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An Adaptive Network-based Fuzzy Inference System with Mixed Data Inputs
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Abstract
modeling with both numerical and categorical data input often has to build multiple sub-models on the basic of combination

The available data modeling methods mostly depend on quantitative numerical information. But the data

of categorical variables. It is likely to present unevenly data distribution of sub-models, time-consuming training process
and other problems when the multiple categorical variables are input. For the above problems, an adaptive network-based
fuzzy inference system with mixed data inputs is proposed. Based on the structure of the adaptive network-based fuzzy
inference system, a firing-strength transform matrix and a consequent influence matrix are introduced. The subtractive
clustering based on the Gaussian distance is adapted to identify structure of model, and a hybrid learning algorithm
is used to train parameters of model. The numerical and categorical data play an important role on the antecedent
and consequent parameters of fuzzy rules, and jointly affect the output of model. The simulation experiment analyzes
the effect on categorical data to the consequent rules and structure identification to number of fuzzy rules. Comparing
with others data modeling with mixed data inputs, the proposed model in this paper has higher prediction accuracy and

computational efficiency.
Key words Adaptive network-based fuzzy inference system, structure identification, firing-strength transform matrix,
consequent influence matrix, mixed attribute data
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SHA BTG 1 frs (21,,80) = Py (21,5 54), FIH
ZHEEARXA:
‘fTS (xN’ xC) _ P¢ (xN xC)‘ —
G G
Z frs (II?N, Sg) - Z P, (xNv Sg) <
g=1 g=1

G
D | frs (2Nsg) = Po (a%,5,)| =
"o

Z ‘fTS (QJN, sg)

P¢ (l‘lg, Sg)
G

> [Ifrs (@%50)

g=1
‘Pd>(xlvsg P¢(37 Sg)HS

{5 KHaf”ai &

8P¢ () s,)
Ox;

]}
>z KH@J‘%; =,
8P¢ (™) s,) ) Q;’n'lx:| } <

ox;
8fTS .%' Sg
1= 1 81‘1

§ (.
)£

g=1

e AR AL KA
HafTS (xN7 sg)/axiHoo 1% 2k H 4 B ] il I
10frs (2%, 9) /0] . AR, 54 e 2, T
Iy /NI, FFEAE— RN IE R v 45 5T MDI-
ANFIS pzg 2t i) T-S BOWI R 48 TP E i T — A
Z IR AL O
513 1. V¢ > 0, fFEZ T P(z), fHEN—

Y] x € [a,b] B f(z) WAL

[P (z) — f(x)] <(¢

EIE 2. HT MDI-ANFIS W #&4Ef41g T-S
B2 GERE 08 DME BORS E — SO i 5 A AE R4k
UCR" FRfEEscwmEt O (2N, 29), BV > 0, 1

— frs (1‘197 Sg) +
- P, (:cN, Sg) | <

o fTS (l‘lg’sg)} +

IP, (z, s,
ox;

LK OP, (27, 54) /04l

(25)

1e 4T MDI-ANFIS W 2545141 T-S Ff) 2 4 i

T

| frs (&%) =W (2% 2)[| . <o (26)

MEER. MRIESIF, £ U C R LHEHE ¢ K
Z I X BRI Py(a, sy), —BUE AT R IEL W
(N, sy), BIVCG > 0 FFAE Py(a,s,) M5
HP¢(xN, sg)—¢(acN, $g)lleo < Cg» TH—T5THI, Yy > 0,
WAL L AFTE || frs (@™, 59) = Po(2™, sg) [0 < -

| frs (@%2%) =@ (@ 29)|| =

S (s () — 5] =

Q
Il
—

(HfTS(xNa Sg) — P¢(xNv 8q)+

M2

Q
Il
—

MQ@:U'

Y sg)lloe) <
(Il frs (@™, sq) —
(z", 54) — 1/1(@’N 8g)lloc) <

G
20+ = 25 =9
g=1

Bl || frs (™, 2€) — @ (2, 2€)|| L < 6. 0
2 HEXERERSH

AT B uk T @A R, FRATRE AR ) £
SECE M ST . S5 EER 7 YA LU DA RO LR R A%k
P Ay YR FINRE BE T EY L T SR 15 WA AR SCRT R
() MDI-ANFIS [ .
SCIR B E R 4ok Windows 8.1, ff B4 K
MATLAB 2009b. fi#iff454: CPU 4 Intel Core
15 2.5 GHz, 1774 4 GB.

