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Power System State Estimation Based on Dual Attention Convolutional
Bidirectional Long and Short-Term Memory Neural Networks
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Abstract: With the continuous expansion of modern power systems and the increasing complexity of their structures and operational
modes, real-time and accurate state estimation of power systems is crucial. To address this, a power system state estimation method
based on dual attention convolutional bidirectional long and short-term memory neural networks (DA-CNN-BiLSTM) is proposed.
This model introduces a channel attention mechanism to adaptively adjust the weights of feature channels in convolutional neural
networks (CNN), and incorporates a feature attention mechanism to dynamically allocate weights for individual features before input-
ing them into the bidirectional long short-term memory neural network (BiLSTM). Important features are filtered from
spatiotemporal characteristics based on acquired importance metrics and the correlation between measurements and state variables is
dynamically explored . By constructing a measurement dataset from historical data, the DA-CNN-BIiLSTM state estimation model is
established. Real-time measurement data is then fed into this model to obtain real-time state estimation results. Case studies on IEEE
standard systems demonstrate that compared to WLS, SE-CNN, and FA-BiLSTM state estimation methods, the proposed method
achieves superior estimation accuracy, robustness, and computational efficiency.
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Tab. 5 Indicator of the amplitudes tate estimation results at the
50th cross-section containing bad data

HL R IR B 5 22/(102p. . )

ke A EIR Y R EIR S WTRIRE
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SE-CNN 0.276 6 1.8105 0.0346
FA-BIiLSTM 0.2554 1.3816 0.0318
WLS 0.4572 1.9853 0.0579
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Tab. 6 Indicator of the angle state estimation results at the 50th
cross-section containing bad data
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Tab. 7 Indicator of the state estimation results at the 150th—
200th cross-section containing bad data

A5 4 30 LR IR 522/(10 p. u. )

ke LR RO EIR S WARIR2E
KSR 0.3569 1.2757 0.0429
SE-CNN 0.4725 1.3854 0.0524
FA-BiLSTM 0.4533 1.3921 0.056 1
WLS 0.900 5 3.2637 0.116 4
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Tab. 8 Indicator of the state estimation results at the 150th—
200th cross-section containing bad data

1430 L FRAR A 22/(107°(°))

s LAY R4 ERYE  BWRRE
AR5 21. 6639 53.4329 2.6353
SE-CNN 27.1253 66. 096 4 3.2166

FA-BiLSTM 25.3052 63.4157 3.0329

WLS 41.3305 112.1853 5.1577
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Tab. 9 Overall MAE values of 150th—200th cross-section

under non-Gaussian noise
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