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Abstract  With the rapid application of smart electric meters, a large amount of power consumption data is
generated, which challenges the data storage and communication. Meanwhile, due to the extensive production
properties and business modes, the power consumption states of factories are complicated, which makes data
analysis difficult. In this paper, a new neural networks-based power consumption state recognition method is
proposed. The main efforts include three aspects: the pre-processing of power data, the modeling of neural

network to automatically recognize the power consumption states of factories and the performance testing of
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the proposed method. The experimental results demonstrate the rationality and effectiveness of our method. The

correct recognition of power consumption states of factories is helpful to the power supply company to arrange

the sensible power supply strategy and efficient power utilization plan.

Keywords artificial intelligence; neural network; smart electric meter; electric power data; electric power

consumption state
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Table 1 Electric power data segment

Al KA H Y SRR HH BIEJERA K KR 1 KFELA 96
54 2013/1/6 95 96 0 137 . 139
54 2013/1/11 95 96 5 137 . 137
54 2013/1/16 96 96 3 134 . 130
54 2013/1/21 95 96 1 137 . 135
54 2013/1/26 93 96 6 583 . 698
54 2013/1/34 96 96 4 134 . 134
56 2013/1/4 96 96 5 3518 . 3427
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Table 2 The experimental results of deep neural networks

with the different structures

B R W2 25 g ILRRSEE (%) TRERZ (%)
2 96/64/32/2 98.8 954
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2 96/32/16/2 98.9 954
3 96/64/32/16/2 99.6 96.5
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3 96/32/16/8/2 98.9 94.6
4 96/64/32/16/8/2 99.2 954
4 96/64/16/8/4/2 99.0 95.1
4 96/32/16/8/4/2 98.9 94.9
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Table 3 The parameter setting of deep neural network
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Table 4 The training of neural network with different

epochs
AR 5 R AL TRS
1 0.5015 0.8309
2 0.244 2 09138
3 0.176 6 09138
4 0.157 4 09138
5 0.146 7 09138
6 0.138 7 09138
7 0.1292 09199
8 0.1230 0.9356
9 0.1138 09514
10 0.1114 0.956 0
11 0.104 5 0.961 2
12 0.099 1 0.966 3
13 0.0929 0.7110
14 0.0913 0.967 6
15 0.086 0 0.970 4
16 0.082 6 09716
17 0.078 9 0.9700
18 0.0799 09729
19 0.074 8 09730
20 0.070 8 0974 1

5 AR EA 128 BT B ML %

Table 5 The training of neural network with epochs =128

PEREHREARL  IRARE IR (%) IIEOREE (%)

128 128 98.9 96.1
256 128 98.9 96.3
512 128 99.1 96.5
1024 128 98.9 96.3

* 6 FREEIFEARECH 512 B R AL L% 25

Table 6 The training of neural network with batch_size =512

BRRESERTREARL RS ISR (%) TR (%)

512 8 99.0 96.4
512 16 98.9 96.3
512 32 98.9 96.4
512 64 99.1 96.4
512 128 98.9 96.5

* 5 MK 6 a7 T4 5E epochs.
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Table 7 Comparison of prediction accuracy between our

method and other machine learning methods

Jiik MRS (%)
AT 96.5
VS U 95.1
SCRFIREAL 95.0
LMrEE LR 953
BEALA T B i 95.5
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Fig. 5 The training of neural network with epochs =128
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