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Abstract 
An algorithm that modifies the local leader phase of the spider monkey optimization (SMO) algorithm is proposed. 

The proposed algorithm called modified local leader spider monkey optimization (MLLP-SMO) balances the search 

process in the local leader phase by offering chances to each spider monkey that is selected for update, to update to 

a better position, based on the strength of its previous fitness. The proposed algorithm was compared with the SMO 

and an improvement of the SMO called adaptive step-size based Spider Monkey Optimization (AsSMO), on nine 

benchmark problems. The comparison was done based on mean absolute error (MAE), standard deviation (SD) and 

convergence rate. The test results show that the MLLP-SMO performs better than the other two algorithms.  The 

use of the proposed method in optimization problems will yield optimal values, with minimal iterations.  
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INTRODUCTION  
Over the years, researchers have proposed several nature-inspired optimization algorithms (NIOAs) to 

solve optimization problems. NIOAs are categorized into physics-based algorithms (Biswas et al, 2013), 

bio-inspired algorithms (Kar, 2016), evolutionary algorithms (Blum et al, 2012), and swarm intelligence 

algorithms (Eberhart et al, 2001). Physics-based algorithms are inspired by the laws of physics and 

examples include gravitational search algorithm (Rashedi et al, 2009) and magnetic optimization 

algorithm (Mirjalili & Hashim, 2012). Bio-inspired algorithms are inspired by biological processes. 

Examples are immune algorithm and krill herd (Gandomi & Alavi, 2012). Evolutionary algorithms are 

based on the concept of specie evolution over time. Examples of evolutionary algorithms are differential 

evolution (Qing, 2011) and cuckoo search (Mareli & Twala, 2018). Swarm intelligence (SI) algorithms are 

based on collective social behavior of self-organized animals. The local intelligent behaviour of these 

social organisms or animals leads to an intelligent global behaviour. SI algorithms leverage on the 

intelligent behaviour of self-organized animals to solve complex optimization problems with high 

accuracy. They are known for their large search space and avoidance of local optima entrapment. 

Examples of SI algorithms are particle swarm optimization (Clerc, 2010), ant colony system (Blum, 

2005), stochastic diffusion search (Al-Rifaie & Bishop, 2015), bacteria foraging (Chen et al, 2011), artificial 

bee colony (Karaboğa, 2005), and spider monkey optimization (SMO) (Bansal et al, 2014).  
 

SMO is one of the newest SI algorithms inspired by the foraging behaviour of spider monkeys (Bansal et 

al, 2014). It is known for its enhanced exploration and exploitation ability through its highly stochastic 

search process. SMO has been applied to solve complex problems in optimization. For example, in (Dhar 

& Arora, 2017), the SMO was applied to optimize a fuzzy rule.  Also, in (Wu et al, 2017), SMO was used 

for the synthesis of sparse linear arrays. Again, in (Hazrati et al, 2017), SMO was applied to solve optimal 

capacitor placement and sizing problem.  
 

Regardless of the efficiency of the SMO in solving problems, it has many user-defined parameters during 

its implementation and also needs more balancing in its meta-heuristic mechanism (Sharma et al, 2019, 

Hazrati et al, 2017). Furthermore, it has a drawback of premature convergence and stagnation. Therefore, 

there is the need to address these shortcomings of the SMO, to enhance its effectiveness. The method in 

(Singh et al, 2019) sought to enhance the performance of the SMO through an improvement of the 

efficiency of the local leader exploitation ability, with mutation and crossover operators in differential 

evolution. The authors also employed grey wolf optimizer to select three leaders to update their position 

to improve the exploration ability of the SMO algorithm. The improved SMO performs well on less 

complex dataset. However, for complex (multi-dimensional) functions, the method performs poorly. In 

(Gupta & Deep, 2016), the fitness proportionate in the global leader phase is replaced with tournament 

selection, in a bid to offer opportunity to low fit individuals to also update in this phase. However, this 

SMO variant performs poorly on non-scalable problems. The authors in (Swami et al, 2018) proposed a 

new position update for the local leader phase by taking the average of the difference between a spider 

monkey’s current position and a randomly generated position. This method improves the average 

function evaluation. However, low fit individuals have a lower chance to update their positions to better 

ones since the randomly generated positions can be worse positions compared to previous positions. 

