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Prediction of water demand based on spiking self-organizing fuzzy neural
network
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Abstract: Short-term prediction of water demand provides basic guarantee for water supply system operation and
management. In this study, an effective model for daily water demand forecasting is proposed. Firstly, principle component
analysis(PCA) is utilized to simplify the complexity and reduce the correlation between influence variables, and the score
values of selected principle components(PCs) turn into the irrelevant input data of fuzzy neural network(FNN), which
models the prediction of water demand. Moreover, an improved Levenberg-Marquardt(ILM) algorithm is employed to
optimize the parameters of FNN simultaneously, the problems of heavy computing burden and limited memory space
can be solved. Most of all, a growing-pruning mechanism based on spiking integrate-and-fire(IF) model is applied to
FNN in order to realize structural self-organization. Finally, contrast experiments are implemented to demonstrate that
the spiking self-organizing fuzzy neural network(SSOFNN) has better prediction performance and capability to handle
practical issues.

Keywords: fuzzy neural network; self-organizing; spiking; water demand prediction; water supply network

0 5 §

I 25 4 17 AR 3 S D 37 A B A 3 KT i R
TR 8, A I KRR K, K R R R 2 A
AT AR IE A 2 72 T B A 97 M1 0 BE BT 4. [,
PRSI L AR IR 5K B IR 1 25 SR IR, 75 TR
TG BEAE WD YR 7 T X9 717 45 7K 5 WX £ 328 47 5
ST T R, T K R T 5 R K
41438 A7 1 SR R SEAS B4R, SL TS 4
ELBER I LKA A T B 075 A AT S

Yk BEA: 2017-07-09; 1&[E HHEA: 2017-10-06.

AR, 7 KR TN ) 32 B B A 7 B ik
I 18] e B3 S N A 48 55 (Rl VA 73 Bris T 25K
JE ST TN B 5 R M DA 3R TRDRS A P AR G AR A, fE
T35 AR B AR 9 A AN 2 1, ME AREAT 5235 BOML
Bk M. A% GEr It 18] 5 513D 5 T Se Bl b L E
LA 25 RAAH T I3 S P K s, s 1 Rk
AR (RS2, BB P AR R o 2 TR R 7 A A
RHIFZ. N A2 W 45 BA JE 2V S A 3 N
I HIBE /7, Jain S AT 6 N TARZ I 2%, 5 Fil

ESWH: B X A3 RE % E 4T H (61533002,61603009); b 5t W FH4 & W B %E N 4 W H
(Z15110000013151010); dbxE Tk K22 HH AATHRITH (2017-RX(1)-04).

RIERE: 240

EE R R K (1968—), T, #%, 1 1AL S, I FphLe b 44 5 e gz il S LR S5 A 7K 0 (1992—), &, fill &

A, INEHA R o 2 AR | TR AR TR (R AT 5.
Tl IAA/EH . E-mail: zhanglily @emails.bjut.edu.cn



2198 ECa |

5

xR ¥33%

(5] U1 53 A ABE 250 K 2 i [) P 270 A5 28 43 3] xof B R B T
SR AT A R 7K TR, AF B AR 2 DX % 1) T R R
B TAE SR 8] 7 AN B A 53 Bk, R D)
I BP 1 25 [ 266 13 47 6 1A 75 7K B T, B A e
TRNAS A AT SE M. (H 2, BPAZE M ZEAFETE S BN R
BRI S AN AT TR V2 A0 B8 77 55 « USSR A S5 ]
e N CEEN SR TRE . FIRIR SR
M K] 25, F) FH RBF 41 28 X 2% 4 37 H FH 7K =2 30 2 T
RS, ] DAy Ik BP X 265 1) b3k dife 50, (E HE Pl o 72 7R
B Z RS E AT,

