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Urban Electricity Load Forecasting Method Based on Discrepancy Compensation and Short-term
Sampling Contrastive Loss
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1 School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China
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Abstract Urban power load forecasting is an important content of urban smart grid planning and scheduling. However, the pro-
blem of data imbalance in urban power load forecasting poses a great challenge to urban power load forecasting. Traditional sin-
gle-model-based methods can hardly solve the problem of data imbalance. The existing multi-model-based forecasting methods
split the datasets into multiple sub-datasets according to the electricity load profiles,and then build multiple forecasting models
for forecasting, which can solve the data imbalance problem to a certain extent, but there are problems such as high model con-
struction cost and separation of the common electricity distribution characteristics among different distribution profiles. Based on
this, this paper proposes a lighten urban electric load forecasting model (Lighten-DCSC-LLSTM). It is constructed by introducing
the idea of discrepancy compensation and short-term sampling contrastive loss on the basis of long and short-term memory net-
works, while building a shared feature extraction layer to reduce the model construction cost. Among them., the idea of discrepan-
cy compensation compensates the prediction results of the main sequence prediction module by learning the differences between
different power load distribution samples,and the short-term sampling contrastive loss regularizes the training of the model by
the contrastive learning loss of the dynamic class center. To verify the performance of the proposed model, parameter tuning and
comparison experiments are conducted. The results of the comparison experiments show that the model achieves good perfor-
mance in the task of forecasting electricity loads.

Keywords Electricity load forecasting,Long-short term memory networks.Deep learning,Contrastive learning loss
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Table 2 Result of hyperparameter tuning

Number of Future 30 days Future 10 days
Hyper-parameters

Params RMSE MAE MAPE RMSE MAE MAPE
H=6,C=6(shared) 3840 4404.1 3082.2 0.013 3573.6 2739.7 0.013
H=12,C=12(shared) 7780 4342.3 3132.5 0.013 3538.7 2619.3 0.012
H=24,C=24(shared) 16510 4246.7 3082.2 0.013 3533.6 2739.6 0.013
H=48,C=48(shared) 37440 4184.3 3046.8 0.013 3303.0 2539.9 0.013
H=96,C=96(shared) 93120 3927.9 2825.1 0.013 3303.0 2294.0 0.013
H=96,C=96(unshared) 121150 4146.6 3081.3 0.013 3543.2 2781.2 0.013

Wt 3R 2 T AT B ASAT A LLE B 7E H A SR LSTM # B il Attention-LSTM B H, [&] i, & AT 6 45 % 4
AR A O 3 3 A I SRR SR IR TT DA A A 1 S 4 53 F AR Jy p M A LSTM A4 | Bi-LSTM 45 £ An
M 121150 FRER] 93120, HFEX A% 10 RFK kK 30 KW CNN-LSTM #RI A7 52 3 P8, 25 R sk 3 e, ml LUFE
HOMORE b, B4 H A C ¥ 96 BHRRI R IR fh . B, B 7E RO AN H B3 T B ) A e B rp L B T AR L 1 T vk
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Table 3 Result of contrast experiments

Future 30 days Future 10 days
Type of Model Model

RMSE MAE MAPE RMSE MAE MAPE
SVR 9568.7 7216.8 0.030 8827.8 6590.5 0.030
RNN 5858.3 4338.5 0.018 4501.3 3457.7 0.018
Single-model-based LSTM 5369.3 3652.5 0.015 5693.2 4395.8 0.019
Model Bi-LSTM 6785.9 5126.3 0.022 6470.6 5055.0 0.022
CNN-LSTM 6962.3 5606. 6 0.024 5102.5 4255.1 0.024
Attention-LSTM 6381.8 4651.6 0.019 5898.7 41288.5 0.019
LSTM 4638.7 3184.9 0.015 4977.2 3804.8 0.015

Multi-model-based . N B
Model Bi-LSTM 5087.7 3722.9 0.016 5693.2 3995.8 0.016
CNN-LSTM 5313.9 3751.7 0.016 5752.5 4255.6 0.016
Our Model Lighten-DCSC-LSTM 3927.9 2825.1 0.013 3303.0 2294.0 0.013
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Fig. 7 Model forecast results
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