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Classification Method of Wetland Vegetation in The Yellow River Delta Based
on Hyperspectral and LiDAR
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Abstract: By utilizing Unmanned Aerial Vehicle (UAV) Hyper-Spectral Imaging (HSI) and Light Detection and Ranging, this
study aims to investigate the classification methods of wetland vegetation in the Yellow River estuary using LiDAR data. However,
due to the high spatial resolution HSI spectral variability and uneven LiDAR point cloud density, the classification results exhibit a
"pepper and salt" phenomenon. To address these issues, this paper proposes a two-branch convolutional neural network (SSF-C-
DBCNN) that integrates empty spectrum feature fusion and channel attention mechanism. The spectral attention mechanism miti-
gates the impact of spectral variability by assigning different weights to each band. Meanwhile, the spatial attention mechanism fo-
cuses on learning and emphasizing dense point cloud regions with strong feature expression ability in order to alleviate the influence
of uneven LiDAR point cloud density on the results. Finally, the channel attention mechanism is introduced for extracting deeper fea-
tures after two-branch feature fusion. Experimental verification using HSI and LiDAR data collected by UAV demonstrates that the
proposed method outperforms random forest as well as five deep learning methods, yielding more suitable classification results for
actual land cover while effectively suppressing the "pepper and salt" phenomenon.
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Fig. 1 Geographical location of the study area
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(¢) UAV RGB image
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Fig.2 UAV data
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Fig.3 Location and distribution of vegetation samples within

the study area
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(a) HSI before registration
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(b) HSI after registration

Table 1 Training and test samples settings
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Fig. 6 Basic principle of CSF
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Fig. 7 LiDAR structural features
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Fig. 8 The framework of proposed SSF-C-DBCNN

53 3 — 5| NGB 55 J1HLHI (Spectral Attention)
e 9 prs, ﬁf’ﬁﬁﬁqzﬁjﬁﬁft(Average Pooling)
KA R B ARG (E J%ﬁﬁi: THERER
e, fdH—A> Conv_1x1 Xk B THRME AR 4
VR LE B AT 4, B 55— Conv_1x144
S E’\J)"tij%fé TR AR 4, BRI AR R AT
o AGEIER, N Sigmoid S pRECRF HLBR i 75
0% 12, MJENFEEINE, 55, HiARIE
R AR ZE IR AR, 19 3030 2 1 5 1Y
FRAFEY,

SRR

B9 hiiE& A

Fig. 9 Spectral attention mechanism
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Fig. 12 Overview of OA and Kappa of different fusion strategies combined with multiple classifiers
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Fig. 13 Vegetation fine classification maps
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Table 3  Accuracy assessment of different classification methods in the control group

