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Abstract — Uneven lighting creates vagueness in pixel
intensities of the real-world images. This poses a great
challenge in the process of image classification. Further,
image classification is the fundamental step in the robot
vision system. In order to handle the vagueness created
due to uneven lighting conditions, a Rough set and Otsu
approach-based Hybrid (RSOH) image segmentation
scheme is proposed in this research work. In the proposed
RSOH scheme, the Otsu and rough set approaches are
hybridized in such a way that the resultant hybridized
scheme overcomes the limitations of the rough set and
Otsu approach and makes use of advantages of both the
approaches. Hence, RSOHmodel has the potential to give
accurate image classification performance. Through the
window growing approach, the image is partitioned into
different sub-images, i. e., windows, and inside each
window, the proposed RSOHimage segmentation scheme is
employed to make the thresholding adaptive. The proposed
scheme is compared with granular computing as well as
non-granular techniques. The performance of the proposed
technique is quantified using four performance indexes
such as PM, DC, VI, and BHD. From the performance
indexes, it is evident that the proposed RSOH scheme is
found to be superior to the existing techniques.

Keywords — Image segmentation, Uneven lighting
conditions, Adaptive windowing, Granular computing,
Rough set, Otsu thresholding.

I. INTRODUCTION
Classifying an image into different meaningful partitions is
a fundamental computer vision task [1, 2, 3]. In this
regard, extraction of an object in a given image is a subtle
issue while building a computer vision system [4, 5, 6, 7].
Further, in the real world, illumination is uneven and non-
linear because of changing environmental conditions [8].
Due to varying illumination over the image, pixel intensity
changes suddenly, which leads to a complex background.
Further, because of varying illumination, the real-world
images are unevenly lighted, and it poses a major
challenge in classifying such images in computer vision
systems. Image segmentation using thresholding is a
popular technique to classify the image into object and
background [9]. Thresholding approaches are broadly
divided into two types: global and local thresholding. The
global thresholding [6] approach can be a suitable choice
for evenly illuminated images which are comparatively
less complicated to classify because of uniform

illumination. However, the global thresholding approach
has limitations in handling-uniformly illuminated images
[8]. On the other hand, the local thresholding [7, 10]
approach makes the threshold for classification adaptive,
and hence it is an efficient approach to classify non-
uniformly illuminated images.

Besides this, the Otsu method of thresholding was
proposed by Otsu [11], which is considered a landmark
thresholding method. In today’s era also, the Otsu method
is extensively studied, and innovative modifications are
proposed by researchers [12, 13, 14, 15, 16, 17, 18]. But
Otsu method alone is not sufficient to handle the unevenly
lighted images because of its limitations. In this regard,
hybridization of the Otsu method with other techniques is
required for accurate classification.

Because of non-uniform and uncontrolled illumination,
uncertainty gets added to the image. Granular computing-
based rough sets are the potential tool to handle uncertain,
vague, and imprecise data [19]. In granular computing-
based rough sets, the information granule is the
information entity using which various rough set models
are constructed [5, 20, 21, 22]. In real-world images,
because of varying illumination, the boundary of an object
is rough or vague. In this context, Pawlak’s rough set
theory [19] is used to extract this rough boundary [5] and
shape approximation of an object [23].

The poor visibility conditions encountered due to uneven
lighting makes the task of identifying the boundary of an
object difficult because of poor boundary information. To
handle this issue, a rough set and Otsu-based hybrid
(RSOH) image segmentation technique is proposed in this
work. The motivation of the proposed scheme is elaborated
as follows.

