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Abstract

The electric power enterprise is an important basic energy industry for national development, and
it is also the first basic industry of the national economy. With the continuous expansion of State
Grid, the progressively complex operating conditions, and the increasing scope and frequency of
data collection, how to make reasonable use of electrical big data, improve utilization, and provide
a theoretical basis for the reliability of State Grid operation, has become a new research hot spot.
Since electrical data has the characteristics of large volume, multiple types, low value density, and
fast processing speed, it is a challenge to mine and analyze it deeply, extract valuable information
efficiently, and serve for actual problem. According to the features of these data, this paper uses
artificial intelligence methods such as time series and support vector regression to establish a da-
ta mining network model for standard cost prediction through transfer learning. The experimen-
tal results show that the model in this paper obtains better prediction results on a small sample
data set, which verifies the feasibility of the deep transfer model. Compared with activities based
costing and the traditional prediction method, the average absolute error of the proposed method
is reduced by 10%, which is effective and superior.
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Figure 1. Demonstration for transfer learning
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Table 1. Transfer learning prediction framework
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Figure 2. Network structure of LSTM
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Figure 3. Network structure of GRU
3. Gated Recurrent Unit £5#4)
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Figure 4. Training process of GRU
[&] 4. Gated Recurrent Unit JIIZxi3 #2
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4. IWERS D
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18.04 2L 4T, FEHL CPU AN Intel i7-7829HK, RN GTX1080, WAEHN 32 GB.
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%, 10 kV FCHEZE25 254, 10 kV FCHEHEAEZE . 10 kV FLHEARIE 28 . B G X, 20 KV Ao B84 2R K
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Figure 5. GRU Training network structure
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Figure 6. Source domain-stock GRU forecast results
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Figure 7. Stock loss function
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Horpry, SEBRME N TNE, n D] S FE) SR PF A 25 AT VE R PERE . AR A 2 (Activity cased
Costing, ABC). Z{E[A])H(Linear Regression, LR) S A S kAT R LG, HAE R 2. T8I R FR(E X EL AT
LA, 38 AT RAE & TR br v 02 FUBF IR, BORFRAIR T DM SRR A N IE P iR 22, AL
2 R A2 T R 2 2 B AR H R R ) A RN IR DRy ARk L g 24 =) I 55 BRI it T — € S5 K3 -

Table 2. Comparison of algorithm prediction results

2. BUATUNEERELE

Learning Rate LSTM *.7¢ Reduced Factor MAPE (%) TotalMAPE (%)
ABC 39.52 38
LR 32.83 31.96
GRU 0.001 128 0.2 22.88 23.64
GRU 0.00088 64 0.2 24.44 18.47
GRU 0.00092 64 0.2 23.86 19.59
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—B 5T, ESCEBEONBUEW IR T e T 1A .
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