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Abstract: In recent years, air pollution has attracted much attention and near ground ozone gradually becomes the primary
pollutant in some cities in China. Therefore, accurate prediction of ozone concentration is particularly important. In order to
improve the prediction accuracy of ozone concentration, In this paper, we propose a combined prediction model of ozone
concentration based on CNN-GRU (Convolutional Neural Network and Gate Recurrent Unit) by fusing spatial and statistical
features. Firstly, by analyzing the correlation between temporal and spatial factors as well as other atmospheric pollutants and
ozone concentration, the statistical domain based method and Kriging interpolation method are used to preprocess the ozone

concentration time series data to extract the spatial-temporal characteristics of the ozone concentration data. The combined
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prediction model of parallel hybrid CNN (Convolutional Neural Networks) and GRU (Gate Recurrent Unit) structure is used

to obtain the final ozone concentration prediction results. The results show that the combined prediction model of ozone

concentration based on CNN-GRU has the highest accuracy and the best prediction effect, the values of R*, RMSE (Root

Mean Squared Error) and MAE (Mean Absolute Error) of ozone concentration in the next hour are 0.9598, 11.9508 and
8.2753,in the next two hours are 0.8985,18.5373 and 13.0045, outperform the independent CNN,LSTM (Long Short-Term
Memory), GRU, ConvLSTM (Convolutional LSTM Network), CNN-LSTM and CNN-GRU prediction models. Because

the prediction model combines spatial and statistical features, multi angle feature extraction and parallel hybrid network

structure are used to obtain high prediction accuracy and good robustness.

Key words: ozone concentration prediction, Convolutional Neural Network, Gated Recurrent Unit, spatial feature, statistical
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Table 1 Some of the data samples
H 1 BT WS4 PML (pgem ) PM, (pgem 7)) SO, (pgem %) NO, (pg'm ™ *) O, (pg'm )  CO (pg'm *)
2018/3/310:00 AT WITLRK 18 25 6 37 24 1.3
2018/3/311:00  BUH  WIVLA&R K 17 22 7 34 36 1.2
2018/3/312:00  HUM WL K 15 20 7 31 56 1.2
2018/3/313:00  #uM  WITLRK 16 20 7 30 78 1.2
2018/3/3 14:00  #iM  WITLAR K 15 19 7 30 95 1.1
2018/3/3 15:00  #u  WITLRK 17 18 7 33 107 1.1
2018/3/316:00 KM WAL K 20 20 7 31 123 1.1
2018/3/3 17:00  #u  WiILRK 25 NULL 8 44 112 1.0
2018/3/318:00  #uM  WIVLAR K 33 33 10 72 75 1.1
2018/3/319:00 #HiM  WHTARK 47 51 20 68 78 1.2
2018/3/320:00 AT WITLRK 58 64 20 81 59 1.3
2018/3/321:00  HUM  WITLA KR 66 74 12 59 94 1.1
2018/3/322:00  #UM  WIILRK 67 70 12 54 84 1.1
2018/3/323:00  BUM  WIVLARK 69 73 11 60 55 1.1
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Fig. 2 Network structure diagram of CNN-GRU model integrating spatial and statistical features
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Fig. 3 The structure of GRU model
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Fig. 4 Correlation analysis between ozone concentra-

tion and other meteorological factors
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Fig. 5 Concentration of ozone at Zhejiang Agricultural

University station from 2017 to 2019
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Fig. 6 Daily average of ozone concentration at each

station
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tween stations
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Table 2 Influence of spatial characteristics on the pre-

diction of ozone concentration

X b S 5 T A >k LD
i A i) (h) R* RMSE MAE
1 0.9380  14.2636  10.4514
NSpa-CNN
2 0.8698  21.9167  14.9628
1 0.9325  14.9497  10.3668
NSpa-LSTM
2 0.8633  21.5153  14.7754
1 0.9359  14.7534  10.6444
NSpa-GRU
2 0.8626  21.2264  14.4919
Spa- 1 0.9422  13.9816  10.0346
CNN-LSTM 2 0.8709  20.9081  13.7600
Spa- 1 0.9468  13.4237 9. 6685
CNN-GRU 2 0.8789  20.2510  13.3830
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Table 3 Influence of statistical characteristics on the

prediction of ozone concentration

T4 MERBVEMNRIARETNEROF M
Table 4 Influence of network model structure on the

prediction of ozone concentration

X L 52 6 45 R i im:“ Ak - i

i) (h) R* RMSE MAE
Spa- 1 0.9281  15.6056 11.6580
ConvL.STM 2 0.8317  23.8724  17.5970
Spa-CNN-LSTM 1 0.9422  13.9816  10.0346
(parallel) 2 0.8709  20.9081  13.7600
Spa-CNN-GRU 1 0.9468  13.4237  9.6685
(parallel) 2 0.8789  20.2510 13.3830

