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Distribution Network Line Loss Analysis Based on Autoencoder and Time
Domain Convolutional Neural Network Algorithm

LIU Chao, HOU Renjie
(School of Electrical and Information Engineering , Jiangsu University, Zhenjiang 212013, China)

Abstract: In the complex distribution network environment, there are problems of insufficient accuracy and real-time calculation of line loss.
This paper proposes an improved TCN-BiGRU distribution line loss prediction method based on recurrent neural network autoencoder. The
TCN neural network model, which is good at processing time series, was selected as the backbone feature extraction network , and the BIGRU
unit was integrated into the TCN to effectively solve the problem of gradient vanishing. On this basis, combined with the recurrent neural net-
work autoencoder, the line loss outliers were classified and labeled unsupervised, and the causes of the line loss rate anomalies were predicted
through the softmax loss function and the corresponding loss reduction measures were formulated. The experimental results show that compared
with the traditional distribution network line loss prediction method, the root mean square error of the proposed line loss prediction method is
reduced by 0.036 99 and 0.004 02 compared with the traditional EMD-LSTM and PSO-CNN algorithms, respectively, and the accuracy of
line loss cause analysis is improved by 1.500% and 5.841% compared with the ResNet50 and DBN-DNN algorithms, respectively. It provides
a scientific reference for energy saving and loss reduction in the distribution network after the distributed power generation is connected and the
realization of the dual carbon goal of the power grid.

Key Words: recurrent neural network autoencoder; TCN-BiGRU line loss prediction algorithm; smart grid; analysis of the causes of abnor-

mal line loss; prediction of line loss in the substation area
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Fig.1 Network structure of TCN-BiGRU
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Fig.2 Bidirectional gated cycle unit
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Fig.3 Encoder—decoder architecture
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Fig. 4 RNN autoencoder network structure
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Fig. 5 Improved network structure of TCN-BiGRU algorithm
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Table 1 Station power supply line loss and deviation

x1 AERHBEHBRRFEE

i fhdfawh  BERE/AWL  SIPREHER BigAR W

8.15 253.6 246.72 2.71 27208  -0.0108
8.16 325.6 314.55 3.39 2.720 8 0.669 2
8.17 369.2 353.58 4.23 2.720 8 1.5092
8.18 438.0 412.86 5.74 2.720 8 3.0192
8.19 12932 1248.78 3.43 2.720 8 0.709 2
8.20 282.8 272.17 3.76 2.7208 1.0392
8.21 165.2 162.36 1.72 27208  -1.000 8

Table 2 Station equipment parameters and theoretical line loss rate

®2 ARERESHREREHRE

B LL R 2 T REBY by W
BRI 1 i, Ry KEm . O HEHEE
B X B LR 45 R W T3 Ty 2 — el T A L B, 32 1.GI-35 97 35 08230 03990
SRR RO A O SRS R BB AT JUR R LOI1S0RS 16 150 01989 03534
e 2k S RS P S . - LGJ-150/25 19 150 0.198 9 0.353 4
Eﬁ?%/ﬁ@%&%iﬁ \J;(T;Z;E!zﬁ SIS LGJ-150/25 12 150 0.1989 03534  0.6946
AL R PR AR 2 B LGI-15025 10 150 01989 03534
XS R E R R, AR R A ARk LGI-150/25 23 150 0.1989 03534
BUR B TAR IO A TR EE A (R R LOIs02s 23 150 01989 03534
25 ) BRI R T A FRIHIIH T TR 7 LB R A
Table 3 Abnormal data of cause of consumer power line loss by users
*3 HAPABLHRREREHE
S| HEH A2 /m ] /A R/ Fi K AWh
E N EPNGER: 900 2023/8/18 21:00 42,0,0 206.3,0,0 1.94
RAT UL TT R4 100 2023/4/4 1:15:00 0,0,0 0,0,0 0
ML SRR S 0 2023/5/12 16:30 0,0,0 218,218,218 0
mF2Et 400 2023/12/31 0:00 0,0,0 0,0,0 -20.32
TR 500 2024/1/7 21:15:00 0,0,0 34,33,31 0.01
FIHREIR 250 2024/1/8 18:30 37,0,0 228.8,235.3,233.3 5.43
St % Bk I 300 2024/1/4 17:30 0,0,0 233.5,235.1,235.1 0
AN, 2 B F S AR s AN EREE N 2 i T R R 4 Table 5 Data set partitioning
b2 B 0 AN A WV 9548 Eh T A4 1Y T B R 5K RS HRENS
SRR 4 7 o oo, T4 5 R 5 A - wa e BRI
S /% /% /%
WS MZ AT \‘\El El‘y/* S S S S
EE{JFTLJ,%ﬁHXT@ﬁEha%ozaf\osaf\1431‘\20511‘ pN T 3310
4 YR I P AR R B SR T8 R A R 1% . £ 1K S AR 100 800 o s s
Table 4 Temperature and humidity environmental data FH A R 67 200
IR 67 200

