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W OE: AAEFTLENNBRFEMZNELREREMNES KSR, BELT —HETERWHE
W % %5 & 3 4% @ & [ 3 (Convolutional Neural Network-Support Vector Regression, CNN-SVR) #] i
FEFIMEEA N ZFRaRETMF &, RARRATEA R EFaGHE A EFAELSK
FEFEMERINAAERBEAF AL Er KR aFREMRME, KTE FopH B HEEA 2 E
FhHEHGFalABA R REHBELRERX 2 hAEE I S EELI BB PH HTEEL.
FRAT AN B H 1X 1A 2 X 2 7 40 % AR A /1N B CNIN-SVR IR 25 AL 52 36 DL R 38 TR 7 4R M 40 A7 3
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B TR S R A A AT S  K RS A
2 a LD AR B SRR R A AR IR A
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Chl-a i F 5 HAl A= R85 T 2 (] HL AT & 24
M ARG ME OC &, W AL S8 J5 vk T Chl-a e B £ 28
AR T 5 TAERRG EE K . B E N T8 B
R JR , ke 16 22 B ML AR 2 > J7 P g FH B A AR 3R
358 DA - 5 10 S A 5T . NGUYEN S5EMETIK
BT S BORK AR R T S5 3 85080 LA T B L AR MRS A2
(Random Forest, RF) \ 3 1] & 4/l (Support Vector
Machine, SVM) | /& Hr & #2 (Gaussian Process,
GP) . & B %8 BE 4& J+ 53 1 (Extreme Gradient
Boosting, XGB) FI CatBoost(CB) 5 # i il Chl-a
WS REF B, 45 S 3 B GP A1 CB 1 Tl &5 R 4%
4f . MAIER 55T w0t s, b H RF.SVM Al
AN T #iz M 2% (Artificial Neural Networks, ANN) 3
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22 39 ANN A5S80I A8 SR 40

T SR EAR G AL I S 25 A 0 T D K
WAL 7 — R R AR S A B . ZHANGER I T
Fli 3t T2 At Landsat8 S2 4580 , T 1 B R
Chl-a ¥ B2 (1% A0 5 ¥ 43 A, I F 1 SVM B33 $50
Chl-a¥& iz , [Rlif 73 Afr 1255 PR 3 AN [l ik
M 7 S0P AE TR P BE ()52 . JIN SR04 F A L 28
M 2% (Convolutional Neural Network, CNN) & 7 i
TR LI A A K B R (AN A LA R
75 W EE ) B ds Aok 8 ) iR R s i K AL R
AN L) 5 Chl-a ¥k i Z 1] (14 R EOC RABERY, & B
fif A5 ML XF Chl-a iy 1500 52 i £ K . APTOULA
ZEUSEL T Y £ Sentinel-2 T3 A2 545 B di L F1 I CNN
] ] A5 7Y Sz 38 Chl-a e B A5 78BS T A Y
T AR o XIA ZERIXE L 43 #1175 F SVM i £
R/ = R SV B S R VA £ 3= R Y (s [
HL (Particle Swarm Optimization - Support Vector
Machine, PSO-SVM) . A T 84 FEA3 5 e Ak S 4 ) o
#L (Artificial Bee Colony- Support Vector Machine,
ABC-SVM) Aii 4% 5 5k i AL 3285 1 4L (Cuckoo
Search- Support Vector Machine, CS-SVM) Fl K Ji
Pk A 53kl Ak S Rk ) 5= AL (Grey Wolf Optimizer-
Support Vector Machine, GWO-SVM) 7£ Chl-a ¥ J&
T A K 5 SR A ARG S R RO A
g A Z K S A T IO, 5 SR L B pH L EVAL
SV U R PR ASE R e SRR o A SRR
TR PR K A0 TR SO 5 B0 07 4 R e S S AR
AR 2y — AR T BSR4 &
% 5 ) & [ )9 (Convolutional Neural Network-
Support Vector Regression, CNN-SVR) % 2% i Chl-a
T T AR

