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ABSTRACT

In this work, bi-level and multi-level segmentation is
proposed for the grey image dataset using a novel Brownian
Bat Algorithm (BBA). Maximization of Otsu’s between-class
variance function is chosen as the objective function. The
performance of the proposed CBA is demonstrated by
considering five benchmark images and compared with the
existing bat algorithms such as Traditional Bat Algorithm
(TBA) and the Lévy flight Bat Algorithm (LBA). The
performance appraisal between the proposed and existing bat
algorithms are done using existing constraints such as
objective function, Root Mean Squared Error (RMSE), Peak
to Signal Ratio (PSNR), Structural Dissimilarity (DSSIM)
index, and algorithm convergence. The result evident that
proposed CBA offers better values for objective function,
RMSE, PSNR and DSSIM, whereas TBA and LBA offers
faster convergence compared to BBA.
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1. INTRODUCTION

Image segmentation is widely used to examine grey scale and
colour images in medical discipline, navigation, environment
modeling, automatic event detection, surveillance, pattern
recognition, and damage detection. The improvement in
digital imaging procedure and computing technology has
enlarged the potential of imaging science [1].

For grey scale images, thresholding process is used to
emphasize the key features from the raw image. The main
motive of the thresholding procedure is to enhance the key
feature of an image using the best possible threshold level.
Finding the precise threshold value to divide an image into
desirable object and background remains an extremely
significant step in imaging science [2,3]. Detailed reviews on
existing thresholding techniques can be found in the literature
[1,2,3].

For grey scale image segmentation, the methods such as
Kapur, Tsallis, and Otsu are very popular. But, Otsu presents
an enhanced result for the bi-level and multi-level
thresholding problem compared to other methods [4,5].
Hence, in recent years, Otsu based optimal image
segmentation procedure is widely adopted by most of the
researchers to solve the grey scale and RGB images.

Traditional exhaustive search offers better result for a bi-level
thresholding problem. When threshold level increases,
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traditional method requires more computational time because
of increase in complexity. Hence, in recent years, heuristic
algorithm based bi-level and multi-level image thresholding
procedure is widely proposed by most the researchers for grey
scale [4-10] and RGB images [11, 12].

In this work, the Bat Algorithm (BA) proposed by Yang in the
year 2010 is considered [13]. The search efficiency of
traditional BA is improved using the well known Brownian
Distribution (BD) search strategy [14]. The proposed
Brownian BA (BBA) is then adopted for solving the bi-level
and multi-level image segmentation problem using Otsu’s
between-class variance method.

The proposed work is demonstrated by considering five grey
scale benchmark (512 x 512) images such as Barbara,
Goldhill, Jet, Couple, and Butterfly

2. METHODOLOGY

In this paper, image segmentation for the considered dataset is
carried using Otsu’s between-class variance method [6]. The
optimal thresholds are attained by maximizing the objective
function. A detailed description of Otsu’s between-class
variance method could be found in [4-12].

In bi-level segmentation, the image is divided into two
classes, such as Cy and C; by a threshold at a level‘t’. The
class Cq encloses the gray levels in the range 0 to t-1 and class
C, encloses the gray levels fromtto L — 1.

The probability allocation for Cy and C; can be expressed as;

__Po P11 5nq Cy= Pt PL-1
ap(t) " ap(t) o (1) "oty (1)

Co
t-1 L-1
where ap(t)= Y pi ,and oy(t)= 3 p;

i=0 i=t

The mean levels y, and gy for Cyand C; can be written as;

U =t§ ipi and 7 =I:1ip—i
0 San(D) TSI @

The mean intensity (u;)of the entire image can be represented
as;

ur =agup +aoppy and ap +oy =1

The objective function for the bi-level thresholding problem
can be expressed as;

Maximize J(t) = o9 + 01 3
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For the multi-level thresholding process , let us take ‘m’
thresholds (t;, t,, ..., ty), which split the image into ‘m’
classes: C, with gray levels in the range 0 to t-1, C; with
enclosed gray levels in the range t; to t-1, ..., and C,
includes gray levels from t,, to L — 1. The objective function
for this problem can be expressed as;

Maximize J(t) = 69+ o1 +...+ o 4)
where ao=wo( po- 1)’ 01=w1( - 1)’ .., On=0n( fim— )%

The well known parameters, such as the Root Mean Square
Error (RMSE), the Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index Matrix (SSIM) are considered to
evaluate the quality of the segmented image.

