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ABSTRACT
The Temperature Vegetation Dryness Index (TVDI) was derived from the relationship between remotely sensed vegetation
indices and land surface temperature (TS) in this study for assessing the soil moisture status at regional scale in South Korea. The
Leaf Area Index (LAI) is newly applied in this method to overcome the increasing uncertainty of using the Normalized Difference Vegetation Index (NDVI) at high vegetation conditions. Both dryness indices were found to be well correlated with in situ
soil moisture and 8-day average precipitation at most of the in situ measurement sites. The dryness indices accuracy was found
to be influenced by rainfall events. An average correlation coefficient was improved from -0.253 to -0.329 when LAI was used
instead of NDVI in calculating the TVDI. In the spatial analysis between the dryness indices and Advanced SCATterometer
(ASCAT) surface soil moisture (SSM) using geographically weighted regression (GWR), the results showed the average negative correlation (R) between the variables, while LAI-induced TVDI was more strongly correlated with SSM on average with
the R value improved from -0.59 to -0.62. Both dryness indices and ASCAT SSM mappings generally showed coherent patterns
under low vegetation and dry conditions. Based on these results, the LAI-induced TVDI accuracy as an index for soil moisture
status was validated and found appropriate for use as an alternative and complementary method for NDVI-induced TVDI.
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1. INTRODUCTION
The ratio of sensible and latent heat fluxes transformed
from incoming solar radiation is controlled mainly by the
soil moisture status (Dubois et al. 1995; Engman and Chauhan 1995; Patel et al. 2009). Soil moisture measured in a
timely and spatially unbiased manner is valuable for a broad
range of hydrological applications (Patel et al. 2009). However, the current status of in situ soil moisture observations
lacks spatio-temporal continuity and frequency and requires
observation technique and protocol standardization (Dorigo
et al. 2011). As an alternative to in situ observations, satellite-based remote sensing techniques brought significant
changes to water stress detection, with its higher temporal
and spatial resolutions (Rahimzadeh-Bajgiran et al. 2012).
* Corresponding author
E-mail: mhchoi@skku.edu

Aside from the advantages, the retrieved soil moisture
from passive microwave sensors has not always shown reasonable congruence with ground measurement observations
(Choi et al. 2008; Jackson et al. 2010). Radio frequency interference (RFI) is regarded as one of the critical limitations
of conducting observation using microwave sensors. As RFI
contamination negatively influences the soil moisture observation in multiple regions, estimating the soil moisture status
by interpreting the relationship between land surface temperature (TS) and vegetation index represents an adequate
substitution, since those two products are retrieved and calculated from the visible red band, near infrared band (NIR),
and thermal infrared (TIR) band detections (Wan et al. 2004;
Gu et al. 2007). Other passive microwave limitations include
its coarse spatial resolution, decreased sensitivity at high
vegetation conditions and incapability of detecting deep soil
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moisture (Jackson et al. 1996; Njoku and Entekhabi 1996).
Various researchers have assessed the possibility of
evaluating soil moisture status by interpreting the relationship
between TS and the Normalized Difference Vegetation Index
(NDVI). Moran et al. (1994) introduced the Water Deficit
Index (WDI) concept under the assumption that scatter plots
of the difference between TS and air temperature (Ta), (i.e.,
TS - Ta) and the Soil-Adjusted Vegetation Index (SAVI) exhibit trapezoidal shapes. The WDI was identified applicable
to evaluate the evapotranspiration rate and relative field
water deficit for the complete fractional vegetation cover
range, which solved the problem of Crop Water Stress Index
(CWSI) being erroneously affected by soil background in
partially vegetated fields (Jackson et al. 1981; Moran et al.
1994). Sandholt et al. (2002) conducted empirical WDI simplification by estimating the TS/NDVI space and suggested
the Temperature Vegetation Dryness Index (TVDI) concept.
They assumed that the TS/NDVI space exhibited a triangular shape based on the preceding studies, which concluded
the slope of the determined triangle was related to the rate
of surface evapotranspiration (e.g., Boegh et al. 1999). The
conducted simplification resulted mainly from the decrease in
data required to estimate the dryness index. Onsite meteorological data such as the vapor pressure deficit, wind speed, air
temperature, and net radiation needed for estimating the WDI,
are not needed for estimating the TVDI. The only requirement
for TVDI is the satellite data. Such TVDI simplicity led to research addressing the two main shortcomings of the originally
developed method: disregard for variations in air temperature
within the study area and uncertainty in dense vegetation.
Other research focused on reducing the inaccuracy due
to the former cause. Patel et al. (2009) investigated the relation between the TVDI and in situ soil moisture at different depths in Western Uttar Pradesh of India, incorporating a
method for calculating TVDI which regarded the minimum
edge of TS/NDVI space as a non-constant variable. The
TVDI and in situ soil moisture showed negative correlation.
Furthermore, the relation between the Antecedent Precipitation Index (API) as an indicator of the surface soil moisture
(SSM) was found to have similar temporal variation to the
TVDI. Han et al. (2010) applied the same method and analyzed the relationship between the TVDI and five land cover
types in the Changbai Mountain area to capture the soil moisture status spatial trend. Several attempts were made to modify the basic TVDI estimation concept. Rahimzadeh-Bajgiran
et al. (2012) developed the improved TVDI (iTVDI) which
uses TS - Ta gradient as the replacement for TS and found
it better for detecting soil moisture conditions in mountainous areas where the air temperature variation at altitude is
too significant to neglect. Carlà et al. (2012) proposed the
multitemporal TS-Vegetation Index (VI) method, which, by
processing the satellite data in a multitemporal sequence, did
not demand the data for a single day to cover a full range of
soil moisture conditions and fractional vegetation cover.

