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Path Planning of Robot Based on Cognitive Structure SOAR

MU Yang

(Naval Avation University, Huludao Liaoning 125000, China)
Abstract: In a situation that environment was unknown and target position was already known, a search method based on
cognitive structure SOAR was proposed. The theory and problem solving mechanism of SOAR were discussed with the box
moving problem, behavior model of human and decision process of SOAR were analyzed, and behavior modeling method
was designed based on SOAR—-Agent. By applying the proposed method, robot could simulate the searching pattern of hu-
man in a unknown and dynamic environment, the effects of completeness of long term memory on the task of navigating a
robot to the destination were analyzed through simulating experiment, and the effectiveness of this method was also verified.

Key words: cognitive structure; SOAR; robot; unknown environment
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A New Method of Channel Partition on Parallel Detection
ZHANG Haibo', TIAN Wenbiao', ZANG Zhihe’, LIU Youming’, LI Tingjun'

(1. Naval Aviation University, Yantai Shandong 264001, China;
2.Yantai Huale Real Estate Co., Ltd., Yantai Shandong 264001, China;

3. The 92863™ Unit of PLA, Qingdao Shandong 266001, China)
Abstract: In MIMO system with N, transmitting antennas and N, receiving antennas, the parallel detection algorithms
can achieve optimal detection performance. However, the channel partition method used in the prior art is to calculate the
N, times of the pseudo—inverse of the channel matrix to complete the channel partition. With the increasing number of an-
tennas, the complexity of the pseudo—inverse of the channel matrix will increase rapidly, which further aggravates the com-
putational complexity of parallel detection algorithms. For this problem, in this paper it’s proved that in parallel detection
algorithms, only one calculation of the pseudo—inverse of the channel matrix was needed. To complete channel partition.
Simulation results show that the performance of the lattice reduction parallel detection algorithm applying the new channel
partition method is unchanged.

Key words: MIMO system; parallel detection; channel partition; lattice reduction



