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Abstract 
 

Elephant Herding optimization algorithm (EHO) is a metaheuristic swarm based search algorithm, which is used to solve various optimi-

zation problems. EHO can be used to solve as benchmark problems, Services Selection in QoS-Aware Web Service Compositions, Energy-

Based Localization, PID controller tuning, Appliance Scheduling in Smart Grid identification and other problems. The algorithm is de-

ducted from the behavior of elephant groups in the wild. Were elephants live in a clan with a leader matriarch (Female elephant), while the 

male elephants separate from the group when they reach adulthood. This is used in the algorithm in two parts. First, the clan updating 

mechanism. Second, the separation mechanism. 

In this paper, a review of the Elephant Herding optimization algorithm is presented. Moreover, a comparison of results of EHO compared 

to other optimization algorithm is presented based on previous work results. In the experimental results section, the result of EHO will be 

compared with the U-Turning Ant Colony Optimization Algorithm (U-TACO) in solving Traveling Salesman Problem (TSP), which is 

based on Ant Colony Optimization (ACO). 
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1. Introduction 

Generally the complexity of the optimizations problems have been 

increased in a manner that it becomes difficult for the traditional 

mathematical programming methods to solve and optimize them. 

Most of the real-life optimizations problems are nonlinear, complex, 

multimodal, and they have a incompatible objectives functions in 

which the process of obtaining an optimal or even near-optimal so-

lutions becomes a difficult task, even for a single easy and linear 

objective functions, sometimes, an optimal solutions may not exists 

at all, generally, there is no guarantee of getting an optimal solution 

for optimization problems [1]. 

In the past few years, Nature-inspired Metaheuristics Optimization 

Algorithms become a very active area of researches and one of the 

most well known high-level procedure designed for generating, se-

lecting or finding a heuristic that optimize solutions and provide a 

sufficiently better, improved and fittest solutions to a given objective 

functions for a real-life optimization problem [2], [3].  

Swarm Intelligence consists of a collection of nature-inspired me-

taheuristics algorithms used the behaviors of real living animal 

groups such as a group of bats, school of fish, swarm of bees and a 

bunch of worms for solving and improving Optimization problem 

solutions [2 - 5]. 

Elephant Herding Optimizations (EHO) algorithm is a metaheuristic 

method inspired from the natural herding behaviors of real elephant 

in their clans [6]. EHO is designed for solving and optimizing the 

optimizations problems by considering two herding behaviors (Clan 

updating and separating) [6], [7]. This paper present a review on 

EHO based on previous work results. In the experimental results of 

EHO has been compared with U-TACO algorithm in solving STSP. 

2. Swarm intelligence (SI) 

Swarm intelligence is the field of developing and designing intelli-

gent interactive multi-agent systems that cooperate to achieve a spe-

cific goal [2], [3], [6]. Swarm intelligence has been defined by Dor-

igo as “The emergent collective intelligence of groups of simple 

agents” [8]. Generally all Swarm-based algorithms are inspired from 

behaviors of social living beings that live to gather in a group or col-

onies [2], [6].  

Several optimization techniques based on SI principles have been 

inspired from real collective behavior systems in the nature [2], 

[4]including Ant Colony Optimizations (ACO) by M. Dorgo in 1992 

[2 – 6], [9], Particles Swarm Optimizations (PSO) by Eberhart and 

Kenedy in 1995 [2], Artificial Bee Colony (ABC) by Karabaga in 

2005 [6], Glowworm Swarm Optimization [4,10], Firefly Algorithm 

by Xin-She Yang in 2009, and other optimization algorithms [5]. 

3. Elephant herding optimization 

Elephant herding optimizations (EHO), is an intelligent swarm based 

metaheuristics search method proposed by Wang at the end of 2015 

[11] for solving optimization problems. The algorithm arises from 

modeling of herding behavior of real elephants in nature.  

