
Sonar Data Classi�cation using Neural Network
Trained by Hybrid Dragon�y and Chimp Optimization
Algorithms
F. Mousavipour 

Iran University of Science and Technology
Mohammad Reza Mosavi  (  m_mosavi@iust.ac.ir )

Iran University of Science and Technology https://orcid.org/0000-0002-2389-644X

Research Article

Keywords: Classi�er, MLP NN, Hybrid Dragon�y Trainer, Sonar

Posted Date: June 9th, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1673592/v2

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1673592/v2
mailto:m_mosavi@iust.ac.ir
https://orcid.org/0000-0002-2389-644X
https://doi.org/10.21203/rs.3.rs-1673592/v2
https://creativecommons.org/licenses/by/4.0/


 

 

Sonar Data Classification using Neural Network Trained by 

Hybrid Dragonfly and Chimp Optimization Algorithms  
 

F. Mousavipour1 and M. R. Mosavi2* 

 1,2 Department of Electrical Engineering, Iran University of Science and Technology, Narmak, 

Tehran 13114-16846, Iran 
1 Ph.D. Student, F_Mousavipour@elec.iust.ac.ir 

 2* Professor, Corresponding Author, m_mosavi@iust.ac.ir 

 

Abstract: This paper proposes a hybrid Dragonfly Algorithm (DA) for training Multi-Layer 

Perceptron Neural Network (MLP NN) to design the classifier for solving complicated 

problems and distinguishing the real target from liars’ targets in sonar applications. Due to 
improving the cost computation and reducing the waste of time, a modified low-cost DA is 

designed for evaluation. To assess the accuracy of the technique, some well-known meta-

heuristic trainers include Particle Swarm Optimization (PSO), Gravitational Search Algorithm 

(GSA), DA, and Chimp Optimization Algorithm (ChoA) compared to show the accuracy of 

similar algorithms. DA and ChoA algorithms have remarkable features and a hybrid algorithm 

of them is proposed. The performance of the proposed classifier will be evaluated by two 

standard benchmark datasets. The results show that the modified hybrid DA-ChoA has 15% 

less time consuming and 4% better performance rather than the original dragonfly method. 
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1. Introduction 

Classification of underwater targets has received much attention in recent years, including 

distinguishing between the real target and liar target objects such as fish tribes or background 

clutter. This procedure is one of the most complex and challenging in this research field because 

of its variant characteristics [1-3]. In underwater environments, some different echo classes 

exist. Noises, reverberation, and clutter are some classes of underwater echoes [4]. 

Classification techniques such as statistical processing [5], signal processing [6,7], and feature 

extraction algorithms [8] were classical schemes. In recent years, Neural Networks (NNs) are 

considered for their prominent specifications [9] such as a high degree of precision, 

adaptability, an inherently parallel structure which is very appropriate in hardware 

implementation and real-time processing.  

Multi-Layer Perceptron (MLP) NNs are the most significant tools for data classification [10]. 

Learning is the main and important feature of this tool that without this essential block, 

algorithm cannot improve primary results. From a technical manner, the method that provides 

learning for NNs is called trainer [11]. Trainers can be divided into two main types: supervised 

and unsupervised learning [12]. Classic supervised methods such as gradient descent and 

Newton have poor quality and disadvantages such as local optima stagnation and the need to 

derivate the search space [13].  

Meta-heuristic algorithms are readily applicable to problems in different fields especially 

trainers for NNs in high complex problems [14-16]. There are different categories for meta-

heuristic methods. Two main categories are based on the inspiration of an algorithm and the 

number of generated solutions in each step of the algorithm. The former methods such as swarm 

intelligence base [17], physical-based [18], evolutionary-based [19], and human-related. The 

last classification divides the algorithms into two classes: individual-based and population-

based algorithms. In individual classes, one solution generates randomly and improves over 

the iterations. The latter class, trainer algorithm generates a multitude of solutions randomly 

and improves them during the procedure. 
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There is a basic question in the optimization domain as if and why we need more optimization 

techniques. By the No Free Lunch (NFL) theorem [20] the answer is found. NFL proves that 

no one can propose a method for solving all optimization problems. This means that no special 

optimization algorithm is well-fitted to overcome all optimization challenges. In other words, 

almost the optimization techniques perform equally on average when intending all optimization 

challenges despite the superior performance on a special optimization problem. This doctrine 

allows researchers to improve and modify existing algorithms for problems in different fields. 

