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Figure 1 Relationship between the number of user

comments and time
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Figure 2 Detection of temporal bursts and drops
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Figure 3 Results of simulated annealing curve algorithm
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Research on Application of Collaborative Public Opinion Fraud Detection Method

in Social Network

WU Xiaoyan', LIU Qiang', ZHU Chengzhang’

(1.College of Computer, National University of Defense Technology, Changsha 410005, China; 2.Institute of War, Academy of
Military Sciences, Beijing 100091, China)

Abstract: In order to ensure cyberspace to provide more reliable information, fraud detection became more
important. Existing methods only considered the static dense sub-graphs formed between user comments when
detecting fraudulent users, while ignored the abnormal behavior of users during the comments, which led to
reduced accuracy. Meanwhile, further manual verification was often required to verify the reliability of the re-
sults in practice. For this problem, this paper proposed the CPOFD method, which used a new measure “com-
parative equivocation” . This measure mainly included topological connection information to detect fraud groups
in a more aggregated manner. Specifically, this metric emphasized the dynamic comparison between fraudsters
and normal users, so that the algorithm could effectively detect the fraudster’s abnormal behavior in terms of

topological connections, timestamps, and scoring information. At the same time, this method combined the
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clustering algorithm based on the density sub-graphs and the decision tree classification algorithm to group us-
ers in the social network effectively, and used the simulated annealing algorithm to optimize the pruning when
classifying the clusters, so as to find the approximate optimum solution more concisely and quickly. The time
complexity of the algorithm was linear to the number of fraudsters, and it had high scalability. In experiments
based on the Yelp dataset, the accuracy of the CPOFD method for fraudulent public opinion detection reached
more than 98% , which verified the effectiveness of the CPOFD method.

Keywords: fraud detection; collaborative fraud detection; unsupervised fraud detection; behavior

recognition; social network security
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Research on Multi-robot Formation Control Based on Speed Compensation Algorithm

ZHANG Fangfang, ZHANG Wenli, WANG Tingting

(School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; In order to solve the problems of complex algorithm of traditional leader-follower method in
formation control of multi-robot system and difficulty in completing circular formation of multi-robot system with
common formation control law, the formation problem of multi-robot system was transformed into tracking con-
trol problem among robots by improving the traditional leader-follower method, and a velocity compensation al-
gorithm based on position information for multi-robot formation was proposed in this study. The formation con-
trol model of robot with velocity compensation algorithm is established, and the formation control law was de-
signed based on the pose error between the following robot and the virtual robot, and it is proved theoretically
that the proposed control law could complete the multi-robot formation task. Then, on the basis of studying the
multi-robot formation problem, the obstacle avoidance problem in the multi-robot formation process is further
studied. The classical artificial potential field method was introduced, and the artificial potential field method
was combined with the speed compensation algorithm of this study. The combined algorithm could enable the
multi-robot system to maintain formation operation, and not only preventing the robots in the system from colli-
ding with each other, but also adaptively avoiding obstacles in the surrounding environment. The results
showed that multi-robots could not only complete the formation task efficiently but also successfully complete
the obstacle avoidance task when encountering obstacles. Finally, the proposed algorithm was verified by ex-
periments on multi-robot simulation and physical platform. The algorithm could reduce the number of calling
parameters, simplified the formation algorithm, and improve the formation efficiency.

Keywords: leader-follower algorithm; speed compensation algorithm; tracking control; formation obstacle a-

voidance control



