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Modeling and Optimization of Pure Electric Vehicle’s
LiFePO, Battery Pack
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Abstract: The traditional neural networks and support vector machine have the weakness of complex mechanism and large amount of
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computation. It is difficult to track the complex and fast inner reaction of LiFePO, battery pack in real time, affecting the estimation accuracy
of the battery state of charge. A simple and effective extreme learning machine is proposed for the modeling of pure electric vehicle’ s LiFe-
PO, battery pack, whose rated capacity is 100 Ah and nominal voltage is 72 V, then compared with the back— propagation neural networks
—based, radical basis function neural networks — based and support vector machines — based. Subsequently, taking the learning time and
generalization performance as the optimization goal and using the particle swarm to find the optimal hidden node. The results show that the
model of LiFePO, battery pack based on extreme learning machine has shorter learning time and higher generalization performance compared
with the model based on BP neural networks, RBF neural networks and support vector machines. After optimization of hidden nodes, learn-
ing time and generalization performance of the model is optimal.

Keywords: traditional neural networks; support vector machine; LiFePO, battery pack; state of charge; extreme learning machine;

particle swarm optimization

0 3|5

AR . BRI A B A . AR . B
BRI A MEIR G — R A . BT R O AR B
TEERAETR . SR . R kR v v 4 DR L 2 0 P I I B AE BB
AT e R o T 22 B SR F A 2 M R A R L TR RS I L 3
TRHURAS (SOC) M SRS B . e SERDRR HE 1 BELAS T 37 fig 535
ZE PO R . PRI X TR A L A T e 0 4 T A 4
BF RIS A b A

Scik (17 %7 G LR 3 00 10 B TR ik 20 e o 255 A0 e Bt
BRI A 25 0ol B AR 5 PR R IR S P R R 5 T
Giph 4 A S R AL (SYM) WfEfE L FARR: D 65
M4 EE RO, 2) T SVM 25 B — Rk 0 &l ok
SRR ST . PRI SV X R B I R A X L S

SERPAL G0 2 R 4R SVM R . 2006 4F 37 1 5 7l 7 7

K EHI:2014-09-11; fEEAHI:2014-10-13,

ESWB :EHRX ARSI H (61364007) ; [H K B R B2 54
I H (610034002)

EEB N RPN A970 L HL LM A B8 LA R, £
2N AR VR e e S 4 ] kR S Ak T e RO

CRZH B RIEH T —Fp i S0 5 F . 500 SR 2 s o
M4 (SLFNs) 222 8k W% P (ELMOP 1, ELM
To il VIR S50, Ho i AU A B )2 I 2 B DL S 1,
e R AU, U R R b HLPE RE ST ). ELM
BRIk S o E A P P L Ak R R A PR A VT R G R Y
KA RE.

Hl . ASCER WM ELM A — {8 %0 46 v, 305 4 1 A
U, BUEA N 100 Ah, BUE R KR 72V BB 24 st 4
HATER, Jf5 BPNN, RBFNN, SVM #:47 [ #; G LA
) ) Rz AV RE A DR AK B AR, R FRL TR L SR B RZ
A
1 1RBRZE 3N
1.1 SLFNs {183k ja 5

MFAAEE NAASEGEER (a0, Hd xn =
[Tt s iz s e - ,x,,,]"‘ € R, = [Lastizse .. st ]’ € R", NA
AN ABZY A W EECN g BARE SLFNs #8035 15
I

N N
g = D pgiw, «a;+b) =o0,.j = 1.....N

i=1 i=1

@Y



« 1714 -

PP A 5 45

% 23 &

A w0, = [ s sw, |7 RS § P RUZ SRR
AT SRR B s B = (BB P )" o RIEHES i K
JE2 R R T B b R ¢ N R 0 B 5
w, +x, Flw, Mo, BB B AR

BORERAT N AR L SR B RO g (o) (45 M SLENS
AAES LR 2 W% N REA, @R E > o, —
ol =0, W, LR » w b fiFH

N
DpgCw e a +b) =1, =1.....N (2
=1
K (2 P NADFEXATHESWT -
H3 =T (3
Hrfr,
H(w 5.0 swWxsb1 5o oo 50X X1 50 ot sTN) =
g(w, » 21 + b)) g(wy » 21 + by)
(4
g(w, » oy + b)) glwy » on +bx) NxN
Bl tf
B= T = (5)
% Nxm tl\ Nxm
530k [6-7] iyar AR, H FR R HE M 45 1 U2 i
B