The theoretic researches in this context can be divided into three basic directions: introducing 

the existing methods, mixing and hybridizing different algorithms, and developing new 

algorithms. In the first direction, different mathematical or stochastic operators have been used 

to augment the performance such as chaotic maps [21,22], evolutionary operators [23-25], and 

local searches [26,27]. In the second direction, different algorithms have been mixed and made 

hybrid algorithms to overcome some shortages or bottlenecks. Some hybrid meta-heuristic 

techniques are mentioned in the literature such as PSO-ACO [28], PSO-DE [29], and ACO-

DE [30]. Latter direction, the proposal of new algorithms is a popular research domain for 

many scientists. Inspiration of a new method can be from physical rules, evolutionary events, 

and cooperative behavior of living things. 

 
Fig.1: Main elements of an optimization system.  

 

The elements involved in the optimization process are parameters and constraints. Parameters 

are the unknown variables of the system that have to be optimized. As shown in Fig. 1, variables 

are primary inputs and constraints are secondary inputs addressed from variables. The 

feasibility of the obtained results is defined by constraints. 

The paper is organized as follows. Section 2, discusses the closely related works. Section 3, 

describes MLP NN training algorithms. Section 4, describes an overview of the standard 

Dragonfly Algorithm (DA) and Chimp Optimization Algorithm (ChoA) that, how to use it for 

training a MLP NN. In Section 5, sonar datasets and their simulations are presented. Finally, 

conclusions are presented in Section 6. 

 

2. Closely Related Works 

Population-based meta-heuristic optimization techniques share a common feature despite their 

nature. The search space is divided into two discrete phases: “exploration” and “exploitation” 
[31,32]. The algorithm must have operators that globally search and explore the whole of the 

search space. Exploration is the ability of an optimizer to have extremely random behavior 

changing the solutions. If solutions have big changes, the consequent exploration ability will 

be greater. The exploitation phase follows the exploration phase and expressed as the phase of 

detailed investigation of the promising areas of search space.  

There must be no clear border between exploitation and exploration phases. Finding an 

appropriate balance between exploitation and exploration is the main challenge in a meta-



 

 

heuristic optimization simultaneously. These two phases are correlative that augmenting one 

phase, in castrating another phase. 

DA algorithm is a powerful meta-heuristic optimizer introduced in recent years. This algorithm 

has two main purposes: hunting and migration. The hunting procedure is called the static swarm 

and the migration procedure is called dynamic swarm. DA algorithm mimics the five primitive 

principles of the swarming behavior of dragonflies. Separation behavior was applied to avoid 

collisions between insects in the tribe. Alignment is a tool for matching the velocity of 

individuals rather than other swarms. Cohesion refers to the tendency of individuals toward the 

average neighborhood. Attraction means dragonflies move towards the food sources and for 

survival distract outward enemies. In [33], DA algorithm has investigated the effect of the 

original updating mechanisms of the coefficients on exploration and exploitation phases. After 

that, three modified updating techniques are proposed for coefficients of the algorithm. These 

modifications improve results slightly, but increase the complexity of the algorithm 

remarkably. 

In [34], the great number of DA algorithm variants are mentioned. These variants include 

modified DA, hybridization DA, and multi-objective DA. Merits and disadvantages of each 

variant are analyzed and some applications of these variants are mentioned. Classification of 

sonar targets in real environments is needed low cost and accurate algorithm. Original DA is 

complex and has medium accuracy rather than some other algorithm such as MFO. For 

improving the performance of algorithm, the hybridization technique can be used, but with 

consideration of low complexity rather than original DA. The literature indicates that 

combining the chaotic local search with meta-heuristic algorithm is one of the low 

computational-cost methods for improving both exploration and exploitation phases. The 

motivation of this research is utilizing chaotic local search to improve the performance of the 

DA optimizer. Chaotic local search has stochastic behavior also is a deterministic method. To 

have a real-time procedure, considering the parallel structure of the DA optimizer and MLP 

NN.  

