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Abstract: Land cover classification (LCC) in arid regions is of great significance to the assessment, prediction, and management of land 

desertification. Some studies have shown that the red-edge band of RapidEye images was effective for vegetation identification and 

could improve LCC accuracy. However, there has been no investigation of the effects of RapidEye images’ red-edge band and vegeta-

tion indices on LCC in arid regions where there are spectrally similar land covers mixed with very high or low vegetation coverage in-

formation and bare land. This study focused on a typical inland arid desert region located in Dunhuang Basin of northwestern China. 

First, five feature sets including or excluding the red-edge band and vegetation indices were constructed. Then, a land cover classifica-

tion system involving plant communities was developed. Finally, random forest algorithm-based models with different feature sets were 

utilized for LCC. The conclusions drawn were as follows: 1) the red-edge band showed slight contribution to LCC accuracy; 2) vegeta-

tion indices had a significant positive effect on LCC; 3) simultaneous addition of the red-edge band and vegetation indices achieved a 

significant overall accuracy improvement (3.46% from 86.67%). In general, vegetation indices had larger effect than the red-edge band, 

and simultaneous addition of them significantly increased the accuracy of LCC in arid regions. 
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1  Introduction 

Land desertification in arid regions is one of the most 
serious environmental and socio-economic problems in 
the world, and this issue has been receiving continuous 
attention from governments and scientists (Batterbury 
and Warren, 2001; Han et al., 2015; Liu et al., 2015). 
Climate variability and human activities, such as inap-
propriate and unsustainable land use, are the main driv-
ing factors of desertification (Wang et al., 2006; Zhang 
et al., 2010; Wu et al., 2011; Ge et al., 2013). Therefore, 

land cover classification (LCC) in arid regions is of 
great significance to the assessment, prediction, and 
management of land desertification. 

Satellite remote sensing technology can be used to 
obtain accurate up-to-date surface information over a 
large area, and this technology has been widely used in 
studies of LCC, vegetation classification and mapping at 
the community or species levels (Langley et al., 2001; 
Nordberg and Everson, 2003; Cerna and Chytry, 2005; 
Xie et al., 2008; Li and Shao, 2014). Moreover, some 
studies have focused on LCC in arid regions (e.g., Ste-
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fanov et al., 2001; Alrababah and Alhamad, 2006; 
Rozenstein and Karnieli, 2011; Galletti and Myint, 
2014; Namdar et al., 2014). However, there are three 
problems in arid regions, which increase the difficulty of 
LCC: 1) the mixed-pixel problem; 2) the confusion of 
spectral signatures among bare soils, sparse density 
shrub lands, and impervious surface areas (Namdar et al., 
2014); and 3) the vegetation coverage is either extremely 
high or very low (Asner and Heidebrecht, 2003). As a 
result, more effective land cover classification systems, 
which may weaken the effect of the mixed-pixel problem, 
must be developed based on the actual conditions in spe-
cific study areas to improve the accuracy of classification 
(Stefanov et al., 2001; Alrababah and Alhamad, 2006; 
Galletti and Myint, 2014; Namdar et al., 2014). Addition-
ally, for other two problems more use should be made of 
available features, especially for vegetation identification. 
RapidEye satellite imagery’s red-edge band can be used 
to identify the type and growth state of vegetation (e.g., 
Schuster et al., 2012; Tigges et al., 2013; Adelabu et al., 
2014; Kim and Yeow, 2014), which may be positive to 
the LCC in arid regions. Especially, some of these studies 
have assessed the effect of the red-edge band on some 
special classifications. For example, Schuster et al. (2012) 
first examined the red-edge band from RapidEye imagery 
for improving land-use classification of a nature conserva-
tion heathland area. Adelabu et al. (2014) evaluated the 
impact of the red-edge band for classifying insect defolia-
tion levels. Kim and Yeom (2014) evaluated the effects of 
the red-edge band and texture features on the classification 
of paddy rice crops at different growth stages based on an 
object-oriented method. All the three studies revealed that 
the red-edge band contributed to the classification. How-
ever, it has not been examined whether the RapidEye im-
agery’s red-edge band could improve the accuracy of LCC 
in arid regions. Moreover, the effect of vegetation indices 
and the joint effect of the red-edge band and vegetation 
indices have not yet been investigated. 

