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ABSTRACT

Soil moisture (SM) has an important role in the earth’s water cycle and is a key variable in water resources management. Considering the

critical state of water resources in the Urmia Lake basin, northwest Iran, this study examined the potential for utilizing a variety of

remote sensing data and products, in conjunction with a promising downscaling method, to monitor soil moisture with a reasonable spatial

and temporal resolution, as a novel and effective tool for agricultural and water resource management. Accordingly, remote sensing products

of surface soil moisture were scaled to MODIS’s image scale (∼1 km) using the UCLA downscaling method and Temperature, Vegetation,

Drought Index (TVDI) values obtained from the scattering space method. Results showed that the LPRM, ESA-CCI, and GLDAS downscaled

images had the highest inverse correlation with the TVDI (best results) accordingly equal to �0.600, �0.787, and �0.630. Also, based on

the evaluation of the obtained results with the ground stations data, the LPRM and the ESA-CCI downscaled images had the best statistical

indices values accordingly in 2010 and 2014 that confirm the promising application of remote sensing soil moisture data (rLPRM (2010)¼ 0.92,

MAELPRM (2010)¼ 4.14%, RMSELPRM (2010)¼ 6.39% and rESA-CCI (2014)¼ 0.7, MAEESA-CCI (2014)¼ 2.23%, RMSEESA-CCI (2014)¼ 2.59%).
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HIGHLIGHTS

• Soil moisture spatio-temporal monitoring was carried out as an important step in the path of sustainable development.

• The research conducted on the downscaling of soil moisture radar products using MODIS images alongside scattering space and UCLA

methods proved their ability in various land uses.

• LPRM and ESA-CCI products were found to have the highest accuracy in monitoring soil moisture in the Urmia Lake basin.
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GRAPHICAL ABSTRACT

INTRODUCTION

Soil moisture (SM) is a major variable in the climate system, which controls the exchange of water, energy, and carbon flux
between the earth’s surface and the atmosphere (Ochsner et al. 2013). In global and regional water cycles, soil moisture is
also one of the key parameters related to evapotranspiration, runoff occurrence, soil permeability, and groundwater
recharge (Qiu et al. 2016). This ‘soil moisture’ is the water on the upper level of the soil profile and in the root zone

or vadose area. Surface SM has received considerable attention for improving the predictive skills of runoff models that
target flood risk prediction and/or water resource management (Entekhabi et al. 1999). For efficient irrigation management
and planning, a consistent estimate of SM from agricultural fields is required (Glenn et al. 2011; Lorite et al. 2012; Srivas-
tava et al. 2013b). Despite the importance of surface SM information, measured SM is present in only a limited number of
field sites worldwide. Many factors affect the spatial distribution of SM, such as topographic changes, soil types, vegetation,
climate, and aquifer water depth (Fernández-Prieto et al. 2012). On the other hand, because SM is highly variable in terms

of space and time, in situ observations of SM, such as probe observations or gravimetric measurements, do not provide
accurate and comprehensive information on the temporal and spatial distribution of SM and therefore are inappropriate
for regional or global applications. Therefore, large-scale monitoring of SM can only rely on space-based remote sensing
(Srivastava et al. 2013a, 2014). Although there are different types of remote sensing techniques for SM retrieval depending

on the different electromagnetic spectra used, such as thermal, microwave, and visible infrared spectra, the accuracy of the
prediction is ultimately determined by the soil moisture model.

The four dominant SM remote sensing methods based on spectrum characteristics are described below (Walker 1999;

Vicente et al. 2004)

• Passive microwave (e.g., microwave spectrometers): calculation of SM by measuring brightness temperature (Tb), soil

dielectric properties, and soil temperature.

• Active microwave (e.g., synthetic aperture radar – (SAR)): calculation of SM by estimating backscatter coefficient and
dielectric properties.
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• Visible: calculation of SM by determining soil albedo index of refraction.

• Thermal infrared: calculation of SM by measuring surface soil temperature.

The use of active microwave retrievals in measuring surface soil moisture is limited due to low temporal frequency and

extreme sensitivity to vegetation and surface roughness (Walker et al. 2004). Passive microwave retrieval is the most effective
method for soil moisture monitoring on a global scale due to the direct relationship between soil emissivity and soil moisture.
These observations are also valid and applicable in all weather and vegetation conditions. Many microwave radiometers such

as Special Sensor Microwave/Imager (SSM/I), Advanced Microwave Scanning Radiometer for EOS (AMSR-E), Soil Moist-
ure and Ocean Salinity (SMOS) are used for soil moisture monitoring. However, the main disadvantage of passive microwave
retrievals is their low spatial resolution, which is usually less than 25 km. Therefore, soil moisture retrieved with these obser-
vations is usually not sufficient for regional studies, and higher-resolution soil moisture monitoring is required (Kim & Hogue

2012). Methods have been developed to cover the reported limitations of microwave spectrum retrievals (low penetration in
some weather and vegetation conditions, surface roughness effects, temporal frequency, and coarse spatial resolution)
(Merlin et al. 2008; Kim & Hogue 2012). These methods generally fall into two categories: (1) Integration of passive and

active microwave soil moisture retrievals to improve the coarse spatial resolution of data (Liu et al. 2012) and (2) integration
of soil moisture data from microwave remote sensors and optical remote sensing soil moisture related products to achieve soil
moisture data with relatively fine resolution (Chauhan et al. 2003; Piles et al. 2011; Choi & Hur 2012; Zhao & Li 2013). Data

derived from optical remote sensors can provide detailed contextual information on the land surface. In this case, some
studies have been made to improve the spatial and temporal signatures of microwave soil moisture by merging with visible
and infrared (IR) products. These approaches have attracted significant attention since they do not require extensive ground-
based data or model-based output and are relatively easy to implement.

