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Fig. 2 Reflectance curve of typical wetland features
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0.84, X T 9XKAMEAMHY) 5325, HZY-102D 401>
W BEAS 2 1Y S ARKE B2 AT Kappa £ 5000 1) K 92.18%
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1R G T I B R ARAE R S T 5.06% (89.76%) .
3 U4 B AH %% F Landsat 8 OLI £ Y618 5082, 2Y-1

02D AHSI % 22 [ )G 1% % B RE % B 41 1 7R B b 47
TSR AN AL, TS B4 B ) A 2R T

&3 ZY-102DET40 M EEK KRS Landsat 8 OLLIK B 5 34 fI 3%
Table 3 Correspondence between the first 40 important bands of ZY-1 02D and Landsat 8 OLI bands

TRIEA ) 13 9N A 3
Landsat 8 OLI % Bt
ZY-1 02D Bt B H ZY-1 02D @Gk ik B I BEH
— B1-B4(391—426 nm) 4 B2-B4(400—426 nm) 3
I 5 (433—453 nm) B5-B7(426—460 nm) 3 B5-B7(426—460 nm) 3
# (450—515 nm) B8-B15(451—520 nm) 8 B8-B15(451—520 nm) 8
£#(525—600 nm) B16-B24(521—598 nm) 9 B16-B24(521—598 nm) 9
— — B25-B27(598—623 nm) 3
£1.(630—680 nm) B32-B34(658—683 nm) 3 B28-B34(624—683 nm) 7
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B72-76(1001—1044 nm) B135-B136(1972—2002 nm)
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Bt 40 Bt 40

R4 TREXRMYSEBESITR

Table 4 Statistical table of classification accuracy of seven types of basic features

P Landsat 8 OLI ZY-1 02D AHSI 24 % B ZY-1 02D AHSI 40 3% Bt
L PAI% A4 UA/% 44 PA/% 45 UA/% SF-45 PA/% S UAI%

FE oK 79.13 84.14 83.36 80.58 85.77 85.16
St 87.93 78.39 92.79 85.58 93.34 88.14
HALKE 92.50 95.03 92.50 92.51 93.68 94.27
P 83.94 86.79 85.88 91.84 90.21 91.04
FEEAENINR A 82.16 83.34 82.68 86.92 85.22 91.66
PIES 95.32 95.12 89.60 96.04 93.71 97.09
3% 80.89 84.98 87.15 88.84 90.44 90.55
= — 99.38 96.33 99.29 98.57
5% — 96.07 100.00 99.00 100.00

P-4 ARG B 1% 87.48 90.01 92.18

-2 Kappa 24 0.84 0.88 0.91

XTHEANFISEAG 4 200 0934 PA FIPE-2 UA W,
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JE )T Landsat 8 OLI 74 Bt , ¥ PAFIUA &
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Bl 47 REEA MY 3R E5 0K, K592

R B 5 R B . TR, &M
25 [B) A3 — 3K, 3T Landsat 8 OLI Y & 4% 1
Bl (1) 43 A YU R 35 /0 T ZY -1 02D U g5 51 . i
— XTI AL (F6(a) I 6(d)), RAIEH
ZY~-1 02D AHSI Hij 40 4~ 5 20k B 1) 73 28 45 3 T
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KRB 345 (F6(e) FIE 6(f)); Mi7E Landsat 8
OLIZp2E4gi i, . AR RE B ALK R . (R
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Table 5 Statistical table of classification accuracy of nine types of landscape features
P Landsat 8 OLI ZY~-1 02D AHSI 29 i Bt ZY~-102D AHSI 40 J% B
FHIPA/% FHUAI% T PAI% FHIUAI% 44 PAI% FHIUA/I%
FooK 78.05 78.70 84.36 82.29 88.22 84.58
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P 82.50 85.88 87.31 85.18 88.05 90.87
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PIES 96.28 95.97 93.02 93.93 9227 96.38
i L 74.89 80.01 88.05 85.42 87.67 85.39
ol 2 B 63.26 77.40 68.74 77.44 74.60 80.01
= — 99.23 98.23 99.00 98.67
[55° — 98.18 100.00 98.33 100.00
-4 ARG B 1% 84.73 89.76 90.76
V-3 Kappa 22 %1 0.82 0.88 0.89
37°50'N 37°50'N 37°50'N
37°40'N 37°40'N 37°40'N
119°00E  119°10E  119°20'E 119°00E  119°10E  119°20'E 119°00E  119°10E  119°20'E

(b) ZY—-1 02D AHSI 24 J Bt 5y 4551
(b) ZY-1 02D AHSI classification map
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ok 0 e DO maekes I % [0 MR
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(a) Landsat 8 432545

(a) Landsat 8 classification map
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Fig. 4 Random forest classification maps for seven basic classes
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Fig. 5 Results of random forest classification maps for nine refined classes
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Fig. 6 Comparison between the UAV image and the classification results
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Table 6 Distribution of top ten important bands for typical vegetation classes
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Fig. 7 Hyperspectral band feature importance weight
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Classification of the Yellow River Delta wetland landscape based on
7Y-1 02D hyperspectral imagery
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Abstract: The ZY-1 02D satellite was successfully launched in 2019 and officially used in October 2020. It is the first civil hyperspectral
satellite independently developed and operated by China and has a wide application prospect. Taking the Yellow River Delta wetland as
study area, this work investigated the performance of ZY-1 02D Advanced Hyperspectral Instrument (AHSI) images in wetland landscape
classification. First, the ZY-1 02D AHSI spectral curves of typical land cover types in the study area were evaluated. Second, two levels of
wetland landscape classification systems, including seven basic classes and nine refined classes considering the difference of vegetation
coverage, were developed with the assistance of field surveys and unmanned aerial vehicle images. Then, the random forest algorithm was
used for classification, and the tree SHAP method was introduced to sort and select important bands. The most important ZY-1 02D AHSI
bands overlapping with Landsat 8 OLI bands were selected for classification, and the classification results were compared. Our results
showed the following: (1) ZY-1 02D AHSI data can represent the differences of spectral features of different landscape types. (2) For the two
classification systems, the first 40 important bands achieved the highest overall classification accuracy. The classification accuracy of seven
basic classes and nine refined classes were 92.18% and 90.76%, respectively. Most of the important bands were visible and near-infrared
bands. (3) For the two classification systems, a total of 24 and 29 bands overlapping with Landsat 8 OLI multispectral bands were selected
for classification. The classification accuracy reached 90.01% and 89.76%, which were remarkably higher than that of Landsat 8 OLI.
(4) Blue and green bands are important for the identification of high- and low-density Spartina alterniflora and Phragmites australis; blue,
green, and short-wave infrared bands are important for Phragmites australis identification, and the red band is important for the
identification of high- and low-density Suaeda salsa. Results showed that ZY-1 02D AHSI data have advantages in distinguishing different
landscape features and differences in vegetation coverage. Our study is expected to provide scientific basis for the application of ZY-1 02D
hyperspectral data in wetland ecological resources.

Key words: ZY-1 02D, AHSI satellite image, hyperspectral data, vegetation coverage, random forest, Tree SHAP
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