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Abstract— The probabilistic Ant Colony Optimization (ACO)
approach is presented to solve the problem of designing an
optimal route for hard combinatorial problems. The analysis
presented in this paper focuses on haze removal for underwater
images which have poor visibility due to presence of haze. It is
found that most of the existing researchers have neglected many
issues i.e. no technique is accurate for different kind of
circumstances. The existing methods have neglected the use of
ant colony optimization to reduce the noise and uneven
illuminate problem. The main objective of this paper is to
evaluate the performance of Ant colony optimization based haze
removal over the available MIX-CLAHE (Contrast Limited
Adaptive Histogram Equalization) technique. The experiment
has clearly showed the effectiveness of the proposed technique
over the available methods.

Index terms- CLAHE, MIX-CLAHE, Haze, ACO.

l. INTRODUCTION

In underwater image capturing, the presence of haze
is the well-known source of distortion. The underwater images
are very important as they provide critical pieces of
information regarding underwater mines, shipwrecks, coral
reefs, pipelines, ocean engineering, sea life and navigation
details. The possible causes of haze effect may be presence of
sand, minerals, plankton in ocean, river and lakes which absorb
and scatter some part of the light on the way coming back to
camera after reflection from object. Haze removal is
considered a tough task because fog depends upon the
unknown scene depth information. Haze effect is the event of
distance between camera and object. Hence removal of haze
requires the estimation of air light map or depth map.

The haze removal techniques are categorized into two sub
categories: image enhancement and image restoration. The
former doesn't explain the core reason of image degradation by
haze. The contrast of haze image can be enhanced by this
technique but some of the image information is lost. In
contrast, image restoration firstly studies the physical
procedure for imaging in foggy weather. After observing that
degradation style of fog, image will undoubtedly be
established. At last, the degradation process is inverted to
generate the haze free image without the degradation. So, the
quality of degraded image might be improved. The paper

addresses MIX-CLAHE (Contrast limited adaptive histogram
equalization) which combines two outputs of CLAHE applied
onto two color models of RGB and HSV with the primary goal
of reducing significant noise introduced by CLAHE in order to
ease a subsequent process of underwater images. MIX-
CLAHE improves local contrast of an image more than
standard histogram equalization does by bringing out more
details but still has tendency to amplify noise. This paper
proposes new method which integrates MIX- CLAHE and
ACO technique. The main goal is to reduce the noise and
uneven illuminate problem.

1. ACO IMPLEMENTATION

Ant Colony Optimization (ACO) is a meta-heuristic for
solving hard combinatorial optimization problems. The
inspiring supply of ACO could be the pheromone trail laying
and following behavior of real ants, which use pheromones as a
communication medium. In analogy to the biological example,
ACO is based on indirect communication inside a colony of
simple agents, called (artificial) ants, mediated by (artificial)
pheromone trails. The pheromone trails in ACO serve as
distributed, numerical information, that the ants use to
probabilistically construct methods to the issue being solved
and that the ants adapt during the algorithm's execution to
reflect their search experience.

The (artificial) ants in ACO implement a randomized
construction heuristic making probabilistic decisions as a
function of artificial pheromone trails and possibly available
heuristic information on the basis of the input data of the issue
to be solved. As a result, ACO could be interpreted as an
extension of traditional construction heuristics, which are
plentiful for several combinatorial optimization problems. Yet,
an important difference with construction heuristics could be
the adaptation of the pheromone trails during algorithm
execution to consider the cumulated search experience.
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Table 1: List of various parameters used in ACO

implementation:

