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CER T T

Loss Differentiation Algorithm Based on Fuzzy One - class Support Vector Machine

MA Hai — yuan'>, MENG Xiang —ru', LI Zhe’, WEN Xiang —xi' ,ZHU Zi - jian'
(1. School of Information and Navigation, Air Force Engineering University, Xi’an 710077, China; 2. Unit 94303,
Weifang 261051, Shandong, China; 3. Air Force Engineering University, Xi’an 710051, China)

Abstract ; The use of the existing Loss Differentiation Algorithms (LDA) cannot get prior knowledge from actual
networks, so the algorithms can hardly be generalized to various environments. To solve this problem, a new LDA
is proposed by enhancing the Fuzzy One — class Support Vector Machine (FOCSVM). The new LDA converts the
differentiation packet loss between congestion and bit error on wireless links into judging that whether the loss is be-
cause of bit error. The training set consists of only the in — sequence packets received by the receiver, so the classi-
fication model can be got and updated during the session, without the prior knowledge about the two types of loss,
which makes the LDA have fine generalization. Simulation results show that the proposed LDA has good differentia-
tion accuracy and can enhance the utilization of resources in wireless networks.

Key words : congestion control ; loss differentiation; support vector machine ; fuzzy membership



