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Abstract: Soil moisture, as a crucial indicator of dryness, is an important research topic for dryness
monitoring. In this study, we propose a new remote sensing dryness index for measuring soil
moisture from spectral space. We first established a spectral space with remote sensing reflectance
data at the near-infrared (NIR) and red (R) bands. Considering the distribution regularities of soil
moisture in this space, we formulated the Ratio Dryness Monitoring Index (RDMI) as a new dryness
monitoring indicator. We compared RDMI values with in situ soil moisture content data measured at
0–10 cm depth. Results showed that there was a strong negative correlation (R = −0.89) between the
RDMI values and in situ soil moisture content. We further compared RDMI with existing remote
sensing dryness indices, and the results demonstrated the advantages of the RDMI. We applied the
RDMI to the Landsat-8 imagery to map dryness distribution around the Fukang area on the Northern
slope of the Tianshan Mountains, and to the MODIS imagery to detect the spatial and temporal
changes in dryness for the entire Xinjiang in 2013 and 2014. Overall, the RDMI index constructed,
based on the NIR–Red spectral space, is simple to calculate, easy to understand, and can be applied
to dryness monitoring at different scales.

Keywords: remote sensing; dryness monitoring; soil moisture; NIR–Red spectral space; Landsat-8;
MODIS; Xinjiang province of China

1. Introduction

Drought is a frequent natural phenomenon that influences social and economic development,
poses a series of environmental problems, and causes natural disasters, such as change of surface
water circulation, destruction of agricultural productivity, and desertification [1,2]. Since the middle of
the last century, there has been an extensive unanticipated land desertification in arid and semi-arid
regions, worldwide, which has threatened the population of many countries [3]. Moreover, according
to the Intergovernmental Panel on Climate Change (IPCC), the amount of severely dry land is predicted
to increase in the near future. This will be more serious in continental regions, during the summer
months [4]. In the current climate change scenario, the consequence of such dryness trends could
be catastrophic. Therefore, detecting drought areas, monitoring drought grade, and evaluating the
impacts of drought on agriculture, environment, and the economy are critical for regional drought risk
control and sustainable development policies [5].

Due to the complexity of drought occurrence, during the last few decades, a great quantity of
drought monitoring models and methods, based on ground observation sites, have been proposed [6,7],
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which mainly use years of ground measured precipitation and evaporation data [8]. These indices,
such as the Palmer Drought Severity Index (PDSI) [8], the Rainfall Anomaly Index (RAI) [9], the Crop
Moisture Index (CMI) [10], the Bhalme-Mooley Index (BMDI) [11], the Surface Water Supply Index
(SWI) [12], the Standardized Anomaly Index (SAI) [13], and the Standardized Precipitation Index
(SPI) [14], could accurately reflect the duration and intensity of drought. However, they are difficult
to be applied on a large-scale, due to the dependence on site data. Additionally, from a global
perspective, the number of observation sites and the duration of meteorological records in many
areas are insufficient to detect spatiotemporal variations of drought-related variables [15]. With the
development of meteorological grid data, these indices mentioned above have made a breakthrough
for large-scale applications, but the coarse spatial resolution of the data is still hard to meet the needs
of agricultural drought risk management.

The development of remote sensing technology has effectively compensated for the shortcomings
of the traditional site-based monitoring methods. Remote sensing data has become the main data
source for drought research because of its low acquisition cost, wide monitoring range, and strong
data continuity [16,17]. Over the past decades, a large number of remote sensing data on precipitation,
soil moisture, surface temperature, evapotranspiration, and water reserves, have played important
roles in drought research [18,19].

Precipitation and soil moisture are the important factors affecting the severity and duration of
drought. Currently, a variety of satellite precipitation data has been used for drought research [20–22].
The primary satellite precipitation products are shown in Table 1. Satellite soil moisture products are
also widely used in drought research, especially in arid and semi-arid regions. Soil Moisture Ocean
Salinity (SMOS) [23], Soil Moisture Active Passive (SMAP) [24], and Advanced Microwave Scanning
Radiometer–Earth Observing System (AMSR-E) [25] are the main sources of soil moisture monitoring
data based on satellite remote sensing. These data have been widely used in soil moisture inversion
and drought risk assessment [26–29]. However, due to the coarse spatial resolutions of the above
products, they are also hard to be applied on agricultural drought assessment.

Table 1. A summary of primary global satellite precipitation products.

Precipitation Spatial Resolution Temporal Resolution Launch Time References

TRMM-TMPA 0.25◦ 3 h 1998 [30,31]
CMORPH 0.25◦ 3 h 2002 [32]

GSMaP 0.10◦ 1 h 2005 [33]
PERSIANN 0.25◦ 3 h 2000 [34]

GPCP 0.25◦ monthly 1979 [35]

More than 99% of the soil spectral change information can be described by the red, near-infrared
and shortwave infrared bands [36], which provides an important theoretical support for the use of
optical remote sensing data for drought assessment. Researchers have proposed a variety of soil
moisture and drought assessment methods, based on hyper-spectral and multi-spectral data.

Studies have analyzed the relationship between hyper-spectral data and soil moisture, based
on physical and statistical models [37,38], and have proposed several soil moisture inversion
indices [39–41]. Avoiding the difference between complex conditions in the field and spectral data
obtained under laboratory conditions, is the main problem for a quantitative monitoring of soil
moisture in the future.

Multi-spectral data, which is abundant in source and has a high spatiotemporal resolution
compared with hyper-spectral data, has been widely used in drought monitoring. Table 2 shows
the major multi-spectral data sources for drought monitoring. However, due to limited number of
bands, drought or dryness monitoring can be achieved through band combinations or statistics only,
based on the sensitive bands of soil moisture or vegetation status. Gao established the Normalized
Difference Water Index (NDWI), based on Landsat/TM Channel 4 and 5, showing a good performance
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on measuring liquid water molecules [42]. There are several indices based on Red(R) and Near Infrared
(NIR), which were widely used in drought/dryness monitoring with different satellite data. Ghulam
proposed the Perpendicular Drought Index (PDI) [43] (which can reflect the soil moisture status) and
had it verified at the Beijing Shunyi Remote Sensing Experimental Base. The results showed that
there is a high correlation between PDI and in situ drought values calculated from 0–20 cm of soil
moisture, with correlation coefficients of R2 = 0.57 (r = 0.75). However, PDI might fail under conditions
of medium and high vegetation cover, because it does not consider the impact of vegetation cover.
Ghulam presented the Modified Perpendicular Drought Index (MPDI) through the elimination of the
influence of the vegetation fraction, by introducing the fractional vegetation coverage variable (fv)
which represents the proportion of ground covered by canopies [44]. After correlation analysis with
the drought values obtained from in situ soil moisture data, MPDI performed as well as PDI, in the
early stages of vegetation growth, with a correlation coefficient of R2 = 0.8134. MPDI showed a better
performance under dense vegetation cover conditions, since it considered the vegetation condition
in the modeling process. However, parameters such as the vegetation reflectances of red and near
infrared band and the soil line, are generally fixed by experience [45].