 

3. Multi-Layer Perceptron Neural Network 

MLP NNs are the most practical and common type of NNs. Each neuron is interconnected to 

other neurons in mono-directional mode. Fig. 2 shows a MLP NN schematic with two layers 

and p input nodes, h neurons in the only hidden layer and m neurons in the output layer. 

 

 

 

  

 

 

 

 
 

Fig.2: MLP NN with one hidden layer. 

  

In this MLP NN, two layers handle the procedure that the jth input of P (hidden layer) and its 

outputs is shown as follows: 

    𝑃𝑗 = ∑ 𝑥𝑖 ∗ 𝑤𝑗𝑖 + 𝑏𝑗𝑛𝑖=1     𝑗 = 1,2, … , ℎ.                                                             (1) 

 

where 𝑥𝑖 is the ith input, 𝑤𝑗𝑖 represents the weight from the ith input to the jth neuron and 𝑏𝑗 is 

the bias of the jth neuron. 
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 𝑆𝑗 = 𝐹(𝑃𝑗)       𝑗 = 1,2, … , ℎ.                                         (2)  

 𝐹 is the activation function that calculate the output of hidden layer’s neurons in Eq. (2). 

     𝑞𝑘 = ∑ 𝑆𝑗 ∗ 𝑤𝑘𝑗 + 𝐷𝑘ℎ𝑗=1     𝑘 = 1,2, … , 𝑚                                                                          (3) 

 

where 𝑤𝑚𝑗 is the synaptic weight relating the output of the jth neuron in the hidden layer to the 

mth output layer neuron and 𝐷𝑚 is the bias of the mth jth neuron output neuron. 

 𝑂𝑘 = 𝐺(𝑞𝑘)       𝑘 = 1,2, … , 𝑚.                                                             (4) 

 

G function, calculates the final outputs of MLP NN in Eq. (4). Connection weights and biases 

of each neuron are the most important segments of the MLP NN. In sonar target classification, 

real target presented by 1 and liar target by zero. For error evaluation, use Eq. (5) for 

minimizing the error. 

 𝐸𝑘 = ∑ (𝑂𝑖𝑘 − 𝑑𝑖𝑘)2𝑚𝑖=1           (5) 

 

To find the optimum values of weights and biases to achieve the best fitness (minimum error), 

the teaching algorithm such as gradient descent and Newton is applied.  

 𝑤𝑖(𝑛 + 1) = 𝑤𝑖(𝑛) − 𝜂 𝜕𝐸𝑘(𝑛)𝜕𝑤𝑖(𝑛)                           (6) 

 

The training process of updating weights next time is shown in Eq. (6). 𝜂 is the learning 

coefficient of 𝑤𝑖(𝑛 + 1) and n is the current time step. 

In most cases, three methods represent the configuration of biases and weights of the MLP NN 

as a particle of meta-heuristic trainers: (1) vector, (2) matrix, and (3) binary state. In vector 

trainer, each particle presents only one vector. In matrix presentation, a matrix presents each 

particle and in binary type, each particle is expressed in the form of a string of bits. In this 

research, vector trainer is used because of its simplicity [35-38]. 

Sejnowski [39] and Iris [40] datasets are used in this research. Sejnowski classified the sonar 

signals using a NN. The task is to train a network to distinguish sonar signals of a metal cylinder 

from sandy rocks. The transmitted sonar signal is a frequency-modulated chirp. The Sejnowski 

dataset contains 97 patterns obtained from rocks under similar conditions. 111 patterns 

obtained by bouncing sonar signals off a metal cylinder at various angles and under various 

conditions. These (i.e., 208) signals were obtained from a variety of different aspect angles, 

spanning 90 degrees for the cylinder and 180 degrees for the rock. Each pattern is a set of 60 

numbers normalized to 1. Each number represents the energy within a particular frequency 

band, integrated over an absolute period of time.   

This means the input number of MLP NN is equal to dimensions of problem (i.e., 60). Output 

neurons are two that present real and liar targets. Iris dataset has 4 dimensions and 3 output 

neurons including real target, liar target, and clutter. In Sejnowski, the dataset number of inputs 

are too many that increase the complexity of the problem for selecting the number of hidden 

neurons of MLP NN. For determining hidden layer numbers, some theoretical and empirical 

methods are considered.  