The herding behavior can be summarized as follows: 

• Elephants swarms consists of a number of sub-groups, called 

clans, which are comprised of a number of Female elephants 

and Calves [12], as shown in Fig. 1.  

• Every clan moves under the supervision (leadership) of a matri-

arch (female adult elephant) [12] Fig. 1. 

http://creativecommons.org/licenses/by/3.0/
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• Male calves that reachs to adulthood, leave the clan whom they 

belong as shown in Fig. 2. 

 

 
Fig. 1: Elephant Clan. 

 

 
Fig. 2: Adult Male Elephant Separation. 

 

EHO models the herding behaviors of elephants in two operations: 

a) Clan update (which updates the elephants and matriarch current 

positions in each clan)  

b) Separation (which enhances the population diversity in the next 

search phase). 

a) Clan update: 

In each clan, the female elephants lives under the leadership of a 

matriarch (Adult Female), and the position of other clan elephants 

are influenced by the matriarch positions, in a manner that in ci clan 

the position of j elephant is updating using Eq. (1) [11]. 

 

Xnew,ci,j =  Xci,j + α(Xbest ci − Xci,j) r                                                     (1) 

 

Where Xci,j denotes an old position whereas the Xnew,ci,j denotes a 

new updated position for j elephant in ci clan, α denotes a scale op-

erators ∈ [0, 1] for determining the effects of matriarch ci  on 

Xci,j[11]. Xbest,ci denotes the matriarch of ci clan [12], and finally r 

is a type of stochastic distribution ∈ [0, 1] that can improves the di-

versity of elephant populations in the next search phase [13].  

In Eq. (1) the matriarch elephant Xbest,ci in clan ci is not effected. 

Xbest,ci can be updated by Eq. (2). 

 

Xnew,ci,j = βXcenter,ci                                                                      (2) 

 

Where Xcenter,ci denotes the center of the ci clan, generates from the 

information’s obtained by the ci clan elephants, and β is the operator 

that determine the influences of the Xcenter,ci on Xnew,ci,j and it ∈ [0, 

1]. Xcenter,ci for the dth dimension can be found by Eq. (3). 

 

Xcenter,ci,d =
1

nci
 ∑ Xci,j,d

nci
j=1                                                                              (3) 

 

Where dth is a dimension between 1 and total number of dimensions 

(1 ≤  d ≤  D) . nci  represent the population number in ci  clan. 

Xci,j,d represents the dth of elephant Xci,j, Xcenter,ci representing the 

center of ci clan [12].The clan update operation is shown in Algo-

rithm 1 [11], [14]. 

 
Algorithm 1: Clan Updating Operation [11], [14] 

Begin 

 For ( Ci = 1 ∶  nClan ) 

  For (j = 1 ∶  nci ) 

  Updates (Xci,j) & find (Xnew,ci,j) Eq. (1). 

  If (Xci,j ==  Xbest,ci) 

  Updates (Xci.,j) & find (Xnew.,ci,j)Eq. (2) 

  End 

  End 

 End 

 

b) Separation: 

In every elephants clans, male elephant leaves the group to live alone 

after it reaches Adult age. In optimization problems this separating 

process is called separating operator .In EHO method, the adult male 

elephant with the worst efficiency separates at each generation using 

Eq. (4) [11,12]. 

 

𝑋𝑤𝑜𝑟𝑒𝑠𝑡,𝑐𝑖 = 𝑋𝑚𝑖𝑛 + (𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛 + 1) ∗ 𝑟                               (4) 

 

Where 𝑋𝑤𝑜𝑟𝑒𝑠𝑡,𝑐𝑖 denotes the worst male elephant in the ci clan [12]. 

𝑋𝑚𝑖𝑛 & 𝑋𝑚𝑎𝑥 denotes the Lower & Upper bounds of elephants po-

sitions. r is a type of stochastic and uniform distribution ∈ [0, 1] [11 

- 13].The separating operation is shown in Algorithm 2 [12]. 

