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Fig.1 Flow chart of random forest algorithm improved
by grey relation projection method

4 TN SEBI R &R

4.1 BHAHIE

PEHCHT VT AL M BE T 2012 4F 1 1 & 4 AT H
T SRR M INZREA 2012484 A 21 &5 1 A
(1) B feg BUCHE VR AR AR . 75 ZE4E H W&, 2012 4R
4721 HE 22 HRWIRH,23 HZE 28 HNTAE
HAH20BZ5H1HRIHE—-TRHE., HEBAK
BRI S AR SCHEBL SVM. J7 Bk L AR ke 1 4 B ML
ARG LA B R FH R 6,45 5% e BR AR AL H 0k 1) Bl AL



FEMRARPD BB 3 Fhy kX 2012 54 A 21 25 A
1 H#EZ 11 d B g L m . oof ki =# 1
U A B
4.2 REHSWIRE
AR S A B g TN S B 0 7 SR 0 BT 4 4
XFiRZE e AN T 7 ik A 50 55 4 W A 4
,_ L|RG —FG)
n’ R (1)
KA RGO M FGO A58 1 d sk 20 52 B A9 5 faf
(BRI 4 G far {5 " A 1 d P B I A R =
1,25+ sn,
ASCLL 4% R FI W bR A e =>4 00, A
FE 2 U 25 RN B A . W X iz TAEH f
R EE N N i

0
r:N(e>/4A) % 100%
n

(13

X 100%

(14)

KN Ce=>450) Jp 5 T/E H B 45 540 % i3 22
i A% A
4.3 WMERSH

P FR IR 1 TR A SR TR L B Sl K e D Bk
B R VR AR TN H f AL B IR . nfs s H
J20124E 4 F 27 H, ¥ 2012481 H 1 HE2012 48
4 26 H B D7 S BCEE R RE A B B SR A B Z
MEBAEE N — A ES. 1 A1 HZE4H
26 H10:00:00 #EA (3L 117 DNREADVE N — D REA
. I 1T IR I AUR B B AE R TR
PL10:00: 00 BYFEA B4l S ], 15 R A 2
JiR .

0.167 R | VRGPS IS A1)
— W

o 014} i
A N
3K . .
= * *
E 010 . e . e e
Kool T e
> A AP IR AR I L SRR SN
= + * 4 * +
B 006F 5, ewe s

0.04

20 40 60 80 100 120
D A S
B 2 BEEREMIRKER
Fig.2 Weighted grey projection value of
historical samples

2 LT RO S RS 117 A REA Y K a4
SAE L, E R KT 0.85 Chn & vp g 5,52 2k i)
) 55 NREAAMER 4 A 27 H 10:00:00 AL H #E
B RN ZRBENL AR AR AL, 2.3 g # 2
AL, AU 5 28 o F s 2 52 Wi B HIL 2% A AS 750 T
DUAE B 1) SR DR T S B 1o P+ 76 B A T 2
PSS AL AR AR b P SR R B N . S5 2ERRAIE
S PR IE AN B M X NS BE B2 AR RE A K

SN LA TR G 1 5 T AL AR PR 1R B HL g AR 4 3 A T

M, S, RE N R 500,M k3 B AR AL
AR A T AR . A 2 Bk A i 3k BORRE T
HAr 3 ™MH B FZER B ERIIZRE, 3 By ik i i
RS B L3R 1,

X1 2012448218581 BMMBELRK

Table 1 Comparison of three methods of prediction
accuracy from April 21 to May 1, 2012

SVM RF IRF
e/% r/% e/ /% e/% r/%
2012-04-21 2.67 5.21 1.17 0 1.00 0
2012-04-22 2.30 3.13  2.14 3.13 1.83 3.13
2012-04-23  2.72 6.25  3.09 521  2.22 3.13
2012-04-24 2.06 2.08  2.63 7.29  1.76 2.08
2012-04-25 2.42 4.17 251 2,08  2.23 3.13
2012-04-26  2.79 6.25  3.30 8.33  2.50 6.25
2012-04-27 1.99 2.08  2.57 521  1.33 1.04
2012-04-28 2.67 6.25  2.54 3.13 1.73 0
2012-04-29  2.54  6.25 3.03  6.25 2.36  5.21
2012-04-30  4.45 10.42 2.97 7.29 1.59 0
2012-05-01  4.89 12,50  4.11 9.38  2.87 1.35
BB 2.86 5.87 273 5.21  1.95 2.30
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Table 2 Comparison of three methods of prediction
accuracy on April 27, 2012

T 00 e 21 FXTER 2/ %

SVM RF IRF
00:00:00 0.55 0.06 0.14
00:01:00 3.54 4.21 3.54
00:02:00 4.13 3.16 1.36
00:03:00 3.61 2.43 1.36
00:04:00 5.06 3.68 2.54
00:05:00 4.64 4.53 1.92
00:06:00 2.83 2.26 0.29
00:07:00 3.04 3.19 3.07
00:08:00 2.52 0.65 0.56
00:09:00 2.26 1.26 0.30
00:10:00 5.50 0.67 0.51
00:11:00 0.25 1.07 5.04
00:12:00 2.73 1.56 0.74
00:13:00 1.46 0.26 1.78
00:14:00 5.23 3.17 0.25
00:15:00 0.31 0.58 1.25
00:16:00 1.67 1.29 0.83
00:17:00 1.57 1.35 2.29
00:18:00 0.89 1.65 0.13
00:19:00 2.93 2.46 1.19
00:20:00 0.02 0.46 0.22
00:21:00 0.64 1.93 0.99
00:22:00 2.85 2.55 0.70
00:23:00 3.49 3.19 0.82
A 1.99 2.57 1.33
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Power System Short-term Load Forecasting Based on Improved Random Forest
with Grey Relation Projection

WU Xiaoyu, HE Jinghan, ZHANG Pei, HU Jun
(National Active Distribution Network Technology Research Center, Beijing Jiaotong University, Beijing 100044, China)

Abstract: In view of the problems with typical machine learning algorithms (for example artificial neural network (ANN) and
support vector machine (SVM)), such as the difficulty in determining the number of hidden units and parameter optimization,
a random forest regression method is first introduced to power system load forecast. A new combinatorial algorithm involving
two steps is proposed. Firstly, a grey relational judgment matrix is built to characterize the relationship between historical
samples and forecasting sample. Secondly, the entropy method is used to determine the weights of all load influencing factors
and the weighting matrix is got. Thirdly, the historical samples with bigger grey relation projection values are used to form the
training set. After getting the training set, this data set is used to train random forest models. Then, the eigenvectors of the
forecasting day are input to the trained model to finish the forecasting process. The real load data of one city in Zhejiang
Province is used to test the proposed algorithm, and the results are compared with SVM and random forest method with no
improvement made on grey relation projection. The results show that the new combinatorial method has higher precision and
robustness than the other two methods.
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