Table 2. The major multispectral data sources for drought monitoring.

Platform/Sensor Number of
Bands

Spectral Range
(µm)

Spatial
Resolution

Temporal
Resolution

Launch
Time

Landsat/TM 7 0.4–2.35 30 m/120 m 16 d 1984
Landsat/ETM+ 8 0.45–2.35 15 m/30 m/60 m 16 d 1999

Landsat/OLI 9 0.43–1.39 30 m 16 d
2013Landsat/TIRS 2 10.6–12.5 100 m 16 d

Terra/ASTER 14 0.52–11.65 90 m 16 d 1999
HJ-1B/CCD 4 0.43–0.90 30 m 4d

2008HJ-1B/IRS 4 0.75–12.50 300 m 4 d
Aqura/MODIS

36 0.4–14.40 250 m/1000 m
0.5 d 2002

Terra/MODIS 0.5 d 2000
NOAA/AVHRR 5 0.55–12.50 1100 m 0.5 d 1979

Since dryness is often related to temperature and vegetation conditions, researchers established
several dryness indices based on one single factor or a combination of multiple factors, and the ability
of these indices to reflect dryness spatial distribution have been tested [46,47]. Temperature-Vegetation
Drought Index (TVDI) is a soil moisture monitoring index constructed on the basis of the Normalized
Difference Vegetation Index—Land Surface Temperature (NDVI-LST) feature space, which considered
the response of vegetation growth status and temperature, to the change of soil moisture. NDVI
is vulnerable to soil background for sparse vegetation, while being insensitive to dense vegetation.
As a result, TVDI might fail in areas with low or high NDVI values [48]. In addition, other researchers
have combined existing dryness indices as indicators for assessing soil moisture, with vegetation
indices or surface temperatures, to construct new indices. Amani developed a 3-Dimensional
(3D) space of LST, Perpendicular Vegetation Index (PVI), and soil moisture (SM) to construct the
Temperature–Vegetation–Soil Moisture Dryness Index (TVMDI) for dryness estimation and monitoring,
and MPDI is the indicator of SM [49]. TVMDI has been evaluated in Yanco, Australia, and the result
shows an acceptable correlation with in situ soil moisture data (r = −0.65). It was compared with
other dryness indices based on satellite data, such as PDI, MPDI, and TVDI, and the result showed
that TVMDI is the most accurate index. However, there are a few issues with this index. First, as an
important factor in TVMDI, LST was estimated using the Single Channel method, which often reduces
the accuracy of dryness assessment [50]. Second, PVI used in the TVMDI can be affected by soil
background, reducing its ability to accurately characterize vegetation moisture status. Furthermore,
TVMDI uses MPDI as the indicator of soil moisture. Similar to MPDI, there is the issue of using
empirical values for the soil line parameters.



Remote Sens. 2019, 11, 456 4 of 28

Through the analysis of the multi-indicator dryness indices and the indices based on the
NIR–Red spectral space, we find that these indices mainly have the following disadvantages: (1) Error
propagation during the inversion of each indicator in the multi-indicators index might reduce the
accuracy of the dryness index. (2) The impact of vegetation cover on soil moisture estimation is not
fully considered. (3) The effectiveness of these dryness indices in the arid and semi-arid regions have
not been fully investigated. To overcome these shortcomings, the main objective of this paper is to
propose a new operable dryness monitoring index—the Ratio Dryness Monitoring Index (RDMI)—and
to evaluate its applicability in semi-arid regions. We constructed RDMI based on the NIR–Red spectral
space, implemented it with Landsat-8 images, and validated it with field-measured soil moisture
sampling data. Furthermore, we applied RDMI with Landsat-8 imagery in the region around Fukang
of Xinjiang, China and with Moderate Resolution Imaging Spectroradiometer (MODIS) imagery in the
entire Xinjiang province, in order to test its robustness at different scales.

2. Study Areas and Data

2.1. Study Area

The Xinjiang Uygur Autonomous Region, one of the driest regions on the earth, is located in
Northwestern China and the hinterland of the Eurasian continent [51]. The surface landscape includes
the Tianshan Mountains, Altai Mountains, and the Kunlun mountains, which are seperated by two
vast desert basins, the Tarim Basin, and the Junggar Basin [52].

Xinjiang has a temperate continental climate. The annual average precipitation is 158 mm, and the
annual mean temperature is 7.6 ◦C. In general, Xinjiang is divided into the Northern and Southern part,
by the Tianshan Mountains. There are climate differences between Northern Xinjiang and Southern
Xinjiang. Northern Xinjiang has a temperate, continental, arid, and semi-arid climate, affected by
the Western wind belt. The annual precipitation is about 150–200 mm. Southern Xinjiang has a
warm, temperate, continental, arid climate, and the warm and humid airflow is difficult to reach
due to the limitations of the terrain. The annual precipitation is about 25–100 mm. The annual
potential evaporation in Xinjiang is up to 1800 mm. The ecological environment in Xinjiang is fragile,
and the climatic characteristics of low precipitation and high evaporation can often easily lead to
drought events.

The second study area is a part of the main agricultural area on the Northern slope of the Tianshan
Mountains. Cotton, winter wheat, and spring corn are the main crops in this area. Meanwhile, this
area is connected to the Gurbantunggut Desert and is a typical oasis desert ecotone, where the main
soil type is sandy soil. This area contains a variety of surface landscapes, such as farmland, wetlands,
desert ephemerals, and deserts.

In order to verify the effectiveness of the proposed method, it is necessary to test its robustness
for monitoring and assessing dryness, over time and at different scales. We chose the region around
Fukang, located on the Northern slope of the Tianshan Mountains, to test the proposed method, at a
medium scale, and the entire Xinjiang region, to test it at a large scale (Figure 1).
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Figure 1. Study area (Xinjiang Uygur Autonomous Region, China). The inset image is the surrounding 
area of the Fukang City and locations of fifty-one soil samples were taken. 

2.2. Field Measurement Data 

In the ground soil moisture sampling, taking into account the impact of the cloud cover on the 
data quality, whenLandsat transits, we carried out multiple ground sampling experiments, according 
to the satellite transit time, to ensure the matching of the ground sampling time and the high-quality 
Landsat image. Therefore, from the end of April to mid-July 2014, soil moisture observation 
experiments were set up at the Fukang Experimental Stations of the Chinese Academy of Sciences, 
and the surrounding areas. The test sites were located in the surrounding areas of the Fukang City, 
on the Northern slope of the Tianshan Mountains, as shown in Figure 2. The main soil types in this 
area are tidal soil and lime desert soil. 

