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Classification Method of Wetland Vegetation in The Yellow River Delta Based
on Hyperspectral and LiDAR
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(1. Dept. Surveying and Mapping, China University of Petroleum (East China), Qingdao 266580, China;
2. Land Surveying and Mapping Institute of Shandong Province, Jinan 250102, China)

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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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
g i pIER HURES
- Natural willow forest 38 737
- Reed 616 11712
- Suaeda salsa 127 2419
- Tamarix chinensis 877 16667
- Silver grass 859 16339
Bare land 26 509
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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
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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 94.91
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 A4 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

DAR FFAE RIS A, 73 SR BE FAMERR 1 14— 2215
F4RTF, Hoh LIDARRFAEATS & 0 = 3 o 2 #r
EIREE AR, MK TR 2 A5 R P D7 T 3 A
WFFE XL 6 R A T X P . A5 L, 31
TR DI LA 6 bR w2 B 1P 24Dl i 2k
WIE 14 Frs, BRej SEEmAL, HiAb 4 R 9
R 35 it £ 5 B R RO AR, RS L R
ARG Ea, FEHSUFERIRAEHR

Th—E B4 G 1, (0 X R 43 28 1948 FH 32 2%
KAGPRG . T L5 b, T T 6 vkl gl 257 (1
BB, nE 140) s, BATHCN B R 2
5, E B LiDAR FEAF AR A% 4P 70 50 Al K S8 3 R AF
HEAT AR SR, SRR At B 6% A 0 DX 2 Ak 1Y)
FRAE 2 AT A5 S, IEBA T HSI, LiDARIBEA 43
FKHA 7 MBS SR Al AT



2024 4 5 A =N OE - 111 -
4.6 Strategy 3 Bo- o 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
: 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
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