Many studies pointed out that the early NDVI saturation generates erroneous evapotranspiration and other hydrological variables interpretation and decreases the sensitivity to capture the moisture status of a region with high
vegetation conditions, as mentioned above (Sandholt et al.
2002; Patel et al. 2009). Out of this necessity, a modified
algorithm concept for estimating the TVDI was introduced
by Han et al. (2006), which suggested combining the Leaf
Area Index (LAI) and evapotranspiration, with the TS/NDVI
space. However, that study only suggested conceptual information and actual method application was not conducted.
This study applies the NDVI-induced and LAI-induced
TVDI method to examine their relationship with the in situ
and Advanced SCATterometer (ASCAT) relative SSM.
The temporal and spatial variability of dryness indices in
the western region of Korea are analyzed. The NDVI, LAI,
and TS data used in this study were derived from Moderate Resolution Imaging Spectroradiometry (MODIS), from
March 29 to November 08, in 2012.
2. STUDY AREA AND DATA

2.1. The Western Basins of Korea
South Korea lies in the middle-latitude temperate climatic zone, located in Northeast Asia. The annual mean air
temperature ranges from 10 - 15°C across the peninsula. The
annual rainfall in South Korea varies from 900 - 1300 mm.
The 33201 km2 study area lies in the western part of
South Korea, covering latitude 34.14 - 37.16°N and longitude 125.01 - 128.00°E, consisting of 10 sub-basins, where
the dominant soil types are loam and sandy loam (Fig. 1).
The study area was selected for this research because of
its relatively broad range of NDVI and LAI values, and so
that the full range of fractional vegetation can be covered.
The area consists of flatland and low mountainous regions
(mostly 100 - 400 m) where the altitude variation effect on
temperature is not crucial. The main land cover types are
cropland (42.80%), followed by mixed forest (30.07%),
deciduous broadleaf forest (10.68%), woody savannas
(7.80%), and others. The elevation and land cover spatial
distribution types are also shown in Figs. 1b and c. The study
area vegetation characteristic is appropriate for examining
the suggested method empirical validity. Forests are distributed mostly in mountainous areas with elevation higher than
200 m, corresponding to the typical distribution of vegetation in South Korea described in Kang et al. (2003). Detailed
descriptions of the seven in situ measurement sites are given
in Table 1. The site selection was conducted based on data
availability and quality.
2.2 Description of Dataset
The MODIS products used in this study are of 1 kmresolution including MOD09A1 8-day Surface reflectance
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for calculating NDVI, MOD15A2 LAI, and MOD11A1 TS
from satellite Terra. The MODIS is mounted on the National
Aeronautics and Space Administration (NASA) Earth Observation System (EOS) satellites Terra and Aqua, which
were launched separately in December 1999 and May 2002.

