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Mapping desert shrubs in Inner Mongolia using universal medium resolution 
satellite imagery: development of new spectral indices
Zhijun Fu a,b, Bingfang Wua,b, Hongwei Zenga,b and Mengxiao Lia

aState Key Laboratory of Remote Sensing Science, Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing, China; 
bCollege of Resources and Environment, University of Chinese Academy of Sciences, Beijing, China

ABSTRACT
Desert shrubs are the dominant vegetation type in arid deserts and serve as crucial elements in 
sand retention, biodiversity maintenance, and carbon sequestration. However, due to their patchy 
and scattered distributions and spectral resemblance to herbaceous plants, desert shrub mapping 
relies on high-resolution imagery, which is less accessible for large-scale mapping. Here, a set of 
desert shrub mapping indices for Sentinel-2 (DSMIS) and for universal medium-resolution imagery 
(DSMIL) is developed to distinguish desert shrubs with dense vimen canopies. The index exploits 
the canopy structure and spectral characteristics, which have a sparse and multilayered canopy 
and a high proportion of desiccated branches, resulting in a consistently low reflectance in the red- 
edge to near-infrared range. The effectiveness of DSMI indices was examined in Ordos, China. In 
the experiment, an optimal threshold of 10.3 was obtained via DSMIs with Sentinel-2, which 
achieved an overall accuracy of 91.6% and identified a minimum desert shrub coverage of 0.23. 
In comparison, a threshold of 9.7 was obtained by DSMIL with Landsat-8, achieving an accuracy of 
90.1% and identifying a minimum coverage of 0.17. The performance of DSMI was superior to that 
of the commonly used random forest, and this index could further improve classification as a 
complement to machine learning methods. The late stage of the nongrowing season was identi
fied as the optimal period for desert shrub mapping with the index. DSMI also performed well at 
two test sites with diverse desert shrub dominant species and growing conditions. This study 
provides a novel index for desert shrub mapping and a practical tool for monitoring desertification 
in arid desert regions. It also offers a new perspective for historical dynamic studies of desert shrubs 
and other land cover types where only optical data are available.
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1. Introduction

Desert shrubs are perennial xerophytic shrubby vege
tation growing in arid desert regions, which are also 
the dominant vegetation type in these regions (Feng 
et al. 2023; Mao et al. 2022). To adapt to the limited 
precipitation in deserts, desert shrubs have evolved 
fine leaves and extensive root systems (Feng et al.  
2022; Gibbens et al. 2001). With inconspicuous stems 
and dense lateral branches, desert shrubs generally 
grow in clumps close to the ground. Thus, a conspic
uous canopy of dense vimen, and fine foliage is the 
most distinctive morphological feature of desert 
shrubs (Figure 1). Desert shrubs play an important 
role in wind breaking and sand trapping through 
their dense branches and extensive root systems (Hu 
et al. 2021b). Desert shrubs also foster the develop
ment and maintenance of species diversity within 

desert ecosystems by increasing the soil moisture 
beneath their canopies, enriching soil nutrients, and 
regulating local microenvironmental temperatures 
(Hu et al. 2021a; Lan et al. 2021; Ward et al. 2018). 
Consequently, the mapping of desert shrubs is highly 
important for restoring desert ecosystems and con
trolling desertification.

Remote sensing has made large contributions to 
the acquisition of land surface information in recent 
decades because of its extensive coverage, rapid data 
acquisition, and periodic observations (Baumann et al.  
2018; Brandt et al. 2016; Xun et al. 2021). Two primary 
sources of remote sensing data, namely optical and 
synthetic aperture radar (SAR) data, have been widely 
employed for shrub research. SAR has its own advan
tages, including the penetration of cloud and rain 
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layers and the effective acquisition of canopy struc
ture information (Baumann et al. 2018), which 
strongly supports studies of shrubs (Chang et al.  
2017; Chang, Shoshany, and Oh 2018; Chang et al.  
2022; Dąbrowska-Zielińska et al. 2012; Dabrowska- 
Zielinska et al. 2015). However, optical data remain 
the main data for Earth observations and surface 
parameter acquisition, especially in the historical per
iod, when the SAR data were not fully developed and 
applied. The Landsat series, for example, provides the 
world’s longest continuous Earth observation records 
and offers the most cost-effective and practical solu
tion for large-scale mapping over a long time series 
(Zhang et al. 2024; Zhu et al. 2014). Sentinel-2 further 
enhances the potential application of optical data due 
to its high spatial resolution and short revisit periods 
(Wang et al. 2022), making it a better choice for desert 
shrub mapping. Therefore, the development of desert 
shrub identification methods based on optical data 
alone not only supports large-scale mapping of desert 
shrubs but also facilitates the investigation of histor
ical dynamic changes.

Several methods have been applied to desert 
shrub mapping. Early studies focused primarily on 
desert shrub patch extraction through automatic 
algorithms and object-based segmentation techni
ques (Hellesen et al. 2013; Kopeć et al. 2020; 
Laliberte et al. 2004). The ability to mitigate speckling 
is the main advantage of these methods. However, 

these methods face challenges when applied to med
ium spatial resolution data (10–30 m), the primary 
data source for large-scale desert shrub mapping. 
Owing to their small size and scattered distribution, 
desert shrub patches often exist as mixed pixels in 
medium spatial resolution images. Classifier-based 
methods have also been widely employed for map
ping land cover types, including shrublands 
(Baumann et al. 2018; Gong et al. 2013; Rüetschi 
et al. 2021; Zhang et al. 2021). Commonly used classi
fiers include support vector machine, random forest, 
and gradient boosting tree. These data-driven algo
rithms process high-dimensional feature and mini
mize the error between the predicted results and 
the actual samples, thereby improving the accuracy 
and efficiency of classification (Baumann et al. 2018; 
Chen et al. 2023a; Rüetschi et al. 2021). However, 
these approaches are typically considered black box 
models that lack transparency and interpretation, 
making the decision process difficult to understand 
(Chen et al. 2023b; Maxwell, Warner, and Fang 2018; 
Schulz, Hänsch, and Sörgel 2018). The models also 
perform weakly when learning from small sample 
sizes (Maxwell, Warner, and Fang 2018), meaning 
that model training relies on many samples to achieve 
a satisfactory result.

In contrast, index-based methods have recently 
attracted increasing attention in the identification of 
target objects, such as greenhouses, plastic materials, 

Figure 1. Various types of desert shrubs with canopies of dense vimen and fine foliage, including Artemisia ordosica (a), Caragana 
korshinskii (b), Salix psammophila (c), Haloxylon ammodendron (d), Ammopiptanthus mongolicus (e). The desiccated shrub (f), when the 
leaves have fallen but the branches remain, is also shown.

2 Z. FU ET AL.



sandy land, water bodies, artificial surfaces, and var
ious crop types (Ashourloo et al. 2019; Ashourloo et al.  
2020; Chen et al. 2021; Guo et al. 2020; Yang et al.  
2017). The index-based method mines the universal 
characteristics of target objects, highlights these char
acteristics on remote sensing imagery through index 
construction, and then separates the target from 
background objects via a simple but practical thresh
old (Chen et al. 2023a; Xu et al. 2023; Xun et al. 2021). 
The method offers clear physical interpretations and 
reduces reliance on field samples while maintaining 
satisfactory performance (Chen et al. 2023a). 
Furthermore, indices typically represent continuous 
variables related to the coverage or probability of 
target objects (Xu et al. 2023), providing a more intui
tive perception of spatial distribution and more flex
ible mapping. Therefore, developing a desert shrub 
mapping index with explicit physical meaning based 
on medium-resolution imagery appears to be a pro
mising solution for large-scale desert shrub mapping.