Besides surface soil moisture data derived from microwave sensors, land surface parameters derived from multispectral
optical remote sensing data have been used for estimating surface soil moisture since the early 1980s (Carlson et al. 1981,
1990, 1995; Patel et al. 2009; Rahimzadeh-Bajgiran et al. 2012; Leng et al. 2014). The normalized difference vegetation

index (NDVI) is the most generally used vegetation index (VI) for investigating vegetation growth standing and is commonly
declared as the greenness index, which indicates vegetation density and chlorophyll content of vegetation instead of the water
condition of an area. Therefore, so as to observe water stress, there’s a requirement for an additional sensitive indicator to

NDVI. The values of land surface temperature (LST) measured high in dry conditions because of the dearth of soil moisture,
and LST is used as a proxy for estimating the state of water stress. The NDVI and LST together will give crucial info on the
status of vegetation and soil moisture (Gillies et al. 1997; Sandholt et al. 2002; Wan et al. 2004). Following this path, many

studies have examined the appearance of a triangular or trapezoidal shape when drawing VI against LST (Carlson 2007). The
appearance of the LST/VI triangular space is due to the low variations of LST over vegetated areas, and the high variations of
LST in bare land areas (Sandholt et al. 2002). The focus of these studies is to analyze the biophysical characteristics enclosed
in the LST/VI scatter space and to establish a relationship between these biophysical characteristics and the estimation of

surface soil moisture (Carlson et al. 1990; Gillies et al. 1997; Petropoulos et al. 2009). Combining microwave retrievals
and optical spectrum products of soil moisture is the most generally used technique for downscaling the coarse spatial res-
olution of soil moisture data retrieved from microwave observations. The LST/VI triangle space based models are the

earliest and most commonly used methods. Based on the characteristics of the LST/VI feature space, Chauhan et al.
(2003) first integrated passive microwave observations of soil moisture and optical remote sensing products by using a down-
scaling factor created based on the relatively high spatial resolution optical remote sensing data to improve the spatial

resolution of soil moisture data. The method was straightforward to be enforced and commonly used since then (Ray
et al. 2010; Piles et al. 2011; Choi & Hur 2012). Merlin et al. (2009, 2010) developed a spatial downscaling method by
employing a semi-empirical soil evaporative efficiency model and integrating microwave retrievals of soil moisture and opti-
cal spectrum products, and this model is biophysically more accurate than the methods based on the LST/VI triangle space.

However, because it requires several field measured biophysical parameters, the Merlin method cannot be easily applied. Kim
& Hogue (2012) developed the UCLA1 method, which applied the soil wetness index (Jiang & Islam 2003) obtained from
MODIS2 images as the downscaling factor to achieve relatively fine resolution soil moisture data from the coarse resolution

1 University of California, Los Angeles.
2 Moderate Resolution Imaging Spectroradiometer.
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microwave retrievals of soil moisture. This study approved that the UCLAmethod had similar results to the Merlin method on

downscaling of the coarse spatial resolution surface soil moisture data.
Now, considering the very small number and dispersion of ground stations for measuring soil moisture in Iran and the

importance of knowing the spatial and temporal distribution of soil moisture in water resources and agriculture studies,

this study aims to estimate the soil surface moisture using remote sensing data in Urmia Lake basin. For this purpose, the
data of visible, near-infrared and thermal bands of MODIS sensor will be used. Radar data from AMSR-E, AMSR23, and
ESA-CCI4 satellites and LPRM5 and GLDAS6 models will be compared using the ground-based soil moisture data available
in the study area. The results of this study can be applied as a practical method for researchers in other basins and also as an

effective tool for policy makers and decision makers in the water resources and agriculture sector within the basin.

MATERIALS AND METHODS

The study area

The Urmia Lake basin is one of six major basins of Iran with an area of 51,876 km2 between the orbits 40°350 to 29°380 north
and east of the meridian of 13°440 to 53°470 located in the northwest of Iran. Figure 1 shows the geographical location and the

land use map of the Urmia Lake basin. The Urmia Lake basin is located in the provinces of East and West Azerbaijan and
Kurdistan. Its western border is the border heights of Iran and Turkey. The average annual rainfall varies from 350 to 600 mm
and its predominant regime is the Mediterranean with little summer rainfall. Sabalan and Sahand mountains with a height of

4,811 and 3,707 m, respectively, are the highest points of this basin and Lake Urmia with an average height of 1,280 m is the
deepest point of this basin. The main rivers of the basin are located in the southern half and the major ones are Aji Chai,
Zarrinehrood, Siminehrood, Mahabadrood, Barandozchai, Zolachai and Nazlichai. Also, note that the rivers in the northern

part have mainly small and low water basins.