The mathematical expression is given below:

H W
RMSE(x ) = MSE(x) :‘/M—lN_ZZ[x(iJ)—y(i,j)]2 (5)

i=1j=1
255
PSNR( yy =20log 10| —— ;dB (6)
,’MSE(ny)
2 Cq1)(2 C
SSIMyy) = (2uxpy +C1)(204y +C2) @

(1 +1y® =C1)(0 2 +0 2 +C2)

where x and y are original and segmented images; i and ux,
are the average values, a,’and o,°are the variance, o,y is the
covariance, and C,= (k;L)* and C,= (kL)? stabilize the
division with weak denominator, with L = 256, k; = 0.01, and
k, =0.03 [7].

Like SSIM, structural dissimilarity (DSSIM) is also a measure
of the processed image quality and it can be expressed as;

l—SSlM(X'y)

DSSIM(x,y) = 2

(8)
In this work, RMSE, PSNR and DSSIM are considered as the
performance measure values.

3. OVERVIEW OF BAT ALGORITHM
The Bat Algorithm (BA) is based on the bio-sonar
characteristics of microbats. BA was proposed by modelling
the navigating and tracking capability of bats [13]. A detailed
review on the BA algorithm can be found in [15].

The BA was developed based on the following assumptions
[16-19,22]:

e All the bats use echolocation to sense distance, prey,
and background barriers.

e The bats will fly with a velocity V;, at position X;
with an emitted frequency f;n, varying wavelength A
and a loudness A,. During the search, the bats will
automatically adjust the frequency, wavelength and
pulse emission rate re[01] based on the target

distance.

e Along with the above said parameters, the loudness
also varies from a large A, value to a constant Api,
value.

The Traditional BA (TBA) has three mathematical discrete
equations, defining the velocity update (egn. 9), the position
update (egn. 10), and the frequency vector (eqn. 11) as given
below:

Vi(t+1):Vi(t)+(xi(t)—Gbest)Fi (9)
Xi(t+1)=X;(t)+Vi(t+1) (10)
Fi = Fmin +(Fmax — Fmin )8 (11)

where g is a random integer in the range [0,1].

From eqn.9, it is noted that, the velocity update mainly
depends on the frequency vector. During the optimization
search, a new solution for each bat is generated based on the
following relation:

Xnew = Xold + A (12)

where ¢ is a random numeral in the range [-1,1] and A is the
loudness of emitted sound by bats during the exploration of
search space.

The minimum and maximum values of the loudness variable
A is chosen as Ay = 10, and Ani, =1 (which decay in steps of
0.01). Other related mathematical representations for loudness
adjustment are presented below:

pﬁ(t+1):aAi(t) (13)
(t+1)=h(0)[L-exp(-1)] (w4

where a and y are constants typically assigned with a numeral
value of 0.75 [16].

Lin et al. (2012) reported that, the performance of TBA can be
improved with the help of Lévy Flight (LF) strategy. In their
work the random numeral value ‘¢’ in the new bat position
(eqn.12) is replaced with a Lévy operator [23].

In the proposed work, we replaced ‘¢’ with a Brownian
Distribution (BD) parameter recently discussed by Raja et al.
[14]. A detailed explanation about the LF and BD could be
found in the book by Yang [17]. LF and BD are the random
walk with a sequence of arbitrary steps and is theoretically
similar to the search path of a foraging animal [20, 21].
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Fig. 1 Two dimensional Brownian search pattern

In the proposed work, the new position of the Bat can be
expressed with the following relation:

Xnew=Xold + Al ® LF (15)

Xnew = Xolg + At ® BD (16)
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Eqgn. 15 represents the position expression for LBA and
eqn.16 shows the position expression for BBA.

The BD is a subdiffusive non-markovian process, which
follows a Gaussian distribution with zero mean and time-
dependent variance [14]. Fig 1 depicts the search pattern of
the BD in 2D search space. From this, one can observe that,
BD offers a perfect exploration of search space compared to
other methods.

4. RESULT AND DISCUSSIONS

Otsu guided, bat algorithm based multi-level thresholding
techniques have been tested on standard test images (512 x
512), such as Barbara, Goldhill, Jet, Couple, and Butterfly.
From the grey histogram, it is noted that, Barbara, Goldhill,
Jet offers a smooth histogram and the rest of the images
(Couple and Butterfly) shows rapidly changing pixel levels.

The simulation work is executed on a work station with
Intel Dual Core 1.6 GHz CPU with 2 GB of RAM and
equipped with Matlab R2010a software.

