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Abstract: Measurement noise and communication failures in active distribution networks compromise the accuracy
and completeness of measurement data. Deep learning models for topology identification often lack credibility due to
their “black-box” nature. To address these issues, an interpretable topology identification method utilizing the
classification-based temporal generative adversarial imputation network (CTGAIN) was proposed. This method lever-
ages temporal data, including pseudo-measurements of nodal injected power and local current vectors. CTGAIN con-
sists of two cascaded neural networks: a generator based on a bidirectional gated recurrent unit(Bi-GRU) , which
utilizes forward and backward sequence information and includes a missing mask for value imputation, and a dis-
criminator built with a Transformer that employs multi-head attention mechanisms to identify topology and predict
missing masks based on the generator’s imputed results. A composite loss function jointly optimizes CTGAIN,

enhancing both imputation precision and topology identification accuracy. The Transformer incorporates dual attention
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mechanisms and multilabel integrated gradients to evaluate and interpret the importance of features related to topology

states. The dual attention mechanisms dynamically adjust attention weights to assess feature importance in real time,

while the integrated gradients accumulate feature gradients to highlight critical features associated with switch states.

Simulations on modified IEEE 33-bus and 69-bus systems show that the proposed method achieves an average identi-

fication accuracy 3% higher than the second-best model across various noise levels. It maintains over 95% accuracy

even when 50% of measurement features are randomly missing and achieves over 90% accuracy with a distributed

energy resource (DER) penetration rate of 70%. These results demonstrate the method’s adaptability to different noise

levels, missing measurement features, and DER penetration rates.

Keywords : distribution network; topology identification; temporal generative adversarial imputation network
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Tab.3 Comparison of different imputation algorithms
ANFIBER R ZE R 3 ARIR 2 Erus

W | B0 IEEE 33 Y5 R4 | 1B TEEE 69 118 R 5%
10% | 30% | 50% 10% | 30% | 50%
KNN 040 | 045 | 052 | 055 | 058 | 0.61
Mean 059 | 0.81 0.86 | 066 | 072 | 0.95
GAIN'" | 0.14 0.18 0.21 0.25 0.30 0.36

TDAE" | 0.10 0.12 0.15 0.23 0.27 0.30
CTGAIN 0.05 0.07 0.09 0.10 0.15 0.19
BRI | ' ' ' ' '
100
S st g
o \
=
1 60 |
2= 40}
z
L
0
10 20 30 40 50
Bl ek /%
== CTGAIN (A ) == Mean == TDAE"Y
= KNN == GAIN""

B9 EH 1R AEBREENPHRERZE N
Fig.9 Impact of different imputation algorithms on
identification accuracy in case 1

100 f

S 80t

5 60f

= 40t

pra

=

= 20 F
0

10 20 30 40 50
== CTGAIN (A Jr3k) ™ Mean == TDAE""
KNN == GAIN"Y

B 10 HH|2h AEHRAMNE A PHRERZE N
Fig.10 Impact of different imputation algorithms on
identification accuracy in case 2

PR 30% LAT REOREE 98% LA A HHHIERG %
FEEARER H 50% BFREORIF 95% LA b I HEHIE i
R AR B R T B R | ARk
FIEBIREAE , AT BRI & T Fd b HE e 5.
5.4 EBIRRTRERRIE

TE CTGAIN ARt fE v, i 2 v B A
BN STTL , REE SE X AR 25 ) RSy ik
AP 38 2 FTRAEAS Rl AR B B AR, e
% XoF 45 48 AIE R 221 1) B M AR Ak gk AT A i A
Br. 7€ CTGAIN FENS R, B SRS £
FRAFITR6 BE A T AT ARALFIE b, ASCHES 5: 2



<712 - RHRZ 24 (A AR5 TREEAR)

58 HTH

T, FETHEG 1, BRI Al fE R,
5.4.1  FEALY| LR b 04 AR Fe B R AL RRAR

TEAR AL 2R AU o F P XA [ i AR Ik 30 285
SRBCTE R AR, FEAE I ZREN SR B A 3 B
% RV BORRIE XS PR IR A A A R TR
B, X BHREE R A M. B 11 25 T
BILESS 0 ~ 190 YIEAUIF FRFIETE B A I A