Consequently, the method may not produce the desired optimal results. In (Gupta et al, 2017), quadratic 

approximation was employed to improve the global leader phase update. The quadratic approximation 

was used to generate a random feasible solution that is better than the least fit individual in the group. 

The method performed moderately on non-scalable functions, in comparison to the original SMO. An 

adaptive step size modification was proposed in (Hazrati et al, 2017) which modifies the global leader 
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phase and global leader decision phase update equations. Convergence was improved but stagnation in 

local optima persisted. Thus, improvements are still needed in the SMO to enhance its performance. 
 

Therefore, the work presented in this paper aimed to enhance the performance of the SMO. Consequently, 

a modified version of the SMO is presented to address the unresolved problems of premature 

convergence and stagnation, and the production of non-optimal results. The modification focuses on the 

local leader phase of the SMO. Hence, the proposed modification of the SMO has been named as modified 

local leader phase spider monkey optimization (MLLP-SMO). The MLLP-SMO controls the highly 

stochastic local leader phase to improve the local leader phase update, reduce convergence time and 

improve global leader update. To achieve this, each spider monkey is given a fair chance in the local 

leader phase, according to the strength of their fitness. The chance offered helps a spider monkey to avoid 

premature stagnation and skipping of the optimal solution in its search space. This leads to the 

production of optimal results with low number of iterations.  
 

The rest of paper is organized as follows: Section 2 explains the SMO. In Section 3, the modified local 

leader phase (MLLP) update rule is presented. Section 4 presents the benchmark functions used for 

testing, together with test parameters. Section 5 presents the results of the implementation of the MLLP-

SMO and its comparison with two others. Conclusions drawn are highlighted in Section 6. 

Recommendations are provided in Section 7.  

SPIDER MONKEY OPTIMIZATION  
The SMO mimics the foraging behaviour of spider monkeys. It follows a fission-fusion concept. The 

foraging behaviour is basically based on food scarcity or availability which causes the spider monkeys to 

either split (fission) or combine (fusion) in their search for food. The SMO operates in seven phases as 

elaborated below (Sharma et al, 2019).  

Initialization  

At start, a uniformly distributed initial swarm of 𝑁 spider monkeys (SMs) is generated. Each  𝑆𝑀 in the 

swarm is generated using (1). 

                       𝑆𝑀𝑖𝑗 = 𝑆𝑀𝑚𝑖𝑛𝑗 + 𝛼 × (𝑆𝑀𝑚𝑎𝑥𝑗 − 𝑆𝑀𝑚𝑖𝑛𝑗)    𝑖 = 1,2,3, … , 𝑁   𝑎𝑛𝑑 𝑗 = 1,2,3, … . , 𝐷        (1)                                                            

Where i is a number assigned to a spider monkey, j is the dimension of the search space, 𝑆𝑀𝑚𝑖𝑛𝑗 and 

𝑆𝑀𝑚𝑎𝑥𝑗 are the lower and upper boundaries of the search space in the dimension j, and α is a uniformly 

distributed random number in (0,1) range. The dimension, j, depends on the problem to be solved. It is 

important to note that each run of 𝛼 generates a new value which accounts for the variabilities between 

𝑆𝑀𝑖𝑗𝑠. 

Local leader phase  

This phase is considered as the most important phase in the algorithm. Here, each 𝑆𝑀𝑖𝑗 has a chance to 

update to a better position. The 𝑆𝑀𝑖𝑗s update by using their own persistence with knowledge from their 

local leader (𝐿𝐿𝑘𝑗,) and a random spider (𝑆𝑀𝑟𝑗). For each 𝑆𝑀𝑖𝑗, the fitness is checked at the new position. 

If this fitness is higher than its old value, then the 𝑆𝑀𝑖𝑗 updates in the 𝑗𝑡ℎ dimension using (2). Otherwise, 

the old fitness is kept. 

