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Abstract 
 
Achieving an optimal solution is very crucial while solving a problem. To achieve the optimality required, optimisation techniques can 

be implemented while solving the problem. The presence of classical optimisation techniques has enabled an optimal solution to be 
obtained. However, as the complexity of the optimisation problem increased, classical optimisation techniques faced difficulties in 
providing optimal solutions. Heuristics-based algorithms were introduced to counter the problem faced by classical optimisation tech-
niques. Good performance of these heuristics-based algorithm has been implied through various implementation in solving optimisation 
problems. Despite the performance of these algorithms, the flaws of these algorithms hinder them from producing high-quality results. 
To mitigate the problem, this paper presents the development of Chaotic Immune Symbiotic Organisms Search algorithm which was 
inspired by the element of diversification as well as the increased capability of exploration. The performance of the proposed algorithm 
has been tested by solving several benchmark test functions. A comparative study was also conducted with respect to several other exist-

ing optimisation algorithms resulted in the superiority of the proposed algorithm in providing high-quality solutions. 
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1. Introduction 

While solving a problem, it is important that the solution was 

chosen for the problem to be optimal. In the past, problems are 
solved through experimentation and hit-and-miss approach. How-
ever, the presence of optimisation techniques has changed the 
scenario where an algorithm is implemented to solve a problem 
mathematically, which then replaces the hit-and-miss approach. In 
early days, classical optimisation techniques are implemented to 
solve optimisation problems such as Lagrange Multipliers [1], 
Direct Search [2], Random Search Algorithm [3], Linear Pro-

gramming [4] and Non-Linear Programming [5]. However, these 
classical optimisation techniques suffer problems such as conver-
gence to local optima solutions, unsuitability of classical optimisa-
tion techniques to solve non-convex and discontinuous functions, 
as well as the solution quality produced by the classical optimisa-
tion techniques, are highly dependent to its starting point [6][7][8]. 
Authors in [8] also reported that discontinuous nature of the opti-
misation problem could affect the performance of NLP while Dy-

namic Programming (DP) technique can suffer from a serious 
problem related to the dimensionality of the optimisation problem. 

Heuristics-based optimisation algorithms are introduced to over-
come the drawbacks of the classical optimisation techniques. 
These heuristics-based algorithms have been developed and wide-
ly implemented to solve various optimisation problems. Genetic 
Algorithm (GA) is an algorithm listed under Evolutionary Algo-

rithm (EA) family has been implemented to solve various optimi-

sation problems such as optimal machining parameter for metal 
cutting process [9], optimisation of wind turbines blade [10] as 
well as optimisation of optical parameter of multilayer bandpass 
filter [11]. Another algorithm listed under EA known as Evolu-
tionary Programming (EP) was also implemented to solve optimi-
sation of heating, ventilation and air-conditioning (HVAC) system 
[12], economic dispatch of power generation in power system 
[13], as well as minimisation of additional chain length, reduce the 

computational requirement in cryptosystem applications [14]. A 
metaheuristic optimisation algorithm known as Particle Swarm 
Optimization (PSO) has also been widely used to solve problems 
such as power consumption minimisation for luminance control 
[15], optimal design of truss structures [16] and overload man-
agement of power transmission system [17]. Many other optimisa-
tion algorithms have been developed and implemented to solve 
various optimisation problems such as Artificial Immune System 

(AIS) [18], Ant Colony Optimization (ACO) [19], Artificial Bee 
Colony (ABC) algorithm [20], Firefly Algorithm (FA) [21], Grav-
itational Search Algorithm (GSA) [22] as well as many other op-
timisation techniques available. 

Despite the development of these optimisation algorithms, some 
algorithms suffer drawback from producing a high-quality optimal 
solution. At the same time, the nature of metaheuristic algorithms 
in which it does not promise a globally-optimal solution to be 

found worsening the problem. Throughout the implementation of 
optimisation algorithms, it has been reported that GA suffers from 
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high computation time [23]. Authors in [24] also revealed that GA 
tends to produce low-quality optimal solution when dealing with 
large-scale optimisation problem. While PSO is said to provide 
faster convergence and computationally inexpensive, it also suf-
fers from tendency to stuck at local optima point [23][25]. Refer-
ence [25] also stated that the performance of PSO algorithm is 
very dependent on the optimisation parameters. In [7], FA was 
reported to produce suboptimal solutions as well as the tendency 

not to be able to converge if improper selection of its parameters is 
chosen. The same problem was also reported in [26] for Harmony 
Search (HS) algorithm where improper parameter choice can 
hinder HS performance. 

