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ABSTRACT: At present the penetration rate charging frequency and charging capacity of electric buses are relatively high so
the charging load has a non —negligible impact on the operation and dispatch of the power grid. So the charging load forecasting
research has important theoretical and practical significance but the intermittent and random charging behavior increase the spatial
forecasting difficulty. Therefore the charging load forecasting method of electric buses is proposed on the basis of spectral cluste—
ring and long shortterm memory ( LSTM) neural network. First of all the charging load curve is clustered according to spectral
clustering considering the distance and the shape. And then considering the key factors that affect the charging load such as his—
torical load temperature and day type the model parameter of LSTM neural network is trained using each cluster charging load
and the charging load of each cluster is predicted. Then the total charging load of the forecasting day is to sum the forecasting re—
sults of different clusters. Finally on the basis of the historical real data in a certain city the proposed method is verified. The re—
sult shows the mean absolute percentage error (MAPE) of charging load prediction result of the proposed method is below 11%
and the accuracy of load forecasting is improved.
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Fig. 1 Framework of charging load forecasting method
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Fig.2 Daily load curve of the electric bus .
v
T
d; = \/Z L wi(t) —xi(2) I
o t=1
td; i
. D (4)
[Fln" dlnD
° D = |:|: : O
- O
1 1 |ynl‘ dnnD
tdy dy v d,, 0.
2.2
, x,( ) Xi min
xl( t) - xi max i min ( 1) 20
x; () i i
'x/t(t) ' i max > Vi min
l N o 3
X o
o %[ mi/inl x/(8) —x(1) | +pmi;.;1x| x/(1) —x/(1)
X=EE : B (2) &0 =~ = xj(1) T+ pmax | x(1) —xi(1) |
Dxl’l] ” ;TD"XT
n T 1 <
L= — AT
- n T o Yi T ;f‘-’( )
1.2 2E4( 1) i t
pe(01) Vi i
18

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



6 LSTM 61
Y N ( silhouette coefficient SC)
Vi YOl N ( Davies — Bouldin index
y=0: O (7) DBI) . SC
[l U
Oy . B « SC
2.3 - DBI
w o
[WzaD+BY (8) a=1;
w+p =1 2) SC  DBI ;
o .Y : 8 K=K+l
2.4 K, .. 5~8
1: nxT K=K, - SC  DBI
a =0y B =B K=Ky; K
2: o
W ’;‘XY; ¥ v 3 LSTM
[0, """ Wi, ] EV
w=U U (9) o
il U
Lo, , . an” ( recurrent neural network RNN)
Wy Wy tw, 0o B RNN
S ; o
5 0 0 0g LSTM RNN
S = Eb 95 (10) )
A =
b o 0 s, 0 LSTM
S s; (11)
= 2w (11) LSTM LSTM
3: L °
L=S-W (12) ( o
4 (13) ) ( . . ) 2.
L EV
L'=8S7xLx§* (13)
5 K ; °
K Vo LSTM
6: K — means
V..« K
1) D sy
B, ={r, r, r.} (14) 2) t
"B, k VT, u 3) T ;
‘u . 4) e;
7 5) Ty
8; a=a+7 B=1l-ar 6) P
o 4 ~7 7) t-1 o



62 42

sigmoid VL, W,
W, b L b,
( 1 ;Sl V@
9 e 13) . tanh; S 'S, ; O
1O, W b, N o
o
o P, o o 0 1
o o 0 1 0
LSTM
N N LSTM
o LSTM ( mean absolute percentage error M APE)
LSTM ( mean absolute error MAE)
o ( root mean square error RMSE)
o LSTM :
T
- xil . hlx h . Eur(B) = 172 S f“ x100%  (21)
T
t -l._(lf sigmoid ltanlh - A A, Eus(B) = LTZ [ = fiul > 100% (22)
T
Lt e Ewse(B) = JITZ (fi =Ji)* x 100% (23)
RNN S k t
2 LSTM 3 Fu .
N N (15) — 4
(20)
fo=o(W h_, x +b) (15) 2019 12
i, =o(W, h_, x, +0b) (16) 103
S, = o( W, h,lx +b) (17)
S, =i,08 +5,_0f (18) . 2019 12
0, =a(W, h_, x, +b,) (19) #
h, = 0,0¢(8S,) (20) o 30 min
VAL s o o
f
A A,