Though the Otsu approach is a landmark approach of
thresholding, it has two lacunas. The first lacuna is that the
Otsu approach works well with a bi-modal histogram. In
the case of images with uneven lighting conditions, due to
uncertainty, the histogram can not be bi-modal which is
the major reason that the Otsu method can not produce
accurate classification in such images. Another lacuna of
the Otsu approach is that it works well when the modes of
the histogram do not vary much in size. In images with
uneven lighting conditions, the modes of the image
histogram may vary in terms of size due to uncertainty.
Because of the above two lacunas, the Otsu method alone
is not sufficient to classify the images with uneven lighting
conditions. Further, though a rough set is a potential tool to
handle the uncertainty, its classification performance is
influenced by the granule size chosen. In this regard,
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attempts are done in literature to fuzzyfy the granules [4, 8,
23]. But, fuzzyfying the granules adds computational
complexity and manual tuning of fuzzy constants. This
motivated us to hybridize the rough sets and Otsu
approach. In the proposed RSOH technique, a rough set is
used to get the set of boundary granules. The statistical
information of boundary granules has a bi-modal
histogram, and also, the modes of the histogram are almost
equal in size. Therefore, Otsu computation on the
boundary granules instead of the complete window of the
image gives an accurate threshold for classification. As the
threshold for classification is computed by using
Otsumethod, the performance of the proposed RSOH
scheme does not depend on the granule size chosen to
perform the rough set computation. The proposed RSOH
scheme removes the lacunas of the rough set and Otsu
approach and makes use of advantages of both the
approaches; hence the resultant proposed hybridized model
has the potential to give accurate image classification
performance.

The proposed technique is tested on standard images from
the Berkeley image database. The performance is validated
on single as well as multiple object images. To quantify
the classification performance of the proposed RSOH
technique, the different performance indices (mentioned in
Section VI) are evaluated. Based on the computation of
said performance indices, it is found that the proposed
RSOH technique gives superior classification accuracy
compared to the existing techniques.

Il. LITERATURE REVIEW
A brief literature review is presented in Table I, in which
merits and demerits of existing schemes are highlighted.

TABLE |
LITERATURE REVIEW
Major considerations

Refer-
nces

[5, 24,
25, 26,
27, 28,
29, 30]

Category

Segmentation | +  Classification
different tools
techniques

* No specific focus on
unevenly illuminated
images

Thresholding | « Efficient schemes are
developed to determine the
optimum threshold for
image segmentation

* No specific focus on
unevenly illuminated
images

» Mathematical foundation
of the rough set s
explored, and elegant
approaches are proposed
for image segmentation
*Segmentation
performance is dependent
on the size of the granule
Fuzzy * Fuzzy granulation

using
and

[5, 31,
32, 33]

Rough Set [5. 4,

23]

is [[8, 23]

93

granulation | proposed to minimize the
boundary uncertainty

* Fuzzy constants needed
to generate fuzzy granules
are required to be
manually tuned

* Fuzzy system increase
the computational
complexity

* Different novel schemes
based on Otsu theory and
its  generalizations are
presented

* No specific focus on
unevenly illuminated
images

Otsu [12, 13,
14, 15,
16, 17,

18]

I1l. PRELIMINARY BACKGROUND

A. Adaptive Windowing

In unevenly illuminated images, due to uneven lighting
conditions, illumination varies over the image, and as a
result of this, the different portions of the image exhibits
different characteristics of data. Therefore, an adaptive
windowing approach is used to divide the image into
different windows. In this study, the window growing
approach is used for adaptive windowing and is elaborated
as follows.
In this approach, the entropy criterion is used to fix the
windows, and thus the whole image is divided into distinct
size windows. Every window (sub-image) is treated
separately, and inside each window, the classification of
the window as an object and background is performed. The
pictorial representation illustrating the window growing
approach is shown in Fig. 1.

] |

WWZ

Image

Fig. 1 Adaptive windowing using window growing
approach

Referring to Fig. 1, initially, a small window is considered
from the upper left corner of the image and is grown with
small increments till the entropy criterion is satisfied. Once
the entropy criterion is satisfied, the window is fixed, and
the next window begins from the adjacent white block, as
depicted in Fig. 1. The detailed explanation is as follows.

In the beginning, a small size window ‘Wi’ is chosen
from the upper left corner, and its entropy ‘Ew is
computed as

E, = _Zwi Prwi lOg(PTWi) (1)
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where Prindicates the probability of with gray value over
the window.
For a complete image, the entropy is computed as,

E; = — X, Pr;log(Pr;) 2

wherePr;Indicates the probability of the i"'gray value.
Window size is fixed if the criterion given below is
fulfilled.

E, = K.E 3)

where K €]0,1] and is a constant. If the initial window
considered does not satisfy the entropy criteria given by
(3), the size of the window is incremented with Aw, and
this procedure is repeated till the entropy criterion is
satisfied. The entropy criterion given by (3) ensures the
existence of sufficient information or, in other words, the
presence of object and background both for classification
inside the window. Further, considering each window as a
sub-image, the classification is carried out, and the above
procedure is repeated till the complete image is covered.