2.1 FEHEREmSHR

XFT-SHmi e, SCEk [12] $2 C-ANFIS
SR 43 A o 0 0] v 52 i 7 A 380 6 00 i 4
B2 B HXT R 5. A SCrE C-ANFIS 4544
AT R, R A TR A A S R i
MDI-ANFIS, {15 & £t b i 43 28000 6 R0 ) mi
JE ¥ A S

X HCR A UCT HL#s 24> e Abalone %4
#3k1)I14: C-ANFIS 1 MDI-ANFIS Z:%%, K5 i
{'ﬂJﬁ@@ H4F 1. Abalone $i#ig & 4177 A

w, A BNCSR TR AR PER] K. BHAA. M.
ﬁiii i Bz . WEE . SR E AR ENE

z 789) - Qp(ﬁ

Py(a™, 59)ll oot

Q
Il
—
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e

E};&gyﬁ%@E‘J‘@%H%ﬁj‘%@ﬁ%ﬂﬁ, oA S B T T T T [ ooantrs U
sk ' _ 1 MDI-ANFIS £ih)
B2 U TP A, R R | f
JE M T C-ANFIS 5 MDI-ANFIS S5
PS5V I B A/, T 154 25 Y U 7 R 25 1 H
PEZEHEHR. ST IR I 4 R B S 14 1 5
Wi, FRATTREEEE 2 &5 1 ST A S HUN IS
(EL B304 1 o B AR el L el 2, A A A s AR 2 5
B3k O ZHN, YAARFRIT T T 45 S B 1 T ol
Py . 1B 2 AR R R S R FB A J
FILIU) J55 12 £ 585 W0 45 A0 A M A B 2 AN 36 2 -
[F] B A B Y MDI-ANFIS #{%; C-ANFIS fEf5 4 — R
ANEGF R TR . P 3 R PR R I i 25 %) NS, .

b, MIELLRTVAS i i 11 25 6 E’:Jij][], Wi I Fig. 2 A%]efagiizii}f”iiiij IL-cljllf samples
PRI B IETEEWI K. B 4 BUIZS ) C-ANFIS

A MDI-ANFTS A7 X a0 2 5 T 1 25

80

60 -

401

BEARSPE BN S 4

R AUAE RN T C-ANFIS B0, ASCBRE 260
1119 MDI-ANFIS BRI S 500 A O AN
JE bR EA S 24 —

2.2  LEMIFEIRXTEL AR |
w220,
MDI-ANFIS [ 5k 3R A8t 2 w4 5 A = i\

Bl M4 S B B, ASciigopse TR |
SEvE, 8 FCEE B A B B B R, SR A ARV -
SR SR 0 LU 80, AL 52 AR AL R A
AR IEE ) ANFIS Z5H3H8. 5000 UCT | AN ANV
H11) Boston Housing ##E4E, E % 506 LA