MODIS observes the Earth’s biophysical properties and atmosphere, land and ocean processes, with 36 spectral bands,
of which the spatial resolutions range from 250 m to 1 km.
The temporal resolution is more than twice a day (Masuoka
et al. 1998; Salomonson et al. 2002; Hwang and Choi 2013).

(a)

(b)
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(c)

Fig. 1. (a) The location of seven in situ sites, (b) Digital Elevation Model (DEM) and (c) Land Cover Map of the study area.

Table 1. Descriptions of the in situ soil moisture measurement sites.
Site

Latitude (°)

Longitude (°)

Soil Texture

Land Cover

Sunchang

35.44

127.04

Loam

Deciduous broadleaf forest

Taean

36.73

126.31

Loam

Croplands

Yesan

36.74

126.81

Loam

Croplands

Cheongyang

36.43

126.78

Loam

Mixed forests

Muan

34.98

126.47

Loam

Croplands

Imsil

35.65

127.27

Silt loam

Croplands

Gokseong

35.27

127.30

Loam

Croplands
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The satellite Terra overpass time is 10:30 AM (descending)
and 10:30 PM (ascending); while that of satellite Aqua is
01:30 AM (descending), and 01:30 PM (ascending).
The TS is retrieved from brightness temperatures with
the generalized split-window algorithm (Wan and Dozier
1996; Wan et al. 2004). Cloudy pixels are deleted from the TS
retrieving process, since TIR signals do not penetrate clouds,
deriving confusion with cloud-top temperature (Wan et al.
2004). The MOD11A1 TS is generated on a daily basis with
a spatial resolution of 1 km. We calculated 8-day mean TS to
match the temporal resolution along with other parameters.
The NDVI was calculated as a normalized ratio of NIR
and red bands from 8-day surface reflectance product which
successfully reflects the chlorophyll and mesophyll in the
vegetation canopy (Chen and Brutsaert 1998; Heute et al.
2002; Gu et al. 2007). The 500 m surface reflectance pixels
of MOD09A1 were aggregated into 1 km to match the spatial resolution with LAI and TS.
The LAI definition is, in broadleaf canopies, the ratio of one-sided green leaf area to unit ground area; and in
coniferous canopies, the ratio of hemi surface needle leaf
area to unit ground area (Chen and Black 1992; Wang et
al. 2004). The MODIS LAI products are retrieved from the
Look-up Table (LUT), which stores numerical solutions
for the three-dimensional radiative transfer equation for
estimating the biome-specific surface reflectance of a wide
range of vegetation canopies and soil patterns (Knyazikhin
et al. 1998; Fensholt et al. 2004; Wang et al. 2004). The
MOD15A2 LAI/Fraction of Photosynthetically Active Radiation (FPAR) product is composited every 8 days with the
spatial resolution of 1 km.
The ASCAT SSM was used in this study as a source of
dryness indices spatial comparison. ASCAT is a real-aperture radar sensor, which succeeded the ERS-1/2 scatterometer, measuring C-band radar backscatter at global scale on
a daily time step (Brocca et al. 2010; Verspeek et al. 2010).
The ASCAT SSM does not directly refer to the volumetric
soil moisture; but it is a suitable index that represents SSM
as saturation degree, with a high coefficient of correlation
with in situ SSM (Albergel et al. 2009; Brocca et al. 2010).
The ASCAT SSM accuracy in South Korea was evaluated
by Cho et al. (2015) in comparison with in situ soil moisture and Advanced Microwave Scanning Radiometer-EOS
(AMSR-E) SSM. It was found that ASCAT SSM on average
showed better correlation coefficient and root mean square
error (RMSE) than AMSR-E based SSM retrieval products
in nine point scale soil moisture measurement sites. In this
study, 12.5 km-resolution maps of the ASCAT SSM product
were used without conversion into volumetric soil moisture.
The in situ soil moisture measurements used in analysis with the TVDI are 8-day mean of hourly measured soil
moisture. Hourly soil moisture observations were conducted at single point networks administered by Rural Development Administration (RDA) (Table 1). The measurements

conducted by RDA were installed with the Time Domain
Reflectometry sensors only at the near-surface.
3. METHODS