    𝑆𝑀𝑛𝑒𝑤𝑖𝑗 = 𝑆𝑀𝑖𝑗 + 𝛼 × (𝐿𝐿𝑘𝑗 − 𝑆𝑀𝑖𝑗) + 𝛽 × (𝑆𝑀𝑟𝑗 − 𝑆𝑀𝑖𝑗)                 (2)                                                                                 

Where, 𝑆𝑀𝑛𝑒𝑤𝑖𝑗 is the new position of the 𝑖𝑡ℎ spider monkey in the 𝑗𝑡ℎ dimension, 𝑆𝑀𝑖𝑗 is the 𝑖𝑡ℎ spider 

monkey in the 𝑗𝑡ℎ dimension, and 𝐿𝐿𝑘𝑗 is the local leader in the kth group. 𝛽 is a uniformly distributed 

random number in the range of (−1,1). It is important to note here that the designation for a spider 

monkey is essentially its position in a search space. Thus, the two can be used interchangeably (i.e., 𝑆𝑀𝑖𝑗 
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refers to the ith spider monkey and refers to its positions as well). The pseudo code for the local leader 

update is presented below. 
 

for each member 𝑆𝑀𝑖𝑗 Є 𝑘𝑡ℎ group 

      for each 𝑗 Є {1, … , 𝐷} do 

          if 𝛼 ≥ pr then  

 𝑆𝑀𝑛𝑒𝑤𝑖𝑗 = 𝑆𝑀𝑖𝑗 + 𝛼 × (𝐿𝐿𝑘𝑗 − 𝑆𝑀𝑖𝑗) + 𝛽 × (𝑆𝑀𝑟𝑗 − 𝑆𝑀𝑖𝑗 

                   else 
           𝑆𝑀𝑛𝑒𝑤𝑖𝑗 = 𝑆𝑀𝑖𝑗  

             end if 

        end for  

end for 

Global leader phase  

At this stage, spider monkeys from the local leader phase get the chance to update to reach a global 

optimum. Am 𝑆𝑀𝑖𝑗  updates by using the knowledge of the global leader, its own persistence and 

experience of a random spider  𝑆𝑀𝑟𝑗. The position update is done using (3). 

          𝑆𝑀𝑛𝑒𝑤,𝑖𝑗 = 𝑆𝑀𝑖𝑗 + 𝛼 × (𝐺𝐿𝑗 − 𝑆𝑀𝑖𝑗) +  𝛽 × (𝑆𝑀𝑟𝑗 − 𝑆𝑀𝑖𝑗)                         (3)                                                                

 where, 𝐺𝐿𝑗 is the position of the global leader in the 𝑗𝑡ℎ dimension. 

Global leader learning phase 

 Here, the best solution of the initialized 𝑆𝑀𝑖𝑗s is identified as the global leader (𝐺𝐿𝑗). The selected (𝐺𝐿𝑗) 

is then associated with a global limit count (GLC) which checks whether 𝐺𝐿𝑗 updates in the search space. 

The 𝐺𝐿𝐶 is incremented by 1 when there is an update, otherwise, it is set to 0. The GLC is checked against 

a global leader limit (GLL). The increment in GLC continues until the GLL is reached. GLL is the total 

number of updates permitted a global leader in the search process.  

Local leader learning phase 

Here, the position of a local leader is updated by using a greedy selection (i.e., the selection of a spider 

monkey with best fitness) amongst the local members of a group. Again, a local limit count (LLC) is 

associated with a local leader’s update. LLC is incremented by 1 when there is an update, otherwise, it is 

set to 0. This is also checked against the local leader limit (LLL). A LLC is incremented until it reaches the 

LLL. 

Local leader decision phase 

This phase is used to check whether any local leader is not updating to a threshold local leader limit. 

Here, all spider monkeys in a particular local group whose local leader is not updating towards the limit 

are given a chance to update by random initialization or using the global leaders’ influence, employing 

(4).  

   𝑆𝑀𝑛𝑒𝑤𝑖𝑗 = 𝑆𝑀𝑖𝑗 + 𝛼 × (𝐺𝐿𝑗 − 𝑆𝑀𝑖𝑗) + 𝛽 × (𝑆𝑀𝑟𝑗 − 𝑆𝑀𝑖𝑗)                              (4)                                                             

 

Global leader decision phase 

This is where fission and fusion take place. If a global leader does not update to a particular limit, it either 

breaks the groups into smaller ones or merge them into one group. 