XF LG 52 T A >k LD
R i ] (h) R’ RMSE MAE
1 0.9209 16.3637  10. 5260
Statical lastl
2 0. 7540 28.8671 18.8714
1 0.7826 27.1368  17.8993
Statical last3
2 0.5743 37.9750  25.3378
Spa-sta- 1 0.9598 11. 9508 8.2753
CNN-GRU 2 0. 8985 18.5373  13.0045
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Fig. 8 Prediction accuracy of different models

py & 9 A 10 w] 40, FNGE A RUAR LE , 36T 0L
i 2 ) TN ASE AU f) FUL A SR B A W R il
JH BfL— T ASE A () HL A R I 4 A A A
TEH A REAR P ConvLSTM #5 # 5% FH 5 B¢ 1 ) 2%
SEFE, SIUINORG JE S G HL At B2 A 2T T AR A L
R 1) IO 28 5 K S I ) I 4% 45 4 Sk IR R
ok I IR I 9 CNIN-GRU 41 4 T 0 45 284 1) 400 &



P

52 R A 45 < il s )RS THRRAE A9 CNIN-GRU 52403 J3E 791 100 455 78 fF 5 329 -
— H%MHE
350 | — Statical_last1_1h
—— Statical_last3_1h
300 —— NSpa_CNN_1h
—— NSpa_LSTM_1h
—— NSpa_GRU_1h
250 —— Spa_CNN_LSTM_1h
—~ —— Spa_CNN_GRU_1h
(?E 200 —— Convlstm_1h
& —— Spa_sta_CNN_GRU_1h
3
= 150
E |
< 100 1
(il ‘ H‘ i |
50 il
0
-50 1 1 1 1 1 1
2018/4/27 2018/6/27 2018/8/27 2018/10/27 2018/12/27 2019/2/27 2019/4/27 2019/6/27
B9 IRtk — /N LR B A SE S AR b
Fig.9 Predicted and measured results of ozone concentration in the next hour by each mode
— HYE
8ol = —— Statical_lastl_2h
I — Statical_last3 2h
300 [ ———NSpa_CNN_2h
NSpa LSTM _2h
250 ——NSpa_GRU_2h
& ———Spa_CNN_LSTM_2h
S 200 ——Spa CNN_GRU 2h
o Convlstm_2h
3 — Spa_sta CNN_GRU_2h
= 150
™
S
S 100
50
0 "
-50 ] . 1 . 1 . ] . 1 1 1
2018/4/27 2018/6/27 2018/8/27 2018/10/27 2018/12/27 2019/2/27 2019/4/27 2019/6/27
E10 EEBXAREA/NEREREBFSLNZE R eIt e

RS A AE B 2
BRCRIE— R T RIS T
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FIERSHRRIESS ) &S

() R A GE TR

[ =

the combined prediction model

AETNRR X R ERERFHRNE

Table 5 Seasonal prediction of ozone concentration by

ER

B CNN-GRU £ & 7 i A5 780 57 o =5 A 10
X T o R R
TR BE5 T ] (h) R RMSE MAE
2.8 ARFHH FLBLTRAS 1 0.9458 13. 8409 9.9245
25 IR 1 X80 S T 25 4 e R 4 vk E ) 08530 22,0168 156203
S5-I 7 N = w1 3 o T o T - 1 0.9445 15.0720 10. 7980
(3,4,5H) . 8BZ(6,7,8 H) FkZE(9,10,11 H) Al 2 0. 8629 23.7048 16.9528
= 1 0. 8890 7.9106 5.6158
LA "z 2 0. 7794 11.1586 7.6534
LA AR S TN - AR A, AT I 3k : : i
‘ , - . . . . 1 0. 9520 9. 8347 6. 6402
T 2% [6) 45 AF A1 48+ 5 AF B9 CNN-GRU R 48 ik i &%
2 0. 8877 15. 0586 10. 0924

