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Proposition of Multimodal Time Series Data Analysis Framework by CNN based on Multi-Channel
Image Conversion
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In recent years, with the development of IoT and sensor technology, various data can be acquired. In this case, it
is expected to establish analytical methods capable of extracting the characteristics of relevances of each variable of
multimodal data. In this study, time series variables with different dimensions on the same time axis are converted
to color change images as RGB which is the three primary colors of light, and Convolution Neural Network(CNN)
is applied to this. Next, we propose a method to perform more effective feature extraction by converting the image
using XYZ, Lab color space reflecting the color visual stimulus with RGB as the base. We compared accuracy with
existing classification method and showed the effectiveness of the proposed method. Moreover, by converting time
series in various color spaces. It is suggested that higher performance feature extraction can be realized than when

processing each variable as independent.
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Fik FSEE (Precision) | FFB#E (Recall) | F i (F-score)
SVM 85.92 % 85.89 % 85.79 %
KNN 85.50 % 85.59 % 85.49 % [6]
RF 85.68 % 85.78 % 85.68 %
LSTM 50.29 % 90.72 % 64.63 %
RGB+CNN 92.85 % 92.57 % 92.68 %
XYZ+CNN 91.30 % 91.31 % 91.21% | 7]
Lab + CNN 91.43 % 91.76 % 91.53 %
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-+ g | K (Precision) | PR (Recall) | Ffil (F-score)
RGB+CNN 1d 92.85 % 92.57 % 92.68 %
XYZ+CNN 1d 91.30 % 91.31 % 91.21 %
Lab + CNN 1d 91.43 % 91.76 % 91.53 %
RGB+CNN 2d 92.90 % 93.06 % 92.94 %
XYZ+CNN 2d 92.20 % 92.32 % 92.26 %
Lab + CNN 2d 86.92 % 86.86 % 86.83 %