However, the mapping of desert shrubs still faces 
several specific challenges when medium-resolution 
imagery is used as a data source. First, there is high 
spectral similarity between desert shrubs and herbac
eous plants (Hellesen and Matikainen 2013), making it 
challenging to effectively differentiate them solely on 
the basis of spectral bands. Second, the issue of mixed 
pixels is prevalent in medium-resolution imagery 
(Mao et al. 2022). The sand-grass-shrub signal often 
blends within image pixels, which dilutes the distinct 
spectra of desert shrubs and mixes the redundant 
spectra from sand and grass. Consequently, the map
ping accuracies for shrubs are not high in many map
ping results (Chen et al. 2015; Gong et al. 2013; Zhang 
et al. 2021).

To address these challenges, extensive field trips 
were conducted to collect field samples, and a set of 
desert shrub mapping indices (DSMI) were proposed 
on the basis of medium-resolution imagery. Our study 
aims to (1) analyze the spectra of desert shrubs based 
on field spectra and satellite images (2); develop an 
effective index to facilitate the spatial mapping of 
desert shrubs on medium-resolution imagery (3); 
quantify the spatial distribution of desert shrubs and 
evaluate the performance of DSMI mapping; and (4) 
discuss the application of the DSMI in test regions and 
on Landsat imagery. To our knowledge, this is the first 
attempt to propose a practical index and achieve accu
rate and efficient desert shrub mapping from medium- 

resolution imagery. The index relies on optical data 
alone, which also provides a new perspective for his
torical dynamic studies of desert shrubs and other land 
cover types. This study not only lays the foundation for 
research on desert shrubs but also contributes to our 
understanding of desertification and assists in asses
sing desertification risk in arid regions.

2. Study area and data

2.1. Study area

The study area is located in Ordos (Figure 2, 37°35′24″– 
40°51′40″N, 106°42′40″–111°27′20″E), the central part 
of the Inner Mongolia Autonomous Region. The Ordos 
is located in the transition zone between the 
Mongolian-Siberian anticyclone high-pressure system 
and the southeast monsoon region (Teraminami et al.  
2013), which is characterized by a warm temperate 
continental monsoon climate. The average annual 
temperature falls within the range of 5–8°C. 
Influenced by the maritime monsoon, the annual pre
cipitation gradually decreases from east to west, typi
cally ranging from 150 to 500 mm. Notably, annual 
evaporation rates range from 2000 to 2700 mm, sur
passing the annual precipitation by 6–17 times. The 
study area occupies the transition zone between semi
arid and arid regions (Middleton et al. 1997)character
ized by an ecological shift from steppe to desert 
steppe, steppe desert, and ultimately to desert. 
Artemisia ordosica and Caragana korshinskii are the 
dominant desert shrubs, accompanied by some her
baceous plants and scattered trees. The distributions of 
bare sand, sparse grassland, desert shrubs, and sparse 
forest form a unique vegetation pattern, making it an 
ideal study site for desert shrub identification.

Two additional study sites were also selected for 
validation: Alxa East County in Inner Mongolia and 
Bugur County in Xinjiang (Figure 2). Alxa East 
County, adjacent to Ordos, experiences a temperate 
continental climate characterized by abundant sun
shine, scarce rainfall, and strong evaporation. The 
Tengger and Ulan Buh Deserts cross the region, 
making it more arid than Ordos. Caragana korshins
kii and Reaumuria soongarica are the primary types 
of desert shrubs. Bugur County, located at the 
southern foot of the Tianshan Mountains, has a 
warm temperate continental arid climate. The aver
age annual precipitation is only 52 mm, and the 
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average annual evaporation is approximately 
2077 mm. However, water resources are relatively 
abundant in this region because of the irrigation of 
several rivers, including the Tarim River. Branchy 
tamarisk is the primary desert shrub.

2.2. Data and preprocessing

2.2.1. Sentinel-2 images
Level-2A Sentinel-2 surface reflectance (SR) data 
sourced from the Google Earth Engine (GEE) 

(Gorelick et al. 2017) were employed to construct 
the index and identify desert shrubs. These SR data 
originate from the Sentinel-2 Multi-Spectral 
Instrument (MSI), a satellite instrument developed 
by the European Space Agency. The Level 2A pro
ducts are generated through radiometric calibration, 
geometric correction, and atmospheric correction. 
These products encompass 13 spectral bands span
ning from visible light to shortwave infrared with 
spatial resolutions ranging from 10 to 60 m. In the 
GEE platform, all the bands were resampled to 10 m 

Figure 2. Locations of Ordos and two test sites (Orange triangles) and samples from field surveys (a), field photos of desert shrubs in 
typical plots taken with a hand-held camera (b) and drones (c, d). To indicate the size of the desert shrub patches, the heights of the 
sensors are labeled in the upper right corner of subfigure b, c, and d.
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using the nearest neighbor method. In this study, 10 
spectral bands (Table 1) and 12 spectral indices 
(Table 2) were selected as candidate features for 
DSMI design.

To avoid the potential noise introduced by cloud 
cover and shadows, all available SR images acquired 
throughout 2022 within Ordos were selected from 
GEE as the initial image dataset, with a requirement 
of cloud cover being below 30%. For each image in 
the dataset, the QA60 band containing cloud informa
tion was used to remove opaque, cirrus, and cloud 
shadows. Given the potential impact of pulsed rainfall 
events (Smith et al. 2019), the initial dataset was split 
into 20-day intervals. Synthetic image datasets with 
the same time intervals were generated by comput
ing the median of all observations every 20 days, 
ensuring the consistency of the time intervals for 
each observation. Owing to cloud and cloud shadow 
masking, some pixels may not have sufficient high- 
quality observations. In such cases, linear interpola
tion was applied using high-quality observations from 
the previous and subsequent time steps to fill the 
gaps (Xun et al. 2021).

2.2.2. Training and validation samples
All training and validation samples in Ordos were 
derived from two field surveys. The first survey took 
place in July 2022, during which GVG software (https:// 
gvgserver.cropwatch.com.cn/download) on mobile 
phones was used to mark land cover types and record 
their locations (Tian et al. 2004). The second survey was 
conducted in May 2023. A total of 1658 and 1573 valid 
samples were collected from the first and second sur
veys, respectively. All the sample points were ulti
mately classified into five categories according to the 
field survey, including bare sand, sparse grassland, 
desert shrub, sparse forest, and crops (predominantly 
maize). To avoid potential interference from different 
samples in model training and validation, 80% of the 
randomly selected samples from the first survey, which 
included 1327 points, were used as the training set. 
The remaining 20% of the samples, along with those 
collected in the second survey, constituted the valida
tion set. A total of 1904 sample points were included in 
the validation sets (Figure 2).

For the two test sites, reference data were also 
collected from field surveys in April and May 2023. 