2 T AR 2 7 A 2 R A Y PO ROR B,




- 330 - B RF 2B (A RE)

%59 &

Hh A 2 Y BLARCUR B SRONORS B A R, R°, RMISE il
MAE 43514 0. 9520, 9. 8347 F16. 6402, ff F H At
B AR O 2 A 2E T
O g5 SR & 2%, R, RMSE F1 MAE 73 % &
0.9445,15. 0720 1 10. 7980. & Z= 15 I &% 5 45 2%
() D R 2 B2 2 o' Ak I I R 3 s A R T B 2R R
SR R T A R R T R T R AR KRR
R L/ e ¥ Tl

2.9 ERAMSW TR TS BRRE IS
THEFE 9 CNN-GRU 5 B 41 A 35000 A 78
& FHYE RNz A, X R R 3~7 KA B AV i
H ¥ E 47 W00, 3 2L R*, RMSE il MAE =A3F
i F5 b X T 0 45 SR AT DA LR R R e A
Shy FHCIN N 1] R 30 K 1 R AR H AL, G2 T0I0 i [E]
A — KA B B H 8 AT — K1 34 5 4R vk i
H {8 S K7 34 50k B BB (B i AR
SEE AN 6 TN . R IR B R X R Ok
3~T K B 5L A M BE ATy A A58 v 1) T0UIUORS B2 Uk B AC
SCHE A ELAT U Rz A A B i) AR A fef A 7R
fiE 27 > B P AR A0, A 2 (8] R AF {455 78 e 25 & X
BV B S I G TR AR A RS T RS BE A B T
E— 24 Tt . AN [ B A S Ok I 2R
AU AR A R 3k B e I 2 rp R I Y B SRR B
D). 5296 45 SR W], A AR R[] R T R R T 4K
(i) F1%) B 4Rk B ot

#6 HEAWMMERI KT RERREMTNLE R
Table 6 Prediction of ozone concentration in the next

3~7 days by the combined prediction model

oK 3 Bk

I TE] (d) R* RMSE MAE
3 0.9071 17.6538 13. 4826
4 0.8981 16. 5204 15. 0985
5 0. 8650 20. 7062 15. 3523
6 0. 8559 22.8132 17. 0422
7 0.8267 24.2813 19. 4327

3 g

AR SCHIFF 41 X B S 2 1% e 30 o e o R
A, JEE F) IS ] R 23 T840 A 20 A, & BT M T A 01
SRR A Y SRR AR AR B AR O A TR] I, <

G T R R AR AR AE— S . 7RSS (]
e AH A S AR S AR B AT DA G M L AR ST
2 A I R TR T 3 R P O A B SRR B A A )
TE B2 T WOMORS B . BE T g B B R A AT
DI B 5L S0k B B 5t ) 8] 5 1) 5040 1 AF DGk, 3
TG+ R AR AE Ry W 4% 45 4 43 S 1 AT AR R T 0 gk
— AR T AR SO Y A RS B

AR SCHEF 23 AV RHAE RS2 T R#AE 9 CNN-GRU
BB B 21 A TN AR TR DA &2 A B 4R BURRAE L O
FEAT 1 I 28 45 14 B R AE 2F A7 mil & . 38 0 % L 52
B, X 5L AU B A TR0 45 R B S P 1 At ) L A
B, 00 R R — /N I R SEUHR BE Y R, RMISE FI
MAE %3 %1 73 0. 9598, 11. 9508 #1 8. 2753, T illl A
e G /N B Y R4 R E R, RMSE Fl MAE 73 51 4
0.8985, 18. 5373 1 13. 0045. 5% &I Xf o 3k o K i}
AR TN s, EL A v ) A

S & ik

(1] gy, 88008 g 2 Bk = X Bk = LR
A e BT I S AR A B LT 5 . R R R R R
(FI 88 Bl2), 2016, 52(6): 977—988. (Ye L M, Fan
S F, Chang M, et al. Spatial and temporal distribu-
tion of ozone sensitive district in Pearl River Delta
region during autumn. Nanjing University (Natural
Science), 2016,52(6):977—988.)

