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Prediction model of urban ozone hourly concentration
based on deep learning

WANG Kai HU Dongmei ™ YAN Yulong PENG Lin YIN Hao ZHANG Keke

(College of Environmental Science and Engineering, North China Electric Power University, Key Laboratory of Resources and

Environmental System Optimization, Ministry of Education, Beijing, 102206, China)

Abstract High near-surface ozone concentrations (Os) have a significant impact on urban ambient
air quality, plant growth and human health. Therefore, accurate forecasting of ozone concentrations is
important for urban environmental management departments to prevent and control ozone pollution,
advise residents on travel decisions, and reduce health impacts. Deep learning models have strong
capturing and learning ability for nonlinear relationships. Therefore, this study proposes a hybrid
model based on deep learning algorithm, using graph convolutional neural network (GCN) and long
short-term memory neural network (LSTM) to capture the spatial and temporal variation of Oj

concentration features respectively, coupled with meteorological factors, to build a GCN-LSTM
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based on spatio-temporal correlation of O5 hourly concentration prediction model, and to conduct an
application study in Beijing. The results show that GCN-LSTM model can predict the future O;
concentration in Beijing for 72 hours with a correlation coefficient of 0.86 between the predicted and
observed values; the mean relative bias (MRB) of the predicted future Oz concentrations for 24, 48
and 72 hours are 18.2%, 19.2% and 22.9%, with root mean square error (RMSE) values of 17.3, 23.7
and 25.4 ug'm™ respectively; the prediction accuracy was better than that of the existing machine
learning models for the long time of 48—72 h; when the observed O; concentrations ranged from
0—80 ug'm>, 80—160 pg'm > and 160—200 pug'm* (a total of 96.3% of the total data volume), the
MRB were 20.1%, 6.9% and 16.4%, the RMSE were 10.8, 14.9, 20.1, 31.4 ug'm* respectively. The
MRB of the predicted concentrations at different types of sites were found to be 7.9%, 13.2%, 24.4%
and 29.3% for the urban clean control site, urban environmental assessment site, regional background
transmission site and traffic pollution monitoring site, respectively, and model predicts urban clean
control points and urban environmental assessment points with high accuracy. Using this model to
predict the hourly O5 concentration in urban air will better help to prevent and control O5 pollution in
urban air.

Keywords O;, hourly concentration prediction, deep learning, graph convolutional neural

network, long short-term memory neural network.
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Fig.1 Mean and standard deviation of maximum information coefficient of O; concentration among stations
¢ I 20 N A 23 5 W 000l ) 9 G e R SCHR 19 4 ) 23 A AT RE SR — B IR TG 4 (] B 35 (4
G=(N, E, W), tnpg 2. o, NARERAT g, BRI 00 o Mool s AR A 8] Ay i, Bl e 1] 1 95
WA i 5C s AR T A R) A SIS H R B, D ) ol ) S 8 ) 80 K00V A 3 R I 2 ¢ 1) 75 G W vk JE 0
VR ¢ B 220755 5 BRI . i 52 220 Ik 200 ) 9 e ) 30 # i L 01, o L 3 i A 22 T 3 B 42 1)
26rh, B SR R 4 2T RE T, 4% b 5 B 25 ] DI OC 2R A

2R BN R RN)
Air quality monitoring stations (Node N)

i RIS R E S RGEAD)
Pollutant transport relationships

between sites (connected edge £)

2 SLSRIE A S
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TR AL 2 B 0 38 a5 8, (B A8 0 AN B B e (5 B RS e, Hspoo s aniE 3.1 4
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Fig.3 LSTM model cell structure
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Fig.5 Comparison of model performance under different parameters
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Fig.6 Comparison between observed and predicted O; concentration values at dififtrent time in the future
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Fig.7 Comparison of predicted and observed concentrations in the model for the next 72 hours
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Fig.8 The MRB and RMSE distribution of O3 hourly concentration predicted by different models

2.2 ANIF)HeRE X E] TR HE XS L

g 00 3 A B AR LN Ik B 4 DX ) E — 20 X6 b R B, 4 LR EE A T 0—80 pg'm ™, 80—160 pg'm,
160—200 pg'm™ F1 200—500 pg-m™ B, A5 Y T30 0 Ve B -5 00 0 v 5 1% - 350 40 X6 22 43 1) 4 20.1%,
6.9%, 16.4% 1 54.8%, 4 > X [A] K dfa 5 5331 o S ASHE 1Y 48.9% . 38.3%. 9.1% 1 3.7% (Al 9). BRI 4
LI e J32 A2 T W AR LA, I FHIZ AN R 72 h R AUk B 3 ] ﬁﬁﬁﬁ{)ﬂﬂ HE— 2573 b ) R
SR P R AR IS R 22 B P RE L P, — o P RROM 22 [ 288 ) iy A\ A 5 EA T B AR AR AR IR X S A2 15 5
A7 7SV A P, e SO TR A X Al 0 A AR A R X TN A R T L /7[% 7 i B 2 [B] I, 7] S A
N0 % BB (RN, A S BB AL R BUZ S B Rk, T — 2B IS rp ] 2R v 1 A0 495 e Tt A6
B, -y N B 22 A DA i, T a7 e R AR 5 72 Al B R I A DG e B I 493 e AR B, XA
B 2 Y A SR AT R R, LAl N T R 22
BESEA JHIR Frequency
—& - 2it ik Cumulative share

