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Multi step predictive model of air fuel ratio of gasoline engine
based on Elman neural network in transient condition
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Abstract: A multrstep predictive model of air fuel ratio was provided to overcome the influence of
air fuel ratio transmission delay on air fuel ratio control accuracy. Input vector of neural network
multrstep predictive model was determined by the maths model of air fuel ratio, and derivation of
air fuel ratio reflecting the air fuel ratio tendency was included within input vector to improve the
prediction accuracy in transient conditions. The simulation was accomplished using experiment
data of HL495 gasoline engine, and weight values of Elman neural networks were adjusted by
gradient algorithm. The results show the multrstep predictive model can be used to predict accu-
rately air fuel ratio during transient condition and maximum error of prediction model is below
1% and average error is below 0.5% . The model can be used to accurately control air fuel ratio
and improve the emission for gasoline engine in transient conditions.

Key words: gasoline engine; transient condition; air fuel ratio; Elman neural networks; multr

step prediction

Yz #5 B #A: 2006 ~ 02~ 28

EETH: WK QAR 54 % W5 H (50276005)

EERIN: EERR(1971- ), 5, WIMEN, BIE0Z, ML5E, NSHR4Em Tl R MR
WBIREE: e, B, WA Wifk: 13055178771( FHL1); E-mail: houzhixiang2008@ 163. com



© 982+ R RS AR (A RBHEIR)

o537 %

AT BRI LTS e R HE SO A B A, w
ORI AL I LUK ff 128 il AE B IR S R L PRI . 5K
o 2o AR B FR B /N 2R A 2 TR K5 i = 2 A A 2 A 2
. HHT, G HVOMAL S B B AR £ TR R R TR
ARG A FPAME IER G, Tk K
ar CIRAEHFUE A, UL N S BE AR RS TN A7 A% B
SEIR, AT B AR A L A P2 RS 5 . ARSI T 00,
M FIRITRAE, RELA AR LIRS K, Atk
S A i B 3B I T 3o 25 908 L 97 ) RS £ 10 5% i 5E
RUE LT B iR VR B IR L A% i S 3R X
R L PR BE RS2, AEBEER BT Elman £
2 M2 I DA LE 22 2D PR Y, DU SR PR R AR
LRSI 0 A L B FREI A28 7

1 ZRRRRY A

EIALCELANE 1 o o AR A 40 5 9 T B
AL S B 2 # . SEBR SR L A HENTEL =S
TR meae 5 BEN LA TR mee Z L, BT A=
%j‘ o BEACE B A AL T TR RN TR LA
I L R B U E R A = Rk B 8 WP
SITUTE a B LT p o BARZL MR R, 773
2T ma A

ma= gi(& pm) . (1)

me l

e ]| et Frrey B
® R mrema] -
PRI prempreT]

1 TR
Fig. 1 Air fuel ratio model
ELA AR S meae B3 8mea. FTHE
RN o MBETE ST p w BIARZN: 2R 2L
= g2( ) pa) « (2)
RS LOUN, B8 N2 TR A RE,
BEA BB B RRE AN 5 T REAN LAY 2R
P GPOMLAL TR TOU, TR R G
ESNAW filkempty A | B L HBEE KA
MBS R EAASARETRE,

puVa
Y (3)

KA ma WRETVEANZRE; Ve HIETVE B

R NS E, T HIEREWNEE . X (3) Wil

Wy, Al

; RT, . Tu
pm: an mam+ pm Tm o (4)

Z ISR LT AAE IR BUR /S, & J7 B
[) A7 A LU B B TE) (9 8 4k KR 22, BT EA, 2
X (4) AL 200, B UE RGN 1T DMRAE,
iz F o SP e e, A

LA S A (5)
i (4) FI( 5) 75
i %(fnm— ony (6)