Methods RF AE RNN CNN CAE CRNN SSF-C-DBCNN
Class Fl-score
Natural willow forest 58.08 66.45 63.99 66.45 69.23 55.99 78.86
Reed 30.29 26.28 27.05 51.97 40.15 38.33 57.66
Suaeda salsa 73.82 77.60 77.22 89.44 89.60 82.46 93.03
Tamarix chinensis 48.29 52.77 51.20 78.70 71.50 71.81 79.93
Silver grass 51.15 61.59 61.83 78.46 72.62 72.83 79.62
Bare land 78.54 81.43 81.95 98.31 96.31 95.41 97.97
OA 47.08 54.23 54.08 73.37 67.02 66.50 75.55
Kappa 24.59 33.74 33.51 61.99 52.68 51.60 65.24
% 4 Strategy 1 Be a5 £ A5 E R
Table 4 Accuracy assessment of different classification methods in Strategy 1
Methods RF AE RNN CNN CAE CRNN SSF-C-DBCNN
Class Fl-score
Natural willow forest 90.57 87.11 89.70 88.97 89.27 83.80 9491
Reed 73.08 72.42 71.23 78.29 78.38 73.75 84.21
Suaeda salsa 91.97 91.24 91.36 97.81 95.98 95.53 95.30
Tamarix chinensis 73.66 72.72 73.45 84.72 81.42 77.57 87.68
Silver grass 81.53 79.86 81.33 89.04 87.53 85.14 92.33
Bare land 76.59 64.41 80.79 98.52 88.06 98.36 87.23
OA 77.40 76.14 76.83 85.52 83.79 80.40 88.85
Kappa 67.84 66.00 66.97 79.46 76.91 72.24 84.24
A5 Strategy 2 BE A5 A4k IR
Table 5 Accuracy assessment of different classification methods in Strategy 2
Methods RF AE RNN CNN CAE CRNN SSF-C-DBCNN
Class Fl-score
Natural willow forest 66.49 67.47 65.97 77.16 75.30 75.75 81.80
Reed 58.89 59.08 61.92 87.58 75.76 81.51 93.05
Suaeda salsa 87.88 89.78 89.11 95.93 91.90 93.48 96.93
Tamarix chinensis 73.43 75.41 75.87 91.51 85.07 86.53 94.67
Silver grass 79.86 80.93 81.20 94.64 89.01 91.99 97.00
Bare land 87.03 90.85 88.77 99.61 95.45 98.63 98.26
OA 72.94 74.55 75.06 91.75 84.43 87.49 95.04
Kappa 61.53 63.70 64.66 88.29 77.96 82.28 92.97
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4.6 Strategy 3 Ho- o F A B AR
Table 6 Accuracy assessment of different classification methods in Strategy 3
Methods RF AE RNN CNN CAE CRNN SSF-C-DBCNN
Class Fl-score
Natural willow forest 89.98 83.82 80.19 94.49 92.75 92.12 95.62
Reed 83.86 82.96 82.48 93.57 88.88 89.22 96.08
Suaeda salsa 94.94 94.86 95.33 98.59 97.07 97.13 98.52
Tamarix chinensis 85.54 84.04 84.86 94.46 90.29 90.80 96.69
Silver grass 91.31 90.19 91.09 96.67 95.23 95.42 98.28
Bare land 85.66 87.09 91.56 99.03 91.94 98.06 96.68
OA 87.63 86.45 86.95 95.24 91.99 92.38 97.15
Kappa 82.47 80.79 81.46 93.26 88.68 89.20 95.97
o 5000 6 T Natural willow forest
s 4000 5 Reed
% _§ 3000 £, . | _Slme(h.l szlls-;l _
£ 7 2000 3 T Tamarix chinensis
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Fig. 14 Comparison of horizontal and vertical structural characteristics of 6 vegetation types

@) Bt X ] 0 0 2 AR BT A, IR
JE 24 2 T W o3 JEROR 0 25 o i LRk i R R
B I Ik, Al A A B AR A AR 4 HORE R Xof
i AL B2 1) i OSOR T g, BA B0 A9 R AIE 12
IR RE ST o (HIE X BET A I 0 R ARG B T
AFRRER “HER” %, S5ESHY AT .
ASCHR B T7 2, I XY 3 22 BT R AL,
AR TR AR R AR B 3 LA SR B A 114 B PR
Bl Z A ARG E B G, FE3RTHRTBE R R, AR K
FEFEW D T OrRERA) AL g, [or2Ras
SN £ H ) oA

@ BeAh, I3 HrBEHLARAR HSURFAEAL L Y 45
T BT 2 I R WA AR (9 HSTARAIE X 0 il o 4
K, SUHURR AR B AL, I SO R AR
ANE T BT ) /N JE SR R B ) B
B, WHRAERBOR A IR E A TR 5 58

4 L5FRIE

AR SC LA = A SRR X — 4b MR
MR A AT IX, filG JC APLHSI. LiDAR %K
P, BRECT ZURAR RN IR F BEML AR AR AT AR
fERETE, 3t — B gl A 28 3 R AE A Fn i 38 1 5
FIRILH A AL 53 37 45 FURH 25 W 4% SSF-C-DBCNN,, 5K

gk R, HSI4HME A LIDAR %5 4 RE % 2 i3 18
Mo MR R . S Ak, X 2 Em R IPLHIAE
HEPU/NREE | & o HER 8 B 4 UL S LiDAR %54
FEVE HOAE BORS A o 2885 SR B “BER” By 1)
R AT AT LA R o B985 5 T M RE B (1) RS
o KAt T EE S