In order to ensure the spatial consistency of the location of the sampling area and the Landsat 
pixel, we used a GPS device to select sampling areas, based on a comprehensive consideration of the 
sample land cover type and the Landsat pixel position. We selected a total of fifty-one sampling areas, 
with a minimum interval of one kilometer, between each sampling area. These sampling areas had 
different land cover types, including cotton (n = 19), winter wheat (n = 8), spring maize (n = 14), bare 
land (n = 8), and desert (n = 2). The size of each sampling area was 30 m x 30 m, which coincided with 
the Landsat pixel range, and five points were selected within each sampling area, including the center 
point. In each sampling area, five points of the GPS position information were first recorded, and 
then a soil drill was used to separately collect soil samples from 0−10 cm of the soil surface. Finally, 
soil samples from the five points were mixed and weighed, on site. The weights of the soils in each 
sampling area, were recorded. The soil samples were taken back into the laboratory, in sealed bags, 
and dried for 12 hours, in a 105 °C, constant, temperature drying chamber [53]. Each soil sample 
weight was measured after the drying process. Equation 1 was used to calculate the gravimetric soil 
moisture content. 

Figure 1. Study area (Xinjiang Uygur Autonomous Region, China). The inset image is the surrounding
area of the Fukang City and locations of fifty-one soil samples were taken.

2.2. Field Measurement Data

In the ground soil moisture sampling, taking into account the impact of the cloud cover on the data
quality, whenLandsat transits, we carried out multiple ground sampling experiments, according to the
satellite transit time, to ensure the matching of the ground sampling time and the high-quality Landsat
image. Therefore, from the end of April to mid-July 2014, soil moisture observation experiments were
set up at the Fukang Experimental Stations of the Chinese Academy of Sciences, and the surrounding
areas. The test sites were located in the surrounding areas of the Fukang City, on the Northern slope of
the Tianshan Mountains, as shown in Figure 2. The main soil types in this area are tidal soil and lime
desert soil.

In order to ensure the spatial consistency of the location of the sampling area and the Landsat
pixel, we used a GPS device to select sampling areas, based on a comprehensive consideration of the
sample land cover type and the Landsat pixel position. We selected a total of fifty-one sampling areas,
with a minimum interval of one kilometer, between each sampling area. These sampling areas had
different land cover types, including cotton (n = 19), winter wheat (n = 8), spring maize (n = 14), bare
land (n = 8), and desert (n = 2). The size of each sampling area was 30 m × 30 m, which coincided with
the Landsat pixel range, and five points were selected within each sampling area, including the center
point. In each sampling area, five points of the GPS position information were first recorded, and
then a soil drill was used to separately collect soil samples from 0−10 cm of the soil surface. Finally,
soil samples from the five points were mixed and weighed, on site. The weights of the soils in each
sampling area, were recorded. The soil samples were taken back into the laboratory, in sealed bags,
and dried for 12 hours, in a 105 ◦C, constant, temperature drying chamber [53]. Each soil sample
weight was measured after the drying process. Equation (1) was used to calculate the gravimetric soil
moisture content.

W =
W1 −W2

W2
× 100 (1)
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where W is the gravimetric soil moisture content (%), W1 is the weight of the wet soil, and W2 is the
weight of the dry soil.

Finally, through the screening of the Landsat images during the sampling period, the image data
of the cloud cover on 12 June 2014 was only 0.06%. Finally, we used the soil sampling experiment data
from 12 June 2014 for index verification.
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calibration uncertainties of band 11 of the Landsat-8, the split window method is not recommended 
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Figure 2. The positions of the fifty-one soil moisture samples with different land cover types in the
surrounding areas of the Fukang City. Typical land cover types, such as desert, farmland, bare land,
wetlands, are marked with text in the map.

2.3. Satellite Image Data and Its Pre-Processing

In order to evaluate the dryness index proposed in this paper and to verify its applicability at
different scales, two types of satellite images were used in this study. The red (R) and near-infrared
(NIR) bands used in the study were obtained by the Landsat-8, with a medium resolution (30 m), and
the MODIS was obtained with a coarser resolution (250 m). The Landsat-8 image was used for the
evaluation of the proposed dryness index and dryness mapping in the surrounding areas of Fukang
City. In addition, MODIS data were used to generate a dryness map of Xinjiang, demonstrating the
applicability of the proposed index, on a large scale.

2.3.1. Landsat 8 Data

The cloud free Landsat-8/Operational Land Imager (OLI) L1T image, from 12 June 2014, was
downloaded from the United States Geological Survey (USGS) website to develop the proposed
index. The surface reflectance was calculated using the 6S atmospheric correction model. Due to the
calibration uncertainties of band 11 of the Landsat-8, the split window method is not recommended to
invert LST, as mentioned in Gerace et al., [54]. Band 10 of the Landsat-8 was used for the inversion of
LST, through the single-window algorithm in this research, as explained by USGS [55]. Furthermore,
the spatial resolution of Landsat-8’s thermal infrared bands was resampled to 30 meters, by the product
provider. Therefore, the spatial resolution of Landsat-8 imagery data used in this study was 30 meters.
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2.3.2. MODIS data

MODIS surface spectral reflectance products were used for mapping the dryness distribution
in Xinjiang, China. The Xinjiang Uygur Autonomous Region covers a large space and requires a
total of six scenes to achieve regional coverage (Path 23–25, Row 04–05). MOD09A1 contains surface
reflectance of Terra MODIS Bands 1–7, and its temporal granularity was eight days. All MODIS
products were geometrically and radiometrically corrected and were in a sinusoidal projection system,
downloaded from https://search.earthdata.nasa.gov/. The sinusoidal projection of the MODIS
products was converted to an Albers equal area projection with a WGS-84 datum, and the products
on the same date were mosaiced. All these processes were completed using the MODIS Reprojection
Tool (MRT). The georeferencing process was performed in ArcGIS 10.2, with a georeferencing error
less than 0.5–1 pixels. The products were extracted using the vector boundary of the Xinjiang Uygur
Autonomous Region. The spatial resolution of the MODIS09A1 reflectance product was 500 meters.

We selected 18 tiles of the MODIS image (h23v04, h23v05, h24v04, h24v05, h25v04, h25v05) from
2 June 2013, 2 June 2014, and 21 August 2014, to show the intra- and inter-annual differences in the
RDMI index, within the study area.

3. Method

Since the NIR–Red spectral space theory is the basis of the proposed dryness index, as well as
other indices, a brief explanation of the NIR–Red spectral space is provided in Section 3.1. Then,
the dryness indices based on the 2/3D space, which were used to compare the proposed index in the
surrounding areas of Fukang City, are discussed in Section 3.2. Finally, the new dryness monitoring
index is proposed in Section 3.3.

3.1. The NIR–Red Spectral Space

Due to vegetation canopies’ strong absorption in the red band and strong reflection in the
near-infrared band, the red and near-infrared bands in the remote sensing data are used to generate
various vegetation indices, such as the Ratio Vegetation Index (RVI), the Difference Vegetation Index
(DVI), and the NDVI. The NIR–Red spectral space and the spectral features were originally designed by
Richardson and Wiegand to construct the PVI [56]. Based on this theory, Price estimated the vegetation
amount from visible and near infrared reflectances [57].