Ground stations

Direct measurements of soil moisture at three ground stations in selected study areas were used to validate the remote sensing
data and the estimates made in this study. Soil moisture in these stations is recorded at different soil depths and on weekly,

Figure 1 | (a) Location of the Urmia Lake basin in Iran (MOD09A1 image dated 4 July 2010) and (b) land use map of the Urmia Lake basin.

3 Advanced Microwave Scanning Radiometer-2.
4 European Space Agency – Climate Change Initiative.
5 Land Parameter Retrieval Model.
6 Global Land Data Assimilation System
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daily, and hourly time scales. However, since the data and remote sensing methods used in this study estimate the soil moist-

ure at a depth of 5 cm of the soil, only data recorded at a depth of 5 cm were used for validation. In statistical evaluations, the
passing days of Terra satellite (MODIS sensor) were selected as the criterion and other observational data and remote sensing
data were selected only for the selected 8-day time series from MODIS sensor images. The specifications of the selected

stations and the statistical year of each station are given in Table 1.

Remote sensing data and models

The remote sensing data, its products and the earth data models used in this research are given in Table 2. Also in this table,
the specifications related to the name of the satellite or radar, sensor and model used in the relevant product, the developer
organization, as well as their spatial and temporal accuracy are given. The last column of this table lists the statistical year

used for each product. The time series selected for all this data and products is the 8-day time series of MODIS sensor pro-
ducts (MOD09Q1 and MOD11A2) for both 2010 and 2014 from Julian day 65 (corresponding to March 6) to Julian day 265
(corresponding to September 22) and a total of 26 images were selected.

Remote sensing indices and methods

The NDVI

This index indicates the density of vegetation in the area and is calculated using bands 1 and 2 of MOD09Q1 images (Table 2)

as follows (Du et al. 2017):

NDVI ¼ r2 � r1
r2 þ r1

Table 2 | Specifications of remote sensing and earth model data and products used in soil surface moisture remote sensing

Product Satellite/Sensor/Radar/Model
Spectral band/
product

Spatial
resolution (m)

Temporal
resolution

Developer
organization Year

MOD09Q1 MODIS/Terra Bands 1 and 2 of
Modis

250 8 days NASA 2010,
2014

MOD11A2 MODIS/Terra LST 1,000 8 days NASA 2010,
2014

CCIa ERS-1/2, METOPb, TMI, SMMRc,
AMSR-E, SSM/I, Windsat

Soil surface
moisture

25,000 Daily ESA-CCI 2010,
2014

LPRM AMSR-E/Aqua Soil surface
moisture

25,000 Daily NASA 2010

LPRM AMSR2, GCOM/W1d Soil surface
moisture

10,000 Daily NASA, JAXA 2014

AMSR-E Aqua Soil surface
moisture

25,000 Daily NASA 2010

GLDAS-
Noahe

Ground and satellite data of various
sources

Soil surface
moisture

25,000 3 h NASA 2014

aClimate Change Initiative.
bMeteorological Operational Satellite Program.
cScanning Multi-channel Microwave Radiometer.
dGlobal Change Observation Mission – Water 1.
eGlobal Land Data Assimilation System/Noah.

Table 1 | Geographical characteristics of selected ground stations and statistical year used by each station in the study

Station Latitude Longitude Altitude (m) Year

Tabriz University Research Farm 38° 010 46° 260 1,670 210

Khosrowshah Meteorological Station 37° 580 46° 020 1,338 2014

Miandoab Meteorological Station 36° 580 46° 030 1,300 2014
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In this equation, ρ1 is the spectral reflectance of band 1 (bandwidth 620–670 nm) and ρ2 is the spectral reflectance of band 2

(bandwidth 841–876 nm) of the mentioned images.

Land surface temperature

In this study, LST values are extracted from MOD11A2 images (Table 2) in °K.

LST/VI scatter plot diagram method (the triangular space method)

Numerous studies have been conducted to investigate the ability to use a combination of simultaneous remote sensing obser-

vations from the optical and thermal parts of the electromagnetic spectrum to extract surface soil moisture. Today, the ability
to determine soil surface moisture in heterogeneous land surfaces using vegetation index values (VI) and surface temperature
(LST) drawn in a two-dimensional space relative to each other (LST/VI scatter diagram) and mainly this space by a triangular

amplitude is limited (provided that the full range of vegetation and soil moisture is shown in the data) (Carlson et al. 1995;
Sandholt et al. 2002; Kato & Yamaguchi 2005; Wang et al. 2006; Hassan et al. 2007; Stisen et al. 2008; Patel et al. 2009;
Shakya & Yamaguchi 2010; Petropoulos & Carlson 2011; Sobrino et al. 2012). Figure 2 shows the concept of the dependence

