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Fig. 1 Location of the study area
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Fig. 2 Main structure of the AlexNet model
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Fig. 3 Variation curve of accuracy
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a: H SVM; b: H RF;

c: H BPNN; d: H_AlexNet
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2.2 HXAEEIENHH ZY-1 02D BG4 Brovey Rl & 5245 AR #4326
FI AR 45 A S M SR UM I EREAS XS 45 SR EIR B JE M (R 1~8), PR R W A .

F1 ET HSVM BHEE S EEBEER

Tab.1 Vegetation classification confusion matrix based on H_SVM

AT h(%)

3l HAEKEL feisE P s HoAth, PA UA
H ALK EL 80.58 33.33 10.41 5.88 1.37 80.58 62.88
e 2.91 20.29 0.00 0.00 0.00 20.29 82.35
ISk 0.91 30.43 84.16 2.94 5.84 84.16 86.51
e 9.71 8.70 3.17 79.41 2.74 79.41 51.92
HiAth 3.88 7.25 2.26 11.76 90.41 90.41 78.57

OA 75.20

Kappa 65.52

%72 ETHRFHEHSLREEEE

Tab.2 Vegetation classification confusion matrix based on H_RF

H (%)
25 HARKE 3% P B HAth PA UA
H ALK EL 78.64 33.33 21.72 2.94 2.74 78.64 52.26
e 2.91 30.43 0.45 0.00 0.00 30.43 84.00
P 0.00 2.90 67.87 0.00 5.48 67.87 96.15
e 14.56 10.14 2.71 64.71 1.37 64.71 43.14
HiAth 3.88 23.19 7.24 32.35 90.41 90.41 58.41
OA 68.00
Kappa 57.41

%3 ET H BPNN I D LR BEM

Tab.3 Vegetation classification confusion matrix based on H_ BPNN

H (%)
25 HARKE i P B oA PA UA
HAEKEL 76.70 28.99 10.41 0.00 2.74 76.70 63.71
e 2.91 34.78 0.45 0.00 1.37 34.78 82.76
P 0.97 8.70 81.00 2.94 1.37 81.00 95.21
e 16.50 14.49 4.98 91.18 2.74 91.18 43.66
HiAth 2.91 13.04 3.17 5.88 91.78 91.78 76.14
OA 76.00
Kappa 67.54

F4 ET H AlexNet B D LB EEM

Tab. 4 Vegetation classification confusion matrix based on H_AlexNet

H 41 (%)
3l HAEKEL teisE P s HoAth, PA UA
H ALK EL 76.70 36.23 10.86 0.00 0.00 76.70 61.72
Tl 4.85 26.09 0.45 0.00 0.00 26.09 75.00
P 2.91 13.04 85.07 5.88 2.74 85.07 92.16
Ex 13.59 10.14 0.90 85.29 1.37 85.29 54.72
oA, 1.94 14.49 2.71 8.82 95.89 95.89 76.92
OA 76.80
Kappa 68.07
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Tab.5 Vegetation classification confusion matrix based on B_SVM

AT h(%)
el HARKE e P FH oA PA UA
H ALK EL 83.50 34.78 4.98 11.76 1.37 83.50 68.25
{%E3 3.88 47.83 2.26 0.00 0.00 47.83 78.57
P 5.83 435 86.88 2.94 1.37 86.88 94.58
E A 3.88 0.00 1.81 85.29 0.00 85.29 78.38
oAt 2.91 13.04 4.07 0.00 97.26 97.26 77.17
OA 82.20
Kappa 75.45
F 6 £T B RFRIEHNLREER
Tab. 6 Vegetation classification confusion matrix based on B_RF
AT h(%)
el HARKE e P L oA PA UA
H ALK EL 84.47 33.33 7.24 2.94 2.74 84.47 67.44
(L %ES 2.91 47.83 1.36 0.00 0.00 47.83 84.62
ISk 1.94 5.80 86.88 2.94 0.00 86.88 96.48
E 7.77 0.00 0.90 94.12 1.37 94.12 74.42
oAt 2.91 13.04 3.62 0.00 95.89 95.89 77.78
OA 82.80
Kappa 76.38
%7 ET B BPNN BN IEREBEM
Tab.7 Vegetation classification confusion matrix based on B_BPNN
AT h(%)
el HARKE e P L oA PA UA
H ALK EL 85.44 34.78 2.71 5.88 1.37 85.44 72.73
e 0.97 52.17 1.36 0.00 0.00 52.17 90.00
P 6.80 7.25 94.12 2.94 4.11 94.12 92.86
E 5.83 0.00 0.45 91.18 2.74 91.18 77.50
oAt 0.97 5.80 1.36 0.00 91.78 91.78 89.33
OA 86.00
Kappa 80.39
%8 ET B AlexNet BB 4 2B B5E M
Tab. 8 Vegetation classification confusion matrix based on B_AlexNet
H AT h(%)
el HARKE e P L oA PA UA
H ALK EL 85.44 4.90 1.81 14.71 2.74 85.44 87.13
{%E3 8.74 90.65 0.90 0.00 4.11 90.65 82.50
ISk 5.83 4.45 95.93 0.00 0.00 95.93 96.80
E X 0.00 0.00 1.36 85.29 1.37 85.29 87.88
oAt 0.00 0.00 0.00 0.00 91.78 91.78 100.00
OA 92.40
Kappa 89.42