 
 



 

 

Table 1: References and proposed formulations for estimating the number of nerves of 

hidden layers. 

Formulation Proposed Ref. 𝑁ℎ = 𝑁𝑖 − 1 [41] 𝑁ℎ = √𝑁𝑖𝑁𝑜 [42] 𝑁ℎ = 𝑙𝑜𝑔(𝑁𝑖 − 1) − 𝑁𝑜 [43] 𝑁ℎ = 4𝑁𝑖2 + 3𝑁𝑖2 − 8  
 

[44] 
 

In Table 1, some papers and proposed formulations are presented. Ref [42] is used for selecting 

number of hidden neurons equal to 11. 
 

4. Trainer Algorithms 

This section is intended to provide necessary information to DA and ChoA trainers which are 

used for designing the classifier. 

 

4.1. Dragonfly Algorithm 
As mentioned before, DA is a novel population-based meta-heuristic optimization algorithm 

in which their search agents have two behaviors [45]. Hunting and migration are the main 

phases of this algorithm. In hunting (static swarm), local movement and unexpected changes 

in the flying path are the main characters. In migration (dynamic swarm), a large group of 

dragonflies make the swarm for transferring to long distances. Static and dynamic swarm is 

very similar to the main phases of meta-heuristic algorithms: exploration and exploitation. 

Separation, alignment, and cohesion addition food, and enemy are the main operators of 

algorithm. These five main operators, adjust the position updating of individuals in the swarm. 

Each of these operators is mathematically modelled as follows in Table 2. 

 
Table 2: DA operators and formulations.  

Operator Formula 

Separation 𝑆𝑖 = − ∑ 𝑋 − 𝑋𝑗𝑁
𝑗=1  

Alignment 𝐴𝑖 = ∑ ∆𝑥𝑗𝑁𝑗=1𝑁  

Cohesion 𝐶𝑖 = ∑ 𝑋𝑗𝑁𝑗=1𝑁 − 𝑋 

Food 𝐹𝑖 = 𝑋+ − 𝑋 

Enemy 𝐸𝑖 = 𝑋− + 𝑋 

 

Where X is the position of the current individual, 𝑋𝑗 shows the position jth neighboring, and N 

is the number of population. ∆𝑥𝑗 is the step of jth neighboring individual similar in PSO 

algorithm and 𝑋+ shows the position of the food source. The position of the enemy is 𝑋−. All 

the five operators update in each time iteration and then make the next position of each 

individual by position and step vectors. Equation (7) represents the step vector. 

 ∆𝑋𝑡+1 = (𝑠𝑆𝑖 + 𝑎𝐴𝑖 + 𝑐𝐶𝑖 + 𝑓𝐹𝑖 + 𝑒𝐸𝑖) + 𝑤∆𝑋𝑡                                                                  (7) 

 

All the lower-case alphabet such as: s, a, c are weights of basic operators and calculated 

randomly. The position vectors are calculated as follows: 



 

 

𝑋𝑡+1 = 𝑋𝑡 + ∆𝑋𝑡+1                                                                                                                 (8) 

 

In static swarm, alignment is very low and coherence to food is very high. If alignment is very 

high and coherence is low, the exploitation phase is operated. For transiting the exploration 

phase to exploitation, the radius of neighbors should be increased by iterations. In simulation 

Eq. (9) is used for calculating the initial radius of neighbors. 

 𝑟𝑑 = 𝑈𝐵𝑑−𝐿𝐵𝑑10                                                                                                                             (9) 

          

UB and LB are upper band and lower band of search space in dimension of d. Convergence of 

algorithm is guaranteed if weights of DA changed adaptively for transiting from exploration to 

exploitation of the search space. 

 

4.2. Chimp Optimization Algorithm 
ChoA [46] inspired by the individual intelligence and sexual motivation of chimps in their 

group haunting. Some animal tribes such as chimps are fission-fusion colonies. The size of 

such colony changes as time passes and members moved throughout the environment. Each 

tribe of the chimp attempts to explore the search space with exclusively and independent 

strategy. In each group, chimps have not uniform ability and alertness. The ability of each 

chimp can be useful in special situations. 