of the ratio of soil temperature and vegetation on soil moisture. In the LST/VI scatter plot, the vertex of the triangle corre-
sponds to an area with complete vegetation, while the base of the triangle corresponds to bare soil. The space between the
vertex and the base of the triangle, which is most of the space of the triangle, is related to the surface of lands with variable
vegetation. High-temperature pixels are related to dry soil conditions, while less scatter is observed in areas with wet soil con-

ditions. LST/VI space depends on soil moisture based on the assumption that LST is more dispersed in an area with bare soil
(especially on dry surfaces) than in an area with full vegetation (due to dispersion of soil moisture). Surface soil moisture
changes from the left of the base to the right of the vertex in the triangle based on the values of temperature and VI in

the transverse and longitudinal axes of the coordinates, respectively.

The Temperature, Vegetation, Drought Index

Various methods and indices have been developed to relate the characteristic LST/VI scatter space to surface soil moisture.
One of these indicators is the Temperature, Vegetation, Drought Index (TVDI) which is defined as follows (Du et al. 2017):

TVDI ¼ LST � LSTmin

LSTmax � LSTmin

Figure 2 | Scatter space of land surface temperature in front of the VI (Peng et al. 2013).
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In this equation, LST is the land surface temperature in °K and LSTmin and LSTmax values are calculated as follows (Du

et al. 2017):

LSTmin ¼ aþ b NDVI

LSTmax ¼ cþ d NDVI

In which NDVI is the vegetation index (normalized vegetation difference index) and a, b, c, and d are the coefficients of the

linear equations of the wet and dry edges of the triangular space, respectively.

Downscaling method

In this study, in order to estimate the soil surface moisture with spatial accuracy equal to the spatial accuracy of MODIS
sensor (250 m), the values of soil surface moisture extracted from radar and model images (indicated in Table 2) with very

low spatial accuracy (equal to 25 and 10 km) were used as real observational values and the TVDI index was used as a
scale factor (which indicates the amount of soil surface moisture). The method used for downscaling is taken from the
study of Kim & Hogue (2012) and is called the UCLA method. In the UCLA method, the amount of soil surface moisture

with a spatial accuracy of 250 m MODIS is calculated as follows (Kim & Hogue 2012):

SMMODIS ¼ SMradar=model
TVDIMODIS

TVDIradar=model

 !

where SMMODIS and SMradar/model are equal to the soil surface moisture with spatial accuracy of MODIS and the actual soil
surface moisture extracted from the radar or model, respectively, and TDVIMODIS and TVDIradar=model are equal to the TVDI

index value with spatial accuracy of the MODIS and the average value of the TVDI per pixel of the corresponding radar or
model, respectively.

Statistical evaluation indices

The statistical indices used to measure the error and accuracy of the estimates made in this study are mean bias error (MBE),
mean absolute error (MAE), root mean square error (RMSE), concentrated root mean square error (CRMSE), model effi-
ciency (EF), and correlation coefficient (R) are defined as follows (Cho et al. 2017; Cui et al. 2018):

MBE ¼ 1
n

Xn
t¼1

(SMin�situ(t)� SMRS (t))

MAE ¼ 1
n

Xn
t¼1

jSMin�situ(t)� SMRS (t)j

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
t¼1

(SMin�situ(t)� SMRS (t))2

vuut

CRMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
t¼1

[(SMin�situ(t)� SMin�situ(t))� (SMRS (t)� SMRS (t))]
2

vuut

EF ¼
Pn
t¼1

(SMin�situ(t)� SMin�situ(t))
2 �Pn

t¼1
(SMin�situ(t)� SMRS (t))2

Pn
t¼1

(SMin�situ(t)� SMin�situ(t))
2

R ¼

1
n

Xn
t¼1

[(SMin�situ(t)� SMin�situ(t)) (SMRS (t)� SMRS (t))]

sSMin�situ(t) sSMRS(t)
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In these equations, SMin�situ(t) and SMRS (t) were equal to the observed value (from ground stations) and the estimated

value (from remote sensing data) for soil surface moisture, respectively, and the symbols ̅ and σ represent the mean value
and the standard deviation of the corresponding values, respectively. The statistical indices of MAE, RMSE, CRMSE (to
avoid possible biases) and model efficiency are used to measure the difference between the estimated and observational

data series. The MBE index shows the average estimation tendency to overestimate or underestimate the observed values.
A bias value of zero indicates that the estimation was able to predict the observed values well. Positive and negative
values also indicate overestimation and underestimation of the estimation method, respectively. The correlation coefficient
is also used to measure the relationship between two data sets.

RESULTS AND DISCUSSION

LST and NDVI

Figures 3 and 4 show some examples of spatial distribution maps of LST and vegetation index (NDVI). In the maps of June 26,

which corresponds to the middle of the growing season, the distribution of agricultural plains with the high NDVI values
(yellow and green areas in the NDVI maps) and the low LST values (yellow and orange areas in the LST maps). Of
course, it should be noted that on this date, some highland and mountainous areas have similar characteristics due to rela-

tively dense vegetation and low LST. In the NDVI map of September 6, the vegetation of these mountainous areas has also
decreased and the green and yellow areas are only agricultural plains. However, the LST is still low in the highlands and is
similar to agricultural plains.

