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ABSTRACT

Fireworks algorithms for solving problems with the optima shifts in decision space and/or objective 
space are analyzed. The standard benchmark problems have several weaknesses in the research of swarm 
intelligence algorithms for solving single objective problems. The optimum shift in decision space and/
or objective space will increase the difficulty of problem solving. Modular arithmetic mapping is utilized 
in the original fireworks algorithm to handle solutions out of search range. The solutions are implicitly 
guided to the center of search range for problems with symmetrical search range via this strategy. The 
optimization performance of fireworks algorithm on shift functions may be affected by this strategy. Four 
kinds of mapping strategies are compared on problems with different dimensions and different optimum 
shift range. From experimental results, the fireworks algorithms with mapping to the boundary or map-
ping to limited stochastic region obtain good performance on problems with the optimum shift. This is 
probably because the search tendency is kept in these two strategies.
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1. INTRODUCTION

An optimization problem in Rn , or simply an optimization problem, is a mapping f n k: R R→ , where 
Rn  is termed as decision space (Adra, Dodd, & Griffin, et al., 2009) (or parameter space (Jin & Send-
hoff, 2009), problem space), and Rk  is termed as objective space (Sundaram, 1996). Swarm intelligence 
is based on a population of individuals (Kennedy, Eberhart, & Shi, 2001). In swarm intelligence, an 
algorithm maintains and successively improves a collection of potential solutions until some stopping 
condition is met. The solutions are initialized randomly in the search space. The search information is 
propagated through the interaction among solutions. With solutions’ converging and/or diverging be-
haviors, solutions are guided toward the better and better areas.

In swarm intelligence algorithms, there is a population of solutions which exist at the same time. The 
premature convergence may happen due to solutions getting clustered together too fast. The population 
diversity is a measure of exploration and exploitation status. Based on the population diversity chang-
ing measurement, the state of exploration and exploitation can be obtained. The population diversity 
definition is the first step to give an accurate observation of the search state. Many studies of population 
diversity in evolutionary computation algorithms and swarm intelligence have been developed (Burke, 
Gustafson, & Kendall, 2002; Cheng, & Shi, 2011; Cheng, Shi, & Qin, 2011; Cheng, 2013; Cheng, Shi, 
& Qin, 2013; Mauldin, 1984; Shi, & Eberhart, 2008; Shi, & Eberhart, 2009).

The concept of developmental swarm intelligence algorithms was proposed in Shi (2014). The 
developmental swarm intelligence algorithm should have two kinds of ability: capability learning and 
capacity developing. The Capacity Developing focuses on moving the algorithm’s search to the area(s) 
where higher searching potential may be possessed, while the capability learning focuses on its actual 
searching from the current solution for single point based optimization algorithms and from the current 
population for population-based swarm intelligence algorithms.

The capacity developing is a top-level learning or macro-level learning. The capacity developing 
could be the learning ability of an algorithm to adaptively change its parameters, structures, and/or its 
learning potential according to the search states on the problem to be solved. In other words, the capacity 
developing is the search strength possessed by an algorithm. The capability learning is a bottom-level 
learning or micro-level learning. The capability learning is the ability for an algorithm to find better 
solution(s) from current solution(s) with the learning capacity it is possessing (Shi, 2014).

The Fireworks algorithm (FWA) (Tan, & Zhu, 2010; Tan, Yu, & Zheng, et al., 2013) and brain storm 
optimization (BSO) (Cheng, Shi, & Qin, et al., 2014; Shi, 2011a; Shi, 2011b; Cheng, Qin, & Chen, et 
al., 2016;) algorithm are two good examples of developmental swarm intelligence (DSI) algorithms. The 
“good enough” optimum could be obtained through solutions’ diverging and converging in the search 
space. In FWA algorithm, mimicking the fireworks exploration, the new solutions are generated by the 
exploration of existed solutions. While in BSO algorithm, the solutions are clustered into several cat-
egories, and new solutions are generated by the mutation of clusters or existed solutions. The capacity 
developing, i.e., the adaptation in search, is another common feature in these two algorithms.

Swarm intelligence is based on a population of individuals. In swarm intelligence, an algorithm 
maintains and successively improves a collection of potential solutions until some stopping condition is 
met. The solutions are initialized randomly in the search space, and are guided toward the better and 
better areas through the interaction among solutions. Mathematically, the updating process of population 



 

 

33 more pages are available in the full version of this document, which may

be purchased using the "Add to Cart" button on the publisher's webpage:

www.igi-global.com/chapter/an-analysis-on-fireworks-algorithm-solving-

problems-with-shifts-in-the-decision-space-and-objective-space/198924

Related Content

Multi-Objective Evolutionary Algorithm NSGA-II for Protein Structure Prediction using Structural

and Energetic Properties
R. A. Faccioli, L. O. Bortotand A. C. B. Delbem (2014). International Journal of Natural Computing

Research (pp. 43-53).

www.irma-international.org/article/multi-objective-evolutionary-algorithm-nsga-ii-for-protein-structure-prediction-using-

structural-and-energetic-properties/104693

FPGA Coprocessor for Simulation of Neural Networks Using Compressed Matrix Storage
Jörg Bornschein (2011). System and Circuit Design for Biologically-Inspired Intelligent Learning (pp. 255-

275).

www.irma-international.org/chapter/fpga-coprocessor-simulation-neural-networks/48898

A Genetic Algorithms Approach for Inverse Shortest Path Length Problems
António Leitão, Adriano Vinhas, Penousal Machadoand Francisco Câmara Pereira (2014). International

Journal of Natural Computing Research (pp. 36-54).

www.irma-international.org/article/a-genetic-algorithms-approach-for-inverse-shortest-path-length-problems/119692

Data Gathering to Build and Validate Small-Scale Social Models for Simulation
J. Rouchier (2007). Handbook of Research on Nature-Inspired Computing for Economics and Management

(pp. 198-210).

www.irma-international.org/chapter/data-gathering-build-validate-small/21130

Immune Based Bio-Network Architecture and its Simulation Platform for Future Internet
Yong-Sheng Ding, Xiang-Feng Zhangand Li-Hong Ren (2009). Handbook of Research on Artificial Immune

Systems and Natural Computing: Applying Complex Adaptive Technologies  (pp. 204-218).

www.irma-international.org/chapter/immune-based-bio-network-architecture/19646

http://www.igi-global.com/chapter/an-analysis-on-fireworks-algorithm-solving-problems-with-shifts-in-the-decision-space-and-objective-space/198924
http://www.igi-global.com/chapter/an-analysis-on-fireworks-algorithm-solving-problems-with-shifts-in-the-decision-space-and-objective-space/198924
http://www.irma-international.org/article/multi-objective-evolutionary-algorithm-nsga-ii-for-protein-structure-prediction-using-structural-and-energetic-properties/104693
http://www.irma-international.org/article/multi-objective-evolutionary-algorithm-nsga-ii-for-protein-structure-prediction-using-structural-and-energetic-properties/104693
http://www.irma-international.org/chapter/fpga-coprocessor-simulation-neural-networks/48898
http://www.irma-international.org/article/a-genetic-algorithms-approach-for-inverse-shortest-path-length-problems/119692
http://www.irma-international.org/chapter/data-gathering-build-validate-small/21130
http://www.irma-international.org/chapter/immune-based-bio-network-architecture/19646