B. Basic Theory of Rough Set

The rough set approximation of set X is represented in
Fig. 2. As seen from Fig. 2, the positive granules are
defined as the granules that are fully interior to set X and
are illustrated by dark gray shade. The negative granules
are defined as the granules that are fully outlier to set X
and are illustrated by white shade. Further, the granules
that are partially interior to set X or partially outlier to set
X are called boundary granules. These boundary granules
are illustrated by light gray shade.

The mathematical modeling of rough set theory is given
by Pawlak [19] and is elaborated as follows.

Let, information system is Isys= (Un, At), where Un is the
nonempty and finite set of samples i, Xz, X, ..., Xn called as
the universe and At is a set of attributes. For a subset X
belongs to Un, the lower and upper approximation of X
with respect to Un is defined as

apr(X) = {x|x € U, [x] € X} (4)
apr(X) ={x|x €Uy, [x] n X # @} (®)

Using the above lower and upper approximation of X, the
universe Un gets partitioned into three disjoint regions, and
these regions are; (i) the positive region POS(X) is the
union of all granules that are completely included in X, (ii)
the negative region NEG(X) is the union of all granules
that are excluded from X, and (iii) the boundary region
BND(X) is the difference between the upper and lower
approximations. These are given as follows:

POS(X) = apr (X) ®)
NEG(X) = U, — POS(X) U BND(X) @)
BND(X) = apr(X) — apr(X) ®)

. Positive granules
=
D Boundary granules
D Negative granules
> X
/)
1

Universe : Un

Fig.2: Rough set framework of set X

IV. OVERVIEW OF THE PROPOSED SCHEME

The overall architecture of the proposed scheme is
depicted in Fig. 3. Referring to Fig. 3, the image is divided
into adaptive windows, and each window of an image is
considered as a sub-image. Further, each window is
divided into fix size granules. Using these information
granules, the rough set model is applied, and lower and
upper approximation sets are found. Following this, the set
of boundary granules is found out from lower and upper
approximations. The probability of intensity values
comprised in boundary granules is taken into
consideration, and Otsu thresholding is applied to this
statistical information to get the optimal threshold. Further,
the optimal threshold found is used inside each window to
perform the classification of the window into object and
background. The process is repeated till all the windows
are exhausted, and the union of all the classified windows
is the final classified image.

_ __ Compute
bengrale Lpnslder a & ™ the set of
sub-images window as ompute the boundary

of adaptive a sub-image Upper and
Input| | e using andthis || Lower Rough |- %"’““'“5
image " rom
adaptive
windowing

sub-image is set upper and
approach granules

divided into approximations lower

Optimal
threshold is Compute the Compute

used for Uls]l;l thresholding probabiliy of
bj |¢—|on these probability values
e A values to get the in the byandary
optimal granules
threshold

d
background

over the
window

‘Check if all
the wi
are

xhausted,
\é

Union of the
classification results Segmented image

of all sub-images

No

Fig. 3: Overview of the proposed classification scheme

V. PROPOSED ROUGH SET AND
OTSUAPPROACHBASEDHYBRID (RSOH)
SCHEME

In this Section, Rough Set and Otsu-based Hybrid
(RSOH) image classification scheme is proposed and
elaborated as follows.
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Fig. 4: Generation of adaptive windows over the image

In this scheme, the initial image is divided into different
non-overlapping adaptive windows as illustrated in Fig. 4,
using the entropy criteria as described in Section IlI-A.
The entropy criterion given by (3) ensures the presence of
both objects as well as a background in a given window.
Further, every window of the image is divided into
granules, as shown in Fig 5. Consider, window W1 of Fig.
4 and corresponding granulation over W1 are shown in
Fig. 5.

Window W1

Granulation over W1

=

Fig. 5: Granulation over window W1

Using these granules, the lower and upper
approximation of the target set is evaluated using (9), (10),
(11), and (12), respectively, and the process is elaborated
as follows. Let Grirepresent gray levels. From these total
gray levels, the object of an image is represented by O, ...,
Trand background of the image is represented by Tr, ...,
Gri-1. Using this framework, the lower and upper
approximations of an object, as well as background in the
window, is determined as follows.