IR f K B R A . dEdtEm . B
IR BEATL I K R RE R, AR SR FH AR 1 25 [0 2%
(FNN) & 2 A R 120545 & 7 B R G A
AR e FIRR 28 X 2% (1) 5 2 ) e 0, R TR AT
SE P AR M [ 8N 75 26 96 6N ORI E A8 & [A] 5%
ZAB1 P H UG S0 ) FH I T TS AR AR [ RO 1o 25 [ 2%
OO IR T A 5 7K B, A TOURS B2 L 1 2 B[] A i S
T AR T BP AR 4 AR LR 1 [R1 V3 5 vk (H A,
A [ 5 45 Ha B 1 22 I 28 LR 5 2747 i N B RR
B R E I e, 155 SRR oA AR B R
M EERENSHEME TN REEMET
HHEZ, b i & W4 R TR, TH R 2R, 24k
B 225 M2 To B B R D, 253 B 48 ) 4% 27 2 i
AR, FIINRS 22 Rk, 78 S B B A A 7 a5 20
STV S I 2 0 28 (1 45 1 R B kAR S0 43 ) )
FH A8 TG0 i S MR T T FH 258 0 A5 b 25 19 2% [
TR M A T A B AT B K AMZ BY. Hsu 2510 8 1
T AT A5 P S 3288 VA o 428 ) 8% 0 D) 38 K T ot 8- 28 T
)45 A S I B T A B 7. AL R D v S B R 4%
SER I IGKAZ BT 2 AR T RS [ PR A 1R R,
A e 2 PR B AR HE I AN — BIAE 25 4 T B 0 AR o e AR
SB[

B b3 (], A SR 2R T K R 2 AE B AR
1645 20N Spiking # 28 To A58 Y 42 HY (1) A AT L1112
SIEIPLABE R 22 [0 26 14 K2 BY [ B ) PEAN B v — 2
k.. Spiking # £ 70 K H 5 T B 18] 4 5 (1) 7 20, AN 45
F 1247 77 2B 70 o AU AR ) pk 2 T T A
3 7 QU314 oy 1 2 i & (Integrate-and-Fire, IF)
TR 2 d 5 FH (1) Spiking #4122 7T [ 4EL 5K A, 78 )t
Bl b AR AU ) A2 DA A e 5 M 3R 22 bR B AR
VAR FEARUSY, SN 26 S5 K4 11 Bl 25 R .

IR TR K E WS R w2 k2 A
PR R R RF R, AR SCE SR FH 32 593 70 A (PCA) S FEAR
B AT I 4 AR 3, H R AR B A RO fh £2

25 1) i N AR B 4R SR FH 25 T A W HL R ) B A 28
10 22 10X 265 3 ST FROII AR, SR A5 55 2 1) 9 9% 46 4y A2
Z4 2 ) i FE TR 2R H 2503 Levenberg-Marquardt(ILM)
SRS —T7 R B T B 5 o BRSSO R )

SFETT FATAE AU E L ASE T ORREAR S8 (g R
AR, S8 BT S A T 5 v R B A B SR, B
UE AR SCHTHR HA 7 vk SO0 B2 v« W28 S50 K% | Ui
/ST
1 AR 2 X 245 TR AR
1.1 SRR R LR L5

AR — > 4 JZ 1 2 B\ Lo RSO ik 22 1Y
28 ST A K E TS AL, 73 7 % N JZ W RBE = KLU
1 Z A 2, SR SR an B 1R,

RBF/Z ML Z

1 EWHEZEMELEN
F1ZNMNE. ZZEA ENE I, F 5
BT IR 0 F B EAE AN ML T AN =
S ug], S AT AN
.’L’i:Ui,izl,Q,"',k. (1)
22 NRBFJZ. X H &l sk H0- H & & o
RIBE, ZEE PAMEIG, E ML ois o

[u1, uz, - -

(z;—c;5)2 ko (@i—ci)?

k
T D Dl s )
pi=le " =e S TR j=12.. P,
=1

@)
ot oy Moy 5Y BUNIZIZ S § A2 TT B T4 0 4
S B B L R

#3 2 NMLE. ZERIRBEE—HA P A
258, 5 I A TE IR R

k
_ (zi—cip)
01 e igl 295
v = = ) l= 1727 7P
P P i (wi—cij)?
_ s
E 80] E e i=1 2

A3)
B4R, M ARy N2 H R KE, i
BN AR s



& 124 T K % TR A AP 2 R %69 K TN 2199
PL o () Tl () 53 502 55 m A8 A 010 90 24 i 1 290 22
wle i=1 il A
P — LiTfae
y=> wu = e @ e HAT [ 4, (1) A — AN TR R M E AR

P k. (2;—c
=1 - l202
E e i=1 ij

=1
Horbrw, RN Z 58 TS T 5 5 2 2 TR 5
FARUE.

