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Abstract

Timely and effective acquisition of land cover information is crucial for landscape
planning and natural resource management. Remote sensing image classification is a
primary method for acquiring land cover information, and enhancing the performance
of classification still remains a key research topic to focus on. In our study, spectral fea-
tures were generated from the combinations of Sentinel-2 (S2) original bands in Dadu
Terrace area to highlight the spectral characteristics of land cover types. Simultane-
ously, texture features reflecting spatial arrangement patterns were extracted using the
gray-level co-occurrence matrix. These features were then combined with the original
bands to form input datasets for the random forest classification algorithm, which was
used to classify seven land cover types. Finally, the classification performance of differ-
ent feature combinations was evaluated and compared. The results indicate that although
the S2 original bands display considerable potential in land cover classification, they are
still insufficient for distinguishing heterogeneous mixed vegetation or highly variable
herbaceous vegetation. Incorporating either commonly used spectral features or texture
features improved overall classification performance and also enhanced classification
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accuracy from their complementary effects on the specific categories. Using the combi-
nation of spectral and texture features achieved the best results with an overall accuracy
of 90.56% and a Kappa coefficient of 0.88, representing improvements of 3.35% and
0.04, respectively, over the use of original bands alone, and these improvements were
statistically significant (p < 0.001), confirmed by the McNemar test. Additionally, the
F1-scores across all categories also showed enhancement, ranging from 0.64 to 11.06%.
In summary, this study recommends to use combination of texture features and spectral
features to maximize classification accuracy when selecting input datasets for land cover

classification.

Keywords: gray-level co-occurrence matrix, vegetation indices, random forest, remote

sensing, land cover classification
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Table 1 The parameters of the Sentinel-2 spectral bands used in this study

Spectral bands Central wavelength (nm) Spatial resolution (m)
Blue (B2) 490 10
Green (B3) 560 10
Red (B4) 665 10
Vegetation Red Edge 1 (BS) 705 20
Vegetation Red Edge 2 (B6) 740 20
Vegetation Red Edge 3 (B7) 783 20
Near InfraRed (BS8) 842 20
Narrow Near InfraRed (BSA) 865 20
Short Wave InfraRed (B11) 1610 20
Short Wave InfraRed (B12) 2190 20

P & 2 tE AR5 1 > DL GLCM &Y
HIFSEERIMH - 9770 SNAP 9.0 ' & i
TR o ME AR FEARE Ry WA (& 22wy {E A _E
AR BRI 4G - AR S B R
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= - B RIFH (Mansourmoghad
et al. 2022) » H i REAL A2 RAE A
#5 #2 (normalized difference vegetation
index, NDVI) g # 4= Y12 % VIHHRE
(Ricotta et al. 1999) - JE F i & &
2 TR EAE AR (soil adjusted
vegetation index, SAVI) BAREEIHE A5

#Z (enhanced vegetation index, EVI)
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Table 2 Vegetation indices used in this study

(Hall-Beyer 2017; HEX

P& i (25 H&T) W

Index Abbreviation  Formula and S2 bands used Reference

Normalized difference vegetation index ~ NDVI Bs — B, Rouse et al.(1974)
Bg + B,

Soil adjusted vegetation index SAVI Bs — By %15 Huete (1988)
Bg+B,+05"

Enhanced vegetation index EVI Bg — By Huete et al. (1997)

Normalized difference red edge index NDRE

Plant senescence reflectance index PSRI
Dead fuel index DFI
Normalized difference water index NDWI
Bare soil index BSI

Bat (6XB;) — (75xB) +1 1

B; — Bg
B; + Bg

B~ B,
Bs

1- Blz) B,
X
BB

100 x (
Bll

Bgq — By

Bgq + By

(B11 + By) — (Bg + B;)

(Bi1 +By) + (Bg + B,)

Peng and Gitelson (2012); Munyati (2022)

Merzlyak et al. (1999)

Cao et al. (2010)

Gao (1996); Munyati (2022)

Diek et al. (2017)
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F 3 RiFE(HH 2 GLCM §UE 5%
Table 3 GLCM texture indices used in this study

Group Index Abbreviation Formula Reference
— o Hall-Beyer
Contrast Contrast CON Z P;; (i = j)?
= (2000)
,J=0
N-1
Dissimilarity DIS Z Pyjli—jl
i,j=0
N-1
Homogeneit HOM L
genety 1+~ ))?
. Angular Second - 2
Orderliness ASM Z P;
Moment L
1,j=0
N-1
Entropy ENT Z P.; (=InP;)
i,j=0
Descriptive - ]
o GLCM Mean MEAN Z i(P))
statistics P
i,j=0
GLCM Variance VAR z i (= p)?
i,j=0

GLCM
COR
Correlation

N —u)( —Iij)

(i
wZO i [(@:)(?)