There are four types of chimps in a tribe: attacker, chaser, barrier, and driver. They have not 

equal abilities but can do hunting successfully together. Drivers scare the prey and follow it. 

Barriers place themselves in a tree to prevent prey moving back. Chaser is nimble and catches 

the prey. Finally, attackers hunt the prey. The prey hunted during the exploration and 

exploitation phases. For modelling the behavior of chimp hunting, Eq. (10) and Eq. (11) are 

proposed. 

 𝒅 = |𝒄. 𝑿𝑝𝑟𝑒𝑦(𝑡) − 𝒎. 𝑿𝑐ℎ𝑖𝑚𝑝(𝑡)|                  (10) 

 𝑿𝑐ℎ𝑖𝑚𝑝(𝑡 + 1) = 𝑿𝑝𝑟𝑒𝑦(𝑡) − 𝒂. 𝒅                             (11) 

 

Where t is the number of current iteration, a, m, and c are coefficient vectors, 𝑿𝑝𝑟𝑒𝑦 and 𝑿𝑐ℎ𝑖𝑚𝑝 

are the position of prey and chimp respectively. Equations (12) to (14) calculate the a, m, and 

c vectors.  

 𝒂 = 2. 𝒇. 𝒓1 − 𝒇                               (12) 𝒄 = 𝟐. 𝒓𝟐                                                      (13) 𝒎 = 𝒄𝒉𝒂𝒐𝒕𝒊𝒄_𝒗𝒂𝒍𝒖𝒆                                         (14) 

 

Where f is reduced non-linearly from 2.5 to 0 through the iteration process. 𝒓1 and 𝒓2 are 

random vectors and chaotic values calculated based on the various chaotic map. This operator 

shows the sexual motivation of chimps in hunting. 

The first attacker is the best solution in meta-heuristic problems. Driver, barrier, and chaser are 

better informed about the position of prey. Four of the best solutions are saved in memory and 

others try to follow these four solutions. This relationship is expressed by Eq.s (15) to (17).  

 𝒅𝐴𝑡𝑡𝑎𝑐𝑘𝑒𝑟 = |𝑪𝟏. 𝑿𝐴𝑡𝑡𝑎𝑐𝑘𝑒𝑟 − 𝒎𝟏. 𝑿|,    𝒅𝐵𝑎𝑟𝑟𝑖𝑒𝑟 = |𝑪𝟐. 𝑿𝐵𝑎𝑟𝑟𝑖𝑒𝑟 − 𝒎𝟐. 𝑿|, 
                      (15)   𝒅𝐶ℎ𝑎𝑠𝑒𝑟 = |𝑪𝟑. 𝑿𝐶ℎ𝑎𝑠𝑒𝑟 − 𝒎𝟑. 𝑿|,    𝒅𝐷𝑟𝑖𝑣𝑒𝑟 = |𝑪𝟒. 𝑿𝐷𝑟𝑖𝑣𝑒𝑟 − 𝒎𝟒. 𝑿|. 



 

 

 𝑿𝟏 = 𝑿𝐴𝑡𝑡𝑎𝑐𝑘𝑒𝑟 − 𝒂𝟏(𝒅𝐴𝑡𝑡𝑎𝑐𝑘𝑒𝑟),    𝑿𝟐 = 𝑿𝐵𝑎𝑟𝑟𝑖𝑒𝑟 − 𝒂𝟐(𝒅𝐵𝑎𝑟𝑟𝑖𝑒𝑟), 
                      (16) 𝑿𝟑 = 𝑿𝐶ℎ𝑎𝑠𝑒𝑟 − 𝒂𝟑(𝒅𝐶ℎ𝑎𝑠𝑒𝑟),   𝑿𝟒 = 𝑿𝐷𝑟𝑖𝑣𝑒𝑟 − 𝒂𝟒(𝒅𝐷𝑟𝑖𝑣𝑒𝑟). 
 𝑿(𝑡 + 1) = 𝑿1+𝑿2+𝑿2+𝑿3+𝑿𝟒4                    (17)

     

Chaotic behavior in final stage of algorithm helps chimps to overcome two basic meta-heuristic 

problems: entrapping in local optima and low convergence rate for solving complex and high-

dimensional problems. To model two behaviors simultaneously (normal updating or chaotic 

model) mathematical model is expressed by Eq. (18): 