where T= is the current pheromone trace in the arc e; “=is

Nature Description{Computer Science} the heuristic value of the arc e To avoid the repetition of a
ST e Graph (aodes a0 edze%) Iocatlo_n in the route, each ant stores the Io-catl_on of the v[S|ted
= nodes in a temporal memory Each ant maintains a tabu list of
Nest and food | Nodes in the graph: start and destination infeasible transitions for that iteration and Update
Ems Azents, our artificial ants attractiveness of an edge according to the number of ants that
. : _ . pass through. The pheromone update process is done in two
Vistility The reciprocal of distance, 1 phases; first, each ant updates its own local path, and later a
fimetion global process updates the arcs of the best route, according to
Pheromones At Al phetomones T Equation 3 and Equation 4, respectively. Then we have to
_ ) ; update local pheromone value
HasiEnEs 7ij (8) = (1-p) i (1) )p- 0 3)
i Describes the amount of pheromone on edge [}, ] at
Ty Pheromone mitial valus " . .
time* P Describes pheromone decay 0<P <1; and Tris the
G, Heuristic value of the edpe e initial value of pheromone on all edges. Experimentally, the
optimal value for P has been found to be 0.1 and good
T Pheromone value of the arc formulation for To has been found to be:
Cennecting points i and j
] Weight parameter of the 1
pheromene information To =[Pebnmy
i Weight parameter of the
heyristic information Where n is the number of nodes in the graph; and Lon is the
T - ] length of the tour found by a nearest neighbour heuristic.
P Percentage of pheromone that remaims
after evaporation Tij (1) «(1-p) 7 () + p. A 7 (1) (4)
n Number of ants used in algonthm
Itz mn colonv Where T ® is the amount of pheromones on the edge (i,j)
3 Fumber of ierations at time t; P is a parameter governing pheromone decay such
. that 0< P <1: and 4% (& = 1/L* \yhere L' is the length of the
KC Independent runs of zlzonthm ; S
= current best tour. The pseudo code of our implementation is
P, Choose edge e according to probability presented in three parts. Algorithm 1 shows the random pixel
e T T T generation and Algorithm 2 shows generation of pheromone
“AnG_PIRel -andomly generated pixels matrix and Algorithm 3 find the best path (route) procedure
IImage pixelzo Eezt zorted image pixels performed by each ant.
- ALGORITHM 1: RANDOM PIXEL GENERATION
lobal best Global pheromone update value
Umes{m n) Predefined Ones of trail value for 1i=l:n
_ _ for j=1:n
td Fheromene diztance value distance (i,73)=sqrt (
13 Delta pheromone value (x(1) -
x(J)) "2+ (y(1)-
y(j))"2);%distance
Since, there are no pre-defined connections between nodes, end
the implementation starts with generating the connections end
between the nodes. The generation of the next edge of the for i=1:n
current point for ant follows Equation 1 in which it choose next distance (i, 1)=0.01;
edge probabilistically according to the attractiveness and %

visibility.

Distance(i,j)= sart ((x(i)- x()* +(y()- y()?)) (1)

X, ¥ location co-ordinates such that is Euclidean distance
between location £, |

(rdiog)

T

pe= Eavailabls sdges £7(2")| (1) @)

ALGORITHM 2: generation of pheromone matrix
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for i=1:100
if
limage pixelsc (i)
<=130% 30
for
k=1:n-1

t(rand pixels (i, k
) ,rand pixels (i, k
+1) )=t (rand pixel
s (i, k), rand pixel
s(i,k+1))+10;%
30

ALGORITHM 3: find the best path (route)

for k=1:m
for step=1:n-1
ta=t"a;
tb=distance.”(-b);
td=ta.*tb;
dd=path(k,step);
if dd<=30
dd=30;
end

pd=tabu(k,:).*td(dd,:);
pk=pd/sum(pd);
rk=rand;

enl/—N-

I1l. EXPERIMENTAL SETUP:

Below are the steps for the proposed algorithm

Phase 1: Select the input image. Any digital image is
represented as an array of size M*N pixels

Phase 2: First of all, apply MIX-CLAHE technique on the
input image. This technique was invented to reduce undesired
artifacts as well as brightness in an image. MIX-CLAHE
technique mixes the results of CLAHE-RGB and CLAHE-
HSV. The main aim of this technique was to enhance the
contrast of an image and give natural look to underwater
images. This method first normalizes the result of CLAHE-
RGB.