Table 1. Spectral bands from Sentinel-2 used in this study.
Band Band name Central wavelength/nm Spatial resolution/m Abbreviation

B2 Blue 490 10 blue
B3 Green 560 10 green
B4 Red 665 10 Red
B5 Red edge1 705 20 edge1
B6 Red edge2 740 20 edge2
B7 Red edge3 783 20 edge3
B8 Nir 842 10 nir
B8A Red edge4 865 20 edge4
B11 Swir1 1610 20 swir1
B12 Swir2 2190 20 swir2

Table 2. Spectral indices used in this study.
Spectral index Abbreviation Expression

Normalized difference vegetation index NDVI nir� red
nirþred

Enhanced vegetation index EVI 2:5� nir� redð Þ

nirþ6�red� 7:5�blueþ1
Green normalized difference vegetation index GNDVI nir� green

nirþgreen

Soil adjusted vegetation index SAVI 1:5� nir� redð Þ

nirþredþ0:5
Optimized soil adjusted vegetation index OSAVI 1:16� nir� redð Þ

nirþredþ0:16
Normalized difference greenness index NDGI 0:6�greenþ0:38�nirð Þ� red

0:6�greenþ0:38�nirð Þþred

Normalized difference moisture index NDMI nir� swir1
nirþswir1

Normalized difference phenology index NDPI nir� 0:78�redþ0:22�swir1ð Þ

nirþ 0:78�redþ0:22�swir1ð Þ

Normalized difference residue index NDRI red� swir2
redþswir2

Normalized difference senescent vegetation index NDSVI swir1� red
swir1þred

Normalized difference tillage index NDTI swir1� swir2
swir1þswir2

Transformed normalized difference vegetation index TNDVI
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
nir� red
nirþred þ 0:5

q
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Despite the short survey period at these two sites, 
some valid samples were still obtained. A total of 
339 and 281 samples were collected in the test sites 
at Alxa East County and Bugur County, respectively.

2.2.3. In-situ spectral data
In May 2023, spectral measurements were carried out 
in Ordos. A FieldSpec 4 spectrometer (FS4N1500), 
manufactured by ASD Inc., was employed to measure 
and record the spectral reflectance of the desert 
shrubs and the surrounding land covers in typical 
plots. A handheld instrument was employed to obtain 
measurements at wavelength increments of 1 nm 
between 350 and 2500, with a 25° field of view, at a 
height of approximately 0.3 m above the surface 
feature, i.e. the desert shrub canopy. The spectral 
measurements were conducted between 10:00 and 
14:00 local time under bright, clear, and sunny condi
tions. All the recorded spectra were converted to 
reflectance values via a white reference spectral 
panel. Noise bands caused by atmospheric water 
vapor absorption and sensor switches were removed 
in the ranges 1350–1450 nm, 1800–1999 nm, and 
2401–2500 nm (Guo and Li 2020). To mitigate poten
tial errors, five spectral curves were measured repeat
edly for each land type, and the average was used as 
the final reflectance spectrum.

2.2.4. Land cover data
To eliminate interference from non-desert ecosys
tems, the land cover of Ordos was utilized to mask 
the satellite imagery, effectively excluding typical for
est, grassland, cropland, wetland, and urban ecosys
tems. Only the spatial extent of desert ecosystems 
was retained as a potential growth area for desert 
shrubs. The land cover data employed were sourced 
from ChinaCover2020 provided by the Chinese 
Academy of Sciences (Wu et al. 2017). The overall 
accuracy for the first-level class exceeds 93.6%, and 
the accuracy for the second-level class exceeds 87.7%.

3. Methodology

3.1. Development of the DSMI

3.1.1. Ground spectra analysis
Figure 3 presents the reflectance spectra of common 
ground components. It demonstrates that the reflec
tance of the desert shrub canopy is significantly lower 

than that of the grass and sand in the red edge to 
near-infrared range, slightly lower than that of grass, 
and markedly lower than that of sand in the blue and 
green ranges. Specifically, in the visible light range, 
the reflectance depends mainly on the chlorophyll 
content and vegetation coverage (Zhang et al.  
2006). Desert shrubs have evolved fine and whitish 
leaves to avoid overheating damage (Feng et al.  
2022), resulting in a low canopy chlorophyll content 
and vegetation coverage. Furthermore, the sparse 
and multilayered canopy of desert shrubs, which con
sists of fine leaves and long vimen, not only reduces 
the leaf area index but also introduces many shadows, 
the presence of which leads to a further reduction in 
reflectance. Therefore, there is a slightly higher reflec
tance in the visible light range in the grass spectrum 
than desert shrub.

In the red edge to near-infrared range, noticeable 
spectral differences exist between desert shrubs and 
grasses. The reflectance of desert shrubs and grasses 
increases steeply in the red edge range and main
tains high reflectance in the near-infrared range, 
which is largely influenced by the internal structure 
of the leaves (Knipling 1970). Despite the higher 
aboveground biomass of desert shrubs, the presence 
of desiccated shrubs in the canopy and the multi
layered and sparse structure of the canopy still result 
in a lower reflectance of desert shrubs in the near- 
infrared region than that of grass. The reflectance of 
desiccated shrubs shows a slow and continuous 
increase without specific peaks or troughs in the 
visible light to near-infrared range, which is influ
enced mainly by lignin reflectance characteristics 
(Elvidge 1990). In the red edge to near-infrared 
range, the reflectance of desiccated shrubs is notably 
lower than that of grasses, and in the green and blue 
bands it is slightly lower. In the shortwave infrared 
range, both desert shrubs and grasses exhibit a sig
nificant decrease in reflectance due to leaf water 
absorption (Fensholt et al. 2003). Although the 
reflectance of desert shrubs is still lower than that 
of grass, the reflectance of desiccated shrubs is 
higher than that of grass.

Spectral measurements were also conducted on 
branches, leaves, and the canopy of desert shrubs in 
typical plots (Figure 3). There are high similarities in the 
spectral curves of desert shrub canopies and branches, 
both in shape and magnitude. This similarity was 
attributed primarily to the dense branches and small 
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foliage of desert shrub canopies, leading to a more 
substantial influence from branches on the canopy 
spectra. Owing to the lower amplitude of the reflec
tance peak on desert shrub branches, the spectral 
peaks at 560 nm and 1665 nm wavelengths in the 
canopy did not exhibit the pronounced amplitudes 
observed for the leaves. Similarly, the canopy spectra 
of desert shrubs lacked large reflectance drops at the 
970 nm and 1140 nm wavelengths, as observed in the 
leaves. Additionally, the reflectance of desert shrub 
canopies was markedly lower than that of leaves. This 
reduction in reflectance was due mainly to the intricate 
multilayer canopy structure of desert shrubs, which 
effectively decreases the incoming radiation reflected 
by the canopy through multiple scattering and absorp
tion processes (Wang et al. 2015).

In summary, the spectra of desert shrub branches 
strongly affect the canopy spectra of desert shrubs, 
making them notably lower than those of grass in the 
red edge to near-infrared range. The presence of 
desiccated shrubs within the canopy and the multi
layered structure of the canopy further reduce the 
reflectance and amplify the spectral differences in 
these spectral ranges. Consequently, the spectral 
bands of the near infrared and red edge become 
essential features for distinguishing desert shrubs 
from sparse grasslands.

