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A capacity planning method of charging station based on depth learning

LI Zhi, HOU Xingzhe, LIU Yongxiang, SUN Hongliang, ZHU Zhu, LONG Yi, XU Tingting
(State Grid Chongqing Electric Power Research Institute, Chongqing 401123, China)

Abstract: With the increasing growth of charging facilities for electric vehicles, the power supply capacity prediction for
electric vehicles required by the social users in a district become a key issue for charging station’s construction planning.
Combined with the data feature theory of depth learning, a machine learning based capacity planning forecasting method
based on charging station capacity impact factors is presented. The method, considering environment impact factors such
as traffic around charging station, regional development, power grid security and so on as the basis, trains and builds a
neural network mapping model of service environment and charging requirement. Experiments show that the model can
give the ideal charging capacity of the to-be-built charging station after analyzing the impact factors of the to-be-built
power station surroundings, which could solve the sizing problem of the station charging capacity.

Key words: charging station capacity; electric vehicle; big data
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Fig. 1 Training flow chart of charging station capacity

prediction model based on data feature learning
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Fig. 2 Comparison of conventional Voronoi diagram

and weighted Voronoi diagram
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Table 1 Training set of traffic impact factors
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Table 2 Training set of regional development impact factors
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Table 3 Training set of power grid security impact factors
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Table 4 Training set of other impact factors
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Fig. 3 Prediction model of charging station capacity
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Table 5 Prediction model training algorithm of charging

station load based on depth learning

s WZEHE sample set(train_x. finetuning x. finetuning_y- test x
Fl test_y);
vt 7o BN S AR

IR R

BEGIN:

1) H4G4k DBN 11 RBM JZ80 Ly & J270 8 N 28 2]
wo B ke, EEHRUERERE WD, W EHEE B[]

2) A train_x, 1| DBN.

3) A finetuning x. finetuning y, X} 2L3KHX[ DBN X/ BP
ST RO .

4) FN test_x. test_y, WHATINZRTERIIET DBN (1708 Hi il
ST [ RS %

5) AR H RAER AR AL 2K, IR IR 1), SRR
W2 IR A R, BRI IR T R

6) £ H 5 O S I LM L SR, i
i,

(FR SRR 7 K ) BdE sample y(FHA T Dy d150). M
sample_x 1 RfHLAH ORS8O e i B 4% 21 35800
I ZREm NEE A train_x, 2R 5 FF M\ sample x o 4211
i B LA T A $d £ finetuning x,
[F] e AN sample y R EROGT R PR Bl 495 ST FE o
4E finetuning_y, XA H TULARIZE 25 11)
ek He)a P T4 sample x il sample y HFHEAL
e TR I (P B 2H X 481 test x A test s
FH B0 UF A2 (R HERf 1
3.1 &F CD #I RBM JIE %

7E RBM M [ [1) DBN Y8 2% 3] 28 ) 4 4L
B NGRFEAR TN Z WA AT Z v(v,v,), TR
S T A A )] DL AR AT RS, JOGE R A B (B
JZ ) R &-phze oo a9 s i B AR s T
FER B A ERE . RBM e — 2N &R, B2
[ AXIE R Z M M 4 fe e i . 3L T RBM B!
(PIRREER, LA 2 R A B A AT 1
RBM Il ZRd P 205 D) Gibbs RAFF 75T R
P, AMUTFEREAR, ©FEZXETRE, X
TSRO HLINEE T RBM IR BRI, Muzy
VBRI ATAT, (H MR ok AR E T,

5 Gibbs KFEEAIF], CD SyEAEH I ZAEAY]
G vo I, AT S k(HH k=1)20 Gibbs KAEAE
ARSI et 78 D Sk, wl i
BICIRPIRES PR — D INGAEAS, R AT A

X Vx e X, HIEHAE voi=xs ARJEHUT 120 Gibbs
KA, AT



Par
% 8, %

HET IR 2D 1) e vt A BRI T ik - 71 -

1) FIHI PRV D) REE 2D;

