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Fig.l1 Correlation analysis of multivariate load
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Fig.2 Framework of model
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Load forecasting of integrated energy system based on
MMoE multi-task learning and LSTM
WU Chen',YAO Jing’,XUE Guiyuan', WANG Jianxiao’, WU Yin', HE Kai’
(1. Economic Research Institute of State Grid Jiangsu Electric Power Co.,Ltd.,Nanjing 210008, China;
2. Beijing Tsintergy Technology Co.,Ltd.,Beijing 100080, China;
3. State Key Laboratory of Alternate Electrical Power System with Renewable Energy Sources,
North China Electric Power University, Beijing 102206, China)

Abstract: Accurate multivariate load forecasting is the key to realize optimal scheduling and economic opera-
tion of IES(Integrated Energy System). On the basis of considering the correlation of multivariate loads,
a multivariate load forecasting method based on MMoE (Multi-gate Mixture-of-Experts) multi-task learning
and LSTM (Long Short-Term Memory network) is proposed. The Pearson correlation coefficient is used to
analyze the strong and weak correlation between cooling, heating, electric load and meteorological factors.
Then, the MMoE, multi-task learning model is constructed, and the expert subnetworks and gating units are
used to learn the difference of coupling characteristics among multivariate loads. Moreover,the subtask model
is constructed using LSTM to forecast multivariate loads. The performance is validated by public datasets,
and results show that the proposed model based on MMoE multi-task learning and LSTM can effectively
improve the accuracy of multivariate load forecasting.

Key words: multivariate load forecasting;integrated energy system;correlation analysis; MMoE multi-task lear-

ning; LSTM ; expert network
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Equivalent modeling of LVRT and current limiting links for

distributed photovoltaic and wind turbine generators
CHEN Haidong',PAN Xueping' ,HUANG Hua®,SUN Xiaorong',HE Dazhuang', YONG Chengli'

(1. College of Energy and Electrical Engineering,Hohai University,Nanjing 211100, China;

2. School of Electrical Engineering,Nanjing Institute of Technology,Nanjing 211167, China)
Abstract: With the increasing integration of distributed new energy units,the dynamic characteristics of power
load have significantly changed,it is necessary to study a new equivalent modeling method for active distri-
bution networks. The types of distributed new energy units in the active distribution network are diversified,
and the controller has nonlinear links such as switching and limiting. For this reason, with the common
characteristics of model structure of doubly-fed induction generator-based wind turbines, direct drive perma-
nent magnet synchronous generator-based wind turbines, and photovoltaic generation,a general model of dis-
tributed new energy units is constructed. On this basis,a new non-mechanistic equivalent modeling method
for nonlinear links under effect of multi-excitations is proposed, and the results are verified by a simple
simulation example. An actual active distribution network is simulated and the results demonstrate that when
combines the equivalent model and the classical load model in paralleled, it can accurately describe the
dynamic characteristics of the active distribution network considering LVRT (Low Voltage Ride-Through)
and current limiting links of the distributed new energy units.
Key words:distributed new energy units;dynamic characteristics;active distribution network ;nonlinear links;

low voltage ride-through;equivalent modeling
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Table A1l Network structure of model based on
MMOoE multi-task learning and LSTM
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