1.2 EFH#ER SLFNs %23 77 i%

fSCk (681 RN, R BRJE W SRS F I GRRE A 5.
N = N, W4 H &7 B H A%, 3¢ H SLFNs if LU % i 2%
W XY GREA . BRI, AERZBEGEH T, B2 S8
INFINGREA S, NN, Buiy, 8 H 5ARD7 B, T H T fE 4k
RENE HB =T w: b5 G =1,....N) ., FUHTRERES
HREE I wi b BG = 1., ND ERRIY, LUGH

| H(w, .. .. DoOB—T| =

ZWN D1 5.

m/in | HCw, ... swy by .. sb)B—T| (6)
w, b, B
E A T B B M b
N N
E= > (> pg(w »x;+b)—1,) (7
i=1 i=1

Kb HEFERA . B2—METHERSTEE, TEEAT
T4 HB — TRy B/IME . TR /ME Y I AR SR F 5 T 486 B /Y 3
% i W ORUE w B B E 6 SR8 B T T %
J E(W)
JW
A, g oo 2, BP 2 o SE kR B A T i 22 19 246 2 5]
SRk MR BETT LATE f S o £ 1 B A B0 AR P ot T 5
Ko SR BP 2 S B AF7E LU R JLAS )
1 Y2 F g 2l /AN, %5 S BRSO R
W, ZIEM B RATRE . EEL
2) 5 — AR BP % 5 S M AR R A7 TE R R ME
3) SR BP S0 (40 28 W 2 2> A7 AE VI R BE i ) A, Aol

(8)

W, =W, -7

m g

4 2 W 2% 2 AL PR RE 22 .

D TERZHEOV . BT A2 kB AR B AR
1.3 SLFN WHR/MNEHBE/N_FHE

KT YL, FAEE R R, Huang P U T EHEET
— 0 I T A R X 2 3] Bk

EFL1D ., A —AEAE NARZN S, MR ¢ R
— R (FEATA] X [ Y TE 55 I A0 A SLEN, St FE & N A4
REBIFEAR (2ot (P 2, R L € R™D, FHHLER w, €
R, b € R, W &SRS, SLEN AY B2 5 40 1
HW#H |HE—TI| =0 MR A 1,

ERL 20 S E AT B/ NI IER € > 0 MILEATAT X i) P G 55
A RS ¢ R~ R, WfFE N <N . (i FAEE N
AARFERIBEAR (25t (FHp 2 € R € R”D S FEHLIER w,
ER ,b €ER, HESMES AT, | HoxBroo — T |
< e RN 1,

HEH 1 ME R 2 . 5T AU AR
A7 VA B AL B2 R BGE T BE R R A S s 23 s 88O JE 55 il
TR S i AR R U2 B T AR HLSS & . SChR F, SLFNs
30 A o FOBRUZ M08 0, TP, BRIZMBEE H 78X
o SR R ML 25 2 2 05 Bk T AME— B .

B AAUE o FIGERE 0, B 2 )5 . RIE (6) A,
Yk SLEN g% T FHREVER G HR = T Wift/D /B -

| HGwy st swx sbrse . b)DR— T =

min || H(wy s .. sws 5B s 53— T | 9
B

ERZW AR N ST UIGREARSN . Y BEHLZ 2 A
BUHA w, B2 E o, B, FFF H J&J7 B AT, SLFN fig
DA R 22 8 0 X S I Gk AR . BRI, TERZHET . B2
SUOBON B ANTUIGREARRN o IR, SEME H AR T, T
HAl B R B HB = T/ w, .08 = 1.....N) . i fh
Moore—Penrose J~ S5 iy T AT, R 2R R G ) B
TR /D R A S

p=H'T 10)
K, HY AR H () Moore— Penrose |7~ S 3% ,
1.4 ELM &3k

B, —Fp i By SLEN 22 3 80— ELM 2 3 3t 7 LU
HEFE AN -

HENGEE = ((ivt) |2, ER 1, ER"i=1,...
W BRE (o) BZT SN

Stepl: FEHLZE ERANE w FIBRERE b, = 1,...,

SN

N.

