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[Abstract]

To analyze the pattern of time series data, statistical techniques such as Principal Component Analysis (PCA) or autoencoder are
used, or features of time series data are utilized based on deep learning models such as Recurrent Neural Network (RNN).
However, it is difficult to expect good performance only with simple statistical techniques or RNN-based deep learning models
because the environment and causes in which the data is recorded are not simple and various variables affect it. In this paper, we
propose a method to image time series data to classify power data using Convolutional Neural Network (CNN)-based deep learning
models, which are binary classification models of representative images. To train the model of proposed method, a total 85 images
were used by generating images of power usage data for each building every day, and they were binary classified as weekday or
weekend data. Recurrence Plot (RP), Gramian Angular Field (GAF), and Markov Transition Field (MTF) algorithms were used as
methods for imaging. All time series image-based models showed equal or higher accuracy than conventional LSTM-based models,

and among imaging-based CNN models, imaging methods with MTF algorithms derived the highest F1-Score (0.96).
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Table 1. CNN structure of the proposed binary
classification model

DYl BNF NFY Px

Layer Channel Kernel
Input 1%x24%24 1%1%24
Conv1 24%24 3

Relu 2424 3
MaxPooling 24%24 3
Conv2 16%16 3

Relu 16+16 3
MaxPooling 16*16 3

Fully Connected 1 N/A
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Table 2. F1-score of the proposed models

F1-Score
Epoch
LSTM [ CNN-RP | CNN-GASF | CNN-GADF | CNN-MTF
10 0.75 |0.64 0.62 0.64 0.66
20 0.91 |0.84 0.72 0.86 0.84
30 0.92 |0.92 0.92 0.92 0.94
40 0.93 |0.93 0.93 0.92 0.95
50 0.93 |0.94 0.93 0.94 0.96
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