R, H L AR 2 AN 2, X % 0 20 0 40 s
B EMIC N NA1~NA1L, 42 EMHidh CAl pIEE

M CA2. 528 Je M i) SC kM GDSC Sy B3 BUHIGRR2ENT

Boston Housing ##EfE R3S, RIGH o gk P Fig.3 Comparison of model training error

w2 PIRPRRER RN S R S A R

Table 2  Average consequent influences and errors of two algorithms

g o IR A T 2
C-ANFIS MDI-ANFIS C-ANFIS MDI-ANFIS
1 200 19.659 17.735 2.040 1.519
2 200 18.905 36.270 1.690 1.463
3 200 21.323 27.297 2.980 1.881
4 400 34.202 66.760 3.230 1.604
5 400 14.050 39.905 2.330 2.145
6 400 16.385 35.070 2.510 2.002
7 500 18.901 17.804 3.680 2.194
8 600 21.659 30.857 2.290 2.395
9 600 16.299 22.267 2.800 2.242
10 600 18.426 34.818 3.730 2.187

TME 410 19.981 32.878 2.728 1.963
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Fig.4 Comparison of model prediction
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FApuL T BARRE.
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GDSC SIRAESS PR 7= A R e 20, AR T
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500 ‘ : 500
——SC F1b i —— GDSC >
400 / \\ 400 -
IN
300 - I\ 300 -
- Al :
by s\ =
i I AN I
200 - /’ \ 200 +
| ‘
100 | - 100
A |
0¢ : 0 ¢ \ ,
NAI NA3 NAS NA7 NA9 NAI1 NAI NA3 NAS NA7 NA9 NAII
CAl=1 CA2=3 CAl=1 CA2=3
(e ®
B 5 RAEZERXE
Fig.5 Comparison of clustering results
# 3 PR ERXT L 30
Table 3  Performance comparison of structure
identification By |
N e 20/ \ AR
SC GDSC SC  GDSC . v, A AN Y
= 15 £ ]
1 100 50 13 0.452  0.356 & fﬁ ]
2 100 32 14 0.575  0.466 ol ¥ ' '
3 200 37 21 0.517  0.709 hi k
4 200 25 14 0.908  0.613 5 1 — S v
5 300 40 18 0.586  0.690 SC LK VLTI
6 300 34 16 0.661  0.705 o g GDSC FHPARE
7 400 31 16 0.642  0.459 0 20 40 0 80 100
8 400 32 14 0.630  0.747 FAs
9 500 30 13 0.788  0.836 Kl 7 MDI-ANFIS BAHIN b
10 506 30 14 0.726  0.827 Fig.7 Prediction results comparison of MDI-ANFIS
ST 300 34 15 0.648  0.641
2.3 1RBENREXEE ST
o — T KB4 MDI-ANFIS Bf7EiR £ i P4
:_  GDSC £ i P E R PERE, ILIEBULF A R A 8 g s 2t
ik W55 Z 6, X P ARy Ul R AN
al 1) ANFIS #84: RHFrHER ANFIS ik, H
5 HOR A 8 R L B EE R A, A% 84 S
23 A o
B 2) A BUE AL R B E A HE R S
2F (Adaptive network-based fuzzy inference system
with numeric conversion, N-ANFIS) ##l: $532
I Bl M EEEdE (01, 2, 3, ---), SRIG A%
WA —EFAPRER) ANFIS 2.
% 10 éouuﬂmﬁfb 40 50 3) A MR AL R B A HE PR S

K6 ISR
Fig.6 Model training error

(Adaptive network-based fuzzy inference system
with frequency conversion, F-ANFIS) #i#: i@ i
ARG > BRI, 2 5 5 8UH A A ANFIS
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X 2%

4) 438 2 )2 B AHL (Multi-layer perception
with separation method, S-MLP) #i7#l: &
Brouwer $i& t /16 & J& 2 £ Al A28, 43 254k
I 28 95 J5 5 DARCE BR800 AR MLP %t 1
ST, P AR TN

5) C-ANFIS #57: Jg i Liu 4 iy C-
ANFIS 1B & J@ EEE s 4L, F o R 50dE 280
JilaE B AL A RV E I ) ANFIS g4 1.

6) MDI-ANFIS #i88: ASCHre b iR & B vk
R UASERY, 43 S B 20 W0l 3 BE 5 7% MR A S
P2 2] ANFIS L.