1 HAEFE R
1.1 XEiEEIMEFE

| VR VA TR [ LR (Y 2 P R B B R U
SRR IR 31 m, R AL R 140 mo VARV R HUE L
BOFZE, SR PEAC 10 AR B AR . B AR TY SR
556 km, Bt 245870 km , XK K 44 m, L2 H
38 J7 -7 s B HE T B U T CURAT L S LV R
SRS S WD A 1 il 1 P I 1 AN R A

VR T [ b A e 5t A AR D 0B K IR B R L S HK
18 m, IR AL H 83 mUS, USR4S| R I
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WFFE XAk 28 KUK, T 32 WU HLAT B 2 1 28
WPERRAE . B ZRREAT /R EE R R, B T R R
TTan & . H RSS2 BIWF & S R 2R W52 5 4
ZERIVEAC AR 3 R iR . KARTE IR IR (W 1
KB IR A K T e — o Y N A
PEFN X IR . 2R TR, K ah 461455
NG E IR A E S, TR A K A
&, Chl-a # FE AR 5, 31X 55 2 I X 35 (R M
BF ()RR AR G 5 A 2RI BE AR, K Bl T S5 A0, T Ui
Y HEAriG 3559, Chl-a Wk FE AR XT AL . s B,
I VTR T R B A Chl-a Mk R S, B R IX
BAK

12 HRUFEEHARCHE

1.2.1 HY-1C/HY-2B 12 %

TREPE K 80 55 T3 AL AT DL S B R A5 P8 b K-
TR R ISR Y BV SR ERIRE
Chl-a ¥ B2 55 %04 o 8 7F—'5 C(HY-1C) K LA
& # T 34 AR B A« T T K A KR 13 X
(Chinese Ocean Color and Temperature Scanner,
COCTS) . ¥ /47 1l 141X ( Coastal Zone Imager,CZI)
FIEE S 44 (Ultraviolet Imager, UVI) ., 4 32 fd
) 72 2019 4 5 J1 —2022 4 7 J1 COCTS WLl 1) A
PR EAE . COCTS #ifif fE f% 5 BE B K — I 42
BRAL RGP AU HERALT 1100 m, S 4 iR FE K T
2 900 km,

T B0 ) P TR 32 P T W D A
IRBE, ARAT G045 v 10 X 37 IR T T R RV TR
J¥ AR Z R TE S I N S A, B F 8 s s
RIS T A, B R R RS B A E BURe Oy DL A
KAge AR BRI ERMEE Ty . PRI AL
IR SR R Y B NN S A IR N =Kl € & ]
SEPT ROERR S T A SO TR = 2019 4E 5 ] —
2022 4E 7 A5 B(HY-2B) T2 fil il i3+ 0
W UK & 3 8 . R BB it 1~2 d Y
TE 42 BRI 2 55 AN /N T 90% , b T S5 B AR AE
25 km, XA R 2 mis, XU AR JEE Ry 20°



44 FIGEETAF  HET CNN-SVR [9 44 f) B ) 00T 5 i el ¢ 3% @ o B il 79

1.2.2 SEMA: K B s

AR SCfd 02 2019 4E 5 J] —20224E 7 A IR
AR A B . Bk A A 4R
BB (3H .5 H .81 .10 H) Mtk i 4 , & 2y [l
Ry B AT R R, — A 1 575 AN (WL 1) .
AT AH FH R 2 7K SCR G E0 T K R B , KR
IR v TG PR IR £ IS MR RERR L AR AL
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1.3 HiEmLLE

1.3.1 SHE R A B
JE U B30 o A7 AE — BB AN 5 3 Rl 25 1) 58, A
T L7647 580 990 4k PR TR0 o AL 0 B L
FHER AR , i3t B 2 6 00 Jot dat , DR B B8 T B TR
PUATERCEREER . SR E R 5B R F 3o HEN ;
P(|x - p|) >30 <0.003 (1)
S x s I 2L 2R AR B 5 o 53 ) R B I 22 8
{EL 5 MR L AR 43 A 8 S X B [(w-30) , (u+30) AT 5