3 LST™M
Fig.3 Structure of LSTM network unit

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



6 LSTM 63
31 Dy € 9 75 12
{12 - 31} ; te{l2 - ;13
48} ; 7 ee{l2 -7}, ;
4.1
103 31
2 3193 0
p =05 a P 0.05 4.2
0.95 7 0.05. SC DBI 2 13
K 4 o 4 K=
13 SC DBI o o
a B 0.95 0.05. LSTM
13 5 o o 8:2
0.150 126 Windows Tensorklow
__ TR o LSTM Keras Python
0.145 12.4 . LSTM
B &
5 o140} 122%
g 2
LSTM 1
0.135} 2.0
o 1
. : . . . . 1.8 °
0'1308 9 10 11 12 13 14 15
K o 13
4 SC DBI K °
Fig. 4 Change of SC and DBI indices with the 1 LSTM
amount of the amount K of the clusters Table 1 Structural parameters and forecasting
performance of LSTM networks for each cluster
—ﬁl—ﬂiz—fu —iel —#5 — e —%7
e g — HE1p— 2 12 — 2
08 — W9 — K10 — 11 —HK12 — K13 %3] LS’!‘I\_«I %ﬁiz‘ MAPE /% MAE /% RMSE /%
O w2 78/ A
0.9
0.8 1 79 2,29 2.003 2,967
0.7 2 88 6.06 1.643 2.803
206
= e 8 70 4.92 1.617 2.801
® 5 4 45 6.83 2,082 2.719
103 5 70 4.78 1.949 2.806
= 0.2
0.1 6 80 5.65 2.671 3.661
0 = . — 7 77 7.46 2.218 3.108
13 17 21 25 29 33 37 41
i £ (30 min) 8 89 752 2.741 4,240
5 9 44 3.35 1.320 2.208
Fig. 5 Cluster center line 10 56 3.38 1.929 2.614
11 64 5.81 2.289 3.424
> 12 42 4.46 1.894 2.740
° 13 79 5.57 1.776 2.772
N 1 2
o 6 7 EV
o 2 9 0 8 1 2

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

http://www.cnki.net



64 42

— 1Y
2400 — 1
1800+ i
21200-
E
=
600+
0 " i M 1 3
1 101 201 301 401 501 601 701 801 901 1001 1101 1201 1301 1401 1501
I B£(30 min)
6 1
Fig. 6 Training and predictive values of Class 1
1000 —akopracty
900 | — Z TR W
800 i o
700 [l & 1 #
w1 | \ |
et e d bt L
E
& 400
300
200
100
oL . il L
1 101 201 301 401 501 601 701 801 901 1001 1101 1201 1301 1401 1501
I BE(30 min)
7 2
Fig.7 Training and predictive values of Class 2
— I ZRAH
o — T
Kmeans1.STM LSTM
9 (12 26 28 7
1 5 9 13 17 21 25 29 33 37 41 45 49 53
) o LSTM AR B
(a)%1
— il
LSTM o  Hi
9
LSTM
» KmeansL.STM 0759 13 17 21 25 29 33 37 41 45 49 33
EACIEL
MAPE (b)22
LSTM 2 0
8 1 2
Fig. 8 Changes in loss value during the training for
MAPE 11% o Class 1 and Class 2

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



6 : LSTM

65

—— WRHLSTMHIM
— LSTMTifl

sy —— S

6000

Kmeans-LSTM il i fi

5 000
=
z 4000
= 3000t
2000

1000 P\

61 76 91 106 121 136 151
I BE(30 min)

Fig. 9 Comparison of load forecasting model
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