3.1.2. Image spectra analysis
To ascertain the efficacy of the aforementioned spectral 
bands in differentiating desert shrubs in satellite ima
gery, we measured the separability between desert 
shrubs and other samples based on different spectral 
bands, spectral indices and their combinations. The M 
index and JM distance were adopted to quantify this 
separability. The M index is defined as the absolute value 
of the difference between two means normalized by the 
sum of their standard deviations, whereas the JM dis
tance is an improvement of the Bhattacharya distance, 
normalized between 0 and 2 to facilitate comparison 
between datasets (Sen, Goswami, and Chakraborty  
2019). These metrics have been widely used in the ana
lysis of spectral separability (Guo and Li 2020; Xun et al.  
2021; Yang et al. 2017). Taking the separability between 
desert shrubs and sparse grasslands in the NIR band as 
an example, the formulas are as follows: 

Figure 3. Reflectance spectra of common ground covers and different components of the desert shrub canopy in typical sample plots.
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where μ1 and μ2 are the means of desert shrubs and 
sparse grasslands in the NIR band, respectively, and σ1 

and σ2 are the standard deviations. It indicates good 
separability when the M index is greater than 1 or the 
JM distance is greater than 138 (Deng et al. 2012) and 
poor separability when the M index and JM distance 
are less than 1 (Xun et al. 2021).

Based on the training set, we obtained image spectra 
for bare sand, sparse grassland, desert shrub, sparse 
forest and crop. Separability analysis of these image 
spectra revealed high separability between desert 
shrubs and bare sand, as well as between desert shrubs 
and crops in all spectral bands (Figure S1), with average 
M indices of 2.31 and 1.64, respectively. However, the 
average M indices and JM distances between desert 
shrubs and sparse grasslands were only 1.17 and 1.00, 
respectively. Similarly, the average M indices and JM 
distances between desert shrubs and sparse forests 
only reached 0.90 and 0.79, respectively. Therefore, it is 
urgent to design sensitive features that can effectively 
discriminate desert shrubs from sparse grasslands and 
sparse forests.

Although high separability exists in the edge2, edge3, 
edge4, and nir bands (Figure S1), many desert shrub 
samples cannot be distinguished from sparse grasslands, 
with maximum M indices and JM distances of only 1.30 
and 1.15, respectively. To further increase the spectral 
differences, addition and multiplication operations were 

performed on each pair of spectral bands. Compared 
with single band, addition and multiplication operations 
largely increased the spectral differences between desert 
shrubs and sparse grasslands, with addition (Figure 4) 
showing higher separability. The spectral separability in 
the addition results between blue, green and edge2, 
edge3, edge4, and nir is higher than that in other combi
nations. Through band addition, the top 2 maximum 
separability occurs with the addition of blue and edge4 
(aBlueEdge4) and the addition of blue and nir (aBlueNir), 
with M index values of 1.42 and 1.39, respectively. 
However, for sparse forests, higher separability with 
desert shrubs occurs in the swir1 and swir2 bands, and 
the band operations did not increase separability as so 
much. The maximum M indices and JM distances 
between desert shrubs and sparse forests reached only 
1.10 and 0.94, respectively.

To separate sparse forests from desert shrubs, index 
values for different spectral indices for typical land 
cover types are obtained based on the training sam
ples. Larger differences between desert shrubs and 
sparse forests are recorded in the spectral indices 
than in the spectral bands, with the M indices all 
above 1 (Figure S2). Figure 5 presents the M index 
and JM distance between desert shrub and non-desert 
shrub samples in these spectral indices, in which the 
digits from 0 to 4 indicate bare sand, sparse grassland, 
desert shrub, sparse forest and crop, respectively. 

Figure 4. M-index values and JM distances between desert shrubs and sparse grasslands in the addition results for each pair of spectral 
bands. The lower left corner of the matrix shows the M-index values, and the upper right corner shows the JM distances. The elements 
on the diagonal are the average of the M-index.
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Among these indices, the NDPI, TNDVI, OSAVI, SAVI, 
NDVI, NDMI and EVI maintained greater differences, 
with M indices all higher than 1.50. To obtain great 
differences between desert shrubs and sparse forests 
and maintain high separability between desert shrubs 
and other non-desert shrub samples, the NDMI index 
was selected, as it has a higher mean M-index (1.50) 
and JM distance (1.33) between desert shrubs and non- 
desert shrubs (Figure 5). Another reason for the selec
tion of the NDMI is that the NDMI encompasses mod
erate separability between sparse grasslands and 
desert shrubs, with an M-index of 1.00, which is only 
slightly lower than the NDRI of 1.08.

For sparse forest, swir1, swir2 and NDMI had 
higher separability. In fact, all these features reflect 
to some extent the canopy water content (Klemas 
et al. 1983) for desert shrubs and sparse forests, 
with the NDMI performing better. As natural vege
tation in desert regions, both desert shrubs and 
sparse forests suffer from water shortages. 
However, compared with desert shrubs, sparse for
ests typically grow in areas with more water sup
ply, such as along rivers and near wetlands. Thus, 
sparse forests usually have higher leaf moisture 
contents than desert shrubs. As a result, the 
NDMI can better distinguish desert shrubs from 
sparse forests.

3.1.3. Construction of the DSMI
For the sensitive features aBlueEdge4 and aBlueNir, both 
desert shrubs and sparse forests presented the lowest 
feature values, which were significantly lower than those 
of sparse grasslands, crops, and bare sand (Figure 6). 
Through band addition operations, these sensitive fea
tures were used to further enhance the spectral distinc
tions between desert shrubs and sparse grasslands. 
Specifically, the M index increased from 1.23 to 1.42, 
and the JM distance rose from 1.07 to 1.27. In terms of 
the sensitive feature NDMI, the feature values of desert 
shrubs were notably lower than those of sparse forests 
and slightly lower than those of sparse grasslands, bare 
sand, and crops. For the NDMI, desert shrubs not only 
presented profound differences from sparse forests but 
also presented moderate disparities from sparse grass
lands, with an M index of 1.00.

Considering the spectral distribution of sensitive 
features, the DSMI is proposed. The DSMIS is a com
posite index with reflectance bands of Blue, Red 
Edge4 from Sentinel-2 and NDMI. Moreover, owing 
to the high similarity in spectral distribution between 
aBlueEdge4 and aBlueNir (Figure 6), substituting 
aBlueEdge4 with aBlueNir not only preserves the 
effectiveness of the DSMI index but also enhances 
its applicability to other satellite data that lack red- 
edge bands, such as Landsat. Therefore, we substitute 

Figure 5. M-index and JM distance between desert shrubs and other samples (a) for different vegetation indices. The digits 0, 1, 2, 3, 
and 4 represent bare sand, sparse grassland, desert shrub, sparse forest, and crop, respectively.
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the edge4 band with nir and construct the DSMIL 

index. This adaptation ensures the versatility of the 
index across different satellite sensors. 

To verify the difference in DSMI indices between 
desert shrubs and non-desert shrubs, we plotted a 

scatterplot based on their DSMI values (Figure 7). 
The DSMIS and DSMIL values for desert shrubs are 
clearly higher than the others. The mean DSMIS 

values for desert shrubs, sparse grasslands, sparse 
forests, bare sand, and crops are 13.1, 7.3, 7.4, 6.7, 
and 6.2, respectively. The M indices (JM distances) 
between desert shrubs and non-desert shrubs on 
DSMIS and DSMIL are 181 (1.60) and 179 (1.59), 
respectively. Furthermore, all the samples are distrib
uted along a straight line with a slope of 1.0, indicat
ing that the DSMIS and DSMIL values are close to 

Figure 6. Histogram of sensitive features for typical surface components. The M-index and JM distance indicate the separability index 
between desert shrubs and sparse grasslands.

