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Tab.2 Spectral bands and resolutions of Landsat and MODIS
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Tab.4 Categories plan of wetlands in the Yellow River Delta
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Tab.5 Description of the feature set from Landsat8

FHIEZE 5] FHIES PR FRESE R/ A
HEREREAE B (band) [ AN iw AN AN B CEA )
A — L AE % 45 3% (normalized difference vegetation in-  Ryir ~Rieq
dex,NDVI) Ry R
R
FUAE A B HE %4 ( ratio vegetation index, RVI) R
L/ K ARIE L e
FZE(HAE YL HE £ ( differential vegetation index, DVI) R, — R.q
VA — 4k K AR+ # ( normalized difference water index, Rgeen ~Ruir
NDWI) Ryeen +R,
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- . 2
F# (GLGM_Variance) 2 ZP( i,j) x(i = Mean)
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X L BE ( GLGM_Contrast) z ZP(ivj) x(1 _j)2
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BOFE 1 ( GLGM_Entropy ) 2 2p(in) X Inp(i,j)
i

I ( GLGM_Correlation )

B4 ( GLGM_Second Moment )

i — Mean) x (j — Mean)p(i,j)?
Z 2 ( ) X @ p(i.j)
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Variance
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Tab. 6 The information of experimental Programs
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Fig.3 Original and predicted images and local maps of Landsat8
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Tab.7 Comparison of original Landsat8 OLI image with ESTARFM
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8H21H 0.87 0.85 0.79 0.88
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Fig.4 The distribution of characteristic importance
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Fig.5 The relation between the number of characteristic
variables and the classification accuracy
and the Kappa coefficient
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Tab. 8 Distribution list of optimal features
A PLIEFRAE FRFAL R
3 A Blue—3,SWIR1-3,NDVI-3,NDWI-3,RVI-3,GK-T-3,BK-T-3, WK-T-3,SI3-3, WL-COR-3 10
4 A WK-T-4,BK-T-4,GK-T-4,08AVI-4,SBI-4,ST-T-4 , WL-ENT-4 ,WL-SEC-4 8
5H NIR-5,SWIR2-5,NDWI-5,S12-5,0SAVI-5,GK-T-5, WK-T-5 7
6 H Green—6,GK-T-6, WL-SEC—-6 3
7H NDVI-7,DVI-7,SI3-7,0SAVI-7,SBI-7,S12-7 ,GK-T-7,WL-COR-7, WL-ENT-7 9
8 H Green—8,S12-8,SI3-8, WL-CON-8, WL-ENT-8,WL-VAR-8, WL-COR-8 7
9 H SI2-9 1
10 H DVI-10,NDWI-10,NDVI-10,S12-10,BK-T-10, WL-SEC-10, WL-VAR-10, WL-ENT-10 8
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Fig. 6 Classification results of different plans
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Tab.9 The statistics of classification accuracy
S VES! VEY EX TR 4 HES LEXS VE Y
PA/% UA/% PA/% UA/% PA/% UA/% PA/% UA/% PA/% UA/% PA/% UA/% PA/% UA/%

WigKEE 95.94  97.35 99.15 96.41 98.31 94.13 99.54 98.35 99.36 97.13 97.50 96.86 99.12  94.88
Ve 81.07 84.69 88.02 86.08 85.79 86.31 95.48 88.61 93.44 87.20 94.69 85.55 98.60 96.98
JKIEYHE 80.85 70.03  75.16  81.01 79.07 80.73 83.16 88.91 75.16  85.68 77.06  90.21 83.67 90.33
bE 86.37 89.07 86.92 96.18 87.46 93.93 93.80 96.70 91.26 89.52 88.52 96.41 89.36  99.86
KM 91.89 89.52 93.30 89.51 94.28 85.79 94.84 90.83 90.03 94.42 90.87 92.17 96.86  90.02
A H 93.79 75.57 89.40 97.91 82.72 99.72 90.14 95.31 91.76 95.78 93.91 81.30 84.90 96.12
FEF M 62.53  79.68 70.69 74.55 70.45 69.63 81.10 81.30 85.70 66.65 76.24 69.00 86.37 86.30
hm 76.51 84.65 89.06 82.07 87.43 88.62 90.95 90.76 82.22 85.51 93.53 85.92 96.00 97.77
HAREPE 54.71  73.11  84.28 57.51  74.05 59.39 74.83 77.93 66.87 70.95 83.54 72.93 87.74 86.33
WEAREFE 64.30  81.72  70.51 82.77 63.36 86.17 70.76 89.77 74.43 84.23 53.84 83.50 71.49 70.85
SOREBE/ % 85.11 89.05 87.39 91.90 90. 01 88.89 92.28
Kappa 24X 0. 83 0. 86 0. 85 0.91 0. 88 0.87 0.91
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A mapping methodology for wetland categories of the Yellow River

Delta based on optimal feature selection and spatio—temporal fusion algorithm
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Abstract: Exploring the remote sensing—based classification of coastal wetlands is significant for their conservation
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and planning. Hence, this study investigated the Yellow River Delta with the 8 —view Landsat8 OIL images from
March to October 2019 as the data source. It constructed seven classification schemes based on different features of
the images on the Google Earth Engine ( GEE) cloud platform. Then, it employed the random forest classifier to
classify different feature sets, with the scheme exhibiting the best classification effects selected for mapping the
wetland categories of the Yellow River Delta. Considering poor data quality in August and September due to cloud
contamination, this study filled in the cloudy zones using the enhanced spatial and temporal adaptive reflectance
fusion model ( ESTARFM ) algorithm. The results show that; (D The predicted images generated from the
ESTARFM manifested a high correlation with the real image bands, with R values above 0. 73, suggesting that the
reconstructed images could be used in this study; @ The random forest algorithm was used to classify the surface
feature types in the study area. Through optimal feature selection, the classification results of Scheme 7
demonstrated an overall accuracy of 92.28%, higher than those of conventional schemes, with a Kappa coefficient
of 0. 91, aligning with the actual wetland conditions. The results of this study can assist in deeply understanding the
spatial distributions of different wetlands in the area, and provide a scientific basis for the conservation and planning
of the regional ecological environment.

Keywords: Landsat8; multitemporal data; Yellow River Delta wetland; image fusion; Google Earth Engine; ran-
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