 
Algorithm 2: Separating Operator [15] 

Begin 

For (𝐶𝑖 = 1 𝑡𝑜 𝑛𝐶𝑙𝑎𝑛) 

 Exchange worest elephants individual in 𝐶𝑖 Eq. (4). 

End  

End 

 

Based on the Elephants herding optimizations operations that are 

modeled on algorithms I and II, The EHO can be developed as 

shown in Algorithm 3 [11]. 

 
Algorithm 3: Elephant Herding Optimization [11] 

Begin 

Step I: Set counter of generations 𝐶 = 1. in the search space, ran-

domly initialize the set of individual elephant with uniform a distri-

bution; set the kept elephants number (𝑛𝐾𝐸𝐿), and the 𝑀𝑎𝑥𝐺𝑒𝑛, 

scale operators( 𝛼 & 𝛽), clan number (nClan) and number of ele-

phants for 𝐶𝑖𝑡ℎ clan 𝑛.𝑐𝑖. 

Step II: Evaluate each elephant individual according to their fitness 

Step III: while 𝐶 <  𝑀𝑎𝑥𝐺𝑒𝑛  

 Arrange all the elephants according to its fitness. 

Save 𝑛𝐾𝐸𝐿 the elephant individuals. 

Implements the clan updating by (Algorithm 1). 

Implements separating by (Algorithm 2). 
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Evaluates the elephant populations according to the new updated 

positions. Replace the worst elephant individuals with the 𝑛𝐾𝐸𝐿 

saved ones. 

Step IV: Update the generation counter, 𝐶 = 𝐶 + 1. 

Step V: Output. Optimal solution. 

End 

4. EHO in solving optimization problems 

Elephant herding optimization algorithm that was successfully ap-

plied and developed to solve optimization problems [12]. In this sec-

tion we will discuses some optimizations problems and show the 

performance of EHO based on previous researches works. 

4.1. Benchmark problem 

Benchmark problems are a set of standard optimization prob-

lems consists of various types of functions, used in testing and eval-

uate the evaluation, characterization and performance measurement 

of optimization algorithms under different environmental conditions 

[15]. 

In 2015 EHO was used for solving Benchmark problems and the re-

sults of the simulations were compared with differential evolution 

Algorithm (DE), Biogeography-based optimizations Algorithm 

(BBO) and genetic algorithm (GA) [11]. In the simulation the author 

applied algorithms on fifteen basic Benchmark problems F01-F15 

shown in Table 1, the composition functions were chooses from 

IEEE CEC 2005 [12], [15]. 

 
Table 1: Benchmark Functions [15], [19] 

fn Names fn Names fn Names 
F01 Ackley F06 Griewank F11 Penalty 

F02 Alpine F07 Holzman F12 Perm 
F03 Brown F08 Levy F13 Powell 

F04 Dixon & Price F09 Pathological F14 Quartic 

F05 Fletcher-Powell F10 Penalty F15 Rastrigin 

 

For four methods (EHO, BBO, DE, GA), maximum generations and 

population size are set to 50. EHO parameters (α, β, nClan and nci) 

are respectively set to (0.5, 0.1, 5 and 10) [12]. 

Generally, all metaheuristic algorithms depend on certain stochastic 

distributions, that’s why various number of iterations will generate 

dissimilar results for any given problem [11]. In this simulation, 100 

iterations were executed to obtain fittest results for given problems 

shown in Table 2 [12]. 

