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LoRa networking RSSI prediction based on DCGCN-BiGRU industrial environment
WANG Zihan, HAN Yuanbin

(School of Information and Electrical Engineering, Hebei University of Engineering, Handan 056038, Hebei, China)

Abstract: In industrial environments, LoRa networks are subject to fluctuating conditions, necessitating the accurate prediction of
device signal reception strength to ensure stable communication. This paper presents a novel approach that integrates a dual-channel
Graph Convolutional Neural network with Bidirectional Gated Recurrent Units for the purpose of signal strength forecasting within
LoRa networks. This integrated model is adept at capturing both spatial and temporal correlations of devices and is capable of
adapting to the dynamic channel conditions characteristic of industrial settings, thereby facilitating precise prediction of LoRa signal
strength. The proposed method offers a robust strategy for communication management and optimization within the context of
industrial Internet of Things (IoT) applications. Empirical results indicate that the predictive accuracy of the proposed method
surpasses that of traditional approaches.
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Fig. 1 Dual-channel graph convolutional network structure
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Fig. 2 Gated Recurrent Unit structure
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Fig. 3 Bidirectional Gated Recurrent unit structure
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Fig. 5 Comparison of RSSI predicted values and actual values for

devices 1~3 in various models
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