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Forecasting-aided state estimation for active distribution networks based on improved
Att-LSTNet and unscented particle filter fusion
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(Key Laboratory of Power System Intelligent Dispatch and Control (Shandong University),
Ministry of Education, Jinan 250061, China)

Abstract: In response to the issue of inaccurate innovation vectors and unknown measurement noise covariance matrices
in the traditional unscented particle filter (UPF), a forecasting-aided state estimation (FASE) method for active
distribution network is proposed, which integrates the improved Att-LSTNet and UPF. First, the key parameters of support
vector regression (SVR) are optimized using a gravitational search algorithm (GSA), and a GSA-SVR model is
established using historical data. This model is then introduced into the output layer of the Att-LSTNet model to create an
enhanced forecasting model. Subsequently, the innovation vectors from UPF are used to train this model, and the isolation
forest algorithm and box-plot method are employed to monitor and correct the original innovation vectors. Finally, in the
case of unknown measurement noise covariance matrices, the corrected innovation vectors and UPF are combined to
calculate the unknown measurement noise covariance matrices and perform state estimation. Case study results on the
IEEE33-bus and IEEE118-bus test systems demonstrate the superiority of the proposed method in terms of estimation
accuracy, generalizability, and robustness.
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Fig. 4 IEEE33-bus benchmark distribution system

* 2 BENZIHE

Table 2 Statistical characteristics of noise
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Fig. 6 Estimation results under bimodal Gaussian mixed noise
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Table 3 Estimation performance of five methods under

Gaussian white noise

ok BAEIRM/(107 pu)  HEAM(x1070)

& RMSE MAE RMSE MAE

UPF 20114 18195 20547 19168
LSTNet-UPF 1.6639 1.2899 1.9713 1.3469
ALSTNet-UPF 1.6493 1.2842 1.6823 1.3129
SALSTNet-UPF 1.4608 1.2086 1.4742 1.2263
ALSTNetgs-UPF 0.1042 0.1014 0.1215 0.1137

R4 5SMAEENESHIR SMRA TRIMEITHEEE
Table 4 Estimation performance of five methods under

bimodal Gaussian mixed noise

- LB IEAE/(< 107 pu.) R AR 11 /(x 1074 )

7 RMSE MAE RMSE MAE

UPF 2.1282 1.8293 2.3683 2.1654
LSTNet-UPF 1.7738 1.2949 1.8719 1.4795
ALSTNet-UPF 1.7644 1.2886 1.8369 1.3925
SALSTNet-UPF 15139 1.2304 1.5683 1.2405
ALSTNetgs-UPF  0.1051 0.1192 0.1828 0.1763

=5 5 MAEREERBE R
Table 5 Computational time comparison of five methods

S

Trik T UG o T Tk R P
UPF 1.86 2.61
LSTNet-UPF 2.83 3.81
ALSTNet-UPF 3.64 4.73
SALSTNet-UPF 371 4.82
ALSTNetgs-UPF 5.59 6.84
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Fig.7 Estimation results in the presence of bad data
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Table 6 Estimation performance of five methods in the

presence of bad data

Sk IR/ 107" p.u.) LA /(<107 ©)
RMSE MAE RMSE MAE

UPF 2.1214 1.8662 6.6397 6.2282
LSTNet-UPF 1.7608 1.2915 5.3203 4.7275
ALSTNet-UPF 1.7592 1.2709 2.4611 2.1574
SALSTNet-UPF 15781 1.2303 1.9853 1.8728
ALSTNetgs-UPF  0.1159 0.1136 0.2026 0.1789
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Fig. 9 Voltage amplitude pass rate of five methods in

different network topology scenarios
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Table 7 Different network topology types

Y HH!

1 WrIT 28 % 7-8. 28-29, G EREE 25-29, 9-15
2 WrTF 2228 7-8. 11-12, M2 21-8, 22-12
3 W2k 11-12, 28-29, W&k 22-12, 25-29

NEW LA SRR TR 5 Hott 4 R iEAE
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DRI £8 S HISAEREHE MM HE S
5 SI15 S16 S17 SI18 SI19  S20 587 21 o ; . .
o o0 ‘e 00 0 0 Table 8 Estimation performance of five methods
: L N = T S ) . .
Wl T s e S e in different scenarios
S23 1524 825 U826 527 S8 T S29 US36 O Ts39 U0 v — -
L. % 7 HUEIRME/(<107 pu)  HUEAMIAI/(<107 )
58 59, qu{v\] 61 \\‘62 63 .(>4 65 S22 ﬁf’f\ 75‘/* RMSE MAE RMSE MAE
Sl S42  S43,_. S04 S44 | S45 - Sd6
el e UPF 20457 18617  2.0991  2.0815

LSTNet-UPF 1.7072 1.2917 1.7644 1.3283

1 ALSTNet-UPF 1.7066 1.2676 1.7524 1.2842
SALSTNet-UPF 1.5505 1.2198 1.5915 1.4544
ALSTNetgs-UPF  0.1077 0.1062 0.2406 0.1649
UPF 2.0983 1.8932 2.1149 1.9151
LSTNet-UPF 1.7352 1.2808 1.8095 1.7861

2 ALSTNet-UPF 1.7032 1.2794 1.8072 1.7205
SALSTNet-UPF  0.1469 1.2143 1.5869 1.5046
ALSTNetgs-UPF  0.1078 0.1053 0.2950 0.2659
UPF 2.1174 1.9165 2.2748 2.1496
LSTNet-UPF 1.7563 1.2911 1.8779 1.8545

3 ALSTNet-UPF 1.7005 1.2664 1.8731 1.7314
SALSTNet-UPF 1.5875 1.2118 1.5920 1.5311
ALSTNetgs-UPF ~ 0.1053 0.0974 0.1161 0.0979
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i) SC-DNN J57kAH L, H RMSE #il MAE 18 % J3IE %
PSRN T 34.23%- 34.02%K1 32.96%- 33.13%,
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Table 9 Comparison of estimation performance of three

different methods
. LR IR E/(< 107 p.u. vt
5 i RE/CA0 pu) \
RMSE MAE i [a)/s
SC-DNN 0.1659 0.1587 0.029
- Bigcid
IEH 0.1085 0.1027 0.117
Fe SMOTE-Prophet-PF
HUL
PF&CNN 0.1293 0.1274 0.076
ALSTNetgs-UPF 0.1091 0.1047 0.037
SC-DNN 0.1762 0.1654 0.045
- Beeis
I 0.1123 0.1093 0.253
- SMOTE-Prophet-PF
H
PF&CNN 0.1357 0.1341 0.097
ALSTNetgs-UPF 0.1146 0.1106 0.052
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