 
Table 2. Best Functions Results [11], [12] 

 EHO GA DE BBO 
F01 1.3E-3 13.76 15.82 4.08 

F02 1.8E-4 12.69 9.97 0.37 

F03 2.3E-6 2.2E-16 1.63 2.2E-16 
F04 0.74 9.3E5 8.7E5 4.8E4 

F05 2.5E5 8.5E4 1.3E5 2.6E4 
F06 1.00 10.27 13.09 3.52 

F07 7.6E-14 1.6E3 475.88 60.00 

F08 1.27 12.41 7.17 0.40 
F09 3.20 4.07 1.46 4.34 

F10 0.23 13.90 32.71 3.26 

F11 1.33 2.2E5 2.6E5 118.50 
F12 4.0E45 6.0E51 5.8E37 6.0E51 

F13 8.8E-7 191.00 334.18 23.00 

F14 8.4E-16 2.2E-16 0.18 2.2E-16 
F15 1.8E-5 9.00 79.00 2.2E-16 

 

Table 2 shows that EHO is the best-used algorithm as it finds the 

best solution for F01, F02, F04, F06, F07, F10, F11 and F13 [12]. 

The best solutions for F09 and F12 where founded by DE. BBO have 

finds the best solutions for F03, F05, F08, F014 and F15. GA ob-

tained the best result for F03 and F14 [11]. 

 

 
Fig. 3: F02 Alpine Function’s Convergent Curves. 

 

 
Fig. 4: F03 Brown Function’s Convergent Curves. 

 

The convergent of Benchmark F02 (Alpine) and F03 (Brown) func-

tion are shown in Fig. 3 and 4, and it’s clearly shown that EHO has 

the best performance between the four proposed algorithms (EHO, 

BBO, DE and GA) in the optimization process.  

4.2. Service selection in QoS-WSC 

With the extremely increasing in Web services, the quality of ser-

vice-aware service selection (QoS-WSC) is an active researches area 

on the field of Web services compositions [16]. QoS-WSC is one of 

the complex combinatorial optimizations problem, which requires 

finding an optimal composition plan that maximizes user’s Quality 

of Service (QoS) requirement [16], it belongs to NP-hard Problems 

in which its almost not easy to find an optimal solution by exact al-

gorithms in a reasonable time for a given number of available ser-

vices with same functionalities [4], [17]. 

QoS-WSC word derived from two syllables QoS and WSC, where 

QoS is quality of service and WSC aware web services compositions.  

1) Quality of Service (QoS): 

QoS is a term used to describe and measure some characteristics re-

lated to the performance of services [18]. The aim of the selection 

process is to choose among services discovered according to their 

functionalities and performances such as Cost, Reliability, time, con-

fidentiality, Availability, Reputation, etc. [19]. 

2) Web Service Composition (WSC): 

Web services compositions (WSC) is the mechanism for combining 

and reusing web services by considering a certain relations to con-

struct a new Web services that satisfies the complexity of users re-

quirements [20]. 

In the simulation, the author applied EHO algorithm and the results 

were compared with the Particle Swarm Optimization (PSO) algo-

rithm. Both EHO & PSO were experimentally tested on similar con-

ditions [7], and performed on several test cases. Test cases were de-

fined by an abstract workflow along with a certain number of con-

crete service for every abstract. Each workflow in the test cases con-

tains 𝑛 ∈  [10 ∶  100]  abstract services and 𝑛 ∈  [100 ∶  1000] 
concrete services. A public database contains 2507 records charac-

terizing real web services is used as data source [21]. 
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Fig. 5: Fitness Over 50 Iterations[6]. 

 

 
Fig. 6: Fitness Over 100 Iterations. 

 

Fig. 5 and Fig. 6 Shows the Graphical Representations of Fitness 

value of the solution of algorithms over 50 and 100 iterations, 30 

abstract services and 500 concrete services per abstract service [7]. 

 

 
Fig. 7: Fitness Evaluation According to Number of Concrete Services[6]. 

 

 
Fig. 8: Fitness Evaluation According to Number of Abstract Services[6]. 

 

Fig. 7 shows comparison of fitness between EHO and PSO for con-

cretes services in range [100 : 1000]. Fig. 8 shows comparison of 

fitness between EHO and PSO for number abstract services variant 

from 10 to 100. It is clearly shown in Fig. 5, 6, 7 and 8 that EHO has 

the better performance than PSO in the optimization process. 

