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Optimal algorithm for RBF neural network structure based on variance
significance in output sensitivity

YANG Yi, GAO She-sheng, HU Gao-ge
(School of Automation, Northwestern Polytechnical University, Xi’an 710072, China. Correspondent: YANG Yi,
E-mail: yangyil9850315@163.com)

Abstract: Aiming at the problem of design of the RBF neural network structure, an optimal algorithm based on variance
significance in output sensitivity is proposed. Firstly, it is tested whether the variance in output sensitivity for the different
patterns is significantly different from zero. If the variance in output sensitivities is significantly different from zero or
not, the hidden units corresponding can be inserted or pruned. Then, the gradient descent method for the parameter
adjusting ensures the fitting precision of the network. Finally, the proposed optimal algorithm is applied to the simulation

experiment. Simulation results show that the proposed optimal algorithm can adjust network structure adaptive and possess

good approximation and generalization ability.
Keywords:

algorithm

0 7l

13 1] 525 BR B (RBF) #4448 /9 4% [R] L B0 () 3 D 45
R4 R IE T e 7, AEIT (8] 7 21 B L JEZe 1 & gt
5 P 1 55 5 T AS 21 7112 B R U2, RBF W 4% 42
— P = E AR P 2, N R A 2 B 4R
PERHZ AL AR, Ba & 240 28 0 2 4% [ 2k R 2, — AR
e T A% R 341,

RBF 2% 87 F (1) G2 H A5 M vt [l ilbsl, g 7
SEIE RBF P46 1 & B 31T, PlactOg iy 7 —Fh % 44
R K TR 2 ST R TR 49 TE X 4% (RAN). 1% RV ]
DAAR % S Bk 70 06F S0 52 2% BE, DU A A 1R <58 7
PEAE AR R B 2 4 B HT 19 A, 3 /2 RBF M 4% 1)

(|3

Weks B HA:
2 =H
fEH /N

2014-05-23; 1&EIHER: 2014-09-09.

fot il 5 1 ] SR I

radial basis function(RBF) neural network; output sensitivity; variance significance; structure optimal

SCPREFE. SR, RAN W AR N 55, X F M 24 A
FE ARk, 7E b HE KA Ak ), 9 2%
iR ILTUAR. N T R GIX — )8, Lu 257 T
—Fh T RAN RO ik B /N 58 U5 4 48 X 4% (M-
RAN). M-RAN HJ I B % 55 & ) 53 A8 £ 6] ) 4% A 14 (1)
SRR AR AN B S (W B T R, IR 45 & MAN I3 K 3R
BB A 28 L AR 1) SV U, R RIS O R R 1
RBF 425 45 14y, {H 2, XiF 0 2% 4t S i R i 1 ) 5
B VER 05 B FESE 58, 3N T M-RAN (152 44
J%. Huang SB35 tH 7 —F10& FH T RBF W 45 25 4 1] 4%
(TE 26 2 2] Bk | O K AZ BY W 4% (GGAP-RBF).
GGAP-RBF '} JIT 75 1) 27 > K B2 5 #h 42 70 1) B 22 PR AH

E R HRBI A ST H (61174193); A RBHEGIHTFE 410 H (CASC201102).
¥—(1985—), B, Wi+4 NFEEH . HFE5EHOT R, mHEq9s6—), B, ##%, 420 NHES



