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Ultra-short-term power load forecasting based on an improved Q-learning
algorithm and combination model
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Abstract: The prediction accuracy of a single model will deteriorate because of load fluctuations when making
ultra-short-term load forecasting. To solve this problem, this paper proposes a combinatorial prediction model based on a
deep learning algorithm. First, variational mode decomposition is used to decompose the original load sequence to obtain
a series of sub-sequences. Secondly, a bidirectional long short-term memory network and an optimized deep extreme
learning machine are used to predict each sub-sequence. Thirdly, the improved Q-learning algorithm is used to weight the
prediction results of the bidirectional long short-term memory network and of the deep extreme learning machine to
obtain those of each sub-sequence. Finally, the prediction results of each subseries are summed to obtain the final load
prediction results. The results show that the prediction model proposed in this paper performs better than other models in
ultra-short-term load forecasting, with a prediction accuracy of more than 98%.
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Fig. 1 Framework of forecasting model
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5 1.7453 1.4194 1.0386
10 1.7540 1.4284 1.0463
20 2.5057 1.9876 1.4063

HI3% 5 ATLVE H, A ERE S, B
FEE RARAK, FEIIN 20% 0 DL, R

RITIAE R PEAT B T R, PRI 2 T AR IR
FEOLT BB T SE R, BAIE T PR A
AT &R

® 6 RMAREIFR THAFHNEERIER

Table 6 Load forecasting result indicator without noise

R Xrmse/MW - Xuae/MW - Xyiape/%
IDELM 2.6832 2.0801 1.5430
BiLSTM 2.6066 1.7726 1.3305
BiLSTM-IQ-IDELM 2.3565 1.7686 1.3086
VMD-BiLSTM-IQ-IDELM 1.7404 1.4115 1.0327

H3 6 WLLE H, PR, R
AR LS, BILSTM-IQ-IDELM fAIAH Lk T
IDELM. BiLSTM S—IEEAL, X\ 7000 F B
T 12.17%+ 9.59%, Xy 7390 T F 14.97%- 0.22 %,
Xoyups 5 R 15.19%. 1.64 %o BiBA R4 A1
RBES IR m TN AR 2, R VMD BLJS #7500,
#H Lt F BiLSTM-IQ-IDELM #5 %, X, F B
26.14%, Xy NFE20.19%, Xuare FFE21.08%.
3.3.2 BLE M ETTVER L

N T HAIE Q-L Ut fRMERE, # Q-L. Rz
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IRATRMEE IR, SCI g RNl 11 s, SEsvFidia
FrlAl b, @8R 7 B,
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Fig. 11 Errors comparison of different weight distribution methods
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Table 7 Load forecasting results metrics of different

weight allocation methods

Jiid Xrmse/MW Xnae/MW Xiape/%
ET Tk 2.0155 1.5489 1.1469
5 2 (550 1.7606 1.4110 1.0328
Q-L 1.7506 1.4243 1.0429
IGWO 1.7411 1.4105 1.0331
1Q-L 1.7404 1.4115 1.0327

B R BT AR RCR, T IQ-L R
AR IR T B /R AT RIS AR, EB A A A T
SERBUE B R b, SR Sy /R AT R SR AR 1
1Q-L /7 AR E HRZE I8 R U s 2k

IGWO 73 BB E (s, 3 B R HCN /s
BIiRiRZE, PEEECE 20, ERIKECH 50.
3.3.3 BEAYFE LA B X L

T RAEAR ST A BiILSTM 5 IDELM A2
BONEE SRS, 5BILSTM 5IGWOLAL KIS #5111
= [A] ) (support vactor regression, SVR)Z A A
BiLSTM 5 IGWOML AL [ BP 4 25 [0 2% 41 £ A 7 33k AT
XTH, IGWOMRALSVRINIE TI S 8 A% 24, 11
L 43 3M10.1,30] #1[0.1,10] , IGWOLRALBPAHZ:
WL BB E, FIEEEA[-2,2], IGWO
RACELM-AERI N JZ A E, FOTEHA[-2,2] ,
PRI E Y 20, EARRECH 500 Seiass R
12 i, SERR PPN TRARTE b, 455k 8 fis.
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Fig. 12 Comparison of collocation rationality

% 8 FEIHBERER AT I LE RigrR
Table 8 Load forecasting results metrics of different

collocation models

R Xrmse/MW - Xvae/MW - Xvare/%
VMD-BIiLSTM-IQ-IGWO-SVR 1.9885 1.6218
VMD-BILSTM-IQ-IGWO-BP 1.7577

1.1758
1.4304 1.0463
1.7404 1.4115

VMD-BiLSTM-IQ-IDELM 1.0327

R 8 T LA, BAYFEICANE],  Fiiil &5 2R
AN—FE, AL VMD-BILSTM-IQ-IDELMAR 7Y
AT VMD-BILSTM-IQ-IGWO-SVRAR®, X\ o F
B 12.47%, Xy FFE 12.96%, X, FFF12.17%,
L FVMD-BILSTM-IQ-IGWO-BPHA!, X,z F
B 0.98%, Xyup NI 1.32%, X,ppp I 1.29%,
K BILSTM 5 IDELM#& R8¢ & 7
334 AL EEXT T

N T SRR S AR AR SR B A B A A
(1) -1 6 71 ¥ 5%, K A VMD-BIiLSTM-IQ-GWO-
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Fig. 14 Errors comparison of optimization algorithms
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Table 9 Prediction results metrics of different
optimization algorithms
il XrmseMW - Xae/MW - Xyiape/%
VMD-BILSTM-IQ-PSO -DELM 1.8342 1.4736 1.0800

VMD-BiLSTM-1IQ-GWO-DELM 1.7806 1.4287 1.0466
VMD-BiIiLSTM-IQ-SSA -DELM 1.7802 1.4241 1.0410
VMD-BIiLSTM-IQ-IDELM 1.7404 1.4115 1.0327
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Fig. 15 Comparison of different months
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Table 10 Load forecasting results metrics for different months

R Xrmse/MW Xvar/MW Xuare/%
1 1.7404 1.4115 1.0327
5 1.4911 1.2069 0.9150
9 1.6085 1.2905 0.9220
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