10 Z. FU ET AL.



each other, therefore replacing the edge4 band with 
nir to improve the applicability of the index is 
reasonable.

3.2. Application of the DSMI

The proposed DSMI was used in the extraction of 
desert shrubs in Ordos via an index-based method 
(Chen et al. 2023a; Xu et al. 2023). Prior to mapping, 
two crucial tasks needed to be addressed. First, the 
optimal segmentation threshold for DSMI mapping 
needed to be determined. Second, the lower bound 
of desert shrub coverage corresponding to the 
threshold has also to be determined.

A method for balancing the error between com
mission and omission was used to determine the 
optimal threshold (Ashourloo et al. 2020; Xun 
et al. 2021). With the training set, the accuracy 
for different thresholds was calculated with a 
step of 0.1. By examining the changes in User’s 
Accuracy (UA), Producer’s Accuracy (PA), Overall 
Accuracy (OA), Kappa, and F1-score, the threshold 

corresponding to a better balance between the 
UA and PA was selected.

The DSMI value largely depends on the percen
tage coverage of desert shrubs within a certain 
extent. Hence, there exists a lower coverage limit 
that corresponds to the optimal threshold. If the 
desert shrub coverage within a pixel falls below 
this limit, the desert shrub signal will be oversha
dowed by other spectral signals and may not be 
detectable by the DSMI threshold. In this study, 
following the approach described by Chen et al. 
(2005), a pixel-based simulation process was imple
mented. According to the conditions of the study 
site, a mixed pixel was assumed to consist of three 
components: grass, bare sand and desert shrubs. 
These three components follow a linear spectral 
mixing model (Adams, Smith, and Johnson 1986), 
as shown in the equation. 

where R1 represents the mixed spectra of grass and 
bare sand and fg and fs represent the fractions of grass 
Rg and bare sand Rs, respectively. Rmix represent the 
mixed spectra of desert shrubs Rd and R1, whereas f1 

and fd represent the fractions of R1 and Rd , respec

tively. λ is the wavelength. The spectra of sand, grass, 
and desert shrubs are all derived from satellite ima
gery (Wang et al. 2022) based on pure pixels in each 
land cover type.

3.3. Accuracy assessment

The independent validation set and confusion 
matrix were used to evaluate the accuracy of the 
proposed DSMI index. OA, UA, PA, and kappa were 
all calculated from the confusion matrix. The OA 
reflects the proportion of correctly classified valida
tion sample points, the UA and PA represent the 
proportions of commissions and omissions, respec
tively, and the kappa indicates the agreement 
between the classification results and the reference 
results (Xun et al. 2021). In addition, the F1-score is 

Figure 7. Scatter plots for different surface components in the 
DSMIS-DSMIL feature space. Histograms of DSMIS and DSMIL 

values for different surface components are also presented.
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calculated from the UA and PA via the following 
equation: 

The Random Forest (RF) classifier, a commonly utilized 
machine learning algorithm for land cover classifica
tion (Chen et al. 2023a; Wang et al. 2022), was 
employed as the comparative method. RF, as an 
ensemble classifier, generates multiple training sub
sets by randomly selecting a subset of samples. For 
each training subset, many decision trees are con
structed, and the final classification result is deter
mined by majority voting. RF mitigates the 
correlation between trained decision trees through 
the bagging algorithm, effectively alleviating overfit
ting problems (Tian et al. 2019). To assess the perfor
mance of the DSMI, we compared the classification 
results of the DSMI with those of the RF algorithm. In 
the RF classifier, a total of 12 spectral indices from 
Table 2 were input as initial features. Two key para
meters of the RF classifier, including the number of 
trees and the number of predictor variables, were set 
to 500 and the square root of the number of input 
variables, respectively.

Furthermore, to demonstrate the importance of 
the DSMI in desert shrub mapping compared with 
the existing indices, a SHAP framework was used to 
obtain the feature importance from the RF classifier. 
SHAP is a game theoretic framework for explaining 

machine learning models (Lundberg et al. 2017). The 
framework treats each feature variable as a player and 
the results predicted by the model as the proceeds of 
a project completed through the cooperation of 
many players. The benefits of cooperation are distrib
uted fairly by considering the contributions made by 
each player.

4. Results

4.1. Time windows for DSMI mapping

The temporal variation in the DSMI values for different 
land covers and the M index values between desert 
shrubs and non-desert shrubs were analyzed. During 
the nongrowing season (November to May of the 
second year), the DSMI values for bare sand, sparse 
grassland, sparse forest, and crops were close and 
lower than those for desert shrubs (Figure 8). The M 
indices also remained higher than 1.0 throughout this 
period. Upon entering the growing season (June– 
October), the DSMI values of desert shrubs decreased 
rapidly, becoming less distinguishable from those of 
sparse grasslands, sparse forests and crops. Two win
dows are identified as more suitable for DSMI map
ping during the nongrowing season. The first window 
extends from November to December, whereas the 
second extends from March to June. Since the first 
window may be subject to snow cover, the second 
window is therefore more suitable for desert shrub 

Figure 8. Temporal variation in DSMI values for common land cover types and the average M index between desert shrubs and non- 
desert shrubs. The DSMI values for desert shrubs remain significantly higher than those for other covers during the nongrowing 
season.
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mapping. The second window also has a longer tem
poral extent.

This phenomenon is explainable. During the 
growing season, desert shrubs exhibit vegetative 
characteristics with strong spectral similarities to 
those of herbaceous plants. In particular, following 
an episodic precipitation event, the recovery of 
desert shrub foliage and the growth of sparse 
grassland increase the proportion of green compo
nents in mixed pixels, leading to a decrease in the 
DSMI. However, during the long nongrowing sea
son, the proportion of dry branches in the canopy 
gradually increases as the leaves gradually wilt and 
wither due to lack of timely water supply. 
Compared to the background elements, the 
remaining dry branches exhibit large spectral dif
ferences because desiccated desert shrubs have 
lower reflectance in the red edge and near-infrared 
bands, lower NDMI values and therefore higher 
DSMI values.

4.2. Determination of the DSMI threshold

As depicted in Figure 9a, the OA, kappa, and F1- 
score initially increased but then decreased as the 
threshold increased. At lower thresholds, the 
omission error was minimal because the higher 
DSMI values of desert shrubs result in a higher 
PA. However, this led to a higher commission 
error and a lower UA. As the threshold increased, 
limited desert shrub samples with lower DSMI 
values were not accurately identified, but most 
non-desert shrub samples were correctly 
excluded, resulting in a gradual decrease in the 
PA and a rapid increase in the UA. In our study, 
setting the threshold to 10.3 achieved a balanced 
trade-off between commission and omission 
errors, with both the UA and PA reaching 0.92. 
This threshold corresponds to an OA of 0.96, a 
kappa of 0.90, and an F1-score of 0.92. However, 
at a threshold of 10.6, the classification attained 
the highest F1 score, with the UA surpassing the 
PA (0.94 vs. 0.91). The first threshold of 10.3 was 
adopted in this study to optimize the balance 
between commission and omission errors.