Marine Sciences / Vol. 47, No. 7 /2023



it

M 1~4 ATLIE H: FTF ZY-1 02D Etigk g
() DO AR 3 SN FE e 102 H_AlexNet, SRR
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M, BRKER ST 8.80%, Kappa R &
10.66%, 7RG TR, 5 H_BPNN AL, &
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RS2 X B35 19 2 RRIOR AR AR 22, EZ o0 B ALK
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G 25, PORPRE R o RS BE BT R T 4r
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Kappa REH 89.42%, #Lt H_AlexNet A9 E 40K &
1 15.60%, Kappa R85 21.35%; B_SVM H Bk
K5 Bk 82.20%, Kappa REHN 75.45%, HHk H_SVM
B ARG B 5 7.00%, Kappa RA(HE R 9.93%; B_RF
() ARG Bl 82.80%, Kappa ZEUH 76.38%, HHIL
H_RF B B AR B 5 14.80%, Kappa 2503 5 18.97%;
B BPNN () B K45 Bl 86.00%, Kappa N
80.39%, AL H BPNN {9 5 40K5 & 5 10.00%, Kappa
ZAER T 12.85%, B_AlexNet /%35 . HALKHE |
B 32 0 5 5 ) R USSR A B Al o 43 2 5
A AR K BE (R T, A SO > T AR, DU R
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HAE KR SRR R A AR AR, O B 1 X T X
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G IR, SR S B ARAE (25 35 R0 B AR K B
DX ACRAT B T, i) 43 2 25 AL 00 iy S50 o
V¥, {H2& B_SVM. B_RF fl B_BPNN 2 E1E4r 2%
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SERUE 23 N BLEE I AR B4, T B_AelxNet A] LA
W26 B2 Rt Ak 2 $2 IR 1) Jg 3R R i A o 4 3 42 2
HATHES, BRI ER R %, BT
Brovey fill & 52 AR DU S0 00 50 B0 2 S 45 SR A
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Fi 4 B 25 1 Rl 52 15 10 2 (B A1 FRRAE RO 3
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FW o EROER, ARRIT &S B R A
D b A I P R AR Ay ] A

BRWFF R T RS S AlexNet %AV
TR AR B EWF Y, 2 kRl A+ AR Brovey 5%
G EE 8, BT Brovey e iRl & H AR S 2P B R
i, FETEJGHE 5 a8 (Al e B ] 8, ok vl LA JECR

8 WEPERLA 12023 4 /5 47 & /5 7 1)



PR B ik S 2 M A AR 5

Wit -

EEINIC RSy S Sey 2

BB, JFBCE A TR 2 ) MR, g —
Fi e R IR U Vb R AR S0 SR

& 3CHk:

[1]

gk . N b A T SR A S ST R SR (0], RO B
5%, 2019, 32(3): 49-54.

ZHANG Qiang. Research progress in wetland vegeta-
tion classification by remote sensing[J]. World Forestry
Research, 2019, 32(3): 49-54.

CHRISTOPHER A G, MICHAEL J O, JAMES B G, et al.
Macroclimatic change expectesd to transform coastal wet-
land ecosystems this century[J]. Nature Climate Change,
2017(7): 142-147.

MATTHEW L K, MEGONIGAL J P. Tidal wetland
stability in the face of human impacts and sea-level
rise[J]. NATUREN, 2013(504): 53-60.