O, = {UGn,- |P; > T,Vj=1,...,xyand P; is
i (€]
a pixel belonging to Gn;}

(_)WL:{UGn,-, ), j= 1, woeny 3988 P > T,
i (10)

where P; is a pixel in Gn;}

B, = {UGn,- |P; < T,Vj=1,..,xand Pjisa
i (LL)
pixel belonging to Gn;}

E\\,'L:{UGniv 3]~J = 1, '~~~,xy5't'Pj <T,
; (12)

where P; is a pixel in Gn;}
where, 0,,, denote the lower approximation of an object,

5WL denote the upper approximation of an object,
B,,, denote the lower approximation of the background,
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EWLdenote the upper approximation of the background and
Gn;Denotes the granule.

From the lower and upper approximations, the boundary
granules for object and background are determined as
follows.

BNDg, =0,,, — 0,, (13)
BNDGB‘Y':EWL_EWL (14)

These boundary granules are the elements in the
boundary set, and they comprise uncertain data. Moreover,
this set of boundary granules possesses a piece of vital
information for classification because it is comprised of
converged information of different classes.

From the above upper and lower approximations, the
roughness index of an object and background over the
window is calculated as follows,

, ow,|  [Ow,|-|ow,]
R =1 —L =11 —FL 15
L 0 I o
Rind — 1 _— Bwy, — |§WL|_|§WL| (16)
Bwy §WL |§WL|
where| - | indicates cardinality of the set, RgfL defines

roughness of the object and Rg’ledL Defines the roughness of

the background in the window under consideration.

The total roughness index can be determined from (15)
and (16) as follows,

Ript = (Rint + Rind ) /2

Further, in the rough set framework, the roughness
index is a measure of roughness or vagueness. Hence, to
measure the uncertainty, the roughness index is evaluated
using the above equations. The minimum roughness index
indicates the minimum uncertainty or vagueness.
Therefore, minimum roughness or vagueness assures a
higher accuracy of classification. In this regard, the
roughness index is minimized as follows.

ind
Rmin

(17

— ; ind
= arg IPA‘B R (18)

The boundary granules at minimum roughness index are
collected, and Otsu computation is evaluated on the
statistical information of these boundary granules. The
boundary granules generated by minimizing the above
roughness index are shown inFig. 6. These boundary
granules possess the converged and reduced information of
the distinct classes. The statistical information is
constructed using pixel intensity values of these boundary
granules. Further, using this statistical information of
boundary granules which are obtained using rough set
computation, Otsu computations are performed as follows.
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Fig. 6: Set of boundary granules generated by Rough
set computation

Let, the pixels of boundary granules of the window has
LB distinct intensity levels [0, ..., LB]. The total number of
pixels in the set of boundary granules is NE. Let n? Denote
the number of pixels at intensity i. Hence, the total number
of pixels are: NE=nB+nf + nb +, nfg. With this
representation, the normalized probability distribution is
determined as;

nB
bi = ﬁ ; pz 0 Zl Opl (19)

The pixels of boundary granules of the window are
divided into two classes, i.e., object and background. Let
these classes be denoted as C{”and C}’Representing object
and background or vice versa. These classes are decided
based on the threshold level KE. With this framework, the
class C*comprised of pixels in the intensity range [ 0,
KEB] and the class C¥’comprised of pixels in the intensity
range [ KB +1, ..., LE]. Based on this threshold, the
probability of occurrence of class C{* As follows.

P(KE) =3 (20)

On a similar line, the probability of occurrence of class
CY It is determined as follows.

j2; -
P (KD =X, pi=1-P(K}) (21)

The mean intensity level of class C}¥ and C}’are
determined as;

W = 1/P1(KB)21 o b (22)
= 1/P, (KB)ZfW,;§+1 ip; (23)

where, u,is the mean of class C{and u,is the mean of
class €3’ Over the window.

