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Table 1 Evaluation results of different
models without noise %
AL AR Mac M¥D MFA
SSDAE 98.60 1.86 1.11
SSAE 98.57 1.82 1.17
SVM 97.81 3.23 1.48
DT 97.00 3.68 2.53
ANN 95.55 6.00 3.38
NB 79.71 34.28 10.67

] PUFE H, SSDAE F1 SSAE B9 PEAL 14 fE W 1 =
T HAbER)Z 2 > F ¥k, 1 SSDAE Fl SSAE R FAH
LSRN S5, 2 TCME 1 B0, I3 1 Mk R 4
PRIEAAHIA

BT S50 [B] 40 28 2 Pr 7R, SSDAE #5271 )I| 25
500 YR AT R 147.65 s, AR FH i 2 v R4 Tk
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Table 2 Training and testing time of different models

R IR A)/s P R ms
SSDAE 147.65 2.99

SSAE 143.32 3.59

ANN 553.86 5.25
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TEAE R 45 i Wt #% SSDAE, SSAE, ANN
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SRVPAREE R B A A B LG 45 21, 25 R n 3k
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Table 3 Simulation results of different
models in actual grid

e Mac /% mp /% mpa /% PEETR]/ ms
SSDAE 96.62 5.92 0.84 3.98
SSAE 96.55 5.78 1.12 4.88
ANN 94.12 10.27 3.94 7.72
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Table 4 Evaluation results of different

models with noise %
i N {5WE L/ dB
PEAATR —— E
3 20 15 10 8

SSDAE 98.60  98.40 9796 97.12  96.38
SSAE 98.57  98.21 97.79  96.66  95.77
SVM 97.81 97.66  97.47  92.60 79.14

DT 97.00  89.64 87.18 83.96 81.99
ANN 95.55 95.33 94.67  93.50  92.89
NB 79.71 70.22 6491 62.37  61.90
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Table 5 Evaluation results of different

training samples %
RS Ve
VAL LAY
200 400 600 800 1 200

SSDAE 92.32 9478  96.03 96.65 97.05
SVM 83.34  91.91 94.10  95.09 95.88
DT 88.88 91.52  93.23 93.83  94.75
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Transient stability assessment model based on stacked sparse denoising auto-encodern
WEN Tao', ZHANG Min®, WANG Huaiyuan®
(1. Electric Power Dispatching Control Center of Guangdong Power Grid Co.,Ltd., Guangzhou 510600, China;

2. Guangdong Power Grid Co.,Ltd. Guangzhou Power Supply Bureau,Guangzhou 510620, China;

3. College of Electrical Engineering and Automation,Fuzhou University , Fuzhou 350116, China)

Abstract: With its good performance, the deep learning model is introduced into the transient stability assessment of power

system. However,when applying online, the anti-noise ability and generalization ability of the models must be paid attention to.

A deep learning model based on stacked sparse denoising auto-encoder ( SSDAE) is proposed for real-time transient stability

assessment. The corrupted data is generated by adding white Gaussian noise to the original input data. Then, the high-order

features are extracted from the corrupted data. Finally,the original data is reconstructed by using the high-order features. The

anti-noise ability is greatly improved after training. Besides,the weights and the degree of activation of the hidden layer neurons

are suppressed to achieve the sparseness of the model , which can improve the generalization ability of the model. The simulation

results show that the SSDAE based model has good anti-noise ability and generalization ability compared to other machine

learning algorithms.

Keywords : deep learning; stacked sparse denoising auto-encoder ( SSDAE) ; transient stability ; anti-noise ability ; generalization

ability ;machine learning
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