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Table2 Pearson correlation coefficient calculation results
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RG 0.607 8 RN 0.599 3
PPDF 0.6139 ALB 0.000 1
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Table 3 Results of the Spearman coefficient calculation

BYAR R, SHGR R,
RG 0.683 5 RN 0.638 8
PPDF 0.672 6 ALB 0.236 7
ATemp 0.484 5 RH 0.442 1
Temp 0.3550 SWC 0.086 3
WDir 0.054 5 TS 0.1345
Vapor 0.0390 APre 0.0350
WSpee 0.1836 Rain 0.034 1
0.7F

0.6 F
0.5F
0.4
0.3}
02}
0.1F

0.0

G } < ¢ e -
* @fge“f&%@ﬁﬁg}s&%ﬁ P&%Qx\%@ ‘%?3‘ Q&‘(\

E 2 Spearman #8X1ELb %

Fig.2 Comparison in the Spearman correlation

A — 5 A i 22 A ST P, BRI, 2 AH DG R B
AT DAAR Gy i X AR 5 22 0] B4 AE e vk 56 R R AT A .
FRESAROC R EBUATE [0,1] ZI8], {A24 0 FRAH L
SE, SEATCR, (HRR, Fe AR M bR .

B A G R B T 5L T E B O 25 RN

7 22, AR AR PR
AR R A A RO B R (XS 6)
a,-’j=||xl-—xj“,i,j=1,2, ------ n (5)
bij=yi=yill.ii=1,2,-- n (6)

A agj, by 78T x FIZE B y B REAR Z (A A3
B B
n AR EE x, y HEEAS RSN
X RO B R M A T R AR PR (20 7 8)
Aij=aij—aj—a;+a (7)

Bij=bi,j—bj—b_i+l_7 (8)

Ao A O AR RS AR o YRR B

a; R PR B YA P A B -S4

ai A i AT

a P EEAHR R (A

XA B R R B

THEAR 2 (8] DA S i [ B~ 37 22 (5K
9~11)



60 Marine Geology Frontiers ML T

202342 A

1 n n
2 .
dCov; (x,y) = = 4 i:EIA,-,jBi,j (9)
2 1 2
dCOVn (x) = —2Ai,j ( 10 )
n
2 1 2
dCov, (y) = = Bi; (11)
n

s Ay O AR S AR i x BB B 1A
B A RAL IS A i y BYTEEOE B
dCov2 (x,y)h 78 x 5748 y 2 18] 1% 7 th
T3 %25
dCov% (RN x H BT 2
dCovi () N7EHE y H BV I hr 2,
AR RE R A A (5 12)
dCov(x,y)

\/dCov(x)dCov(y)

i dCov (x,y) WA & x, y Z ARG 22;
dCov (x) N7 x H BT 2;
dCov(y) N m y H BRI 2%;
AR RSN 4 PR

R4 BEEEXRETESER

Table 4 Results of distance coefficient calculation
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coefficients calculation
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Fig.3 Comparison in distance correlation
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Table 7 Results of calculation error

BITRIRE XA IRZE
CNN_Modell 0.013 4 0.064 0
CNN_Model2 0.009 2 0.068 4
CNN_Model3 0.0109 0.057 4
CNN_Model4 0.005 1 0.0439
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Table 8 Comparison in prediction accuracy between CNN
model and other data driven models
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SVM 1.476 4 [35]

GNN 0.1123 [36]
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CNN_Model3 0.009 2
CNN_Model4 0.013 4
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Selection of parameters for simulation of net ecosystem carbon flux in Yancheng
coastal wetland, Jiangsu

CHEN Qi'”, SU Guohui’", WEI Helong’, YE Siyuan’, XIE Liujuan’, DING Xigui’

(1 Chinese Academy of Geological Science, Beijing 100037, China;
2 Qingdao Institute of Marine Geology, China Geological Survey, Qingdao 266237, China;
3 China University of Geosciences, Beijing 100083, China)

Abstract: The net ecosystem carbon exchange (NEE) of coastal wetland is affected by various environmental
factors. The selection of parameters is very important for estimating and modeling the NEE of coastal wetland.
How to reasonably select the input parameters affects not only the accuracy of the estimation results, but also the
applicability of the prediction model. Four correlation coefficients were used, including the Pearson correlation
coefficient, the Spearman correlation coefficient, the distance correlation coefficient, and the correlation coeffi-
cient of maximum mutual information, to calculate the correlation between various environmental factors and
NEE, according to which the best combination of input parameters was chosen. Using the measurement data of the
Yancheng salt marsh wetland in Jiangsu Province, eight parameter combinations with the highest correlation were
selected, then eight factors were input into the convolutional neural network for model training, and finally four
prediction models obtained. The root mean square error and mean absolute error were used to verify the accuracy
of the model. After calculation, the root mean square errors of the four models were 0.0134,0.0092,0.0109, 0.0051,
and the absolute errors were 0.064, 0.068, 0.0574, 0.043 9, respectively. This study shows that: 1) to model the
NEE of coastal wetland with the parameter combination based on the maximum mutual information coefficient,
the photosynthetic effective radiation, surface radiation, net radiation, photosynthetic effective radiation, soil al-
bedo, air temperature, relative humidity, surface temperature, and soil moisture content, the accuracy of the model-
ing is the best and the error is the smallest. 2) Among 15 parameters used, the net photosynthetic effective radi-
ation, net radiation, surface radiation, and NEE are strongly correlated in the four correlation coefficients, which
showed that radiation parameter had a greater impact on wetland carbon cycle than other parameters. 3) Relation-
ship between each parameter and NEE included both linear and nonlinear relationships. The conventional single
linear analysis method cannot completely and accurately reflect the response relationship between each environ-
mental parameter and NEE. In the future works, we shall not only study the linear relationship among variables
but also pay more attention to the nonlinear mutual relationship. 4) The accuracy of the coastal wetland NEE pre-
diction model based on convolutional neural network was better than other similar models’, which shows that the
model is applicate in NEE prediction modeling. This study provided a reference for NEE prediction modeling and
analysis of coastal wetland in the future.

Key words: convolutional neural network; correlation coefficient; coastal wetland; NEE
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