Doddy and Prayogo have introduced an optimisation algorithm 
known as Symbiotic Organisms Search (SOS) in 2014. This algo-
rithm simulates the symbiotic relationship of organisms living in 
an ecosystem. SOS boast its superiority from other optimisation 

algorithms by having no control parameters that govern the behav-
iour of the algorithm, which eliminates the problem of an algo-
rithm for being dependent on controlling parameter of an 
algorithm to produce a high-quality optimal solution [27]. The 
proposed SOS algorithm has been adopted to solve various opti-
misation problems such as voltage profile improvement in a power 
system [28], optimal power flow [29] as well as economic dis-
patch problems [30]. Further research has been conducted to im-

prove the search capability of SOS algorithm through introduction 
of Chaotic Local Search (CLS) algorithm to the novel SOS algo-
rithm termed as Chaos Embedded Symbiotic Organisms Search 
(CSOS), resulting in increased performance of the modified algo-
rithm [31]. Despite the improvement made to the algorithm, it is 
beneficial that the optimisation algorithm to be improved further 
in the attempt to produce a higher-quality optimal solution. 

This paper presents the development of a hybrid optimisation 
algorithm termed as Chaotic Immune Symbiotic Organisms 

Search (CISOS) algorithm for solving optimisation problems. The 
proposed CISOS algorithm was inspired by the novel SOS algo-
rithm and the improvement made in [31]. From the algorithm 
developed in [31], the potentially best solution is updated by 
choosing the best organism from the ecosystem as well as the 
organism found by CLS. In CISOS, Cloning and Elitism Tourna-
ment which were inspired from AIS algorithm was embedded in 
the modified algorithm as in [31]. The inclusion of these elements 

suggested that the organisms in the ecosystem can be cloned to 
produce more duplicates and then compete among themselves in 
order to maintain its survivability in the ecosystem. The cloning of 
the organisms will increase the number of possible solutions while 
the tournament will ensure that the organisms with the highest 
solution quality will be chosen to be carried forward to the next 
iteration of the optimisation process. Section 2 of this paper will 
discuss the optimisation process of the algorithm. The perfor-

mance of the algorithm will be presented in Section 3 of the paper 
while the paper is concluded in Section 4. 

2. Chaotic Immune Symbiotic Organisms 

Search (CISOS) 

In this paper, a hybrid heuristic algorithm termed as Chaotic Im-
mune Symbiotic Organisms Search (CISOS) has been proposed 
and developed. The proposed algorithm was inspired by the novel 
SOS algorithm which has been first proposed by Cheng and Pray-
ogo. SOS emulates the symbiosis relationship of organisms in an 
ecosystem. While SOS has proved to have a good performance, 

there is a need to further improve the algorithm so that it can pro-
vide higher quality solutions. To achieve this, element of cloning 
and elitism competition which were inspired from AIS was 
introduced where cloning of the organisms will diversify the or-
ganisms in the ecosystem, hence increasing the number of possible 
solutions which would be yielded by the optimisation process.  
The element of competition will ensure that only high-quality 
solutions will be carried forward to the next iteration of the opti-

misation algorithm and eliminating the lower quality solutions. 
The search capability of the proposed algorithm was boosted 
through the incorporation of CLS in the algorithm. The addition of 
CLS will assist the algorithm to escape from being stuck at the 
local optima point, hence increase the capability of the algorithm 
to provide a higher quality solution. The pseudocode of the pro-
posed algorithm is illustrated in Figure 1, and the flow of the algo-
rithm is discussed as follows. 