In addition, Ghulam and Zhan found that the near-infrared spectral space contained information
on not only vegetation status, but also soil moisture [43]. PDI and MPDI were proposed on the basis
of this feature. In the triangular feature space (Figure 3a), because bare soils were not affected by
vegetation cover, their reflectivity in red and near-infrared bands are only affected by their moisture
content. With the decrease of soil moisture, the reflectivity of the red, and near-infrared bands increase,
forming one edge of the triangle in the NIR–Red spectral space, represented by the soil line (Figure 3a).
With the increase of vegetation coverage, the rate of increase of reflectance in the near-infrared band is
much higher than that in the red band. PVI uses the arbitrary, pixel to soil-line distance, to characterize
the degree of vegetation cover. The distribution characteristics of the pixels parallel to the soil line in
the triangular feature space are also used by Ghulam and Zhan to describe the connection with soil
moisture and to establish their dryness index. Zhan et al. developed the Soil Moisture Monitoring
by Remote Sensing (SMMRS) model, based on the distribution characteristics of the near-infrared
and red spectral spaces, for dryness monitoring [58]. This model is relatively simple, but the mixed
information of soil and vegetation was not considered.

PDI has been verified to be very effective in soil moisture monitoring over bare soils, but similar
to SMMRS its performance is greatly reduced in areas with dense vegetation. MPDI has been validated
with in-situ soil moisture measurements in the Henan province of China [45]. The characteristics
of vegetation and soil moisture in the NIR–Red spectral space were widely used in the studies of
Amani and Mobasheri [59,60]. In particular, TVMDI has been verified with Australia’s Yanco and

https://search.earthdata.nasa.gov/
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Iran, as research areas. The above-mentioned indices, based on this feature space, are listed in Table 3.
From the application of this feature space, it has a good performance in practical applications, such as
vegetation conditions and soil moisture monitoring.

Table 3. The dryness monitoring indices based on 2/3D space.

Dryness Index Indicators Remote Sensors Verification Area References

PDI

Red band
(0.63–0.69 µm)
Near infrared
(0.77–0.90 µm)

Landsat-7 ETM+ The Shunyi Remote Sensing
Experimental Base, Beijing, China [61–63]

MPDI

Red band
(0.63–0.69 µm)
Near infrared
(0.77–0.90 µm)

Landsat-7 ETM+ The Shunyi Remote Sensing
Experimental Base, Beijing, China [64,65]

Red
(0.62–0.67 µm)
Near infrared
(0.84–0.87 µm)

MODIS Ningxia Huizu Autonomous
Region of China

TVDI NDVI and LST
NOAA-AVHRR Senegal river valley in Senegal

Sichuan Basin
[66,67]MODIS Fuxin, China

Landsat TM/ETM+ Northern China

TVMDI NDVI, LST and MPDI
Landsat-8 OLI Yanco

[49]MODIS AustraliaIran
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Figure 3. (a) The triangle distribution characteristics in the near-infrared (NIR)–Red spectral space.
(b) The PVI and soil moisture (SM) iso-lines [49]. NIR and Red represent near-infrared and red band
reflectance, respectively.

3.2. Satellite-Based Dryness Indices

3.2.1. PDI

PDI is a dryness monitoring index considering the NIR–Red spectral space under different soil
moisture conditions, as follows:

PDI =
1√

M2 + 1
(Rred + MRNIR) (2)
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where Rred and RNIR are the reflectance values of the red and near-infrared bands, respectively, and M
indicates the slope of the soil line equation that is defined according to the conditions in the study area.
The definition of soil moisture in PDI development is explained by Figure 4. L is a line passing through
the origin of the spectral space and is perpendicular to the soil line. The distance from a random pixel
to L can be represented as the degree of dryness in the region that the pixel belongs to. Generally
speaking, as the distance of a random pixel is closer to L, the dryness value is closer to 0, indicating
that the regions are either water bodies or extremely wet areas.
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3.2.2. MPDI

In order to eliminate the influence of vegetation in the PDI, and improve soil moisture monitoring
accuracy, Ghulam et al. introduced the vegetation fraction concept and proposed MPDI, on the basis of
PDI. This index can effectively reflect soil moisture in areas with different kinds of vegetation coverage.
The equation of MPDI is calculated as follows:

MPDI =
Rred + MRNIR − fv(Rv,red + MRv,NIR)

(1− fv)
√

M2 + 1
, (3)

where Rred and RNIR are the reflectance values of red and near-infrared bands, respectively; M indicates
the slope of the soil line equation which is defined according to the conditions in the study area; fv is the
vegetation cover fraction, which can be estimated with various methods, such as neural networks [68],
linear spectral mixture decomposition [69], and vegetation indices [70]; and Rv,red and Rv,NIR are the
red and near-infrared reflectances of vegetation, which are set to 0.05 and 0.5, by field measurements,
respectively [44].

3.2.3. TVDI

TVDI is a dryness index based on the empirical parameterization of the relationship between
the surface temperature and vegetation index in the NDVI-LST triangle space, as shown in Figure 5.
Its definition is as follows:

TVDI =
Ts − Tsmin

a + bNDVI − Tsmin

, (4)
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where Tsmin is the minimum surface temperature in the triangle space that represents the wet edge;
Ts and NDVI are the surface temperature and NDVI values for a given pixel, respectively, which are
estimated using remote sensing; a and b are the linear fitting parameters of the dry edge, which can be
calculated using the maximum surface temperature values, at a given NDVI, as follows:

Tsmax = a + bNDVI, (5)
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3.2.4. TVMDI

TVMDI is constructed in a three-dimensional space integrating normalized land surface
temperature (LSTnorm), normalized soil moisture (SMnorm), and vegetation status (PVI), which are
commonly used for dryness assessment (Figure 6), as follows:

TVMDI =

√√√√LST2
norm + SM2

norm +

(√
3

3
− PVI

)2

, (6)

SM are calculated as follows:

SM =
RNIR + Rred

M − b√
1 + 1

M2

, (7)

where Rred and RNIR are the reflectances of near-infrared and red bands, after atmospheric correction,
and M, b, are the slope and the intercept of the linear-fitting formula of the soil line, respectively.
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Figure 6. The definition of Temperature–Vegetation–Soil Moisture Dryness Index (TVMDI). TVMDI is
based on PVI, LST, and SM as the axis of the three-dimensional space. The TVMDI value is defined as
the square root of the square sum of PVI, LST, and SM at the pixel position [49].

