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Abstract: With the increase of renewable energy’s penetration rate in power systems, it is essential to make real-time,
accurate and highly fault-tolerant state estimations for distribution networks to cope with the intermittency of renewable
energy and keep safe operation of the power grid. Since the assembly level of distribution network measurement devices is
incomplete and the model-driven state estimation can hardly adapt to the high uncertainty of environment, the fused
measurement data from SCADA/PMU is adopted to train the gated graph neural network (GGNN).Then, a high fault-
tolerant distribution network state estimation method based on GGNN is proposed. It can obtain the spatio-temporal
relationship between the measurement and the state estimation by using the graph convolutional layer and GRU-like to
extract high-dimensional spatio-temporal features of the measurement. The proposed algorithmic solution is assessed and
validated based on an IEEE 33-bus system and an IEEE 118-bus system, respectively. The assessment result show that
GGNN can effectively fit the space-time mapping of measurement and state data with a higher accuracy and robustness
compared with the traditional Weighted Least Squares (WLS) and Multi-layer Perceptron (MLP).

Keywords : renewable energy ; distribution network ; state estimation; high fault tolerance ; fused measurement; gated graph

neural network ; least squares method ; multi-layer perceptron
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Fig.1 MLP-based pseudo-measurement model framework
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Fig.3 Framework of the high fault-tolerant GGNN-based

distribution network state estimation method
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Input and output:
Gated Graph Conv Conv.
Fully Connected Layer 1~ Conv.
Torch.concat ((x , h), 1)
Fully Connected Layer 2 Conv.
Algorithm:
h < tanh(x[:,0,:,:])
y<Fully Connected Layer 1(h)
fori=1—12 do
x  x[5,1,5,:]
h < concat(h,x)
h «<Fully Connected Layer 2(h)
h «—tanh(GatedGraphConv(h))
end for pooling
y < Fully Connected Layer 1(h)
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Fig. 4 Pseudocode of the GGNN-based state estimation method
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Fig.7 Algorithmic flow of the high fault-tolerant GGNN-based

distribution network state estimation method
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WLS 7.02 7.59
MLP 4.11 6.58
GGNN 2.89 5.11

H 4 mT 0L, N 20% Me s I A AT WLS 5
MLP J5 % , GGNN GBS AE — R FE b3 o Mg P 057 1
AE) AEREAGTHE S N IPLiR 2268 I o, H R
WRAEL T K AR T 52 22 43 I BEAR T 4. 13, 1. 22 H 40 1,
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Table 5 Training set Loss and test set 6, under different

Batch size
Batch
i H
32 60 96 128
Y ZREE Loss(x107) 3.76 1.47 2.34 3.67
WA S, 0.067 0.064 0.082 0.079

#6 A EHK Epochi%E TilZ %5 Loss SN &6, .
Table 6 Training set Loss and test set 6, under different

Eepoch size
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TiH
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