P;;is the probability of values i and j occurring in adjacent pixels in the original image within

the window defining the neighborhood. Both i and j are the labels of the columns and rows,

respectively, of the GLCM. In the GLCM COR equation, p is the mean and o the standard

deviation, both as defined by the formula for GLCM MEAN and GLCM VAR in the table.
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LRIMEAR (out-of-bag, OOB) HETTTH
A BRI R e R
FE R SRR IS EAUS L AT S
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— TR E AR I Es - ME
AEAE N EE E b KRS ETE
SRPERY R - R a] [E] IR B O B Y
AR BN HAEEDL - HrJ
WHEEE - MARBEZEANAERE - +
HOF FH LTS 3 53 SS9 I (Gisla-
son et al. 2006; Cutler et al. 2007 ) ° A
B 52 (58 ] R $HS & “randomForest”
(Breiman et al. 2018 ) » H tf & {#
7 85 T [ A 05E A DA oy 2 (i B3R
B (mtry) > DURCEERE L SRR
i (ntree) FEW2H > 2F LW

%% (Immitzer et al. 2016; Sothe et al.

( Breiman 2001 ) -

Table 4 Land-cover classification scheme and sample size

Land cover type Abbreviation Description Samples
Woody vegetation wv Woody vegetation (tree or shrub cover) (> 75%), interspersed with other cover types 642
Herbaceous vegetation HV Covered by herbaceous vegetation, including pineapple, ginger, banana, sweet potato, 210

rice, artificial turf, or fallow land (> 75%), interspersed with other cover types
Dry vegetation DV Covered by vegetation lacking greenery, such as dead, aging, or post-harvest crop 383
residues.
Mosaic dry vegetation/  MDW Predominantly dry vegetation (> 50%) with interspersed tree or shrub cover (< 50%) 300
woody vegetation
Mosaic dry vegetation/ ~ MDH Predominantly dry vegetation (> 50%) with interspersed live, green herbaceous cover 151
herbaceous vegetation (<50%)
Impervious surface 1S Various artificial surfaces, such as buildings, roads, and graveyards 866
Bare soil BS Winter fallow fields or landslide sites characterized by exposed soil surfaces 238
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Fig. 2 Spectral reflectance curve of different land cover types, derived from Sentinel-2 Level-2A product
with the surface reflectance values of 12-bit radiometric resolution.
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Fig. 3 Comparisons of overall accuracy and Kappa coefficient derived from RF in different feature sets.

TS NN FEFERIRH % 2 McNemar’s 22 Z R TE

Table 5 McNemar'’s test for comparing the differences between OBs and additional features

Kappa coefficient

Input dataset fit fiz i1 fo Total Chi-square (y®) P value
OBs vs. OBs + VIs 8 21 9 721 837 4.033 0.045
OBsvs. OBs + GLCMs 78 29 14 716 837 4.558 0.033
OBs vs. All bands 73 34 6 724 837 18.225 <0.001

f11 denotes the number of cases with wrong classifications in both maps: classifier 1

(original bands, OBs) and classifier 2 (inclusion of feature, IoF).

fiz2represents the number of cases that are wrongly classified by OBs but correctly

classified by IoF.

/21 indicates the number of cases that are correctly classified by OBs but wrongly

classified by IoF.

22 denotes the number of cases with correct classifications in both the OBs and IOF

maps.
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Fig. 4 The decreased mean of Gini in different feature sets. (a) OBs; (b) OBs + VIs; (¢) OBs +

GLCM, and (d) all bands.
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Table 6 Confusion matrix of the classification results with original bands

Classified data (OBs classifier)

Land cover type

wWv HV DV MDW MDH IS BS

WV 18 3 2
HV 7 44 1
j§ DV | 2105
8 MDW g 2
[
S MDH 1 4 4
L
218 o 0 8
BS 0 0 ]

Column total 202 55 122

Row total

2 0 1 0 193
3 2 6 0 63
2 1 1 115

72 4 3 0 90
15 20 1 0 45
1 0 246 5 260
0 0 12 58 71
96 28 270 64 837

PA (%) 95.85 69.84 91.30 80.00 44.44 94.62 81.69
UA (%) 91.58 80.00 86.07 75.00 71.43 91.11 90.63
F1 score 93.67 74.58 88.61 77.42 54.79 92.83 85.93
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T 7 (E A IR BRI ERE R U E Ryl A\ 2 3 S AR A P