PROPOSED MODIFIED LOCAL LEADER PHASE SPIDER MONKEY OPTIMIZATION 

(MLLP-SMO) 
In the local leader phase of the SMO algorithm, the update of a spider monkey (𝑆𝑀𝑖𝑗) is done by a greedy 

approach where the fitness of 𝑆𝑀𝑖𝑗 at a new position is accepted when it is better than the fitness at the 
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old position. The deficiency of this approach is that 𝑆𝑀𝑖𝑗 with low fitness but near the global solution is 

deprived of a chance to update. The effect is that the algorithm could move in a non-optimal direction 

and skip the true solution. From (2), the update of an 𝑆𝑀𝑖𝑗′𝑠 position is highly dependent on β (-1,1) and 

the impact of a random spider (𝑆𝑀𝑟𝑗).  
 

Due to the uneven opportunity given to each 𝑆𝑀𝑖𝑗 in the position update at this phase, there is the 

possibility that 𝑆𝑀𝑖𝑗s with good fitness or all 𝑆𝑀𝑖𝑗s chosen by 𝛼 > 𝑝𝑟 will not update towards the global 

optima for a particular iteration. This will cause the algorithm to shift to produce non-optimal results. pr 

is the perturbation rate and normally ranges from 0.1 to 0.8. 
 

In this modification, each 𝑆𝑀𝑖𝑗 chosen by 𝛼 > 𝑝𝑟 to update, is given a chance in the search space of the 

local leader phase, according to the fitness of their old position, to update to a better position. The number 

of chances offered to an 𝑆𝑀𝑖𝑗to update is defined according to a fitness proportionate selection in genetic 

algorithm (Younes et al, 2008) and the total number of 𝑆𝑀𝑖𝑗s in the search space (𝑌). The number of 

chances given to each 𝑆𝑀𝑖𝑗 for the next iteration is defined according to (5).  

                                                               𝑁𝑜. 𝑜𝑓 𝑐ℎ𝑎𝑛𝑐𝑒𝑠 𝑜𝑓 𝑆𝑀𝑖𝑗  =
𝑓𝑖𝑡(𝑆𝑀𝑖𝑗𝑜𝑙𝑑

)

∑ 𝑓𝑖𝑡 (𝑆𝑀𝑖𝑗𝑜𝑙𝑑)𝑁
𝑖

× 𝑌                     (5)                

Where 𝑓𝑖𝑡(𝑆𝑀𝑖𝑗𝑜𝑙𝑑
) is the fitness of 𝑆𝑀𝑖𝑗 in its old position. If after the number of chances, the 𝑆𝑀𝑖𝑗 does 

not update to a better position, then it is set to its old position. The pseudocode for the proposed MLLP 

algorithm for the position update is presented as follows: 

for each member 𝑆𝑀𝑖𝑗 Є 𝑘𝑡ℎ group 

          for each 𝑗 Є {1, … , 𝐷} do 

            if 𝛼(0,1) ≥ pr then  

                  𝑓𝑖𝑗 = 𝑆𝑀𝑖𝑗 + 𝛼(0,1) × (𝐿𝐿𝑘𝑗 − 𝑆𝑀𝑖𝑗)          

                  𝑔𝑖𝑗 = (𝑆𝑀𝑟𝑗 − 𝑆𝑀𝑖𝑗) 

While (chances to update has not elapsed), do 
                        𝑆𝑀𝑐ℎ𝑎𝑛𝑐𝑒𝑖𝑗

= 𝑓𝑖𝑗 + 𝛽(−1,1) × 𝑔𝑖𝑗 

                          if 𝑓𝑖𝑡(𝑆𝑀𝑐ℎ𝑎𝑛𝑐𝑒𝑖𝑗
)> 𝑓𝑖𝑡(𝑆𝑀𝑖𝑗) 

  𝑆𝑀𝑛𝑒𝑤𝑖𝑗 = 𝑆𝑀𝑐ℎ𝑎𝑛𝑐𝑒𝑖𝑗
 

                                    break 

                          else if (chances elapsed) 
                              𝑆𝑀𝑛𝑒𝑤𝑖𝑗 = 𝑆𝑀𝑖𝑗 

           break 

           end if 

                  end while             

            end if 

        end for 

end for 
 

To use the MLLP algorithm to update the position of a spider monkey, 𝑆𝑀𝑖𝑗, to obtain a new position, 