TRR) 1 25 ) 248 FOM A5 28 ) 2 S 2 EAFE S4
ARG AW 28 IR ILM B
5, R ST O B RS BUE 3 AR & 4540 1 4 U]
K FH 28 T 2 U6 TR A5 28 288 ST P 8 K- AT sl L 1)

1.2 24i# Levenberg-Marquardt 5 > E5%

& 458 LM R B SE - a0 R vz

w(t+1) =w(t)+ (J' T+ XD T e, (5)
Horfw RBUE I &N 5T 3 T AR, e
wEME,J NN x K FHE& LR, N R
&, K A E A4

LM 8354 B 5 B W SO B2 B A A
EPE R A 1) R I FH A, 5% Lo o e Tfed s it
SR ot i B K B T S AR AT B A A 2 (A]L BRI — ]
R HH A TLM B3RO 1T 3 et 17 A 00 8 o B AR A
P ) B T H RS AR, B0 A AU T

T 2, R R R (), B L ey B E
I £ o AU ) w.

(1) =
[wi(t) -~ wp(t) ei(t) - ep(t) o1(t)---op(t)]. (6)

BT AL LM VLI v SRR, ILM B0 ) B
F

B(t+1)=d() - Q) +A))'O®1). ()
Horr: Q(t) AN R FERE, ©(t) FBh FEFEFE, 53 A HH
& B R E AT R R

Q)= an(t), ®)
qn(t) = jn(t)Tjn(t)§ (9)
Ot) = ¢nlt), (10)
bu(t) = gn(t) en(t). (11)

Hep g, () NFn(n = 1,2,--- , N)MFERHES L
SRR T 160, €, (£) 00 A2 T (R 22
i) = [8en(t)  Oen(t) den(t)
" owi(t)  Owp(t) Oy (t)
den(t) Oen(t)  Oen(t)
dep(t) doi(t) aap(t)] ’
en(t) = dn(t) — yn(t), (13)

(12)

BIUR FroR:

e, (t) den(t)  Oen(t) e, (1)
aumﬂ"[auq@) awxw"'awpa)}
%Aw:_@aw:_uw
ow(t)  dw(t) n

(14)
den(t) [ Oen(t) ey (t) e, (t)
dec;(t) [Bclj(t) ey (t) ackj(t)}
Oen(t)  2w;()v;()[xi(t) — cij(£)]
deij(t) oi;(t) ’

(15)
Oen(t) 1 Oen(t) Oe, (1) den(t)
aaj@)“[agu(w"'ag” w"'aam(w}’
Oen(t) _ _wi()v;(B)]zi(t) — cis (DI
do;(t) oi;(t) '

(16)

LM Hy5 A5 52 2] ik 72 R B8 5 B AUE ) &, 1
ILM 595 m] DA R I S8 A0y 98 BUE 3 NS4
F i Ik v R R 1 7 2 H R AT A R A (4
FRFE B FH B2 6 B, a8 A0 T AE R LM BEE X N x K
2% Eb v B e vk s SR A7, T 7 A7 25 1D/ 1
N i, BRAR TIPSR AR B Sy 1O R, TR IE A
P B
1.3 RigBALIEMHEZ M LS (SSOFNN)

Spiking #1148 TG RE A R AL M 22 0 2 RS
S5 B I ) S 33 F oL R, LA 22 e AR ERA LA LA Rk
R TE] gt 77 =20, K15 B0 R g i e A 28 5T 11 [H)
Ao Wk EN Ak % ST BT [R] HT8-200 TR AR
w5 FH 0 B A KA PP e B — AR B R
VOSLIERI VN YRR CESSTR A S I= BN L E LT
JRCTBCHR ik e 38, 224 B R A7 2k ) R AL N R Tk e, 7
R TR 1], J5 FL A s T B 22 e R LA, 2 S NS
Jo7 HH22) - TR AR v o 28 e i el o7 o ) ] 22 44 1)
R R AR I 258 B B R A 22 T I ARG R EE 5 SR