A SCH) ] HSI AT LIDAR B¢ A % 35 0] 11 165 b A7
B HEATRS A 3 IS TR AF R 45 AL, A% LiIDAR
PR A LR R AE IR 421, S5 S20E 90K % 1
I AT Z LIDAR MU Z5FRRIE, AR T 10 2 . A
. WIHARIE RS, 75012 4E LiDAR 78 #0H]
1 b AR BORS 2H or 2E P A MR B . 34, BT
O] I P A T E] . PR . RAREROULE
AR LI FAGRERREZH TR L, R
AR 1V 1 A B o DA 5 BOAROK B, S SR B
1 b AIF 58 T AR 25 TECR AN TR IR [] AN ] X Ja
(B35 B AR KB B A T S AT A5, TR
B =AU H SRR X R PR R R B AR
MIESZ AL

S Hk
[1] ZEBRE, R, S0 S0 . B 0] 37 el 70 b 5% 0 ) 255 3 A
&SR o3 AT [0]. M4z 4, 2021(10): 28-33.



<112 -

YFRARRE, ETSXIEA LIDAR BIET EMAER H 5%

5 45 5 3

(2]

(4]

(5]

(6]

(7]

(8]

LI heying, ZHANG Jianchen, GUO Jianzhong. Spatio-
temporal evolution pattern of wetland landscape in the
Yellow River Basin[J]. Bulletin of Surveying and Map-
ping, 2021(10): 28-33.

FLAG, B, S GE, A B =AU AR X E
23 () A2 1 3 S M 0 45 0% 0 (0] U R PR T B2, 2021,
40(2): 272-276.

KONG Mei, CAO Huiming, GAO Xingguo, et al. Re-
mote sensing monitoring and evaluation of land space
change in the Yellow River Delta Nature Reserve[J]. Ma-
rine Environmental Science, 2021, 40(2): 272-276.
WEHRIR, R, JEAT, 45 . MR AR 2R 2 M I 5 i AR A
AWE 8 BE JE [J]. W 22 15 25 1) b BEAS S, 2020, 43(7):
79-83.

PAN Xiaojun, NIE Chenhui, TANG Wei, et al. Review on
wetland information monitoring and evolution simulation
using remote sensing[J]. Geomatics & Spatial Informa-
tion Technology, 2020, 43(7): 79-83.

SR, FAE, B, AF . EOLIEE AR 2 HEA AT
3 T B NP R 5 R ). 38 R A, 2023, 27(11):
2467-2483.

ZHANG Yiwei, GUO Yanpei, TANG Rong, et al. Prog-
ress and trends of application of hyperspectral remote
sensing in plant diversity research[J]. National Remote
Sensing Bulletin, 2023, 27(11): 2467-2483.

TeSe ik, JETR L, A4S e T P B AL 10 e e s B
1AM ZBIFFE[I]. AL RTIIZE, 2020, 34(5): 651-656.

QIAO Wenyu, LONG Yifan, FU Jie. Study on wetland
classification of hyperspectral data based on band
combina-tion[J]. Beijing Surveying and Mapping, 2020,
34(5): 651-656.

TRFEL, 2, T4, % B4 Bi-LSTM A&
5 22 RUPE A5 FRU) BT = A U b s DG B 0028 1
WEFE 0. ¥ EERRE, 2023, 47(5): 27-40.

XU Meilun, LI Zhongwei, WANG Leiquan, et al. Com-
bined Bi-LSTM and attention enhancement multiscale
convolution for wetland hyperspectral image classifica-
tion in the Yellow River Delta[J]. Marine Sciences, 2023,
47(5): 27-40.

AT, SRS, VEAGAr, 4 T HI-1 RG240 3
1P =5 080 5% A= ) Ak 0 4SS AU BIF 5 (0. ¥ T 2 BE AT
2014, 32(4): 8.