𝑆𝑀𝑛𝑒𝑤𝑖𝑗, a random number denoted by 𝛼 is generated within the limits of 0 and 1. This random number 

(𝛼) is then compared to the perturbation rate (pr). If 𝛼 is greater than pr, the 𝑆𝑀𝑖𝑗 is selected to update its 

position in the 𝑗𝑡ℎ dimension. First, the effect of the local leader’s position (𝐿𝐿𝑘𝑗) on 𝑆𝑀𝑖𝑗  is checked by 

𝑓𝑖𝑗, as defined in the pseudocode. The effect of the random spider (𝑆𝑀𝑟𝑗) on 𝑆𝑀𝑖𝑗 is also checked by 𝑔𝑖𝑗 
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as indicated in the pseudocode. The 𝑆𝑀𝑖𝑗  is then given some chances with a value defined according to 

(5) to update to a better position in the search space. For each position generated under the chances given 

(𝑆𝑀𝑐ℎ𝑎𝑛𝑐𝑒𝑖𝑗
), its fitness is checked and compared to the fitness of the old position (𝑆𝑀𝑖𝑗) of the spider 

monkey. The spider monkey is assigned the new position (𝑆𝑀𝑛𝑒𝑤𝑖𝑗)  if the fitness value at the new 

position is better than the fitness at the old position. The position update is then completed whether the 

number of chances is elapsed. On the other hand, if a better position is not found in the search space after 

the number of chances offered a spider monkey is elapsed, its position is not updated but set to the old 

position (𝑆𝑀𝑖𝑗). This process is repeated for all spider monkeys in the search space.   

In the proposed position update algorithm, 𝑓𝑖𝑗 checks for how far the 𝑆𝑀𝑖𝑗 is drawn towards the local 

leader (𝐿𝐿𝑖𝑘) in the 𝑗𝑡ℎ dimension, whilst 𝑔𝑖𝑗 checks the influence of the random spider 𝑆𝑀𝑟𝑗 in the  𝑗𝑡ℎ 

dimension. The number of chances as defined in (5) balances 𝑓𝑖𝑗  and 𝑔𝑖𝑗  by giving proportionate 

opportunity to each 𝑆𝑀𝑖𝑗  to update by 𝛼 > 𝑝𝑟 , according to its old fitness value and maintains the 

stochastic nature of the local leader phase. Figure 1 is a flowchart that shows the implementation of the 

MLLP-SMO. 

Start

Initialize population, local leader limit, global leader 

limit, maximum number of groups and perturbation rate

Evaluate the population

Identify global and local leaders

Update the position of each local leader 

using MLLP algorithm

Update the position of global leader

Learn through global leader learning 

phase

Learn through local leader learning phase

Position update by local leader decision 

phase

Decide fission or fusion

Is termination condition 

satisfied?

No

Declare the global leader position as the 

optimal solution

Yes

 
Figure 1: Implementation of MLLP-SMO algorithm 
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The implementation of the MLLP-SMO algorithm is summarized as follows:  

Step 1:  Initialize population, local leader limit, global leader limit, maximum number of groups, and 

perturbation rate.  

Step 2:  Evaluate population. Here, the fitness of each spider monkey in the population is determined 

using their initial positions on the objective function of the problem being solved. 

Step 3:  Identify local and global leaders. This involves the selection of spider monkeys with best 

fitness in each group as local leaders and the individual with best fitness amongst all the 

groups as global leader. 

Step 4: Update the position of each spider monkey using the MLLP algorithm. Spider monkeys with 

𝛼(0,1)  greater than the perturbation rate update their 𝑗𝑡ℎ dimension position towards the 

positions of their local leaders and a random spider monkey’s position. 

Step 5: Update the position of global leader using global leader phase update rule. Spider monkeys 

with fitness probability greater than the perturbation rate update their positions in the 

𝑗𝑡ℎ dimension. 

Step 6:  Learn through global leader learning phase. Here, spider monkey with best fitness after 

global leader phase is selected as global leader and its update is checked against the global 

leader limit. 

Step 7:  Learn through local leader learning phase. This entails selecting a spider monkey with the 

best fitness as the local leader and checking its update against the local leader limit count. 

Step 8:  Position update by local leader decision phase. For this, spider monkeys belonging to a 

particular local group whose local leader is not updating up to the local leader limit are 

given opportunity to update through random initialization. 