k
ss; = —k;In (Sin(eln(e-f(t)HA) T 1)- 17)

oo 0; e § A2 T i) H AR € 9/ B IR R
Bk, ke MAYPHBOE R AE. 56 ) NMEE R ITH
AU R E 5 A A (0 < 0; < 1) A Akl Zan B 2 i
T, SOV R KT AT BRI, 1B R 2 e
WO T2 247 FE TR 22 7T, LASR i 2 I 45 1) LA
RO Z ARG 53 /N T S FL LN, %A 22 TN E
BT AT R EA TARIRES, 7T AR B DARAS KK 22 1)




2200 #= # 5 kxR %33%
244 45 1. HLARBAT B 00 s 5 P8 RO B B
! 2 SERHIRRER A
L3 2.1 HEKIRE
i R T YRAIE W 14 2L SPURERA i 22 0 25 T MR £
Z 2 20 S PR e, A S LA s s A K BT
= 7 2S5, 40 P K B R 1 12 R
& . Firing hreshold / « *F & (nyjk.bjut.edu.cn), T EHH K H B 55
] TN ¥ (data.cma.cn), 1% ¥ 3 o[BS, 5 R BB B ds S =
002 07 o6 o8 1o PO i, UL ks g e LG T 54511, SR ERR 7K B B i B

Outputs of hidden neurons
2 REEWETRIEEE K =2k =017,4A=17)

H QU RS2 L AR 1o 0 o 5 5 A R R
T2 R M ) 2 A0
1) SERB B DA 2 0 28 T0 19 5 0 55 2 A 1A
284 RIS T R ZE A R T AR, 244 R 2% [
I ik 2 25 1
ss;(t) = sso, E(t) > Eq (18)

I, B A e 22 TR 2 N B FE 5 J2 o Herp ssg %
WHIH (j = 1,2,--- , P), Eg NIZRiRZE H b5, BTHR
REE XN

1 t=N
E@»—JQN?J(ﬂw—y@V- (19)
HHME TG SR B R
Cjm = Qs Cj + B8,
Ojm = Qi Oj, (20)

Wj s = Yo W0 () (Nuewj—m (1)) 7
Horbie; Moy 00l A AT j A RS E AT
HOO G BE, ¢ 0 53 90 BT S B 2R ! A
A TEHFOMBEE (m=1,2,- -+, Npew); Gy €
[0.95,1.05], By € [0,0.1); w; s lw; 535157 5460
22 TU A Y T 2 0 AU 0, NFTIEHE T
) H A

2) MV B AZ BT TL R & o A A SR
1)
Horss, NEE AR B M4 ol % oE KRS B
1B, T 2 AR IR 22 TORE B F B 5 3 K PR B A
NBIEE 57N B TS A B

s5;(t) < ss,.

cj = ¢y,
ol = oy, (22)
wh = wy +w;0;(£)(05 ()~

C‘;’/’ Cj" 0-3'/’ O‘j’a w;‘/9wj' éj\%uj\j%]l 4\?‘332}:?5&%””32

A B R FE AR 3 369 4, H 1 246 4 AT Sy i 48 I £ A5
BRIV GRREA, 123 2HAE IR FEAS.
22 ERDOT

3T A R K R OB ST I R R R R 2
RS POEZa R NF YIARESYl Sl I NS
EEHH SAIF 7T STk A I A 10 MR R N &R (/i
I/ T 35005 5, B K B, B A AR ORI B, B BB K
) G, P35, 23 RS Qe 0 e H2R AL (TR H
L R R $00.5, 7 8 TR H E %00.3) 1E o #
BEA, SR 25 18053 20 B 2 06F HL 47 4 1k A3 4 e 4 b
BB BURFAE AR 8, 30 £ 3 il A8 & (PCs) 70 fHAE R
SSOFNN T A% 7 (i N0 4R

AN 32 o AL B MR LR AR AE T AR R T
7, BRI DTmk 26, 1 5 AN E o A8 2 1 SR AR Tk %
89.8529 %o, A7 I 3= e 43 7348 A9 75 Ji 4 H 48 £ 90 %o
FIfE B, ik 1 FTs. 20k £ /s i, N i 11
AN 2 5 AN, FE DR E TIOINRS BE RT3 T ORFEAIK T
THEE AR,