 
Step 1 : Initialisation. During initialisation, a set of possible 

solutions known as the organism is generated. The or-
ganism is generated randomly and bounded within its 
minimum and maximum bound. The generation is done 
for Norg times where Norg denotes the total number of 
initial organisms generated during initialisation. After 
Norg organisms have been generated, the organism with 

the best fitness value is chosen from the pool of organ-
isms termed as an ecosystem. Then, the chaotic search 
space radius is determined as in (2) 
 

 , ,min ,max,i j j jx rand x x  

 
(1) 

max min

2

j j

j

x x
r




 
(2) 

  
 

Step 2 : Cloning. In this phase, each organism will be duplicated 
by Nclone copies where Nclone is the number of clones for 
each organism. By cloning the organisms, it allows the 
optimisation algorithm to have more possible solutions. 
After all organisms has been cloned, then the ecosystem 
will have NTorg organisms. NTorg is defined as the total 

number of organisms in the ecosystem after cloning 
process. NTorg can be expressed as: 
 

Torg org cloneN N N   (3) 

 
After the organisms has been cloned, the organisms 

counter i is initialised to 1. 
 

Step 3 : Mutualism Phase. At this stage, the organisms are 
subjected to mutualistic symbiosis relationship. A jth 
organism is chosen from the ecosystem in which that ith 
organism and jth organism are not the same. Through 
mutualistic relationship, 2 new organisms namely Xi,new 
and Xj,new are produced. Then, the fitness value of Xi,new 

and Xj,new are compared with the fitness value of Xi and 
Xj respectively. The organisms with a better fitness value 
will be included in the ecosystem while the worse ones 
are eliminated. The mutualistic relationship of the organ-
isms can be mathematically represented as in (4) and (5). 
 

i jX X  

 
(4) 

  , (0,1) 1i new i bestX X rand X MV BF      

 
(5) 

  , (0,1) 2j new j bestX X rand X MV BF      

 
(6) 

2

i jX X
MV


  (7) 

 
where rand(0,1) is a random number between 0 and 1, 
MV is the mutual vector; the best organism is denoted as 
Xbest. BF1 and BF2 are the benefit factor, and it is a ran-
dom integer number either 1 or 2. 
 

Step 4 : Commensalism Phase. In this phase, the organisms are 
subjected to commensal symbiosis relationship. An or-
ganism Xj known as jth organism is chosen among the 
organisms in the ecosystem. A new organism Xi,new is 
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then produced from the commensal relationship. The 
fitness value of Xi,new is evaluated and compared with the 
fitness value of Xi. If Xi,new possess a better fitness value 
compared to the fitness value of Xi, then Xi,new will 
replace Xi in the ecosystem. Otherwise, Xi is retained, 
and Xi,new is eliminated. The commensal relationship of 
the organisms can be expressed mathematically as in (9). 
In (9), rand(-1,1) is defined as a random number ranged 

between -1 to 1. 
 

i jX X  

 
(8) 

   , 1,1i new i best jX X rand X X      

 
(9) 

  
 

Step 5 : Parasitism Phase. In this phase, the organisms are 
subjected to parasitic symbiosis relationship. An organ-
ism Xj is chosen among the organisms in the ecosystem 
in which Xi and Xj are not the same organisms. Later, a 
parasite called parasite_vector is produced by duplicat-
ing Xi. Then, random dimension of the parasite_vector 

is then modified by using random number bounded by 
the minimum and maximum limit of the variable with 
respect to that dimension. In parasitic symbiosis rela-
tionship, the parasite will try to replace the host and 
reside itself in the host place. In this case, Xj is consid-
ered to be the host. 
 
The fitness value of the parasite_vector is then evaluat-

ed and compared with the fitness value of Xj. In the case 
of parasite_vector possessing a better fitness value 
compared to Xj, then Xj is killed, and parasite_vector 
will replace the host place in the ecosystem. On the oth-
er hand, if Xj has a better fitness value compared to par-
asite_vector, then the host is having immunity from the 
parasite, hence maintains its location in the ecosystem 
while eliminating the parasite. 
 

i jX X  (10) 

  
 

Step 6 : Best Organism Identification. During this stage, the 
organism with the best fitness value will be considered 
as the candidate for the best organism in the ecosystem 

Xbest_new. Then, the fitness value of Xbest_new is compared 
with the fitness value of Xbest. If the fitness value of 
Xbest_new is better compared to Xbest, then Xbest_new will 
replace Xbest. If Xbest has a better fitness value compared 
to Xbest_new, then Xbest is maintained, and Xbest_new is 
discarded. 
 