3.1 NDVI-Induced TVDI
Under the theoretical basis that a scatterplot of satellite-based remote sensing TS and NDVI data exhibits a triangular shape (Price 1990), with the full range of fractional
vegetation cover and soil moisture status, the TVDI concept
was defined as the estimation of the proportion between
lines A and B in Fig. 2 (Sandholt et al. 2002). Each point in
the scatterplot is denoted as TS and NDVI from each pixel.
All values from pixels covering the study area are plotted
as triangular shapes. Line A denotes the difference between
the minimum surface temperature and line B denotes the
maximum difference between surface temperature values.
The formulaic expression of TVDI is:
TVDI =

TS - TS min
TS max - TS min

(1)

where TS is the surface temperature of the given pixel, TS min
is the minimum surface temperature of the TS/NDVI space,
and TS max is the maximum surface temperature of the NDVI
value equal to the NDVI of the given pixel. The calculation
of TS max is derived from the linear regression of the slope of
TS /NDVI space, which is simply expressed as
TS max = a × NDVI + b

(2)

where, b is the intercept of dry edge which is the hypotenuse
of a right-angled triangle in Fig. 2, and a is the slope of the
dry edge. The TVDI value of the pixels located on the dry
edge is 1, the maximum value of the TVDI, which means
the driest condition. The lower the TVDI, the wetter the
condition; and the minimum value is 0.
The TS/NDVI spaces were obtained for 23 dates during March 29 to November 08 in 2012, of which the percentages of cloudless pixels for both the NDVI and LAI in
the proposed study area were more than 85%. The NDVI
and LAI were mutually masked to obtain the areas where
both variables were available to calculate dryness indices.
The minimum percentage of 85% was set to ensure that the
derived TS/NDVI space ranges from bare soil to fully vegetated soil and from dry status to saturated status.
3.2 LAI-Induced TVDI
The NDVI has been a key variable as a useful indicator of vegetation conditions on land in numerous studies
conducted since the advent of satellite remote sensing, despite its several limitations (Carlson and Ripley 1997). The
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convergence of the NDVI value in its correlation with the
LAI is one of the major limitations to consider (Carlson and
Ripley 1997). In comparison with the LAI the NDVI begins
to present an asymptotic regime where the value of the LAI
is 3 - 4, which varies, depending on the crop type. This type
of relationship between the two variables was found to fit an
exponential equation (Hatfield et al. 1984; Baret and Guyot
1991), as shown in Eq. (3).
VI = VI∞ × (VIg - VI∞) × exp(-KVI × LAI)

(3)

where, VI∞ is the asymptotic value of VI when LAI tends
towards infinity, VIg is the vegetation index corresponding
to that of the bare soil, and KVI is a coefficient that controls the slope of the relationship. The insensitivity of the
NDVI in highly vegetated regions denotes potential TVDI
error in its application for capturing the soil moisture status.
Sandholt et al. (2002) indicated that the influence of uncertainties in estimating TVDI parameters was maximized at
higher NDVI values. Therefore, in this study, the LAI-induced TVDI calculation approach is adopted. Based on the
relationship between the NDVI and LAI , which is simply
expressed by Eq. (3), the nonlinear regression line equation
for the dry edge in TS/LAI space can be fitted as the following equation,
TS max = α × exp(-β × LAI) + γ

(4)

where, α, β, and γ are empirical constants that are determined based on the TS/LAI space, using the steepest descent method in Matlab. After the determination of TS max,
the LAI-induced TVDI is calculated as Eq. (1).
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dent variable, εi is the Gaussian error, (ui, vi) is the x and y
coordinate of the ith location and μk(ui, vi) is the coefficient
varying on the location. Equation (5) can be developed and
applied in this study as
SSMi = μ0(Xi, Yi) + μ1(Xi, Yi)TVDIi

(6)

where SSMi is ASCAT SSM, TVDIi can either be NDVI- or
LAI-induced TVDI and μ0(Xi, Yi) is the coefficient representing the intercept in the regression model and μ1(Xi, Yi) is
the coefficient representing the slope in the regression model
in a location (Xi, Yi). A more detailed GWR theoretical description can be found in Brunsdon et al. (1996) and Fotheringham et al. (2002).
4. RESULTS AND DISCUSSION
4.1 TS/NDVI and TS/LAI Spaces

Figures 3 and 4 show the figurative characteristics
of each scatterplot which are distinguishable, in terms of
overall shapes, and dry edge features. The TS/NDVI spaces
over the period before the rainy season (DOY 182) exhibited definite triangular shapes with large variations in both
the NDVI and TS values, which were sufficient for TVDI
parameter determination (Fig. 3). The dry edges were linearly regressed using the maximum value for TS at each 0.01
NDVI interval. The TS/NDVI spaces affected by the rainfall
events resulted in smaller variation in TS values and gentler
dry edge slopes. After the beginning of the rainy season the
plots tended to concentrate in higher NDVI values, which
led to unclearly defined TS/NDVI spaces.