The DSMI values for various coverage scenarios 
are presented in Figure 9b. Across all the scenar
ios, the DSMI increased with increasing desert 
shrub coverage, as desert shrubs presented higher 

DSMI values than bare sand and grassland. When 
grass coverage increased, the non-photosynthetic 
component of grass introduced some variation in 
the DSMI value, contributing to the increase from 
7.1 to 8.8 when desert shrub coverage was zero. 
Consequently, there was high uncertainty in the 
DSMI within this range, as it was influenced by 
both the spectral signals from desert shrubs and 
the non-photosynthetic component of sparse 
grassland and bare sand. Furthermore, with the 
DSMI threshold set at 10.3, the corresponding 
desert shrub coverage ranged from 0.23 to 0.45, 
increasing with increasing grass coverage. Hence, 
the adopted DSMI threshold detected desert 
shrubs with a minimum coverage of 0.23.

4.3. DSMI mapping result

The spatial distribution of desert shrubs was 
determined through the DSMI (Figure 10). By cal
culating the number of pixels, the total area cov
ered by desert shrubs in Ordos is approximately 
21,005 km2, accounting for 24.2% of the total 
area. As shown in Figure 10, desert shrubs are 
widely distributed in the eastern and central 
parts of Ordos. The Mu Us Sandy Land to the 
southeast, the Kubuqi Desert to the north, and 
the Loess Hills to the northeast of the Ordos are 
the three hotspots for desert shrub growth. Soil 
moisture and terrain are the primary factors influ
encing the spatial distribution of desert shrubs. 
The average surface soil moisture in Figure 10b 
is derived from Song et al. (2022) and provided by 
the National Tibetan Plateau/Third Pole 
Environment Data Center (https://data.tpdc.ac.cn). 
The Loess Hills region, situated in the northeast
ern part of the study area and on the edge of the 
Loess Plateau, has higher soil moisture 
(Figure 10b). This results in a denser distribution 
of desert shrubs. However, the fragmented terrain 
and numerous gullies in this area also contribute 
to the fragmented distribution of desert shrubs. In 
the southeastern Mu Us, sand dunes, sparse grass
land, and desert shrubs coexist. As soil moisture 
decreases, the desert shrubs in Mu Us gradually 
give way to sparse grassland and dunes, because 
the latter require less water to survive in the 
desert. The Kubuqi Desert experiences a dry and 
cold climate with strong winds, resulting in higher 
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evapotranspiration than the Mu Us Desert. 
Limited soil moisture in Kubuqi also hinders the 
growth of desert shrubs, restricting their distribu
tion to transitional areas on the eastern and 
southern edges of the desert. In the northwestern 
part of Ordos, the surface soil moisture continues 
to decrease, making it difficult to support the 
growth of desert shrubs. However, in the south
western part of Ordos, localized distribution of 
desert shrubs is still observed due to its proximity 
to the Yellow River irrigation area in Ningxia.

4.4. Accuracy assessment of the DSMI results

Visual evaluation provides an intuitive analysis of the 
ability of DSMI to highlight desert shrubs. In the DSMI 
image, the DSMI values of desert shrubs are notably 
higher, shown in deep yellow to red color (Figure 11), 
whereas the index values of sand are low, shown in 
blue. The index values of sparse grassland fall 
between the two values, shown in blue to light yel
low. Owing to the invasion of woody shrubs into 
sparse grasslands, the index values of sparse grass
lands increased, as shown in light yellow.

Figure 9. DSMI thresholds for desert shrub mapping in Ordos (a) and DSMI values in simulated scenarios with different desert shrub 
fractions (b). R1 indicates the mixed spectra of grass and bare sand, and DS indicates desert shrubs.
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To evaluate the performance of the DSMI for dif
ferent land cover types, true-color and DSMI images 
of typical plots were selected for comparison. The first 
plot comprises an interlaced distribution of bare sand, 
desert shrubs, and saline-alkali land. In the true-color 
image, bare sand, desert shrubs, and saline-alkali land 
are presented in yellow, brown, and white, respec
tively (Figure 11b). In the DSMI image, bare sand 
and saline-alkali land are displayed in light blue and 
dark blue, respectively (Figure 11e). The index values 
of the desert shrubs are clearly higher than the former 
two, as shown in yellow and red. The second plot 
contained non-invaded and invaded sparse grassland 
by desert shrubs (Figure 11c–f). The noninvaded 
sparse grassland appears slightly green in the true- 
color image and light blue in the DSMI image, 
whereas the invaded sparse grassland appears 
slightly brown in the true-color image and light yel
low in the DSMI image. The third plot includes culti
vated land and built-up areas, which appear in dark 
blue and light blue, respectively, in the DSMI image 
(Figure 11d–g).

To quantify the mapping accuracy, independent 
validation samples and a confusion matrix were used 
(Table 3). The results show that the DSMI has a high 
discriminatory ability for both desert shrub and non- 
desert shrub samples, with an overall accuracy of 
91.6%. The corresponding F1-score and kappa value 
are 0.90 and 0.83, respectively. For desert shrubs, the 

UA is slightly higher than the PA (0.94 vs. 0.86), indicat
ing a higher overlooked error. Although there is a slight 
underestimation of desert shrubs in the results, both 
the UA and PA are above 0.85, indicating that the errors 
of commission and omission are acceptable.

Compared with the RF method, the DSMI method 
shows an advantage. The Kappa, F1-score, and OA 
improved by 3%, 2%, and 1.1%, respectively, indicat
ing that the DSMI method achieved a comparable and 
even better performance than the random forest 
method. However, the high accuracy of RF is based 
on 12 spectral indices and complex machine learning, 
whereas the DSMI method relies on only a single 
Sentinel-2 image and a binary classification threshold. 
Notably, the DSMI method demonstrates the smaller 
difference between the UA and PA in identifying 
desert shrubs, indicating that the DSMI achieves a 
more balanced trade-off between omission and com
mission errors. Furthermore, by replacing the most 
important features with the DSMI, the accuracy 
could be further improved, with an OA of 0.923 and 
kappa of 0.84. It also implies that the DSMI provides 
more contribution to desert shrub identification than 
existing indices do.

Furthermore, as shown in Figure 12, the spectral 
indices are ranked in descending order according to 
their mean absolute values of the SHAP values. The 
results show that both DSMIS and DSMIL have higher 
contributions than existing spectral indices. Notably, 

Figure 10. Classification results of desert shrubs (a) based on the optimal threshold of DSMIS and average surface soil moisture (b). 
Desert shrubs tend to grow in areas with higher soil moisture, such as the Loess Hills region in the northeast, the Mu Us in the 
southeast, and the eastern and southern edges of the Kubuqi Desert.
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the SHAP values of both DSMIS and DSMIL demon
strate a wide distribution with two clusters, where 
the blue cluster indicates a lower DSMI value and a 
lower probability of desert shrubs. The red cluster 
indicates a higher DSMI value and a higher probabil
ity of desert shrubs. In contrast, the distribution pat
tern of the NDMI appears to be less distinct than that 

of the DSMI, with red scatter points and small blue 
scatter points in the range of SHAP values less than 0. 
This suggests that a low NDMI value might introduce 
ambiguity in the classification of desert shrubs, as it 
may exert a positive or negative impact on the 
model output. A similar pattern is also observed for 
the NDRI.

