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Multi-scale and bilinear models based on temporal convolutional networ k
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Abstract: The learning capability of such convolutional network models as tempora convolutional
network (TCN) is limited to the scale of receptive field, and sometimes it is difficult to mine data
from seasonal or long-term information, such as weather data for deep convolutional networks. In
order to address this problem, a novel multi-scale and bilinear convolutional neural network was
proposed, which was composed of the TCNs layer and bilinear layer. The TCNs layer contained two
temporal convolutional networks, each of which extracted useful features independently from the
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historical data. All TCNs had the same parameters expect for the kernel size, thereby further mining
the underlying relevant information in data. The output of the TCNs layer was employed as the input
of the bilinear layer, and after normalization, the final output could be eventually calculated, which
enhanced feature representation capabilities of the model. The comparisons with five methods on the
public datasets of weather forecast show that the proposed method can effectively improve the
accuracy and performance in terms of the long-time data much better than the TCN.

Keywords: temporal convolutional network; multi-scale convolutional; bilinear fusion; data mining;

weather forecast
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Tablel Comparison of prediction resultsof 2 m relative
humidity on the ground

T7i: RMSE MAPE R?
WRF 18.39 22.08 0.33
GBR 33.03 64.58 -1.18
LED 17.52 32.72 0.34
LEDA 16.37 3257 0.46
TCN 13.98 24.65 0.61
Proposed 13.47 24.64 0.61
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Table2 Comparison of prediction results of the
temperature of 2 m above ground

Jiik RMSE MAPE R?
WRF 2.63 14.29 0.66
GBR 7.06 39.56 -1.09
LED 6.16 36.84 -0.80
LEDA 5.78 3458 -0.45
TCN 259 12.62 0.69
Proposed 2.60 13.01 0.70
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Table3 Comparison of prediction results of wind speed
at 10 m height on the ground

Jrik RMSE MAPE R?
WRF 1.63 98.58 -1.13
GBR 1.62 84.39 -0.58
LED 1.27 72.26 0.03
LEDA 1.20 63.99 0.13
TCN 142 80.43 -0.21
Proposed 1.12 85.10 0.14
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