During the optimization search, population of bat is chosen as
25, number of iteration is allotted as 500, the search
dimension is assigned as ‘m’, and the stopping criterion is
Jmax- FOr each image, and for each m, the segmentation
procedure is repeated 10 times and the mean value among the
trials is chosen as set of optimal thresholds and performance
measures. The Brownian Distribution (BD) and Lévy Flight
(LF) parameters are assigned as discussed in Raja et al. [14].

Table | shows the considered test image dataset and the
corresponding grey level histogram value. Initially the
optimization process is applied on the Barbara image for m =
{2, 3, 4, 5} using the existing and the proposed bat
algorithms. Fig 1 (a - d) shows the segmented histogram and
the corresponding optimal grey threshold values obtained
using the BBA. The above said procedure is repeated for the
image dataset shown in Table | with TBA, LBA and BBA and
the corresponding result are clearly presented in Table I, I1I,
IV and V.

Table 1.Test image and corresponding histogram
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Fig. 2 Segmented Barbara histogram for various ‘m’
levels

Table 2. Iteration number and CPU time attained with various bat algorithms

Image m No. of iterations CPU time (min)
BBA | TBA LBA BBA TBA LBA
2 37 46 31 0..3229 0.3896 0.3826
3 81 79 72 0.5482 0.5991 0.5994
< 4 106 118 98 1.0377 1.0836 1.0031
8
E 5 139 143 102 1.1082 1.1096 1.0861
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2 64 59 56 0.4829 0.4429 0.4402
3 87 68 61 0.5832 0.5712 0.5633
= 4 132 141 126 1.0263 1.0833 1.0063
5
] 5 163 156 148 1.1074 1.0936 1.0822
2 53 61 56 0.4826 0.5108 0.5026
3 81 75 63 1.1265 1.0297 1.0082
4 126 110 97 1.2873 1.1932 1.0926
5 5 162 171 133 1.3992 1.4027 1.2774
2 31 47 38 0.3028 0.3824 0.3621
3 73 69 56 0.5928 0.5299 0.5037
° 4 118 120 105 1.0263 1.0519 0.0135
E
S8 5 178 159 163 1.4292 1.2836 1.3061
2 51 47 53 0.4293 0.4027 0.4372
3 73 82 66 0.5119 0.5621 0.4829
2 4 109 117 93 1.0224 1.0528 0.5793
g
@ 5 130 122 101 1.4791 1.4002 1.2734

Table 3. Segmented images with various threshold levels with BBA
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Butterfly

Table 4. Comparison of objective function and threshold values achieved with various bat algorithms

