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ABSTRACT

In order to accommodate mobile traffic and maintain network performance, it is important to predict future mobile
traffic generation. In this paper, we predict the amount of future traffic data using convolutional LSTM (convLSTM)
that is adequate deep learning space-time data modeling. Because traffic data have different attribute over time and
space, the learning with all traffic data with different characteristics at once can degrade the performance of the
model. Therefore, in this paper, we set the criteria for distinguishing traffic similarity, and group the dataset using
the clustering algorithm that reflects the selected criteria. Then, the deep learning model learns traffic data on a
cluster-by-cluster basis. This paper describes the similarity-based clustering method and analyzes the traffic prediction
performances as the number of clusters is increased. The learning results show that as the number of clustering

increases, prediction errors decrease. However, too many clustering results in increase of prediction errors.
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Table 1. Model structure and parameter
Model Layer Kernal(filters) | Kernal size Stride
convLSTM2D 3 (33)
convLSTM 1,1
convLSTM2D 1 an
Model Parameter
Learning Rate Te-3
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Batch size 32
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