3.3 Geographically Weighted Regression
The geographically weighted regression (GWR) analysis was conducted in this study for a quantitative analysis
between two variables along with the qualitative visual comparison between the dryness indices and ASCAT SSM mappings. Comparing to the basic linear regression model, GWR
assumes the spatial non-stationarity of the relationship among
variables which means that the relationship may be a function
of location (Fotheringham et al. 2002; Foody 2003). In the
regression model, a weighting matrix is considered to make
observations near the location at which parameters were estimated have a larger influence on the analysis than those
further away (Foody 2003). A conventional Gaussian GWR
model, which was adopted in this study, can be described as
yi = / nk (ui, vi) xk, i + fi
k

(5)

where yi is the dependent variable, xk, i is the kth indepen-

Fig. 2. The definition of the Temperature Vegetation Dryness Index
(TVDI). TVDI for a given pixel (Normalized Difference Vegetation
Index: NDVI, Land surface temperature: TS) is estimated as the proportion between lines A and B.
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Fig. 3. Scatterplots of NDVI and TS (nine images out of twenty three images used in this study).

Fig. 4. Scatterplots of Leaf Area Index (LAI) and TS (nine images out of twenty three images used in this study).

Curves are formed in the dry edges where NDVI values higher than 0.8 are present on every scatterplot. Mallick
et al. (2009) found a similar trend in the TS/NDVI spaces
derived from Advanced Space-borne Thermal Emission
and reflection Radiometer (ASTER), and attributed it to

attenuation of upwelling longwave radiation coming from
the soil. Furthermore, the fine resolution (90 m) of ASTER
data, which they found was minute enough not to smooth
out the asymptotically increasing NDVI phase. In this study
data with coarser resolution (1 km) also exhibited a similar
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pattern. This was caused from the differences in land cover
type distribution, which was mostly cropland in the study
of Mallick et al. (2009) and the equivalent mix of croplands
and forests in this study.
The dry edge slopes of TS/LAI spaces formed exponentially decaying curves, of which the parameters were
found by applying the steepest descent method in Matlab,
with initial values empirically determined from the dataset
(Fig. 4). Figure 5 shows an example of dry edge nonlinear regression at DOY 153 and the maximum TS values for
each 0.1 interval of LAI are only presented. The variation
in LAI values is fairly maintained at around 7, regardless of
rainfall events, with a minimum value of 0 and a maximum
value of 7. Dry edge intercepts of the TS/LAI space were
the same or slightly lower over the whole period, since the
scatterplots are more adjacent to the y-axis of TS, than in the
TS/NDVI space. Considering the analysis results from two
different scatterplots, it can be presented that the TS/LAI
spaces are more resistant to seasonal changes in vegetation,
which makes the dryness index calculation procedure based
on them less assumptive.
The group of points from low vegetation index value
(NDVI < 0.3 and LAI < 0.5) with low TS values located
relatively far from the fitted dry edge lines were both found
in the TS/NDVI and TS/LAI spaces. We inspected the areas
where those points were derived (not shown here) and most
of them were found to be located in coastal regions. Thus, it
should be considered that the group of points produced from
coastal region geophysical characteristics and may also be
erroneously affected (Hill et al. 2006).
As shown in Fig. 6, the dry and wet edge intercepts
tend to follow a similar temporal variation, while keeping
the difference between their values in the 14 - 35°K range.
A similar variation brought considerably high correlation
coefficients found in relationships between minimum TS
and each dry intercept (TS/NDVI: 0.72, TS/LAI: 0.70). The
slopes and the coefficient of exponent (β) that determined
the dry edge decaying pattern in each scatterplot apparently
had no specific temporal trends (Fig. 7). The variations in
the two parameters were not totally coinciding, however, in
both cases, the largest variation was found in the drier period when rainfall events were less frequent. This randomly
varying temporal evolution of these parameters, which indicated the effect of complex interaction of highly variable
forcings on them, was also reported in other studies (Goetz
1997; Sandholt et al. 2002).
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TS spaces were recurrently examined, and found by several
earlier studies (Sandholt et al. 2002; Han et al. 2010; Rahimzadeh-Bajgiran et al. 2012). At all sites soil moisture was