(1), (2) F(6) A%, FERliE Talms, did
A I NSRBI S SR ] FA R
M= g3( Y pu, 0 . (7)
b gz HARG MRS . A AR A T v
TEMEIH VK D8 I 8] 26 PSS HS B RV s — 3500 20 AR Wil
AT EBRE NS, 59— 5840 W) DA 2 v
T A BE B A B [T T AR T By JBE, Yt PN ) 994 ¥l
XU T R EAR A R, ZARKHPMZESRS Bk
THZER— R NTHEL . S BB ) 2 A mT Y DL 4k
SN DA

mu= (1= x)ma;
me= 'l}(_ mig+ xms) ;

M Mt M (8)
A ma A BRI 2RV BT mo A VBT YHTIE 5 HH A Y
JRUER m R m oA VR B2 R I B R L AR AL 2R e
R NSELI B R, T ORI R I T AL «
N B REG ST M x A REIPLIEAT THH)
PR . BERCR T
T=f1(9 pn); (9)
x=f2(9 pm, Tu) . (10)
Hepe £ M B ARGt s . B1a(8), (9) M
(10) I 50, EREHIENERE T. HEFLT,
HE LR v o i mT R SR IA:
miee=f3( 9 pm, ma)=fa(Q pm, t:i) o (11)
Hrdr: f3 ffa WA de s . X (7) M 11),
TRRIGE AR AT AR M R B H fl A
MNH(Q4 9 pu, ti) (12)
48T IR AN RE E R R A AL N, %2
FAEHERE N, BT, SRR BRI A A A% i 12 1R,
W HHRAE W= B S 5= 28U R A7
TERCRIE s, PG i ) N 55 RS . BRI, 3K



55 1

fRaEHE, &5 JET Elman #1122 P45 VR IHLIE I L o0 SRR EE 22 20 HUM AR 2 * 983 ¢

BRI 3 12) A7 22 B 2% S aS T AR 2

2 T Elman W2 PR L2 20 Tl
AR Je HAT

2.1 FElman M4EE KL
HAZZM ARG AT R, HSfie
g ) A IS ) S ASE [ 80 AR Ay — A e 28 2 T) S A ] R,
XNRAFAEVE 2 . A B8 FR IR HE A 1, 3 DL
W2 SRR AR, X RERGE T
e . bk, B2 B M S R G0 AR R R
AVEBURK . BV W 2% 2 — Al L ) B R SR

TH, b Elman P48 5t — P 1) 3 25 38 0
W2

Elman 926 & 525 5 90 22 0 2 15— A, B A7
BAS LA 8 U1 D, 35 B 4% LA IR B
[ 2 i Elman W2 brAELsH, b o~ o
o B B4 2 D BLA BB w( T 1) % Elman %535
T LN IR x () TI 20 2 4 e
By (D N TINZIR 4t it U4 R
Y = =T A )= =T
RTINSV L, JEAE AT 2, AT
BSIBRE T, B, W% AR . XE 2
o, T AR R A 2 T ekt
(D= f(@x(D+ Fu(T 1));
X (Y= x(T 1);

Y(U=g(“x(D). (13)

s x Na R £ )M g( =) 73 fan it
=B 2 B R 4K
M)

BAE
u(t-1)

2 Elman M %% 45#)

Fig. 2 Structure of Elman neural networks

2.2 TMEE

35 22 G0 () AR Sfe i Y AR 5 R 4 4 i I 20 (R
AR, 54l N R RS MRS B ERG
K GG EANT, JSCGE R M 4516 2 25 T 45
B, HER R G S b 1 AR R, B AESE
k— 1A — B S 500 B S 5 AN 2% 15 A 2
BIaf™ i F Elman W% 3 S S HHHART, W
I, EHEMHRZ ZGOREE NN, k> fi
NZHous . T, KA 3 B s R ms
4825 TN ATY e ik T FE AL A R AN
TATTIFE VSR REBLE R A RS T
P d, TR MRS, TR RS, H A
M k- 1 ZI BT 255 R REEH—F F ZFr
S8, ETUNE, KSR RAE RN B E S T
FEMfb T .

d(k)
u(k) RENLE AR)
BILRS (L
&%
: N
iGe-1)
A1) ENN .
A1) A ()
d(k-1)
u(k-1)
\__,_,__

3 PRI Elman #2010 45 2 20 P00 A5 Y
Fig. 3 Multrstep predictive model of air fuel

ratio usin man neural networ
t g El I net k

Nk=1)= Xk)- XNk-1);

—br2E:

Mh=1)= Xk)- 2Xk= 1)+ Xk-2).
2.3 FRMEX

FEARZE P48 (A S N ) A, B N k- 1) A
N k= 1), FFF o 28 90 2% 1) BT A N Bl kAT R
AN EE XT3 RIS BALE Elman #2845
ZOP A, 40 AR .