Table 7 Confusion matrix of the classification results with OBs and additional spectral features

Classified data (OBs + VIs classifier)
Land cover type
WV HV DV MDW MDH IS BS  Row total

wv 184 3 2 4 0 0 0 193
HV 7 41 2 5 6 0 63
§ DV 0 1 109 11 1 115
3 MDW 0 3 1 6 5 3 0 90
5 MDH 13 3 12 2 0 0 45
2 IS 0 0 0 253 3 260
BS 0 10 10 60 71
Columntotal 202 52 120 89 37 273 64 837
PA (%) 9534 66.67 94.78 75.56 57.78 97.31 84.51
UA (%) 91.09 80.77 90.83 76.4 7027 92.67 93.75

F1 score 93.16 73.04 92.77 7598 63.41 94.93 88.89

F 8 {# HIFIERZELAN T GLCM SCEFHEUE Ryl A 2 oy 45 BL R A FE
Table 8 Confusion matrix of the classification results with OBs and additional GLCM texture fea-
tures

Classified data (OBs + GLCM classifier)
Land covertype WV HV DV MDW MDH IS BS  Row total

WV 18 3 2 3 0 1 0 193
HV s 46 1 4 1 6 0 63
gDV 21 105 14 11 115
3 MDW 8§ 4 1 76 0 1 0 90
5 MDH I 4 5 10 24 1 0 45
2 IS o 0 5 0 0 253 2 260
BS o 0 0 0 1 13 57 71
Columntotal 200 58 119 94 30 276 60 837
PA (%) 9534 73.02 9130 84.44 5333 97.31 80.28
UA (%) 92.00 7931 8824 80.85 80.00 91.67 95.00

F1 score 93.64 76.03 89.74 82.61 64.00 94.40 87.02
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Table 9 Confusion matrix of the classification results using all bands

Classified data (All bands classifier)
Land cover type
WV HV DV MDW MDH IS BS  Row total

wv 8 3 2 2 0 0 0 193
HV s 4 1 2 5 6 0 63
gov 0 1 110 10 1 115
2 MDW s 3 0 16 3 3 0 90
2 MDH > 3 3 10 27 0 0 45
2 IS o 0 2 0 0 255 3 260
BS o o0 0 0 1 10 60 71
Columntotal 198 54 118 92 37 274 64 837

PA (%) 96.37 69.84 95.65 84.44 60.00 98.08 84.51
UA (%) 93.94 81.48 93.22 82.61 7297 93.07 93.75
F1 score 95.14 7521 9442 83.52 65.85 95.51 88.89
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Fig. 5 Comparison of land cover classifications using different feature sets in terms of (a) total area and (b)
percentage of the entire study area.
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Fig.6 Detailed classification results of different feature sets in three complex areas. (a) RGB Sentinel-2

image, (b) OBs, (c) OBs + Vis, (d) OBs + GLCM, and (e) all bands.
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Appendix 1 Eight principal components and their key contributing variables identified by PCA

SRR B D IERIEGE

. Cumulative % of total Input Factor
PC Layers Variance (%) . ) .
variance (%) variables loadings

B4 ENT 0.157

PC1 33.460 33.460 B4 DIS 0.151
B3 ENT 0.150

B3 DIS 0.094

PC2 18.708 52.168 B3 CON 0.091
B2 DIS 0.089

B8A COR 0.177

PC3 11.343 63.511 B8 COR 0.173
B7 COR 0.169

B4 COR 0.210

PC4 7.694 71.204 B5 COR 0.189
B2 COR 0.187

B8A VAR 0.185

PC5 7.227 78.431 B8 VAR 0.177
B7 VAR 0.173

B3 COR 0.227

PCo6 3.312 81.743 B4 COR 0.201
B2 COR 0.198

B11_ HOM 0.211

PC7 3.032 84.775 B12 HOM 0.203
B1l_ASM 0.184

B11_ENT 0.274

PC8 1.932 86.707 B2 VAR 0.199
B12_ENT 0.181
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Appendix 2 The result of Land cover classification in the study area using different feature sets. (a) OBs, (b)
OBs + VIs, (c) OBs + GLCM, and (d) all bands.

(a) OBs (b) OBs +Vis (c) OBs + GLCM (d) All bands

Landcover type
i I Woody vegetation I Mosaic dry vegetation / woody vegetation [ Bare soil
3 [1 Herbaceous vegetation Mosaic dry vegetation / herbaceous vegetation
A C—Jkm [ ] Dry vegetation [ ]impervious surface
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