All of the above-mentioned dryness indices have their own strengths and weaknesses. PDI and
MPDI make full use of the spectral characteristics of soil, under different water conditions, but the PDI
index does not take the impact of vegetation cover into account. MPDI introduces the vegetation cover
factor to overcome PDI’s shortcoming under medium and high vegetation cover conditions. However,
in practical applications, the vegetation coverage factor shows uncertainty, due to the use of empirical
parameters, in the calculation [62,71]. TVDI introduced land surface temperature and vegetation
indices to estimate dryness status, but underutilized the information of red and near infrared bands.
In addition, the estimation of TVDI is influenced by the uncertainties of land surface temperature and
the NDVI inversion process. TVMDI assesses dryness status by comprehensively considering the land
surface temperature, vegetation coverage, and soil moisture. However, the method of TVMDI for soil
moisture evaluation uses the theory of PDI, and uncertainties caused by the mixed information of
vegetation and soil still exist.

3.3. The Proposed Ratio Dryness Monitoring Index (RDMI)

As shown in Figure 3, the NIR–Red spectral space contains rich information on vegetation
coverage and soil moisture. The low reflectance in the red band and high reflectance in the near
infrared band is a typical spectral feature of a healthy vegetation. Richardson and Wiegand proposed
the PVI, based on the distance of a given pixel to the soil line in the NIR–Red spectral space, to express
the vegetation coverage. The distribution of the pixels on the PVI isoline that have the same vegetation
coverage condition, is mainly affected by soil moisture and leaf water content of the vegetation [43].
The lower the reflectance in the red and near infrared bands of a given pixel, the closer the pixel is to
the lower left in the PVI isoline and the less water stress the vegetation has, and vice versa.

As discussed above, it can be seen from Figure 7 that the line AB is the soil edge and that the line
AC represents the smallest water stress areas under various vegetation coverage conditions. AC and
BC are defined as the wet edge and the dry edge, respectively.

The position of a random pixel in the approximate triangle, formed by AB, AC, and BC, contains
two kinds of information. The first is the vegetation coverage conditions that are expressed as the
distance from a given pixel to the soil edge (AB). The second is the water stress status under the same
vegetation coverage conditions, which can be expressed as the ratio of the distance from a given pixel
to the wet edge (AC) and the distance from the wet edge to the dry edge (BC).
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3.3.1. The Edges of the Triangle Extractions

According to the above discussions, in order to express the water stress state under different
vegetation coverage conditions, it is necessary to extract the pixels on the three sides in the scatter plot,
for the fitting of the soil edge and the wet edge, respectively. The least squares linear regression was
used for the determination of the parameters of the three edges, so as to balance the accuracy of the
edge fitting and the performance of the algorithm.

(1) Soil edge:
In the case of the same reflectance in the red band, the reflectance of bare soil in the near infrared

band is always lower than that of the vegetation, because of the physical properties of the vegetation
leaves [43]. In order to determine the parameters used to describe the soil edge, pixels with the
minimum near-infrared reflectance values corresponding to each red reflectance value, were extracted
as the bare soil pixel set. Then, the parameters were calculated, using the least squares linear regression
method, with the extracted bare soil pixel set. The soil edge equation can be formed as the following:

RNIR = SsoilRred + Isoil , (8)

where RNIR and Rred are the reflectance values of the near infrared and red bands of the bare soil pixel
set, and Ssoil and Isoil are the slope and intercept of the soil edge equation, respectively.

(2) Wet edge:
It can be seen from Figure 7 that, due to the growth of vegetation and the expansion of vegetation

coverage in a given pixel, the near infrared band reflectance increases, and the red band reflectance
decreases. The reason for this can be analyzed in two aspects. First, the sufficient water content that
is required for the growth of vegetation has a strong absorption in the red band, reducing the red
band reflectance. Second, the leaf cell structure has a stronger reflection and transmission ability in the
near infrared band than the bare soil, increasing the reflectance value in the near infrared band [43].
From the above analysis, we can assume that pixels closer to the near infrared axis are not affected by
water stress, and are then defined as the “wet edge”. Pixels with the minimum red reflectance values
corresponding to each near infrared reflectance value were extracted as the wet pixel set. After that,
the least squares linear regression method was introduced to extract the parameters of the wet edge
equation, with the wet pixel set. The wet edge can be described as the following:

RNIR = SwetRred + Iwet, (9)
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where RNIR and Rred are the reflectance values of the near infrared and red band of the wet pixel set,
and Swet and Iwet are the slope and intercept of the wet edge equation, respectively.

(3) Dry edge:
To determine the dry edge, we must first define the positions of the three points of the

triangle. According to the application of the triangle characteristics in the spectral space in previous
studies [43,56], the following steps are used to determine the positions of the three vertices of the
triangle. First, point A, which represents the wettest bare soil, was the cross-point of the wet edge and
the soil edge. Second, point C, which represents the densest healthy vegetation canopies, was calculated
using the wet edge equation and the highest near-infrared reflectance in the wet boundary point set.
Third, point B, which represents the driest bare soil, was calculated using Equation (7) and the highest
red reflectance. According to the positions of B and C, the values of Sdry and Idry in Equation (10),
which define the dry edge, can then be calculated. Finally, the mathematical description of a triangle
space including all pixels was created.

RNIR = SdryRred + Idry, (10)

3.3.2. Constructing RDMI

Based on the extracted triangular boundary, as shown in Figure 8, we can construct a line passing
through a given pixel P (Rnir, Rred), paralleling the soil line. According to the definition of PVI [56],
all the pixels on this line have the same PVI values, which means that they have the same vegetation
condition. This line intersects with the wet and the dry edges in D and E, respectively. Based on
the above discussion, the position of a point on this line depends on its soil moisture condition.
Point D represents the absence of water stress, under this vegetation condition, while point E can
represent the maximum water stress situation. The distance DP can represent the difference in the soil
moisture situation of point P with point D. Therefore, the degree of dryness, under a certain vegetation
coverage condition, can be expressed as the ratio of the distances of DP and DE, as shown in the
following formula:

RDMI = distDP/distDE, (11)

Pixels near point D representing the highest soil moisture of this PVI level, will have the minimum
dryness values (0), and point E represents the maximum dryness value (1). That is, a larger RDMI
value represents, more dryness and less soil moisture, and vice versa.
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3.3.3. Implementing RDMI with Landsat-8

Taking the Landsat-8 data of 12 June 2014 as an example, the RDMI value can be calculated using
the band 4 and band 5 reflectance values of the Landsat-8, based on the following steps, as shown in
Figure 9.

(a) The pixels on the triangle boundary can be extracted according to the method mentioned
in Section 3.3.1. As shown in Figure 10, each pixel in the imagery can be represented by a point
which is described by its red and near infrared reflectance values. The pixels of the entire imagery
can be abstracted into a n*2 array (n is the number of pixels). According to the value of the red band
reflectance, the array is sorted and evenly divided into m groups and, m is decided using the quantity
of the imagery and computational efficiency. For each group, the point which has the minimum
near-infrared value is selected, and these points form the soil-edge point set. Using the same method,
according to the near infrared reflectance values of the points, the array is sorted and divided into
groups, and the points with the minimum red reflectance value in each group form the wet-edge
point set.