1394 1= # 5 * R 530 %
U . R A 227 OB, V58 . )
0 2 7 B B AR 2 TG RO 0 AT 5 () = 3 nhs(@) + i @

VR, B R T EVA e PR, SR1fT, GGAP-RBF i
BRI A JE AR A B 15 5 W 48 AR, IX —ZESRTAE
252 O] FEAE AR M LLSEEH. Gonzales S0 H T —Fh
BT % B AR 0 (1) RBF #0128 W 28 A0 A 3002, 1204
VEAE E AT FE PO NGB 14 38 A 5 R Sk ) 4% 1) 4
SRR BT SR, BRI TR 2, AR T AR
AR S . Feng!OVRERLFREM AL (PSO) 2 1 B3
5 RBF W& M 2% fH 25 &, fiff e 2 2% 1 4 R AL i) 7.
PSO B2 ] LA H Bl B AT 1) B ek B ol L 56
DKL, T8 232 W 45 PERE 1) B 1. 4R80T, PSO 5
AR Rk R b F5 T A R R, R85 B4
KR HE I 7). Zhang!! R FH7E 28 9k 3R 28 HIL BRER
S T3 4P DL e RBF 1 48 W 2% [ 55 J2 41 48 JC 1)
VB RE , BfE BRI B BR B AL T R B
P B S O R R (RIS SR A A TG, AN
R0 HR 8 ST ) AR 7 28 18 8 DX 24 45 40, T EL I 28 2 40
{10 VR R AR PR SR, 1% VA AE R A B 7 AR A
200 F W B R A T 5 R O TR I ], B 0 By
RT3 7= A AR 2 1

% RBF #1280 [0 2 (14 45 K4 1 11 ) 7, AR SC A2 H
— i I f R O 2% B L PE 1) RBF 48 I 4%
(VS-RBF) &5 ¥4 {140 955, 2% B0 v 0 25 T i+ AUk g
5 7 B B ) 7 S RBE AP B A HLES &, fig
iy KR 4 S o i A ) 5 8 0 S o D9 4% By 2
TG, fH 2 B R U ERLRE T, HR B B
SEXTRAL IS 1 X 48 S5/ S HOAT B IE. B4 ik
VLR TR 26 M R BB T A & T AL B iR 22
il 07 BLA5 RBE 1% A ATl AT 4
1 RBF #Z& /%%

RBF #1228 ) 2 52 0,15 — AN B 25 J2 (1) = 2 Hi 45t
245, N JZE BB 2 B BUE [ E R 1, R 22 0
[ 78 9 0. WIS =N © = (21, 29, ,21) T,
| S Seng = R E N UE Cf D

hj(z) = exp ( - M)

2(7]2
Hort: by () Amiidz m B R AL || || ABR IRTEEL ¢
(cj1,cjo, -y cir)t NEFZERE RO 0 N
J MR R R TE (T DL E IR 240,
L8 SN TSR g pr e L N

B 250 5N AR Z 5 kAT SRR
WENwy; (k=1,2,-- K, j=1,2,---,J), WEH#
BRI AN ERMEEE N AR TR E

(1)

Herb wio AT B AN SRR Z 0
TIAN, E SRR H kAT AR ZE R BN

P

1 2

L = ﬁzl(yk — Ydk)”-
-

b PRINGFREAREL, yar NS & AT 503
B,
P 2% J VR 22 BR BN
K
E = ZEk.
k=1
FRAE R 25 H bR R E (4) A B 28 X 25 ) B 5 J2

2 T H LA o110 B2 B OO BTGRP
FRSEI2):

3)

“4)

oE

wj(t+1):wj(t)*miaw‘(t), Q)
J
ok
Mj(tJrl):“j(t)_miau-(t)’ (6)
J
OF
oj(t+1) =0;(t) - " G ) ©)

HAnis nas ng ¥IREEIE K.
2 HZEEEY RBF & MEMH
7 72 L BEVE [1°) A SEL AR R A TR 4% A b UK B
EFTERA LM EZRBGERAEEZE R i
UK T ST BEEE R, HPBURE
RO, VU2 BHRH B 1 BT 50T 190 28 A 2 i ORI
Z 32 B RH N PR B0 %o ) % i 2 e 5 N B TG 5
M U141 DL bl 398 0 B 55 ) ik B 7 S5 P 48 T, 3 314 48 )
28 AL B ).
J7 Z HEEVE: RBF A M R & TEFE A p
(p=1,2,---,P) FHiHBURE R J7 250 0F HEZ M
(P—1)02
Yoy = T (®)
Herhe o2 T4 A X B B R RUR L T
7, of eI 0 (AL

BT 5 7% 0, 1l R R i
P
Z(N'(ZI;) - &Zj )2
p=1

e ©)
/\I:':‘
K
> S,
Ne) k=l 10
@ =t (10)

HR,, N PR, Hog OBy



ERE W o— % A THEART

P
30
_ . p=1

R, =

an

S, P A Yy, 0B A AR p REA
F AU, R A

J
a !
o = 9k _ .
Sz = D ;_lwkj h(x). (12)