4.3. Wireless sensor network localization problem 

Wireless Sensor Network (WSN) is a distributed low-cost sensor 

nodes collects data within the sensing range and transmit them to the 

Base Station or sink. The ideal WSN should be smart and software 

programmable, scalable, reliable and accurate over the long term, 

energy efficient, requires low maintenance and low cost to purchase 

and install, [22]. 

The challenges in Wireless Sensor Network (WSN) such as locali-

zation, connectivity, node scheduling, network lifetime, data gather-

ing node deployment, coverage, node clustering. WSN belongs to 

NP hard problems. 

In 2018, EHO was used to solve Wireless Sensor Network Localiza-

tion Problem and the results of the simulations were compared with 

particle swarm optimizations (PSO) algorithm, multi-stages particle 

swarm optimizations (MPSO) algorithm, artificial bee colony (ABC) 

algorithm, and multi-stages artificial bee colony (MABC) algorithm 

[23].  

EHO parameters (𝛼, 𝛽, 𝑛𝐶𝑙𝑎𝑛 and 𝑛𝑐𝑖) are respectively set as: ( 0.5, 

0.1, 5, 10), and the maximum generation 𝑀𝑎𝑥𝐺𝑒𝑛 set to 800, that 

produce 40000 objectives evaluation functions. The algorithm was 

executed over 30 iterations and Number of Nodes =1000. 

In the MSN the objective function is the minimizations of mean 

squares errors (𝑀𝑆𝐸) between the real node coordinates and the real 

and estimated distance of computed nodes coordinate as shown in 

Eq. (5)[24]. 

 

𝑀𝑆𝐸 =
1

𝑀
 ∑ (𝑀

𝑖=1 𝑑𝑖 − 𝑑̂𝑖)2                                                                          (5) 

 

Where 𝑑𝑖  is actual distance, 𝑑̂𝑖  is estimated distance, 𝑀 ≥  3 de-

notes the anchors number in transmissions range 𝑅. 

Table 3 gives the simulation results; it shows the fittest values for 

MSE, obtained by applying deferent algorithms in comparative 

study [24]. The best outputs are presented in bold format [24]. 

 
Table 3: Simulation Results for Best Values Obtained for MSE Objective 

Function [24] 

An-

cho

r 

No. 

(%) 

Rang

e 

PSO 
MPS

O 
ABC 

MAB

C 
EHO 

2.5 20 28.149 27.667 45.128 40.038 27.493 
5 20 27.273 27.073 43.386 38.038 26.923 

7.5 20 26.156 26.035 40.925 36.374 26.019 
10 20 25.273 25.035 40.079 34.193 24.978 
2.5 35 27.32 27.167 43.99 39.273 27.18 
5 35 26.089 25.936 41.759 35.238 25.903 

7.5 35 25.169 25.005 40.279 33.273 24.971 
10 35 24.763 24.573 38.462 30.283 24.591 
2.5 50 26.537 25.893 41.534 35.928 25.857 
5 50 25.534 25.382 40.178 33.229 25.428 

7.5 50 24.81 24.673 38.289 32.037 24.668 
10 50 24.485 24.109 36.972 30.028 24.097 

 

Table 4, shows the mean values that obtained by each algorithm. The 

best outputs are presented in bold format [24]. 

 
Table 4: Simulation Results for Mean Values Obtained for MSE Objective 
Function [24] 

An-

chor 

No. 