WANG J, LIU Z J, YU H Y, et al. Mapping spartina
alterniflora biomass using LiDAR and hyperspectral
data[J]. Remote Sensing, 2017, 9(6): 589-601.

Wi dn, XUPRdE, Waafh, 5. AT GF-2 VLR
b 8 SR BE 27 2] 3 AT D). KT o 5 'ﬁ
%, 2021, 30(7): 1659-1669.

YOU Peipei, LIU Zhenbo, XIE Jiawei, et al. Research on
deep learning algorithm remote sensing classification of
Jiangsu coastal wetlands based on GF-2 image[J]. Re-
sources and Environment in the Yangtze Basin, 2021,
30(7): 1659-1669.

5z, WlgdE, B3I, BT ICA 5 SVM Bk Rt
TR BGE R R, il 56154, 2010, 30(10):
2724-2728.

LIANG Liang, YANG Minhua, LI Yingfang. Hyperspec-

tral remote sensing image classification based on ICA

and SVM algorithm[J]. Spectroscopy and Spectral

Analysis, 2010, 30(10): 2724-2728.

RS PH, RS, BhBE, 5. 4506 ERHE S 7 5

U-Net BRGS0 26 0], 1 E KGRI A4R, 2021,

26(8): 1994-2008.

CHENG Songyang, XIONG Yujie, YAO Yao, et al. Hy-

perspectral image classification using an inverted feature

pyramid network with U-Net[J]. Journal of Image and

Graphics, 2021, 26(8): 1994-2008.

%%% 8L, HRE, & W5 02D TR
555 22 0 A S T Y N b 43 S O (D] K T

7F35, 2020, 29(6): 162-168.

SUN Weiwei, REN Kai, XIAO Chenchao, et al. Classi-

fication of coastal wetlands based on hyperspectral and

multispectral fusion data of ZY-1 02D satellite[J].

Spacecraft Engineering, 2020, 29(6): 162-168.

SUN W W, LIU K, REN G B, et al. A simple and effective

[10]

[11]

[12] X

[13]

[14]

[15]

[16]

[17]

H@A RTICLE

spectral-spatial method for mapping large-scale coastal
wetlands using China ZY-1 02D satellite hyperspectral
images[J]. International Journal of Applied Earth Obser-
vations and Geoinformation, 2021, 104: 1-9.
BE/NTF, RIEZE. ST REALARAR 72 7 i 1 22 1 gk
B B Y bR ORG A 43 2 (0], W4 5 A ) A
2018, 41(8): 113-116.
CUI Xiaofang, LIU Zhengjun. Wetland vegetation clas-
sification based on object-based classification method
and multi-source remote sensing images[J]. Geomatics &
Spatial Information Technology, 2018, 41(8): 113-116.
#h, MOk, BUAE, AF. BRA REULF A SAR 1R
E’J TRV T 2D bR 5 A K e SRR I 7], R T
2F4), 2020, 39(2): 107-117.
DONG Di, ZENG Jisheng, WEI Zheng, et al. Integrat-
ing spaceborne optical and SAR imagery for monitor-
ing mangroves and spartina alterniflora in Zhangjiang
Estuary[J]. Journal of Tropical Oceanography, 2020,
39(2): 107-117.

XUHGE, ZZIAk, VB, 5. 3T Sentinel-2 1)
Jr 51 R4 0 A0 R AT 100 8 3R 05 T R M AB B 00 2 [0
HAAR, 2021, 76(7): 1680-1692.

LIU Ruiqing, LI Jialin, SUN Chao, et al. Classification
of Yancheng coastal wetland vegetation based on vege-

SRR [A]

tation phenological characteristics derived from Senti-
nel-2 time-series[J].
76(7): 1680-1692.
fif 38, e, kAR, 4. AT GA-BP W%I_J%E’JII*’
17 13 bl B 5 R BA TS (0] EERSE, 2020,
44(12): 44-53.

HE Shuang, LU Xia, ZHANG Sen, et al. Research on
classification algorithm of wetland land cover in the

Acta Geographica Sinica, 2021,

Linhong Estuary, Jiangsu Province[J]. Marine Sciences,
2020, 44(12): 44-53.

BAO Y H, REN J B. Wetland landscape classification
based on the BP neural network in DaLinor Lake area[J].
Procedia Environmental Sciences, 2011, (10): 2360-2366.
MR, BRYERT, £ . BT BP MM ETM+
T BRI 1 Eh OB I F AR IR MR B o 0], R
#Z, 2013, 33(23): 7496-7504.