Re G, E.
{res gesbes) = [::R:+G:+E:j’ (Re+Ge+Bc)” :;R:+I::+E:j]
®)

Then the result of CLAHE-HSV is converted to RGB color

model by finding chroma

CZ‘J’»LIS (6)
T ™)
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Figure 2. Flow Chart of Ant colony optimization based
Mixed-CLAHE technique

Then, by using Cand , X is determined as follows:
X=C(1-|(Hmod2) —1]
8
The conversion from HSV to RGB which is denoted by
{ {0,0,0) .if H is undej

(C.X.0), if0=H <1
(L C0)ifl<H <2
(0.CX),if2<H <3
(0.XCLif3<H <4
(,0,C).if4<H <5
L (C0X),ifS<H <6 )
Finally, both conversions’ from eq.5 and eq.9 are integrated
using Euclidean norm:
RGBn:*-.-""'"r:i + 73+ 85 T 85+ bE + B
(10)
Phase 3: In this phase whole working of ACO algorithm
will be performed as discussed earlier.

{f'nr EnLhn:} =4

Phase4: At the end we have to merge pheromone value and
then evaluate ACO based MIX-CLAHE factor.

Vi tnd el ok b+
((fsh = fsv) + 255) (11)
In above equation we have

on horizontal side and
side.

Phase 5: Then the final image is obtained.

VI.  Performance Evaluation

The algorithm is applied using various performance indices
peak signal to noise ratio (PSNR), Mean squared error (MSE),
Root Mean Square Error (RMSE) and Normalized Cross
Correlation (NCC),Bit Error Rate (BER), Normalized Absolute
Error (NAE).

In order to implement the algorithm, design and
implementation has been done in MATLAB using image

is the value of pheromone
is the value of pheromone on vertical
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processing toolbox. The developed approach is compared
against a well-known image dehazing technique. We are
comparing proposed approach using some performance
metrics. Result shows that our approach gives better results
than the existing technique Table 2 is showing the quantized
analysis of the mean square error. As mean square error needs
to be reduced therefore the algorithm is showing the better
results than the available methods as mean square error is less
in every case. The mean Square error is reduced in each case.
The method is tested on the number of images and in each case
shows the better results than the existing method. For example
in given table it is clearly shown that the 4, 7, 9 images have

very much less MSE values so this technique work efficiently.
TABLE I: MSE EVALUATION

Imag HSV- EGE- MIX- Proposzed
ez CLAHE CLAHE CLAHE rezults
1 1430970 | 1195483 | 9916318 | B23.4052
2 1600332 | B32.2210 | 8323333 | B17.2172
3 1306062 | 1648870 | 1762.560 | 1071.750
4 2237420 | 1389.821 | 696.1084 [ 612.1575
5 28652.12 | 1700.179 | 1546.954 [ 1088.406
[ 7278215 | 3063898 | 4309123 | 4068933
7 5621.792 | 2644.050 | 519.6979 | 303.2442
g 2338008 [ 4853160 | 1729360 | 16877.361
L] 7621.892 [ 5944.350 | 577.6879 | 383.2542
10 12207.08 | 1330.733 | 14673562 | 1349.358

Table 3 is showing the comparative analysis of the root
mean square error. Table has clearly shown that is less in our
case therefore the algorithm has shown significant results over
the available algorithm. The highlighted rows clearly had
shown the better results of proposed techniques.
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Table 4 is showing the comparative analysis of the Peak
Signal to Noise Ratio (PSNR). As PSNR need to be
maximized; so the main goal is to increase the PSNR as much
as possible. Table 3 has clearly shown that the PSNR is
maximum in the case of the algorithm; therefore algorithm is
providing better results than the available methods. The
method is tested on the number of images and in each case
shows the better results than the existing method.

