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Target threat assessment using improved Krill Herd optimization and
extreme learning machine

FU Weiyang', LIU Yi’an', XUE Song’

(1. School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China; 2. Electronic Department, The Seventh Re-
search Institute of China Shipbuilding Industry Corporation, Beijing 100192, China)

Abstract: To improve the accuracy of target threat estimation, the opposition-based learning Krill Herd optimization
(OKH) and extreme learning machine (OKH-ELM) model is established, and the algorithm based on the model is
presented. The OKH-ELM adopts opposition-based learning (OBL) to optimize KH, and then the improved KH and ex-
treme learning machine are employed to simultaneously optimize the initial input weights and offsets of the hidden lay-
er in ELM. A target threat database is adopted to test the performance of OKH-ELM in target threat prediction. The ex-
perimental result shows that OKH Algorithm can better optimize the weights and thresholds of the hidden layer in ELM
and improve the prediction precision and generalization ability of the target threat assessment model; therefore, it can
accurately and effectively estimate target threat.

Keywords: target threat assessment; Krill Herd algorithm; extreme learning machine; opposition-based learning; neural
networks; weights; thresholds; threat estimation model
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Fig. 1 Model of target threat assessment using OKH-ELM
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