AT PR R 7 22 B BRI, 7 TS Y A 5
TR 5 ZE AU R F I DARS 56, B G REAN B B 24T A
Hy : agj = 08. (13)
SR, 3 (8) W R of # 0, BT AARE B T+
A LR R R BUREI T Z N E, Mo # 0.
DR, 4R o2 i T B 8 FH A e ik
Hy:0? <op. (14)
TEFBL IS, J5 22 B & 2 2 (P—
1) 41, Hoye WA 2 23 AR &)
Ve = Xogi—a- (15)
H: v =P -1 HEBE, o HEEFEEKF.
AR FHBRE T BSOS 50 AT VR, TR
28 X AR B AR BBURK, A 5] A7) A5 X 248 P ie SS0ek i 72
AR K. EWIURE B AR/ AR I, MR SOE FERLR, &
Z, WSIOE FERUS . IR EIE A & I, I 2R
B E SR, 5T LR, ASCRH k-3
TEBh A RIS WS IIFTAa G, 3R A AR IER
HHE RUE D I 248 B a5 I HRols, B v I 25 A SO
FEBENLAI AR 1, bR 055 B FNAUE.
HRAE DA TS FE, 45 25 T RUR Ry 2 s
1) RBF W 28 S5 A4k R .
Step 1: BB Fa & 25 SR VIR B R BN K
F k- B BN AS TREA 2 2 pR A0h 0, HBENLBT 4G 1k
= oK T TSR
Step2: M (9) ~ (12) tH ELAEAFR 21 EFF
A p BRI BUREET % 02, 2 0f = 0.000 1.
Step 3: K ) it A& ., T
HEF VAR 508 2 R/,
Step4: X (15) tH H yo. X TS ZT
Mg, WG BB, > 1.5y0 BOL, T 4- 21T
j. R HATRR S B & u O J, BITR ZI8 t, S
THEZNE ., > 1.5yc MRS EETTH 4, WHHE
20 J + 1 MW S HIM A TG §j S ECN
wy1(t) = A w;(t), (16)
pa1(t) = pj(t), a7
or1(t) =0;(t), (18)

% F 2489 RBFAY 2 M & 4 M ALH ok 1395
wi(t) = (1= X)-w;(t), (19)
i (t) = pi(t), (20)
o;(t) = 0;(t), 1)

Fr AN (0,0.5) Ve Rl PA O T8 20, AR A SEERRITE FE XS
ZME. HALFA TS BRI (5) ~ (7) .

Step 5: X FREANFEE RN R g, AR GETF E B
Ve, < yo BOL, WIMER T 5 5. RBGSAT I 2009 ¢, BER
RN R K R B 18 i A A 22 T8 0N i, HAH RS
BN

h;(x)

'/n = Wijn t) + i(t ! ) 22
wJ wj ( ) wj( )hjn(x) ( )
Hin () = in(8), (23)
o1u(t) = ain(t). (24)

HoAthph 22 75 Z 8 4% K (5) ~ (7) T,

Step 6: BLZ %A #1470 70 2L B R IN, 15380 e ¢
PRAb S 1 I 2.

A R R B s BUR B Ty ZE G vk
L RBF W48 S50 > A HLHb S & i ik v 5 00 4% 4 HY
X RS RS I B FE 77 22, FIZ T RO 25 (1)
B TR ORI e 48 T i AT 4 2L, N R 2
BUNB = TOR W RS B JE 4 T, 1K B ph 22 I 2% S 14
PEARTR H [, 5 2 3R A5 45 K 55 9 & BRI RBF #4894
2.

3 iEaH

VS-RBF W 45 (616 71 2% 1 #E B & E 4l 2 e, 15 2
ESHIF FERT S AHIE B I 2% 25 44, 312 75 RBF #4824 11
PERE. AR FH AR 2 ek BUE T LA S & SR 2 Ak
THAWEFE R, @I 7 5 S8 3 W2 S A U,
H5 LR I 20 X 28 Sk AT A, DABGIE 1% 5
=R,

31 kR BUER
HEE AN [T ) = A BRSNS SR, /)
ya = cos(2mkyx1 + 2mkoxa) X sin(2mkaxs).  (25)
ot yg NIRRT, ky HL0.05, ke HL0.02, ¥ AFEA
AR < 2 < 36,0 <z < 36. X2 (25) FAT L,
WZRATRENL= A S00 N INGRFEART (21, 22), ), A
WRZEIE N 0.003.

