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Fig.1 Autocorrelation coefficients of positive and

negative load sequences
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Convolutional neural network based on attention mechanism for
reading recognition of pointer-type meter images
ZHANG Sen',WAN Jilin',WANG Huifang',GUAN Minyuan®, YANG Bin>*,LI Fan’
(1. College of Electrical Engineering,Zhejiang University, Hangzhou 310027, China;
2. Huzhou Power Supply Company of State Grid Zhejiang Electric Power Co.,Ltd.,Huzhou 313000, China;
3. Huzhou Electric Power Design Institute Co.,Ltd.,Huzhou 313000, China)
Abstract: At present,most researches on the reading recognition of pointer-type meters are based on the detec-
tion of pointer line segments. However,this method has many processes and low reading recognition efficiency.
Besides, the errors accumulated in the intermediate processes such as meter image calibration and pointer
segment fitting can easily cause the pointer inclination angle to deviate from its true value. The image feature
mapping method for meter readings is studied from another perspective because this method has the advantage
of fewer processes and higher efficiency. Firstly, a two-stream heterogeneous convolutional neural network
fused with CBAM (Convolutional Block Attention Module) is constructed, which strengthens the extraction of
meter image features,improves the type and distribution of features and the accuracy of meter reading recog-
nition. Then a soft stagewise regression strategy is adopted,which greatly simplifies the size of the model and
makes the model easy to deploy. Finally,the proposed method is compared with deep learning models based
on the pointer line segment detection and other machine learning models on the recognition accuracy and
efficiency of pointer-type meter reading recognition by example. Results show that the proposed method
maintains a good balance between the accuracy and efficiency of the meter image reading recognition.
Key words: pointer-type meter; reading recognition; convolutional neural network; attention mechanism; stage-

wise regression;soft range
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Short-term load prediction model based on Attention-BiLSTM neural network and
meteorological data correction
WANG Jidong,DU Chong
(Key Laboratory of Smart Grid of Ministry of Education,Tianjin University, Tianjin 300072, China)

Abstract: Most of the load prediction models based on recurrent neural network take historical load data
and other factors such as meteorological data together as input features of prediction model,but the internal
regularity of meteorological data is poor,so it is not suitable for the input of recurrent neural network. Aiming
at the problem,a short-term load prediction model based on Attention-BiL.STM (Attention Bi-directional Long
Short-Term Memory) neural network and meteorological data correction is proposed. The maximum information
coefficient is adopted to analyze the main factors that affecting the loads. Considering that the load sequence
is long and there exists bi-directional information flow, BILSTM neural network is used for prediction. The
attention mechanism is introduced, the influence of key factors is highlighted by the weight of attention,
and the internal regularity of load data is excavated. The kernel extreme learning machine is used for
error prediction and correction combined with meteorological data, and the load prediction is completed.
The real data of a certain area in eastern China is taken as practical example,and the experimental results
show that the proposed model has better prediction effect than other models.

Key words: short-term load prediction; maximum information coefficient; Attention mechanism; bi-directional

long short-term memory neural network;kernel extreme learning machine
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