(b) Ssoil, Isoil, Swet, Iwet were calculated using the least squares method, based on the point sets
extracted. Based on the extracted points sets, Sdry, Idry can be calculated using Equation (9).

(c) For a random point P (RNIR,P, Rred,P) in the spectral space, we can define a line with a slope of
Ssoil passing through this point. The intersection points D and E with the dry edge and the wet edge
can be obtained by solving the intersection of Equations (9) and (10), respectively. distDP and distDE
can be calculated using Equation (12).

distp1,p2 =

√(
Rred,p1 − Rred,p2

)2
+
(

RNIR,p1 − RNIR,p2
)2, (12)

distp1,p2 is the distance of point p1 and point p2, Rred,p1 and Rred,p2 are the red band reflectances of
point p1 and point p2, and RNIR,p1 and RNIR,p2 are the near infrared band reflectances of p1 and point
p2. The RDMI value of point P can be calculated using Equation (11).



Remote Sens. 2019, 11, 456 15 of 28

Remote Sens. 2019, 11, 456 15 of 28 

 

 

Figure 9. Flowchart for calculating the RDMI. (a) Establishment of the NIR–Red spectral space, (b) 
extracting the triangle boundary point set, and (c) the triangle boundary fit according to the point set, 
and calculation of the RDMI. 

Figure 9. Flowchart for calculating the RDMI. (a) Establishment of the NIR–Red spectral space,
(b) extracting the triangle boundary point set, and (c) the triangle boundary fit according to the point
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In summary, PDI, MPDI, and TVMDI are based on the dryness index established by the
distribution characteristics of the soil moisture in the NIR–Red spectral space. Based on the same
spectral space, this paper discusses the distribution of soil moisture in the feature space and establishes
the RDMI index. TVDI is a simple land surface dryness index based on NDVI and LST, which is realized
by calculating the distance between a certain pixel and the cold and hot boundaries. The proposed
index is also established from the perspective of the distribution characteristics of soil moisture in
a two-dimensional space. Therefore, in this paper, PDI, MPDI, TVDI, and TVMDI, as the indices
based on multi-spectral data, are used to compare with RDMI, to evaluate the effectiveness of RDMI.
To evaluate the results, the Pearson correlation coefficients (r) were chosen to estimate the strength
of the linear relationship between in situ data and the estimated dryness index values, the r results
were assessed at 0.001 significance level (P indicates the P-value in this paper) [49]. By comparing the
correlation coefficients between the different indices and the measured data, the sensitivity to dryness
was compared.

4. Results and Discussions

4.1. RDMI Vs. In Situ Measured Data

In order to evaluate the sensitivity of RDMI, with the soil moisture, we used 26 soil moisture
samples from the in situ soil moisture data to analyze the correlation between RDMI and soil moisture.
The results showed that there was a significant negative correlation between RDMI and soil moisture
(r = –0.89, p < 0.001), as shown in Figure 11a. In other words, as the soil moisture decreases, the RDMI
value increases.

To further illustrate the relationship between RDMI and soil moisture, we performed a linear
fit between the RDMI and in situ data, to obtain a linear equation. Based on this linear equation, we
calculated the simulated soil moisture (SMestimate) for the remaining 25 sample locations. We assessed
the performance of this relationship between the SMestimate and the in situ soil moisture (SM), using
the root mean square error (RMSE) and coefficient of determination (R2). As shown in Figure 11b,
the RMSE was 2.99%, and the R2 was 0.76. SMestimate showed a strong correlation with in situ soil
moisture data, which means that a change in the RDMI value well reflected a change in the soil
moisture levels.
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between the estimated soil moisture content and the in situ soil moisture content.

4.2. RDMI Vs. Other Satellite-Based Dryness Indices

In this section, a comparative study among the RDMI and several existing dryness indices based
on remote sensing, including the PDI, MPDI, TVDI, and TVMDI is presented, by calculating each
correlation coefficient, slope, intercept, and RMSE of the linear regression, with in situ soil moisture
content data (Table 4).

Table 4. The correlation coefficients, slope, intercept, and RMSE of RDMI, Perpendicular Drought
Index (PDI), Modified Perpendicular Drought Index (MPDI), TVDI, and TVMDI, under different land
cover conditions (n is the amount of in-situ data under this land cover).

RDMI PDI MPDI TVDI TVMDI

Total
(n = 51)

r −0.89 −0.72 −0.74 −0.84 −0.87
Slope −0.04 −0.03 −0.03 −0.03 −0.03

Intercept 0.92 0.87 0.89 0.89 0.81
RMSE 0.09 0.17 0.14 0.11 0.11

Winter wheat
(n = 8)

r −0.76 −0.60 −0.65 −0.64 −0.73
Slope −0.03 −0.04 −0.04 −0.02 −0.03

Intercept 0.79 1.08 1.14 0.72 0.86
RMSE 0.08 0.19 0.15 0.09 0.09

Cotton
(n = 19)

r −0.64 −0.26 −0.47 −0.61 −0.62
Slope −0.05 −0.05 −0.02 −0.03 −0.03

Intercept 1.01 1.01 0.78 0.91 0.87
RMSE 0.09 0.17 0.13 0.11 0.10

Spring maize
(n = 14)

r −0.69 −0.50 −0.41 −0.55 −0.65
Slope −0.02 −0.02 −0.04 −0.02 −0.03

Intercept 0.77 0.80 1.09 0.84 0.75
RMSE 0.09 0.14 0.12 0.10 0.09

Bare land
(n = 8)

r −0.68 −0.56 −0.53 −0.41 −0.50
Slope −0.02 −0.01 −0.01 0.01 0.03

Intercept 0.76 0.81 0.85 0.79 0.87
RMSE 0.06 0.17 0.08 0.11 0.08

The number of samples with land cover for the desert was only 2, and the correlation coefficient was not calculated.

In order to distinguish the dryness monitoring ability of each index, we analyzed the correlation
between the values of each index and the in-situ soil moisture data, under different land cover
conditions, as shown in Table 4. The results for all samples indicated that the RDMI shows the
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strongest linear correlation with soil moisture content data measured in situ, with an r value of −0.89,
followed by TVMDI, with an r value of −0.87. The results of the samples under different land cover
conditions indicated that RDMI showed a strong correlation with in situ data, under both varied
vegetation cover and bare soil conditions. PDI and MPDI showed strong correlation with in situ data
under different bare soil conditions. The correlation between TVMDI and in situ data under different
vegetation coverages, was second only to RDMI, but, in varied bare soil conditions, the correlation
was weaker than in that of other indices. RDMI has a stable response to soil moisture under different
land cover conditions, which is better than other dryness indices. This result could be attributed to
two aspects. First, the RDMI is constructed on the basis of two variables which reflect the status of
vegetation and soil moisture intuitively. Second, the distribution of pixels in the NIR–Red spectral
space is mathematically determined.