2) R PR D) RBE v

3) FH R G 43 2 (I ARG T 48 2% )
w1z,

Wi KR EHE5 24 RBM Rl fg g —A
DBN, JZ RBM R B4 L2 RBM RN,
FH T 12 19 28 o1 28 T30 bR 0G0, 171 1) 110 25040
PR, ARG R, B SE RS R
E -5 A RBM 8185 F) RBM. & )22% 2 (1)
ROVEAESCIR[12]0 AR, B B2 2 S R 42
T T IIEESE TR AR R 2R E R 7
3.2 £F BP BiEMBMEIIGI:E

FIH DBN R B2 >) S5k 58 ot Jobr 28 2 1
%35, BEEABAA SNSRI &
W4, Bt G R I ARSI ZREEA, R BP
SRR LT T4 1) DBN AR At — 5 A I 25,
T T2 BT (RRS VR FE o 5 T M B 2 ST M L
A W2 2R 4y e KIXAAE T BP BE I 2Rl
T T A S A B T AN s AR SO AR R T T
W ARD ) BP 5310 012 s Bdl it T BP Ak
P 1 [ AR 0% R 2 S 1 3 43 2Ll o

1E R SRS E— B E 2.

i 2 0 S Br H  HAEE R AR,
JEARZE R AL .

PRIE AL W TE A B (15 IF & Ak B R AL
fE)—HINE

H T H R DR R 2 R, BR2zES
WSS 2T AR G, IR 2 ot
MR ZEAE S, BEME IE AL AT iIRE .. AR B
() BP 5790 B 5 LB BEK) DBN 14 j4 25 4
RIHMEIE, AN GRah G 0 18 4R AT )5 70 2 2 i
GEOL B ) P AR A 2 R T R,
R 2 R BE TR B T 51 2 2 UK T B KA Ik
K, WS, SNPKERT — A2 SRR Kot
N, HEN T B BURAE Y .

HAERMSE, DBN FE8 L A S8 N
I H AR 06 TR AR, H R AT R o b
D3] UL B R A S, O R 2 U A
TSR H B U IR X 45 454, BP 43 2 32 1)
DBN M [{ARAL, P pb i o 32 I A A 284k
{10 Jo R

4 {FEXW

RS FE T I ) B LA AR e S, R
Fl HP 7820 Hii45#%, 24 #%, 2.1 GHz, AT
10 000 £5 05 Bkt , Horb 2R3l 4000 45, ALEL

5 4000 4%, MRRHHE 2000 46, JHFIH Matlab k¢
J36F DBN-RBM 45 [ 26 ZUR IR 4 4, 220047 T
PRALSESR:, o — M TR RBM 2504 DBN %1
78 LI A R T S, o —41H] T LB RBM
HRRZE e DBN 5GT 7o Rt A i R T 1) 5%
M) o Y 2] 236 L [T IR AR SCHR HE BB T Vs R AT AT 1

TR, AT 12 2 2/ 3
JZ RBM [FICR,  J2 AT /19093070 2005 100+ 50,
SEI A5 RN 6 .

% 6 AN[E] DBN W4 Hil 2R R
Table 6 Training results of different DBNs

DBN 4514 HERE FEf/ms
3 JZ RBM 0.9333 29.848
2 JZ RBM 0.9010 25.791
1 )2 RBM 0.6667 7.897

FEE SR, ASCAEPI)Z RBM ) DBN £
FeyFEfti E, T RBM 2 WA Rl o on DBN 1k
REMISZMT, DBN FJH )2 RBM 245 i A [R], St
RN 7 pros.

% 7 X[ RBM M4&HIHR
Table 7 Training results of different RBMs

RBM %5t HEAfE FEI/ms
90 0.6000 23518
100 0.6167 24347
110 0.6333 23.551
120 0.9667 25.192
130 0.9333 28.149

S 25 A B AE — e Yu T I RBM. 1R )24
2 WA TTHAE R T4 7+ DBN [PERE, 24 RBM
EHud bt Z i, ) DBN 4 LR S A i
ARG, MIBE% DBN (vERe. 55— J7i, 3 2
RBM 5 2 2 RBM #Ll, DBN [RHRTF R IFAH]
B, Ui 2 JZ RBM 242 LA A8, Hinton
PR, 3 245 B4 ISREUE G511
REAE 23 0 0 .