®1 ERSTENSGIHER

PCs LRI RN T 22 1 % FFATTHREE / %o
PCsl 4.4288 40.1531 40.1531
PCs2 2.6022 23.5923 63.7455
PCs3 1.2232 11.090 1 74.8355
PCs4 0.9850 8.9303 83.765 8
PCs5 0.6715 6.088 1 89.8529
PCs6 0.496 3 4.4992 94.393 1
PCs7 0.3245 29421 97.295 1
PCs8 0.1848 1.6752 98.9704
PCs9 0.0742 0.6726 99.643 1
PCs10 0.0350 03172 99.9603
PCsl11 0.004 4 0.0397 100.000 0

23 BHRE

RUEFEEE X AP, EHSERECNE
2, kr = 0.17, A = 7, 5308k [22-23] fRFF— B KA
AEAE8) 1, B E NI BE ssg = 0.29,RE By =
0.005; M Bl F1 51 26 A (21) 1, 3 BB {E ss, = 0.11, 8
B2 %08 it 2 ks 50 2 3k 5. SSOFNN (1) %] 46
44589 5-10-1.



% 12 8 R

AT R%E g m s AY 2 R &0 F KE TN 2201

3 PIESERER

S FH SSOFNN 280 % b 350 1l 7 i H 7 7K Bk ot
AT TR, 256 45 T 8 3 ~ [ 5 jioR. 7T BLE H, 430
32 H 1) SSOFNN 78] fl % 12 1 M T30 00 6 9 75 7K i,
SRR P 7, Mk R o

1.2
—— desired output
— actual output
» 0.8
=
&
=
© 04
0
0 50 100 150 200 250
Training samples
a) SSOFNNJIZAE
0.4
=203 {
= |
2 02| | l \
207 il
B= N | Bl ‘* N 0 t
E o
{ N e
0
0 50 100 150 200 250
Training samples

(b) SSOFNN|ZRMSE

3 SSOFNNiIZLER

.

6 — =
- |
4 ‘ 1.,,_&
2 J—‘.
0 50 100 150 200 250
Training samples

El4 SSOFNNREEE#MZTINE

Numbers of hidden neurons

1.2

—— desired output
—— actual output /

Outputs

(=) (=]
> %
R

0 . P x
0 40 80 120
Training samples
(a) SSOFNN IR 23
0.4
!
i ' '
g 0.3 i I | Tt i
[ 1 1 , ! .
e Wl 't
ED O 2 n .t ' “,.s:.s.. Wi\ '-.-,_.'.'.. f _/-._..
£ 0 NS
E b, _.v“. : . |
= 0.1
= 0. |
O I L I
0 40 80 120

Training samples
(b) SSOFNN i 1% %

5 SSOFNNMif4E R

WE b, T JRUGATL ] 14 385 K ) ok 552 S i 8 1 PPN %
O A FE R A RS T B M A 0N, AR EAE
6 /MHE L.

97 33— 5 50F SSOENN [ &bk, 48 52 % it
T 55 At e 28 I 4 TN 53 16 B S, A 4 B
B LM B o 28 /1 48 (ILM-FNN), LM FER i 28 [ 2%
(LM-FNN), 505 41 25 5 2% (FNN), 3 K A& 8Y BB 1 22
W 2% (GP-FNN), H 2H 2345 ] Jik i 22 X 28 (SORBF) J¢
B A B #2245 (DENN). 1% ] RMSE 1£ 4%t Eb 45
B, & XA

1 N
RMSE = J 5 2l — ) (23)

n=1

X bE S5 285 AN 2 Fr 7. 75 2200 B 42, ILM-
FNN. LM-FNN. FNN &5 7 (1] [ 75 JE 28 70 40
£ SSOFNN 3K 15 5-6-1 (1) 8 5E 45 44 Ji5 1 7€ 1), 7E SE bR
7 FH F 7] S 435 ) 1) A 45 O 285 A TR AR S — P o A
PP 28 5 4y, 75 B A 9 R 2 A ) e i v 3R L. HH
F 2T LUF H, SSOFNN [f) Tl 14 B8 75 45 77 T 1) 7 IR
BT, RE A% 8 I 45 h R R R R AR R 1 N 4% 4
A, TR 22 /N, 38 A7 B ()5 2. 5 [ 58 45 460 ) ILM-
FNNAH LG, BT 3800 17 4544 B 20U L, 1847 I8 [A) A%
AR,