Cumulative mean up to level KZis determined as

B
Mk = Zi( 0 lpl (24)
and the global mean is determined as,
B
H = L1 ip, (25)
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Based on the above means and probability of occurrence
of both the classes, the variance between the two classes
are determined as follows,

oy (Kp) = [ugPi (K) — uK1? /P (K)[1 — Py (K3)] - (26)

The optimum threshold for classification is determined
by maximizing the variance between the two classes as
follows.

o2(KZ )= max o2(KB)

0<KE<1B -1 @7

The above optimum threshold KZ is considered for
classifying the window into object and background.

As Otsu computation is performed on the converged and
a reduced set of pixel intensity information gained from
boundary granules, it leads to better accuracy of
classification. Moreover, Otsu computation on this
converged information leads to accurate classification as
compared to the Otsu computation on the whole window.
Thus, the proposed RSOH technique gives the accurate
threshold for classifying the window into object and
background. On similar lines, all the windows generated
by the window growing technique described in Section Il1-
A are classified. The union of all such classified windows
is the final classified output image.

The algorithm for the proposed image classification
scheme is given below.

Algorithm : RSOH Classification Scheme for image classification

Input : lmg.».t x : Original image of size M x N.
: Fix window increment.

K : Positive constant in the range of 0 o 1

Uulpul Optimum threshold and a classified image.

Initialize parameters of the algorithm,

2: for i =010 M; x Ny do
3: Hywy = — Y. P {og(P)  /f Entropy of the whole image
4: end for
# Adaptive windowing
5 for Img(,,, =010 M x Ny do  /f Parent for loop.
6 for w =A, toM, x N, do
7 Hyit = — X Pus log(Pu) 1 Entropy of the window
8: (- e = Ko % Hipg)
9: EXIT  # Fix the window size and exit the for loap.
10: end il
11: else
12: w=w+Aw / Increment the window size by fix
mncrement
13: end else
14: end for
15: for cach window w  # window for loop.
16: for i =0 1w GI,
17: 0, = {Set of granules which are completely interior to target set for object},
18: O, = {Set of granules which are completely or partially interior 1o rarget set
for abjec},
19: B,, = {Set of granules which are completely interior to target set for
" background},
20: B, = {Set of granules which are completely or partially interior to target set
for ."(A(L;,ﬂumhﬂ.
21: BND{, =0,, - 0, 1
23: ;_1_ ”"LU 2y
25: 2
26: minimun R
27: for al intensities in BNDg, do B
28: LEC I i s
29: Po(KE) = 1—P(K#)  f Probability of
occumenge of eluss €1 and €2
30: o= 1P J\"‘))_ 0P o = 1/Ps( H))_M ip;  #f Means of
class C1 and €2
3l [T ",)fpj D oHg= )_','“U ip; # Cumulative mean and global mean
32: OHKE) = (uP (KF) — uK]*/PUKE)[1 — P (KE)] IBetween-class varience
33: )= max o2 (K¥) {Maximize the between class variance
o= &8 < B
34: retum the optimal threshold, K 1o classify the window.
3s: end for  /f End of window for loop.

end for  / End of parent for loop.
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V1. RESULTS AND DISCUSSIONS

The classification efficiency of the proposed scheme is
tested and validated with unevenly lighted images
considered from the Berkeley database. Images with both
single as well as multiple objects are considered. The
classification performance of the proposed scheme has
been compared with granular as well as non-granular
techniques. The non-granular techniques considered for
comparison are Otsu, FCM, and PCM. The granular
techniques considered for comparison are Pal’s method
[5], Heterogeneous Granulation based Window Growing
(HGWG) [8], and Empirical Non-homogeneous
Granulation based Window Growing (ENHWG) [8]. To
validate the quantitative classification performance of the
proposed RSOH scheme, different performance indices
[34] are used, and these are; (i) Percentage of
Misclassification (PM), (ii) Dice Coefficient (DC), (iii)
Variance of Information (V1) and (iv) Boundary Hamming
Distance (BHD).

Index PM varies in the range of 0 to 100, and a lower
PM value indicates higher accuracy. Index DC varies in
the range of 0 to 1, and a higher DC value indicates higher
accuracy. Index VI varies in the range of 0 to 1, and a
lower VI value indicates higher accuracy. Index BHD
varies in the range of 0 to 1, and a higher BHD value
indicates higher accuracy.

