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Geo-sensory Time Series Prediction Based on Joint Model of Auto Regression and Deep Neural
Network
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College of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China

Abstract Geo-sensory time series contain complex and dynamic semantic spatio-temporal correlations and geographic spatio-tem-
poral correlations. Although a variety of existing deep learning models have been developed for time series prediction,few of them
focus on capturing multi-type of spatial-temporal correlations within geo-sensory time series. In addition, it is challenging to si-
multaneously predict the future values of multiple sensors at a certain time step. To address these issues and challenges, this pa-
per proposes a joint model of autoregression and deep neural network(J-ARDNN) to achieve the multi-objective prediction task of
geo-sensory time series. In this model. the spatial module is proposed to capture the multi-type spatial correlations between diffe-
rent series,the temporal module introduces the temporal convolutional network to extract the temporal dependencies within a sin-
gle series. Moreover, the autoregression model is introduced to improve the robustness of the J-F-ARDNN prediction model. To
prove the superiority and effectiveness of the JJARDNN model, the proposed model is evaluated in three real-world datasets from
different fields. Experimental results show that the proposed model can achieve better prediction performance than state-of-the-art
contrast models.
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Table 2 Prediction results on geo-sensory time series datasets

ethods Jb3E PM2.5 348 & KA EHMEE EREZRAHAGE
RMSE MAE R2 RMSE MAE R2 RMSE MAE R2

VAR-MLP 40.1060  22.9476 0.8058 42.7400  32.3216 0.9104 2.3498 1.7683 0.7288
GP 32,1587 17.5391 0.8742 39.6772  30.8984 0.8794 1.8239 1.3974 0.8777
RNN_GRU 24.0183  13.0627 0.9312 33.4994  24.0523 0.9452 1.3886 1.0460 0.9292
LSTNet 19.4641 10.1711 0.9438 27.9205  18.7227 0.9536 0.7556 0.5552 0.9720
TPA-LSTM 18.3986 9.9748 0.9503 27.0170 18.1389 0.9561 0.6832 0.4987 0.9773
MTNet 18.4028  10.0850 0.9477 27.6302  18.4691 0.9538 0.7181 0.5256 0.9810
MTGNN 18.3735 9.8448 0.9526 27.0472  18.0009 0.9590 0.6846 0.4908 0.9827
J-ARDNN 17.9176 9.6080 0.9569 26.1712 17.8777 0.9618 0.6615 0.4751 0.9838
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Fig. 6 Adjustment weight heatmap of hybrid spatial attention

mechanism on Beijing PM2. 5 dataset
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Table 3 Prediction results of ablation experiments

Jt3E PM2.5 #% 4% &

28R EAREZRABEE

methods RMSE  MAE R RMSE  MAE R? RMSE  MAE R
J-ARDNNw/oAttn  18.8417 10.4288  0.9400  29.1372 19.2819 0.9502  0.8344  0.6747  0.9751
J-ARDNNw/oTCN  18.6096 10.3731  0.9432  28.9250 18.8938  0.9516  0.8263  0.6702  0.9752
JARDNNw/oAR  18.4708 10.1273  0.9486  27.8853 18.6317  0.9522  0.7632  0.5792  0.9718

J-ARDNN 179176 9.6080  0.9569 26.1712 17.8777 0.9618  0.6615  0.4751  0.9838
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