FRAIEEN | 201545 631

AT IRETF 3] 0 KB A7 F TR

PSR SRS, TR, Kl FEREC, Wit
(1IBMSEERSSE, 465 100103; 2. {CRAIRBRPAFRD, XSTRAEMALSHFEATE, 1057 100048)

W OE JTEFHARMIRIGTET MY, A TFEELERERN. 2TNA SRR EGL, A EF LS
HERE, TRRTEZAFETIRARE TS LER . ATHNAEARKE /KR THNT AR E TN,
RGBT —WMETHEEFINH . RFEATENALR MG ML EEEN, BEIEER ST
ETHBBEAELHTNTEARE, M FEIBAERUNBMELET, ANTRGTREE. B%
TEHFR, HFESERFTEMAL, TRTUAAZERELEN. SLAENATRERFEAKE, &
DERTRGMHREN REASA, BEEX ST LT ANE, ATUETF B EFETNY
BWER (WHETRER), G oM EEATE. 2 %%H. B, HrraagpAmE£dg
THNERPWABEER, —FRELT AR TAA T EHBRKE, BALEMEAEREERTHRMER. &
Jo, BT LWIEAFT AT URG SR T LM

REIE =RFLTM; REFI;, REEAWNE, A&

hE 4SS TP391 HEAFRIRES: A NEHS: 1674-6252 (2015) 06-0046-07:

Deep Learning based Air Pollutant Forecasting with Big Data

Yin Wenjun', Zhang Dawei’’, Yan Jinghai’, Zhang Chao', Li Yunting’, Rui Xiaoguang'
( 1.IBM Research — China, Beijing 100193; 2. Beijing Key Lab of Atmospheric Particle Matter
Monitoring, Beijing Municipal Environmental Monitoring Center, Beijing 100048 )

Abstract: It is necessary to do research about urban air quality forecasting to better reflect the changing trend of the air
pollution and provide prompt and complete environment quality information for environment management decision,
as well as to avoid serious air pollution accident. For the urban air quality forecasting in the era of environmental big
data, this paper proposes a novel method based on deep learning. Via simulating neural connecting structure of human
brain, the deep learning method transforms the feature representation of data in the original space to a new feature
space with semantic feature, and obtains hierarchical feature representation automatically to improve the performance
of forecasting. Due to the merits of the deep learning, compared with traditional methods, the deep learning based
model can not only utilize the environmental big data, including the air quality monitoring, weather monitoring and
forecasting, and consider the spatiotemporal change and spatial distribution of air pollutant sufficiently to get the
semantic change regulation of air pollutant, but also analyze the scope of its application, advantages and disadvantages
based on results of other air quality forecasting methods (such as, numerical forecasting model). Therefore, the deep
learning based method realizes the comprehensive integration of big data via simulating the thinking progress of
human brain. The novel method is of flexibility and feasibility for application, and overcomes the weak of the existing
forecasting methods. Finally, the numerical test demonstrates that the novel method can improve the performance of air
pollutant forecasting.
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*F1 2015 F 9 BESSRMNAIEXRE
Model PM, PM,, SO, Co NO, 0,
DBN 0.772 0.743 0.749 0.727 0.726 0.764
LR 0.691 0.604 0.649 0.682 0.684 0.622
NN 0.724 0.702 0.715 0.688 0.588 0.628
SVM 0.687 0.688 0.579 0.647 0.67 0.524
RF 0.706 0.552 0.609 0.6 0.584 0.555
ARIMA 0.196 0.289 0.105 0.004 0.041 0.322
F£2 201559 B=S RN FEEINRE
Model PM, PM,, SO, Co NO, 0,
DBN 26.974 24.333 5.811 0.403 22.58 27.805
LR 30.581 42.277 6.686 0.424 23.651 31.202
NN 29.494 39.146 6.079 0.517 24.571 28.539
SVM 32.268 43.818 6.11 0.437 27.03 32.799
RF 29.603 44.024 6.707 0.474 23.667 31.618
ARIMA 90.503 125.164 25.776 1.128 41.952 50.023
£33 201581, 2 AESSRMNAIEXERE
Model PM, PM,, SO, Co NO, 0,
DBN 0.744 0.718 0.712 0.698 0.696 0.773
LR 0.649 0.543 0.588 0.631 0.652 0.63
NN 0.683 0.648 0.652 0.622 0.536 0.631
SVM 0.639 0.623 0.522 0.585 0.623 0.538
RF 0.654 0.503 0.552 0.552 0.522 0.575
ARIMA 0.141 0.222 0.101 0.011 0.039 0.386
F4 201551, 2 B=S SR FEEITIRE
Model PM, PM,, SO, Co NO, 0,
DBN 28.351 27.333 6.139 0.491 24.234 24.891
LR 35.326 45.189 7.363 0.561 28.268 26.404
NN 41.257 46.251 7.623 0.693 29.184 27.238
SVM 43.726 50.134 8.917 0.743 32.971 30.862
RF 47215 52.153 8.246 0.715 33.248 29.234
ARIMA 99.135 131.241 31.244 1.245 59.234 38.281
x5 201587 B=SSRIMNAIEXEREL
Model PM, ., PM,, SO, Co NO, 0,
DBN 0.766 0.732 0.737 0.719 0.713 0.752
LR 0.683 0.603 0.638 0.674 0.671 0.614
NN 0.715 0.695 0.707 0.679 0.589 0.613
SVM 0.679 0.679 0.568 0.634 0.665 0.513
RF 0.701 0.546 0.596 0.597 0.572 0.542
ARIMA 0.181 0.275 0.106 0.005 0.031 0.314
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&6 2015F7 B=SISRMNAFHENIRE

Model PM, PM,, SO, Co NO, 0,
DBN 27.284 26.291 5.924 0.428 23.297 28.285
LR 31.28 42.418 6.782 0.492 25.162 37.072
NN 30.231 40.017 6.972 0.526 25.459 38.186
SVM 33281 43.904 7.097 0.537 27.137 39.287
RF 31.019 45.134 7.105 0.563 26.682 41.236
ARIMA 92.105 124.249 26.023 1.108 43.128 52.074
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