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Survey on Short-term Load Forecasting Algorithm Based on Machine Learning
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'(School of Information Science & Technology, Qingdao University of Science and Technology, Qingdao 266061, China)
2(Huadian International Shiliquan Power Plant, Zaozhuang 277100, China)

Abstract: Load forecasting methods emerge one after another to maintain the stability of power grids. However, due to
the characteristic difference in the generalization ability of algorithms and model complexity, the applicability of these
methods to load forecasting differs. This study discusses and summarizes the research status of short-term power load
forecasting both at home and abroad in the past five years from multiple dimensions, such as experiniental data sets, data
preprocessing, forecasting algorithms, optimization models, and evaluation rflethods. Meanwhile, we also present a
summary of the advantages, disadvantages, and applicability of various foreeasting algorithms, and the development trend
of the short-term power load forecasting system is expounded and prédicted. This study is expected to provide a reference
for the forecasting model selection of power system loads in the future.
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GO A K 2 5, A 42T DAL Pearsom A1 5% 2
g2 i P 7 P — A I, #1562 R, Sk 23]
PR B e B Iy 28 LA R S B 5
% BRI LR, L FE L7 345 Hh R 2 1 A
44, e T R ORI 47 U SR [24] Mo i
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tion, IPPSO) LA S ¥k #%, A A & 1 b # %
5 RE IR 2. Wu 28 AP ST — Rl ) T
FSCAS 1R e M AR PR 453 2% ek B, o 0N 3 vy e I S i
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TH] 2 I ORI, T K AL (glowworm swarm
optimization, GSO) 5Lk E A 4= R e /1, SCHR [33]
S5 X A EIRA AL, SR — M gEE 5H% GSOPS,
FHHRIH 2 2 kL EE g = SVM ITUINZRRICR, BRI 2R
R, (AR A, M A e . SR [34] 78 At 67 A
TR A b 5] S L, R IO € 5K Ik 45 B
TN 105, PSO Skt SVM B 2 50T
T I A 67 Y S A DS S

,%ffPfféﬁﬁﬁ?ﬁ?ﬂﬂ*ﬁi”%?Uﬁj‘iﬁﬁ%”ﬁﬁj&
T EL% B TR A A T, SO B A B2 KA
o B R e, R 2 > TOUIAS AR Sz T A= . IR B 2 ) A A
BT 5K R Ak B 0 AN B 2 S0 SR REAE, M2
N FEMR IR B ARE S A . AL
CNN. LSTM. JRJZE {5 M % (deep belief network,
DBN) LR B i 21 45 41 A 155 8 45 22 Fh ol 500 49
T S SR FEE 2 SRS R AE J 30 67 A F w0 2 .
2.5 EFRMEMLE

CNN 62 FUZ A7 far Bt 5 BURFAE, 1) 42
TR SEILRNA TN 5 7325, W) CNN FE 224 T #
BAL L, B AR AR R — A DL Z R Bl = 4E IR,
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Kl OB RNN fIRCE, H 30 % RNN B S8 LE N
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17 M, N Spearman #H5¢ REUF AT £
TEZ AN (8] 7 410 T (R IR TR)AE DG 14, e 28 v 4 th—F
FETZ P51 LSTM 33 A+ 28 X 26 11 B AT 5 B A T30 AE
R CTMER SRR T, SCk [47,48] R Ges 7 514 fig
AT HAZ B 22 VR N\ 53 =50 RUZ ARk 77 AL 3
£ P i 50, 51N BE R JIHLE] (self-attention
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U R DE| LSTl}/I‘%%‘% g3 £ 5 HE S 3 M 2 T
Han.\%/\m] ISR AR 4 R 53 41, |IE At 7 A
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RN HA 53 MHE IO IERE S, AR E
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MRS, A 1 M0 PS5 % Il L. T 0 e 4 v R 00
SCHR [51] 4 8 52 ) DR 38 RRAIE 0BG, ) FH 35 B2 3R 20
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GRU) 0 i T B BE L1257 2 BE 0T 52 21 & & K
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N GRU AT B 10 SCHR [54] WA 2290 70
5% 22 A 21 A 81 A R GRU BEAT TIU
KPR LA AR T REALRS L. Eskandari 55 AP
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B T ERE S HURER iR, S A% KN
HL 0 5 ) A DG R O e 0 T, A R 7S Ay
FIFH LSTM Al GRU M 2% (14 i, LSTM H.70 H T /i
IF) 4% 3%, GRU HJC FH T e el 46 7%, DLSRAS 5wy 1) F0)
FhRE. 22 2 B 7 RNN 588 7 55 1 64 Tl o (1)
N F.

