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Wall-following Navigation of Mobile Robot Based on Fuzzy-based Information Decomposition and
Control Rules
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Abstract Due to the high real-time requirements of robot navigation task and the nonlinearity of the robot itself,it is difficult to
model accurately,and the rule-based control has good interpretability and real-time response generally. Therefore,a method of ro-
bot wall-following navigation based on fuzzy-based information decomposition (FID) and control rules is proposed. In UCI robot
navigation data set,the original classimbalanced data set is over-sampled by FID,and then SVM is trained.and control rules are
extracted from SVM. In the process of extracting rules,only support vectors are used to reduce the number of rules and improve
the real-time performance. These support vectors are used to train the random forest.which is applied to extract control rules.
The experimental results show that,on the same data set, the average F1 score of the proposed method is 0. 994, and the recall
rate of the minority class increases by 8. 09% on average,compared with the six classic models such as decision tree. Compared
with other rule extraction models,the rule extraction method from SVM can reduce 171. 33 rules on average,and the average de-

cision time per sample on the test sample is only 3. 145 ps.

Keywords Control rules,Class imbalance, Fuzzy-based information decomposition,Support vector machine
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Fig. 1 Framework of wall-following navigation approach
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Table 1 Distribution of actions in dataset
B HANE it i ke A/ %%
MF 2205 40.01
SRT1 826 15.03
SRT2 2097 38.43
SLT 328 6.01

BEAREARM SRR X, ,i=1,,5456,5=1,+,
no H n=2,4,24, LB ANIEHRa:. D={(X;,a)|i=1,
2,++,5456}, sensor_readings_24 {843 E 4 BE A< 16 &L 41 0
%= 2 g,

R 2 WO REA KA BAR

Table 2 Part specification of sample data

No. X, X, X3~Xo3 Xy Action
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Table 3 Comparison of different methods for same data set

Method Metric S2 S4 S24 Average
Our F1 0.997 0.998 0.987 0.994
approach Recall 0.990 1. 000 0.995 0.995
cs F1 1. 000 1. 000 0.986 0.995
4.5
Recall 1. 000 1. 000 0.955 0.985
F1 0.978 0.958 0.842 0.926
KNN
Recall 0.982 0.927 0.845 0.918
N F1 0.911 0. 883 0.547 0.780
Recall 0. 864 0. 864 0.927 0. 885
F1 0.966 0.971 0.910 0.949
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RE F1 0.999 1. 000 0. 980 0.993
Recall 0.991 1. 000 0.909 0.967
F1 0.912 0.904 0. 887 0.901
SVM
Recall 0. 800 0. 800 0. 864 0.821
F1 0.966 0.959 0.877 0.934
Average
Recall 0.938 0.931 0.908 0.926
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