The present study focused on a typical inland arid re-
gion located in the Dunhuang Basin of northwestern China, 
which has suffered from increasingly serious desertifica-
tion in recent years (Han et al., 2015). First, RapidEye sat-
ellite imagery was processed, and the normalized differ-
ence vegetation index (NDVI) and its red-edge adaptation 
(NDVI-RE) were extracted. Then a land cover classifica-
tion system involving plant communities was developed. 
Random forest (RF) algorithm based models with different 

feature sets including or excluding the red-edge band and 
vegetation indices were utilized for LCC and to evaluate 
the effects of the red-edge band and vegetation indices on 
the classification accuracy. 

2  Materials and Methods 

2.1  Study area and data sources 
The study area is located in the discharge zone of the 
Xihu National Nature Reserve of Dunhuang City, Gansu 
Province, China (Chen et al., 2014b). It has an area of 
4.83 km2, and the latitudes and longitudes are in the 
range of 40°07′32″N–40°08′34″N and 93°13′18″E–93° 
15′04″E, respectively (Fig. 1) (Li et al., 2017). The Xihu 
National Nature Reserve experiences a typical conti-
nental climate and is in the warm desert climate zone. 
The perennial average annual precipitation here is only 
39.90 mm, and there is high seasonal variability in rain-
fall. The study area is a typical inland arid region, char-
acterized by groundwater dependent ecosystems (Hatton 
and Evans, 1998; Chen et al., 2016). The groundwater 
here mainly comes from the runoff area of the alluvial 
fan of the Dang River and the alimentation area of the 
fan-roof area of the Dang River alluvial fan (Chen et al., 
2014b). The vegetation coverage is very high in the 
spring-overflow area where there are mainly two kinds 
of natural vegetation, i.e., Tamarix and Phragmites. The 
vegetation is sparse with extremely low coverage in the 
areas with high groundwater depth (e.g., bare rock land, 
sandy desertified land, and wind-eroded land). In areas 
with low groundwater depth, the soil salinization is se-
vere and thus vegetation coverage is low.  

In this study, RapidEye 1B level satellite imagery 
taken on August 18, 2010, was first obtained. Then, a 
geometric correction was made by using topographic 

maps on a scale of 1︰100 000 and a second order 

polynomial transformation with a root-mean-square er-
ror of less than 1 pixel. The imagery was then resampled 
to a spatial resolution of 5-m using a cubic convolution 
method (Table 1). The reflectance was not used and thus 
the atmosphere correction was not conducted (Li et al., 
2016). Finally, the study area was extracted from the 
processed imagery. 

2.2  Methods 
2.2.1  Analyses of feature sets 
NDVI and its red-edge adaptation NDVI-RE (Schuster 
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Fig. 1  Geographical location of study area and RapidEye image used in this study (RGB bands are near-infrared, red-edge, and green, 
respectively) (Li et al., 2017) 

 
Table 1  Characteristics of RapidEye imagery 

Sensor and data characteristics RapidEye imagery 

Collection date August 18, 2010 

Blue (440–510 nm) 

Green (520–590 nm) 

Red (630–685 nm) 

Red-edge (690–730 nm) 

Spectral bands 

NIR (760–850 nm) 

Ground sampling distance 6.5 m at nadir 

Spatial resolution 5 m 

Radiometric resolution 12-bit 

Revisit time 5.5 days at nadir 

Note: NIR: near-infrared 
 

et al., 2012) were extracted based on the red, red-edge, 
and near-infrared (NIR) bands of the RapidEye imagery. 
NDVI-RE was calculated by replacing the NIR band 
with the red-edge band, i.e., NDVI-RE = (red-edge – 
red) / (red-edge + red). Based on RapidEye’s spectral 
bands and the above-mentioned two vegetation indices, 
five feature sets (FSs A, B, C, D, and E) with different 
combinations of seven features were developed, and the 
following analyses were performed to evaluate the ef-
fects of the red-edge band and vegetation indices on 
LCC: 

(1) Analysis 1: four bands (A) (excluding the 
red-edge) vs. all bands (B). This is used to evaluate the 

effect of the red-edge band on LCC.  
(2) Analysis 2: all bands (B) vs. all bands + vegeta-

tion indices (E). This examines the effect of vegetation 
indices. 

(3) Analysis 3: four bands (A) (excluding the 
red-edge) vs. all bands + vegetation indices (E). This 
checks the joint effect of the red-edge band and vegeta-
tion indices. 