TVMDI uses the three indicators of LST, NDVI, and SM for a regional dryness assessment.
The results showed a high correlation with the measured soil moisture, but there were three issues
to be considered. First, there was an inherent correlation between the three variables. A change
in one indicator would cause another indicator to change. The impact of this intrinsic correlation
on TVMDI should be explored further [49]. Second, TVMDI uses NDVI to characterize vegetation
status. A disadvantage of the NDVI, i.e., being saturated in areas with high vegetation coverage, will
affect the TVMDI result, over these areas. Third, the LST inversion uses a single-channel algorithm.
The real-time atmospheric profile data required in this algorithm is often difficult to obtain for most
study areas. Due to the spatial resolution differences between the thermal infrared sensors and visible
near infrared sensors, all LST products must be resampled to ensure consistency with other spatial
data resolutions [72]. Uncertainty in the LST inversion process can further accumulate in the TVMDI.

Other dryness indices, such as the TVDI, the PDI, and the MPDI showed a relatively weaker
correlation with the measured soil moisture data (Table 4). TVDI uses the vegetation index and
surface temperature as variables for constructing the LST-NDVI space.Thus, it is more sensitive to
the uncertainty of remote sensing-based inversion, as compared with TVMDI. Among all the indices
examined, PDI showed the least significant correlation with the measured soil moisture data (r =−0.72,
p < 0.001), and its application for vegetated surfaces is limited, due to the mixed pixel phenomenon [73].
Compared with PDI, MPDI showed a slightly stronger correlation (r = −0.74, p < 0.001) with measured
soil moisture data, which could be attributed to the mixed pixel decomposition elimination of the
vegetation component [45]. Soil types and properties are diverse in different areas, as are vegetation
types and conditions, but most studies using the MPDI method used fixed parameters, such as the
slope of the soil line and the vegetation reflectance of the red and near infrared bands [65]. Such
treatment greatly affects the practical applications of MPDI to different regions and at different scales.

Compared with the existing remote sensing-based dryness monitoring index, RDMI is calculated
based on the red and near-infrared band reflectance values, directly acquired using satellite sensors,
which avoids the accumulation of errors in LST, NDVI, and other inversion processes. Through the
mathematical description of the triangular feature space, RDMI explained the variation of soil moisture,
under different vegetation conditions.

4.3. RDMI Dryness Maps with Landsat 8 and MODIS Imagery

4.3.1. Dryness Indices Map with Landsat 8 Data

In order to analyze the difference in the dryness monitoring ability between RDMI and other
dryness indices, including PDI, MPDI, TVDI, and TVMDI, in the area around Fukang, we used the
Landsat-8 data to map the dryness indices in this area (Figure 12). In order to facilitate comparison
among these indices, all the mapping results were normalized using Equation (13).

Inormalized = (Xi − Xmin)/(Xmax − Xmin), (13)
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where Inormalized is the normalized dryness index value, is the dryness index value, and Xmax and Xmin
are the maximum and minimum of the dryness index values.
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(All the dryness values in these maps were normalized. The spatial resolution of these maps is 30 m).

Figure 12 shows the dryness of each index in the area around Fukang. The larger the index
value in these figures, the higher the surface dryness. Among them, RDMI, TVDI, and TVMDI can
clearly distinguish between different land cover types. As irrigation is the main supplier of soil
moisture under arid conditions [74], compared with bare land, desert, the cropland has been effectively
replenished with water. Therefore, its dryness value is low, and the soil is moist. The dryness values
of PDI and MPDI are not significantly different, under different land covers. Figure 13 shows the



Remote Sens. 2019, 11, 456 20 of 28

frequency distributions of the dryness map of these indices. From the statistical distribution of the
frequency, RDMI pixels were normally distributed in the range of 0.1–0.7, and the number of pixels
with a pixel value of 0.4 was the greatest. RDMI could describe the spatial difference of regional
dryness distribution. The pixel values of TVMDI were distributed between 0.1–1, but a large number of
pixels were concentrated in the high value range. There were two peaks in the frequency distribution
of TVDI. In combination with the information in Figure 12e, the TVDI value in the desert area was
abnormally high. PDI pixels were distributed in the value range of 0.5–0.9, and the dryness of this
region was significantly overestimated. MPDI was mainly concentrated between the range of 0.15 and
0.4, and the dryness of this region was significantly underestimated. The MPDI’s ability to distinguish
dryness under different land cover conditions, was limited.
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It is worth noting that all dryness values of the TVDI in the Gurbantunggut desert, were high. In
fact, the soil moisture on the southern edge of the Gurbantunggut Desert was not as low as expected.
On one hand, due to the penetration of the snowmelt water in spring, the soil moisture content of
sand dunes might have been relatively high during this season. On the other hand, ephemeral plants
are widely distributed in this area, which is an important part of desert vegetation as it has a positive
effect on maintaining soil moisture [75]. This was faithfully displayed in the RDMI map. In summary,
the RDMI exhibited good dryness monitoring capabilities under different land covers, as compared to
other drought indices.

4.3.2. The RDMI Map with MODIS Data

To evaluate the applicability of the proposed RDMI over large-scale areas, two RDMI maps were
produced for the entire Xinjiang province, using two MODIS images that were acquired on 2 June 2013
and 2 June 2014.

Figure 14a shows the spatial distribution of RDMI on 2 June 2013. It can be seen that the RDMI
values are higher in the central area of the Tarim Basin and in the Northern Xinjiang Junggar Basin,
where the land surface is much drier than in other areas. Furthermore, the values are lower in the
Tianshan mountainous area and West of the Ili River Valley, which are relatively wetter than other areas.

As shown in Figure 15, the soil edge parameters of the three different dates were very stable,
the slopes of the soil edges were maintained between 0.91 and 0.92, and the intercept changes were
negligible. The slopes of the wet edges had tiny variations among these dates, but it is intuitively seen
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from Figure 16 that this change had an insignificant effect on the characteristic of the wet edges in the
spectral space.

The RDMI values in North of the Altay region, Tacheng, Yumin, and the Northern area of the
Kunlun Mountains were relatively low, which means that the soil in these areas was moist. Through the
analysis of the spatial distribution characteristics of RDMI in Xinjiang, it could be seen that the RDMI
values in the growing season of Xinjiang’s mountain forests and the main cultivated areas, maintained
a low level, indicating that the soil moisture remained relatively high. As the supply of water resource
in Xinjiang mainly comes from precipitation, snow, glaciers, and groundwater in mountain areas,
the spatial distribution of water resources in Xinjiang is extremely uneven [76]. The vertical zonal
distribution of dry and wet conditions in Xinjiang is relatively obvious [77]. The northern slope of the
Tianshan Mountains, the Ili River Valley, and the Southern slope of Altay were relatively humid, while
the Taklamakan Desert and the Gurbantunggut Desert were dry [78]. The dry and wet conditions
reflected by the RDMI mapping, based on the MODIS images were consistent with the actual dry and
wet patterns in Xinjiang.