60000 oo PR 2 MBR [ ——a - 100
- 90
50000 | . {s0 «
7 170 &
2z 40000 |- /./ £
5 - 460 ¢
= A p=l
8 30000 |- 450 E
= E
140 3
20000 | :
430 g
10000 - RESKH.L. RRRY . 120
...... X JSTIILM 410
REEEN
0 : : . EEET 0
0—80 80—160 160—200 200—500

Concentration interval/(ug-m~)
9 BRI S FE X [A] T 5 25 X [L

Fig.9 Comparison of model prediction errors by concentration interval



2%

i

ke

3

2616 578

2.3 AN[EIZERLS, N TR 25 %) HE
EHTHIA 35 A2 AT I A, RS 23 AT IR AL 1 T T R 5 A58l
{5 Y A2 A 6 A DXCIHT S A% A i, 20 0 P T PPAS 0T A [R] D B DX G 2= RS IR DL S A2 AL RS, 7
xlﬁmﬂj 3 31 32 JB 3t X T i B RO AL S LD L. DT 10 AT 280, AR Xof I T PR DAL i S T
{1 1t X TR AR TR TN e 8 - SO 9 JRE L4045 e EE A, o0 DX Il 5 A i i B Sl 15 e s 42 i UL 7
JERXT 2.

—— WU{E Observation value === Fii 0 {& Predicted value
180 X Jsf 15 B4 180 - ZEi@iT Y 4% A
160~ Regional background transmission points 4 160 Traffic pollution monitoring points

0 1 1 1 1 1 1 1 1 ] 1 1 L 1 1 1 1 L 1
0 8 16 24 32 40 48 56 64 72 0 8 16 24 32 40 48 356 64 72
Predicted length/h Predicted length/h
180T kRS 180 st it AR
iig | Urban environmental assessment points ]68 [ City cleaning control points

O5/(ug-m™)

1
0 8 16 24 32 40 48 56 64 72 0 8 16 24 32 40 48 56 64 72
Predicted length/h Predicted length/h

B 10 RIEIZEARIGE SRk 72 h AR T v R (R L vk P (B L

Fig.10 Comparison of model predicted and observed concentrations for the next 72 hours at different types of stations
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B KT I E IR 5 Urban environmental assessment points
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Fig.11 The MRB(a) and RMSE(b) distribution of O3 concentration predicted by different types of stations at 1, 4, 8, 12, 24,
48 and 72 hours in the future
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3 %518 (Conclusions)

(1) B BUp 22 W 45 (GCN) R H8 30k i R A0 480Uk B8 19 2 (R S R A, B RO IR 7 5 R %S [ 4%
R S ALK e A2 22 M 45 (LSTM), i — %Tﬁ?ﬁﬁﬂmm%ﬁ%ﬁ BN TR TR 2R 2 1 B A/
e T ALY GCN-LSTM.

(2) R RINT G 5t AR ok 72 h SL AR BE SR AT S0, Tl {8 5 X000 {8 U R 5L R R 0.86, A7 AT
At M TN+ R AR JBE £ I 1] J% 43 6] 3 A FRAE . GCN-LSTM #E BU TR 24, 48, 72 h R A W FE I, SF-1
AH X 22 73 591k 18.2%., 19.2% A1 22.9%, RMSE {8 4 17.3. 23.7. 25.4 pg'm>, X} F 48 —72 h §Y K i i
JEE TN R BE AR T C A HLAS 2 > R,

(3) 24 B4 WL ¥k B A T 0—80 pgrm ™, 80—160 pgrm™ Fl 160—200 pg-m>(H i w4 4 & 10
96.3% ) isf, TR 24540 X5 22 43 31 R 20.1%, 6.9% F 16.4%; 24 5L FE KT 200 pgm > i, 4575 ) S
PIAXHR 225K, ﬂi}ﬁﬁiﬁﬂiﬁ%,ﬁ%ﬁiﬂlﬂﬁﬂ%ﬂévﬁd\%ﬁ?ﬂ!ﬂﬁ%ﬁ.

(4) ATRI S 70 3 e 3 0000 i 300, 3T 9 9t 0o IR A IR T R BE DM a5 L X S A% i oS R 283 V5
Y WP S T E’J%iﬁﬁxﬂ)ﬁ r91R 7.9%. 13.2%. 24.4% F11 29.3%, RMSE {843 %]} 10.8, 14.9. 20.1,
31.4 pgrm, AR 3TV T X B SORIIR T A5G PP A %) I A A, R DX SR A% s RN A E T
Y W A TR o 2 R 2 SR R 2R

(5)feff FHAS B AR AT A5 B 0000 38 7 A /< L AL/ NP R 2
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