(%) 

Range 

PSO MPSO ABC MABC EHO 

2.5 20 28.149 27.667 45.128 40.038 27.582 
5 20 27.273 27.073 43.386 38.038 26.983 

7.5 20 26.156 26.035 40.925 36.374 26.031 
10 20 25.273 25.035 40.079 34.193 25.013 
2.5 35 27.320 27.167 43.990 39.273 27.180 
5 35 26.089 25.936 41.759 35.238 25.927 

7.5 35 25.169 25.005 40.279 33.273 25.019 
10 35 24.763 24.573 38.462 30.283 24.635 
2.5 50 26.537 25.893 41.534 35.928 25.872 
5 50 25.534 25.382 40.178 33.229 25.443 
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7.5 50 24.810 24.673 38.289 32.037 24.681 
10 50 24.485 24.109 36.972 30.028 24.106 

 

It is clearly shown in tables of experimental results (Table 3 and 4) 

for the best and mean values that EHO is the best algorithm between 

the five used algorithms for solving and optimizing the Localizations 

Problems in Wireless Sensors Network (WSN). 

4.4. Traveling salesman problem (TSP) 

Traveling Salesman Problem (TSP) is a NP-hard problem widely 

used in testing and evaluating optimizations algorithms [4,6]. In a 

given graph, a complete TSP tour requires visiting all cities once and 

return to the starting city [4,6,7]. Symmetric TSP (STSP) is a kind 

of TSP in which for graph G(C,A) the distance d(City i, City j) = 

d(City j, City i) and the number of possible tours is (n-1)!/2 for n 

cities [6,7]. In STSP the optimal tour can be obtained by calculating 

the summation of the length between cities as shown in Eq. (6) [4]. 

 

𝐵𝑡𝑜𝑢𝑟 = (∑ 𝑑𝜋(𝑖) 𝜋(𝑖+1)
𝑛−1
𝑖=1 ) + 𝑑𝜋(𝑛) 𝜋(1)                                   (6) 

 

Where p is a probability list of cities with minimum distance be-

tween city (pi and pi+1) [6]. 

In 2019 EHO has been used to solve STSP problems [25], The EHO 

was designed for solving continued optimization problems [15], so 

it cannot be directly applied to TSP which is a combinatorial optimi-

zation problems, because in the continued optimization problems the 

solutions represented by a single value whereas in the case of com-

binatorial optimization problems the results represented in a victor 

[25]. 

The Discrete Cuttlefish Optimization algorithm (DCOA) was used 

to solve STSP problems [26]. Table 5 shows a comparison between 

EHO and DCOA best results in solving STSP. Table 5 shows a com-

parison between EHO and DCOA in solving STSP. 

 
Table 5: Simulation Results for Best Values Obtained for STSP Problems 

Using EHO and DCOA [26] 

STSP problem Optimal Tour EHO DCOA 
𝑬𝒊𝒍𝟓𝟏 426 426 426 

𝑺𝒕𝟕𝟎 675 675 675 

𝑬𝒊𝒍𝟕𝟔 538 538 538 

𝒌𝒓𝒐𝑫𝟏𝟎𝟎 21294 21294 21294 

Eil101 629 630 629 

Bier127 118282 118282 118313 

Ch130 6110 6110 6110 

𝑪𝒉𝟏𝟓𝟎 𝟔𝟓𝟐𝟖 𝟔𝟓𝟓𝟎 6528 

 

Table 5, Shows the result of STSP problems by using EHO and 

DCOA, it shows that both algorithms have an extremely close result, 

and both algorithms are successfully well adapted to solve the prob-

lems. 

5. Experimental results 

This section presents the performance of using U-Turning Ant Col-

ony Optimization (U-TACO) to solve STSP [2], [4], U-TACO re-

sults are compared with EHO result [25]. Both algorithms tested in 

some instances from the TSPLIB library [27]. Table 6 shows the 

comparison of EHO and U-TACO algorithms. 