Further, for every image, different adaptive windows
are generated based on entropy criteria, and inside each
window, the proposed RSOH scheme is employed to get
the optimal threshold for classifying the corresponding
window. For example, in the ‘hexa’ image, the different
windows produced and the respective optimal thresholds
determined by the proposed RSOH scheme are given in
Table Il. They considered images are of two categories,
i.e., images having a single object as well as images having
multiple objects.

A. Category I: Single object images

Images in the single object category are shown in Figs.
7-9. The first image taken into consideration is shown in
Fig. 7(@). The corresponding ground-truth and border
ground-truth are depicted in Fig. 7(b) and Fig. 7(c),
respectively. In this typical image, because of uneven
lighting over the image, the poor visibility
condition created over the lower-left region of the mage,
which makes the image obscure. Additionally, because of
the light falling on the right-wing of the image, there are
sharp pixel intensity changes in this region which makes
the image difficult to classify. Because of this, the existing
techniques have shown considerable misclassification in
the said regions of the image, as shown in Figs. 7(d) - 7(i).
However, the proposed RSOH scheme could handle the
uneven lighting condition, as seen in Fig. 7(j). It can be
observed from Table Il that PM is 1.61% which shows a
considerable reduction in misclassification error as
compared to the other existing techniques. This effect can
be observed from other performance indices given in
Tables 1V, V, and VI.
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Another image tested is the Hexa image presented in
Fig. 8(a), and the corresponding ground-truth and border
ground-truth is presented in Fig. 8(b) and Fig. 8(c),
respectively. It can be observed from Fig. 8(a) that there is
evidence of more lighting in the right part of the image,
and also, there is the occurrence of poor visibility
condition in the lower-left portion of the image. Because
of this, the existing techniques failed to classify the image
with higher classification error, and it is evident from Figs.
8(d) - 8(i). Moreover, the proposed RSOH scheme could
perform accurate classification, and it can be seen from
Fig. 8(j). This effect is also reflected by the performance
indices given in Tables IlI, 1V, V, and VI.

Let’s consider another image of chopper depicted in
Fig. 9(a), and corresponding ground-truth and border
ground-truth are shown in Fig. 9(b) and Fig. 9(c),
respectively. It can be observed from 9(a) that there is the
occurrence of complex background because of clouds in
the image. Moreover, some intensities of the cloud portion
of the image match with the object, i.e., chopper. Because
of this, in other classification techniques, a considerable
portion of the background is misclassified as an object, and
it can be seen from figs. 9(d) - 9(i). The proposed RSOH
scheme classification performance leads to accurate
classification, which can be seen in Fig. 9(j). This effect is
also reflected by the performance indices given in Tables
I, 1V, V, and VI.

B. Category II: Multiple object images

The images considered in multiple object categories are
shown in Figs. 10-12. The first image considered in this
category is, grains image shown in Fig. 10. In this typical
image, there is evidence of more light in the right upper
corner of the image and the poor visibility condition in the
lower-left portion of the mage. Because of this, in other
classification techniques, many pixels in the right upper
corner of the image are misclassified as objects, and many
rice grains are misclassified as background, and it can be
seen from figs. 10(d) - 10(i). The proposed RSOH scheme
could handle this heavily lighted and poor visibility
condition arised due to uneven lightings, which can be
observed from Fig. 10(j). This effect is also reflected by
the performance indices given in Tables VII, VIII, IX, and
X.

Another image considered in this category is ‘hills and
tree’, which is depicted in Fig. 11(a). In this image, there is
evidence of a complex background because of various
layers of hills. It can be seen from Fig. 11(j) that the
proposed RSOH classification scheme could perform well
as compared to other existing techniques. This effect is
evident from Figs. 11(d) - 11(j) and also from the
qualitative performance indices given in Tables VII, VIII,
IX, and X.

The last image considered in this category is the boat
image shown in Fig. 12(a). In this image, there is evidence
of sharp intensity changes due to light falling on the water
body and the layers of hills in the background. Because of
this, other classification techniques have shown a lot of
background portion is misclassified as an object, and it can
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be observed from Figs. 12(d) - 12(i) . It can be seen from
Fig. 12(j) that the proposed RSOH classification scheme
could perform well as compared to other existing
techniques. This effect is evident from Figs. 12(d) - 12(j)
and also from the qualitative performance indices given in
Tables VII, VIII, IX, and X.

