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Daily line loss rate forecasting of a distribution network based on DAE-LSTM
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(1. School of Electrical Engineering and Information, Hunan University, Changsha 410082, China;
2. State Grid Hunan Electric Power Co., Ltd. Research Institute, Changsha 410007, China)

Abstract: In order to determine the short-term change trend of distribution line loss rate and meet the need of line loss
lean management, this paper proposes a distribution daily line loss rate forecasting model based on a combination of
Denoising Auto-Eencoder (DAE) and Long Short-Term Memory (LSTM) network. First, this paper establishes a grey
comprehensive correlation indicator to analyze the correlation between the recent sequences of daily line loss rate
influencing factors and the same period in the previous year. The influencing factors of the previous year are added to the
model input to assist prediction. Then, to realize the feature extraction and dimension reduction of input sequences, the
DAE is constructed to encode and reconstruct the input in an unsupervised way. Finally, the coded sequences are input
into the LSTM and the model is obtained by training. A case analysis is carried out using the data of multiple distribution
lines in a city of Hunan. The results show that the proposed model has superior accuracy and moderate calculating speed.
This has a certain engineering application value.
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Fig. 1 Visualization of original lines data
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Table 1 Correlation analysis results between the recent
series and the same period last year
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Fig. 2 Structure of auto-encoder
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Fig. 5 Daily line loss rate forecasting framework
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Fig. 6 Examples coding and decoding results by DAE model
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Table 4 Comparison of experimental models and data settings
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Table 7 Evaluation of daily line loss rate prediction
results of Model 1 to Model 6
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1 Model 2 7E B4 T 5 52Br H 224515 5
i, FIKSEE =T Model 1, XEH T HEHRES
295035 5 T 52 T TR 24 S TN A5 284 By N 140 2%
PEo BEAh, TEIMANEFEFR MK ZE S, Model 3
% Model 2 ) MAPE i%Z{H M 6.5155% % &
5.9847%, RMSE iz Z={H M 0.286 3 [4%2 0.268 1, &
HH 254 [ 2 DR 25 PR N ] 3k — 25 BRI H 2R R
TRIRZE, CE R i TR % .

43 Ht Model 4—Model 6 ] ] 245 2 TRIKS 2,
KB A SR DAE-LSTM R R M v A . i
T AA, FHECT AR IS FELELLEE ) Model3,
Model 4—Model 6 ) H 2845 2 T 5% 2 156 B ik
AN, RIATUCRE B A BTG A 2 5] R
PRTHFI R 52 A0 E 1. £F Model 4—Model 6 =
AL, DAE-SVM TR ZR LT PCA-LSTM,
MACHTHE DAE-LSTM IR Z /N, MAPE
5 RMSE 7354 4.3324% 5 0.199 1, /& 7 A 40,
DAE-LSTM 1 H 245 2 el iy £ 5 s b H e %
BN, LA RO Bt

X LU AT AR SO F i B sz e SR 48] o 5
R ZRRE A A YE B ) o 2019 46 7 H % 10 A 3£ 123
K TIAEFZI R KRN RE F AR ZE ST . 6 A
Rz BN RIaR 7 FiR, 8 A Model 1—
Model 4. Model 6 5 ZHA5AY LSTM [ 255 53 7E Il 5
HR R R B AR AR 2. a7 K E 8
A%, Model 6 [1) DAE ¥A717 B3 0 1 L3 fr) ARl
giiska], {E[AET LSTM % IEAR KBS 2 kb
ARSI AR R B f %, RI] DAE 35
itk 7RIS, $RH T BIAURERE . AH L RER4E AL
FEf) Model 3, Model 6 iAW St B A E
153 WKF%% 97 Ik, JRIEH I (A% Model 3 46 fE T
0.637 5. ZEE /NAIBIA, ASCHTE DAE-LSTM 54!
BEAHINGUWSIFr FRE kgD, fllwz/Ngia s
G AR A, 3T TR S s S R
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