= MARECE I FEH, VS-RBF 4% 38 1T 351
Fiig 2z wh T an B 1 BToR, 2B JE AP e AR 1R
S 2 fios.

B 125 1 T VS-RBF i 28 W 2% %f 28 14 bR 011
BT &E B DL Rt R BRI 1R R 225 ih T, ¥ iR 2k
F]0.003 1, Ut 1% X 28 A7 55 (1) I8 T e /T B 2 45 H
T VIS H G M 4 i A B & B & oA, gk )a



1396

* R ¥ 30 %

PR TS
R [
0.05 =" :-ﬁ*l R
e PR L e
oK [ 1
o . !
g &
0 Iy
40 g
b ([ 40
N AN
00 x,
(b) FiRzE
B 1 VS-RBF 3R ANEILRFNIRZ T
20
£y
<_
IR
K
ﬁlm
A=
ik
&
:&3
0 . . .
50 150 250 350
YIRS 8] /s
E2 MENGEFREEHRETELER

TN 28 45 44 S 2-15-1.
5 BP M 4% . RBF W 4% DL St MRAN (X 4% 1] 4h 25
}J5 VS-RBF W25 A8 [7]) ) PERE LL R a3k 1 Fros.

R1 WENZNGEERMERELLE

WP VS-RBF  MRAN  RBF BP
Vg 0.0031 0.0037  0.0082  0.0127
BT RN 15 19 28 33
YIZRI )/ s 316.5 6332 2317 1854

#1454 7 VS-RBF %% 5 MRAN. RBF. BP %
28 LRIV S5 R, Bk RT DA 31 DL R 458

1) 7EH A IR 46 264, VS-RBF M5 BT 75 1)l
SR )3z 328 /N T MRAN, HLIE U7 K B % 2 T MRAN,
Wi BA T3 H 1 0 28 A AL SRS AU R T IR 4% ) S
P

2) Y14k )5 1) RBF A BP W 4% ) &2 2% % a2 iz K T
VS-RBF, 171i# 7% [H]AH 386 0, By LS AT B0 3&@ RS B i

/T VS-RBE. [AIlt,, VS-RBF #1280 28 ANY A 5 o
(AR 28 pR BOE T B8 77, 17 5 AT DU R0 i 4 I 24
TR SRR .

32 AESMIREM

¥ B #2 1 VS-RBF 5 7% 8 A T GPS/DR %=
HEGM ARG, I 5165 BP FIEE AT B L.

18 V5 2240 2 ) R AL TR 6 407 B AR 380 0, 224
L 1S m/s IR FE Y 45° i la) A1 2138 B 2638 3, 7R [m) A
Jb 1A IR A6 I 9 0 m/ s 2, GPS 25 [ Ak i 2 g
FIT 2R (15m) 2, BARTHE I A J7 2205 (1m)?, A
KIS H] 7. = 7, = 300s, BFEURE RE Y = 0.5, 1
FLIN [ HL 2 000s. & SRS RS L EN

X = [Ve, Un, Qe, Upy Ty Ty

Forb ve, v, 20 3R R B2 50 2R 1) AL ) 1D 3 R Ay
Qe @ 53 T 22 7 AR TR0 R AL 1) (0 03 % 4> &, H a.
an = 1m/s%; xe, my 73RN AR FFIAG ] 107 B 5
EWEI Z = [e,n,w, s], e~ n~ w 73 77~ GPS il
(7R 1) b g A B A5 R f R R B 1 H s ROR
BRI BE RS A SRS T R A 7 L SL
fik [15].