TS H 5 0.3%), LIS (AT,

HY T S A B R (AR B A R
() FE A5 /0N | A SC B e 0 B3 S D0 A 285 K o 54 v 1)
SEEAEABIAL , 2o Ab P B S A 25K B
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E— S S BE . SRR R, AR
#1085 %%, HEEIEBKFRERKEZMEA
FTPERFIE , DR ek B 4R A3 i 2, BP LS 1 .8 T i
YA Z A SRS, L L 10 A .3 H ik
AR A RK A B I 4 <
1.3.3 AR

AR SR Bz 2R i (Pearson) J7 5 43 BT WF 8 1X 3
A FI B 15 7 2 AR A WY Chi-a e i 5 R85 50 /)
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Fig.1 Distribution map of ocean ecological monitoring stations in shandong coastal area



80 i

D= TR 4 41%

lXX:z(X_X)Z (3)

S X AREAHR S B X R AR .
Y B2 TR
ly=S(Y -V (4)

A YR REA S AR 5 Y RS (.
X 5 Y[Rl B 22 FURR -
Ly =D(X-X)(Y-Y) (5)
1E B E MR I, RV 5C RBUH p 2R s FEAR
MR BB r £om o BB p=0 B TR, p=0 JyAHK,
i 2 .2 P /KPR 0=0.05.
Chl-a 5K R EFRFRER ML) S E R
(A RE ST 235 TR DL LR 2 B9 X5k A 5 I 40
Chl-a 5 W iR +h A 2 B EA X (W3R 1), Hil
3l 7 0.05 S 2 P KKK B ; BK A I Chl-a 5 B VA
B REME, Hilat T 0.05 B E KGR B
X 3, B % 5 i 1 Chl-a 5 Wil iR £ - %0 5 2 35 15 A
O, KL IR A R R AL AR AR AL kR AR
USRI 1 0.05 i PR 5 BRAC I 9
H TR . BT RKZ Y Chl-afy
B 2R SCPE (L3R 2) , 7K 5T IR 1 pH 5 A 4 R
&5 Chl-a Ml e M4 55 . — e, pH Z i K CO,
TR bR TR T B S XK CO,
s AN, IR TR AT ML I AL o3 it 23 3 i
IK CO, 1 5 [ A8 AL, JE T 5 Wi g 7K pH A8 4k, 2 A
TREAR 0 RN /K VR ZE R e ) 3 2 W 3 P . &
RN WAL . WA EERIE T R EA
PRV AT A 0 O G A TR TR0 Wi 5 4, A i

#®1 Chl-aGKREZRMEXM
Tab.1 Correlation between water quality elements and
chlorophylls a

W8 X3 A W% X 18, B
IR
FEBH RKAHT FEBH RKAHT

pH 0.104 0.009 0.120 0.018
KR 0.222° 0.059 0.215° -0.021
peag iz 0.033 0.011 0.025 0.019
i -0.056 0.028 0.045 0.017
B 0.254* 0.139 0.217° 0.168

1 RIRTE 0.05 I AKCE i,

®2 Chl-a5ERBEZMAEHNNERMEXMYE
Tab.2 Correlation between chlorophylls a elements of
nutrient salt and environmental dynamics

S W5z X A W52 X3 B
AERHY BAEHE FEE BT

WAEfE-% 0.6647 0.369" 0.646" 0.234"
kMR ER 0.550" 0.434° 0.335° -0.042
THER AR -4 0.579" 0.425° 0.463° 0.253
HA 0.232 0.029 0.225 0.095
B 0.485" 0.550" 0.423" 0.309"
JuX i 0.046 0.053 0.384 -0.028
[divEN 0.034 -0.301 0.330 -0.104
A 0.059 0.036 -0.124 0.007
JAA) 0.065 -0.032 -0.027 0.012

