Modeling and Simulation E# 5153, 2022, 11(4), 1071-1082 Hans X0
Published Online July 2022 in Hans. http://www.hanspub.org/journal/mos
https://doi.org/10.12677/m0s.2022.114098

E T Light GBMEERIZE R S G2 far Aot

HFER, AR, £33, & 9, ik
HEER TR R S B0 ) TR B & FHE TN S TR AT B B GE ks, Lilg

R

Woks Hi: 20224F6 100 FHER: 20224F7H7H: KA A HM: 202247 18H

G2

FEL 77 P (R 7 5 R 6 BRI AR T R SE B FE AL R R R e, RA BB R SRR, 4
REEHFEIMAF O HEAFFMBRZ AR EF-RFESSERROMN, TIE 7 ERUMEREA
B, HAT BN EARTRRNE PR . ACRE T —FhE T Light GBMELH: K483 H 77 5 Bl
BA, FEMASETER T IKSEMA L LARER, BEPER T AR, LR
MRS RN, R FSEAE KSR P BREGH F D8, SHRRHAT IR R RIE. 4R : AR
P SEER AR A/ B IR X Light GBMAR R O FRIE BEA — e Roma, TR 4 5 SERREA B, P39 485 R
Z¥/NT03, FHEN A HIREL/NT0.01%, HITRREL/PT1%. BETRBA L TR R
BEZY Fe XGBoostR A X T 45 SRt AT e, EBA A SO A B B8 e RS i BE A TR R

eI 4L
BRI, $E4HT, LightGBM, MLER% >y

Research on Short-Term Power Load
Forecasting Based on LightGBM Algorithm

Junjie Xu, Yongbao Chen’, Lixin Zhang, Ming Gao, Jingnan Liu

School of Energy and Power Engineering, University of Shanghai for Science and Technology & Shanghai Key
Laboratory of Multiphase Flow and Heat Transfer of Power Engineering, Shanghai

Received: Jun. 10", 2022; accepted: Jul. 7", 2022; published: Jul. 18", 2022

Abstract

The fast and accurate prediction of short-term load demand on the power user side is the basis of
realizing the optimal dispatching of power grid. Only by understanding the load demand on the
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user side can we better realize the load supply. Because the power load demand is affected by
multiple factors, including meteorology, production and life, and the prediction accuracy of the
existing methods is not high enough, which restricts the further improvement of the overall oper-
ational efficiency of the power grid, in this paper, a short-term power load forecasting model
based on LightGBM algorithm is proposed. The meteorological parameters and historical power
consumption indexes of users are considered in the character input parameters. The 5-fold cross
validation method is used in the model to improve the prediction accuracy and generalization of
the model, and the model is trained and verified by using the power data of the actual power grid
bus in a province. The conclusion shows that the selection of the size of different historical data
has a certain impact on the prediction accuracy of LightGBM model. Compared with the actual
value, the average absolute error of the prediction data is less than 0.3, the average absolute per-
centage error is less than 0.01%, and the root mean square error is less than 1%. Comparing the
prediction results of the proposed model, multiple linear regression model and XGBoost model, it
is proved that the proposed model has higher accuracy and prediction effect.

Keywords

Power Load Forecasting, Characteristic Analysis, LightGBM, Machine Learning Algorithm

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|

14, A SETE CHEAE, B AR R e R H e s, H RGN g HEE R T I ™
U IR AR (1] o 52 A F T 87 Ay SO0 e — e F0I0 A >R T LN 1) LR 9 HE g S P 753221, AR D H X A
RGN EH 5, R0t PR BEAT S VPAL,  FF FLG H I )38 A7 MR A R 4 i T DA & AR
AR P B . o A T () P ] P AR BRI RO A J O R I HE g A7 A T RS R SRR T S Y
BIR, DR, T R R B A IO ) s R — 1 EE (P A A

B N A2 B A L R AR R 3 7 2 e T v, BB Ntk G gt 2E i i AR
WA 2= S EP RIS . GG 27 AR Gt FiE, BT RS A A, o DA 2 A TR RS 2 75
3R, B REARFAR MR IE, 225 A8 w38 T AL 2 P R . HLas2 2] L AT
SCERPEREIA3]. SVR CGZFrmEEIANL) [4]. N THIZRIZE[5]. BENLARARIL[6]F LightGBM [7]%%, ALk
G G275, HPR 2 E R 2 o AEME[8]5F AR AR UM FiX &, $R AT R L2 Ju etk
[l UAAR Y, e o S B B0 E A A B R s I TR B, (R @ S A, Ty sk B v
SR, AN T H S S TN T S [O] SR FH el 1Y RBF N A48 WX 48 1R AT A0 B L ) S fmr T, 42
T SN AR B0 U A ()P I LA X B iR ZE /N T 5%, TRIKE A T — @ it s EIE[10]%5 AN
EA S B SR AR = AN PR 2 AL AR MRE RN SRR ) S HLIEEAT PO, R ISR AR T
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SRR TP A8 SCHR ARV A S 9T H 7 DAy TSR, R P s 0 R, g S s B BEAT BRI R S B8, foe
52 uE MR AR . XGBoost BT X EL 4T, S5 ERFRY] LightGBM SV AL i 31 it /) 47 Ay TN 45
HA K.
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2.1. LightGBM
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Figure 1. Histogram algorithm
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Figure 2. Leaf-wise growth mode with depth limitation
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Figure 3. Load data set from February 1, 2021 to April 30, 2021
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Table 1. Characteristic variables and variable names of short-term power load
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TR RSN EE . FREFERFFHNTNEE PN, WWREERRAN 13, FRERN 21,
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LightGBM #E2Y [F) fe £ S 45 IR 4+ 2 o, (RIS A 1 $ i 00 ROk A B2, s ) 1 A4 28 LB IE 1)
Jrigit— Pk MA . o, random_state ABENLECR T, learning_rate %% 213 %, colsample_bytree