 
Table 6: Simulation Results for Best Values Obtained for STSP Problems 
Using EHO and U-TACO [4] 

STSP problem 
Optimal 

Tour 
EHO U-TACO 

𝐄𝐢𝐥𝟓𝟏 426 426 𝟒𝟐𝟕 
𝐛𝐞𝐫𝐥𝐢𝐧𝟓𝟐 7542  7542 𝟕𝟓𝟒𝟐 

𝐒𝐭𝟕𝟎 675 675 𝟔𝟕𝟗 
𝐄𝐢𝐥𝟕𝟔 538 538 𝟓𝟑𝟖 
𝐏𝐫𝟕𝟔 108159 108159 𝟏𝟎𝟖𝟒𝟖𝟕 

𝐤𝐫𝐨𝐀𝟏𝟎𝟎 21282 21282 𝟐𝟏𝟐𝟖𝟐 

𝐤𝐫𝐨𝐁𝟏𝟎𝟎 22141 22141 𝟐𝟐𝟐𝟎𝟎 
𝐤𝐫𝐨𝐂𝟏𝟎𝟎 20749 20749 𝟐𝟎𝟕𝟗𝟖 
𝐤𝐫𝐨𝐃𝟏𝟎𝟎 21294 21294 𝟐𝟏𝟒𝟓𝟓 

𝐄𝐢𝐥𝟏𝟎𝟏 629 630  𝟔𝟐𝟗 
𝐋𝐢𝐧𝟏𝟎𝟓 14379 14379 𝟏𝟒𝟑𝟕𝟗 
𝐏𝐫𝟏𝟎𝟕 44303 44303 𝟒𝟒𝟑𝟎𝟑 
𝐏𝐫𝟏𝟐𝟒 59030 59030 𝟓𝟗𝟎𝟑𝟎 
𝐏𝐫𝟏𝟑𝟔 96772 96772 𝟏𝟎𝟎𝟕𝟎𝟐 
𝐂𝐡𝟏𝟓𝟎 6528 6550 𝟔𝟓𝟒𝟕 

𝐤𝐫𝐨𝐀𝟏𝟓𝟎 26524 26524 𝟐𝟔𝟔𝟏𝟖 
𝐤𝐫𝐨𝐁𝟏𝟓𝟎 𝟐𝟔𝟏𝟑𝟎 𝟐𝟔𝟏𝟑𝟎 𝟐𝟔𝟐𝟒𝟐 

 

The result table shows that the EHO algorithms is better than U-

TACO in finding optimal solutions for STSP. 

6. Conclusion 

This paper presents a review on one of swarm inspired algorithms 

known as Elephant herding optimizations (EHO) to deal with global 

optimizations missions. by idealizing the elephant behavior in nature 

through “updating & separating” operation. EHO has no compli-

cated operators, which makes its implementation easy and fast. At 

the early steps of EHO method, the clan updating and separation op-

erations take place, Subsequently, the worst elephant individual is 

replaced by randomly generated elephant individual, and this can 

significantly optimize the solutions for different optimizations prob-

lem (Wireless Sensor Network Localization Problem, QoS aware 

web service composition, Benchmark problem, and Traveling Sales-

man Problem) and the results of simulations are compared with other 

optimizations algorithms. 

Based on the Tables and Figures of results that were obtained by 

EHO in solving various optimizations problems, We conclude that 

EHO has a good characteristics as optimization algorithm and it can 

be used for solving complex optimizations problems. 

This paper has experimentally been shown that the adapted EHO 

method can find much better solutions on most STSP problems com-

pared with U-Turning Ant Colony Optimization (U-TACO).  

Despite various advantages of the EHO method, EHO has some lim-

itations: 

Firstly, in our present work, little effort is spent on fine-tuning the 

parameters used in EHO method. Parametric study should be fo-

cused in our future work. 

Secondly, the herding behavior of elephants in nature is more com-

plex than clan updating and separating operators. More behavior of 

elephants should be modelled and incorporated into EHO method. 

Thirdly, EHO was designed for solving continued optimization 

problems, so it cannot be directly applied to combinatorial optimiza-

tion problems. 
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