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Data Completion of Air Quality Index Based on Multi-dimensional Sparse Representation

CAI Qiquan',LU Juhong' . YU Zhiyong"? and HUANG Fangwan'*?

1 College of Computer and Data Science, Fuzhou University, Fuzhou 350108, China

2 Fujian Key Laboratory of Network Computing and Intelligent Information Processing(Fuzhou University) , Fuzhou 350108, China
Abstract In recent years, air pollution has become increasingly serious and become one of the risk factors affecting people’s
health. The air quality index(AQI) can provide the government with the laws of atmospheric environment changes,and can also
be used for air pollution control. However,the data is inevitably missing in the process of collection, which leads to the difficulty
of data mining. However, given the poor performance of existing completion methods under a high miss rate, this paper trans-
forms the missing-matrix-completion problem into a sparse-matrix-reconstruction problem and designs a data completion method
based on multi-dimensional sparse representation. The method first uses the training data to simulate various random missing ca-
ses for over-complete dictionary learning. Then, the sparse representation of the matrix with missing values is obtained by using
the upper part of the learned dictionary. Finally, the sparse representation is combined with the lower part of the dictionary to ob-
tain the reconstructed estimation matrix. Experimental results show that the proposed algorithm is superior to the traditional ma-

trix method in the completion of multi-dimensional time series of AQI,especially in the case of serious missing.

Keywords Air quality index,Missing data, Matrix completion, Dictionary learning, Multi-dimensional sparse representation
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22 79 91(101) 121(122) 110€107) 94
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(Mean Absolute Percentage Error, MAPE) | F ¥ 4t %} i% 2%
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Je /NG

F2—F AR T MSRC 5 3 UE 7 ik 7 A WIE M 75
bR B SE SR . INIE 5 — & 7 BT LA EE EOW E S TE R Rk R
T A I B RRCR AL .

2 AREBLRAET %I ER MAPE {8

Table 2 MAPE of each method with different missing rates
k& MEAN ESTICS  MSRC-NL ~ MSRC

5% 31.8888 13.4564 28.0511 78.3208 18.60 2
15% 29.2116 12.5381 27.1109 64.5203 18.4477
25% 29.9631 22.8538 29.6654 61.5751 19.7468
35% 31.3593 36.8330 29.6630 72.2707 22.8757
45% 30.8525 53.4077 31.1720 59.3358 23.0027
55% 29.2046 67.6408 31.6926 58.1292 23.7284
65% 29.4178 80.3238 32.9810 55.9783 24.3205
5% 32.9402 89.1771 37.7528 63.3705 26.3449
85% 33.0022 95.9358 50.0285 59.9838 28.0522
95% 51.6686 99. 3569 68.3143 60.6335 29.5409

SoftImpute

3 AFEBURRT £ )7k MAE {6

Table 3 MAE of each method with different missing rates

ek % MEAN Softlmpute ~ ESTICS ~ MSRC-NL MSRC
5% 10. 6451 4,2760 11,4682 32.8861 6.6758
15% 10.9722 5.3106 12.5998 29,3067 6.954 1
25% 11.4922 11.7509 14,2875 30.3959 7.5635
35% 11.8215 20. 4862 14.4616 34,1312 8.1715
45% 11.9494 29.2157 15. 9824 30.4869 9.1969
55% 11.9748 36.4183 17.2145 28.3854 9.8612
65% 12.0873 42,0059 18.3907 26.4690 9.4900
5% 12.5946 45,5688 20,5443 30.3593 10.5305
85% 13.4142 48.6146 26.8637 28.6506 12,0482
95% 24,5357 50. 0966 35.4429 30. 9607 13.1837

F 4 OAFERET 4T %M RMSE {8
Table 4 RMSE of each method with different missing rates

Bk F MEAN SoftImpute ESTICS MSRC-NL MSRC
5% 14.4949 6.3112 16.2009 45.3099 9.3905
15% 14.9807 8.0687 18.3224 37.8712 9.9519
25% 16. 6855 17.5773 20. 8580 39.7263 10. 8283
35% 16.4630 28.3937 20.8007 47.9982 11.8295
45% 16. 8534 37.5317 23.2416 40.2896 14.9728
55% 17.6193 45.1637 24,8788 38.0111 15.0954
65% 17.6011 50. 6647 26.1560 38.2901 13.9052
5% 18.0508 54,4047 28.3060 40.064 2 16.1077
85% 19.7471 57.5166 35.2912 38.2582 18.5631

95% 36.9970 58.9430 45.3546 40,6442 20.0081
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