Step 2: WHRZHMEER H= g(w.b,2)

Step 3: MM AMHER: p=H-T.
2 ELM MEE

o T A5 E W R AR A R A R R, DU Y AR R — st
TR AL RE AR AT 2 M AR LR PR ST . T 255 T ol 2 ) 4% ) A TR )
JC 5 AV F s P YA A L 3 it ) R AR AR A B R R

BERR AR b ) SOC 5t iy ML it . MR IR A A Y
AR PE S RUT, Il W AE SOC il 385 & h A8 B AR B,
UL, 00 R A2 JEl S0 00 200 i e, DA e TRY R 3 194 e e 2 £ T %
WA ASE TR (ARG B L b4l FER R A R AL B 09 TAEJE . n



% 5 3 REAH, %

2 Bl R R R R A vl T A R e Ak

- 1715

JUA/INEE o &5 1o U7 SR AR 10 Tl 1 4k 41 L it L 119 08 LA R, R
N Y N G AR R . I AR B i A 48 I 4% 5 SVM R I 2R
XARMERE, FEA MR, EEX SVM KL, &6
Tk, B BEIRBFRMF I T L, Mh L1 47af
A, ELM AR TG00 48 W 4% 12 00 4 502 TG 140 22 21 )
Y, XA ARIER

BEER R b Y SOC S b i . W R, R E A
RMOTL Bk, AR SR R R R A R . . SOC FE N
MRS, DA REVE SR S i . B

p(k) = [I(k), T(k),SOC(k)]T 13)

Kok FRRAEBINGE  HEHE. 2 p (B =2, V () =
Ly WANGER R { (s ) |mERY, tER, i=1,.... N}
(n=3, m=0D., BMEHINELTNT IR,

Stepl: T AFFRAERI G, IRV,

Step2: X BEMLAG G MY B0HE HEA4T 0 — 4k, I 38 B A Il
SRAE AL

Step3: % ELM [ A, BIUNZR4E . MK HE . 300 ok 5K
FR . R

Step4: FIH ELM 2% 3 523 % 848 170 2, I8 2% 3
BFIAD . DNZRoRS B . MR a] L RS B 2 1

Step5: X Il ik H (5 A0 0 S (ST R A — 1k,
3 FEERRSW

HRYE AN 1 BT 7R A B 3L (B X — B 2 &5 B R 100 Ah., HiE
B 72 VO 4l B9 4 B R VR B R A T A AT T
SCH CHWONIEMEER/ARFTE, BN RERRRE), 7Eli
T o R A e vt 2 P o e P AR AR AN 1 BT R . B 1 AT,
TERS PR B i 2 FE O A R P, R R R R AR R A AR e
I 5 5 W TR A A L Tt 2L A B R T I B 2

40 74
] o R s R 73
0 72 Z
< e
% -20 nE
-40 - 470
..... HJE Cl Y T
-60 . : P B
0 100 2000 3000 4000
A /s

P 1 e A B P Tt 2 9 SRR PR O R TR AR A

AR SR, BICRER T 9 715 AAFHR (L
Bl CAN BZk%F 0.4 s I — R ML M B R S 48D . B
ML T 6 000 4R AE N ELM Il R4, R 3 715
HAE Rk 42, £ Dual — Core (2.60 GHz) /Windows xp/
MATLAB/R2010a 3355 T, LA Sigmoidal & % 1E o 3% Jih o6 %k
MR AN 40 GIGR 50 WG KFE#HME) B, ELM 235
ERNEREEE (8 RMSE) R bR B2 . 45589 7% 1,

H T I UERE T ELM [ 5 2 4 4T f 3t 4B AL 1 iR, AR S
3L F ELM R85 52 2% 81 i 3th 41 852 A 5 3% F BPNN, RBFNN,
SVM [ 1L B 04T L 55

FIREM 9 715 HE IR HREHLIE IR 6 000 4HAE M IIZR4E. 3
715 A Ve AR, FEMFE MBI T, HERE A 40

G 50 WIHRFH M) mf, BPNN (Bp 2, 3% 78w
40, 2 EH 0.1, HIHriE2E HARE 0.001), RBFNN (%1t
UHUL 40, P BB 1, ¥ )R 22 HAREL 0. 001) . SVM &
BN GRAE B DS B, S5 R0 T 3% 1. AR 2 595 1T 20
ARG RO Rz AL ge & 2~3 FoR .