2 RNN RLRYLE Je S0 00 4 T v £ 152 P

TR A bz G/ AN ot ALY A7 20
57, for M LAY |
52 IR 22 SRR AE (2009. ARIMA. SVR.
PDRNN™ R ol i % % MAPE. RMSE
B 7.1-2010.12.31) s RNN
6 25 5K BE 1) B IS % LSTM, Bagging.
BNRNN! SGD & FS5 AN K2 1) BRI 2 i i q ag/%lng MAE. MSE
Adam A (/NI ER) § MLP. KNN%
2018.3-2018. 751X 4 4 i R MSE. RMSE-
LSTM[45] 36 - H ﬂ[ﬁ Tﬁ%*@l& ?’EW.%E ARMA. BPNN
B BEFERE. FAilpr = MAE. MAPE
2015.74E g [X 484 9F
3 5 4 ARIMA. ELM. MAPE. MAE.
K- LSTM™! Ecl 15 Bl 2 61
means_| ReLU 1 EF‘ 53 B % 47 S RE. SVR RMSE
L HdE
N 2014-2017H0M 155 8h
N
tanh. linear. 2 B G R 2002— WHEERAE. KA. £
CiLSTM[SOI : W an mear ))7( El V. f‘\ﬁ‘i&})ﬁ A ‘—J‘[j”lﬁ"ﬂ};‘ 9&;\4 T CNN. LSTM MRE
ReLU 201622158 H B, BENLEN S
B tnr HHE.
S Sigmoid. tanh. X HaeIR L M2016- S %, TfEH. 28 #H ARIMA. LSTM.
Bi LSTME! igmoid. tan ¥ E?‘ﬁ?xiffﬁﬂ R 131515‘ S MAPE. RMSE
Softmax 2018 H £ 17 £ = firv NEL &5 K-means_ LSTM
F[E2004-2006 /M 2%
) B B AR P E2016— Uik GRU. SVR. RF.
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201753050 B e RREE EMD_SVR. EMD_RF
Hdw
HTUEKE 2£2003.3-2014.12 LSTM. GRU. svﬁ% MAPE. RMAE.
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LLSTM. N, WML % T MAE

2.7 HiREZSER
% CNN. LSTM. GRU 2% FIRAIAN, &£ 540

LAt R 5 = ST AT th gl 7 T R 300 O A S .

Dedinec 25 AP ¥4 22 )2 22 BR 3R 28 B LA CHOTR 5 15
24 (deep belief networks, PBN) FF- 74 T, 76
B2 TC W BN 2 A A I B e A% R8I 2R 75 V2
BRL R, RN 51N BN AD B, 5 R & T TOkS .

R FEAR H T 52 2% P X 4% 445 g A 52 B T 8 o 2 s T
DTS B 5 R A 17 B, Dong 5 NP7 R K 4R
SR TR 5 AR RAE AR AR 7 52 H g A7 e I 8] PP B REAE,
KA DBN #EAT T, T SCHR [58] W) FH A 58 5.
1% (crisscross optimization, CSO) fit4t. DBN, F| F E.{5
SV O e 5 e DR 2R, X R P AR Y B4 R B L LA )
P RE.

