® 425 F 24 81/2022 £ 12 B/RFEFER

K EHRIK

CNN-SVR HF MAX-DOAS Fii fill 4} i )2 NO, Bt &

Bl HEY, WEEYY, FR, T ARV, RREL B ITA
BRI TR A 5 (5 SR TR ST B % RO 5 LR 5 AR 2005 . 22 AT 230601
o B2 5 2 OGS BB IR BOL 22 5 A 9010, 4 230031
S R4 B X B USRS B AR IR WA B 1] 361021,

S B £ R AR FRBERLE 1  ER2EBE  KA I 230026

TE W — R I T B 4 45 (CNN) A S 45 1) 5 mHE BL(SVR) 1) 22l 22 43 6 S O 3 (MAX-DOAS) X i )2
NO, 3 B 2045 B 75 3% o 85 2019 4F 5 5T il 15 R 45 19 JRL i MAX-DOAS %48 18 1 QDOAS # 4F 44 3R B O, Il NO, 25 43 4
e B, 45 A 3 F e U0 3 1A AV I IR AR S 48 R T B T ——PriAM B35 S T X E NOLJE LR, 6 AR S i
BRI i o A T e S B B (R AT T AR B Ay AR R A R B L B T MAX-DOAS B R R IR R
FE R 2= 8 58 R A AT 0 S R iy AR o 3k S 0 00 Tk IR 4% 48 by 2 0, e 24 I S N B Y AE K 4R 5 PriAM Y Sy
B R 2N 9. 140, 5Bl & 37 1) CNN L SVR R ) (& G B RUAH 1L, -3 H 4 L iR 22 3 0 BE AR T 8. 22% .6.00%
32.28% . H I, CNN-SVR AEMH H MAX-DOAS 4 %) % 7 B NO, ER £ #E 174 2 i,

FEIE RAOEY; BRI, LR ERIENL; 2822006 XHRZE NO, L

RESFES TP301 NEIRERS A DOI: 10.3788/A08202242.2401001
Prediction of Tropospheric NO, Profile Using CNN-SVR-Based
MAX-DOAS

Pan Yifeng', Tian Xin'?, Xie Pinhua***, Li Ang’, Xu Jin’, Ren Bo™, Huang Xiaohui',
Tian Wei', Wang Zijie'
‘Information Materials and Intelligent Sensing Laboratory of Anhui Province, Institutes of Physical Science and
Information Technology, Anhui University, Hefei 230601, Anhui, China;
*Key Laboratory of Environmental Optics and Technology, Anhui Institute of Optics and Fine Mechanics,
Chinese Academy of Sciences, Hefeir 230031, Anhut, China;
‘CAS Center for Excellence in Regional Atmospheric Environment, Xiamen 361021, Fujian, China;
'School of Environmental Science and Optoelectronic Technology, University of Science and Technology of China,
Hefei 230026, Anhui, China

Abstract This study proposes a method based on a convolutional neural network (CNN) and support vector regression
machine (SVR) for predicting the vertical distribution of NO, in the troposphere by multi-axis differential optical absorption
spectroscopy (MAX-DOAS) technology. Taking the Nanjing site as an example, we obtain the O, and NO, differential
slant column density (dSCD) according to the raw MAX-DOAS data collected by QDOAS fitting in 2019, invert the
tropospheric NO, profile by combining the optimal estimation-based aerosol and trace gas profile inversion algorithm —
PriAM, and use the profile as the output of the prediction model. In addition, the input variables of the prediction model
are selected by the mean impact value method, with MAX-DOAS data, temperature, aerosol optical thickness, and low
cloud coverage finally identified as the optimal input variables for the model. Furthermore, the network structure and
parameters are optimized through experiments, and the average percentage error of the final CNN-SVR prediction model
in the test set with PriAM is only 9.14%, which is 8.22%, 6.00%, and 32.28% lower than that of the separately
constructed CNN, SVR, and backpropagation models, respectively. Therefore, CNN-SVR can effectively predict
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tropospheric NO, profiles by using MAX-DOAS data.