T FRTE 0.05 K iR

WA 5 A AL Joi ) 4 o e A T 45 2 TR RE 1 i
AP, NI, #E pH AR R N RN B
2% , I 2 ik AR FFE sk 3 FfK 5 [A 5~ 5 Chl-a
PSRN i3S ISE ST B NN TTRILUEY € e
PEBIF ST DX I A FI B AE P4 B0 A DGR 11 64
DR AL

2 R
2.1 CNN-SVR#ERIZH

AL CNN-SVR #ERU 254 UL 2, i A 0H0 £
FEAK U BT A A RERRER RS AUSE R
b Chl-a%itdls . CNN I THFAESR I, AT D4 & e Y
) TN A A 58 3 SVR TR BS T , 3 FH /NP A
BRI, R AR R BRI SR . BRI &
K 2% 4 A JZ 4 #H1)Z (2 Dimension Convolution
Layer, Conv2D) .k )= (Max Pooling) Fl 4x % )2
(Full Connection) £H A% , #% J2 # £ JT 2 [a] 38 o AU
A BRRE FE TR RE B PE G Ak 28
N R E DR R R A RUEE s &
B 2PN RS I IR AR 2

SRR 1) o A A R B T S TR ) R )
ZRAR G AR MR Wb R A B AL Ry i 4R S
] o AR R AE o 2 1) o s ) B 2Rk pR g LB
A, LUIT A REAR S bRy IR 2 R BRI 25 5 B
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K12 CNN-SVRHiAILEH
Fig.2 Structure of CNN-SVR

DR i i f /M SR SR B
SRR IR A A 2O
f(x)=wd(x)+b (6)
A = 1,2, o, 1, DR RRAS B s x O B A ) 5 5 00,
NRLEE [V 5 b S il 5 b, ()2 i AN 1) 2 x IS )
o YRR IR 25 () )RR AR [ 5 o SfR o] [ DR AR
I e -

PREHIZHL

min

bt E 2||w|| +cz(§+-§) (7)

((wew,) +b)—y,<e+&,i=1,-+1
s.t yi—((w-xi+b)<a+§i,i=1,-‘-,1 (8)
£20,6 20,i=1,-1
g g R AR R C R IE WL S E, F TRk
BB G, CAE BN WY A R TR, 12 fb BE
JIE58 ; e AR RELSHL
RGN -

y=f(x)=2(&1*
Rorbea, Ma, NPk H 280k R %
2.2 FEELIILIE

CNN-SVR #RIHA i - 245

OSBRI BB W45 AR 2 A A
Bk [ E /N BUE 0.1, DL 545 1E 42 1k T
(Rectified Linear Unit, ReLU ) s 7531 2540 A gy H1
R AR R RO

@M L8 A5 A5 328 T A% 46 5 R A5 4K . 1
Tia] A543 43l PR A 4 PR R A7 I ASCR AT, I g
BB G WA RIS R R AR R AR
FHARE T BB LI TR AL, DLt/ MR pR B B BR
AT Z WA VS BAE MG . HE, 4%

—a)k(x,x)+b (9)

F2)Z 00 AR R AR LA ) R A

@SVR BRI & 5 . 3 WAL R ECh
YY) o3 A B BEAIL/INER , 4% 2 1k A% R K5, s Bl
ik ARSI R T

23 BETFHBRMESH

AR SCA A FH BAA i A AR R A R R B 2 3 Y
N ZRES A | DA T 4 i A o X 5 78 300
SRR RS SRR R T4 A % CNN-SVR
TR e | PP AT T ) A M 0 Chl-a kB2 T
DA FRY f5 S ] PR 7

K3 DT U il

Fig.3 Sensitivity analysis of single element
24 REPRITM

SRy it DRASE AR B A b 355 1 S B 0 B9 , AR SR
FRARLAFR R P T B TR 1 R, T EE G4
% 2 (Mean Square Error, MSE) il 3k & % %
(Coefficient of Determination, R?) . MSE 7 it () J&
R T (&5 Chl-a v B2 52 I AE 22 18] 9 0 22 , 1T