Step 7 : Symbiosis Relationship Termination Test. In this 

stage, the algorithm will determine if all the organisms 
have undergone the symbiosis relationship phases. If all 
organisms have undergone these phases, the algorithm 
will proceed to step 8. Otherwise, the organism counter i 
is updated and the algorithm continues at step 3. 
 

Step 8 : Elimination. At this stage, the size of the ecosystem is 
shrunk by retaining Norg fittest organisms from the eco-

system while eliminating the rests. These fitter organ-
isms will be carried forward to the next iteration of the 
algorithm. 
 

Step 9 : Chaotic Local Search. At this stage, CLS algorithm is 
implemented in order to improve the searching capabil-
ity of the algorithm as well as preventing the algorithm 
from being stuck at a local optima point. The search is 
initiated by setting the CLS iteration counter c to 0, and 

the chaotic variable cvc is set using a random number 
between 0 to 1. The value of cvc is updated by using a 

chaotic map known as Piecewise Linear Chaotic Map 
(PLCM). The updated chaotic variable cvc+1 is then used 
to generate a possible solution Xcls,c by mapping cvc+1 
around the best organism and it is expressed as in (14). 
The fitness value of Xcls,c is evaluated and compared 
with the fitness value of the best organism. If Xcls,c pos-
sess a better fitness value than fitness value of Xbest, then 
Xcls,c will replace Xbest, the local search is terminated, 

the chaotic search space radius rj is shrunken using (15), 
and the optimisation process is continued to step 10. 
Otherwise, the CLS iteration counter c is updated, and 
the chaotic variable is updated again and continued fur-
ther until Xcls,c achieve better fitness value than Xbest. In 
the case of c approaches the maximum CLS iteration 
limit cmax, then the local search is terminated, the chaotic 
search space radius rj is shrunken using (15), and the 

algorithm continues to step 10. 
 

0c   

 
(11) 

 0,1ccv rand  
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(13) 

 , 12 1cls c best j cX X r cv     

 
(14) 

 0,1j jr r rand   (15) 

  
 

Step 10 : Convergence Test. At this stage, if the algorithm has 
reached its maximum iteration value, then the optimisa-
tion process is stopped, and the best organism is taken as 
the optimal solution provided by the algorithm. If not, 
the iteration counter will be updated, and the optimisa-
tion process continues to step 2. 

 
CISOS Algorithm 

Define objective function 

Initialise the ecosystem of Norg organisms using random values 

Initialise the best organism Xbest in the ecosystem 

Set chaotic search space radius 

Set CISOS iteration counter t = 0 

while t < itermax 

 Clone each of the organism by Nclone clones 

 while i <= NTorg 

  Subject the organisms to mutualism phase 

  Subject the organisms to commensalism phase 

  Subject the organisms to parasitism phase 

  Determine and update the best organism Xbest 

  i = i + 1 

 end while 

 Retain Norg fittest organisms and eliminate the other organisms 

 Set CLS iteration counter, c = 0 and found_better_solution = false 

 Initialise chaotic variable cvc 

 do 

  Update chaotic variable cvc+1 using (13)  

  Generate Xcls,c by mapping cvc+1 around Xbest using (14) 

  Evaluate the fitness value of Xcls,c 

  if the fitness value of Xcls,c is better than Xbest 

   found_better_solution = true 

   Update the best organism by replacing Xbest with Xcls,c 

  end if 

  c = c + 1 

 while a better solution is not found and c ≤ cmax 

 Reduce the chaotic search space radius 

t = t + 1 

end while 

Fig. 1: Pseudocode of the proposed CISOS algorithm 



76 International Journal of Engineering & Technology 

 
 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 
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(g) 

 
(h) 

 
(i) 

 
(j) 

Fig. 2: 2-dimensional plot of benchmark test functions. (a) Ackley (b) Bohachevsky (c) Dixon & Price (d) Griewank (e) Levy (f) Rastrigin (g) Rosenbrock 

(h) Schwefel No. 2.22 (i) Sphere (j) Zakharov 
 

3. Performance Analysis 

The performance of the proposed algorithm is tested by solving 10 

benchmark test functions. The dimension number for all test func-
tions are set to 50 dimensions. These test functions can be 
categorised as unimodal and multimodal functions. While uni-
modal functions are easier to be solved, multimodal functions pose 
a challenge to the optimisation algorithm due to the presence of 
multiple extrema points in the function. In order to conduct a 
comparative study with other optimisation algorithms, the same 
test functions are solved using SOS, PSO and EP algorithms. The 

parameter of the optimisation algorithm used in this study is 
tabulated as in Table 1. 