R2 FEEARKETUNXEESLIREER

B o RmoE TR i
T e R % SEATE I /s
M g Rk -
SSOFNN 6 0.0312 0.0498 96.34 6.37
ILM-FNN 8 0.0357 0.0558 92.41 3.19
LM-FNN 8 0.0536 0.0630 90.17 18.18
FNN 8 0.0499 0.0680 88.30 19.94
GP-FNN 9 0.0527 0.0670 87.85 —
SORBF 12 — 0.0623 — —
DFNN 6 — 0.1127 82.37 —
y
4 & #®

ARSI R K RN AR 2 VAR P s R
PEgE. BEHLIER. RomH 3R 2 0% 2 A2 (RS =, SR
T EET QUL 1 1 2 SRR Ao 22 o 5 g 2 0 A
B SR RS A3 BT 1A 500 A AT 2 1A
e, SIS A o3 A2 B, 18 B 4 S 0 Bodis R AT g
2 AL SR s AR (115 20 09 SSOFNN AR Y (1 g A\
HdE. F4 5L T Spiking # 28 TC AR IF AL F) 1Y -2 BT
AU LY SR e 22 o0 226 e, 45 5 Dtk LML 27 S B,
SCHLEE A B U BN S A, R T E A R
I 268 T 155 5 1 e R 4 25 4 . BRI R 7
SRS BCINATE ST ER L ELP I (@ NP N T S
B IR T SR ) S RO T T R 4



2202 7 # 5 & X #33%
THE, {8 SSOFNN #5845 4% B A T X E0 4 4 A (1) s [10] Hsu C F, Cheng K H. Recurrent fuzzy-neural approach

1l T

e 3 BT b R AR Y AR KR T 7

SEYGIRAIE, SSOFNN Lt HLAt et 28 o 26 77 32k Tt s Jo2 o
e, VISR 8] B8 e, LA R AR s A

SE 3H#k (References)

(1]

(2]

(3]

(4]

(5]

(6]

(71

(8]

(9]

SRHER, KA. KBTI 75 2 B PR S5 3L (0], o
[H 457K HEK, 2001, 17(7): 27-29.
(Zhang Y J, Liu Q S. Analysis and selection of
water demand forecasting methods[J]. China Water and
Wastewater, 2001, 17(7): 27-29.)

BAEST, BREAZR, K — W N 0028 9 2% 78 35 T I K
BT R R R (30, 4R K HEAK, 2007, 330K 1):
110-115.
(Zhang Z B, Chen C D, Zhang Y G. The headway made in
application of artificial neural network in the forecasting
of urban water consumption[J]. Water and Wastewater
Engineering, 2007, 33(S1): 110-115.)
ZRF, SR . 3T 5 2K RIS TR VA AN s AL B
11, KRR 54357, 2016, 22(6): 1-4.
(Li Y, Zhang L W. Evaluation and selection exploration
of city water consumption[J]. Water Conservancy Science
and Technology and Economy, 2016, 22(6): 1-4.)
Jain A, Kumar Varshney A K, Joshi U C. Short-term water
demand forecast modelling at IIT kanpur using artificial
neural networks[J]. Water Resources Management, 2001,
15(5): 299-321.
JAHEER, BT, TR, & R T BPAA M 24 T B AR
PR30 71T 266 1 FE K B TN 7). 25 7K HEAK, 2015, 41038 1):
375-3717.
(Zhou Y C, Li S P, Zhao Z W, et al. The prediction of
urban short-term water consumption based on BP neural
network toolbox[J]. Water and Wastewater Engineering,
2015, 41(S1): 375-377.)
AU, EER, KR, L FET T-S A B 2
P4 265 38 11 5 K TR T R (0], e A SR EE 2,
2013, 13(2): 136-139.
(Sun Y F, Yan Y F, Zhang B Z, et al. The urban water
demand prediction method of fuzzy neural networks
based on T-S model[J]. J of Safety and Environment,
2013, 13(2): 136-139.)

