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Abstract: With the development of smart grid, the power
consumption of each scenario becomes more diversified, and
accurate station load forecasting is the key to ensure that the
relevant power sector to develop appropriate maintenance
tasks, while providing an important reference for orderly
power consumption and economic operation. In order to mine
the characteristics of the station load to improve the accuracy
of the station load forecasting, a station power load forecasting
based on the kernel principal components analysis combined
with  local preservation projection for dimensionality
reduction, K-means clustering algorithm ( K-means) , and bi-
directional long short-term memory network ( BiLSTM ) is
proposed. Firstly, the kernel local preservation projection
(KLPP) is used to reduce the dimensionality of multi-
featured load data in the station area to extract the main
feature information. Secondly, the K-means clustering
method is adopted to classify the data with similar features
into their respective cluster sets. Finally, for each typical
type after clustering, BILSTM is trained in a targeted way,
and the load of a low-voltage station area of a university in
China is selected as an example to be compared and analysed
with other classical forecasting methods. The proposed

method is more suitable for the actual load direction and
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effectively improves the prediction effect.
Key words: power load forecasting; dimensionality;
K-means clustering algorithm; bi-directional long short-term

memory networks; kernel local preservation projection
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Fig.1 Heat map related to impact factors

B2 AERE4EXTLEE

Fig.2 Comparison chat of different downscaling
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X1 AEKELEHRY

Tab.1 Contour coefficients for different K values

K e AR K FERE R
2 0.643 1 6 0.483 6
3 0.687 3 7 0.462 1
4 0.496 2 8 0.463 9
5 0.457 9 9 0.459 3

B3 K=3xMHBRLER

Fig.3 Clustering results corresponding to K=3

4 K=5XMBBRLER

Fig. 4 Clustering results corresponding to K=5

i3 KLPP X} IR FEA AT R4t | K R 4 Js
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B5 K=8XMHRBELER
Fig.5 Clustering results corresponding to K=8
AR AR R R AR 22 (] 1 R B 4 4 T g 26
H, 0= (7) Bz
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VAR 5 — 25, DU R I Ry 3 20, = RIAR 3R =
HfR, gk 2 iR,

*2 FARABHEAFHAELNER(K=3)

Tab.2 Results of clustering different historical load

samples (K=3)

FEAH 251 KA H 25
8H1H 1 8 H10 H 1
8H2H 3 8HI11H 1
8H3H 1 812 H 1
8H4H 1 8H 13 H 2
8HSH 3 8H 14 H 1
8J16H 2 8H 15 H 1
8H7H 1 8 H 16 H 1
8 H8H 1 8 H17 H 3
8H9H 2 8 H 18 H 2

3 MWEKAE RIS W4

W 1e) 4 K5 B 1212 ( Bi-Directional Long Short-
Term Memory , BILSTM ) ") [’ £ iy — % 77 i) 4 iz

1 K % B id 12 ( Long  Short-Term Memory ,
LSTM) ') 2241 25 I 4 g 1, Rt EL AT B 1k] 2 2 (1
Rt SRR RRPE (b 22 I 45 ELA S i 5 2 a5 R] B
EBIAYILRIRE J) . WIS LSTM 443 (1) BiLSTM #f
LML 6 B

B 6 BILSTM &
Fig. 6 BiLSTM structure diagram

(P 6 T, T LST™M 24 i/, 55 1l

LSTM J241 b, 3EH8 K, 7= 4 BILSTM 9y, , H
LRy )

h, = LSTM(x, k. ,) (8)
i, = LSTM(x, b, ) (9)
=Wl + Weh, +b, (10)

A by b, S8k bR 2R 4 LB 2R
— Ik A Wy, A W D )2 B
FEWE b, S 2 O

H T 5 DX 0 5 A DG I A B A B[]
RRAE AT IS IR A 60 A 6 2 A 8 A B R 1,
LSTM H ReARH iy ) 54k , ok > 2l s mifE 2 .
R T AHRRZE N 4% F0 42 S BIRE A B A3k E
FREARE] W AE B, R IL S £ BILSTM #4) #4538 (1)
G XH AL, BRI B R R
BEEA 3524 LW E N 0.001 ; o KaERR B
BN 1005 B2 6 DXCHL g 60167 i ARG 20 50 R
X, Zil| Yo

4 BRXFEHARNGEHTHNIRKE S

4.1 BRXEHBAATHINGE
TG K-means 570K R4 5 1) 5 X B )
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AR AE AT B 2 A T A AR 3R W) 19 25 1) 5 9K
Sl A ) B 28 ) e A 3 500 AR B ep gk AT R 5
KLPP-K-means-BiLSTM & [X_ g, /3 £ 1 #0005 v )
AR 7 B,