(2] LA, TARME A, A5 . A 2 RRAE Y PCA-
PSO-SVM S (Oy) Bl J5 i5 WF5¢ . oh IR RL 7
2021, 41(2): 596—605. (Dong H Z, Wang L. H,
Tang W, et al. Research on PCA-PSO-SVM ozone
prediction considering spatial - temporal features.
China  Environmental  Science, 2021, 41(2):
596—605.)

[3] 3B i 5L TS Ye 1 I 23 4% Ja) B et g 52 i) D7 Ak
WF5E . AL 2E AL 3. P P IRk, 2021 (Guo
Y H. Study on the spatial and temporal patterns
of ozone pollution and health impact assessment
in China. Master Dissertation. Xi'an : Northwest
University, 2021.)

(4] Ee3h, SCHIBA w0 R, 4 BT AR AR F BTG
14 15 FHAF 5% 30 SR . T g Tl R 24 2 4 (AR B 2R AR,
2022,43(1):131—138. (Bi J,Wen M M, Yu L J, et
al. Research progress of ozone application in the

control of stored grain pests. Journal of Henan



o524

P AR A Rl 2 A RN iR

CEAIE ) CNN-GRU B4 ¥k 2 7000 A% AU BF 5

331

[8]

[11]

University of Technology (Natural Science Edition),
2022,43(1):131—138.)

IR G ARTE AR A B3R SR B T i X il
b AR 2 FR G W B O T TR R A A AR, 2020,
44(5): 526 —542. (Feng Z Z, Yuan X Y, Li P, et al.
Progress in the effects of elevated ground-level ozone
on terrestrial ecosystems. Chinese Journal of Plant
Ecology,2020,44(5):526 —542.)

R, EEH . NAQPMS fl CMAQ # 2 7E 5L 4 1l
1 P A ROCR K 5. PO BRI, 2019, 38(1): 81—
84. (Wu Y, Wang Y X. The effects of NAQPMS
model and CMAQ model in ozone forecasting appli-
cations. Sichuan Environment,2019,38(1):81—84.)
ERRN, A, R AR ST LS TR R
SR PML 5 175 G 85 35 151 4T AR 28— LG #8717 4y 4]
LR R E (A AR, 2021, 57(5): 938 —950.
(Wang X L., Huang R, Zhang W X, et al. Forecasting
ozone and PM,; pollution potentials using machine
learning algorithms: A case study in Chengdu. Acta
Scientiarum Naturalium Universitatis
2021,57(5):938—950.)

hiE S, 5RO —  BEGE , 45 . 3k T RE AL AR AR LAY 5t
HEBE b DCUT M TAT B S ot VR R T L BRAE  f R
&, 2019, 36(11): 954—957. (Ma R M, Zhang Y Y,

Pekinensis,

Ban J, et al. Prediction of ground ambient ozone site
concentration in Beijing - Tianjin-Hebel region based
on random forest model. Journal of Environment and
Health,2019,36(11):954—957.)

BB T X A RO S BT M PML, 5 R
TR 2 LI SC . EE OB - PE R K A%, 2020.
(Huang L. B. Analysis of air quality and prediction
of PM,; concentration in the main district of
Chongqging. Master Dissertation. Chongqing : South-
west University, 2020.)

TR SCTs . b EUIR IX IR S i R AR A LR K T vk B
¢ Wb i 3T b s b Bt Akl R A, 2010.
(Zhang W F. Study on the variation and prediction
method of ozone concentration in Beijing Urban
Area. Master Dissertation. Beijing: Beijing Forestry
University,2010.)

KUFHF BT 1) A% 1 Ao 22 ) 2 1) RS B PM,
BTN A R BTFE . A7 L2 6038 3C . B TR
2%, 2020. (Liu Y X. Study on prediction of roadside

PM,; and ozone by using back propagation neural

[13]

[14]

[15]

