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Abstract; In order to solve the problem of uneven node distribution and low coverage caused by random de-
ployment of two-dimensional wireless sensor network , a network deployment scheme of fusion meta heuristic al-
gorithm was proposed. Firstly, the node deployment space was used as the constraint and the network coverage
was used as the objective function to mathematically model the two-dimensional network coverage model. Sec-
ondly, an improved coot optimization algorithm (COA) was proposed, which introduced a composite mutation
strategy and a stochastic inverse strategy to improve the original algorithm in view of such shortcomings that the
original algorithm’ s global exploration ability is not strong and it is easy to fall into local optimization in the
later iteration. Finally, simulation tests in the 2D network coverage model show that the WSN deployed by 10-
VA not only has higher network coverage, but also has more uniform nodes, which verifies the effectiveness
and utility of ICAO in solving this problem.
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