(4) Analysis 4: all bands + NDVI (C) vs. all bands + 
NDVI-RE (D). This enables a comparison of the relative 
importance of NDVI and NDVI-RE. 
2.2.2  Determination of land cover types 
The study area is mainly covered by bare land, sandy 
desertified land, wind-eroded land, saline and alkaline 
land, and vegetation (Qin et al., 2014). The bare land is 
cyan in the imagery (Fig. 1) with some gray dead 
shrubs; the area includes the Gobi Desert, which con-
tains large amounts of exposed bare rock, sand and 
stone particles, and which is a rain shadow desert be-
cause the Himalaya range blocks the arrival of rain- 
carrying clouds. The sandy desertified land is gray-
ish-white in the imagery (Fig. 1) and is comprised of 
sand dunes. The wind-eroded land is bright white in the 
imagery (Fig. 1) with little vegetation, and is created by 
forces exerted by the wind, which detaches soil particles 
from the land surface. The saline and alkaline land is 
comprised of clay soils with poor soil structure and low  
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infiltration capacity; it is blue-green in the imagery (Fig. 
1) with some white crystallization spots of salts and al-
kalis. Based on a field sampling survey of vegetation in 
May and June of 2011, it was discovered that there are 
mainly four kinds of natural vegetation in the study area, 
i.e., Tamarix, Populus, Phragmites, and Alhagi. The 
natural vegetation is mixed and forms different plant 
community types that are named according to the 
dominant species (Chen et al., 2014a). Therefore, the 
land cover classification system in this study was de-
fined as follows: bare land, sandy desertified land, 
wind-eroded land, saline and alkaline land, Tamarix- 
Phragmites community, and Populus-Tamarix-Alhagi 
community. Although there were only two types of 
vegetation land cover, each of the other four contained 
weak vegetation information, e.g. the sandy desertified 
land and saline and alkaline land showed some isolated 
and dotted thickets. As a result, the red-edge band and 
vegetation indices that have been shown to be useful for 
vegetation identification and mapping could potentially 
improve the LCC accuracy in this study. 
2.2.3  Land cover classification and accuracy evalua-
tion 
The RF algorithm was used in this study for LCC, 
which is based on a large number of randomly grown 
decision trees and can avoid over-fitting with high clas-
sification accuracy (Breiman, 2001). Belgiu and Drăguţ 
(2016) offer a clear explanation of the principles of the 
RF algorithm. It was realized in the R software platform 
(R Development Core Team, 2015) using the random-
Forest package (Liaw and Wiener, 2002). The RF algo-
rithm employs the following two main parameters: 1) 
ntree, which refers to the number of trees used in the 
model, set to the default value of 500; and 2) mtry, 
which refers to the number of randomly selected vari-
ables at each split in the model-building process. The 
mtry parameter requires optimization. The parameter 
optimization of RF was based on the e1071 package 
(Meyer et al., 2015). 

The training data polygons were obtained based on 
visual interpretation of RapidEye imagery and a field 
survey in May and June of 2011. A stratified random 
sampling method was used to choose 400 pixels from 
each class as a training set. The accuracy evaluation was 
based on a test set that was independent of the training 
data. It was obtained using two steps: 1) the training 
data were first erased from the classification result de-

rived from the RF-based model with all the seven fea-
tures; 2) a stratified random sampling method was then 
used to select 100 pixels in each class as test samples. 
Then, visual identification was used to determine their 
land cover types. The accuracy evaluations for RF-based 
models with all the five feature sets were all based on 
this test set. The classification results were evaluated 
using the F1-measure (Daskalaki et al. 2006), overall 
accuracy (OA) (Liu et al., 2007), and percentage devia-
tion (Schuster et al., 2012). The McNemar test em-
ployed in this study is a statistical test that can be used 
to evaluate the performance of the classifiers (Manand-
har et al., 2009; Petropoulos et al., 2012). The test is 
based on the error matrices of two classifications, and 
the chi-square statistic value (χ2) is calculated as fol-
lows: 

2
12 212

12 21

( )
=

f f

f f





  (1) 

where ijf  represents the number of samples that clas-

sifier i misclassifies but classifier j correctly classifies (i 
= 1, 2; j = 1, 2). The difference between two classifica-
tions is statistically significant at the 95% confidence 
level (P = 0.05) when the χ2 value is larger than or equal 
to 3.84. Specifically, the McNemar test was used to 
evaluate: 1) whether the red-edge band and vegetation 
indices had significant effects on LCC in arid regions; 
and 2) whether there were significant differences in the 
classification accuracy between two RF-based models 
with feature sets including all bands and one vegetation 
index. 