Figures 5 and 6 show the temporal changes of the NDVI index and LST for 2010 and 2014 by land use classes. In the LST
diagram, the curve for water bodies with the least change is the smoothest curve, and the curves for barren lands and forests
have the highest changes. Also in this diagram, the lowest temperature is for water bodies and forests and the highest temp-

erature is for barren lands and rainfed agricultural lands. Irrigated agricultural lands are also almost in the middle of this

Figure 3 | Spatial distribution maps of land surface temperature. Please refer to the online version of this paper to see this figure in colour:
http://dx.doi.org/10.2166/ws.2023.002.
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chart, the surface temperature has increased with a relatively uniform slope until the Julian day 177 in these lands, and then it
has a constant trend and then decreased until the end of the season. In the NDVI diagram, the highest peak value is for forests

on Julian day 137, followed by irrigated agriculture, rainfed agriculture and rangeland with the highest NDVI values. As
expected, the lowest NDVI value is for barren lands. It is noteworthy that after Julian day 185, the amount of NDVI in forests
decreases significantly. However, in irrigated agriculture, after a slight decrease for NDVI, which is due to the decrease in the

Figure 4 | Spatial distribution maps of the vegetation index (NDVI). Please refer to the online version of this paper to see this figure in colour:
http://dx.doi.org/10.2166/ws.2023.002.

Figure 5 | Temporal changes of land surface temperature.
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greenness of the vegetation, the amount of NDVI remains almost constant until the end of the growing season, which is due

to the presence of vegetation on the ground.

The TVDI

Figure 7 shows examples of LST-VI scatter plots for both study years. The date of the plots was selected to cover the entire
study period at relatively regular intervals. The lines for the dry and the wet edges are also shown on these scatter plots. As

can be seen, in most cases, the triangular (or trapezoidal) space is well formed, which indicates a wide range of soil moisture
values in the study area. In many other studies, including Zhang et al. (2014); Carlson (2007); Murray & Verhoef (2007);
Petropoulos et al. (2009), the formation of the trapezoidal space of the LST-VI scatter plot instead of the triangular space

has been confirmed and reported.
Table 3 presents the coefficients of the linear equations of the dry and the wet edges as well as the correlation coefficient of

each corresponding linear fit. As reported in Yang et al. (2008), the temporal variations of these coefficients do not have a

specific order. In most cases, however, the slopes of the dry and wet edges have a similar trend, indicating that this scattering
space will always be triangular or trapezoidal. In most cases, the value of the correlation coefficient is close to 0.9, which
indicates the high accuracy of linear fitting of dry and wet edges.

According to the computational relations of TVDI index presented in the Materials and Methods section and by calculating
the linear equations of dry and wet edges in LST-VI scattering space, spatial distribution maps of the temperature-vegetation-
dryness index (TVDI) were obtained. Figure 8 shows the selected dates for both 2010 and 2014. All of these maps have been
classified based on what was mentioned in Materials and Methods section in order to evaluate and compare them with each

other. As can be seen, in 2014 the amount of land with severe and moderate drought is much higher than in 2010, which
indicates the occurrence of drought in 2014. Similar results have been reported in the study of Rostami et al. (2017),

Figure 6 | Temporal changes of the NDVI.

Figure 7 | LST-VI scatter plot diagrams on selected dates from 2010 to 2014.
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so that from the perspective of agricultural drought in 2014 in most areas of the Lake Urmia basin the moderate drought and

in 2010 in most areas the normal situation is estimated. However, TVDI values in both 2010 and 2014 showed similar trends
in spatial variation over the study period. Approaching the middle of the growing season (according to the middle dates), the
amount of land with severe and moderate drought is reduced and the amount of wet and semi-wet land is increased,

especially in agricultural and mountainous lands, although the rate of increase in 2010 was much higher. After that date,
until the end of the growing season, the amount of the TVDI in agricultural lands as well as rangelands and barren lands
will increase with decreasing greenness of vegetation and harvest of some agricultural products. In these maps, white

areas are related to water bodies such as Lake Urmia and reservoirs of dams, in which the TVDI is not defined.
Figure 9 shows the diagram of temporal changes of the TVDI value in different land use classes of the Urmia Lake basin

(except for water bodies) for both 2010 and 2014. Similarly, in both years, the forest class chart has the lowest TVDI values,
indicating the high amount of soil moisture in these areas. Also, the highest values of the TVDI at the beginning of the study

period are related to barren lands. In both years after Julian day 169, with the increase of rangeland vegetation in barelands,
its chart is closer to the chart related to rainfed agricultural lands and even in 2014 is below dry farming graph. Graphs related
to irrigated agricultural fields are slightly higher than pasture fields. From the middle of the growing season onwards with the

growth of agricultural products and the increase in irrigation amount in irrigated fields, the amount of the TVDI in these fields
decreases and is placed under the pasture graph. At the end of the study period, at the same time as harvesting crops and
cutting off irrigation (and thus reducing soil moisture) in irrigated agricultural lands, the amount of the TVDI in these

