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Abstract: With the rapid development of smart grids, large-scale investment in measurement equipment for
monitoring the operation of power grids, the monitoring data such as massive operation images generated by them
is difficult to be effectively utilized due to problems such as large scale, high dimension and data redundancy. In
order to further improve the analysis and application ability of power big data, this paper proposes a power grid

operation image data compression method based on deep learning. Considering the coupling correlation of power
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grid image monitoring data in time series, the power grid operation image data is compressed through

convolutional neural network, effectively reducing the redundancy of power grid operation image data. Compared

with other methods, the image data compression model based on convolutional neural network does not rely on

manual data feature extraction and engineering experience, and can directly use the grayscale function of the

original image data collected from the power grid as the input of the model, and the data The feature extraction

and classification are combined into one, to achieve efficient and convenient compression of power grid operation

image data. The effectiveness of the method proposed in this paper is verified by simulation. The results show that

the proposed method has strong advantages in power grid image compression efficiency and compression

accuracy compared with other neural networks.
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Fig.1 Correlation of time series data

LA, SR b A B A I A AR 3R Z Rl A7 e A
PR, B BERAF S AIIE 1K JEE RN g(x, ), WL
AT AR R A AR A

D D lsey) —ulglx+k,y) —u,]
x=1 y=1

y

R, (k,0) = — (1)
Z Z [g(st’) - Mg]2
x=1 y=1
M N
D ey —ullgley+ D -]
R(0.) = — = )

M N
PIPNESIEIAR

St M, NSRBIV u, PR R R -3
{5 AEAABIE 21, PG RCHR 2 1] 0 TEAF 6 BRCPT L
R AT

he = [ [ e+ Ly +0—u)(gixy) —udxdy  (3)

T R A B Y R AR OC BR ORI 1R 2
it 22 1] (R R Gk pR R, AT DX PR B PR 25 1 OB
AR AT I, b B AT A ] Rp AE A9 15 3R 984T 2 BR Ak
B, DA T S PR VAR B 4 1 H Y
1.2 CNN K41

2 7R T CNN BHY (R B R 2544, £ CNN £
o, WEFEERHE . k)2 | &% E M Softmax JZ2 .
S AN A = R I RS & 1 U S (1o o V1 o (N
Softmax JZ W H]T404l i 4FAE 525

i

¢

= =

¢
EFEEE

i e ug e L i B

MY

Input sample Convolution Pooling Fully connected Softmax

2 BB 2K 451

Fig.2 Structure of a convolutional neural network
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Fig.3 Flow chart of data compression of power grid based on CNN
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Tab.1 Optimized hyperparameters results of CNN

Parameter type Value
Optimizer Adam
Batch size 64
Number of convolutional layers 3
Number of convolution kernels (32, 64, 64)
Learning rate 0.4
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Tab.2 Data compression accuracy

N=0.3 N=0.4 N=0.5 N=0.6 N=0.7 N=0.8
Compression ratio 87.38% 84.22% 80.34% 77.45% 60.23% 55.31%
Average precision 66.33% 68.62 74.16% 90.35% 91.73% 93.56%
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Fig.4 Results of image compression in power grid before and after

processing based on CNN
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Tab.3 Comparison results of different models

Index ANN DBN CNN
Average precision 82.32% 87.71% 91.73%
Training time/s 1682 1533 1271
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