Fig. 5. An example of nonlinear regression for LAI/TS space dry edge
(DOY 153).

Fig. 6. Temporal variability in dry edge intercepts, minimum TS and
precipitation.

4.2 Relationship Between the NDVI- and LAI-Induced
TVDI, and the Soil Moisture and Precipitation
Table 2 shows the correlation coefficient and P-value
from the linear correlation between the parameters at each
site. The negative correlation between the top soil moisture
and dryness indices calculated from the vegetation index/

Fig. 7. Temporal variability in dry edge slopes, coefficient of exponents (β) and precipitation.
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Table 2. Linear correlation between NDVI-induced TVDI, LAI-induced TVDI, and in situ
soil moisture and precipitation at 7 sites.
Sites
Sunchang
Taean
Yesan
Cheongyang
Muan
Imsil
Gokseong

Parameters

NDVI-induced TVDI

LAI-induced TVDI

R

P-value

R

P-value

0 - 10 cm soil moisture

-0.119

0.587

-0.025

0.909

8-day precipitation

-0.373*

0.031

-0.266

0.080

0 - 10 cm soil moisture

-0.085

0.701

-0.457*

0.049

8-day precipitation

-0.027

0.216

-0.161

0.197

0 - 10 cm soil moisture

-0.254

0.242

-0.355

0.101

8-day precipitation

0.007

0.481

-0.102

0.362

0 - 10 cm soil moisture

-0.469*

0.024

-0.457*

0.037

8-day precipitation

-0.238

0.103

-0.286*

0.042

0 - 10 cm soil moisture

-0.156

0.489

-0.241

0.570

8-day precipitation

-0.124

0.372

-0.108

0.093

0 - 10 cm soil moisture

-0.204

0.361

-0.427*

0.048

8-day precipitation

-0.592*

0.022

-0.653*

0.021

0 - 10 cm soil moisture

-0.325

0.150

-0.443

0.077

8-day precipitation

-0.582*

0.035

-0.621*

0.021

Average

-0.253

-0.329

Note: *: Correlation is significant at 0.05 level.

found to be negatively correlated with the NDVI- and LAIinduced TVDI while the average correlation coefficient (R)
was improved from -0.253 to -0.329 when using LAI. The
best significant relationship was found at the Cheongyang
site (R: -0.469/-0.457, P-value: 0.024/0.037). The different
correlations between in situ soil moisture and the dryness
indices at each site may be affected by the surrounding geological and vegetative conditions. The correlation between
the dryness indices and near-SSM was relatively significant
compared to the previous satellite soil moisture product
validation study conducted in South Korea (Choi and Hur
2012). The within-pixel spatial heterogeneity in Sunchang
has been visually inspected using Google Earth (not shown
here), which has finer spatial resolution than the MODIS
Land Cover Type product. As the remote sensing measurements provide predominant or averaged footprint condition,
the observation accuracy in those sites could be presumably influenced by the spatial heterogeneity (Loew 2008;
Shin and Mohanty 2013). The 8-day-mean precipitation at
each site was used for comparison with the NDVI- and LAIinduced TVDI in the same temporal resolution. The correlation between the dryness indices and precipitation were
slightly different from the correlation with moisture at each
site. While the strongest correlation between the dryness indices and soil moisture was found in Cheongyang, the strongest precipitation and dryness indices correlation was found
in Imsil where the former was quite moderate.