P JFL3 5 1 AHEE, K Elman P25 5
LRSI RLE R GBI, WSS I A\ Ok

I(k=1)= [u(k=1), d(k- 1), Nk-= 1),

Nk- 1), Mk-1)]. (14)

PR 25 % 0 XNk), BV Elman #i£ R %%
SIE I £ 1 S -

Xk)= ENNJu(k- 1), d(k- 1), Xk- 1),



. 984 - R (1 AR )

o537 %

Nk=1), Mk-1)] . (15)

2] e H I 5 WSS, Elman #1408 00 25 (1) %
HoN(k) =~ XE) .

PIR2 k=1, EREd(k- 1), u(k-1)
M XE- 1), ARAL(14) 1B Elman P28 A48 1,
FH M4 N(k) .

T3 JFR3 5 2B, A (14) k= k+
1, MG AE W (k)R T(k) T SEBMA Xk, ¥
L) VERF AR, B CZ ) Elman f1 £
W2, K BRECI— S TOE & (k+ 1) .

FIE 4 B Elman M2 4550 H G FOE Q=
B2 14) TS A3 1 SE B AR, 7 A28 R i A A X
THEHT R TNAE .

$ES FERELEA, ELHNN SN BT
TR L AL B S AR I [6) 55 KA RS I LU A, 72 N AP TR
ML FEF, d Flu ), KA ) 2% ) 25 S R L
ZWIAE X (k+ 1), N (k+2), - N (k+
N).

$E6 RFE2,

3 2B TINEL R K 25 Kk

WP AN HL495Q DYSLHL BT HAL, K3
BULHER A 2. 84 L, #r7E DAV 370 4 73. 5 kW
A3 800 r/min, E4itk €= 7.8, B H N
750 r/ min, W Zh2E 4 CW260 & el i I o) 2%, (E
IR ERFEE S ARKREM &M T, RN H R
0.01 s . TRV IE LB E R, Fik, 765
AUTAFEVEE A 2 B BOR S, R SRR
F5% HREENES RIPLEEAE S Bk
MR EGES ARRIE S R 1RSI0 s
5, M RTTFEUAREEE 07E 1, 2, 3, 4 A
5s WA EITHE 85%, FFEEMNARITE 4S8 s,
SREL S x 800 41 5L 56 F s . R 2 Sk R S ML
B, AT R LA R BE (4 Al AE 0.5, 1.0,
1.5, 2.0 F13.0s ) M1 85% ik & S A7 E, FIREL
5x 500 205500 . B Kl 3 AT, Elman #1480 2%
BINJEN T, WA I 2 4l T 2% 1 B2 RN 45
JEMER 12, L3 s PINTEART 1.5 s P80 1) 5250
AR R BRSSO A 56 AN, HAdAE AR g I 2% %
WIIZFEAR(5200 4), SKH B BUEEAT
B Z gyl H ¥ MATLAB H

traingd( ) SEL, YIZRDECH 8 000, A BALL AL 4

FEFR N ] 55 SR A I () 4 PO 2P K N = 4. 4 4%
HERINZRSE R a, LUK 50 FF A0 152 B Tt 5 ) JEAT
R, P g K5 S BR gl w4 FE S s
AL, R R KR ZE N T 1%, “F¥wENT
0.5%, Wz RER & .

17.5

16.5r 1

T

15.5

14.5

0 2 4
t/s

(e, %
o0

1 —S2E; 2 — T
4 3 s AR R A A B T £ 2R
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