Table 2 lists the benchmark test function used in this paper. A 2-
dimensional plot of the benchmark test functions are depicted as in 
Figure 2. For each test function, the optimisation algorithm will 
try to solve the benchmark test functions 20 times in order to ob-
serve the variation of results produced by the optimisation algo-
rithm. The best fitness value yielded by the optimisation algo-

rithms were tabulated as in Table 3. 

Table 3 illustrates the best global minima value which is found by 
the optimisation algorithm. Functions labelled with U and M are 
unimodal and multimodal functions respectively. Separable func-
tions are labelled with S, and non-separable functions are labelled 
with N. From the results obtained in Table 3, it can be observed 
that the proposed algorithm has managed to find the actual global 
minima point for most benchmark test function. However, the 

algorithm has failed to determine the actual global minima point 
for Dixon & Price function, Levy function and Rosenbrock func-
tion. Despite that, the proposed algorithm has yielded satisfactory 
results on the obtain global minima point of those functions. 

 

Table 1: Parameters of the optimisation algorithm used in this paper  

Algorithm Parameter Value 

CISOS 

Number of initial organ-

isms 
20 

Number of clones 10 

CLS mapping 
Piecewise Linear Chaotic Map 

(PLCM) 

CLS control parameter 0.4 

Maximum CLS iteration 100 

Maximum CISOS iteration 1000 

SOS 
Number of organisms 20 

Maximum SOS iteration 1000 

PSO 

Number of particles 20 

Inertia weight 1.0 

Minimum particle velocity -10 

Maximum particle velocity 10 

First acceleration coeffi-

cient 
2 

Second acceleration coeffi-

cient 
2 

Maximum PSO iteration 1000 

EP 

Number of individuals 20 

Search step 0.0015 

Maximum EP iteration 1000 

 

 
  



78 International Journal of Engineering & Technology 

 
Table 2: Benchmark test functions used in this paper 

Function 

name 
Expression 

Search 

space 

Glob

al 

min-

ima 

point 

F1: 

Ackley 

(M,N) 

   2

1

1 1

1 1
( ) 20exp 0.2 exp cos 2 20 exp 1

d d

i i

i i

f x x x
d d


 

   
            

 

 

[-32,32] 

f1(x*

) = 0 

at x* 

= 

(0,…

,0) 

F2: 

Boha-

chevsky 

(M,S) 

     
1

2 2

2 1 1

1

2 0.3cos 3 0.4cos 4 0.7
d

i i i i

i

f x x x x x 


 



      

 

[-15,15] 

f2(x*

) = 0 

at x* 

= 

(0,…

,0) 

F3: 

Dixon & 

Price 

(U,N) 

     
22 2

3 1 1

2

1 2
d

i i

i

f x x i x x 



   
 

[-10,10] 

f3(x*

) = 0 

at xi* 

= 

2 2

22

i

i




 

F4: 

Griewan

k (M,N) 

 
2

4

1 1

cos 1
4000

dd
i i

i i

x x
f x

i 

 
   

 
 

 [-

600,600] 

f4(x*

) = 0 

at x* 

= 

(0,…

,0) 

F5: 

Levy 

(M,N) 

       

   

1
22 2

5 1

1

2 2

sin 1 1 10sin 1

where

1 1 sin 2   ,

1
1

4

d

i i

i

d d

i
i

f x w w w a

a w w

x
w

 







         

    


 



 

[-10,10] 

f5(x*

) = 0 

at x* 

= 

(1,…

,1) 

F6: 

Rastrig-

in (M,S) 

   2

6

1

10 10cos 2
d

i i

i

f x d x x


    
 [-

5.12,5.1

2] 

f6(x*

) = 0 

at x* 

= 

(0,…

,0) 

F7: 

Rosen-

brock 

(U,N) 

     
1

2 22

7 1

1

100 1
d

i i i

i

f x x x x






    
  

 [2.048,2.

