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A Rule Extraction Method Using Relevance Factor
for FMM Neural Networks

Seung Kang Lee' - Jae Hyuk Lee™ - Ho Joon Kim™

ABSTRACT

In this paper, we propose a rule extraction method using a modified Fuzzy Min-Max (FMM) neural network. The suggested method
supplements the hyperbox definition with a frequency factor of feature values in the learning data set. We have defined a relevance factor
between features and pattern classes. The proposed model can solve the ambiguity problem without using the overlapping test process and
the contraction process. The hyperbox membership function based on the fuzzy partitions is defined for each dimension of a pattern class.
The weight values are trained by the feature range and the frequency of feature values. The excitatory features and the inhibitory
features can be classified by the proposed method and they can be used for the rule generation process. From the experiments of sign
language recognition, the proposed method is evaluated empirically.
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Fig. 1. The structure of the sign language recognition system
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Fig. 2. The extended CNN model for feature extraction
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Fig. 3. An example of feature map
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Fig. 4. The fuzzy partition defined for each dimension of a
pattern class
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Fig. 5. Comparison of the two different decision makings inside
the hyperbox region
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Fig. 6. An example of the user interface of sign language
recognition system
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Table 1. Examples of feature sets of sign language patterns

Pattern Pl Fai | P3 P4 P5 P6

Meaning greeting meet depart glad regret l};’?uk
al 0 0 0 0251 | 0203 | 0.268
a2 0 0.001 0003 | 0016 | 0134 | 0.279
ald 0 0 0.004 0.029 0 0

azs 0.014 0 0.246 | 0.141 0 0
az6 0036 | 0001 [ 0290 | 035 | 0262 | 0.34
aZi 0.154 0001 | 0149 | 0333 | 0.156 0
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Table 2. Relevance factors between features and pattern

classes
Feature Meaning Pattern | Relevance Factor
al Left-upper-early P1 0.250
a5 Center-middle-early P3 -0.493
al2 Right-upper-middle P5 0.000
alb Right-middle-middle P6 0.454
al6 Left-lower-middle P6 -0.137
a22 Left-middle-latter P4 0.008
a24 Right-middle-latter P2 -1.022

Table 3. Knowledge extraction results on the sign language

recognition
Feature Pattern Type RF value
al P1 excitatory 0.250
ab P3 inhibitory -0.493
alb P6 excitatory 0.454
alb P6 inhibitory -0.137
a22 P4 excitatory 0.008
a24 P2 inhibitory -1.022

A4 EH9 & &t 2ok

if(a,) then “greeting with (cf =0.250)
if(a;) then ‘thank you' with (cf =0.454)
if(a;) then ‘not depart with (cf=0.493)
if(ay,) then ‘not meet with (cf =1.022)
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