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Abstract: In order to effectively solve the problem of con-
sumption loss in the electric energy information acquisition system,
a method of filling missing data based on regular self-encoders is
proposed. Firstly, the energy data according to the characteristics
learned by the regular autoencoder is reconstructed, and the repair
of the missing data is realized. Then, regularization by adding the
L21-norm is realized and orthogonal constraints to the loss func-
tion, the generalization ability of the model and uses Optuna to real-
ize the automatic optimization of hyperparameters is improved. Fi-
nally, the test results of the actual data set show that compared
with other autoencoders, the regular autoencoder can accurately fill
in the missing data.

Key words: abnormal data cleaning; self-encoder; regular-
ization ; Optuna optimization
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Fig. 1 Electricity consumption of an industrial user in 2020
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Fig.2 Electricity consumption of a resident user in 2020
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Fig.3 Data cleaning flow
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Fig. 4 Structure of the auto-encoder

h=f(Wx+b) (1)
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Fig. 5 Error and time of the network under different trials
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Fig. 6 Influence of different hyperparameters on errors
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Fig. 7 Convergence process of the model
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Table 1 Parameters of different models

3 SEERAESXT

3.1 E-TFIEN B 4E:5H B SRR

FLS R A TR SERAL RS A A e , sk
SRR 1 1606 X B R R, XA ikl
BUMIR 34, B35 P T R Rk 220 T
PEENARXIRRE S DL o kT BN R H I A S
AR A S BRI R (A S, SERMICR AN 8 s o

400 280
240
£ 300 ’ =
*i A\ 1 :ﬁ 200
2 200 X o \
100 Emmzo 0 2% 10 20NEL
KEud KEud
(a) FHXT AR E (b) Jrkg
340 650
A Z 550 !
=4 I
0 i
350
1805 10 20 30 0 10 20 30
KEud K¥ud
(c) ZAHm (d) BRIk
R - ST AR

8 ETIEN B4HRAIEAIR

Fig. 8 Filling effect based on regular auto-encoder
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Fig. 9 Filling effect based on auto-encoder
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Fig. 10 Electricity data filling effect
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Table 2 Error comparison of different autoencoders
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Table 3 Error of autoencoders with different constraints
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