% 42% F 24 H1/2022 £ 12 B/RFFR

Key words atmospheric optics; convolutional neural network; support vector regression machine; multi-axis differential

absorption spectroscopy; tropospheric NO, profile

1 51 5

A 21t Dok B A ANt & 4 0 i i &
&)L R s S AR T B ok, 83 LNO, R
F WA E ALY (NO,) 1E KA iy v B i 25 42 74, i 453
] 1 11 6006 Ak 27 35 e K 58 35 e Ta) B 25 7R
b, B s 48 23 S R B, SR BUE R A s R 2E T B
P il 25 A5 G B O BUOR AR NOL I 25 [R5 B R
T R A R LR

20 2%y e W SOG T (MAX-DOAS) 4 R & —
Tl )™ 2 Aufi P 4 28 3000 6 A, AT L[] s SO0 22 b R R T e
B, e — R B AT kb R BUOR 5 e W) 3 B A7 Y
JE B AERR R NO, . SO, HCHO %5 I it SR FI S,
I B R R Ty AR B T B R Y B B
I MAX-DOAS $ R AFHUR i AR 10 FLEHET
P 2 S Tk R A R B A Bk X s T ik
HRAFAE — 22 1 Ja B - SR Al TR AR T e 0 3 4,
T ek R P T AR Y A S A SRR R — R S Uk BT
D5 ¥k ISR 45 2 0 40 T LU A9 R 2R 1 R RS S 0 L
Fb RIS, 25 8] 43 B[R] B 3k 19 e 6 28 S 3
T R R AR S AL B AR (RT M) SR A5 480K 14 1%
BEAR XA o B R AT 2 1 AL A 22 2 LR AT DUAR
T b R e B 26 S T8 T B XA i HILRR S 2T vk e
1ok o T 5 (14 0 T A B R 4% o 0 B 1k 1) 7 D e 7t

S N B R RO B O &R, L MAX-

DOAS Tl i i J2 NO, #3158 2R, DA T ik 2 55 55 4%
i A R ASEUL 1) R, S B BR R Lo A 1 T A T

L B 22 ) 45 (CNIN) A1 SZ £ 1) & B IHHL(SVR)
JEHT B ML g o S BT B AR G SRS B T 1
. Baic A sk CNN W 8 3T 21 40 56 15 40 46 7E
A7 00 A 432, 38 BUAS A AR A RS Xt S AR i 5
B CNN B B MAX-DOAS %45 & I rp #1244 7 58 45
T SAEGR 4 W 45 A H, CNIN EL AT B 58 1Y
ARLRE 1, 7T L 42 MAX-DOAS ¥t ¥ b 42 B f
S0 I A U L 5 2 0 R RO Y P9 R 45+ LA i
PEAT HM . Malmgren-Hansen 25" B R A 4 7 1
CNN M TAST #3048 b e 38 KRR, IR EE B 1
I 24 52 JONT 22 A 58 B T . SCHE ) s ALAR 25 A oA
ORI/ BOE B P AF G SR 58 A i H 45
U0 (] A8, AR SCE T K T MAX-DOAS W8 44 |
&ty —F CNN-SVR IR G B A, I F1) F] 324858 B0 % it
JZ NO, £k #E47 #ml , F) F CNN Fil SVR 53 & 37 %
MAX-DOAS %4 #1588 55 o A B 6 i
J2 NO, JFE 2 A8 A i B0 10 B R, 52 B0 6 335 20
SGR E  ARERY  wE RE A5 3 — 4% o 6 100 X I 2 B
SAORENE

2 SLEHUE S R R B

2.1 HARHERE

FH T 2455 09 5040 ok B 2019 48 h B B} 22 B 2 O
k5 BT 5T B (ATOFM) £ B 50 i £ (32°7'12"N,
118°57'36"E) Il 15 ) MAX-DOAS £ Il f 5t 3% 5 ¥ .
ALES 7 57 £ R 310°CELRE IE AL 7 1) 2k 0°) |, 0] 2 400 3 st
PLILAS M BE S — 4, 43 5ok 1°.2°.3°.4°.5°.6°.8°.10°,
15°.30°.90%, 5224 1 17 51 1 i R B8 AR AR 52 56 1
N BCHE A A A A R W R AT R R B
20, 150 B A B