PEAL CNIN-SVR AU T () v A 14 o R A7 ot 1Y) 2 7
WMES A E AT .
MSE i1 0h -
2( yi—¥)’
f= (10)
K= 1,2, ,n, n AWEEAREGE ; y, & Chl-a ik 5L
DR ; 3, AT T
PesE RBATE AN
NEEEIE
fly)="At——— (11)
z(y -y)?
A =1,2, -.n, n ALy, & Chl-alk JE H

SfH ;y%%i’aﬁ 37 e AT T

3 HBASLE L &R
3.1 CNN-SVR#ZERERIGEER
PEHE Chl-a ¥ i FLA B 35 A0 O 19 A= A5 3R b
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DR P-4 B R L R 7, Chl-a e J3E A Ay 28 i 2
i R TR A KR B TR WA R £ -
RORERRER Al R k- R AL AL, 25 IR X g A AR 5
O 1085 1> A ORI 4 117 80% 1 il 254k
200 1 R IAE | IF 70 50 S AR Y | SR FH A 14 22
¢ z-score (zero-mean normalization) I — {k 4b 3

H—E AN

=2 (12)

P WA B A i s W REAR BRI 0 e
AELE A BRIEZE

il 22 90 445 365 TR (4 G /I i I 4% 5 A 4 B
RABLRGE FAR . — e, B R OR  FR1E 48
BUSUR B (A S BT B & SR E Bk oR
SR BRI UN, SR T B R N FEIE
2O EE HT B ZEFUZEC AT LA R R ERE
PR AE S ORI o ASSCHEAT T 19 ol 365 FEURZE 11 ) 45
I BB LXK 1, 205, b
oA 2X2, 8K 2, 2 03 7t s B RUZE 2 X 2,1
KN L, 0, ikt o 2 X2, 1\ s B K
Hh2,4 0370,

B HR F 0 485 2 R (LR 3) , X W 2% 45 B A% K
INR 2 X 2 I, BIF 5T X I, A kA% I 3 1 1 53 2% A
/N, MSE 7 0.144 pg/L, Il kA3t i B i e 2 2R %0
5K, R332k 0.887 F10.668 ; 75 B I 4 I k15 2%
/N, MSE 7 0.374 pg/L. FKA BT 1 pE ¥ 5 o
VA I AT e VA JASE TR A I SR A T B

WF 5% X 38k B 75 5 A 309 59 31 2R3 22 /N, MSE
0.137 pg/L, YA B Bt 2 550w K, R* 4393l
A 0.852 Fi1 0.632; Bk £ Bsf 3] At 0 3k 152 22 fc /)N , MSE
40.193 pg/L. F I I I VR Vi rh R T R v SR AR Y
T AR FRKACHT A . IS X5k B Bk A& ) 1 1) 73
28 et 22, K B BEAY R2 M 0.326, 3% 5 Rk 44 Bt )
Bl R G G, T AR — R B kAR
RIS PR A B A T R A 22

20 2% BRI g 1 X LI RS X A FR A
s 305 DI 25 2o 8 R0 0 4 2ok R 1 R® e K, 499l A 0.665
F110.513, T 28k S d3e -5 F 5% [X 3 A 5 B2 st 140 4
DB RIR 22 5 W5 DX 358 B Bk A4 IR U ) 000 45 R e 2%
Yl B AL 7R 1 R 43514 0.343 F10.206., i
5 DX AP S A5 SRR T 5T Xk B, X 5 4 U
K/INHg 2 X 2 1 (RS RS S0 28 SR — 3