048] 

f7(x*

) = 0 

at x* 

= 

(1,…

,1) 

F8: 

Schwe-

fel No. 

2.22 

(U,S) 

 8

1 1

dd

i i

i i

f x x x
 

  
 

[-10,10] 

f8(x*

) = 0 

at x* 

= 

(0,…

,0) 

F9: 

Sphere 

(M,S) 

  2

9

1

d

i

i

f x x



 

[-

5.12,5.1

2] 

f9(x*

) = 0 

at x* 

= 

(0,…

,0) 

F10: 

Zakha-

rov 

(M,N) 

 
2 4

2

10

1 1 1

1 1

2 2

d d d

i i i

i i i

f x x ix ix
  

   
     

   
  

 
[-5,10] 

f10(x

*) = 

0 at 

x* = 

(0,…

,0) 

From Table 3, it can be observed that PSO and EP have failed to 
find the actual global minima point of all benchmark test functions 
used in this study. By comparing the performance of PSO and EP 
in terms of finding the global minima point of the test functions, it 

is clear that PSO has performed significantly better compared to 
EP since the global minima point found by PSO are closer to the 
actual global minima point of the benchmark test functions as 
stated in Table 2. On the other hand, SOS algorithm has per-
formed significantly better compared to PSO and EP through its 

successful attempt to find the global minima point of most 
benchmark test functions. However, it can be noted that CISOS 
algorithm has managed to find the global minima point of Zakha-
rov function which SOS algorithm has failed to find the actual 
global minima point. It is also worth noted that CISOS also yield-
ed lower global minima point value on Dixon & Price function, 
Levy function and Rosenbrock function. 

Table 3: Results of best global minima value obtained by the optimisation 

algorithm 

Test 

function 
CISOS SOS PSO EP 

F1 0 0 13.22775 20.49759 

F2 0 0 2.29358×10
3
 7.53899×10

3
 

F3 2.24978×10
-1
 6.66678×10

-1
 1.88946×10

6
 3.93933×10

6
 

F4 0 0 3.13898 9.23255×10
3
 

F5 2.58859×10
-1
 5.77395×10

-1
 2.00419×10

2
 3.13963×10

2
 

F6 0 0 7.08392×10
2
 7.02224×10

2
 

F7 1.82859 46.46912 1.00283×10
4
 1.16655×10

4
 

F8 0 0 1.70231×10
2
 7.45796×10

18
 

F9 0 0 2.42007×10
2
 2.70986×10

2
 

F10 0 2.22070×10
-233

 1.42523×10
3
 1.54056×10

10
 

From the results, it can be seen that the functions which CISOS 
has failed to find its actual global minima point are non-separable 
functions. Non-separable functions are quite hard to be solved and 
pose a challenge to the optimisation algorithm to solve the func-
tions. Multimodal functions can have a lot of local minima points, 
which poses a challenge to an optimisation algorithm to escape 
from the local minima. However, the proposed algorithm has 
managed to solve most multimodal test function, which indicates 

its capability to escape from local optima solution while solving 
optimisation problems. Therefore, it can be concluded that the 
proposed algorithm is more superior compared to other algorithms 
used for comparative study in this paper. 

4. Conclusion  

This paper presents an optimisation algorithm known as Chaotic 
Immune Symbiotic Organisms Search (CISOS) for solving opti-
misation problems. The hybridisation of CLS, AIS and SOS in-
spires the development of the proposed algorithm in the attempt to 
improve the searching capability of SOS. The performance of the 
proposed algorithm has been tested on 10 different benchmark test 
functions by assessing the global minima point provided by the 
algorithms with the actual global minima point of the function. 

CISOS has provided a high-quality solution, which reflects a su-
perior performance compared to the other algorithms used for 
comparative study purposed in this paper. The proposed algorithm 
can be implemented to solve other optimisation problems which in 
turn can help to solve the problems with high-quality results. 
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