B ok A MAX-DOAS i J 89 6 1% X 2
Maya2000 Pro. % Jt #% A 09 B K & Bl i 290~
420 nm, Xf K 2068 % il i , J6 i o HE R R 0.4~
0.7 nm. KGO ACE T R4 b, IF 8 5
20 °C"™ L AR B 5T Al f /N o kA # T I ) Ot
TES R QDOAS (V2. 111) B fF #E 47 56 1% 2 38, NO,
J T 1 9% K0 B R 330~375 nm, X R Y O 1S B
T 613~1297 550 A 5250 1 i A B A 4 B B
2 I AV A A 12 38 T R L B B

SRR CRE B XK X NO, i ¥ &
AEEERWY B REHIEE(AOD) [k = 5%
AL 23 5 ) B T S5 A0 A B 0 SO IR RN B AR B R R
=R PriAM B % 2 38 X i 2 NO, B 28 1Y 25
SO PR o ST T AR Y B K S 4 S AR N
BN B HE AT RORE Ay BT, oK i Bt ORI T
AOD ik = 78 35 2 19 B0 5k 17 RO rf 399 K i o
A KA W AR 5 (CAMS) M 3 (https://ads.
atmosphere. copernicus. eu) . H Il & A K i b 5% iiF B
CAMS fiiill 5 AOD 1y #E#f E , H CAMS #H X} T 3¢ [
FALR (NASA) IF & 1) MERRA-2 Fi i 714 o [ 45 75 i
X ) AOD HERfPEA A2 KA FE T RUm  RGE R
BE A R Y B BE ok A 4 Bk R RUKS ME TR
(https://www. wunderground. com/history/daily/cn/
nanjing/ZSNJ) .

iy RO R R T MAX-DOAS 5 48 I 3 55 1%
PriAM J 18 i) NO,JE R, RS BUR R W E -

1) NO, fl O, 2= 47 B e B (dSCD) iy 3R B, 3k
T Lambert-Beer & £, #] F§ DOAS 8 1 [ i NO, F1 O,
B dSCD o — A4~ 1 5 47 25 FF 4 A9 K T00 % 335 1 S 5% 3R
KBS 260, DL 25 B K BH e BROR 2% 25 0 B 3 2
e, A QDOAS A [ 8 NO, it 2k (1) e & A 52
5 1E 1Y 330~375 nm UK B {2 R H A R X
HRU TR T A AR o R

2)NO, BR £k 19 [ i . PriAM 8 3k 2 i AIOFM
MPIC ( 5 52 #ir - 38 B 52 4k 24 BiF 52 7 ) 3 [R) F 4 1) 3 1
A 2P S U0 A T 1 IR e A R A I e T J R 2P

2401001-2



=42 3% $ 24 81/2022 £ 12 B/R¥EEHR

WA, W B — i B i MAX-DOAS J 3 19 O,
dSCD i A PriAM, DA J 8 A% BB 26 . ok, FILH
PriAM IR R B8 4R S 8 50 3% 0 00 T i 4 MR it
SR ASCD iy A BlZ b 22 R B Rk
BLRRER

B g 2l U s B 2203 QDOAS #14 fil PriAM
VR R 2 5 A5 BRI R NOL R Bde . % e 5] RS
PR 26 PriAM 832 B2 38 6 9 )2 N O, R 1 52 i, 51 B
T3 AU 3 2 N O BRZR B o 39 I 3 358 4
Bt i J5 A 2 R R RR PriAM 83 345 21 Y X
T2 NO, BE 2 BHl A7 78 AR KA 15 25 1 S 48 15 (10 4K
I i A B A A rh | 25 5 ) B A A T TN AR AR ) ORG E .
X 2 NO, BRZR 1 55 BE Y5 B2 0~4 km, & FL4rFF 3R
200 m (MK — )2 2 50 m) , B NO, K iy e 7 K 3 —
JEAT 21 A M8 o MR s v A5 3] Y J 2 5 AR R XS N 1)
T TE PG T AN R R i T 4 Bk A ST T A
R0 Hornik 28 fr b, I 25 5040 4 2 08 K, o
25 ) 245 g AT LA ST R H R R B R R L TE SR T2 B RN
Ry R AT B ) B A BE B 2019 AF R o SR 4R
1) 8225 L B A N BEAS | T o 3% 52 — 4 1 WU T 45
AT DL 200 25 1 N O, Y 2515 1 AR Ak X 455 780 56 30F LA B 1%
P25 BT I RE T
2.2 HIETALE