                                           𝑿𝑝𝑟𝑒𝑦(𝑡) − 𝒂. 𝒅              𝑖𝑓   𝜇 < 0.5 𝑿𝐶ℎ𝑖𝑚𝑝 (𝑡 + 1) =                  (18)                                          𝑪𝒉𝒂𝒐𝒕𝒊𝒄_𝑽𝒂𝒍𝒖𝒆            𝑖𝑓   𝜇 > 0.5 
 

In sonar target classification, the sinusoidal map has the best performance in low-dimensional 

problems. 

 

4.3. Hybrid DA-ChoA 
DA and ChoA algorithms are newly developed and have good performance as classification 

rate and convergence. They use complex operators that need more processing power and 

memory rather than some old meta-heuristic algorithms such as PSO and GA. ChoA has strong 

local search ability under the guidance of four main chimps, and its convergence rate is fast. 

The DA owns excellent global search capability because of its procedure of being distracted 

by outward enemies and attracted towards food sources, but its convergence rate is lower and 

has high potential trapping in local optima. The hybrid algorithm combined with two excellent 

algorithms can avoid the disadvantages of each trainer in the process of optimization and 

enhance the exploration and exploitation of the algorithm simultaneously. For better 

performance, some novel constraints are applied to hybrid algorithm to guarantee the feasibility 

of solutions. By using flow chart, the operation mechanism of the proposed hybrid DA-ChoA 

trainer is shown in Fig. 3. 

Three rules are assigned to the hybrid algorithm for avoiding fluctuation in convergence cure. 

Rules are described in Table 3. 

 
Table 3: Rules for hybrid DA_ChoA flow chart.  

Rule # description 

  Rule 1 If best local map score is degraded rather than the last score, 

repeat the score and replace DA’s last best position. 

Rule 2 If best ChoA score is degraded rather than last score, repeat 

score and replace DA with the last best position. 

Rule 3 If beat DA score is degraded rather than last score, repeat 

score and replace ChoA’s last position. 

 

In hybrid DA-ChoA setting of 𝑘𝑚𝑎𝑥 equal 6 and DA has high level priority to run. DA 

algorithm quests entire search space in the optimization process and generate the best global 

solutions for the next time iterations. If DA cannot update the optimal solutions for  0.5 ∗ 𝑘𝑚𝑎𝑥 

times, ChoA algorithm is executed.  

 



 

 

 
Fig.3: Flow chart of proposed hybrid algorithm. 

 

This procedure is beneficial for fine optimization with the aid of its’ great local search ability 
and low-cost computation. For more useful improvement of performance of the algorithm, 

chaotic local search technique is applied to the hybrid algorithm as an extra option. Chaotic 

local search generate candidate accurate solutions as the iteration is progressed. By ChoA, 

hybrid algorithm can settle the high dimensional optimization problems. This configuration of 

algorithms and methods with consideration rules can compensate the drawbacks of each 

algorithm greater and highlight their advantages. 

 

5. Training MLP NNs using the Hybrid Trainer  

Typically, the configuration of the parameters (weights and biases) of MLP NN is represented 

by three methods: (1) vectors, (2) matrix, and (3) binary state.  

There are two important phases in training an MLP NN using the meta-heuristic trainer: first 

the representation of the problem’s parameters by the search agents of meta-heuristic trainers 

and second, choosing the fitness function. In vector mode, each search agent of meta-heuristic 

algorithm (particle) presents only one vector. In matrix presentation, each search agent is 

shown by a matrix and in binary mode, each search agent is presented in the form of a string 

of binary bits. 



 

 

The first method is simple and typically used in NNs. In this paper, the vector method is applied 

to the MLP NN because its structure is not complicated. Fig. 4 shows the vector based 

configuration of MLP NN parameters. 

 

W11 W12 . . . Wit b1 . . .  bh 
Fig.4: Assigning the problem’s parameters to meta -heuristic’s searching agent.  

 

After defining the problem’s parameters, a fitness function for the meta-heuristic trainer must 

be defined. The final goal in training an MLP NN is to obtain the highest testing accuracy as 

Fig. 5. 