[16] ¥

[19]

network. Master Dissertation. Hangzhou: Zhejiang
University, 2020.)
THR BT, EBE A R T IR Y S T R A
BT B Sk B I 25 43 A TIUI e g o F 5 . SR B R
2t 4R, 2018, 38(8): 3229—3242. (Ding S, Chen B
Z,Wang J, et al. An applied research of decision-tree
based statistical model in forecasting the spatial -
temporal distribution of O,. Acta Scientiae Circum-
stantiae, 2018, 38(8):3229— 3242.)
%Kﬂﬂ%.%ﬂ;%ﬁii%ﬂﬁﬁ() e JBE 2 /N I 150 A5 B AF
OBl AR 3O L AR AR R, 2018,
(Zheng X M. Hourly predition model of ozone
concentrations based on ensemble learning. Master
Dissertation. Shanghai, China: East China Normal
University 2018.)
SRIEAE iz AL A% o ) J7 vk 1 25 b BRI
J . E PR BT A FE L, 2018, 10(2): 78— 84. (Cai W H.
Using machine learning method for predicting the
concentration of ozone in the air. Chinese Journal of
Environmental Management,2018,10(2): 78— 84.)
BLES 4, v I, B, 4 Bk Prophet @il A iR 25
T AR Y R R T AR AR BRI B L R e R
AR (F AR FEA2), 2022, 58(3): 440—447. (Yu Y I,
Zeng G H, Huang B, et al. Improved prophet fusion
error prediction model applied to atmospheric sulfur
dioxide time series prediction. Journal of Nanjing
University (Natural Science), 2022 ,58(3):440—447.)
BEMEFE . Bk T I B 2 2 R = A b DX R 4RI S T4
BRI . W # A 3C . B et M Al fR B LK
2,2021. (Jia P C. Study on ozone near forecast tech-
nology in Yangtze River Delta Based on deep
learning. Master Dissertation. Nanjing: Nanjing
University of Information Science and Technology,
2021.)
Selby B, Kockelman K M. Spatial prediction of
traffic levels in unmeasured locations: Applications of
universal kriging and geographically weighted
regression. Journal of Transport Geography, 2013
(29):24—32.
Krizhevsky A, Sutskever I, Hinton G E. ImageNet
classification ~ with deep convolutional neural
networks. Communications of the ACM,2017,60(6):
84—90.

Van Den Oord A, Dieleman S, Zen H G, et al.



332

F RO 24 (A AR

%59 &

[20]

[21]

[23]

WaveNet: A generative model for raw audio. 2016,
arXiv:1609.03499.

Bai S J, Kolter J Z, Koltun V. An empirical
evaluation of generic convolutional and recurrent
networks for sequence modeling. 2018, arXiv:

1803.01271.

Borovykh A, Bohte S, Oosterlee C W. Conditional
time series forecasting with convolutional neural
networks. 2017, arXiv:1703.04691.

Cho K, Van Merrienboer B, Gulcehre C, et al.
Learning phrase representations using RNN encoder-
decoder for statistical machine translation. 2014,
arXiv:1406.1078.

R JL . 52 A B e AR T e I R OER R
FEPUAG . W2 38 530 . AT B AU R LA R
2021. (Cao B F. Atmospheric circulation affecting
ozone pollution in eastern China in summer and its
prediction. Master Dissertation. Nanjing: Nanjing
University of Information Science and Technology,
2021.)

BUG eI L BEAR L AF L S T R R R AR BL T R
R BTSRRI R/ B/ h
) 5 B0 B 27 2 2% 2022 4F Bl 25 HRAE 2398 AR (—).
T E BRI R 2 42, 2022 540 — 545,

[25]

[26]

[28]

A ME AR, R, 5 BT REPLAR AR PM, 52
B & ge . W2 A2, 2017, 42(1): 1—6. (Hou J
X,LiQ,Zhu Y J, et al. Real-time forecasting system
of PM,; concentration based on spark framework
and random forest model. Science of Surveying and
Mapping, 2017,42(1):1—6.)
S RE T L% 2015—2016 4F i [E T R AR
e R I A AR AL R A IE A . R BE RR A% A% 4, 2018, 38
(6):2179—2190. (Wu K, Kang P, Yu L, et al. Pollu-
tion status and spatio-temporal variations of ozone in
China during 2015—2016. Acta Scientiae Circum-
stantiae, 2018,38(6):2179—2190.)
BB, LB 2018 4F i [ i A Hb X B Sk B G A
B I 23 4R . R A R R (SR BEA), 2021, 57(3):
460—465. (Mao M, Peng Z. Spatial and temporal
variations of ozone concentrations in the mid - east
part of China in 2018. Journal of Nanjing University
(Natural Science),2021,57(3):460—465.)
R, BRI, A R B O A K
REWZE M/ PR A5 B 2 2 2 2022 4F B 24 3
ARAE 218 SCHE (—). B8 R 2 4, 2022:
523—534.

CRAE%E TR