3  Results 

3.1  Correlation analyses of spectral bands and 
vegetation indices 
Adding the red-edge band and vegetation indices meant 
that more information were obtained; however, more 
information do not always result in higher classification 
accuracies, which is partly owing to the correlation be-
tween features. For example, Adelabu et al. (2014) re-
ported that, when using all the bands of RapidEye im-
agery, adding NDVI decreased the classification accu-
racy. In this study, the result of Pearson correlation 
analyses performed on the training data showed the fol-
lowing (Table 2): 1) the blue band, green band, red band, 
and red-edge band showed strong inter-correlations with 
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correlation coefficients larger than 0.60; 2) modest cor-
relations existed between the NIR band and the other 
four spectral bands with correlation coefficients ranging 
from 0.25 to 0.60; 3) strong correlations dominated be-
tween vegetation indices and spectral bands; 4) the two 
vegetation indices were strongly correlated. In general, 
the features used in this study had different degrees of 
correlation. As a result, it was worthwhile to investigate 
whether adding the correlated red-edge band and vege-
tation indices could always improve the classification 
accuracies. Moreover, different land cover types showed 
diverging correlations, which suggested that to some 
degree the features were able to classify the different 
types of land cover. 

3.2  Parameter optimization of RF algorithms and 
land cover classification map 
For RF-based classifications, the mtry parameter ranged 
from 1 to the numbers of features in each feature set (A: 
1–4, B: 1–5, C: 1–6, D: 1–6, and E: 1–7). The values of 
1, 3, 1, 4, and 3 were selected for the five sets based on 
the RF models with the lowest errors (2.62%, 2.67%, 
2.29%, 2.96%, and 2.54%, respectively).  

The results of classification based on feature set E 
and the RF algorithm with an OA of 89.67% is shown in 

Fig. 2. Overall, the use of the RapidEye spectral bands 
and vegetation indices achieved a high degree of visual 
accuracy of LCC in this arid region. However, in the 
northeast corner, there were some commission and 
omission errors among sandy desertified land, saline and 
alkaline land, and Populus-Tamarix-Alhagi community. In 
the center of the study area, some Tamarix-Phragmites 
community were misclassified as Populus-Tamarix- 
Alhagi community. 

3.3   Classification based on four bands (excluding 
red-edge band) vs. all bands 
For analysis 1, the feature sets excluding (FS A) and 

 
Table 2  Pearson correlation analysis for the training data 

 F1 F2 F3 F4 F5 F6 F7 

F1 1 0.99 0.99 0.96    

F2  1 0.99 0.98    

F3   1 0.97    

F4    1    

F5 0.25 0.32 0.27 0.48 1   

F6 –0.81 –0.78 –0.82 –0.67 0.33 1  

F7 –0.84 –0.81 –0.85 –0.71 0.27 0.99 1 

Notes: F1, F2, …, F7 represent the following seven features: blue, green, red, 
red-edge, and NIR bands, NDVI, and NDVI-RE 

 

Fig. 2   Classification map of study area based on random forest algorithm and all features 
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including (FS B) the red-edge band were used to train 
the RF algorithm, and the accuracy evaluation results 
are shown in Table 3. The OA values based on A and B 
were 86.67% and 87.00%, respectively. After adding the 
red-edge band, OA increased by 0.38% (percentage de-
viation). Each class exhibited different sensitivities to 
adding the red-edge band. For example, the accuracies 
of bare land and saline and alkaline land decreased, and 
those of others improved. The sandy desertified land 
(2.24%) and saline and alkaline land (–2.40%) showed 
higher deviations, however the deviations for other 
classes were almost all less than 1.00%. The McNemar 
test was performed on the classification results of the 
test set based on feature sets A and B, and the result is 
shown in Table 4. It shows that there was no significant 
difference (χ2 = 0.15 and P = 0.70) between the classifi-
cation results derived from RF-based models with fea-
tures A and B. In general, the red-edge band could only 
slightly improve the LCC accuracy in the arid region 
studied.  