M 1A D ELM 2% it E (0.1406 s) . BPNN
(16.1094 s) M 114.6 £5. b RBFNN (87.5156s) fkt 622.4
%, b SVM (2704.9 s) e 19238.3 f%; ELM ¥ Il izt i} ]
(0.0313 ) % BPNN (0.1250 s), RBFNN (0.0625 s),
SVM (1.7344 s) %; 2) ELM. BPNN. SVM (¥ JI| % k5 &
AR —HK, ZF RBFNN, W 2 fiR; 3) ELM
I R B iz b M #8) fi T BPNN. SVM, Jt H L T
RBFNN, & 3 i .

F 1 AR MERE L

UL HIREY Nodes/
ik
t/s RMSE t/s RMSE SVs
ELM | 0.1406 | 0.0414 | 0.0313 | 0.0498 40
BPNN | 16.1094 | 0.0853 | 0.1250 | 0.0905 40
RBFNN| 87.5156 | 0.0738 | 0.0625 | 0.0825 40
SVM | 2704.9 | 0.0395 | 1.7344 | 0.0502 | 3192.5
75.08 T T T
74.5 f ——FLM
--+- BPNN
el - RBENN
g
2 73.5 St
=
®
""m., S P
o PPN —
72.5 F o O O P N O O - O ST SO O - - B
72.0 . . .
0 5 10 15 20
BEA%
Bl 2 T B i A iR
CF v r :
\ — Wi
—&—ELM
74 b 1 ==+~ BPNN :
o ; @ RBENN
N
| -~ SVM
B
3 73
a2,
..E..‘.m-..E---.E...E....E-..E‘..Eu-ﬂwuﬂ.nﬂ...,m,.,.E~..u
72 .
5 10 15 20
BEAH

B3 ORIk Rz A RE

HIDETT A, 25 ELM 9 i R Bk 41 v 3t 2 8 28 1 4815 2%
R ZARPERE L 2 > I [] K B0 A [R] A% P RE T A

AR, Sl I R R T R AR R — AR A R
8. 5 PCHK CPUMLL, HNAAR. 46T B .



« 1716 -

PP A 5 45

Wb B R 0% S 1k X v Sl A A R kR L T 2
B UG 28 W 46 N R — BT BT B SR L A ST (A
B, R, oM aEMaF SVM AU R 26 B85
R ELM ARy —Fhf] B, v 2000 B 0t ph 42 R 2% . 2 o i)
FARME (R RAEMBD . Mk, 8 ELM N F 4 ghii %
A L L b A T AR T RE 1Y
4 RFEAM

W BT A, 25 ELM R T 46 s 3R S IR
B el i 2 G A, UL A 3 SRR I RS B R TR B R R A
SR R AR — A BRI R R X R A 2 T R[]
JE . ZAYERE SR AR, A XA TR BRUZ T B 2 >
R B, EAR ELM Bl ia0Ks B 75 — 5 1 Rl P9 Bl BEUZ 37 B0
BT TR R AN 4 TR, EBE R BT S RO Y
W2 ELM (94 2 Bf A8 CIn & 4 Bizs) . B, IR
JBE A1 2 > T R TG ¥k [ I il AL

0.7 : : : : 0.7
0.6F — WKL 10.6
o |
= 0.5 0.5
< 0.4 10.4 =
2 o3 0.3 B
£ - TR
B 0.2 {0.2 2%
= 01 0.1
plaszzmeesent . : , "
0 20 40 60 80 100

B PO
B4 R 2 5 O L0 0 RS % 25 T e

S, AR LA S b ) A EORS BE O Ak B AR .l )
AERCE , HIRF RO B (PSO) FHRE MR E T A
YOI PG RGN O VAR - 2 N IS Y Y = e G R
TRORS B A2 ) B AR A AL R I 00 T et . BB BRANE

Stepl: ¥ #E PSO Wiz TS, SHETEHSH cl=c2=
25 BARUHEL maxgen = 100 ; FUHEHMEL sizepop = 20 ; Fh
FEEBREN N 2 popae = 100 5 popun = 15 Vi = 45 Vi =
—4

Step2.: B LG LR T 19 007 B T B, AR 4 38 1V eR B
TR 3 N .