F4 RIBEMREE

i TR/ C P RH
8.15 29.9 72.6%
9.15 229 §3.4%
10.15 17.5 65.3%
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GB WAF I R, VIR 2 GPU I AT W4T 55 4 e S wes
EEAE R S5 9 Ubuntu 20.04, S256 72 ¢ AR 4 JH] Python
1B 5 1F JupyterLab P4 5517 .
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Table 6 Model training parameter
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Fig. 6 Model training loss
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Fig. 7 R?of prediction of all samples
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Fig. 8 Line loss cause inference prediction distribution
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Table 7 Input parameters of station equipment

®7 AREESHEA

WIBY  PALLBH ST

BAMS RKE/m SiRE B S B
mm? Q/km Q/km

LGJ-35 97 35 0.8230 03990

LGJ-35 97 35 0.8230 03990

LGJ-35 97 35 0.8230 03990

LGJ-35 97 35 0.8230 03990

LGJ-35 97 35 0.8230 03990 06543
LGI-150/25 16 150  0.1989 03534 -
LGJ-150/25 19 150 01989 03534 (& 5.73%)
LGI-150/25 12 150 0.1989 03534
LGJ-150/25 10 150 01989 03534
LGJ-150/25 23 150 01989 03534
LGJ-150/25 23 150  0.1989 03534

H BB AE N A i tis 2 10 A7 51 A58 i e 3 T 5
FLAE AW 25 AN I 2l = w5 W 14 28R
33 WGIESLIRZE RS

e S ) TCN=-BiGRU 55 32 5 H: At 2 451 000 53 72 19
RMSE A 12 10 iR .
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Table 8 Inputl:test data of stage
F8 WAL AXNKEE
BHEAWh BRI BB i

A L E/AWh

1.1 244.6 241.19 1.39 2.7208 -1.3308
1.2 229.6 217.53 5.26 2.720 8 2.5392
1.3 263.5 255.38 3.08 2.720 8 0.3592
1.4 394.0 382.86 2.83 27208  0.109 2
1.5 12932 1248.78 3.43 2.720 8 0.709 2
1.6 282.8 272.17 3.76 2.720 8 1.039 2
1.7 155.8 151.29 2.89 2.720 8 0.169 2
Table 9 Input2: test data of user table
F9 WN2: APRMXBIE

- fEepop GERE R A - Fitd
f&/m /C)  /RH £/kWh

2023/1/1 21:00 250 3 43%  33.536,0,0 206.3,0,0 0.06

2023/1/121:15 250 3 43% 1.768,0,0 225.5,0,0  0.22
2023/1/121:30 250 3 43% 1.752,0,0 225.6,0,0  0.03
2023/1/121:45 250 3 43% 1.784,0,0 2253,0,0  0.03
2023/1/122:00 250 3 43% 35.672,0,0 2252,0,0 033
2023/1/122:15 250 3 43% 37.124,0,0 2288,0,0  0.50
2023/1/122:30 250 3 43% 36.256,0,0 233.5,0,0  0.52
— dHimERE
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—— A28 HAGR
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Fig. 9 Comparison of output sequence accuracy
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Table 10 Comparison of RMSE among the improved TCN-BiGRU
algorithm and other line loss prediction algorithms
F10 R TCN-BIGRU Hik 5 H & M AN E % RMSE LL &2
Wik JE i TCN-BiGRU
0.006 88

L EMD-LSTM
RMSE 0.043 87

PSO-CNN
0.010 90

Table 11 Comparison of the accuracy among the improved TCN-Bi-
GRU algorithm and other line loss cause algorithms

F11 Ki#H/EH TCN-BiGRU &k 5 H i £ 17 i F B L MR L EL

=2 ResNet50 DBN-DNN etk 19 TCN-BiGRU

/% 95.600 91.259 97.100

AR SCHR 0 S A5 T 5 vk i 3 O iR 22 A T AR
LSTM 55 PSO-CNN % 43 5l B A% 1 0.002 04 F1 0.004 02,
BE T L A0 R 43 B A T 2R AH X T ResNet50 5 DBN-DNN
By R E T 1.500% F15.841% , B AKA I AE LLF
J7 T :
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PEIA 22 M2 [ it 2 , o] AT 55 2 5 55000 st T 9
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0, 13 softmax 51 2% BRER TN 25 453 2% 55 0 T DR 9 B B i o
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