P, =

P, -

P, =

P, =

1:'i -

P, =

P_ -

P, =

BT

P, -

P, -

Py -

o2 T
P, -

PR e e o
Py -

P -

P, -

Fo g W&
P, = 0.10
r.k

Py -

P, L

P -

P -

P‘l) =

o 0.08
P, =

P, -

o' -

o -
w O = 0.06
2o -

o, -
@— Q =
<o -

0, -

0, -

o 0.04
on -

o -

o -

g |

0, - H 0.02
on -

on -

0, -

0. -

0. -

0, -

on - =0
Q. -

0. -

0. -

on -

on -

on -

0, -

on -

o -

Ly

Lon

Lok

o

Lok

o5 O T O I B

ol |
°T 1 [ [ [ Y Y O Y O IO
I | e o o o o o o o o

0 20 40 60 80 100 120 140 160 180 200
eI ¥

B 11 ARERRBHFHEESNNERNE
Fig.11 Heatmap of feature attention weights for different
iteration numbers training
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portance evaluation methods

BRI SRl R, B A TE R AL AR5
DUV TR XA TR A s A DTRRE , A&l 13 .

B 13 JE/R THIIZESS 0~ 190 YGEARA FEA
B[] A AR AL, B AR R FRRIEAIREL, AR
FEoR I AL 1 A 0 BT TR G5, TR g T D T
XA TR Ay R I AT SIS AR, AR SO B (B 2 11 58
JEZ 10, LW A EE AR E 0.10 Bffir, BT
B FEEEA R IE T A SCR R AFA T Y.

542 FERVRGK P 6 I KR A X R AR AR

TEG5c 2 8, S 1 R ZARZE R4 B FT AL
iy H TR SRS T SCHR (R AR AIE , B TE R TR () 5 B | 2%
BTG 2 FIFFC 9 A TRT AL, 4Nl 14 PR,

XTI 2, BB B SRR AR 5 MRHIEA
Lotsaas Imiz-1a Tnoso Py Fl Ligo; XFFFFIE 9 BlorH



2025 4E 7 A 9 32 FET R AR AR R R 2% 1 T A R L I R <713 -

E
L 010 010 010 0.0 010 0.0 010 0.0 0.10 010 0.10 010 0.0 0.10 0.10 010 010 010 040 010 [
2010 0.0 0.10 0.10 0.10 0.10 0.10 0.0 0.10 0.10 0.10 0.10 0.0 0.10 0.10 0.0 0.10 0.10 0.10 0.10 []"1075
3010 0.0 0.0 0.0 0.0 0.10 0.10 0.10 0.10 0.0 0.0 0.0 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 01050
_. 1 010 010 0.10 0.10 010 010 0.10 010 0.10 0.0 0.10 0.10 0.10 0.10 0.10 0.0 0.10 0.10 010 0.10 L1y s
% 5 0.0 010 010 010 0.10 010 0.10 0.10 010 010 0.0 0.0 010 010 0.10 0.10 0.0 0.10 010 010 ||
Z 6 00 0.10 010 0.10 0.10 010 0.10 0.0 0.10 0.0 010 0.10 0.10 0.0 0.10 0.0 0.10 0.10 0.10 0.10
7010 0.0 0.10 0.0 0.0 0.10 0.10 0.10 0.10 0.10 0.0 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.0 "7
¥ 0.0 010 010 010 0.0 010 0.10 0.10 0.10 0.0 0.10 0.10 0.10 0.10 0.10 0.0 0.10 0.10 0.10 0.10 [ 10950
v 010 010 0.10 010 010 0.10 0.10 0.10 0.0 0.10 0.10 0.0 0.10 0.10 0.10 0.10 0.10 0.0 0.10 0.10 (025
10,0.10, 010, 0.10  0.10, 0.10, 0.10 , 0.10,0.10 [0.10 , 0.10 , 0.10 ,0.10 , 0.10, 0.10, 0.10, 0.10, 0.10, 0.10, 0.10, 0.10
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190
AR KB
B 13 FEERZENEEFEEARERNE
Fig.13 Temporal attention weights heatmap with different iteration numbers
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