IR SIS T AN RS — X
LR TR N o R s R AR A A R T 5
WEERE . ISR RE A, U ZREd F iR Ot £dh
TR WSS, S8R T PRE 4 N
TR DG RIS, e T ME 28 B rh ) 2%
WA AR R, @Rk r A AR,
I L T A Y (1) B b 4 SRR F s T &5 S 1)
—EbE, BRI 7 TR IOUERAIE,  ANIMIE B IZ AR AR
ARG T 245 T 25 R B AR s 5 8. 78
ASC, A SRR Ry . R, =
P4, SERRAE A, iy 25 S 0T DUASCE 2000 1R 45



-72- @A &R B R

IFHe ot AR, Q78 P AIUE f K HE 2
R EHUE e K Fe I R -

AATSEIARE TR > E A YR B (il
b AT PRGN 2Rt 7E L R 25 M S e e
7 RIS P 28 N AR, IR T2 T 7
AP e st IR S5 A BN 7 )5, RELARR mfEA
JEE A Eh A 3 78 r o ) BARAR AR 2, UEW] T ATy
IR e

5 &iE

FEARA, WA IR AT 1 0
AT T HZ —, 78 b B i 2 0] i K Bk
AN EAEARRAGR U B JROR e bk e
FEIPRR, SRR E 5 21 S0 ©AT 78 Lt R 4
KREAEREAT A= 2, Wnse 37 B A 58 > A
H FRAHE E J) B 78 F ol A O o ARk £
G 1K) 78 FEL R AR T LA SE R v, HERRRY
kT %, HAZBRLEA Q2720 RERSEE XA
AR AT GG o ASSCRDIRE R Ed N ] 21 78
uh e A R, AR BIHL AR 2100 H R e H TR
fifp- o SE i o
SE 3k
(1] REEA, XM, b B Re sy 4k A e JE B D).

AR TR AR (B2 R, 2015, 17(2): 1-6.

TANG Baojun, LIU Jiangpeng. Prospects of China’s new

energy vehicle industry[J]. Journal of Beijing Institute of

Technology (Social Sciences Edition), 2015, 17(2): 1-6.
(2] XMIR, MR, 2%, 55 SR ss:

78 LA KT L R 22 AR BRI FE[]. FMER, 2015,

39(2): 450-456.

LIU Bailiang, HUANG Xueliang, LI Jun, et al. Multi-

objective planning of distribution network containing

distributed generation and electric vehicle charging

stations[J]. Power System Technology, 2015, 39(2):

450-456.

(3] REHLAN, x5, XA, &5 ST L IER
FE R I ARG ABIE, 2012, 36(8):
24-30.

TANG Xiangang, LIU Junyong, LIU Youbo, et al. Electric

vehicle charging station planning based on computational

geometry method[J]. Automation of Electric Power

Systems, 2012, 36(8): 24-30.

(4] FEE WL Sk Bk M. dest:

R RREE, 2000: 88-100.

[56] KA. AL Voronoi EIHNEMBIFI[I]. THEHIELE,
2001, 28(6): 126-128.

ZHANG Youhui. A method to draw weighted Voronoi
diagram[J]. Computer Science, 2001, 28(6): 126-128.

(6] E/bz, 45, Xk =TI Voronoi K [)AE Hi sk
PRI RS H B, 2007, 31(3): 29-34.
GE Shaoyun, LI Hui, LIU Hong. Substation optimization
planning based on the weighted Voronoi diagram[J].
Automation of Electric Power Systems, 2007, 31(3):
29-34.

(7] SBFEM, BT mshye s Rl Bt Rl 75k s

BRI W) RS A 3L, 2013, 37(13): 70-75.
GUO Chunlin, XIAO Xiangning. Planning method and
model of electric vehicle charging infrastructure[J].
Automation of Electric Power Systems, 2013, 37(13):
70-75.

(8] Bfh, £k, AR, 5. HIZDVAAE 78 Al AN R
BT[J]. L7 B4, 2014, 34(11): 61-66.

ZHAO Wei, JIANG Fei, TU Chunming, et al. Harmonic
currents of grid-connected EV charging station[J]. Electric
Power Automation Equipment, 2014, 34(11): 61-66.