ANREHLIHBCRFE I LEB, num_leaves BEHLELRIM 8, n_jobs 74 cpu AT FURZ AR, —1 R4l
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Table 2. LightGBM model parameters
%2 2. LightGBM 1&&! 58

SHAR EV¢:
random_state 42
learning_rate 0.1

colsample_bytree 0.8
num_leaves 63
n_jobs -1

A5 FH — JE 3 SE B K B VR R IR BRI 25 LightGBM A5 B 3ok = AN AS [] sk [7] B ) v, 3 A7 1 PN 225 58 4n
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Figure 4. LightGBM predicts one-day results
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Figure 5. LightGBM predicts three-day results
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Figure 6. LightGBM predicts seven-day results
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Table 3. LightGBM model evaluation indicators for different training set lengths and different prediction times
= 3. ARINZGEKE AR ETFURETE LightGBM #EEIFM TE#R

MAE MAPE ("107%) CVRMSE
R — — —
—R =K LR —K =% LR —K =% BTV
JE 0.24 0.2 0.24 6.30%  510%  6.00%  0.95%  0.69%  0.80%
H 0.25 0.21 0.24 6.50%  5.30%  6.10%  1.00%  0.72%  0.84%
= 0.26 0.22 0.25 6.60%  5.60%  6.30%  099%  0.74%  0.86%
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Figure 7. One week LightGBM model prediction results of training set
Bl 7. %% —R LightGBM HEEIFUMLE R

M 3 ATENGLAIXT EL), FFAE T (AR LightGBM AR A (1 Tl R R Bk 22, Tl 18]y 3 K (g Tl
K RE e, HUOR 7 RIIETE, a1 RIS, $E8H LightGBM TR AR Bt A ] K FE 1) Tt
ISF 16 P T 28R AN ]

Z

m

DOI: 10.12677/mos.2022.114098 1078 BEE


https://doi.org/10.12677/mos.2022.114098

N N o o o
Q“g 0“’0 'Q’Q '\3’9 ’\?’0
It 18]

Figure 8. One month LightGBM model prediction results of training set
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Figure 9. One quarter LightGBM model prediction results of training set
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Table 4. Comparison of different index results between different models

F 4. NEMRBLZ B EHEREER 2T EE

I MAE MAPE (x107%) CVRMSE
A H &S A H ES A H &S
—R 0.24 0.25 0.26 6.3% 6.5% 6.6% 0.95% 1.00% 0.99%
LGB =KX 0.2 0.21 0.22 5.1% 5.3% 5.6% 0.69% 0.72% 0.74%
R 0.24 0.24 0.25 6.0% 6.1% 6.3% 0.80% 0.84% 0.86%
—K 3.21 3.21 3.24 7.7% 7.40% 7.70% 10.82% 10.54%  10.47%
XGB =K 2.5 2.46 2.51 6.00% 5.90% 6.00% 7.66% 7.68% 7.78%
R 2.89 2.73 2.9 6.70% 6.30% 6.70% 8.59% 8.01% 8.64%
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—K 6.53 6.39 5.94 1550%  14.80%  12.20%  1859%  18.71%  19.75%
&t =K 5.87 5.79 5.85 13.40%  12.90%  12.40% 17.64% 17.85%  19.21%
R 7.18 7.16 7.49 1490%  14.60% 14.90% 2229% 22.64% 24.10%
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Figure 10. Comparison of different models in one day
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Figure 11. Comparison of different models in three day
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Figure 12. Comparison of different models in seven day
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FI CVRMSE 1, #H%: % sk Al A F A AT XGBoost #5754, LightGBM A5 7! TS & 4 Jl 42 1 1 59.4% 11
18.2%, THIEE 5 B SLHUE LA FEIRE T 94.9%F1 91.2%, 7T 7 H R I H B B A%, feE irth
AT 5 3 LT A TR

5. &

ALHET LightGBM By AN LT 28 XIGUFVE G AL 7 —Fp a1 g S faf TS Y, B i TSR 3R
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