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Abstract 
Particle swarm optimisation (PSO) is a swarm 

intelligence based optimisation algorithm where 

particles explore a problem space moving towards the 

best locations from past experiences. This paper presents 

a PSO variant with Avoidance of Worst Locations. The 

particles in PSO AWL remember the worst previous 

positions as well as the best. This memory of bad 

locations influences the motion of the particles which 

results in particles avoiding known bad areas of the 

problem space. PSO AWL performs best when the worst 

locations have a small influence on the particles. When 

compared to the standard PSO and other 

implementations of worst locations, PSO AWL performs 

best. 

 

1. Introduction 
Particle swarm optimisation (PSO) is an optimisation 

algorithm which falls under the heading of swarm 

intelligence. PSO has been applied to a wide range of 

optimisation problems. These include neural networks, 

design problems, scheduling problems, robotics, 

imaging and signal processing [1]. The PSO algorithm 

was first thought of by Kennedy et al. in 1995 [2] when 

modelling the flight of a flock of birds. The algorithm 

starts by inserting particles randomly into a problem 

space. At a given time t, each particle has a position xt 

and a velocity vt. The position of the particles 

corresponds to a potential solution. As the particles move 

around, they evaluate positions by calculating their 

fitness. The particles remember the positions with the 

best fitness scores and use these positions when 

calculating the particles' velocity. This enables the 

particles to ultimately converge on the best solution [2]. 

Particles have a social and cognitive manner of behaving 

in that they are influenced by their own best position and 

by that of their neighbourhood. Balancing these 

influences is critical to the performance of the PSO. 

Much of the research into PSO focuses on applying PSO 

to real world problems, as previously mentioned, or 

improving PSO performance by examining areas such as 

particle memory [3] or PSO topologies [4]. The 

equations of motion for the particles are: 

 

𝑣𝑡+1 = 𝜒(𝑣𝑡 + 𝑟1𝑐1(𝑝𝑏𝑡 − 𝑥𝑡) + 𝑟2𝑐2(𝑔𝑏𝑡 − 𝑥𝑡)) 

𝑥𝑡+1 = 𝑥𝑡 + 𝑣𝑡  

 

Where r1 and r2 are random numbers between 0 and 1. 

The term pb is a particles best location while gb is the 

best location within a particle's neighbourhood. 

𝜒 = 0.72984 with acceleration coefficients c1, c2 = 2.05. 

The PSO with these parameters is considered to be the 

standard PSO and is generally used to compare any 

improvements to. 

The research described in this paper aims to address the 

following questions: Can the PSO be improved by 

incorporating the memory of bad previous locations? 

What adjustments need to be made to the parameters of 

the PSO to accommodate this? How does the proposed 

PSO compare to previous similar implementations? 

 

2. PSO with Avoidance of Worst Locations 
The following velocity update equation is proposed to 

implement worst locations: 

 

𝑣𝑡+1 = 𝜒(𝑣𝑡 + 𝑡1  + 𝑡2  + 𝑡3  + 𝑡4) 

 

𝑡1 = 𝑟1𝑐1(𝑝𝑏𝑡 − 𝑥𝑡) 

𝑡2 = 𝑟2𝑐2(𝑔𝑏 − 𝑥𝑡) 

𝑡3 = 𝑟3𝑐3

𝑡1

1 + |𝑥𝑡 − 𝑝𝑤𝑡|
 

𝑡4 = 𝑟4𝑐4

𝑡2

1 + |𝑥𝑡 − 𝑔𝑤𝑡|
 

 

This velocity update equation gives the particles extra 

velocity as they approach the worst position and 

conversely gives them less velocity as they move away.  

 

3. Results 
 

The PSO AWL gives improved performance when 

compared to the standard PSO and other previous 

implementations of worst locations [5]. A small 

influence from t3 and t4 on the particles velocity gives the 

best performance. 
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