REN Guangbo, ZHANG Jie, WANG Weichi, et al. Reeds
and suaeda biomass estimation model based on Hj-1 hy-
perspectal image in the Yellow River Estuary[J]. Journal
of Marine Sciences, 2014, 32(4): 8.

A, I, RN, % YIS 02D TLAE Rk R

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

BT = A IR R W7 2 0], 2 AR, 27(6): 1387-
1399.
HAN Yue, KE Yinghai, WANG Zhanpeng, et al. Classifi-
cation of the Yellow River Delta wetland landscape based
on ZY-1 02D hyperspectral imagery[J]. National Remote
Sensing Bulletin, 27(6): 1387-1399.
FHD, IR, TR, SF B R A Y R A Dl
TP RTTIE ). FEREABETE, 2014, 32(3): 36-41.
WANG lJianbu, ZHANG Jie, MA Yi, et al. Classification
method of hyperspectral image in typical surface feature
of Huanghe River estuarywetland[J]. Journal of Marine
Sciences, 2014, 32(3): 36-41.
PR, KA, DR, S AT AN REDEIE ISR A
{2 T EL A K B SR I D7 v BIF S —— LA BT = A
FFSE X (7). 8RR, 2017, 41(4): 98-107.
LI Xiaomin, ZHANG Jie, MA Yi, et al. Study on moni-
toring alien invasive species Spartina alterniflora using
unmanned aerial vehicle hyperspectral remote sensing-a
case study of the Yellow River Delta[J]. Marine Scie-
nces, 2017, 41(4): 98-107.
KR . AR B B 2R W ST HE R[], AR,
2019(3): 49-54.
ZHANG Qiang. Research progress in wetland vegeta-
tion classification by remote sensing[J]. World Fore-stry
Research, 2019(3): 49-54.
LEFSKY M A, COHEN W B, PARKER G G,et al. Lidar
remote sensing for ecosystem studies Lidar, an emerging
remote sensing technology that directly measures the
three-dimensional distribution of plant canopies, can ac-
curately estimate vegetation structural attributes and
should be of particular intere[J]. Psychological Reports,
2002, 46(1): 927-930.
TIAN X, ZHANG X, WU Y. Classification of planted
forest species in southern China with airborne hyper-
spectral and LiDAR data[J]. Journal of forest research,
2020, 25(6): 369-378.
MAYRA J, KESKI-SAARI S, KIVINEN 8, et al. Tree
species classification from airborne hyperspectral and
LiDAR data using 3D convolutional neural networks[J].
Remote Sensing of Environment: An Interdisciplinary
Journal, 2021(256-): 256.
LI K F T. Mapping multi-layered mangroves from multi-
spectral, hyperspectral, and LiDAR data[J]. Remote
Sensing of Environment: An Interdisciplinary Journal,
2021, 258(1): 112403.
CAO Jingjing, LIU Kai, ZHUO Li, et al. Combining
UAV-based hyperspectral and LiDAR data for mangrove



2024 4% 5 H E N OE - 113 -
species classification using the rotation forest algori- [24] CLEVELAND W S. Robust locally weighted regression

[17]

[18]

[19]

[20]

(21]

[23]

thm[J]. International Journal of Applied Earth Observa-
tion and Geoinformation, 2021, 1021-10.

e, AR, AR, 45 R 22 i AR a5
BT BT = 11 00 1 AR Ak B A (9], DU 423 4z, 2021(4):
22-27.

GAO Rui, WANG Zhiyong, ZHOU Xiaodong, et al.
Monitoring and analysis of wetland change dynamics in
the Yellow River Delta using multi-temporal remote
sensing[J]. Bulletin of Surveying and Mapping, 2021(4);
22-27.

CLARK M L, ROBERTS D A, EWEL J J, et al. Estima-
tion of tropical rain forest aboveground biomass with
small-footprint lidar and hyperspectral sensors[J]. Re-
mote Sensing of Environment, 2011, 115(11): 2931-
2942.

AR, KRG AT, 5F L R TP SAR FIHT UL IR R
[ 44 5. A SIPERCE AR [I]. 2@ 2, 2014(5): 66-70.