(91 MR, EERE, IR, & BahETR A BE o)

T B A BRI 53], WO R R S48, 2017,
45(5): 18-25.
ZHOU Juan, REN Guoying, WEI Chen, et al. Harmonic
analysis of electric vehicle AC charging spot and research on
harmonic restriction[J]. Power System Protection and
Control, 2017, 45(5): 18-25.

(101 X, FWers, BRER, & RAZAA IR 78

MR B4 7 Sl U IO R 43 BT B ok B0 |
N RGARY 5T, 2016, 44(4): 36-43.
LIU Min, ZHOU Xiaoxia, CHEN Huichun, et al. Analysis
and calculation on harmonic amplification effect of electric
vehicle charging station using three-phase uncontrolled
rectification charger[J]. Power System Protection and
Control, 2016, 44(4): 36-43.

(11] SBefe, Jas. & KB Sy T4 R0 i I DR 97 4
RIFFE[I). N RGRY S, 2015, 43(8): 14-20.
GUO Yuhua, FAN Chunju. Research on relaying
technologies of distribution network including mass
electric vehicles[J]. Power System Protection and Control,
2015, 43(8): 14-20.

(12] 5KAFER, Wik, Eefh. ZMBRZEPI]. T



S5 R TURIESE I S F A RV

- 73 -

[13]

[14]

[15]

[16]

[17]

AR, 2015, 32(2): 159-173.

ZHANG Chunxia, JI Nannan, WANG Guanwei. Restricted
Boltzmann machines[J]. Chinese Journal of Engineering
Mathematics, 2015, 32(2): 159-173.

IRAE, TRIEAS. T BPA R W 45 (1) £ R B9[],
HUR TR HEAR, 2013, 9(14): 3362-3365.

SU Rui, ZHANG Xiaojie. Study of digit recognition
based on BP neural network[J]. Computer Knowledge
and Technology, 2013, 9(14): 3362-3365.

BIVE. T By R RS R B T I IRBM Y 2] S
WD), bl A KA, 2012.

HU Yang. Markov chain Monte Carlo based improvements
the learning algorithm of restricted Boltzmann machines[D].
Shanghai: Shanghai Jiao Tong University, 2012.
HINTON G E. Training products of experts by minimizing
contrastive divergence[J].
14(8): 1771-1800.
HINTON G E, OSINDERO S, TEH Y W. A fast learning

Neural Computation, 2002,

algorithm for deep belief nets[J]. Neural Computation,
2006, 18(7): 1527-1554.

T, RRDRME. T COHEBP i 20 I9 24% 1Y) R H50E 1 1 R
XTECHFSE[I]. VHEHLS B, 2012(11): 10-13, 17.

DING Shuo, WU Qinghui. Performance comparison of
function approximation based on improved BP neural
network[J]. Computer and Modernization, 2012(11):
10-13, 17.

ok, PHu, 2. T2 E B A DBNE & 7y Jeh
MR RGN EFAR, 2015, 27(3): 549-558.
GAO Qiang, YANG Wu, LI Qian. Fast training model

(18]

for image classification based on spatial information of
deep belief network[J]. Journal of System Simulation,
2015, 27(3): 549-558.

Ygks BEA: 2017-05-16;
fEETE T

& % 1990—), B, Aid, BEIEF, BATEH
A LXK 5 #IEATAEH AR, E-mail: nanhuananmu@163.com

1E36% (1965—), 5, MiEt, SAIELM, AR FTEH
w0 5 AR X BURHLR Ao AHELE 225 E-mail: 1990041802@
qqg.com

x)KAE (1978—), %, 4, HRIRF, HEFTEH
W, 34 F A BIXEBAR. E-mail: 1005750@qq.com

(%h# #o )

{&E HEF: 2017-08-17



	DOI: 10.7667/PSPC170732 
	基于深度学习的充电站容量规划方法 
	A capacity planning method of charging station based on depth learning 
	GAO Qiang, YANG Wu, LI Qian. Fast training model for image classification based on spatial information of deep belief network[J]. Journal of System Simulation, 2015, 27(3): 549-558. 