Table 3 | Values of dry edge (a1, a2) and wet edge (b1, b2) equations in the studied days of 2010 and 2014

Julian Day

a1 a2 b1 b2 R2 (dry edge) R2 (wet edge)

2010 2014 2010 2014 2010 2014 2010 2014 2010 2014 2010 2014

073 �6.18 �4.85 303.04 298.83 19.73 22.96 263.08 266.93 0.87 0.71 0.86 0.73

081 �4.72 �5.77 306.83 304.36 17.99 26.67 268.43 271.11 0.84 0.82 0.86 0.85

089 �8.67 �6.34 305.38 304.64 18.86 27.60 268.98 267.45 0.85 0.53 0.88 0.86

097 �10.92 �9.97 311.01 311.64 18.80 23.53 268.23 274.24 0.91 0.76 0.88 0.85

105 �10.96 �12.21 313.48 312.73 21.62 25.52 270.54 269.44 0.67 0.91 0.79 0.88

113 �7.50 �8.81 308.62 315.43 11.81 18.71 268.35 273.14 0.82 0.76 0.90 0.80

121 �11.77 �11.98 313.16 320.73 11.97 16.81 267.80 277.89 0.84 0.77 0.88 0.85

129 �15.81 �9.88 317.39 321.26 9.57 11.43 275.02 278.82 0.94 0.63 0.75 0.81

137 �12.23 �14.51 320.28 322.64 14.18 10.18 274.97 279.92 0.86 0.83 0.91 0.87

145 �14.32 �13.70 322.63 324.01 12.66 8.37 278.37 282.07 0.79 0.74 0.77 0.61

153 �14.40 �13.11 327.53 322.32 15.75 11.69 279.96 282.96 0.84 0.82 0.87 0.82

161 �16.49 �15.92 328.37 327.87 13.65 16.19 283.35 282.03 0.78 0.77 0.79 0.85

169 �13.53 �17.04 324.30 330.37 19.97 16.75 277.99 286.62 0.83 0.72 0.91 0.80

177 �12.37 �19.39 330.66 332.60 1.97 22.58 299.40 281.70 0.87 0.74 0.48 0.93

185 �13.33 �15.71 332.73 329.49 19.77 13.11 285.65 285.92 0.98 0.78 0.84 0.52

193 �18.04 �14.92 334.83 332.14 20.27 16.88 285.15 287.34 0.94 0.71 0.78 0.84

201 �20.79 �15.13 331.71 330.14 19.85 13.50 285.29 293.04 0.75 0.86 0.88 0.87

209 �11.80 �15.24 329.77 331.38 18.13 12.71 289.18 293.53 0.85 0.73 0.92 0.82

217 �16.94 �11.75 333.35 329.72 28.75 12.45 282.19 296.41 0.90 0.70 0.95 0.82

225 �17.57 �14.87 333.72 331.23 25.65 14.53 286.38 294.94 0.90 0.77 0.91 0.83

233 �22.70 �14.03 333.57 330.54 24.53 23.03 282.73 287.71 0.81 0.72 0.74 0.83

241 �14.87 �15.13 331.10 331.08 22.39 25.72 287.64 286.31 0.88 0.76 0.91 0.90

249 �12.43 �12.77 327.86 326.86 21.69 18.91 285.98 289.70 0.80 0.74 0.94 0.83

257 �16.25 �13.05 325.08 325.32 21.63 18.33 281.73 287.86 0.69 0.66 0.89 0.82

265 �18.53 �17.61 322.60 322.44 21.30 25.96 279.86 279.26 0.76 0.75 0.87 0.93
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fields is increasing and again approaches the TVDI diagram related to rangeland lands. As can be seen in these diagrams, the
trend of temporal changes of TVDI index is different in each land use class, in forest lands, increasing trend, in barren lands,
decreasing trend, and in agricultural lands (irrigated and rainfed) and rangeland, this diagram has both positive and negative

slopes. This means that the amount of TVDI in the whole basin does not have a clear temporal changing pattern. Also, the
fractures in these diagrams may be due to rainfall or irrigation in the relevant fields, which are similar to the results in the
study of Du et al. (2017) and Yang et al. (2008).

Surface soil moisture

Spatial distribution maps of soil surface moisture obtained from radar images and various models using the triangular method
and using the UCLA downscaling method for several samples from 2010 to 2014 are shown in Figure 10. Spatial accuracy in

Figure 8 | Spatial distribution maps of the TVDI.