LI Yingying, WU Hao, YU Lei, et al. Automatic matc-
hing of tie-points between high-resolution SAR and opti-
cal images[J].
2014(5): 66-70.
EK, /M, T, AR T T A TC AL R
FURICHERT S D], I 2241, 2017(11): 123-127.
WANG Fei, GAO Xiaowei, GAO Ning, et al. Remote

sensing image registration of unmanned aerial vehicle

Bulletin of Surveying and Mapping,

for marine applications[J]. Bulletin of Surveying and
Mapping, 2017(11): 123-127.

TR, KLU, MR, & IR IL A SR BE R
B R A SBCHE DT i R [T]. I 25E R, 2020(7):
58-63.

XIANG Qianhe, DU Juan, CHEN Chunlei, et al. Appli-
cation of automatic registration method of remote sen-
sing image in ecological environment restoration of
coastal mines[J]. Bulletin of Surveying and Mapping,
2020(7): 58-63.

HIER A, PR 4 . A B4 B0 50 0k g 0], st sk 2
J#, 1998, 13(4): 327-333.

TIAN Qingjiu, MIN Xiangjun. Advances in study on
vegetation indices[J]. Advances in Earth Science, 1998,
13(4): 327-333.

PRy, WA . 2R T S VAR AR 5 SO B G i
G W 2501 238 4%, 2016(12): 56-59,73.
CHENG Zhihui, XIE Fuding. Semi-supervised classifi-
cation for hyperspectral image based on spatial features
and texture information[J]. Bulletin of Surveying and
Mapping, 2016(12): 56-59, 73.

[25]

[26]

(27]

(28]

[29]

[30]

[31]

[32]

and smoothing scatterplots[J/OL]. Publications of the
American Statistical Association [2023-12-14].

JEHE, XV, KR, 55 . 27 6 ml s B RS
B IBORS B2 43 AT (7). 2238 4R, 2022(7): 168-172.
ZHOU Ye, LIU Yunbo, ZHENG Libo, et al. Precision
analysis of single tree parameter extraction for multi-
platform point cloud data[J]. Bulletin of Surveying and
Mapping, 2022(7): 168-172.

REITBERGER J, KRZYSTEK P, STILLA U. Analysis
of full waveform LIDAR data for the classification of
deciduous and coniferous trees[J]. International Journal
of Remote Sensing, 2008, 29(5): 1407-1431.

SRR, R, AR K, L T ANLZOGIE M LIDAR
B LT MORS 4R 0 55 A W A B D). AR, 2022,
26(6): 1169-1181.

WU Peiqiang, REN Guangbo, ZHANG Chengfei, et al.
Fine identification and biomass estimation of mangroves
based on UAV multispectral and LIDAR[J]. National Re-
mote Sensing Bulletin, 2022, 26(6): 1169-1181.

NIWJ, LIUJ L, ZHANG 7, et al. Evaluation of UAV-
based forest inventory system compared with LiDAR
data[C]//In 2015 IEEE International Geoscience and Re-
mote Sensing Symposium (IGARSS), IEEE, 2015.
ZHANG W, QI J, WAN P, et al. An easy-to-use airborne
LiDAR data filtering method based on cloth simulation
[J].Remote Sensing, 2016, 8(6): 501-519.

GAO F, HUANG T, WANG J, et al. Dual-branch deep
convolution neural network for polarimetric SAR image
classification[J]. Applied Sciences, 2017, 7(5): 447.

MEI Xiaoguang, PAN Erting, MA Yong ,et al. Spectral-
spatial attention networks for hyperspectral image classi-
fication[J]. Remote Sensing, 2019, 11(8): 963.

GUO T, WANG R Z, LUO F L, et al. Dual-view spectral
and global spatial feature fusion network for hyperspec-
tral image classification[J]. IEEE Transactions on Geos-

cience and Remote Sensing, 2023, 61: 1-13.

1990 4,
1999 4 4 ,
1969 4 |
1982 54,
1972 4 4,

B, MEAFIT,
AREFFI AL
TAZI

iz,

Bl AT, MEAEFIT,

(AX%#: BmAmW)