Figure 14c shows the RDMI distribution on the 2 June 2014. In the spring and summer of 2014,
most areas of Xinjiang were dry, because the temperatures in Northern Xinjiang, the Tianshan Mountain
area, and the Southern Xinjiang, were higher than that in the previous years, and precipitation in the
whole region was lower in the spring of 2014. The Ili River Valley suffered the most severe drought
in the past 60 years, and the southern Xinjiang had the least precipitation for the same period of six
consecutive months [79]. As can be seen clearly, the RDMI values of 2014 in the Ili River Valley, Aksu,
Kashgar, and Hotan areas were higher than that on the same date of 2013. Figure 14d shows the RDMI
difference results, for the same period, between the two years. The RDMI spatial distribution of the
entire Xinjiang province in 2014, compared to 2013, Tacheng, Ili River Valley, the Northeastern Tarim
Basin, and the Eastern section of the Northern slope of the Tianshan Mountains, was significantly dry.
In contrast, the Northern part of the Tarim Basin obviously became wetter.

As shown in Figure 14e, since the end of August, the RDMI values in the Altay, Tacheng, Tianshan
North Slope Economic Zone, Ili River Valley, Hotan, and Aksu regions were low, indicating that
the soil moisture was high. The RDMI values were higher in the Gurbantunggut Desert and in the
Taklimakan Desert. Compared with June 2 of the same year (Figure 14f), the RDMI values in most
areas of the Xinjiang region did not change much. In the major agricultural areas, such as the Tacheng
area, the Northern slope of the Tianshan Mountains, the Ili River valley, the Hotan area, and the Aksu
area, the RDMI values became lower, which means the soil became wetter. This is related to irrigation
in Xinjiang, in mid-August.

To further illustrate the ability of RDMI for dryness monitoring, we performed a comparison of
the frequency distribution of RDMI maps, for the three dates. As shown in Figure 16a, the frequency
distribution of the RDMI values shifted to the high-value area on 2 June 2014, compared with 2 June
2013, and the number of high-value pixels was significantly higher than that on 2 June 2013. This shows
that Xinjiang, on 2 June 2014, was drier than that on 2 June 2013. As shown in Figure 16b, the frequency
distribution on 21 August 2014, was more evenly distributed between 0.2 and 0.6, compared to 2 June
2014, and the peak was significantly lower. This shows that Xinjiang’s dryness on 31 August 2014 had,
eased as compared to the dryness levels of 2 June 2014.



Remote Sens. 2019, 11, 456 22 of 28
Remote Sens. 2019, 11, 456 22 of 28 

 

  
(a) (b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 14. The RDMI maps of the Xinjiang province and the differences in dryness in spatial 
distributions. (a) RDMI map for June 2, 2013; (b) illustration of the Xinjiang area; (c) RDMI map for 
June 2, 2014; (d) the RDMI difference on the same date of different years; (e) RDMI map for August 
21, 2014; (f) the RDMI difference on the different date of the same year. 

Figure 14. The RDMI maps of the Xinjiang province and the differences in dryness in spatial
distributions. (a) RDMI map for June 2, 2013; (b) illustration of the Xinjiang area; (c) RDMI map
for June 2, 2014; (d) the RDMI difference on the same date of different years; (e) RDMI map for August
21, 2014; (f) the RDMI difference on the different date of the same year.
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Land cover, regional climate, and soil properties affected soil moisture, and land cover might be
the most crucial factor determining the short-term, and eventually long-term, evolution of the soil
moisture fields [80]. Different land cover has different evapotranspiration conditions, which affect
soil moisture over time [81]. Figure 17 shows the distribution of RDMI mean values in different land
cover conditions in Xinjiang. According to the average RDMI distribution under different land cover
conditions, the average RDMI of agricultural land, including dry cropland and irrigated cropland, was
between 0.2 and 0.4, indicating that cropland soil was wetter than other land covers. With the decrease
of grassland vegetation coverage, RDMI gradually increased, indicating that the lower the grassland
coverage, the drier the soil. The RDMI of bare land and desert was high, indicating that the soil
moisture content was extremely low in these areas. According to the RDMI changes at different times,
under the same land cover conditions, the RDMI average values on 2 June 2014 increased for various
land cover regions, as compared to 2 June 2013, which showed that the soil moisture in Xinjiang on
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2 June 2014 was higher than it was on 2 June 2013. Similarly, the RDMI value on 21 August 2014 was
lower than that on 2 June 2014.
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5. Conclusions

Soil dryness poses serious health, social, economic, and political issues with far-reaching
consequences. Therefore, it is crucial to understand how soil dryness affects the environment. In this
regard, remote sensing methods have gained increasing attention, due to their larger spatial coverage
and frequent temporal sampling abilities. The combination of different bands of spectral reflectance
values can reflect the vegetation growth and soil moisture for a given region. Based on previous
studies on the spectral space, this paper proposed a new dryness monitoring index, named RDMI, and
verified it in the arid area. First, based on the NIR–Red spectral space, we analyzed the pixel triangular
distribution characteristics, proposed a fitting method for establishing triangle boundaries, and then
constructed a new dryness monitoring index. Second, we validated the proposed index using in-situ
soil moisture data. The results showed that the RDMI values had a strong correlation with the in situ
soil moisture values (r = −0.89, p < 0.001). Third, we used RDMI and other dryness indices, such as
PDI, MPDI, TVDI, and TVMDI to map the dryness spatial distribution of the surrounding areas of
Fukang City, with the Landsat-8 image. By comparing the correlation between the values of these
indices and the in-situ soil moisture data under different land cover conditions, we found that the
RDMI had a stable performance under various land covers. Finally, in order to verify the application of
this index on a large scale, MODIS data acquired from three dates were used to map and compare the
dryness spatial distribution in Xinjiang. The results showed that this index could reflect the changes in
dryness spatial distributions in Xinjiang, at different times.

The index proposed in this paper expressed the dryness state at a certain moment in a specific
region, and is an estimate of the dryness and wetness pattern at a specific time, taken with “snapshot”
characteristics. The comparative analysis of the dryness spatial distribution changes in Xinjiang, for the
three periods, showed that this index could reflect the change of regional dryness. In the future, we
will conduct a comparative study of the long-term sequence dryness spatial distribution, based on this
method, and will try to use this method to monitor the regional drought events. We can compare this
method with the widely used drought indices, such as PDSI and SPI, to expand the application scope
of this method. In addition, this paper used Landsat and MODIS data sources to verify the feasibility of
this method for medium resolution and coarse resolution remote sensing data. The results showed that
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this method had a good performance in dryness monitoring for different spatial resolutions. However,
because the acquisition times of these two data sources were different, and the soil moisture might
have changed in a short time, the correlation of the RDMI values on these two scales were not analyzed.
We will discuss this issue in a future long-term sequence study of RDMI.

In summary, the RDMI index could provide accurate surface dryness information and was robust,
for different scales and different surface cover conditions.
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