I SCE, Bk e, RS, RBF 928 D03 117 P /K A
AT T E 2K HEK, 2003, 19(8): 59-60.
(Bu Y H, Zhao H B, Zhou J H. The prediction model
of urban water consumption based on RBF network[J].
China Water and Wastewater, 2003, 19(8): 59-60.)
Chen S Y, Ji H L. Fuzzy optimization neural network
approach for ice forecast in the inner mongolia reach of
the yellow river[J]. Hydrological Sciences J, 2005, 50(2):
319-330.

A, TR K, L. IR AR E B B &N
FZE I 2% F2 ) U5 12 (0], 42 R B 5 A, 2015, 32(1):
115-121.
(Zhang W, Qiao J F, Li FJ. Direct adaptive dynamic neural
network control for dissolved oxygen concentration[J].
Control Theory & Applications, 2015, 32(1): 115-121.)

(11]

[12]

(13]

[14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

for nonlinear control ising dynamic structure learning
scheme[J]. Neurocomputing, 2008, 71(16/17/18): 3447-
3459.

Xu Y, Zeng X, Han L, et al. A supervised multi-spike
learning algorithm based on gradient descent for spiking
neural networks[J]. Neural Networks, 2013, 43(4): 99-
113.

Glackin C, Maguire L, Mcdaid L, et al. Synchrony:
A spiking-based mechanism for processing sensory
stimuli[J]. Neural Networks, 2012, 32(2): 26-34.

Paih, AR, BR. Spiking # 28 TT i A Sk It 2h B
WEFL ). HEHL TR S R, 2017, 53(2): 6-11.

(Yang J, Xu Y, Zhao X. Research on spiking
neuron sensitivity to input perturbation[J]. Computer
Engineering and Applications, 2017, 53(2): 6-11.)
IARLL, FI 30, Tk, A5 Bk £ ) 2 1t B 2 )
SR ILLRIA [J]. T 54K, 2015, 43(3): 577-586.
(Lin X H, Wang X W, Zhang N, et al. Supervised learning
algorithms for spiking neural networks: A review[J]. Acta
Electronica Sinica, 2015, 43(3): 577-586.)

Han H G, Wang L D, Qiao J F, et al. A spiking-based
mechanism for self-organizing RBF neural networks[C].
Int Joint Conf on Neural Networks. Beijing: IEEE, 2014:
3775-3782.

Xie T, Yu H, Hewlett J, et al. Fast and efficient
second-order method for training radial basis function
networks[J]. IEEE Trans on Neural Networks & Learning
Systems, 2012, 23(4): 609-619.

Wilamowski B M, Yu H. Improved computation for
levenberg-marquardt training[J]. IEEE Trans on Neural
Networks, 2010, 21(6): 930-937.

Bohte S M. The evidence for neural information
processing with precise spike-times: A survey[J]. Natural
Computing, 2004, 3(2): 195-206.

MehtaM R, Lee A K, Wilson M A. Role of experience and
oscillations in transforming a rate code into a temporal
code[J]. Nature, 2002, 417(6890): 741-746.

Benchenane K, Peyrache A, Khamassi M, et al. Coherent
theta oscillations and reorganization of spike timing in
the hippocampal-prefrontal network upon learning[J].
Neuron, 2010, 66(6): 921-936.

Andrew A M. Spiking neuron models: Single neurons,
populations, plasticity[J]. Kybernetes, 2003, 4(7/8): 277-
280.

EMFT. TR0 B ALGUE I RBF #1142 R 2% 1) SVI K
DERTFL[D]. Jbat: JEat Tl R 2A{5 B 2448, 2015.
(Wang L D. Soft-computing model for sludge volume
index based on spiking self-organizing recurrent RBF
neural network[D]. Beijing: Faculty of Information
Technology, University of Technology, 2015.)

Lu C, Han H G, Qiao J F, et al. Design of a
self-organizing recurrent RBF neural network based on
spiking mechanism[C]. The 35th Chinese Control Conf.
Chengdu: IEEE, 2016: 3624-3629.

(TR 3 24r)



