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Link Quality Prediction Based on Gate Recurrent Unit
LIU Linlan' , XIAO Tingzhong' s SHUJianz*, NIUMingxiao1

(1.School of Info. Eng., Nanchang Hangkong Univ., Nanchang 330063, China;
2.School of Software, Nanchang Hangkong Univ., Nanchang 330063, China)

Abstract: In wireless sensor networks, nodes are susceptible to noise interference, which makes the transmission link quality worse, leading to
packet loss and retransmission, thus speeding up the energy consumption of nodes and reducing the network life. Link quality prediction can
provide a basis for upper layer routing protocols to select high-quality wireless links for communication, which can improve data transmission ef-
ficiency and reduce the number of retransmissions. A link quality prediction method based on gate current unit (GRU) was proposed in this paper.
Specifically, the K-means++ algorithm optimized by the gap statistic algorithm was used to adaptively divide link quality levels according to the
packet reception rate. In this way, the labels of link quality samples were obtained. Then, the received signal strength indicator mean, the link
quality indicator mean and the signal to noise ratio mean were selected as the input. A link quality estimation model was constructed based on
CatBoost because of its strength in classification, and the grid search optimization algorithm was employed to optimize the parameters of estima-
tion model. Finally, the link quality level time series sample was constructed by sliding windows according to the results of the estimation model.

GRU was used to extract link quality time series information. In order to improve the accuracy of prediction, the timing information was input to
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support vector regression to predict the link quality level at the next moment. Data collected from the real world were used in this paper. Accord-

ing to the different common interference types, three scenes of lab, corridor and parking lot were taken as experiments scenarios. The Mean square

error was used to evaluate the performance of link quality prediction models, and the experimental results showed that compared with wavelet

neural network, recurrent neural network, and random vector functional link and so on, the proposed method can predict the link quality level ac-

curately.

Key words: wireless sensor network; link quality prediction; gated recurrent unit; Gap Statistic algorithm; link quality level
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