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Abstract

Artificial Fish Swarm (AFS) is a stochastic search optimization algorithm with a fast convergence
speed, and it is widely used in different areas due to its tolerance for descriptions and mechanism
model of questions. In this paper, we propose a new clustering algorithm called Artificial Fish
Swarm Mixed Clustering (AFSMC) by performing a combination of AFS and similarity based
K-means. And we further propose a relative entropy based optimization method for AFSMC. Final-
ly, we evaluate our proposal by conducting classification on the real data of large scale water
pump, which is a new thought for analyzing the potential correlations among the different pumps.
The experimental results show that our proposal outperforms the existing clustering approaches.
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Table 2. Parameters of artificial fish-AF
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Figure 1. Flowchart of AFSMC algorithm
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Table 4. The model of K-means clustering
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Table 5. AFSMC model: AF-distance based on Euclid
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Figure 2. Comparison of convergence curves of two AFSMC algorithms
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