TABLE 11

ADAPTIVE WINDOWS PRODUCED WITH
RESPECTIVE THRESHOLDS GIVEN
BYRSOHTECHNIQUE IN ‘HEXA’ IMAGE

Window Window Corners Threshold
Number (k)

st-r | st-c | ed-r |ed-c
1 0 210 | 210 41
2. 210 | 130 | 350 69
3. 0 | 350 | 400 | 400 79
4, 210 | O 400 | 210 73
5. 350 | 210 | 400 | 350 37

(st-r: starting row, st-c: starting column, ed-r: ending row,
ed-c:ending column.)

(b)

(e (h) (i)

)

Fig. 7: (a) ‘Bird’ image (b) Ground-truth (c) Boundary

ground-truth (d) Otsu’s method (e) Fuzzy C-means (f)
Possibilistic C-mean (g) Pal’s method (h) Hetero-

geneous granulation (HGWG) (i) Non-homogeneous
granulation (ENHWG) (j) Proposed RSOH scheme

»
o

Fig. 8: (a) ‘Hexa’ image (b) Ground-truth (c) Boundary
ground-truth (d) Otsu’s method (e) Fuzzy C-means (f)
Possibilistic C-mean (g) Pal’s method (h)
Heterogeneous granulation (HGWG) (i) Non-
homogeneous granulation (ENHWG) (j) Proposed
RSOH scheme

e
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Fig. 9: (a) “Chopper’ image (b) Ground-truth (c)
Boundary ground-truth (d) Otsu’s method (e¢) Fuzzy C-
means (f) Possibilistic C-mean (g) Pal’s method (h)
Heterogeneous granulation (HGWG) (i) Non-
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Fig. 10. (a) ‘grains’ image (b) Ground-truth (c)
Boundary ground-truth (d) Otsu’s method (e) Fuzzy C-
means (f) Possibilistic C-mean (g) Pal’s method (h)
Hetero-geneous granulation (HGWG) (i) Non-
homogeneous granulation (ENHWG) (j) Proposed
RSOH scheme

Bt

(b)

(a) (c)

(d) (e) ()

[
[

(g)

0
Fig. 11. (a) ‘Hills and tree’ image (b) Ground-truth (c)
Boundary ground-truth (d) Otsu’s method (e) Fuzzy C-
means (f) Possibilistic C-mean (g) Pal’s method (h)
Heterogeneous granulation (HGWG) (i) Non-
homogeneous granulation (ENHWG) (j) Proposed
RSOH scheme
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RSOH scheme.

e N s

(b)

(a)

(i)
Fig. 12. (a) ‘Boat’ image (b) Ground-truth (c)
Boundary ground-truth (d) Otsu’s method (e) Fuzzy C-
means (f) Possibilistic C-mean (g) Pal’s method (h)
Hetero-geneous granulation (HGWG) (i) Non-
homogeneous granulation (ENHWG) (j) Proposed
RSOH scheme

To estimate the robustness of the proposed RSOH
scheme, the detailed comparative analysis of the Average
Classification Performance (ACP) of various schemes
using index PM is given in Table XI. ACP is calculated by
taking the average of PM for all images. It is evident from
Table XI that the proposed RSOH scheme is more robust
as compared to the existing techniques.