Figure 9 | Temporal changes of the TVDI.
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all these maps is equal to 1 km, and for the 8-day time series from Julius 65 to 265 in both 2010 and 2014 years, the results
have been extracted. As shown in Figure 10, in 2010 the results of the ESA-CCI and LPRM images showed a similar trend in

time and space. At the beginning of the season, the soil surface moisture in the whole basin and especially in the highlands
and mountains was high due to snow cover and rainfall in late winter and early spring and gradually until late summer, the
amount of soil surface moisture in these areas is reduced. In contrast, the amount of soil surface moisture in agricultural

plains is higher than other areas of the basin in the middle and even late summer due to the presence of vegetation and irri-
gation of lands. The results of the LPRM model images have the highest number of uninformed pixels, which can limit the
possibility of using the results in large basins, regardless of the accuracy of the estimates. The results of AMSRE radar only
make sense in agricultural plains and pastures, but in other areas, including mountainous and highland areas and in the early

period of the study, the surface soil moisture content has not been well estimated. The reason could be that the surface soil
moisture product of AMSRE radar is related to vegetation moisture and is not very accurate in areas without vegetation and
barelands. For 2014 (Figure 10) it can be seen that ESA-CCI and GLDAS images have estimated the trend of temporal and

spatial changes in soil surface moisture in the same way as in 2010. Soil surface moisture in the whole basin has a relatively
decreasing trend from early spring to late summer. Of course, agricultural and irrigated lands are an exception to this rule,
and at the end of the study period, the amount of soil surface moisture in these areas is significantly higher than the adjacent

Figure 10 | Spatial distribution maps of soil surface moisture.
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lands and the areas of barren and mountainous lands. Since the images of the LPRM model for 2014 used AMSRE radar

images, the trend and results of soil surface moisture in the whole basin have been estimated differently from the other
two products and its results do not seem logical except in areas with vegetation (pastures and agricultural plains).

Comparison of downscaled images with radar and earth model images

Figure 11 shows some examples of different model images and radars for both 2010 and 2014 before and after the implemen-

tation of downscaling operations. The increase in the spatial accuracy and sharpness of the images in each particular case is
quite evident in this figure, which is provided only for Julius 153 of both years to show the effect of downscaling in analyzing
and evaluating the results of each model or radar. In so doing, the accuracy of images from schematic and spatial resolution at

the global level (before downscaling) has become an acceptable accuracy in hydrological studies with spatial resolution of
different land uses in the catchment area (after downscaling) while maintaining the overall spatial distribution pattern. Simi-
lar results and high accuracy of the UCLA downscaling method in combination with satellite optical and thermal images have

been reported in previous studies including Kim & Hogue (2012) and Peng et al. (2015).

Statistical evaluations

Table 4(a) and (b) shows the correlation values of temperature variables and NDVI and TVDI with the results of soil surface
moisture obtained from different data and models for both 2010 and 2014 years. In Table 4, the symbols * and ** at the top of

each correlation number indicate the existence of a significant correlation at the level of 1 and 5% between the two compar-
able variables, respectively. Also, the sign of the positive and negative values of these numbers indicates the existence of direct
and inverse correlations between the variables, respectively. As can be seen from the values in the table, in 2010, the soil

surface moisture results of ESA-CCI and LPRM as expected are inversely and directly correlated with temperature and
NDVI at 1%, respectively, and are inversely correlated with TVDI, for ESA-CCI it is significant at the level of 5% and for
LPRM it is significant at the level of 1%. AMSRE radar results due to what has already been discussed about the nature

of the captured data of this product, are only directly correlated with the LST variable at the 1% level. Also, as discussed
in the previous section, the results of ESA-CCI and LPRM in 2010 have a direct correlation at the level of 1%, but compared
to the AMSRE results, both products have an inverse correlation. In 2014, the results of ESA-CCI and GLDAS soil surface

moisture variables with the LST variable are inversely correlated at the level of 1%, with the NDVI having a direct correlation

Figure 11 | Spatial distribution maps of soil surface moisture before and after downscaling on the Julian day 153 for the years 2010 and 2014
for some radar and model images.
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at the level of 5% and with the TVDI are inversely correlated at the level of 1%. The results of LPRM model in 2014 have a

direct and inverse correlation with the temperature variable and the NDVI at the level of 1%, respectively, and with the TVDI
have a direct correlation at the level of 5%. These results are in accordance with what is discussed about the spatial distri-
bution of soil surface moisture in the previous section. The results of ESA-CCI and GLDAS products in 2014 have a

direct correlation at the level of 1%, but with the LPRM product (which results from AMSRE radar data) there is an inverse
correlation.

In general, the results of this statistical evaluation confirm the reasonable and acceptable trend of LPRM and ESA-CCI
products in 2010 and ESA-CCI and GLDAS products in 2014 in estimating temporal changes of soil surface moisture at

the basin level.

