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Power load forecasting without key information based on phase space
reconstruction and machine learning

HOU Hui!, WANG Qingt, ZHAO Bo?, ZHANG Leigi?, WU Xixiu!, XIE Changjun?
(1. School of Automation, Wuhan University of Technology, Wuhan 430070, China;
2. State Grid Zhejiang Electric Power Co., Ltd. Research Institute, Hangzhou 310014, China)

Abstract: With the development of the carbon trading system, accurate forecasting of power consumption is crucial for
energy management. For power load forecasting without key information such as weather information, phase space
reconstruction technique of chaos theory is adopted first to deal with historical load time series. Permutation entropy is
used to validate the chaotic characteristic. 8 kinds of machine learning models are used to forecast and make comparisons,
These models are: 4 kinds of neural network, 3 kinds of statistical machine learning and 1 kind of benchmark. Secondly,
two optimal models, extreme learning machine (ELM) and extreme gradient boosting (XGBoost), are combined by a grey
relational degree method to construct an ELM-XGBoost model. Finally, ELM-XGBoost is applied to forecast with
different time scales from one day to one week. Results show that forecasting accuracy decreases with the increase of
forecasting time scale. In daily load forecasting, the accuracy of ELM-XGBoost model is improved with a better
application effect.
This work is supported by the National Key Research and Development Program of China (No. 2020YFB1506802).

Key words: power load forecasting; key information; extreme learning machine; extreme gradient boosting; phase space
reconstruction; permutation entropy

0 38

TR %) HEL P 87 g T %S R P A IE AT o
YER o HL I8 Aur K /NSZ 2 oG B . R
B RUH. HEAEAY, #i[X GDP 2%, 4R, W%

HEWB: BR T 544+ %7 8 %8 (2020YFB1506802) ;
B R A ARAF A5 8 # 8 (52177110)

LN e DUIRAS BT OS85 B e s Bds . R,
v BEAE BT R I (L T SIS Tt A R 1) FR 7 47
Far TN, AT DLAE L USCEE RN A HE 22 R i ) BB
2, T A e TP IR

IR G g A7 A TN PRI 9T B2 4y R 2 o
6] 5 1) 43 B FH B — B8] 7 0 20 AT .- 22 0 (R 510 3
ey EZ L DS I SY €/ I a I K pril§ e
Kbgi P, HEE, A EALER



-76 - Y EE X T EE S

St B EAE N 2R N 2, AL T A A A e T
DTS, SCRR (2] 7 g 7 SR 200 IR . H
FHE AR B A B 2 il N K B 1842 4% (Long
Short Term Memory, LSTM)FH#£46EE$2FHH1(Light
Gradient Boosting Machine, LightGBM), i@ it &1t
B A4S R AR TRIAE . SCHR[SIH iR
FEpr. A B TR HE BEL R OCHE B
BB EEFRTE A, T TR A A 15 1) B B R e R 5
DR TR P, SCHR AR R IR R ZE 4 A 47
af PO FRIRFAE 2 — o SR, 2 PP OCHR(E B I \AE
& e PO P55 (10 ] BN 2 7 >R B P 5 Ak 38 S AR AL
AEERIEFE . B A B R RS B AR AR S
B, R R I E L LIRS ), B
W28 SCIRAE R, R HTIE vk s, K
e S R AE i N BB 25 2 SRR Bl iR i 2 S A Ay -1
o, RSN ES SR 5 Er5n, 3 e 2 Rhotdg
TR B A TR EA R 2 RN A B RAE A
HRE, B RO RS A B R AR
B, A REIRIUERG 0 G E BAE, BT
I [A] 51, DV X T PR A i T

TESEPRAE AL, B M LASRAS 5 S X
7387 At [ SR A AR D RC R O A A, G i fer 3
. BHE R REE RS, RIS B
PERBE TR, PR 7 IOAS EE R4E T BRItE, sk
BUTE B 2R R AR5 2 B J5 T 119 F ) A T A2
TR T B, A T 0o) B — I ) 7 1) 1 A7 g Tt U
HEATHIR AL L B — I ) 2 4 1 [ A 7, SCRiR[12-14]
it — i R X R H, g A7 Amr e 8] 51 LA TR R
IR A A (VR LR I AT B mr T, P DA B
FEFLI AT IR 3R, T AR A2 1 £ St BRI i
G 3 S BRI AT A M. dE Uk, SCRR[A5)4E % T
723 ) B T TR 25 [ 206 R FR) e 3 VR i e 422 o
%, I X Ry L L P R R DX D) g 7 5 g i3 A T )
SRANINR, EST T AT TV R . SCHR[16]4%
H TR 4 ) B ) T 0 R 32 U 25 IR 2% R 55 4 1 T
DUAEY . SCHR[L7-18] R FH AH 2 1) 55 AL) I 28 6t B 1) 7
FUBEAT TR o BRI AP TEAN IS R 0 471 A (17 O Bk
& RHE, AU S I e S RO, R B
K TS DL 2 R 288 3, BT B —,
R e s w7 S R 15 2 N O e T e
e TR D, HTRS A R