4.3 Spatial Variation in the NDVI- and LAI-Induced
TVDI, Compared with the ASCAT SSM
The comparative analysis using GWR was conducted
to evaluate the dryness indices and ASCAT SSM spatial
distributions. The GWR models were built for each 8-day
dryness indices and SSM and we have checked the non-stationarity between the variables of which relationship can be
better described by the relationship varying with the location
rather than constant. Table 3 shows the GWR results with
the correlation coefficient, slope and intercept spatial averages on each day. The averagely negative value of the slope
coefficient shows that the ASCAT SSM and both dryness
indices were negatively correlated as expected. The LAIinduced TVDI was found to be somewhat better correlated
with the ASCAT SSM (Table 3). On DOY 113 both dryness indices were found to be positively correlated according to the slope coefficients resulting from GWR (10.01 and
11.77). These abnormal correlations between the variables
are also visible in Fig. 8a, where the dryness indices and
SSM spatial distributions are apparently contrasting. The
precipitation that occurred on corresponding dates erroneously affected the dryness indices accuracy as well as the
TS/VI spaces in the former chapter.
Figure 8 shows the NDVI- and LAI-induced TVDI maps
in 1 km-resolution and ASCAT SSM maps in 12.5 km-resolution, over the study area, on dates in the spring, summer,
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and fall season, with various soil conditions. Through whole
seasons croplands were found to be drier than the forest areas, in NDVI-, LAI-induced TVDI, and ASCAT SSM mappings. This result matched the study of Han et al. (2010),
which also found that forest areas had better moisture conditions than cropland areas, in the Great Changbai Mountains,
China. The spatial distributions visually matched better during the period with no or little precipitation in all seasons, under the assumption that the relationship between the variables
remains constant. The clearest spatial correlation between the
variables can be found in the DOY 289 mappings where vegetation condition was relatively low and little precipitation
was observed. During the peak growing season (Figs. 8c and
d), weak correlations between indices and soil moisture was
found which might be derived from the TS/VI spaces. This
was also reported in a previous study (Mallick et al. 2009).
These patterns resulted from multilayer leaves in the forest,
which caused increased attenuation.
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5. CONCLUSIONS
The LAI-induced TVDI was applied with NDVI-induced TVDI in this study to evaluate and compare their ability to estimate soil wetness in South Korea. The study area
was selected to examine the performance of the proposed
method. Figurative and temporal TS/NDVI and TS/LAI scatterplot analyses were conducted. The dryness indices calculated from each scatterplot were compared with in situ soil
moisture and ASCAT SSM.
The TS/LAI space presented different aspects from
the TS/NDVI space, specifically in its dry edge, which was
found to be well fitted to the exponentially decaying form.
The TVDI derived from the TS/LAI space with the proposed
method was examined to be well correlated with the moisture
condition of the area, as well as the result from the method using the TS/NDVI. This finding is meaningful, since there have
not been studies available that demonstrated incorporating

Table 3. Results of geographically weighted regression (GWR) between dryness
indices and ASCAT SSM.
DOY

NDVI-induced TVDI

LAI-induced TVDI

R

slope

intercept

R

slope

intercept

89

-0.74

-17.13

70.86

-0.73

-3.19

60.87

97

0.68

0.90

54.39

0.75

4.62

51.81

113

0.67

10.01
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Fig. 8. Spatial variations in NDVI-induced TVDI, Advanced SCATterometer surface soil moisture (ASCAT SSM), and LAI-induced TVDI.
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the LAI with the TVDI method (Han et al. 2006).
Temporal and spatial analyses of each dryness index
were also examined and compared with soil moisture and
precipitation. The temporal variation of the deterministic
parameters for both dryness indices showed no apparent
patterns, which matched with previous studies, while the parameters and the characteristics of TS/VI spaces were affected strongly by rainfall events. The NDVI- and LAI-induced
TVDI were both found to be negatively correlated with the
SSM and precipitation. At some in situ sites improvements
in the correlation between the dryness index, soil moisture
and precipitation, were found when using the LAI-induced
TVDI method which resulted in average correlation improvement. The spatial analysis between the dryness indices
and ASCAT SSM using GWR showed the average negative correlation between those variables with high R values,
which were improved for LAI-induced TVDI. Both dryness
indices showed coherent spatial patterns with the remotely
sensed soil moisture when vegetation was low and dry.
The study results suggest that the LAI-induced TVDI
can be applied as a complement, or as an alternative to the
conventional NDVI-induced TVDI. Further researches,
specifically under high vegetation and wet conditions may
be needed for broader use of dryness indices derived from
VI/TS space.
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