Table 4 | Statistical correlation values of soil surface moisture obtained from different remote sensing data with NDVI, TVDI, and land surface
temperature

a (2010)

LST NDVI TVDI AMSRE LPRM ESA-CCI

LST 1 �0.497** 0.440* 0.754** �0.696** �0.740**

NDVI �0.497** 1 �0.379* �0.282 0.712** 0.763**

TVDI 0.440* �0.379* 1 0.236 �0.600** �0.445*

AMSRE 0.754** �0.282 0.236 1 �0.346* �0.386*

LPRM �0.696** 0.712** �0.600** �0.346* 1 0.772**

ESA-CCI �0.740** 0.763** �0.445* �0.386* 0.772** 1

b (2014)

LST NDVI TVDI GLDAS LPRM ESA-CCI

LST 1 �0.548** 0.681** �0.889** 0.781** �0.872**

NDVI �0.548** 1 �0.363* 0.392* �0.650** 0.414*

TVDI 0.681** �0.363* 1 �0.787** 0.428* �0.630**

GLDAS �0.889** 0.392* �0.787** 1 �0.630** 0.802**

LPRM 0.781** �0.650** 0.428* �0.630** 1 �0.586**

ESA-CCI �0.872** 0.414* �0.630** 0.802** �0.586** 1

Table 5 | The results of statistical indicators for soil surface moisture of remote sensing data with observational data in 2010 and 2014

MBE (%) MAE (%) RMSE (%) EF CRMSD R

Tabriz University Research Farm – 2010

2010-AMSRE-SM 129.77 9.27 10.98 � 3.07 5.57 � 0.57*

2010-LPRM-SM 16.38 3.87 5.13 0.11 9.35 0.94**

2010-ESA-CCI-SM 43.18 4.14 6.39 � 0.38 8.77 0.92**

Khosrowshah Meteorological Station – 2014

2014-GLDAS-SM � 5.32 7.09 8.18 0.25 12.71 0.75**

2014-LPRM-SM � 16.12 16.67 17.93 � 2.55 10.91 0.57*

2014-ESA-CCI-SM � 0.50 7.04 7.95 0.35 10.51 0.70**

Miandoab Meteorological Station – 2014

2014-GLDAS-SM � 5.23 5.23 6.13 � 3.62 5.01 0.75**

2014-LPRM-SM � 30.97 30.97 31.63 � 125.70 5.21 � 0.61*

2014-ESA-CCI-SM � 1.28 2.23 2.59 0.15 3.11 0.62*

*Correlation is significant at the 0.05 level (1-tailed).

**Correlation is significant at the 0.01 level (1-tailed).

Water Supply Vol 23 No 2, 702

Downloaded from http://iwaponline.com/ws/article-pdf/23/2/688/1180109/ws023020688.pdf
by guest
on 12 July 2026



Table 5 shows the results of statistical evaluation of soil surface moisture values estimated from remote sensing data with

observational data of Tabriz University station for 2010 and Khosroshah and Miandoab stations for 2014 in the form of intro-
duced indicators. According to the values shown in the table, in 2010, the LPRM product with the lowest values of MBE,
MAE, RMSE, CRMSD and the highest values of R and EF has the best results and AMSRE product shows the weakest results.

ESA-CCI product ranks second in 2010 with weaker statistical index values than the LPRM product. In 2014, in both Khos-
roshah and Miandoab stations, ESA-CCI product shows the best results except R-correlation coefficient. For both stations, the
LPRM product has the weakest results and GLDAS product with the highest correlation coefficient among the three pro-
ducts, but, with weaker results of other indicators compared to the ESA-CCI product, is in second place in 2014.

CONCLUSION

Given the importance of spatial and temporal monitoring of soil moisture at the basin scale, in this paper, using MODIS sat-
ellite images and LST-VI scattering space method, different remote sensing products of surface soil moisture with larger scales

(10–25 km) were downscaled to the scale of MODIS’s images (∼1 km) by UCLA downscaling method. For this purpose, LST
and NDVI variables were extracted using MODIS images. The study of spatial distribution maps of LST and NDVI showed
the logical trend of spatial variation of these variables in the study area according to the land use map. Also, the study of tem-

poral change graphs of LST and NDVI showed that estimating the time trend of variables in different land uses is reasonable
and acceptable. Then the LST-VI scattering space was plotted for the studied time series and the equations of dry and wet
edges were also extracted. Examination of these results showed that in all cases a triangular (or trapezoidal) space is
formed, which indicates a wide range of soil moisture values in the study area. By estimating TVDI, studying the spatial dis-

tribution maps of the TVDI and its time change diagrams in different land uses showed that the trend of spatial and temporal
changes of this index is logical and confirmed the accuracy of data and methods used in the study area. Finally, using the
TVDI and the UCLA downscaling method, surface soil moisture maps were extracted at the MODIS images scale for various

remote sensing products in the Urmia Lake basin. The study of these maps for 2010 and 2014 years as well as statistical evalu-
ations on the results showed that in 2010 the LPRM product and in 2014 the ESA-CCI product had the best results in
estimating surface soil moisture in the study area using the method used in this study.

Regarding the necessity of high spatial resolution in field-scale studies and, on the other hand, the relatively low spatial
resolution of MODIS images and other remotely sensed soil moisture products applied in the present study, it is suggested
that with the development of new remote sensing soil moisture products with higher spatial resolutions such as the Soil Moist-
ure Active Passive (SMAP), similar studies can be performed using these products as well as optical satellite images with

higher spatial resolutions, such as Landsat, SPOT, and ASTER images on smaller areas. Furthermore, to precisely assess
the accuracy of products and methods used for remote sensing of surface soil moisture, similar studies could also be con-
ducted in areas with more dense ground stations.
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