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Deep Neural Fuzzy System Algorithm and Its Regression Application
ZHAO Wen-Di"** CHEN De-Wang"?> ZHUO Yong-Qiang® HUANG Yun-Hu"’

Abstract Deep neural network is a hot spot of artificial intelligence, which can deal with high-dimensional big data well, but
has the disadvantage of poor interpretability. The fuzzy system constructed by if-then rules has the advantage of strong inter-
pretability, but it will encounter the problem of “the curse of dimension” when dealing with high dimension big data. This pa-
per presents a DNFS (Deep neural fuzzy system) based on ANFIS (Adaptive network based fuzzy inference system) and two
heuristic algorithms based on block and layer: DNFS1 and DNFS2. Through the testing of four regression-oriented data sets,
we found: 1) DNFS with block and layer learning is superior to BP, RBF, GRNN and other traditional shallow neural network
algorithms in accuracy and interpretability, as well as LSTM, DBN and other deep neural network algorithms; 2) In low dimen-
sional problems, DNFS1 has certain advantages; 3) In the face of high dimensional problems, DNFS2 is more prominent. The
results of this paper show that DNFS is a new deep learning method, which not only has good interpretability, but also can ef-
fectively solve the problem that the number of fuzzy rules explodes when dealing with high-dimensional data, and has a good
development prospect.
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structure, interpretability
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Table 1 Experimental data set
TiH 5 Hiatk MG Mg AN DNFS1&/z2 %5 DNFS2/ /2%
1 Smartwatch _sens (SMW) 12 1 12000 15 30
2 Online News Popularity (ONP) 59 1 20000 25 145
3 Superconductivty (SUP) 81 1 10000 30 200
4 BlogFeedback (BF) 271 1 15000 40 675
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Fig.4 The deep structure of SMW data set
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Fig.5 Prediction effect of SMW test set
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Table 2 Evaluation index of SMW test set
BP RBF GRNN LSTM DBN ANFIS DNFS1 DNFS2
STD 0.038869 0.038510 0.038441 0.039385 0.038596 0.039398 0.037643 0.040971
RMSE 0.038865 0.038506 0.038437 0.040219 0.038592 0.039397 0.037640 0.040970
MAE 0.017789 0.018355 0.017081 0.020928 0.017088 0.017965 0.016639 0.016834
SMAPE 3.5849 % 3.7368 % 3.4864 % 4.2653 % 3.4872 % 3.6510 % 3.3553 % 3.5535%
Score 16 16 27 7 21 11 32 14
DNFS1 4% (Structure of DNFS1) DNFS2 4514 (Structure of DNFS2)
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5t 25t ﬂgﬂﬂ
4 21
®/3T =17
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Fig.6 The deep structure of ONP data set
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Fig.7 Prediction effect of ONP test set
#* 3 ONP AL Fa b
Table 3 Evaluation index of ONP test set
BP RBF GRNN LSTM DBN ANFIS DNFS1 DNFS2
STD 0.040148 0.017565 0.016941 0.016321 0.016217 0.234585 0.025012 0.016195
RMSE 0.040173 0.017567 0.016941 0.018827 0.016216 0.263966 0.025011 0.016195
MAE 0.005824 0.005347 0.004060 0.011639 0.004153 0.123609 0.004400 0.003975
SMAPE 83.1325 % 110.4412 % 77.8989 % 136.6059 % 88.0204 % 106.8444 % 78.3964 % 79.4094 %
Score 12 15 26 13 24 6 18 30
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3.3
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Fig.8 The deep structure of SUP data set
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Fig.9 Prediction effect of SUP test set
# 4  SUP MHREEVF Fiabr
Table 4 Evaluation index of SUP test set
BP RBF GRNN LSTM DBN ANFIS DNFS1 DNFS2
STD 0.12385 0.13038 0.17493 0.15997 0.21074 0.16866 0.13415 0.12293
RMSE 0.12384 0.13038 0.17527 0.16004 0.21076 0.16972 0.13418 0.12293
MAE 0.08786 0.10038 0.14956 0.12958 0.18245 0.12657 0.10165 0.08735
SMAPE 30.1760 % 32.4668 % 43.0296 % 38.5752 % 51.2832 % 37.7120 % 31.2728 % 28.7900 %
Score 28 23 8 14 4 14 21 32

BT, ARSI _E REE L JL 1 BP B,
7 EL AR R A e b BRI R A

BF ##EER A

fH T BF £ 52 %0 N\ 45 5 4555, AH . DNFS ¥
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BF AR E 8 5 o % 500 TR bR M 45 B 19 o0 1 O
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B, Hod DL ANFIS SO & 35 5@ A0k
FR AT A HE e 2 () L R R A A AT R ASOR U %L
AR I B AT AR R R B K 1 ) L R Ak
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(1) 77 3T A ASE TR {E il 22 A SR A5 2R v i B KR
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FeE VR [R]BF, 3 B A FE AR 22 0 mT A R 1tk ook 1 4

3.4
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MBS R R B ASENME.

4 HFRERE

T 5286 T LUE Y, DNFS Ab P v 4 ) f 2 A
—E AT, 5& M LML, DNFS RF LR
P

1)DNFS UL ANFIS 15y 2R, MBS Hh 27 >4
IR, 8 TF-THEN BN 52 fledan A\ -5 % 1] ) e
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H 1 A £ %, DNFS 1] DU TF-THEN A0 355,
IRUTA A 0 15 P A D00 e i R AT B I
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e 4R B 1) B R TR IE B, AR LT AR SR R
Gt B0 BB AT A B, B A KON R
i, BRI TR, &6 H T A K5, &
—Fh LA VB T T TR FE 2 S B

H il DNFS B 7 AL T W10 B, RAHILEH
52506 it — 2k, 7545 5 1 TR, TATHM
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. T T I
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Fig.10 Prediction effect of BF test set
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Table 5 Evaluation index of BF test set
BP RBF GRNN LSTM DBN ANFIS DNFS1 DNFS2
STD 0.10900 0.04217 0.04322 0.03355 0.04457 0.09683 0.04465 0.03155
RMSE 0.10973 0.04259 0.04324 0.03398 0.04457 0.33922 0.04466 0.03156
MAE 0.02304 0.01112 0.01120 0.01409 0.01607 0.32630 0.01028 0.00859
SMAPE 54.675 % 76.842 % 81.804 % 96.684 % 102.462 % 142.341 % 64.263 % 54.162 %
Score 12 23 19 21 13 5 19 32
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