MAX-DOAS $§ 4l J& % 22 BB i KU 2275 )&
B R | 3k 2 S HCLE A R A T e A\ B T, R X
T e O L ) AW 1 s i B | A O\ DI | ¢
(EN) P75 (WN) K (E) AR (ES) . (S) . P4 rd
(WS) V5 (W), =W & 2 Bk & fli a4
(One-Hot) % i &b BB 5 8 A7 12, D) A B0 b 3 5380 45 4F
R,

N T R TSRS BE LA R IS (A A 5T 1%
T 1 155 75 DR AT B4, 3B A el 8 T R, X A A R A
NO, J5 2 % B 15— ALt 47 WAk 2 . )3 — 1k )5 i 2
WA EI[0, 1] 2 8], 2 I3 —fk 5 i e 1, )5 — 1k
N

=2 — T )/ ( Ty — Zouin ) (1)
A R A B 5 2 R A BOHE 1 B M s 1 N
i AN BOPE By B KA

2.3 BWATENHBMES W

B F) T CNN 42 B MAX-DOAS %4 19 45 4 15
R R KGE A Y AOD K = 1
FAE R SVR W5 A S50, B A S 8000 b 3R o
TSI RS R A AT R T R AR ORI SRS B
B AR e R AT O % . B 4l FH Dombi A5
S Y R E (MIV) J7 i, % 18 319% J7 35 I B
B T, HLASHE S B i A S B0 T I A A =
AR, SO R )2 MLV 7k . % R R
mE 1S .

Fie BRI 1 s ) i B o F A ) 4 AR & ) MITV
{8 7 4 3B A MIV 2Z FE &40 1, a0 2 s .

MIV 9 28 %5 {8 R /NP T % A AR 8 X6 0 25 S

characteristic
variable +10%

model training
based on SVR
method P

¢

regression results

AL A,

v

E=A-A,
the average is the
MIV

K1 MIV Jr ik i fEAE
Fig. 1 Flow chart of MIV method

MAX-DOAS data (x,)

[/} season (x,)

wind speed (x,)

temperature ()

AOD (%)

low cloud coverage (x,)

B8 relative humidity (x,)

B3 wind direction (@) 10.8%

B2 AR AR B MIV (B &2 AL B MIV Z R
e
Fig. 2 Percentage of MIV value of different input variables in

the sum of all input variables

f4 FE M, A BT S A B B E B AR : MAX-DOAS
s (o) R (2) AOD (25) MR = B 55 R () AT
W () G () R4 () U] () o AR A MITV Y
2 Xof DA B g 19 P 40 O 0 B i A\ 7 i L6 AN )
A 2 rb LIRS 2 ) 72 Ak i e A JRE Xt L Ay B e IS
fEbRiA F o DL AR 22 (RMSE) B3 48 b5, Hoit
NN

(2)

Ay, WA sy, A T . A R AR R
RMSE W& 15 .

M 1A LUE B i AR K R F1~F5 8 RMSE
(B W08 /0N, 10 B AR 3 25 5l B XU ) (2= R A X
7 Bk P R R ) RMSE — B 7E FRAIG ; 7 1A &
F5~F8 & L G Bk = 35 % L AOD il i, A )
RMSE HI o K o M5 A AR o8 R & F5 B, A Y

2401001-3



% 42% F 24 H1/2022 £ 12 B/RFFR

#1 AR AZRIKR T RMSE 118

Tablel RMSE values under different input variable systems

System Input variable system RMSE
F1 Tis Xyy Tsy Ty Ty Ty Loy Ty 0.512
F2 Tys Tyy Xy Ty Try Ty Ty 0.487
F3 Ty XTyy Xy Ty Ty Ty 0.452
F4 Ty Xyy Xy Ty Tp 0.415
F5 Xy XTyy Xy X 0.322
F6 Xy, Tyy X5 0.401
F7 Xy, Xy 0.498
F8 T 0. 586
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Table 2 Parameter setting of CNN

Network layer Model parameter setting

Input layer 685X 11 spectral data matrix

. 64 1 X1 convolution kernels;
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-
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Table 3 Prediction results of CNN-SVR model test set under

different training set samples

Ratio of training set SMAPE /% MAPE /%
0.5 21.97 23.41
0.6 18. 11 19. 33
0.7 15.13 16. 24
0.8 11.55 12.41
0.9 8.52 9.14
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