Step 9:  Decide fission or fusion using global leader decision phase. The global leader either divides 

the spider monkeys into groups if the stopping criteria (i.e., maximum number of groups) 

is not met or fuse them into a single group if otherwise. 

Step 10:  If termination condition (i.e., maximum number of groups is reached or minimum error 

specified is attained) is satisfied, declare the global leader position as the optimal solution. 

Otherwise, go back to step 4. 

TESTING OF PROPOSED MODIFICATION  

The proposed modification to the SMO (i.e., MLLP-SMO) was tested on nine benchmark functions. These 

functions were obtained from (Hazrati et al, 2016). The test results were compared with the original SMO 

(Bansal et al, 2014) and an improvement of the SMO named adaptive step-size based Spider Monkey 

Optimization (AsSMO) (Swami et al, 2017). Details of the functions used to test the proposed MLLP-SMO 

are shown in Table 1. These functions present varied levels of difficulty. 

Table 1: Test functions 

SN Function Name Search Range Optimum 

Value 

Dimension 

 

Error 

limit 

1 Michalewicz [0,𝜋] −9.66015 10 1.0E-05 

2 Ackley [-1,1] 0  30 1.0E-05 

3 Levy 1 [-10,10] 0 30 1.0E-05 

4 Levy N.13 [-5,5] 0 30 1.0E-05 

5 Colville [-10,10] 0 4 1.0E-05 

6 Schwefel [-500,500] 0 2 1.0E-05 

7 Beale [-4.5,4.5] 0 2 1.0E-05 
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8 Rosenbrock [-5,10]  0 30 1.0E-01 

9 Rotated Hyper-Ellipsoid [-65.536, 65.536]  0 2 1.0E-05 

 

In addition to the test functions presented in Table 1, the following parameters were used for the 

comparative assessment of the MLLP-SMO, SMO, and AsSMO. The same parameters were used in 

(Hazrati et al, 2017). 

Number of iterations =2000 

Number of runs=100 

Total number of Spider Monkeys (N)=100 

Maximum number of groups=5 

Local leader Limit=100 

Global Leader Limit=150 

All the three algorithms were run on the same computer. The specifications of the computer are as 

follows: Intel (R) Core TM i7-10750H with CPU of 2.60 GHz and 16.0GB RAM. The computer uses a 

windows-based operating system. 

 

The performance of the proposed MLLP-SMO was assessed and compared with two other algorithms 

using the mean absolute error (MAE), standard deviation (SD)and convergence curve. The SD is used to 

check how each iteration’s cost is spread around the optimum value. The MAE was determined using (6) 

while the SD was computed by employing (7). 

𝑀𝐴𝐸 =
1

𝑀
∑ |𝑥𝑜𝑘 − 𝑥𝑘|𝑀

𝑘=1                                                   (6)                                                                                                                             

𝑆𝐷 = √
∑(𝑥𝑘−𝜇)2

𝑀
                           (7)                                                                                                                                          

 

where, 𝑥𝑘  is the optimum value computed for a test function k using an algorithm, 𝑥𝑜𝑘  is the benchmark 

optimum value for test function k , 𝑀 is the total number of cost samples computed after the maximum 

number of iterations is reached or an optimal solution is found, and 𝜇 is the mean of the total number of 

cost samples, also obtained after the maximum number of iterations is reached or an optimal solution is 

found.  

RESULTS AND DISCUSSIONS 

The test results are presented and analyzed under three headings namely, mean absolute error and 

standard deviation, optimum values, and convergence rate. 

Mean absolute error and standard deviation 

Figure 2 is a chart that shows a comparison between the MAE obtained by applying the proposed MLLP-

SMO to four benchmark functions (Beale, Ackley, Schwefel and Levy N.13) and the benchmark values 

(BM) for the functions. It is noted from figure 2 that the MAEs for the MLLP-SMO are lower and hence 

better than the benchmark values (BM) for Beale, Schwefel and Levy N.13 functions. However, the 