Step3: EACT . ARG AT 2 3 H R = R
I ELAR B0 L 1 35 1 R A A AR (B RN AR AR

VL = Vi 4 ¢ (gbestt — pop?) 4 ¢y (zbest — popt) (14)

popi't = popi Vi (15)

i, b AR EL, § = 1,2, sizepop » gbest AR
s wbest Fy 2Rt

ML LA 128 B ie ATk F B UL AL, 49 B e A~ R Bz 2 {8 0
5818, MBS AT, e AT B B A IR GE N RE (E
0.028 8, XTRLMBRZ T A B 34, B 4 ATE1, YFE 208
B 34 Bk, XA IR B2 D 0,050 0, “F 2] I JE] 2 0..070 9
so SR SEC 40 MOAE L, IO BE BUARBIR T, R
F O HURIR T s PR, FLIUEORS B R 2 o) MR AR TR 5
PR LT SVM, Wt b7 #EL AL L SR R R )2
RBUZ RN

5523 %
0.7 : : : . 0.7
0.6 — WA 40.6
g2 o5 “lo.5
= g
E 0.4 0.4 3
% 0.3 0.3 E;
£ 0.2 0.2
= 01 0.1
. . : 0
0 20 40 60 80 100
B 5 A TGS B (E
5 g

ELM @y AR e, Rl 2L+ 2@t nl LLsE i, 2
g MG ML E £ T 5. SVM M EJ5fis. T8 7 & 41
LR 4 AN SVM. 2 o] i i) S 5 I 250 B2 w5 A BE [ I i 27 19
FIEs BJRT A, B A o) i (a] A P E ik B
.

S E 3k

[1] Chen M, Gabriel A. Rincon— Mora. Accurate Electrical Battery
Model Capable of Predicting Runtime and 1V Performance [J]. En-
ergy conversion, IEEE transactions on, 2006, 21 (2): 504 - 511.

[2] Huang G B, Zhu Q Y, Siew C K. Extreme Learning Machine; a
New Learning Scheme of Feed Forward Neural Networks [ A7,
Neural Networks, 2004. Proceedings. 2004 IEEE International
Joint Conference on [C]. IEEE, 2004, 2. 985 -990.

[3] Huang G B, Zhu Q Y, Siew C K. Extreme Learning Machine: The-
ory and Applications [ J]. Neurocomputing, 2006, 70 (1) 489
- 501.

[4] Huang G B, Zhou H M, Ding X J, et al. Extreme Learning Ma-
chine for Regression and Multiclass Classification [J]. Systems,
Man, and Cybernetics, Part B: Cybernetics, IEEE Transactions
on, 2012, 42 (2): 513 -529.

[5] Huang G B, Zhu Q Y, Siew C K. Real—time Learning Capability of
Neural Networks [J]. Neural Networks, IEEE Transactions on,
2006, 17 (4). 863 —878.

[6] Huang G B, Babri H A. Upper Bounds on the Number of Hidden
Neurons in Feedforward Networks with Arbitrary Bounded Nonlin-
ear Activation Functions [J]. Neural Networks, IEEE Transac-
tions on, 1998, 9 (1). 224 —229.

[7] Huang G B. Learning Capability and Storage Capacity of Two— hid-
den— layer Feedforward Networks [J]. Neural Networks, IEEE
Transactions on, 2003, 14 (2): 274 —281.

[8] Tamura S, Tateishi M. Capabilities of a Four—layered Feed— for-
ward Neural Network: Four Layers Versus Three [J]. Neural
Networks, IEEE Transactions on, 1997, 8 (2): 251 - 255.

[9] Haykin S. Neural Networks: a Comprehensive Foundation [ M].
Prentice Hall PTR, 1994.

[10] Gao L J, Liu S Y, Dougal R A. Dynamic Lithium — ion Battery

Model for System Simulation [J]. Components and Packaging
Technologies, IEEE Transactions on, 2002, 25 (3): 495 -505.



