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the new swarm intelligence optimization algorithm
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Overview of New Swarm Intelligent Optimization Algorithms
GAO Yuelin"?, YANG Qinwen"?, WANG Xiaofeng', LI Jiahang®®, SONG Yanjie®

(1. School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China; 2. Ningxia Key Laboratory
of Intelligent Information and Data Processing,North Minzu University, Yinchuan 750021, China; 3. School of Mathematics and
Information Science, North Minzu University, Yinchuan 750021, China; 4. College of Systems Engineering, National University
of Defense Technology, Changsha, 410073, China)

Abstract; Intelligent optimization algorithms could be divided into four categories: nature-like optimization
algorithm, evolutionary algorithm, plant growth simulation algorithm, and swarm intelligence optimization
algorithm. The swarm intelligence optimization algorithm was the most important type of algorithm. It played
an important role in solving complex engineering problems, and together with image processing, fault detec-
tion, path planning, particle filtering, feature selection, production scheduling, intrusion detection, support
vector machines, wireless sensors, neural network models, and got more extensive applications in other fields.
In recent years, intelligent optimization algorithms such as bat algorithm, fruit fly optimization algorithm,
whale optimization algorithm, salp swarm algorithm, and harris hawks optimization algorithm were widely
used. Based on these five new swarm intelligence optimization algorithm, the model, characteristics, improve-
ment strategies and application fields of the algorithm were reviewed. It analyzed the development opportunities
and future trends it faced from theoretical investigations, improvement strategy and application studies, and
provided a guidance on algorithm application. Findings showed that swarm intelligence optimization algorithm
could perform well on many classic problems, but still should be expanded in the fields of multi-objective
optimization, multi-constraint optimization, dynamic optimization, and mixed variable optimization. Effective
parameter control of different groups of intelligent optimization algorithm in the face of various specific prob-
lems was still the focus of future studies. Co-evolution from populations, exploring more efficient hybrid meth-
ods and search strategies could be feasible solutions.

Keywords: swarm intelligence optimization algorithm; bat algorithm; fruit fly optimization algorithm; whale

optimization algorithm ; salp swarm algorithm; harris hawks optimization algorithm
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A Spatial Index Based on Clipping Bounding Box of Space Partitioning Tree
XIONG Wei, LI Ruiging, CHEN Luo, CAO Jingzhi, ZI Wenjie
(School of Electronic Science, National University of Defense Technology, Changsha 410073, China)

Abstract; In spatial databases, spatio-temporal indexes based on R tree use minimum bounding box (MBB)
to approximate spatio-temporal data to improve query efficiency, and the efficiency of indexing can be further
improved by by clipping the bounding box. To address this problem, an improved spatio-temporal indexing
method based on CBB was proposed, which firstly extended the method from two dimensions to the spatio-tem-
poral dimension and obtained the possible clipping points by calculation, and recorded these points in the
index for optimizing the clipping space of the bounding box of the index nodes, which could reduce the
unnecessary child-node search in the query process. Then, the intersection of query box and the MBB of index
node was analyzed, and the range query processing algorithm was further optimized, thus avoiding redundant
comparison of clipping points in the query process. The experimental results showed that the indexing method
could clip the space of the MBB of index nodes three times more than the original method, and could reduce
the node computation by 40% , and could reduce the query time by 20%, which further could improve the
query performance of spatial division tree-based spatio-temporal index.

Keywords: geographic information; spatial query; spatial index; R tree; clipping bounding box