XIAO Jincheng, OU Weixin, FU Haiyue. Classification
of coastal natural wetland cover in Yancheng based on
BP neural network and ETM+ remote sensing data[J].
Acta Ecologica Sinica, 2013, 33(23): 7496-7504.
ALEX K, ILYA S, GEOFFREY E H. ImageNet classi-
fication with deep convolutional neural networks[J].
Communications of the ACM, 2017, 6(60): 84-90.

GE Y, JIANG S L, XU Q Y. Exploiting representations
from pre-trained convolutional neural networks for high-
resolution remote sensing image retrieval[J]. Multimedia
Tools and Applications, 2018, (77): 17489- 17515.

Marine Sciences / Vol. 47, No. 7 /2023 9



[18]

[19]

[20] =

[21]

[22]

(23]

[24]

[25]

10

Wit -

ST, SRR, XwErh, 4. LT IREA S AlexNet
E’J@D@?ﬂ%{iﬂz%%*ﬁa\ ﬁ—fa"ﬁﬁft[J] o BRAE Rk
272242, 2017, 19(11): 1530-1537.
DANG Yu, ZHANG Jixian, DENG Kazhong, et al.
Study on the evaluation of land cover classification us-
ing remote sensing images based on AlexNet[J].Journal
of Geo-Information Science, 2017, 19(11): 1530-1537.
DIOLINE S, AJAY K M, ARUN K, et al. Hyperspectral
and multispectral image fusion techniques for high
resolution applications: a review[J]. Earth Science In-
formatics, 2021, (14): 1685-1705.
FRELE, vk, EF, & BFHES 02D TE SO
5 261 B G AR RS U7 5 0], MRS AR, 2020,
29(6): 180-185.
GUO Huiting, HAN Bo, WANG Xue, et al. Hyperspec-
tral and multispectral remote sensing images fusion
method of ZY-1 02D satellite[J]. Spacecraft Engineer-
ing, 2020, 29(6): 180-185.
FEIETC. T I0 AMUSEABORITGR BE 25 > 1) 0 6 b A 9
15 B VUIBEFE[D]. FEAR: FEAREL TR, 2020.
TANG Tingyuan. Research on extracting vegetation in-
formation in Karst Wetland based on UAV images and
deep learning[D]. Guilin: Guilin University of Technology,
2020.
RS, RAGAR, PR R o PR TR S
DRI M S as i EAE B, 2019, 42(11):
154-158, 163.
ZHAO Wenchi, SONG Weidong, CHEN Min. Com-
parison of fusion methods in domestic high resolution
remote sensing[J]. Geomatics & Spatial Information
Technology, 2019, 42(11): 154-158, 163.
MM, R, #hiR R S TS TREBAREE R
WEFE[0] B 2= (6] {5 L, 2018, 16(6): 13-16, 7.
XIAO Chang, YU Xiaomin, HAN Yifei. Research on
image fusion technology of GF-2 satellite[J]. Geospa-
tial Information, 2018, 16(6): 13-16, 7.
XUHHIE, ZEIAR, FME, . 3T Sentinel-2 32 AT 7]
J 51 A B 00 M R AT ) R I T b A 20 26 ]
H2AAR, 2021, 76(7): 1680-1692.
LIU Ruiqing, LI Jialin, SUN Chao, et al. Classification
of Yancheng coastal wetland vegetation based on vege-
tation phenological characteristics derived from Senti-
nel-2 time-series [J]. Acta Geographica Sinica, 2021,
76(7): 1680-1692.
SR, BER, XNLLE. BT R R EEHLARM 5
TN A B 3 S TE D], R S I R 2 A (T AR
ARR), 2021, 21(4): 47-55.
ZONG Ying, LI Yufeng, LIU Hongyu. A Study of coastal
wetland vegetation classification based on object-oriented
Random Forest method[J]. Journal of Nanjing Normal
University (Engineering and Technology Edition), 2021,

H@A RTICLE

[26]

[27]

[28]

[29]

[30]

[31]

[33] X

21(4): 47-55.