ZE I, RSO SR R B v R A () EE A
FAR G A = IR SE & 1 5, BT 8 F
MLAS 2% IR (R FROIAS B, TR — I B 51 N &
I () LA AT TR . vk, R AR,
FEANFIIS T R i — DI UE JvE B . e

KR AR EEE AT R G, 2t T H ELM
Fil XGBoost 2H %1 ) ELM-XGBoost £, 445
g RR, fEH AT, A SCHA B R (e
i O SRR BT HUAR A  Ath 2H 5 A5E 2RY BE A 1Y) S
R .
1 EHRNAE
1.1 T B EWEE

AH 2% ] 25 #4 B i (Phase Space Reconstruction
Theory, PSRT)iA iR i 28 45 7 %20 & ()5 Ak 5 2
5 2 BAE R H AR 2 B (R R R A0 B ik
€, RIS RIS KRR
{5 B0,

BRI ] 7 51 X, Xy oy Xy g Xy 0 X X (t =
1,2,---,N—(m-27) , {EUnTFAHER,

X = (Xx ) X(m) ) X(t+2r)’”"X[H(m—l)z])T (1)

X ¢ NIEIREFE]; m Y HIRAZEEL.

GRS a7 S L A S 5 o (51 R
X, Xy, 0y Xy gy Xy FEIRIERT A ¢ 4EECH m BT
(e el, Bp

X1 X2 X3 XN -(m-1)] ]
X@+1) X@+1) X@+7) © XIN—(m-2)7]
X =| Xue2o) X(2+21) X(3+27) © XIN-(m-3)r]
| Xiem-1)7]  X2+m-7]  XBem-y7] XN |
(2)

X, B—ARR—AmEIM A 7 A(Q)
ATCLEH, X N AN S, R T RERR ] 7, ik
AN4EEm , ATULEMHE N — (m -1 AN i .
DRLtE, o SIS [R] e 2 FE g L, ) Pl 75 580
BN L+ (M-
1.1.1 SEIR A H] -5

REUGEIR IS [], A SR HCEAS Bk EB)HN
TR T 81 X, Xy, Xy g Xy PR LA 25 HiE AR
[ 1) R A5k R P2, I ELAE JE R B 5 — AN A/ IME A
NAEIR R A]

N P(X:%,.)

I(z) ;;P(&,&H)ln{P(&)P(&H)} 3
A P (%) X AER I H X, Xy, Xy g0 Xy T
DLER: P(x, ) N X, EEREFA X, X0 oo,
Xnc1r 1 X Hh BB P(Xt,XHT)j"thﬂ] XH—Tﬁj\
il AE TR A KXoty Xyigs Xy A Kivrr Kourst s
Xy 1ee Xno, AT H R IGA RE 2



-

SRR SRR IR T T A ) T S AL 2T I PR T s T - 77 -

L12 AR5
JIRIRNAERL, A SOERDIT AL AL
MIMIERG  FrOSLINE IR o) P 51 SE P b
YRR 2 0] R GTIE B AL ARE 2 ) b () BERE
ERGERR T, Pulia ke R, SR
YR IR L BOERURE I, A
ATRE RO ARSI, IR RORRR N Dy B 4T o
2 [ U AL SC B b3k SR R R 2 Zh T . B
RN BRI R, I R GEI8 3l K H02E 2% AT JRE T
O BT AT S RO 2K IR [ e B 2 ]
HA DL, R T A X () = (% X
Xtrzeyr™ " Xiesmetyeg ) AOAFAE — DRI HIRR 52, PN AH
M2 IAMIBEES A R, (1) = X (0) = X ()] » Xt

B m LI, 82 B 27 A, AR
fg e g

mﬂszay4xa+mﬂ—xN+mﬂr @)

MR, R, KIRZ, 0T LU AR T 76 8

P AR 2 1A v JEAS IR AN SR P iU B IR 4 23 1]
AR AR BTG . TR
Rm+1(t)

Sy = R (1) ®)

S, >S, Ma X(t) 5 X;(t) 2R 4h
R, HA S HEIAE.

XPVRVERT (8] 5, MR 4ER m=2 F+44,
THEN SRl A0 w1 AR B O Bl 20 s (1 /N 4. 3
TR NGE%, BT RO A AR s LR N T
5% D 5 A8 s BN P ek D, IR R R N £
A LA RERS [ A VRVE IR 12 sh Pl g =5 T,
R A5 38 IR N GE S
1.1.3 JRIHARE I B0 AIE

ASCGEELHESR A IR R S A YE . HE
SIS EE AT A TR i 8] 51 (2 2k i, HAEA T
0 Al 1 2 H), Bz 1, FRosmy[u) 7 5 VR A
B, HRTHR RS SR [24)

1.2 HlEF IR
AT FMLES ST B 1 B

FEHERR o 2% Y Gt RR

NS BPHIZMZE  SVR
BRI L LSTM RF
&1 #ERF SRR

Fig. 1 An overview diagram of the data-driven models
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Fig. 2 Flow chart of case study
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LS SR E