TABLE 4: PSNE EVALTTATION

Iimage | HEV- EGE- NI Propozed
CLAHE CLAHE CLAHE results
1 6.5745 17.3534 18.1673 18.9742
2 6.0832 13.9284 18.9268 | 19.0074
3 6.9712 15,9559 15.6604 | 17.3200
4 4.6333 16.7012 19.7040 | 20.2622
5 3.5592 15.8239 162360 | 17.78219
& 9.5106 13.2681 11.7869 | 12.0360
7 10.6321 13.9081 20,9733 | 23.3129

4.0350 21.2706 137519 | 13.8840
9 6.8443 18.7297 37.0497 | 38.0833
10 7.2647 15.8898 16.4648 16.8289

Table 5 is showing the quantized analysis of Bit Error Rate.
As Bit Error Rate need to be reduced therefore the algorithm is
showing the better results than the available methods as Bit
Error Rate is less in every case. The Bit Error Rate is reduced
in each case. The method is tested on the number of images
and in each case shows the better results than the existing
method.

TABLE 5: BER EVALUATION

i ) Images HSV- RGB- Mix- proposed
TABLE 3 RMSE EVALUATION CLAHE | CLAHE | CLAHE | Methods
- — =5 o 5 - 1 0.1849 0.0619 0.0400 0.0364
mages - - Al Topose
CLAHE | cLaHE | CLAHE | resutts 2 0.2466 0.0466 0.0631 0.0619
3 0.1593 0.0600 0.0499 0.0490
1 119.6232 | 34.5738 31.4902 | 28.6966 4 0.2159 0.0599 0.0511 0.0488
T | 1265122 | 288482 | 288537 | 283872 5 01051 | 00754 | 00848 | 0.0837
3 i3 g6 955 35576 6 0.0981 0.0691 0.0767 0.0738
- - e o 7 01784 | 00551 | 0.0371 0.0360
4 1495804 37.2804 253839 24 7418 8 0.1643 0.0586 0.0617 0.0614
3 1602694 | 412332 303313 | 329010 9 0.1409 0.0553 0.0481 0.0470
6 853125 533525 | 656430 | 63.7882 10 0.1434 0.0627 0.0638 0.0620
= — = = Table 6 is showing the comparative analysis of the
7 74.9786 1.4203 22.7969 | 17.4139 . .
_ 21 - _ _ Normalized Cross-Correlation. Table has clearly shown the
§ 159.8780 | 22.0299 41.5836 | 40.9380 results of NCC, therefore the proposed algorithm has shown
9 1159648 | 203158 3.3814 3.1788 significant results over the available algorithm.
10 1104857 | 364793 353088 | 36.7363

26|Page



International Journal of Technical Research and Applications e-ISSN: 2320-8163,

TABLE 6: NCC EVALUATION

Images HSV- RGB- Mix- propose
CLAHE | CLAHE CLAHE | d Methods
1 0.0042 0.9716 0.9566 0.9587
2 0.0053 0.9920 0.8299 0.8161
3 0.0037 0.9145 0.8583 0.8646
4 0.0034 0.9343 0.9428 0.9524
5 0.0073 0.4819 0.2760 0.2879
6 0.0046 0.5275 0.3021 0.3386
7 0.0037 0.9861 0.9303 0.9366
8 0.0058 0.8961 0.7632 0.7649
9 0.0050 0.9718 0.9670 0.9802
10 0.0051 0.8307 0.7077 0.7238

Table 7 is showing the comparative analysis of the
Normalized Absolute Error (NAE). As NAE need to be
minimized; so the main goal is to de crease the NAE as much
as possible. Table 5.3 has clearly shown that the NAE is
minimum in the case of the algorithm; therefore algorithm is
providing better results than the available methods. The

method is tested on the number of images and in each case

shows the better results than the existing method.
TABLE 7: NAE EVALUATION

Imag HSV- RGB- Mix- proposed
es CLAHE | CLAHE | CLAHE Methods
1 0.9961 | 0.2417 0.0900 0.0674
2 0.9949 | 0.0911 0.2331 0.2255
3 0.9969 | 0.2493 0.2053 0.1962
4 0.9971 | 0.2122 0.1667 0.1506
5 0.9932 | 0.5562 0.7030 0.6908
6 0.9959 | 0.5146 0.6665 0.6314
7 0.9966 | 0.1902 0.0836 0.0760
8 0.9945 | 0.1879 0.2794 0.2768
9 0.9955 | 0.2422 0.1797 0.1662
10 0.9952 | 0.2858 0.3144 0.2981

www.ijtra.com Volume 4, Issue 2 (March-April, 2016), PP. 23-30

that there is decrease in RMSE value of images with the use of
method over existing method. This decrease represents
improvement in the objective quality of the image
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Graph 2: RMSE Evaluation

