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Abstract. Spatio-temporal prediction is one of the basic research topics of geographic spatio-temporal big
data mining. There are many attempts to predict spatio-temporal state of unknown systems using various
deep learning algorithms. However, most existing prediction models are only tested on spatio-temporal
data assuming no missing data entries, ignoring the impact of missing values on the prediction results. In
the actual scenarios, data missing is an inevitable problem due to sensor or network transmission failures.
Therefore, we propose a novel causal graph convolutional network considering missing values (Causal-
GCNM) for spatio-temporal prediction. The proposed model can automatically capture missing patterns in
the spatio-temporal data, enabling the Causal-GCNM model to directly complete the spatio-temporal
prediction task without additional interpolation. The proposed model was validated on three real spatio-
temporal datasets (traffic flow dataset, PM,; monitoring dataset, and temperature monitoring dataset).
Experimental results show that the Causal-GCNM model has good prediction performance under four
missing scenarios (20% random missing, 20% block missing, 40% random missing, 40% block
missing), and outperforms ten existing baseline methods in terms of prediction accuracy and
computational efficiency.
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Fig.7 Missing location distribution of traffic volume data
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SGMN #5650 f 510 M fE 22 Bk 3 S i S Ay R 3 CausakGONM S RERBETRELFR THLRER
K., Bi&M . GRU-D, LSTM-M. SGMN #i #1 Tab. 3 Comparison results of prediction performance

Eﬁ%"ﬁﬁk%%%? El"] i {D"J I‘E ﬁE ﬁ% Igﬁ A between Causal-GCNM and baselines under non-
%9 GRU-D, LSTM-M H 5 Jy 4 i 6] 5 51) £ 0, missing scenario
ZME T 7S I R B 0 B 4R TRMF g CCHNEE PMLHOE g
1 BTMF A5 A1 5 300 M 58 B 48 5% %2 . 5 76 FE HL MAE RMSE = MAE RMSE = MAE RMSE
W b E R TS B 4 & T GRU-D ST-KNN 531 9.34 12.84 19.13 0.79 1.09
- . e o ) A GRU 441 877 836 13.13 0.61 0.87
LSTM-M # M, 5 3 #E i 5 M . Causal- LSTM 4.21 7.73 8.61 13.63 0.61 0.86
GCNM #& 8 B A & & 09 i M %5 . Causal- T-GCN 6.95 11.86 14.91 21.31 0.80 1.06
GONM AR 7 758 2 46 Jer 0 P A 0 . ST-GCN 5.64  10.18 10.45 15.45 2.38  2.82
B - i TRMF 479 8.02 11.26 15.98 0.73  0.98
56 B B Al Ak B P (45 Causal-GCNM # 7Y BTMF 4.86  8.03 10.74 15.66 0.87 1.11
HETHAHEEREREE ., Hik, HEHEEM GRU-D 4.25 8.05 884 14.10 0.57 0.76
1%': Causal-GCNM fﬁﬂﬂ LA Eﬁﬂ‘ I‘ETJ F s I‘Ej W/l\gﬁ LSTM-M 4.24  8.15 8.85 14.08 0.59 0.82
SGMN 452 7.30 8.58 13.09 0.61 1.01
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Tab.4 Comparison results of prediction performance between Causal-GCNM and baselines under random missing scenario

B3R .20 % B 40 %

H 3¢ 38 I A PM, 5 £ 4 SR 32 38 it B A PM, s £ 4 SRR
MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
ST-KNN 10.50  20.69  21.32  31.33  5.85 8.49  16.48  31.09  30.99  43.38 11.19  13.65
GRU 10.02  18.33  18.21  25.62  7.12 8.08  12.35  21.65  22.71  30.83 9.42 9.92
LSTM 10.17  18.78  18.72  26.29  7.33 8.23  12.58  22.12  23.19  39.14 9.57  10.06
T-GCN 12,21 21.55  19.92  28.17  6.95 7.16  16.26  27.45  27.45  37.28  10.75  11.95
ST-GCN 9.14  16.17  17.26  27.72 475 5.10 9.27  16.07  20.23  31.40 4.89 5.32
TRMF 5.06 9.44  13.02  19.29  0.85 1.19 574 14.22 1547  24.71 0.87 1.19
BTMF 4.89 8.59 11.26  16.43  0.84 1.11 5.59 9.95 12,91  18.89 0.90 1.20
GRU-D 4.52 8.18 9.29 1477 0.64 0.89 4.85 8.87  11.03  17.83 0.75 1.04
LSTM-M 4.51 8.89 9.39  14.81  0.67 0.93 4.79 9.43  11.14  17.87 0.81 1.10
SGMN 4.72 7.66 9.50  14.52  0.82 1.17 4.88 8.31 10.95 17.10 0.97 1.35
Causal-GCNM 4.44 7.32 9.59 1442  0.62 0.79 4.63 7.80  10.53  15.97 0.63 0.81

%5 CausalGCNM EEARBETKREA R THRERER

Tab.5 Comparison results of prediction performance between Causal-GCNM and baselines under block missing scenario

B # .20 % Bk # .40 %

5 28 3 K PM, s U4 SR B 223 it PM..; ¥ ¥ KRB
MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
ST-KNN 16.52  32.30  24.93  39.59  7.29  11.75  20.95 39.55  26.11  39.31  10.61  14.64
GRU 10.11  24.95 18.59  35.45  6.27  11.94  14.35  33.36  22.79  40.25 9.97  15.43
LSTM 10.23  25.01  18.78  35.53  6.48  11.97  14.40  33.36  22.96  40.35  10.16  15.47
T-GCN 12.84  24.49  22.58  32.68  7.28 8.35  15.54  28.31  26.34  37.48 11.20  11.38
ST-GCN 11.45  23.07  20.77  37.44  5.86 7.31  13.89  28.73  25.06  42.71 7.44 9.62
TRMF 5.24 10.38  13.76  26.31  0.93 1.28 5.93  11.71  17.77  31.86 1.10 1.45
BTMF 5.15 9.26  12.53  18.14  0.89 1.15 582 10.61  14.19  22.67 0.96 1.28
GRU-D 5.29  10.95 11.22  18.66  0.85 1.29 6.40  13.89  14.13  21.32 1.08 1.61
LSTM-M 5.26  11.34  10.90  17.90  0.85 1.26 6.32  14.07  14.53  25.12 1.06 1.55
SGMN 6.66  15.00 13.22  22.82  1.94 3.57 8.57  20.59  16.60  27.63 3.00 4.90

Causal-GCNM 4.79 8.59 9.94 15.28 0.64 0.82 5.23 9.87 10.88 16.50 0.68 0.88
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Tab.6 Comparison results of calculation efficiency between Causal-GCNM and baselines under 40% block missing ms
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Fig.8 Difference between prediction value and actual value under 40 % missing rate
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Tab.7 Impact of different components of Causal-GCNM on the prediction performance
B F.20% AR A 40 %
LR 22 38 I B A PM, s 4 SR 32 38 it B A PM, s £ 4 SR

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
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