Persistence —

net.trainparam.epochs=500,

BPNN net.trainparam.goal=0.0001,
net.trainParam.lr=0.01

WNN maxgen=50, net.trainParam.|r=0.01

ELM —

units=1, loss='mae’, optimizer='sgd’,

LST™M .
epochs=50, batch_size=1, verbose=2
SVR kernel='linear', C=0.001
XGBoost objective="reg:squarederror’, n_estimators=20

RF n_estimators=2000, random_state=0

3.4 HAafmuMsER*tE

AR (AL J5 USRS Nt L I
N AR &L 2 IR ARl 1.2 775
Pk A B Ay L, I Ao A
HONL+M-D7 . LAH GG e, Hom N
WEWT: RN NS ERSK) 2019 4 7
H 2 H 1202201947 7 28 H 24 i, II&x4a it
N 201947 H3HOK % 20194 7 H 29 H 24 i,
MRS [ =AY 2019 4F 7 H 28 H 12
2 2019 4 7 A 29 H 24 I5F, %y 2019 4
7 H 30 H 0= 24 1, HdEEE A 1 h,

KR LRSI E, B H s
HEAT AL S T o BREEHEREALSL, HARARALL
IS B 35 S I G B R A a0 K T £
R BAEAENNAE ER TSR I3 2 fos.

< 2 HAfuNg Rttt

Table 2 Comparison of daily load forecasting results
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Persistence 4.75 4.21 226.27 196.46
BPNN 6.19 7.93 295.38 568.52
WNN 5.15 5.79 215.37 370.33
ELM 0.20 0.03 9.63 105.65
LSTM 3.64 3.31 173.92 158.48

SVR 2.84 2.12 136.00 105.86
XGBoost 2.64 1.91 126.08 96.54
RF 2.70 1.92 129.23 96.67
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el 1R 2K 4K 7R
ELM 0.330 0.698 0.321 0.075
XGBoost 0.670 0.302 0.679 0.925




-80 - Y EE X T EE S

5.0 250
45

4.0 200
3.5

3.0 150
2:5

2.0 100
1.5

1.0 50
0.5

0 0

1R 2K EPS IFS

Eyurel% Ecvgorse/% Enpess/kW Eyg/kW

& 7 EIRY (8] REE T FU+5 E $8AR%T EE
Fig. 7 Comparison of forecasting accuracy
in different time scales

3. 6 ELM-XGBoost #& &7 l|45 R
I3 R AR R AR 1 K e 7 K ik
TG TRIN, # ELM-XGBoost #7531 ik [2]
W TR AL AT B, B ES BP-SVM Al GBM-GP,
FEXTK XGBoost #: /% SVR 153/ ELM-SVR Al
St ELM # 1 LSTM 3 2 1) LSTM- XGBoost 57!

HEAT X, SRR 4 Fs.

&4 TEMEBILER 3L

Table 4 Comparison of different models

- Emare/% Ermse/KW
A
1R 7K 1R 7K
ELM-XGBoost 1.81 4.28 117.89 274.78
BP-SVM 2.93 4.26 5497.83 7 675.91
GBM-GP 2.03 2.72 3648.09 5435.05
ELM-SVR 3.59 4.35 193.52 278.38
LSTM-XGBoost 2.05 4.32 143.64 278.56

& 4 i) BP-SVM HELFI GBM-GP #i #
FE % PhoC B AT B2 R 1 41 A R B ey TN
ELM-SVR #i% Jz LSTM-XGBoost 17 Jy ek (3 &
R NI A A TN . R 4 TR, 55 R
LR B FIA AL, 75 H g i
M, AT E ELM-XGBoost 15 1] Emape 1%
B/, N 1.81%, 1T BP-SVM % [z GBM-GP
FEARY 1 JE S A IR 22 RS R, i3k — 2B IRAIE T 9%
Fi A BB TR AE 2% (8] A HARAE RIS ] RUBE R A
WM. ZE b, FERGH O I A, A A (A A
1) FEL 73 A7 A T AN BB 48 25 WO AR AN b 38 22 Folt PR 2550
PR B TAE, dReiem Tk, BA— e
ME. 5085 RHE T HHAGEIAELL, Ak
T H A7 A TR 2 J 0 Aaf WA L 5 5 EE Emape A
Ermse PAFIHE AR, ASSCATH) 3 ELM-XGBoost 15 7 15
T ELM-SVR FEAIAT LSTM-XGBoost #7, &ow
T AR ELM-XGBoost FE 7 (A ik o

Bl 8. Kl 9 2l il B — R R R ZH A A L Y

1 7t T ety 2 ) 7 g T it 2k

6500
6 000
5 500 »
E 5 000
%’r 4500 X p
4000 g
3500 gt
3000
1 3 5 7 9 11 13 15 17 19 21 23
i [E)/h
e LM = XGBoost === EL.M-XGBoost SRR

& 8 Hfafarfumehk
Fig. 8 Forecasting curve of daily load forecasting
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