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Abstract: When there are many fuzzy rules during Fuzzy-neural Networks (FNN) operation, the networks usually have
slow learning speed and long running time. To solve this problem, a rough set theory was introduced to improve FNN
model. Rough set data analysis method was used to obtain the reductive rules which were used as the fuzzy rules of the
FNN. The input to the model was mapped into the output subspace by using these rules and the output of the system was
approximated by improved BP algorithm training in this subspace. The results show that rules acquired by rough set data
mining technology not only can get minimum rules but also are incomplete rules. Dimension of input and nerve cell
numbers of network are decreased and learning speed is improved, which can meet time limitation of system.
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Table | Original data Table 2 Reduced decision table
. Target  Course . Decision Sequence
Target Attribute Fl;i;%zt speed angle Target height D1?]t(amnce attribute number A 42 4 A4 4s D
/(m/s) /(®) value 1 2 * 3 * 3 2
1 Large 400 5 Middle altitude 100 0.486 2 * 3 3 2 3 3
2 Large 720 5 Middle altitude 150 0.525 3 3 % 3 % 2 2
3 Small 8000 8 High altitude 200 0.647 4 ) % « « 3 1
4 Large 4000 22 High altitude 120 0.362

5 Large 320 3 Ultralow altitude 100 0472 5 * 03 x4 33
6 Gunship 100 18 Ultralow altitude 120 0.265 6 3 * * 3 * 1
7 Large 500 12 Low altitude 250 0.442 7 3 1 3 2 * 2
8 Gunship 80 24 Low altitude 300 0.289 8 1 1 % % * 1
9 Small 600 20 Low altitude 200 0.625 9 3 % 3 % 3 3
1‘0 I?arge 4{80 %8 1\‘/[1ddle altitude 2?0 0.2.56 10 % 3 3 4 % 3
: . : : : . . 11 3 * * 4 3 1
39 Gunship 100 32 Middle altitude 400 0.186 12 3 * 2 3 3 2
40 Small 800 3 High altitude 120 0.765 13 2 1 2 2 2 2
14 2 3 3 4 1 3
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Fig.2 RFNN topology structure
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