MLLP-SMO could not attain the error limit for the Ackley function. Figure 3 shows the MAEs obtained 

by applying the MLLP-SMO to four other benchmark functions namely, Colville, Levy 1, Michalewicz 

and Rosenbrock. Here, the MAEs for the MLLP-SMO for Colville, Levy 1 and Michalewicz are higher 

than the expected benchmark values whilst that for Rosenbrock is lower than the expected value. The 

largest MAE was 4.24E-03 for Levy 1 as against the expected value of 1.0E-05. Lastly, for the Rotated 
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Hyper-Ellipsoid function, the MLLP-SMO produced a MAE of 5.76 as against the expected benchmark 

MAE of 1.00E-05 as shown in figure 4. Although the MAE obtained using the MLLP-SMO is extremely 

high, it is much better than those obtained using other algorithms, as will be shown later in this section. 

The difficulty in obtaining low MAEs for the Rotated Hyper-Ellipsoid function is due to its high 

complexity. 
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Figure 2: MAEs for Beale, Ackley, Schwefel and Levy N.13 benchmark functions 
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Figure 3: MAEs for Colville, Levy 1 Michalewicfz and Rosenbrockbenchmark functions 
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Figure 4: MAEs for Rotated hyper-Ellipsoid benchmark function 

 

Table 2 compares the MLLP-SMO to the SMO and AsSMO based on MAE and SD, using the 

nine benchmark functions. In the Table, the least (i.e., the desired) values for MAE and SD have 

bold fonts for easy identification.  It is noted from Table 2 that the MLLP-SMO has the least MAE 

and SD in respect of seven out of the nine benchmark functions. The seven functions for which 

the MLLP-SMO showed the best performances are Ackley, Levy 1, Colville, Rotated Hyper-

Ellipsoid, Schwefel, Beale and Rosenbrock functions. Although with regards to the Michalewicz 

function, the MLLP-SMO had the least MAE, its SD was the highest. The SMO rather had the 

least SD for this function. With respect to the Levy N.13 function, the MLLP-SMO was the worst 

performing algorithm, with the SMO having the best performance. Hence, overall, the MLLP-

SMO exhibited the best performance. 
 

Table 2: Results Comparison of Test Functions 

Function Algorithm Mean 

Absolute 

Error 

(MAE) 

Standard 

deviation 

(SD) 

Michalewicz  SMO 

AsSMO 

MLLP-SMO 

2.05E-03 

1.29E-03 

5.31E-04 

3.91E-06 

5.39E-06 

7.04E-06 
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 Ackley SMO 

AsSMO 

MLLP-SMO 

3.26E-04 

2.35E-04 

1.44E-04 

2.74E-06 

2.20E-06 

1.77E-06 

 Levy 1 SMO 

AsSMO 

MLLP-SMO 

1.30E-02 

8.60E-03 

4.24E-03 

1.23E-04 

9.24E-05 

6.66E-05 

Levy N.13 SMO 

AsSMO 

MLLP-SMO 

1.01E-06 

1.56E-06 

2.01E-06  

4.42E-08 

6.80E-08 

9.20E-08 

Colville SMO 

AsSMO 

MLLP-SMO 

5.14E-03 

3.49E-03 

1.84E-03 

1.23E-04 

9.24E-05 

6.73E-05 

Rotated Hyper-

Ellipsoid 

SMO 

AsSMO 

MLLP-SMO 

5.96E+00 

5.86E+00 

5.76E+00 

9.62E-02 

9.27E-02 

9.10E-02 

Schwefel SMO 

AsSMO 

MLLP-SMO 

1.21E-05 

6.94E-06 

1.76E-06 

3.04E-07 

1.81E-07 

8.37E-08 

Beale SMO 

AsSMO 

MLLP-SMO 

9.01E-06 

5.06E-06 

1.10E-06 

4.39E-07 

2.39E-07 

4.10E-08 

Rosenbrock SMO 

AsSMO 

MLLP-SMO 

2.14E-02 

1.20E-02 

2.54E-03 

6.53E-04 

3.59E-04 

6.60E-05 
 

Optimum values 

Table 3 compares the optimum values obtained using MLLP-SMO to the benchmark values. It 

is noted from Table 3 that the MLLP-SMO algorithm could not attain the exact benchmark 

values. However, the deviations are low.  
 

Table 3: Optimum benchmark values vs. MLLP-SMO obtained values. 