3.4  Classification based on all bands vs. all bands 
plus vegetation indices 
The F1-measure, OA, and percentage deviation for 
analysis 2 based on feature sets B and E (using vegeta-
tion indices as additional features) are shown in Table 3. 
The corresponding statistical test result is shown in Ta-
ble 4. The results in Table 3 show that adding vegetation 
indices increased the OA by 3.07% (from 87.00% using 
all bands to 89.67% using all bands plus the vegetation 
indices). Each class also exhibited different sensitivities 
to adding in the vegetation indices. All classes showed 
positive deviations. However, half of the classes achieved 
large improvements, ranging from 4.46% (Populus- 

Tamarix-Alhagi community) to 8.33% (saline and alka-
line land), while the other half only increased by 0.47% 
to 1.29%. The results in Table 4 show that there was a 
significant difference (χ2 = 7.11 and P = 0.01) between 
the classification results derived from RF-based models 
with features B and E. In general, it seems that the 
vegetation indices could significantly improve the accu-
racy of LCC in arid regions.  

3.5  Classification based on four bands (excluding 
red-edge band) vs. all bands and vegetation indices 
Results from analysis 3 indicate that the OA value in-
creased by 3.46% when all the features (E) were used 
compared to when just four bands (A) (excluding 
red-edge) were used (Table 3). All the classes achieved 
accuracy improvements larger than 1.00%, though dif-
ferent sensitivities were observed. The saline and alka-
line land showed the largest deviation (5.72%), followed 
by Populus-Tamarix-Alhagi community (5.13%), bare 
land (4.00%), and sandy desertified land (3.56%); only 
minor deviations were seen for wind-eroded land 
(1.36%) and Tamarix-Phragmites community (1.48%). 
The test result in Table 4 shows that there was a signifi-
cant difference (χ2 = 7.36 and P = 0.01) between the 
classification results derived from RF-based models 
with features A and E. In general, adding the red-edge 
band and vegetation indices could also significantly im-
prove the LCC accuracy in arid regions. 

3.6  Classification based on all bands adding NDVI 
vs. NDVI-RE 
Analysis 4 revealed that the addition of NDVI-RE to all 
bands (D) outperformed classification based on the ad-
dition of NDVI (C), with an improvement of 0.37%  

 
Table 3  Results of accuracy evaluation for analyses 1–4 

F1-measure Percentage deviation (%) 
Land cover 

A B C D E Analysis 1 Analysis 2 Analysis 3 Analysis 4 

Bare land 84.82 84.38 87.10 85.71 88.21 –0.52 4.54 4.00 –1.60 

Sandy desertified land 87.04 88.99 89.40 88.99 90.14 2.24 1.29 3.56 –0.46 

Wind-eroded land 93.26 93.33 93.94 93.81 94.53 0.08 1.29 1.36 –0.14 

Saline and alkaline land 77.39 75.53 79.81 80.41 81.82 –2.40 8.33 5.72 0.75 

Tamarix-Phragmites community 94.29 95.24 94.23 94.74 95.69 1.01 0.47 1.48 0.54 

Populus-Tamarix-Alhagi community 82.72 83.25 84.15 86.77 86.96 0.64 4.46 5.13 3.11 

Overall accuracy (%) 86.67 87.00 88.17 88.50 89.67 0.38 3.07 3.46 0.37 

Notes: Analysis 1: feature sets A vs. B. Analysis 2: B vs. E. Analysis 3: A vs. E. Analysis 4: C vs. D. Feature set A: four bands (excluding red-edge). B: all bands. 
C: all bands + NDVI. D: all bands + NDVI-RE. E: all bands + NDVI + NDVI-RE. NDVI: normalized difference vegetation index. NDVI-RE: the red-edge adapta-
tion of NDVI  
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(Table 3). The OA values derived using feature sets C 
and D were 88.17% and 88.50%, respectively. Bare 
land, sandy desertified land, and wind-eroded land 
showed negative deviations and the others positive. 
Only two deviations were larger than 1.00%, i.e., bare 
land (–1.60%) and Populus-Tamarix-Alhagi community 
(3.11%). The χ2 and P values for the comparison of 
classifications using feature sets C and D were 0.08 and 
0.77, respectively (Table 4). This means that there was 
no significant difference between feature sets C- and 
D-based classifications. In general, NDVI-RE only 
slightly outperformed NDVI.  