X FH GPS/DR A A FM R G &K /R 2B 4%
(EKF) gt 25 W0 28 S (L 5 30 52 56 BT 7 (R I R AR, Bl
BLIZEH 500 Xt 4 N\ R 7E R ERME A, Bt =2
VS-RBF W 48 15 84 [ 265 1) i N R 20 45 5 A A 20 1) o
I, O 2 A 5 U Y R IR A5 &= U6, B GPS/DR
HE SR M) )RR R, S 4 A8
&2 REEET 6 NEE, YIRS EME )
ik NN B AREL I 2R FE T, VS-RBF M4 Fa %
JERE IO BRI EL 3 Fros. AR 2 SR L, K
BP #1285 W 4% (1) 25 44 1% 9 4-60-6.

35

SR L BT
[y)
[}

W
T

0 2(I)0
IR E] / s
B3 MG E RS TR

AR 0] A A 1) 8 A7 R 22 1) 07 B 45 S [ 4 FE] 5
Fios. WEIHRTBLE H, K AL 48 BP H0%45 2 1 2K
b 1) e A7 22 i 2GR B BUR, AI7E [-9m, 9m] Z [H]
P F, FE T T £ 10m. TS A AR SCHE H
VS- RBF #1480 4 S LA5 B0 7R A6 2 A0 iR 25 K4
FEHILE [-5.5m, 5.5 m] Z N, {1 BRI GF.

400



W — % R THEEE T £F &6 RBFAYE W 4 ML & 1397

%8
10
£ J
T 0 .
%
-10
0 1 2
t/10%s
10
=
E’ O L] ]
KE)
Eny
710 1
0 1 2
t/10°s
4 BPEZBIMMNEIRE
10
g
~
= 0 -
&%
=
~
N
A
Ry

t/10°s
5 VS-RBFEABEIMNEIRE

R4 T PR SEIE AU SRl AT 2 47 B R
7.

®2 AMIIGERAMEEEELE

YEHSE MEVPYWRZE BTSSR IR
BP [—7.3m,7.5m] 60 280.8
VS-RBF  [—4.8m,4.4m] 33 3723

A LAE H, A SO K VS-RBF #1420 2% 5515
BURIZR S AL TP 2R 2/ T BP HIA S B A B 1A
SRR 2. R K VS-RBF M 25 [ £ o 14 B AL

T BP M4, REMS I/ T L E A1 iR 22, A RCEIEH &
RGBSR X2 Ky BP MRS E 5 5
NER R R IR T, BORIE 2 R L, fE
IR B 10 28 G5 K AN REAZ K, AN 0 2% (103 P 42
1M VS-RBF W 2% 7 LLAE I 25 B B & S i #2 Fe 2

[F1), A5 ) 28 7 B 12 P 45 A D B RO TR
4 4 #®

AR 0 RBF #4680 245 1) 45 /4 v vt 1n) @, 42 HY
T BT OB 5 2% B L 1Y) RBF #4845
SERIR AR B o, DRSS 2T AU A R T
FEARSE LI ZENE BN EE, AT ERITE
BT T R E, ST E G AR S
R 21000 &, R ARG S0 0 2 B & 2 1 A =
BEPE, AT ) 52 2 75 60 1T AR AT 0 2L s B 154 s B
Jei, KR 5 1) 4 S BOAT S IE, 38 N 45 B 4
(eSS 38 Jebof =l 2 1 o B 3 I DA S A T i
ZEMAS T, I 5 AR T I k20 X 48 25 W 1EAT LU,
AR RI DL R 4518

1) VS-RBF #1252 0] AR 3 7 72 H A5 1A [F]
38 I M TR B 2 AU AN, 3R AT B4 1 RBF
LW K L.

2) 5 At BUk i) RBF W 2% 4 bE, 22 il 12 50E A0
AL RBF 4 4% B AT 5556 (14 | 4 P 0T g g DA SR

i SAE

3) AR T At A 2 0 4% 45 4, VS-RBF 41 45 [} %
T BT N SR as AN 45 R, VR AL R &
SR FERE 24 RGN, VS-RBF #14: W 2% B it
[z AL RE

S5 L FTIR, A SRR H ) 7 25 B L R T
DA B ok RBF #1228 9 45 (1 45 A it 1, JF B
PR I 28 BRI g S RNz AL RE 71, B B AT PR A
SHUNVAEN AR

£ T Hk(References)

[1] 5k, MR, TO18. T 5 I1E RN RBF P2 (M 1 &
BE AR 2 R (D). P21 5 U5, 2014, 29(4): 627-637.
(Zhang K, Cui S M, Wang J F. Intelligent vehicle’s
path tracking control based on self-adaptive RBF network
compensation[J]. Control and Decision, 2014, 29(4): 627-
637.)