Graph 3 has shown the quantized analysis of the peak signal
to noise ratio of different. It is very clear from the plot that
there is increase in PSNR value of images with the use of
method over existing methods. This increase represents
improvement in the objective quality of the image.

IV. COMPARATIVE ANALYSIS:

The algorithm has shown the various comparative analysis
graphs on different performance parameters, which reflects the
improvement in analysis outcomes and better results from
previous technique. Graph 1 has shown the quantized analysis
of the mean square error of different images. It is very clear
from the graph that there is decrease in MSE value of images
with the use of method over existing method. This decrease
represents improvement in the objective quality of the image.

Graph 2 has shown the quantized analysis of the Root mean
squared Error of different images. It is very clear from the plot
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Graph 3: PSNR Evaluation

Graph 4 has shown the quantized analysis of the Bit Error
Rate of different images. It is very clear from the graph that
there is decrease in BER value of images with the use of
method over existing method. This decrease represents
improvement in the objective quality of the image.
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Graph 4: BER Evaluation

Graph 5 has shown the quantized analysis of the Normalized
Cross-Correlation of different images. It is very clear from the
plot that there is increase in NCC value of images with the use
of method over existing method. This increase represents
improvement in the objective quality of the image
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Graph 5: NCC Evaluation

Graph 6 has shown the quantized analysis of the Normalized
Absolute error of different images.. It is very clear from the
plot that there is decrease in NAE value of images with the use
of method over existing methods. This decrease represents
improvement in the objective quality of the image.
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V. CONCLUSION AND FUTURE WORK

This paper has proposed a new technique which basically
used for underwater haze removal. The review analysis shows
that underwater images are suffering from low contrast and low
visibility. This paper has offered a new technique ACO based
MIX-CLAHE which is integrated technique of MIX-CLAHE
and ANT colony optimization. The proposed technique has
been designed and implemented in MATLAB using image
processing tool. The experimental results indicates that
proposed technique offers better results as compare to available
methods. In near future we use more quality metrics to judge
the potency of the proposed technique. Also the Ant colony
suffers from slow converges speed therefore in future we will
try to reduce it using other evolutionary optimization based
techniques.

REFERENCES

[1] Xu, Zhiyuan, Xiaoming Liu, and Na Ji. Fog removal
from color images using contrast limited adaptive
histogram equalization. International Congress on
Image and Signal Processing, 2009. CISP'09. 2nd, pp.
1-5. IEEE, 2009.

[2] Tripathi, A. K., and S. Mukhopadhyay. Single image
fog removal using bilateral filter. IEEE International
Conference on Signal Processing, Computing and
Control (ISPCC), 2012, pp. 1-6. IEEE, 2012.

[3] Muniyappan, Allirani, Saraswathi. A novel approach
for image enhancement by using contrast limited
adaptive  histrogram  equalization. International
conference on computing, communication and
networking technologies 4™ (ICCCNT) IEEE -31661,
2013.

[4] Hitam, M. S, W. N. J. H. W. Yussof, E. A.
Awalludin, and Z. Bachok. Mixture contrast limited
adaptive histogram equalization for underwater image
enhancement. International Conference on, Computer
Applications Technology (ICCAT), pp. 1-5. IEEE,
2013.

[5] Wang, Yan, and Bo Wu. Improved single image
dehazing using dark channel prior. IEEE International
Conference on Intelligent Computing and Intelligent
Systems (ICIS), Vol. 2. IEEE, 2010.