BRI, FEE, RER, AE. VRV A - b B 5 T 1) X
ROy R RARA N [T]. PR, 2020, 44(1): 52-66.
SHAO Yating, LU Xia, YE Hui, et al. Object-oriented
classification and change monitoring of coastal wetland
land cover[J]. Marine Sciences, 2020, 44(1): 52-66.
1, PI0OR, BAGE. T AlexNet FISCHREm] L
ARZE & 1Y TR 18 B AR 1 R A2 A A I (). 0t
55t 2R gk R, 2020, 57(17): 282-290.

FU Qing, LUO Wenlang, LV Jingxiang. Land utiliza-
tion change detection of satellite remote sensing image
based on AlexNet and support vector machine[J]. Laser
& Optoelectronics Progress, 2020, 57(17): 282-290.
SRR, MORTE, a4, AF JET SR ALY e iR
BRI ST )] JBHELE, 2011, 9(3): 263-269.
ZHANG Ce, ZANG Shuying, JIN Zhu, et al. Research on
Zhalong Wetland classification based on support vector
machines[J]. Wetland Science, 2011, 9(3): 263-269.

TREE, T, HE, . PILREXEBGE BRI
Fem EALLT]. LB, 2017, 42(1): 49-52, 58.
ZHANG lJing, ZHAG Xiang, TIAN Long, et al. The
support vector machine method for RS images’ classi-
fication in northwest arid area[J]. Science of Surveying
and Mapping, 2017, 42(1): 49-52, 58.

R, T, 25, 55, BT i GOREE LR
RS T F10 A M 2 e Ve 1 e A B £ R AR B3], WAk
MK AR, 2018, 35(6): 1088-1097

MU Yanan, DING Lixia, LI Nan, et al. Classification of
coastal wetland vegetation in Hangzhou Bay with an
object-oriented, random forest model[J]. Journal of
Zhejiang A&F University, 2018, 35(6): 1088-1097.
WRA=TJ7, AHERR, 2000, . FET I AN AG ORI )
XoF G BE AL AR PRI 15 14 5 Ve D b R Ry R A 5 (0],
HER{E BRFE2ER, 2019, 21(8): 1295-1306.

GENG Renfang, FU Bolin, CAI Jiangtao, et al. Ob-
ject-Based Karst Wetland vegetation classification method
using unmanned aerial vehicle images and random forest
algorithm[J]. Journal of Geo-information Science, 2019,
21(8): 1295-1306.

2970, XNIEZE, frimsm, 2. 1 X R AL T
PRTE VR A BE 4> 2 R I (D], B IR B, 2018, 33(1):
111-116.

LI Fangfang, LIU Zhengjun, XU Qiangqiang, et al.
Application of object-oriented random forest method in
wetland vegetation classification[J]. Remote Sensing
Information, 2018, 33(1): 111-116.

XUNETE, SKIGERN. BT BP H2 0025 (i AR 1 84y
ROFED]. ML BEIRAEBE, 2005, 1: 51-54.
LIU Xusheng, ZHANG Xiaoli. Remote sensing classifica-
tion of forest vegetation based on artificial neural net-

work[J]. Forest Resources Management, 2005, 1: 51-54.

WFEERIE /2023 45 /55 47 3% /55 71



HRRTL » |7
H@A RTICLE

Vegetation classification combining spatial-spectral feature
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Abstract: The spatial structure information of ZY-1 02D hyperspectral remote sensing image loses a lot, which
seriously affects its accuracy in coastal wetland vegetation classification. This paper proposed the application of
Brovey fuse ZY-1 02D hyperspectral image with that of Sentinel-2 at a spatial resolution of 10 m and classified the
coastal wetland vegetation of ZY-1 02D hyperspectral and Brovey fusion images by building an AlexNet convolu-
tion neural network. The accuracy of the classification algorithm was compared with that of the support vector ma-
chine, random forest, and back propagation neural network. The results showed that after the Brovey fusion, the
overall accuracy of vegetation classification of AlexNet, support vector machine, random forest, and back propaga-
tion neural network was improved by 15.60%, 7.00%, 14.80%, and 10.00%, respectively, and the Kappa coefficient
was improved by 21.35%, 9.93%, 18.97%, and 12.85%, respectively. The accuracy of vegetation classification
based on Brovey fusion and AlexNet was the highest, with an overall accuracy of 92.40% and a Kappa coefficient
of 89.42%. Space spectrum fusion and AlexNet convolution neural network effectively resolved the limitations of
low accuracy of hyperspectral remote sensing image in the application of coastal wetland vegetation classification

and provided technology and method support for the dynamic monitoring of coastal wetland vegetation resources.
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