 

 

 

 

 

 

 

 
 Fig.5: Hybrid DA-ChoA provides optimal weights and biases for MLP NN and gets MSE 

for all training samples.  

 

Mean Square Error (MSE) is one of the most common metrics for the estimation of fitness in 

MLP NNs. MSE is formulated as Eq. (18). 𝑑𝑖𝑘 shows desired output in dimension of k and 𝑜𝑖𝑘 

is ith calculated output from the MLP NN: 

 𝑀𝑆𝐸 = ∑(𝑜𝑖𝑘 − 𝑑𝑖𝑘)2𝑚
𝑖=1  (19) 

 

5.1. Setting Parameters  
For evaluating the efficiency of hybrid DA-ChoA in training MLP NN, some famous trainers 

such as PSO, GSA, and GWO are benchmarked. The essential parameters and values of these 

trainers are presented in Table 5. Population size and maximum number of iteration in each 

algorithm is equal. In PSO algorithm, the basic version is applied and also GSA. If maximum 

number of iteration was less than 500, the results was not clear for evaluating the convergence 

and some other behavior of algorithms. 

 
Table 5: The primary parameters of the benchmark algorithms.  

Algorithms Parameters Value 

DA 
𝑟 (𝑈𝐵 − 𝐿𝐵)/10 

Maximum number of iterations 500 

Population size 30  

PSO 

Layout Full connection 

Cognitive constant (C1) 2 

Social constant (C2) 2 

Local constant (W) 0.2 

Population size 30 

GSA 

Number of masses 30 𝑎 1 

Gravitational constant 1 

Maximum number of iterations 500 

ChoA 

𝑎 Linearly decreased from 2 to 0 

Maximum number of iterations 500 

Population size 30  

Weights & Biases Hybrid 

DA-ChoA  

Trainer  

Training 

Samples 

MSE 



 

 

6. Simulation Results and Analysis 
Mentioned classifiers in Table 5 are applied on Sejnowski and Iris datasets and performances 

are evaluated in term of the processing time, classification rate, convergence speed and stuck 

avoiding in local optimum. 

 
Fig.7: Comparison of convergence curves and classification rates for Iris dataset.  

 

  
Fig.8: Comparison of convergence curve and classification rate for Sejnowski dataset.  

 

The simulations were performed in MATLAB using a PC with a 1.8 GHz processor and 4GB 

RAM. Each dataset is divided into a training set (70 percent of data) and a test set (30 percent). 

Each classifier is tested 10 times and mean results are shown in Fig.s (7) and (8). Tables 6 and 

7 show the statistical results in Iris and Sejnowski datasets respectively. 

In Fig. 7, the Iris dataset is used for showing the classification accuracy and convergence rate. 

The designed classifier with DA trainer has the best performance than other trainers in term of 

classification rate. After that, ChoA has better accuracy rate. GSA and PSO have not acceptable 

score. In term of convergence speed, PSO and GSA are fast, but they are entrapped in local 

minima and their performance of MSE are not acceptable. The best performance in term of 

MSE is for ChoA but it converges slower and needs more iterations (generation). 

Fig. 8 shows results of designed classifier in Sejnowski dataset benchmark. This dataset is more 

complex than Iris and has 60 dimensions. After GSA, DA has good accuracy in terms of 

classification. The convergence rate of DA and ChoA is very close to GSA.  

The Average (AVE) and Standard Deviation (STD) of MSE in Tables 6 and 7 of the results are 

shown. Note that the best results are highlighted in bold type in Tables 6 and 7. To see whether 

the obtained results differ from other benchmark trainers in a statistically significant way, 

Wilcoxon’s rank-sum test, a non-parametric statistical test, was accomplished at 5% 
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significance level. Although, P-values less than 0.05 are considered as powerful evidence 

against the null hypothesis.  

Another comparative criterion shown in the results are classification rates and time consumed 

for each run. 

 
Table 6: Simulation results of benchmark trainers for Iris dataset.  