[2] Luengo J, Garcia S, Herrera F. A study on the
use of imputation methods for experimentation with
radial basis function network classifiers handing missing
attribute values: The good synergy between RBFNs and
EventCovering method[J]. Neural Networks, 2010, 23(3):
406-418.



1398 1z ] 5 S R %30 %

[3] Ferrari S, Bellocchio F, Puri V, et al. A hierachical RBF  [11] 5KHARE, TR K. 2 F7ELR LA T 1) RBF #1450 4 45
online learning algorithm for real-time 3-D scanner[J]. FIBELT[I]. #2415 YLk, 2012, 27(7): 997-1002.

IEEE Trans on Neural Networks, 2010, 21(2): 275-285. (Zhang Z Z, Qiao J F. Design RBF neural network

[4] TlyaK, Antonio P B. An effective multi-objective learning architecture based on online subtractive clustering[J].
algorithm for RBF network learning[J]. Neurocomputing, Control and Decision, 2012, 27(7): 997-1002.)

2010, 73: 2799-2808. [12] Buzzi C, Grippo L, Sciandrone M. Convergent

[5] BH0HE, FRfR K, Wl #. HT-15 K98 B () RBF #1 4 decomposition techniques for training RBF neural
W 2% 46 B FF A0, B4k 2248, 2012, 38(7): 1083- networks[J]. Neural Computation, 2001, 13(8): 1897-
1090. 1920.

(Han H G, Qiao J F, Bo Y C. On structure design for [13] Zeng X, Yeung D S. Hidden neuron pruning of multilayer
RBF neural network based on information strength[J]. Acta perceptrons using a quantified sensitivity measure[J].
Automatica Sinica, 2012, 38(7): 1083-1090.) Neurocomputing, 2006, 69(7): 825-837.

[6] Platt J. A resource-allocating network for function [14] Engelbrecht A P A new pruning heuristics based on

interpolation[J]. Neural Computation, 1991, 3(2): 213-225. variance analysis of sensitivity information[J]. IEEE Trans
on Neural Networks, 2001, 12(6): 1386-1399.

[7] Lu Y W, Sundararajan N, Saratchandran P. A sequential [15] RS, f kAR, B B & B A % Unscented 4 718
learning scheme for function approximation using minimal W T FCAE S £ S e B RO, o B R 2 9,
radial basis function neural networks[J]. Neural 2012, 20(4): 459-463.

Computation, 1997, 9(2): 461-478. (Xue L, Gao S S, Zhao Y. Unscented particle filtering with

[8] Huang G B, Saraichandran P, Sundararajan N. A adaptive adjusted weight and its application in integrated
generalized growing and pruning RBF(GGAP-RBF) neural navigation[J]. J of Chinese Inertial Technology, 2012,
network for function approximation[J]. IEEE Trans on 20(4): 459-463.)

Neural Networks, 2003, 16(1): 57-67. [16] Hr—, BrheE, SLHEMS, S5 TG 1 b2 M4 S35

(9]

[10]

Gonzales J, Rojas I, Ortega J. Multi-objective evolutionary

optimization of the size, shape, and position
parameters of radial basis function networks for function
approximation[J]. IEEE Trans on Neural Networks, 2003,
14(6): 1478-1495.

Feng H M. Self-generation RBFNs using evolutional PSO

learning[J]. Neurocomputing, 2006, 70(1/2/3): 241-251.

Lo AR & S BRI ). A B R AR 2741, 2014,
22(2): 221-226.

(Yang Y, Gao S S, Wu J P, et al. Feed-forward neural
network algorithm based on model predictive filtering and
its application in integrated navigation[J]. J of Chinese
Inertial Technology, 2014, 22(2): 221-226.)

(FiEmit: & F)