[Fi] — DX A []— B 1A N, 5 BUAZ 2 X 2 (R RS 7R %
YINZRBCHE B 27 >3 OGN XA AR ) 0000 A6 36 0 S 4T
W XU FR A 2 X 2 i CNN-SVR B X {5
SRR I22 2T RE ) LB U 1 X LB W 5, o0 o v
T 12 AL RE ST SR A R s P A Y DX R A It sk
PR U2 R BOR T0F9E X B, BSOS , i i3
BT A SCIR 5 1 B8 TS 1 4 1 i 0 5 B L i
PRI

32 BETFHBRMES IR

AR SO AN AR 25 BRI IR A i (4% K
TR AR #h A EPRER AR Hh - EURLE A K

3 AEKNEFRH CNN-SVR #2757 R 31tk
Tab.3 MSE and R? of CNN-SVR models with different kernels

MSE R?
WFFEE WFgERT B CNN-SVR #7125 5
PIERIH RN A plEsuy i W
W XA A EMH HERW1X1 0.363 0.420 0.644 0.424
LR 2X2 0.154 0.374 0.862 0.650
WFoE K A kA3 HBRUZ1X1 0.353 0.884 0.665 0.513
LR 2 X2 0.144 0.856 0.887 0.668
T X3 B A5 B HERZ1X1 0.366 0.468 0.644 0.298
LBRZ2x2 0.137 0.323 0.852 0.632
WFFE X B Rk B 1X1 0.761 0.317 0.343 0.206
BRZ2X2 0.493 0.193 0.601 0.326
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K4 WFoE I A TR B 5 KA 5] CNIN-SVR AR T3 2%
Fig.4 Results predicted by CNN-SVR models during spring and summer in contrast to autumn and winter in region A

KI5 58 X 3k B #5752 5Bk iU CNIN-SV/R RS 33 25 4
Fig.5 Results predicted by CNN-SVR models during spring and summer in contrast to autumn and winter in region B

PO R R B Rt . PR/ N2 X200 TH5 MSE LAPFAL 4% DA - X A6 0 T 445 2R 645 W)
CNN-SVR BRIV Ay B GURE S Frik e i 8y, S5 RBOR (AR 4)  TERFSE IR A b, 4 52 40T il
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Tab.4 Results of sensitivity analysis of single element during spring and summer in region A
Bl WA RS- TR ER/ fitifR R - R xRS
WK KT g
(pg/L) (pg/L) (ng/L) (pg/L) (ng/L) (ug/L)
IESYSS 0.976 0.987 0.882 0.963 0.965 0.952 0.154
Wi iR 2 2.614 2.691 2.322 2.551 2.559 2.547 0.374
F5 MIRXEBAMELHEHEREFHBRESTIRIEER
Tab.5 Results of sensitivity analysis of single element during autumn and winter in region A
s = AR R - kR iR ER -5 TAIEN A AR
=S|
(ng/L) (ng/L) (ng/L) (ng/L) (ng/L) (ng/L) (pg/L)
VIERESS 0.992 0.982 0.866 0.906 0.998 0.865 0.144
iR 22 2.087 2.032 1.828 1.874 2.051 1.870 0.856

1R - &6 Chl-a ¥k B2 1% 7l 0 A A ik 25 R 5 ), 0 3K
2 /N, MSE 24 2.322 pg/L, Hik 2 M, MSE Ny
2.547 pg/L; Bk A B TR R 6 Xt Chil-a i B2 1) Tl A7
M (UL 5) , 3k % 22 B /) , MSE
1.828 pg/L, H & S A AT IR -A -
Chl-a ¥ Ji£ 1 110 52 1 £ 55 , MSE 4311 >4 2.691 pg/L
F12.087 pg/L.

R I B H, (W3 6) FRk 4 (L3 7) Bt
1RV Chl-a v B 19 T8I0 A5 i 3 04 s ) 3
R /N, MSE 4351 4 0.324 ng/L #10.311 ng/L. &
ST, R k6 Chl-a v 2 Ay Tt 5% 0 £ 55 , 0

N

I . 1

IR Z K, MSE 4 0.435 pg/L; Bk A& i 1, B i # ot
Chl-a v B i) T 52 1) 5 55 , a5 25 5/ K, MSE
0.336 ng/L. RESE K B, B T 0 B B TR R
T BB A RS B S TR ) A K T DR ) R
P b At R 55 .