Figure 11. DSMI image for the whole study area (a) and true color images for three typical plots (b, c, d) and the corresponding DSMI 
images (e, f, g).
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5. Discussions

5.1. DSMI generalization in Landsat-8 images

To evaluate the applicability of the DSMI to other 
medium-resolution satellite data, we experiment 
with surface reflectance imagery from Landsat-8 OLI. 
To harmonize the surface reflectance between 
Landsat-8 OLI and Sentinel-2 MSI, an ordinary least 
squares linear regression method described by Cao, 
Han, and Li (2022) was used to convert the Landsat-8 
reflectance values closer to the Sentinel-2 values. 
Since Landsat-8 imagery lacks the RE4 band, we 
used the NIR band instead to calculate the DSMIL 

results. Figure 13a displays the DSMIL results 

calculated using the Landsat-8 OLI composite image, 
revealing that the spatial distribution of desert shrubs 
from Landsat-8 OLI aligns with that from the Sentinel- 
2 image (Figure 10). This map effectively highlights 
the spatial distribution of desert shrubs through the 
DSMIL index, making them easily distinguishable from 
other land covers. The frequency distribution of DSMIL 

values for different land covers on Landsat-8 images is 
also illustrated in Figure 13b, which shows that the 
DSMIL values for desert shrubs are consistently higher 
than those for non-desert shrubs, with an M-index 
and JM distance of 1.40 and 1.26, respectively. These 
findings underscore the robustness of the DSMI on 
Landsat-8 imagery and reveal its potential for large- 

Table 3. Confusion matrix and accuracy metrics for the classification results of the two methods. DS indicates desert 
shrubs. DSMI-RF means replacing the most important feature with DSMI.

Method

Confusion matrix

PA OA Kappa F1-scoreNon-DS DS

DSMI Non-DS 1048 44 0.96 0.916 0.83 0.90
DS 116 696 0.86
UA 0.90 0.94

RF non-DS 1050 42 0.96 0.905 0.80 0.88
DS 138 674 0.83
UA 0.88 0.94

DSMI-RF non-DS 1066 26 0.97 0.923 0.84 0.90
DS 121 691 0.85
UA 0.90 0.96

Figure 12. Feature importance analysis based on SHAP for RF.
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scale mapping of desert shrubs via satellite data from 
the longest continuous Earth observation record.

Based on the training samples and Landsat-8 
images, the optimal threshold for Landsat-8 images 
was determined to be 9.7, which is 0.6 lower than that 
for Sentinel-2 images. With a threshold of 9.7, the 
accuracy of the DSMIL classification results was 

assessed with the validation samples, yielding an OA 
of 90.1% and an F1-Score of 088 (Table 4). The 
decrease in spatial resolution is responsible for the 
decrease in the optimal threshold. Since it is difficult 
to sustain a large-area and continuous coverage of 
desert shrubs in arid desert regions, for samples 
labeled desert shrubs, a 30-m resolution contains 

Figure 13. Spatial distributions (a) and histograms (b) of the DSMIL values and simulated scenarios with different desert shrub fractions 
(c) in the Landsat-8 OLI image.
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more spectra from bare sand and sparse grass, redu
cing the pixel values of DSMIL and resulting in a lower 
segmentation threshold. Consequently, it also results 
in a reduction in the minimum detectable desert 
shrub coverage. As shown in Figure 13c, the threshold 
of 9.7 corresponds to desert shrub coverage ranging 
from 0.17 to 0.42 in the Landsat-8 image. Although 
the minimum detectable desert shrub coverage is 
approximately 0.17 and lower than the minimum 
coverage for Sentinel-2, this does not indicate that 
the Landsat-8 sensor has higher recognition of desert 
shrubs than Sentinel-2. To provide a more objective 
evaluation of desert shrub recognition between 
Landsat-8 and Sentinel-2, we simulated the range of 
desert shrub coverage detected by both sensors 
under the same segmentation threshold. The results 
show that the minimum desert shrub coverage of the 
10.3 threshold is approximately 0.27 for Landsat-8 
imagery, which is higher than that for Sentinel-2 ima
gery. Thus, higher spatial resolution contributes to 
more accurate detection of low coverage and small 
desert shrub patches. However, a higher resolution 
may also increase the amount of intrusive noise in the 
images, leading to misclassification of desert shrubs 
with greater spectral variability and reducing the clas
sification accuracy. Moreover, the scale effect also 
suggests that appropriate resolution helps to better 
understand geographical phenomena.

5.2. DSMI generalization at test sites

To evaluate the effectiveness of the DSMI in diverse 
arid desert regions, we conducted a validation of 

desert shrub extraction in Alxa East County, Inner 
Mongolia, and Bugur County, Xinjiang. The results 
revealed high accuracy in both regions. The OA and 
F1-score in Alxa East County were 0.92 and 0.90, 
respectively, whereas those in Bugur County were 
both 090 (Table 5). In terms of desert shrubs, the UA 
was slightly lower at both sites, indicating a slightly 
higher misclassification error. In contrast, the PA 
values for non-desert shrubs were lower at both 
sites, indicating slightly higher overlooked errors. 
This suggests a slight overestimation of desert shrubs 
in the classification result. In either case, despite the 
limited number of training samples, DSMI consistently 
yielded satisfactory extraction results (Figure 14).

However, the optimal segmentation threshold of 
the index varied, decreasing to 8.6 in Alxa East County 
and to 6.3 in Bugur County (Table 5). We attribute 
these variations to the differences in the type and 
growth conditions of desert shrubs. Owing to var
iances in the canopy spectra and canopy structure of 
different desert shrubs, as well as varying proportions 
of desiccated shrubs in the community, the response 
of the index to the spectral signal varied by region. In 
Ordos, Artemisia ordosica and Caragana korshinskii are 
the dominant desert shrub types. However, the desert 
shrubs at the test site in Alxa East County are domi
nated by Caragana korshinskii and Reaumuria soon
garica, whereas the desert shrubs at the test site in 
Bugur County are dominated by branchy tamarisk. 
The variability of desert shrub types in different 
regions may be the essential reason for the variation 
in index thresholds. The growth conditions of desert 
shrubs could also affect the threshold. During the 
field survey, we found that Alxa East County is drier 
than Ordos, and desert shrubs’ growth condition is 
worse. Most desert shrubs are found in clumps on the 
ground, with sparse leaves and branches in the 
canopy. This leads to a mixture of canopy spectra 
with bare sand spectra, resulting in lower DSMI values 
for desert shrubs. However, irrigation from the Tarim 
River resulted in a higher leaf area index and greener 

Table 4. Desert shrub/non-desert shrub confusion matrix based 
on the validation samples.

Desert shrub Non-desert shrub Total

Desert shrub 677 135 812
Non-desert shrub 54 1038 1092
Total 731 1173 1904

OA: 90.1%, Kappa:0.79, UA: 0.93, PA: 0.83, F1-Score: 0.88, threshold: 9.7.

Table 5. Accuracy assessment at the two test sites, based on validation data. DS indicates desert shrubs.

Region

Confusion matrix

PA OA Kappa F1-scoreDS Non-DS

Alax East County DS 37 2 0.95 0.92 0.84 0.90
Non-DS 6 57 0.90
UA 0.86 0.97

Bugur County DS 36 2 0.95 0.90 0.81 0.90
Non-DS 6 40 0.87
UA 0.86 0.95
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leaves of desert shrubs in Bugur County, which 
reduced the spectral influence from desert shrub 
branches and may also have led to a decrease in the 
DSMI value of local desert shrubs.