Alipour 25 NP2V FIF [ 30 4 5 2% 5 20 Bk 4o 42 o 4%
5 DNN SRS HEAT 547 TN, SCHR [60] [R5 1 P

L

sk i AP B AR S R, R B P 0 5 0
i ’(g;‘radient boosting regression tree, GBRT) 17 M %
SRR SR [61] BFFOGARBIER . FMEA M
Ao 75 SR 38 0 XT 45 47 gy R0 1) 5 1) 2, R FH 3o 5 [
VAFABN A o R 3R 47 H A gar X TA) N2 TR0 SR [62]
SR FHAH 2 [A) EE A T BNIN AH 256 100 AT 96 30934 A7 g T

TR 5 SRR R ] DLSE VR 2 R R H2 4 47 er 5 HE S
fIE, $ e TROMDORS B4 252, (R AUAE L . S HUR BRI IR 2 ik
AR FE R FA) A R
2.8 ERFISHEEIRE

— DAk, AR R A R A R AR AL 2R B
KK H R, HEB— R 2R 4 RAE A AR, itk
FRLRKFEHZA 595 G 1R 2] 25 DL
ARG AT AR, BIBE R 2E 5. Hu ZE N 4R T
— P TR A AR B A A TR AL 2 FE AT 2
B AL, Wik T ARG BPE RE AL . AR 8 1
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GIHT SRR A SRS A DA R e A R i e 1
BRE R SR T R, DA CSGHE Jk T AL 17 B2 iR 50 ) 2%
(AR B S AL,

H A M H EL 332 1) & Bagging. AdaBoost.
XGBoost. GBDT &4 it %= >J 171 Bagging K FH H4T
75 2K, VIR FED, HA 8RR 5 BT 4 B s S HOR
B, HAERANE ) AE — 8, R EE . AdaBoost
KH AT 77 SIS AT, AR B )1 2R 45 5L 1 BB, A
RN SN B B g, (HL 55 2 2] 2N B i e Bl
ORI B0 i L, SCRIR [65] 5 iR SRR 5557 21 4
MIZEFEHLFAR M (random forest, RF) #7347 471 17 TN,
AR FRRE R . KB BR . R AL SR A5
RUAT AL, SHUAS T 5 I UR.

XGBoost HiE R I T, i T iR
RN IS AU A e i, AF A 1 AR AT #8 7 2 2
B S, TR £ AL TR, 8 Py R R
UM B, SRR 166] I 4 A 51 1) stacking
AR¥s XGBoost 55 &8 KB E IR A (light gradient
boosting machine, LGBM). % JZEHIHL MLP =AM Y
G F B T, B H A I P RE AR 4. BRSSO
g 7 7 340 R A1 4 A B AL B2 DL R AR AL 2 Hiide 3% 11 4
Aot T 2 I XUZ XGBoost BRI S5 K, AL 28 1 2
i 1615 B I RE SR 5 AT R N5 2 RN, A 250k

G REIE B A AR 14 ) R

R LA BB RS SR AL, 5 8K SVML, #f
L4 LR ) S VR BT A T (AR 3
Jii7R). Malekizadeh %5 N\ ¥ v Ty R G0 %150 BT/
X 33, FI BRI 2 2% (fuzzy neural network, FNN).
SVM 45 22 A1 43 Sl Tl A X 31 i e 6y, SR
JR R AR AL B (locally linear model tree, LOLIMOT)
77 3K /N DI TR 25 SR 2H A, 5 R 4 EE R TS 1
B NI, Eﬂﬂﬁ&ﬁlﬁ@?ﬁcﬁlﬁﬁﬁﬁﬁ%ﬁ ICHR [69]
¥ CNN 5 RF &5, AR/ T"MAPE. £ x4
Y8R > 5 ST K5 HE R, Tian %5 A7) 1
CNN $2HUH 3 e G046 5 a5, 454 LSTM B
AT AR 5225 ATV % 2 (6% (MAPE-
reciprocal weight, MAPE-RW) 1% B A 4H & s A A R,
¥ XGBoost 5 LSTM #4584 7 (1 BsF J3> £ 4 3247 AL
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