[F] — DX 38 7 ] — s S0 PN, B o A2 A
AR AR 36 2 A 25 A K, X S TR M R 1Y) 5 e A
AN ARG TR AR LA BN, AT DL AR
FRISCR . WP X I A I B 7E s 30 A 4 DR 1)
IR 243 5 4 0.374 pg/L.0.856 pug/L.0.323 pg/L.,
0.193 pg/L, Y J AR g = HH i) DX sk 7] Bsf 40 Py 17 B

B

*6 FRXEBEEMPRERFHAMSMREER

Tab.6 Results of sensitivity analysis of single element during spring and summer in region B

— VA R AR~ TERRER/ iR IR LA BA BERRER/ Juxol NS
(ug/L) (ng/L) (ug/L) (ug/L) (pg/L) (ug/L) (ng/L)
Il iR 22 0.831 0.967 0.950 0.907 0.987 0.969 0.137
M 22 0.337 0.416 0.411 0.324 0.435 0.346 0.323

F7 MRXEBIMEMPREFHEESTIREER
Tab.7 Results of sensitivity analysis of single element during autumn and winter in region B

— p=3e27) LA R - TR -5/ ARl BERREL/ BAR AT
(pg/L) (pg/L) (pg/L) (ug/L) (pg/L) (ug/L) (pg/L)
YRRz 0.993 0.995 0.965 0.998 0.999 0.960 0.493
Wi 22 0.336 0.325 0.312 0.328 0.332 0.311 0.193
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DR ARRETRY R i A 2 i e g AR TP TN
FRETY Y PN R Fre

4 s
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Prediction of chlorophyll a concentration in nearshore waters of the Yellow and
Bohai Seas based on CNN-SVR networks

WANG Xiaoxia*®®, WANG Jianping™®, WANG Jiaying"®, SUN Shan"*, SU Bo"®, JIANG Huichao™®, ZHU Mingming"*
(1. Shandong Marine Resource and Environment Research Insistance, Yantai 264006, China; 2. Key Laboratory of Space Ocean Remote Sensing and
Applications, Beijing 100081, China; 3. Shandong Key Lab of Marine Ecological Restoration, Yantai 264006, China)

Abstract: A chlorophyll-a (Chl-a) concentration prediction method based on the Convolutional Neural Network-
Support Vector Regression (CNN-SVR) model is developed using satellite observations and in-situ ecological
water quality measurements in near-shore waters of the Yellow and Bohai Seas. Firstly, we use Pearson method to
establish correlation between Chl-a concentration and factors of environmental dynamics and ecological water
quality. It is found that Chl-a concentration correlates significantly with nutrient salt factors, while poorly with
water quality factors such as pH, dissolved oxygen, salinity. Then, we divide two regions, one is nearshore waters
of the southern Bohai Sea and northern Yellow Sea, and the other one is nearshore waters of the central Yellow
Sea. We also divide two periods: spring — summer and autumn — winter. We perform the CNN-SVR model
experiments with two convolutional kernel sizes, 1x1 and 2x2, as well as the single factor sensitivity analysis
experiment. The results show that the CNN-SVR network model has better learning of the training data and better
prediction of the test samples when the convolution kernel size is 2x2. The CNN-SVR network model performs
better in nearshore areas of the southern Bohai Sea and northern Yellow Sea. Compared to water quality factors,
the nutrient salt factors have larger impacts on the model's prediction ability. The sensitivity of single factor to
model's prediction ability is weak, while multiple variables exhibit complementary feature which improves the
model's prediction ability.

Key words: CNN-SVR; chlorophyll-a concentration; sensitivity analysis of single variable; ocean satellite;
ecological factors of water quality in ocean