5.3. Advantages and limitations

The DSMI has the following advantages. It effectively 
supports systems for monitoring desertification via 
Earth observation satellite data. First, the proposed 
index is suitable for most medium-resolution imagery, 
which is the main data source for large-scale mapping 
of desert shrubs. Desertification is the result of long- 
term interactions between natural and socioeconomi
cal activities, and approximately 25% of the world’s 
drylands are threatened by desertification (D’Odorico 
et al. 2013; Lyu et al. 2020). In China, the economic 
loss caused by desertification is estimated at US$6.8 
billion per year (Zhang 1996), all of which increases 
the need for desertification monitoring and manage
ment. Desert shrubs are the predominant vegetation 

type in arid desert regions and the primary vegetation 
type planted in afforestation projects in northwestern 
China (Wu et al. 2024). Desert shrubs play an impor
tant role in windbreaks and sand fixation, maintaining 
the stability of desert ecosystems and desertification 
management (Hu et al. 2021a; Hu et al. 2021b; Lan 
et al. 2021; Ward et al. 2018). In this study, we pro
posed a set of DSMI indices suitable for Landsat and 
Sentinel-2 images by analyzing the canopy spectra of 
desert shrubs and combining their growth phenology 
characteristics. The index can enhance the spectral 
signal of desert shrubs and quantify their coverage 
or probability in mixed pixels, facilitating the monitor
ing of desert shrubs in arid desert regions.

Second, the DSMI relies only on blue, near infrared/ 
red edge and shortwave infrared bands, which are 
common bands in medium-resolution data. This indi
cates that the index can fully exploit vast amounts of 
historical remote sensing imagery (e.g. Landsat and 
Sentinel-2 imagery), demonstrating significant poten
tial in the study of the historical dynamics of desert 

Figure 14. DSMI images of the test site in Alxa East County (a1) and Bugur County (b1), as well as the corresponding desert shrub 
results for these two regions (a2&b2). The desert shrubs are highlighted in red.
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shrubs. The successful extraction of desert shrubs via 
DSMI supports the view that accurate and rapid 
extraction of desert shrubs can be achieved by mining 
canopy spectra from optical data, without relying on 
structural information from SARs. The DSMI method 
provides a new paradigm for the historical dynamic 
study of desert shrubs and other land cover types.

Although the construction of indices with clear 
physical meaning is an effective method for desert 
shrub identification, it would also be beneficial to 
consider machine learning (ML) methods, which are 
now commonly used for land cover classification 
(Baumann et al. 2018; Gong et al. 2013; Rüetschi 
et al. 2021; X. Zhang et al. 2021). The ML method 
does not necessitate the construction of complex 
indices and enables the classification of land covers 
based on existing indicators. It can also identify the 
features that are more important during the classifica
tion process (Bartold et al. 2024a). Nevertheless, the 
relationship between ML and index construction is 
not a zero-sum game. Conversely, as Wang et al. 
(2022) reported, indices with clear physical meanings 
can provide more powerful features for ML methods. 
Similarly, our findings demonstrate that the classifica
tion performance can be further enhanced by repla
cing the most critical features with DSMI indices in the 
RF classifier. Furthermore, indices can be employed to 
provide intuitive explanations and aid in the valida
tion of ML decision processes. Index construction is 
also a useful process for reducing the feature space 
and simplifying the ML models (Maxwell, Warner, and 
Fang 2018). Therefore, indices with clear physical 
meanings constitute an effective complement and 
aid in ML.

However, there are also several limitations. First, 
the index is susceptible to cloudy and rainy weather. 
Cloudy and rainy weather not only limits the acquisi
tion of optical signals from desert shrubs but also 
notably impacts the feature values of the SWIR and 
NDMI. Fortunately, precipitation events in deserts 
tend to be sharp and temporary. During the long 
nongrowing season, interference from cloud cover 
and precipitation events can be easily avoided via 
image synthesis methods (Chu et al. 2021; Li et al.  
2021). SAR data also offer a means to overcome this 
limitation, as they can provide crucial insights into 
shrub canopy structure and penetrate cloud and rain 
layers (Dąbrowska-Zielińska et al. 2012; Dabrowska- 

Zielinska et al. 2015). Consequently, future studies 
could consider integrating SAR data with traditional 
optical data to increase the continuity and reliability 
of desert shrub monitoring. Furthermore, although 
indices can visualize the spatial distribution of desert 
shrubs, it remains to be investigated how satellite- 
derived indices respond to climatically observed 
stresses, such as drought stress (Bartold et al. 2024b).

We also need to consider the impact of mixed pixels. 
The limitation of soil moisture limits the establishment 
and maintenance of continuous shrub cover (Mander 
et al. 2017; Smith et al. 2019; Tarnita et al. 2017). Thus, 
the desert shrubs identified in this study are actually a 
composite landscape of sand, grass and shrubs, with 
shrubs dominating the community (Figure 2b). The 
phenomenon of mixed pixels in these composite land
scapes is inevitable. The mixed pixel effect could result 
in a disparate desert shrub coverage in pixels with the 
same index value. This implies that the threshold of 
10.3 employed may result in the misclassification of 
pixels with low desert shrub coverage but high index 
values. This is precisely the source of omission and 
commission errors in the segmentation. In our study, 
we attempted to balance these two errors by reducing 
the difference between the UA and PA to reduce the 
impact of the mixed pixel effect on classification 
accuracy.

The generalization of the index to other arid 
regions is also important. Indeed, even for a given 
land cover type, there could be considerable spectral 
variation across different regions and different times. 
Such variations are particularly pronounced in natural 
land cover. Although the index can still effectively 
enhance the spectral differences between desert 
shrubs and background components, it is challenging 
to rely on a single threshold to achieve accurate 
segmentation of desert shrubs in different regions. 
Therefore, calibrating the threshold with field samples 
before applying the index to other regions is recom
mended, and the initial samples can be easily 
obtained by visual interpretation from high-resolu
tion imagery, such as Google Earth images. 
Moreover, combining indices with ML methods may 
be a good practice. This could be achieved by labeling 
high-confidence desert shrub and non-desert shrub 
samples with the index image and then applying 
these samples to an ML algorithm for accurate 
segmentation.
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6. Conclusions

Desert shrubs are the predominant vegetation type in 
arid desert regions and play essential roles in control
ling wind erosion, carbon sequestration, and the stabi
lity of desert ecosystems. There is great practical value 
in large-scale spatial mapping of these shrubs. 
However, constrained by the spectral similarity 
between desert shrubs and sparse grasslands, as well 
as the mixed pixel effect inherent in medium-resolu
tion remote sensing imagery, the mapping of desert 
shrubs at large scales remains a great challenge. In this 
study, we discovered sensitive features for desert shrub 
mapping, and then proposed a novel desert shrub 
mapping index based on the spectral and phenological 
characteristics of desert shrubs. The index was applied 
to desert shrub mapping in Ordos, a desert-steppe 
transition zone and effectively enhanced the spectral 
signal of desert shrubs on medium-resolution remote 
sensing data, achieving a satisfactory performance. To 
improve the applicability of the index, we also vali
dated the applicability of this index to the Landsat-8 
OLI sensor and in two test sites. This study not only lays 
the foundation for research on desert shrubs but also 
contributes to our understanding of desertification in 
arid regions and assists in assessing desertification risk.
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