Function MLLP-SMO Benchmark 

Beale 1.23E-10 0 

Ackley 3.24E-08 0 

Schwefel 3.76E-11 0 

Levy N.13 2.35E-09 0 

Colville 1.69E-03 0 

Levy 1 1.78E-08 0 

Michalewicz -9.62 -9.66015 

Rosenbrock 1.03E-01 0 

Rotated Hyper-Ellipsoid 1.61E-08 0 
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Figures 5, 6 and 7 compares the optimum values obtained by applying the MLLP-SMO, SMO 

and the AsSMO to the benchmark functions. Since the benchmark values for these functions are 

zeros (except that for the Michalewicz function), the closer an obtained value is to zero, the 

better. It is noted from figures 5, 6 and 7 that for all the seven functions (i.e., Levy, Ackley, Levy 

N.13, Schewfel, Beale, Colville, and Rosenbrock), the MLLP-SMO has the lowest values, an 

indication that its optimum values are closest to the benchmark values and hence shows the best 

performance. However, the MLLP-SMO was not the best performing algorithm with regards to 

the Rotated Hyper-Ellipsoid function, as shown in figure 8. For this function, the MLLP-SMO 

was only better than the AsSMO. The SMO outperformed the MLLP-SMO. With regards to the 

Michalewicz function, which is the only function that has a non-zero benchmark value, the 

performances of the algorithms are presented as figure 9. For this figure, the axis label is 

negative, indicating that all values showing as positive are in fact negative. For this function, the 

MLLP-SMO performed better than the others. 
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Figure 5: Optimum value comparison for Levy, Levy N.13 and Ackley functions 
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Figure 6: Optimum value comparison for Schwefel and Beale Functions 
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Figure 7: Optimum value comparison for Coville and Rosenbrock functions 
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Figure 8: Optimum value comparison of algorithms for Rotated Hyper- Ellipsoid function 
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Figure 9: Optimum value comparison for Michalewicz function 

Convergence rate 

Figures 10, 11 and 12 show convergence curves for the Michalewicz, Ackley, Levy 1 and 

Schwefel functions respectively, with the application of the MLLP-SMO, SMO and AsSMO 
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algorithms. It is observed from figure 10, that with regards to the Michalewicz function, the 

MLLP-SMO had the fastest convergence (i.e, least number of iterations), with the least cost. The 

MLLP-SMO avoided premature convergence and stagnation in the search process. It is also 

noted from figures 11 and 12 that the MLLP-SMO exhibits fastest convergence compared to the 

other algorithms. The convergence of the MLLP-SMO, SMO and AsSMO for the remaining six 

functions are like those already shown as figures 10, 11 and 12, with the MLLP-SMO 

outperforming the rest, for all the six functions.  
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Figure 10: Convergence curve for Michalewicz function 
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Figure 11: Convergence curve for Ackley function 
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Figure 12:Convergence curve for Levy 1 function 
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CONCLUSION  

An improvement of the spider monkey optimization algorithm (SMO) has been done. The 

improved algorithm is called modified local leader phase spider monkey optimization algorithm 

(MLLP-SMO). The MLLP-SMO improves the local leader phase of the original SMO. This 

optimizes the global leader’s update and convergence time. The proposed MLLP-SMO has been 

compared with the SMO and one of its variants named AsSMO. The proposed MLLP-SMO 

outperformed the original SMO and the AsSMO.  The optimal solutions produced by the MLLP-

SMO was better than those produced by the other two, in eight out of the nine benchmark 

functions used for testing. The MLLP-SMO had the least mean absolute error and standard 

deviation. Its convergence rate was also better than the others. It also avoided stagnation in local 

optima.  

RECOMMENDATION 

The proposed MLLP-SMO is recommended for adoption by researchers in solving optimization 

problems, due to its effectiveness. For example, it can be used for the optimal siting and sizing 

of capacitor banks in power distribution systems. Additionally, it can be employed for the 

optimal location of distributed generation in electrical power grids. Furthermore, the MLLP-

SMO can be used as an optimal trainer for artificial neural network (ANNs) to perform 

prediction tasks such as fault detection, fault classification, and fault location in power systems. 

ANNs that have been optimally trained by the MLLP-SMO can also be used, for example, in the 

field of medicine, for the prediction of heart attack and detection of diabetes, from data samples.  
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