Obijective function Optimal thresholds
Image
TBA LBA BBA TBA LBA BBA
2130.63 |2131.01 |2131.88 90, 156 92, 154 90, 153
g 2221.05 |2232.18 |2251.11 71,124,182 70, 122, 184 69, 125, 184
S
g 2277.11 | 2251.92 |2266.71 60, 94, 136, 188 58, 92, 137, 186 56, 94, 136, 188
2309.72 |2311.22 |2312.38 | 45,76,124,147,192 |43,78,126,143,190 | 45,77,128, 141,192
1563.82 |[1538.91 | 1567.03 88, 162 86, 165 86, 166
E 1607.05 |1584.37 | 1600.92 64, 141,172 61, 140, 173 62,138, 171
5
8 1693.02 |1624.73 | 1679.84 58, 90, 138, 180 56, 92, 136, 182 56, 89, 137, 183
1710.37 |1689.35 |1706.92 | 44,78,152, 178,202 (43,76, 153,180,200 | 46, 76,150, 177,203
1690.60 |1718.51 |1714.22 116,178 115,176 116,177
1764.11 |1777.14 |1779.44 89,144,193 86,145,191 85,142,194
@
" 1801.00 |1794.03 | 1810.11 80,124,168,205 78,122,170,206 81,122,171,206
1830.93 |1816.53 | 1835.72 68,112,141,174,208 64,110,140,176,209 65,114,139,175,210
1247.46 |1253.03 |1244.92 85,148 84,150 82,151
%_ 1294.43 |1287.50 |1294.84 72,126,162 71,124,164 68,125,164
§ 1314.38 |1322.16 |1327.72 61,100,132,176 60,101,134,173 57,104,138,174
1391.62 | 1405.27 |1384.76 52,96,128,144,182 50,94,126,142,184 50,93,129,146,183
863.93 872.05 878.52 96,154 95,156 94,157
E> 927.80 916.24 928.74 74,119,167 72,117,168 71,122,171
o
g 1073.27 | 1063.36 | 1078.88 70,108,134,168 69,106,136,169 66,105,136,174
1103.53 |[1115.29 |1125.33 68,110,131,156,182 65,111,134,158,184 61,108,129,158,184
Table 5. Comparison of the RMSE, PSNR and DSSIM for various test images
RMSE PSNR (dB) DSSIM
Image
TBA LBA BBA TBA LBA BBA TBA LBA BBA
g 66.2661 | 66.5404 68.1272 11.7050 | 11.6691 11.4644 | 0.2787 0.2983 | 0.2781
8
g 61.0261 | 60.8152 60.4393 12.4205 | 12.4506 12,5044 | 0.2619 0.2704 | 0.2710
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4 59.0528 | 52.9365 50.8653 12.7060 | 13.6557 14.0024 | 0.1836 0.1854 | 0.1835
5 44,0736 | 41.6378 42.6053 15.2472 | 15.7410 15.5415 | 0.1635 0.1705 | 0.1682
2 82.1109 | 82.8362 81.0836 9.8428 9.7664 9.9521 0.2371 0.2418 | 0.2284
E 3 50.5738 | 49.7428 50.0826 14.0523 | 14.1962 14,1371 | 0.1824 0.1892 | 0.1812
=
8 4 40.3627 | 40.9366 39.9373 16.0112 | 15.8886 16.1032 | 0.1753 0.1725 | 0.1703
5 30.2375 | 31.8365 30.0365 18.5199 | 18.0723 18.5778 | 0.1642 0.1657 | 0.1660
2 68.9070 | 63.9366 62.7919 11.3655 | 12.0158 12.1727 | 0.2518 0.2471 | 0.2601
3 45.6958 | 46.1281 46.9643 14.9333 | 14.8515 14.6954 | 0.2016 0.2183 | 0.2175
@
'_) 4 28.8766 | 27.9024 28.8831 18.9199 | 19.2180 18.9179 | 0.1962 0.1865 | 0.1857
5 23.3971 | 23.7927 23.0061 20.7476 | 20.6019 20.8939 | 0.1753 0.1781 | 0.1746
2 56.1988 | 55.2568 54.2899 13.1363 | 13.2831 13.4364 | 0.2017 0.1926 | 0.2085
2 3 40.6867 | 41.8543 40.0042 15.9418 | 15.6960 16.0887 | 0.1937 0.1901 | 0.1842
é’ 4 31.6291 | 32.1652 31.4545 18.1291 | 17.9831 18.1771 | 0.1725 0.1788 | 0.1715
5 23.4226 | 23.9251 22.1678 20.7381 | 20.5537 21.2164 | 0.1680 0.1662 | 0.1635
2 71.4867 | 70.4563 69.8294 11.0463 | 11.1724 11.2500 | 0.1923 0.1955 | 0.2018
“_—? 3 51.5077 | 52.0365 50.8355 13.8934 | 13.8046 14.0075 | 0.1824 0.1883 | 0.1818
<
g 4 36.4087 | 36.0466 35.8369 16.9067 | 16.9935 17.0442 | 0.1799 0.1762 | 01725
5 27.4835 | 27.7026 26.5802 19.3494 | 19.2804 19.6396 | 0.1692 0.1683 | 0.1655

Table 1l shows the number of iterations and the CPU time
taken by the bat algorithms during the image segmentation
operation. All the algorithms show approximately similar
result for bi-level thresholding (m = 2). When the threshold
level increases, LBA offers better result compared with TBA
and BBA.

Table 111 depicts the segmented dataset for m = 2, 3, 4, and 5
using the proposed BBA. Similar results are attained with
other bat algorithms.

Table 1V and V shows the performance measures considered
in this work. For most of the test images, BBA offers
enhanced values of objective function, RMSE, PSNR, and
DSSIM compared with the TBA and LBA. From this work, it
is noted that, for Couple and Butterfly images, BBA offered
superior result compared with the alternatives.

5. CONCLUSION

In this paper, grey scale histogram assisted bi-level and multi-
level image thresholding problem is addressed using
Traditional Bat Algorithm (TBA), Lévy flight Bat Algorithm
(LBA) and Brownian Bat Algorithm (BBA). The simulation
study is carried using MATLAB R2010a software.
Maximization of Otsu’s between class variance is adopted as
the objective function. To evaluate the performance of TBA,
LBA and BBA, five standard grey scale test images (512 x
512) are examined with m = 2,3,4,5. From this study, it is
confirmed that LBA offers better iteration number and CPU

time compared to TBA and BBA. The proposed BBA offers
better performance measure values such as maximized
objective function, PSNR and DSSIM compared to the
alternatives considered in this study.
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