TABLE 111

CLASSIFICATION PERFORMANCE USING INDEX PM
FOR IMAGES CONSISTING
OF SINGLEOBJECT

Image |Ots |FC |PC |Pal’ |HGW | ENHW | RSO
u M M |s G G H

bird |14.3|12.3|11.7 |21.0|11.12 | 17.40 1.61
7 6 1 3

hexa |10.9|12.4|20.1|20.3|9.90 12.43 1.00
4 9 1 3

chopp (29.8|32.9 |35.5(28.3|21.03 | 11.82 0.98

er 5 3 6 2
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TABLE IV
CLASSIFICATION PERFORMANCE USING INDEX DC FOR IMAGES CONSISTING OF SINGLEOBJECT
Image Otsu FCM PCM Pal’s HGWG ENHWG RSOH
bird 0.8562 0.8721 0.8154 0.7897 0.8887 0.8259 0.9857
hexa 0.8905 0.8750 0.7988 0.7968 0.9009 0.8756 0.9901
chopper 0.7015 0.6706 0.6443 0.7167 0.7897 0.8818 0.9971
TABLE V
CLASSIFICATION PERFORMANCE USING INDEX VI FOR IMAGES CONSISTING OF SINGLEOBJECT
Image Otsu FCM PCM Pal’s HGWG ENHWG RSOH
bird 0.3980 0.3284 0.3001 0.4957 0.3477 0.6411 0.1152
hexa 0.3517 0.3859 0.5368 0.5411 0.2860 0.3524 0.0233
chopper 0.5738 0.6168 0.6506 0.5513 0.4337 0.2617 0.0281
TABLE VI
CLASSIFICATION PERFORMANCE USING INDEX BHD FOR IMAGES CONSISTING OF SINGLEOBJECT
Image Otsu FCM PCM Pal’s HGWG ENHWG RSOH
bird 0.8286 0.7523 0.7133 0.7887 0.9157 0.7565 0.9746
hexa 0.8017 0.7829 0.7133 0.7094 0.8722 0.8457 0.9974
chopper 0.8000 0.7653 0.7451 0.8219 0.9196 0.9805 0.9796
TABLE VII
CLASSIFICATION PERFORMANCE USING INDEX PM FOR IMAGES CONSISTING OF MULTIPLE
OBJECTS
Image Otsu FCM PCM Pal’s HGWG ENHWG RSOH
grains 20.21 21.46 39.31 32.35 12.47 11.59 8.11
hillstree 41.72 41.56 38.33 12.45 11.15 11.15 1.10
boat 31.59 31.79 32.46 22.90 18.59 15.47 451
TABLE VIII
CLASSIFICATION PERFORMANCE USING INDEX DC FOR IMAGES CONSISTING
OF MULTIPLEOBJECTS
Image Otsu FCM PCM Pal’s HGWG ENHWG RSOH
grains 0.7980 0.7854 0.6068 0.6764 0.8753 0.8840 0.9187
hillstree 0.5827 0.5843 0.6166 0.8754 0.8883 0.8884 0.9899
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accurately into object and background under uneven
lighting conditions in the computer vision system. The
vagueness and ambiguity caused by uneven lighting
conditions are a challenge in classifying such images. In
order to deal with this challenge, a hybrid, i. e., a
combination of Otsu and rough set (RSOH), is developed.

The proposed scheme is compared with different
classification techniques, and to quantify the performance,
the four performance indices, i.e., PM, DC, VI, and BHD,
are used.

In the proposed work, the two-class problem of
classification of unevenly lighted images consisting of
single as well as multiple objects is handled. The work
presented in this paper will be explored further for multi-
class classification.

[

[2
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[41

[5]

[6]
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boat 0.6840 0.6820 0.6754 0.7709 0.8141 0.8452 0.9589
TABLE IX
CLASSIFICATION PERFORMANCE USING INDEX VI FOR IMAGES CONSISTING
OF MULTIPLE OBJECTS
Image Otsu FCM PCM Pal’s HGWG ENHWG RSOH
grains 0.6453 0.6774 0.8419 0.7778 0.3446 0.3235 0.2391
hillstree 0.7296 0.7279 0.6938 0.2746 0.2478 0.2477 0.0299
boat 0.5389 0.5416 0.5499 0.5068 0.3481 0.2957 0.0941
TABLE X
CLASSIFICATION PERFORMANCE USING INDEX BHD FOR IMAGES CONSISTING
OF MULTIPLE OBJECTS
Image Otsu FCM PCM Pal’s HGWG ENHWG RSOH
grains 0.7881 0.7762 0.5692 0.6408 0.8783 0.8881 0.9181
hillstree 0.5020 0.5020 0.5020 0.5322 0.5559 0.5559 0.9375
boat 0.4264 0.4201 |0.3995 0.5090 0.7307 0.7911 0.9699
TABLE XI
AVERAGECLASSIFICATION PERFORMANCE(ACP) USING INDEX PM
Schemes Otsu FCM PCM Pal’s HGWG ENHWG RSOH
ACP 24.78 25.43 29.58 22.89 14.05 13.31 2.86
VII. CONCLUSIONS
In this work, efforts are made to classify the image
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