
ABSTRACT 

 

 

The social behaviour of certain animals like bird flocks or fish schools inspired the 

researchers to design algorithms to solve complex problems. Particle Swarm Optimization 

(PSO) is a nature-inspired population-based stochastic optimization algorithm.  The PSO is a 

widely used optimisation algorithm for finding optimized solutions in an eclectic gamut of 

problem domains. Basic Particle Swarm Optimization (BPSO) has undergone many 

improvements since its introduction in 1995. In 1998, the performance of BPSO improved 

with the introduction of a new parameter, Inertia Weight (IW) and BPSO, transformed as 

Inertia Weight based PSO (IWPSO). Though there are many IW tuning methods evolved, 

every new method is outperforming the earlier methods. It indicates that the IW contributes 

to swarm convergence because it is in charge of swarm exploration and exploitation. It must 

be tuned in order to obtain an optimal solution without premature convergence. 

 This research aims to assess the relationship between acceleration coefficients, c1, c2 

and IW for varying swarm sizes, dimensions over different frequently used benchmark 

functions and propose new IW-based PSOs using Deep Learning Techniques (DLT).  

Initially, the role of PSO parameters like acceleration coefficient and IW are 

assessed. Two Experiments are conducted to understand the relationship between 

acceleration coefficients, cognitive coefficient (c1) and social coefficient (c2). In the first 

experiment, IWPSO is implement using different swarm sizes 10, 25, 50, 75 and 100 and 

dimensions as 1, 2, 3 and 4 when c1 equal to c2 (c1 = c2) and c1 not equal to c2 (c1 ≠ c2). 

The performance of IWPSO is evaluated with frequently used benchmark functions. The 

results in terms of convergence time are impressive when c1 is not equal to c2. In the second 

experiment, IWPSO is implemented using different swarm sizes 25, 50, 75, 100 and 500 

with 10 as the dimension and IW from 0.1 to 1.0 when c1 less than c2 (c1 < c2), c1 equal to 

c2 (c1 = c2) and c1 greater than c2 (c1 > c2). The modified Rastrigin benchmark function is 

used to assess the performance. The results show that faster convergence is observed when 

c1 is greater than c2 (c1 > c2).  

Secondly, in this work, a new IW tuning PSO is proposed using Convolutional 

Neural Network (CNN), called Convolutional Neural Network based Inertia Weight Particle 

Swarm Optimization (CNNIWPSO). A univariate CNN model is built and trained for 

predicting new IW using previous inertia weights. The performance of CNNIWPSO is 

compared with Constant Inertia Weight PSO (CIWPSO), Random Inertia Weight PSO 
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(RWIPSO) and Linearly Decreasing Inertia Weight PSO (LDIWPSO) in terms of Mean 

Absolute Error (MAE), Variance, Standard Deviation (SD), Mean Squared Error (MSE) and 

Root Mean Squared Error (RMSE) using most commonly used benchmark functions. Tests 

are conducted with swarm sizes 50, 75 and 100 and with dimensions 10, 15 and 25 for each 

swarm size. The experimental results show that CNNIWPSO found to be superior to the 

CIWPSO, RIWPSO and LDIWPSO. 

In this work, finally, another new IW tuning PSO is proposed using Long Short Term 

Memory (LSTM), called Long Short Term Memory based Inertia Weight Particle Swarm 

Optimization (LSTMIWPSO). For predicting new inertia weight based on previous inertia 

weights, a univariate LSTM model is developed. The output of LSTMIWPSO is compared to 

that of CIWPSO, RWIPSO and LDIWPSO in terms of MAE, Variance, SD, MSE and 

RMSE using the most widely used benchmark functions. Tests are conducted with swarm 

sizes 50, 75 and 100 and with dimensions 10, 15 and 25 for each swarm size. The 

experimental results show that LSTMIWPSO outperforms CIWPSO, RIWPSO and 

LDIWPSO. 

 

 