XF b S B e B UCT %4 2 1) Abalone,
Boston Housing. Auto MPG. Servo. TAE. Zoo
F1 Heart Disease ${#li4e, Jn kA SCHE H I SN A
[Fi) B A S 1) 14 e

X B X%} ANFIS. N-ANFIS. F-ANFIS #1 C-
ANFIS #A &5 HE R SC 53k XF MDI-
ANFIS #AR g5 PR R A GDSC 83k, HAMG S
B E R BERER v, = (1/2) ming {max, {[| X} —
Xollb ) 11X — Xof] RARFEAR K X F X, BYRIG
FEES, BfH e = 0.06, HARERKEL L = 100, %
Jil4 epoch = 50, ¥JhHfk K step = 0.01, 5 A
T gamma = 0.75, BB FTM flg
g e CIM A6k A 0~ 1 X [R] A BEALRLFE.
M S-MLP #AI 24> K deta = 0.001, 1|25 JE
epoch = 1000, BUAFEFERI GG 0~ 1 X[A] () i
BLHLFE.

X LS5 SR F 4T A U IE, e EO AR 1R 2

(Root mean squared error, RMSE) ST 5%
ZEBF TR PR

K
1
RMSE = J S -Y) @)
k=1

Ho Yy, M5 kARSI HHE, Y A5 k
A S I E, KRR SR

SIS AR, ICSR BRI EER) RMSE, S8 5%
WIS B9 RMSE SRIEFIIE, PARR H Wi
X — PR S 1) TN RS

A1, A SO i R 2Z K% (Error reduction
rate, ERR) Xf & BB HEAT LU, o e T & A2 1
RMSE FXEA BRI, RERILEE X
yoR
RMSE oo — RMSEy

FRR =
RMSEother

(28)

Hrr, RMSEy; /& MDI-ANFIS #5884 1 Fi il 152 2=,
RMSE gener 727 30K FU IR FLATR £ J PR B By
YRR TN R 25

4 o UCT Bedlg b 7 A5 60 1 AR ]
ARy YR A P 15 2 DA R R 22 AR, ek L p 7t
LT B T 58 2 15 2 IR AR R 4 SR X EL v DA
X T [ s A A S ) MDI-ANFIS AH
% ANFIS., F-ANFIS. S-MLP #1 C-ANFIS B
X A8 v O T A B, ANAH XS T N-ANFIS %2k
N R T A BRI IR ZE AR (A
N-ANFIS #f% MDI-ANFIS &4 0.203.

# 4 UCH BB iR =N L

Table 4

Model error comparison on UCI dataset

MR A REENE T R2E IRZEBRARE
4 (N,C) ANFIS N-ANFIS F-ANFIS S-MLP C-ANFIS MDI-ANFIS ANFIS N-ANFIS F-ANFIS S-MLP C-ANFIS
Abalone 4177 7,1 2.608 1.842 1.997 3.985 2.632 1.951 0.336 —0.056 0.023 1.04 0.349
Boston
506 11,2 0.779 0.631 0.657 7.096 0.824 0.638 0.221 —0.011 0.029 10.1 0.291
Housing
Auto
398 4,3 2.072 0.912 0.871 6.969 0.963 0.605 2.42 0.507 0.439 10.5 0.591
MPG
Servo 167 2,2 1.012 0.060 0.051 3.119 0.362 0.025 39.4 1.40 1.04 123 13.4
TAE 151 1,4 2.972 0.196 0.385 0.849 0.192 0.225 12.2 —0.128 0.711 2.77 —0.146
Z00 101 1,15 1.276 0.062 0.059 2.542 0.126 0.072 16.7 —0.138 —0.181 34.3 0.750
Heart
303 6,7 0.255 0.073 0.062 1.483 0.108 0.086 1.96 —0.151  —0.279 16.2 0.255
Disease
A - - 1.568 0.539 0.583 3.720 0.744 0.515 10.462  0.203 0.255  28.273  2.213
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