7 KLPP-K-means-BiLSTM & X 8 /1 i 5 il 77 i%
miEE
Fig.7 Flowchart of KLPP-K-means-BiLSTM power

load forecasting method for station area

AT B UE A T 42 KLPP-K-means-BiLSTM
£ DXL 7 B0 far 0 5 vk A A Ao, o 8 b R
#2018 4F 8 H B 5 X HL ) i i 5 R B AE
FEAKI B B Je & RAE A A oAt A Ry 3
GRREA & R AT B RAERIRE N 1 h, FE4E
XTSI R 2R Y s kR & 8 s . MRl 8 HT LI
tB 3 R A i DTER AN R DTk AR
TERT =28, PR BT = S0 nT LA 25 52 1
SYFTAAR R . [RIES R T B8 0E 5 DX ) 6 far F A5
AU A &% M, % #% 32 F ) 5 AL ( Support Vector
Machine, SVM ) | & [1] J& P& %0 ( Radial Basis
Function , RBF) 1 Z8 W £ LA K BiLSTM A [A] Ft i 77
I X G A/ BEAIL R 2R X T, R
ST 10 YR, AN 7] P00 kA5 21 1) Pt 45 S %5

4.2

Fbanl&l 9 s, SR Ty A 10 5 1Y
SRR AR RN G5 R AN 3 s, Hid e bR
£ 45 £ 77 AR % 22 ( Root Mean Square Error,
RMSE) | *F- ) 46 % & 43 HL 1% 22 ( Mean Absolute
Percent Error, MAPE) '8! RMSE #1 MAPE A3
ST Ws 1| )

RMSE=J1i[Y'(t) -Y()]* (11)

n

_ 1 Y'(t) —Y(t)
MAPE = - 21 Y

AP o Sy T 07 A R Y7 (o) O B 97
Y (1) FFBR G,

x 100% (12)

8 ERMSTEMERRITTTEE
Fig.8 Principal components contribution and

cumulative contribution

B9 AEBMAELER

Fig. 9 Comparison results of different prediction methods

*3 AREFHEH RMSE . MAPE Xtk
Tab.3 Comparison of RMSE and MAPE for
different mothods

T 5 1% RMSE MAPE
SVM 152.613 3.541 0
RBF 130.632 3.150 1

BiLSTM 110.173 2.921 6

AT 101.212 2.360 9

M3 HE 9t LA A SO 8 7 4 1
WOR el , MAPE 4 2.360 9, RMSE & 101.212, 7
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D3R 22 L IO = Fh 7 T/ B0 UE T BT 7 A AE
e £ XL A0 f FINDRG B | R AT SR 5 25 1 1)
ARNE

Sk T U R R AN [ 3 1 T A5 R
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K, IR T/ HARAI I L RR S T RR A B s o
7 RIRZE T RE, WL ket — b2
T 5 DX HL g 0 A TR0 7 2 37 Ak R

10 FREHMF % MAPE LLE 4R
Fig. 10 Comparison results of MAPE for different

prediction methods

B 11 ARE#HN T % MAPE LB 45 R
Fig. 11 Comparison results of MAPE for different

prediction methods
5 45
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In this paper, a combined forecasting model of

dimensionality ~ reduction and  clustering s
constructed, and a station power load forecasting
based on the kernel principal components analysis
combined with local preservation projection for
dimensionality ~ reduction,  K-means clustering
algorithm, and bi-directional long short-term memory
network (BiLSTM) is proposed.

Firstly, the kernel local preservation projection
(KLPP ) is used to reduce the dimensionality of
multi-featured load data in the station area to extract
the main feature information. Secondly, the K-means
clustering method is adopted to classify the data with
similar features into their respective cluster sets.
Finally, for each typical type after -clustering,
BiLSTM is trained in a targeted way. The station
area power load forecasting model framework is
shown in Fig.1.
experimentally

The proposed method is

compared with the classical support vector machine
(SVM) , radial basis function (RBF), and BiLSTM
methods, and the results are shown in Fig.2 and
Tab.1. It is verified that the proposed method can
enhance the effect of power load prediction in the
station area, reduce the error and improve the

generalisation performance of the model.

Fig.1 KLPP-K-means-BiLSTM desktop power load

forecasting model framework

Tab.1 Comparison of RMSE and MAPE for different

models
Model RMSE MAPE
SVM 152.613 3.5410
RBF 130.632 3.1 501
BiLSTM 110.173 2.9 216
Proposed in this paper 101.212 2.3 609

Fig.2 Comparison results of different model prediction
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