4  Discussion 

In this study, the red-edge band could only slightly im-
prove the LCC accuracy in the arid region studied. 
Similarly, Kim and Yeom (2014) reported that the 
red-edge band could slightly improve the classification 
accuracy of paddy rice crops with no statistically sig-
nificant difference, as examined by the Z-test when us-
ing a single season image. Conversely, Adelabu et al. 
(2014) showed that the red-edge band could signifi-
cantly increase the classification accuracy of insect de-
foliation levels according to the McNemar test. More-
over, Schuster et al. (2012) showed that adding the 
red-edge band increased the average OA by 2.70% 
(from 72.80%), but statistical test was not performed in 
this study. In general, the red-edge band could always 
improve the accuracies of various classifications, and 
whether there was statistically significant depended on 
the specific applications. Compared to Adelabu et al. 
(2014), the other two studies (Schuster et al., 2012; Kim 
and Yeom, 2014) and this study were more easily classi- 
 
Table 4  Results of the McNemar test for analyses 1–4 

Analysis Feature sets f12 f21 χ2 P 

1 A vs. B 14 12 0.15 0.70 

2 B vs. E 26 10 7.11 0.01 

3 A vs. E 31 13 7.36 0.01 

4 C vs. D 25 23 0.08 0.77 

Notes: Feature set A: four bands (excluding red-edge). B: all bands. C: all 
bands + NDVI. D: all bands + NDVI-RE. E: all bands + NDVI + NDVI-RE. 
NDVI: normalized difference vegetation index. NDVI-RE: the red-edge adap-
tation of NDVI. f12: the number of samples that the first feature set-based 
classification model misclassified but the second feature set-based model 
correctly classified in each analysis. f21: the number of samples that the second 
feature set-based classification model misclassified but the first feature 
set-based model correctly classified in each analysis. χ2: the chi-square statistic 
value. P: the probability value 

fied. Especially, in this study the land cover classifica-
tion system involving plant communities, which may 
weaken the effect of the mixed-pixel problem, contrib-
uted to the LCC. As a result, a similar conclusion with 
Schuster et al. (2012) and Li et al. (2016) could be 
drawn that the applications that were hard to classify 
were sensitive to the addition of the red-edge band, i.e., 
the red-edge band was prone to significantly increase 
the accuracies of the applications that were hard to clas-
sify. The three related studies previously cited (Schuster 
et al., 2012; Adelabu et al., 2014; Kim and Yeom, 2014) 
have not analyzed the effect of vegetation indices and 
the joint effect of the red-edge band and vegetation in-
dices. In this study, it seems that the vegetation indices 
could significantly improve the accuracy of LCC in arid 
regions. Simultaneously adding the red-edge band and 
vegetation indices could also achieve significant accu-
racy improvement of LCC in arid regions. Conversely, 
although Adelabu et al. (2014) did not analyze the effect 
of vegetation indices, they mentioned that adding NDVI 
and NDVI-RE decreased the classification accuracies. It 
may be subject to the correlation between vegetation 
indices and spectral bands.In this study, NDVI-RE only 
slightly outperformed NDVI. The same conclusion has 
been drawn in Schuster et al. (2012). On the contrary, 
Adelabu et al. (2014) noted that NDVI-RE significantly 
outperformed NDVI. Obviously, the relative importance 
of NDVI and NDVI-RE depended specific applications. 

5  Conclusions 

The present study focused on part of the Xihu National 
Nature Reserve in the Gansu Province of China, which 
is a typical inland arid region that has suffered from se-
vere desertification in recent years. The study first 
evaluated the effects of RapidEye imagery’s red-edge 
band and vegetation indices on LCC in this arid region. 
The RapidEye spectral bands, NDVI, and NDVI-RE 
were used to form five feature sets including or exclud-
ing the red-edge band and vegetation indices. Based on 
a new land cover classification system involving plant 
communities, the RF algorithm-based models with five 
feature sets were used for LCC and their accuracies 
were assessed. The following conclusions were drawn: 
1) the red-edge band only slightly increased the accu-
racy of LCC; 2) vegetation indices significantly im-
proved the classification accuracy; 3) the red-edge band  
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and vegetation indices also achieved a significant OA 
improvement (3.46% increases from 86.67%); 4) NDVI- 
RE slightly outperformed NDVI. In general, separately 
adding the vegetation indices and simultaneously adding 
the red-edge band and vegetation indices significantly 
contributed to improve LCC in arid regions. Future 
work will focus on the effects of the object-oriented 
classification method and other red-edge vegetation in-
dices, and some other indirect evaluation methods such 
as feature ranking and class similarity measures. 
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