Algorithm MSE (AVE ± STD) P-values  Execution Time 

(Second) 

Classification rate % 

DA 0.5345 ± 0.0885 9.94 e-84  135 78 
PSO 0.3965 ± 0.0774 1.26e-83  81 47 
GSA 0.8407 ± 0.0491 6.78e-110  84 59 
ChoA 0.0794 ± 0.0112 0.0079  118 70 

 

In Table 6, the Iris dataset is used for evaluating each trainer. The best AVE and STD is for 

Choa. Hence, DA and ChoA are the slowest algorithms that need near 1.5 times more delay 

(execution time) rather than PSO and GSA. All the trainers have acceptable P-value. 

  
Table 7: Simulation results of benchmark trainers for the Sejnowski dataset.  

Algorithm MSE (AVE ± STD) P-values  Execution Time 

(Second) 

Classification rate % 

DA 0.4043 ± 0.0685 3.58 e-84  382 56 
PSO 0.6212 ± 0.0158 1.56e-110  142 37 
GSA 0.3077 ± 0.0563 1.49e-97  200 67 
ChoA 0.777 ± 0.0249 8.04e-84  375 44 

 

Sejnowski dataset is applied to trainers and indicated in Table 7. After GSA, DA has minimum 

average MSE and its delay is 2 times bigger than PSO and GSA.  

In both datasets, DA and ChoA have large time-consuming mechanisms and by hybrid, DA-

ChoA can decrease execution time problem and improve the classification accuracy. 

In Table 8, both datasets indicated that execution time is decreased and hybrid trainer has the 

minimum execution time in both datasets. In the MATLAB software, we do not use pipeline 

or parallel structure and in high dimensional Sejnowski dataset, reduction in time consumption 

is not clear rather than Iris. 
 

Table 8: Simulation results of benchmark trainers.  

Algorithm Dataset MSE (AVE ± STD) Execution 

Time (Second) 

Classification rate % 

DA Iris 0.5345 ± 0.0885 135 78 
ChoA Iris 0.0794 ± 0.0112 118 70 

Hybrid DA-ChoA Iris 0.359 ± 0.305 116  82 
DA Sejnowski 0.4043 ± 0.0685 382 56 

ChoA Sejnowski 0.777 ± 0.0249 375 44 
Hybrid DA-ChoA Sejnowski 0.6388 ± 0.133 360 50 

 

In the Iris dataset, classification rate of hybrids DA-ChoA has improved 4% rather than DA 

and 12% rather than ChoA. This improvement indicates that hybrid algorithm is powerful in 

exploration and exploitation mechanism and prevents to entrap in local minima. In the 

Sejnowski dataset, hybrid trainer cannot improve classification rate rather than DA but is 6% 

better than ChoA trainer.  

For more clear evaluation, sonar dataset classification results of DA, ChoA, and hybrid trainer 

are shown in Fig. 9 and Fig. 10. In the Iris dataset, convergence curve indicates that the hybrid 

algorithm has the best performance. In lower iterations, ChoA has lower MSE, but at last, has 



 

 

not had enough performance rather than hybrid. These results indicate that hybrid algorithm 

has an extraordinary ability in small size dataset classification because of good exploration in 

the entire search space. Also, hybrid has the higher speed in convergence and better 

performance in escaping from local minimum traps. 

 

 
Fig.9: convergence curve of Iris dataset.  

 

In the Sejnowski dataset, the dimensions of the dataset are 60, and Fig. 10 shows the 

performance of DA is better than other trainers. This is because of nature of hybrid that 

derives from ChoA, but after 300 iterations close to DA. The high slope of the hybrid curve 

shows it has greater exploration rather than two other trainers. 

 

 
 

Fig.10: convergence curve of Sejnowski dataset.  

 

7. Conclusions 
A hybrid DA-ChoA classification algorithm based on MLP NN has been simulated by 

MATLAB simulator software. Proposed hybrid algorithm, improve the exploration ability of 

ChoA for training an MLP NN for the first time.  

To evaluate their performance, two benchmark famous sonar datasets were utilized. Sejnowski 

and Iris are imported to hybrid and original classification systems and the results show that 

hybrid DA-ChoA has merit compared to other conventional meta-heuristic algorithms. This 

hybrid technique has clear advantages in terms of classification rate, local minima avoidance, 

and convergence speed, especially for low dimensional problems. The time consuming of 

process is lesser than original DA and ChoA algorithms. 
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