28|Page



International Journal of Technical Research and Applications e-ISSN: 2320-8163,

[6] Yu, Jing, and Qingmin Liao. Fast single image fog
removal  using  edge-preserving  smoothing.
International Conference on Acoustics, Speech and
Signal Processing (ICASSP), IEEE, 2011.

[7] Shuai, Yanjuan, Rui Liu, and Wenzhang He.Image.
Haze Removal of Wiener Filtering Based on Dark
Channel  Prior International Conference on
Computational Intelligence and Security (CIS), Eighth
IEEE, 2012.

[8] Cheng, F-C., C-H., Lin and J-L. Constant time O (1)
image fog removal using lowest level channel.”
International Conference on Electronics Letters 48.22
pp. 1404-1406, 2012.

[9] Xu, Haoran, et al. Fast image dehazing using
improved dark channel prior. International
Conference on Information Science and Technology
(ICIST), IEEE, 2012.

[10] Sahu, Jyoti. Design a New Methodology for
Removing Fog from the Image. International Journal
2,2012.

[11] Matlin, Erik, and Peyman Milanfar. Removal of haze
and noise from a single image .International society
for optical engineering/SPIE (Society of photo-optical
instrumentation) on Electronic Imaging, 2012.

[12] Kang, Li-Wei, Chia-Wen Lin, and Yu-Hsiang Fu.
Automatic single-image-based rain streaks removal
via image decomposition. Transactions on Image
Processing, 21.4 pp. 1742-1755, IEEE, 2012.

[13] Desai, Nachiket, Chatterjee Aritra, Mishra Shaunak
and Choudary Sunam, A Fuzzy Logic Based
Approach to De-Weather Fog-Degraded Images
International Conference on Computer Graphics,
Imaging and Visualization, Sixth IEEE, 2009.

[14]Guo, Fan, Cai Zixing, Xie Bin and Tang Zin,
Automatic Image Haze Removal Based on
Luminance Component. 6th International Conference
on Wireless Communications Networking and Mobile
Computing (WiCOM) IEEE, 2010.

[15] Chu, Chao-Tsung, and Ming-Sui Lee. A content-
adaptive method for single image dehazing. 11th
Pacific Rim conference on Multimedia Advances in
multimedia information processing and, Springer-
Verlag, 2010.

[16] Xu, Zhiyuan, and Xiaoming Liu, Bilinear
interpolation dynamic histogram equalization for fog-
degraded image enhancement. Journal of Information
of Computer Science 7.8 pp. 1727-1732, 2010.

[17] Huang, Darong, Zhou Fang, Ling Zhao, and Xiaoyan
Chu. An improved image clearness algorithm based
on dark channel prior. In Control Conference (CCC),
33rd Chinese, pp. 7350-7355. IEEE, 2014.

[18] Ghani, Ahmad Shahrizan Abdul, and Nor Ashidi Mat
Isa. Underwater image quality enhancement through
integrated color model with Rayleigh distribution.
Applied Soft Computing 27, pp. 219-230, 2015.

[19]Wang, Jin-Bao, Ning He, Lu-Lu Zhang, and Ke
Lu.Single image dehazing with a physical model and

www.ijtra.com Volume 4, Issue 2 (March-April, 2016), PP. 23-30

dark channel prior. Neurocomputing 149, pp. 718-
728, 2015.

[20] Matlin, Erik, and PeymanMilanfar. Removal of haze
and noise from a single image. International society
for optical engineering/SPIE (Society of photo-optical
instrumentation) Electronic Imaging International
Society for Optics and Photonics, 2012.

[21] Yuk, Jacky Shun-Cho, and Kwan-Yee Kenneth
Wong. Adaptive background defogging with
foreground decremental preconditioned gradient.
Computer Vision—ACCV Springer Berlin Heidelberg.
pp. 602-614, 2012.

[22]Ms. Dilraj, Ms. Pooja. A critical study and
comparative analysis of various haze removal
techniques International journal of computer
application [1JCA] Vol-121, 2015.

