engineers,
2017, pp. 97-102.

Chaoen Hu, Xia Liu, Xiao Liang, Hui, Xin Yang, Jie Tian, “Brain
vascular image Segmentation Based on Fuzzy Local Information C-
Means Clustering”, Imaging Manipulation, and Analysis of
Biomolecules, Cells, and Tissues XV, Proc. of SPIE, 2017.

Mohammad R. Arbabshirani, Ahmed H. Dallal, Chirag Agarwal, Aalpen
Patel, and Gregory Moore, “Accurate Segmentation of Lung Fields on
Chest Radiographs using Deep Convolutional Networks”, Proc. of SPIE,
2017.

Henry A. Leopold, Jeff Orchard, John Zelek, and Vasudevan
Lakshminarayanan, “Segmentation and Feature Extraction of Retinal
Vascular Morphology”, Proc of SPIE, 2017.

David Joon Ho; Paul Salama; Kenneth W. Dunn; Edward J. Delp
“Boundary segmentation for fluorescence microscopy using steerable
filters”. SPIE - International Society for Optical Engineering, 2017.
Alban Ngatchou, Laurent Bitjoka, Etienne Mfoumou, Ousman Boukar,
Mitherand Ngatcheu and Martin Ngueguim, “Robust and Fast
Segmentation Based on Fuzzy Clustering Combined with Unsupervised
Histogram Analysis”, IEEE Intelligent Systems, 2017, October, pp 1-9.
Ashwaq T. Hashim, Duaa A. Noori, “An Approach of Noisy Color Iris
Segmentation Based on Hybrid Image Processing Techniques”,
Cyberworlds (CW), International Conference,2016.
Eva Tuba, Lazar Mrkela, Milan Tuba, “Retinal

K., “Genetic fusion: application to
Proceedings of ICASSP-4

Blood Vessel

1116



[65]

[66]

[67]

[68]

[69]

[70]

71

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

International Journal of Information, Control and Computer Sciences
ISSN: 2517-9942
Vol:12, No:12, 2018

Segmentation by Support Vector Machine Classification”, Institute of
Electrical and Electronics Engineers, 2017, pp 1-6.

Amir Razi, Wei-Wei Wang, Xiang-Chu Feng, « Image Segmentation by
Active Contour Model with a New Data Fidelity », International
Conference on Machine Vision and Information Technology, 2017.
Chieh-Ling Huang, Jwu-Jenq Chen, Ching-Ju Chen, Yung-Gi Wu,
“Geological segmentation on UAV aerial image using shape-based LSM
with dominant color”, 30th International Conference on Advanced
Information Networking and Applications Workshops, 2016.

Ganesan P, B.S. Sathish, G. Sajiv, “Automatic Segmentation of Fruits in
CIELuv Color Space Image using Hill Climbing Optimization and
Fuzzy C-Means Clustering”, world Conference on Futuristic trends in
Research and innovation for Social Welfare, 2016.

Niyas S, Reshma P and Sabu M Thampi, “A Color Image Segmentation
Scheme for Extracting Foreground from Images with Unconstrained
Lighting Conditions”, Springer International Publishing, 2016.

Qian Wang, Li Chang, Zhen Sun, Mei Zhou, Qingli Li, Hongying Liu,
Fangmin Guo, “An Improved Support Vector Machine Algorithm for
Blood Cell Segmentation From Hyperspectral Images”, Institute of
Electrical and Electronics Engineers, 2016, pp 35-39.

Amiya Halder, Anuva Pradhan, Sourjya Kumar Dutta and Pritam
Bhattacharya, “Tumor Extraction from MRI images using Dynamic
Genetic Algorithm based Image Segmentation and Morphological
Operation”, International Conference on Communication and Signal
Processing, 2016, April 6-8.

Berthon, Beatrice, Marshall, Christopher., Evans, Mererid and Spezi,
Emiliano, “ATLAAS: an automatic decision tree-based learning
algorithm for advanced image segmentation in positron emission
tomography”, Physics in Medicine and Biology, 2016, 61 (13), pp.
4855-4869.

Bo Chenab, Qing-Hua Zouab, Wen-Sheng Chenab & Bin-Bin Panab,
« A novel adaptive partial differential equation model for image
segmentation », Applicable Analysis, 2014, Vol. 93, No. 11, 2440-2450
Chen Hejun, Ding Haiqiang, He Xiongxiong, Zhuang Hualiang, « color
image segmentation based on seeded region growing with canny edge
detection », Signal Processing (ICSP),12th International Conference,
2014.

Fang Yang, Xiaomei Wang, «Automatic Segmentation of Bladder
Layers in Optical Coherence Tomography Images Using Graph Theory
and Dynamic Programming », 6th International Congress on Image and
Signal Processing (CISP), 2013.

Ling Zhang, Ming Zhang Heng-Da Cheng, “Color image segmentation
based on Neutrosophy”, Optical Engineering, 2012, 51.

Ming Zhang, Ling Zhang, H.D. Cheng, “A neutrosophic approach to
image segmentation based on watershed method”, Elsevier Signal
Processing,2010, 90: 1510-1517

Grau V., A. U. J. Mewes, M. Alcaiiiz, R. Kikinis, and S. K. Warfield,
“Improved Watershed Transform for Medical Image Segmentation
Using Prior Information”, IEEE transactions on medical imaging, 2004,
23.

Celebi, M.E., Schaefer, G., Iyatomi, H., Stoecker, W.V.: “Lession border
detection in dermoscopy images”, Comput Med Imag Graph 2009, 33,
(2), pp. 148-153.

Varshney, S.S., Rajpal, N., Purwar, R.: “Comparative study of image
segmentation techniques and object matching using segmentation”, in
2009 Proceeding of International Conference on Methods and Models in
Computer Science (ICM2CS).

1117



