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Tab.3 Assessment results of various indicators for

5 models
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Tab.4 Test results of the source domain task model in

new scenarios

€ ey B (%)
4 89.38
Tt 83.29
T, 94.64
Ginean 88.78

PR 48 SR vl e, Ol o SO L IS AT 3
VEIAT 55 BRI RO AE A B 2 N B, R L
PRk . B, FZERH] TSA-DDA HEZE K4 5
BERAE R AT I 5 FibERE . M H bRsk Il 4,
Sy HIBENLBEIE 500 100, 150, 200 MFEA, JE¥e
153 M S BEHLERIE Y 3 500 ANPEIRFEAR S IF, i
WAFEALE S|. S,. S3 M1 S, TSA-DDA HEZL ()2
HORE N FEARHEIROC/N A 130 CURIFE AR AT H Ax

BERE A B B BE N 100 A1 300, BRI AR
WHH 200, 2% )30 0.001, $1 5% 5 B ALE R EL
A=1, D-Softmax PRI ZEm=1.1, k=03. %
JEER R A FEARENINZ R, TSA-DDA HEZE )
TR EHRCRWE 5 Fion. HE 5w LUEH, 4
REFEA S, HATWIZRIN, T I AT RS B AR FEA
Fom AT B, S OB K i 78 40 2 X1 R0 HR AR A0 1 4y
A S SO AERRE, BRIV AS RO B 22, R R ALIA
F) 95.13%. R0, B IR A FEAEE P B bR e A %L
s, VPALHEM R B W TR . MRS AR H
PRIBORE AR B 386 42 200 S, ARSI 110 0 o A R A
% 98.18%, HiiF T TSA-DDA HE 4L 1] DL A 20 Pk 52 4
RUM VAL PE BE o
7S, S, @S, MS,

99

98

97

96 -

H4 (%)

95

94 -

93

SONNANNANNNNNY

920
Gmean
K5  TSA-DDA [f)3& fl 1 45 R
Fig.5 Applicability results of TSA-DDA
4.1.3  H RS

T UEW] TSA-DDA HEZE & BRI A7 241
W S AU AN HE 1) TSA-DDA  HE 42 35 47 31 il
";"\‘_’%Z

R 1. B R AN CPDA BLHI, A0
YSIRAN H BR IR TL G R AT AT R 5. R LG
Softmax BRI AL HEAT I -

THEIRIR 2. B T AN A MPDA AL, AR
YSIAN H RS 5 A BE R A HEAT X 55 . R s
Softmax bR AL HEAT I -

THELBIA 3. BRI th AL CPDA ML, AU
Y5 AN H BRI 7 S M R e A BEAT X 5R . R
D-Softmax B& 50 HEAT 0

THELBIA 4. B TP AN S MPDA AL, U0
Y5 AN H BRI 4% M R o A BEAT X R . R
D-Softmax B& HHEAT 0

MR G RN 5. R SLI S RER], TR
RY T I RS R 2 A5 A 55 3 G AR o A el A A



40 5 10 1 k2

AT LI £ B AR 20 50 5 B T AR VE A 3309

R A iy, BERUPERE R R, TOUI R A A 24 R Ik B
97.50%. AEXJ 5 R AE R Bl b, RSE AR 3 ORI gl
B 4 G830 51 N\ D-Softmax bR K 1 5 455 7L (1) 40 531
PERFAE 27 2], TOIHE A 2 20 3l 32 TH T 0.25 AN 7 23w
0.62 A~ 43 . D-Softmax R &7E — i FEE 1
TR PEAL PERE A S L M Y AR ARAT 5 .
x5 DMEAZERFHER
Tab.5 Average results of various indicators for

five models
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Fig.6 TSA-DDA sustainable learning capability verification
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Tab.6 Performance comparison of different models used

in large power grids
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Tab.7 Comparison of time consumption for using different

models in large power grids
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A Discriminative Domain-Adaptive Transient Stability Assessment Framework
for Operating Scenario Variations
Wang Tao Yang Yuan Shen Bingjie
(Hebei Key Laboratory of Physics and Energy Technology North China Electric Power University
Baoding 071000 China)

Abstract As China advances its dual carbon strategy, integrating new energy sources into power grids has
grown significantly, making power system operations more complex and dynamic. For deep learning-based
models used in transient stability assessment to be reliable, the training data and the data encountered in
real-world applications must be independent and identically distributed. However, because power systems are
time-varying and uncertain, models trained offline may not perform well in new operational scenarios. This paper
proposes a transient stability assessment-discriminative domain adaptive (TSA-DDA) framework to address
variations in operating scenarios.

Firstly, an inter-domain dual distribution adaptation method was proposed. While aligning the marginal
probability distributions of the source and target domains, this method also used Bayes' theorem to align the
conditional probability distributions, achieving optimal domain adaptation. Secondly, both mean and variance
differences between the source and target domains were comprehensively considered in the domain adaptation
process. A new transfer regularization term was constructed to measure the inter-domain distribution differences,
improving the model's domain adaptation capability. Finally, a discriminant Softmax function with adjustable
parameters was developed to make intra-class sample features more compact while keeping inter-class sample
features away by adjusting the parameters. This improvement can enhance the applicability of the assessment
model to power grids.

In the case studies, the TSA-DDA framework's ability to address variations in operational scenarios was first
validated on the New England 10-machine 39-bus system. Subsequently, four alternative TSA-DDA frameworks,
each with specific modules removed, were established to evaluate the effectiveness of individual components.
The prediction accuracy of the target and source domain test sets was compared using a fine-tuning algorithm and
the TSA-DDA. The TSA-DDA’s capacity for continual learning is confirmed. The TSA-DDA was then
benchmarked against mainstream transferred learning approaches to verify its effectiveness in scenarios with
limited new data. Finally, to assess the generalization capability of the proposed scheme, experiments were
conducted on a larger and more complex provincial power grid in Southwest China. The experimental simulations
utilized the PSD Power Tools and Dynamic Simulation Program to offer high-fidelity power system simulation
data for model training and testing.

The conclusions of this paper are given as follows. (1) The inter-domain dual distribution adaptation method
comprehensively measures differences in marginal and conditional probability distributions between domains
from both mean and variance perspectives. It constantly forces the feature extractor to narrow these differences,
ensuring effective feature alignment across domains and enhancing the model’s adaptability. (2) The discriminant
Softmax function improves the model’s learning of discriminative features by compacting intra-class features and
separating inter-class features, which enhances the performance of the domain adaptation framework in transient
stability assessment tasks. (3) Using voltage trajectory clusters with clustering and convergence properties as
model inputs, the proposed framework ensures effective transferability across systems with varying structures
and scales.

Keywords: Transient stability assessment, discriminative domain-adaptive, marginal probability distribution,

conditional probability distribution
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