[23] K. Gupta, A. Guptam. Image Enhancement using Ant
Colony optimization International organization of
scientific research(IOSR) Journal of VLSI(Very large
scale integration) and Signal Processing (IOSR-
JVSP) ISSN: 2319 — 4200, ISBN No. : 2319 — 4197
Vol-1(3), pp. 38-45, 2012.

[24]A. Jaya,, A Standard Methodology for the
Construction of Symptoms Ontology for Diabetes
Diagnosis International Journal of Computer
Applications (0975 — 8887) Vol-14(1), 2011.

[25] Kanika Sharma, Navneet Bawa, Ajay
Sharma,Enriched Fuzzy and L*A*B based Mix
Contrast Limited Adaptive Histogram Equilization
International Journal of Computer Applications (0975
—8887) Vol-115(2), 2015.

[26] Mohit Sood, Tanupreet Singh, Optimization of
Enhanced Ant Colony Optimization Algorithm using
Quad-Constrained FANTs and Multi-Criteria based
BANTs in Mobile Adhoc Network. International
Journal of Computer Applications (0975 — 8887) Vol-
115 (5), 2015.

[27]P.Sarangi, Gray-level Image Enhancement Using
Differential Evolution Optimization Algorithm
international conference on signal processing and
integrated network (SPIN) , Vol-1, pp. 95-100,IEEE
2014.

[28] Senthilkumaran N, Histogram Equalization for Image
Enhancement Using MRI brain images World
Congress on Computing and Communication
Technologies, Vol-1, pp. 80-83, 2014.

[29] Khan Wahid. A Color Reproduction Method with
Image Enhancement for Endoscopic Images. Middle
East Conference on Biomedical Engineering
(MECBME), Vol-1, pp.135-138, IEEE 2014.

[30] Yung-Tseng Chang. Contrast enhancement in palm
bone image using quad-histogram equalization.
International Symposium on Computer, Consumer
and Control, Vol-14, pp. 1001-1004, IEEE 2014.

[31] Anshita Aggarwal. Medical Image Enhancement
Using Adaptive Multiscale Product Thresholding.
International Conference on Issues and Challenges in

29|Page



International Journal of Technical Research and Applications e-ISSN: 2320-8163,

Intelligent Computing Techniques (ICICT), Vol-1, pp.
683-687, IEEE 2014.

[32] https://in.mathworks.com/matlabcentral/fileexchange/
51957-under-water-images

[33] Lopez-Ibanez, M., Stutzle, T. automatically improving
the anytime behaviour of optimization algorithms.
European Journal of operational researchVol-235(3),
pp.569-582, 2014.

[34] Pellegrini, P., Masacia, F., Stutzle, T., Birattari, M.
On sensitivity of reactive tabu search to its meta-
parameters. Soft computing.

[35] Lvan Brezina jr. zuzana Cickova Solving Travelling
Salesman problem Using Ant Colony Optimization.
Management information Systems Vol-6, pp. 010-014,
2011.

[36] Christine Solnon. Ants Can Solve Constraint
satisfaction  problems. IEEE transaction on
evolutionary Computation, VVol-6, 2002..

www.ijtra.com Volume 4, Issue 2 (March-April, 2016), PP. 23-30

[37]J.van Ast, R. Bshuska, B. De Schutter. Generalized
pheromone update for ant colony learning in
continuous state spaces. IEEE Congress on
Evolutionary Computation (CEC), Barcelona, Spain,
pp.2617-2624, 2010.

[38] Er. Paramjeet Kaur , Er. Nishi. Single Image
Dehazing Using Adaptive Restoration Factor in Dark
Channel Prior. International Journal of Software
Engineering and Its Applications, Vol-9(8), pp. 149-
158, 2015.

[39] G.Colmenares, F.Halal, B. Zaremba. Ant Colony
optimization for data acquisition mission planning.
Management and Production Engineering Review,
Vol-5(2), pp. 3-11,2014.

[40] Ms. Dilraj, Ms. Pooja. Ant Colony Optimization
Based Mixed CLAHE for Underwater Haze Removal.
An International Journal of Engineering Sciences,
ISSN number- 2320-0332, 2015.

30|Page



