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Abstract: In this paper, a hydrometeorological approach to the probabilistic simulation of soil moisture is proposed. The time series of in situ
soil moisture and meteorological variables at a monthly scale from different monitoring stations across India are utilized. Preliminary
investigation with both precipitation and near-surface air temperature as meteorological variables reveals that the strength of association
between soil moisture and precipitation is more significant compared to that between soil moisture and temperature. Precipitation-based
probabilistic estimation of soil moisture using the proposed hydrometeorological approach is tested with in situ observed soil moisture data
and with soil moisture data of the Climate Change Initiative project, funded by the European Space Agency. The results are found to be
promising. In addition, the proposed hydrometeorological approach is able to provide the information on uncertainty associated with the
estimation. It is also shown that the parameter of the developed model is linked to the predominant soil textural class. Higher values of the
model parameter [dependence parameter (θ) for the selected copula] correspond to clay loam, medium values correspond to loamy sand or
loam, and low values correspond to sandy loam to sandy soil. Three stations outside India, which are widely separated across the globe with
known soil textural class, are also considered, and the performance of the proposed model is tested by estimation of the model parameter
depending on the soil textural class. The results are found to be reasonably good, indicating the spatial transferability of the proposed
approach. DOI: 10.1061/(ASCE)HE.1943-5584.0001034. © 2014 American Society of Civil Engineers.
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Introduction

Soil moisture has a significant impact on the temperature–
evaporation–precipitation feedback loop (Seneviratne et al. 2010)
and plays a significant role in numerical weather prediction using
climate variables at a regional scale (Ek and Holtslag 2004; Drusch
2007; Agustí-Panareda et al. 2010). Soil moisture also controls the
terrestrial water balance through partitioning precipitation among
infiltration, runoff, and evapotranspiration. The capillary action that
determines the evaporative demand and withdrawal of water
through plant roots is driven by soil moisture content (Entekhabi
et al. 1996). Thus, soil moisture is also critical for the evaluation of,
for example, droughts, floods, erosion caused by surface runoff,
and ground water recharge (Dripps and Bradbury 2007; Wei et al.
2007; Seneviratne et al. 2010). The moisture content in the root
zone is also significant, especially during the critical growth period
of crops (Narasimhan and Srinivasan 2005). The temporal distribu-
tion of soil moisture over a catchment is useful for forecasting
irrigation requirements (Pandey and Pandey 2010). Recently,
the United Nations Framework Convention on Climate Change
(UNFCCC) declared soil moisture as an Essential Climate Variable
(ECV) in the terrestrial domain and has taken steps to monitor soil
moisture with high precision over a long period (2010–2015)
[Global Climate Observing System (GCOS) 2010].

Climate variables, especially precipitation and temperature,
have a strong association with the spatiotemporal distribution of
soil moisture. Precipitation due to storm events determines the
large-scale spatial distribution of soil moisture (Lakhankar et al.
2010). It has been revealed that the temporal variation in the rela-
tionship between soil moisture and precipitation is nonlinear and
stochastic (Rodriguez-Iturbe et al. 2001). The factors behind the
spatiotemporal variability of soil moisture, especially for topsoil,
can be of two types, static and dynamic. Static factors include, for
example, properties of the soil, topography, and land use, and
dynamic factors include hydroclimatic parameters, such as, for
example, precipitation, evapotranspiration, and vegetation growth
(Teuling et al. 2007; Williams et al. 2009; Oyedele and Tijani 2010;
Mittelbach and Seneviratne 2012; Rosenbaum et al. 2012). The
changing climate regime may also have a strong influence on the
spatiotemporal variation of soil moisture (Williams et al. 2009).
Sensitivity of soil moisture to the changing frequency of precipi-
tation and rise in temperature due to climate change scenarios has
been found to vary with soil texture (Bormann 2012).

A plethora of modeling techniques for simulating soil mois-
ture has been proposed by various researchers. Most of the
existing models can be categorized as follows: (1) physically based
[e.g., various modeling approaches reported by Loague and Freeze
(1985), developed by Ogden and Saghafian (1997)]; (2) conceptual
[e.g., Soil Water Assessment Tool (SWAT) (Arnold et al. 1998);
ARNO, named after the Arno River (Todini 1996); 2-Layer
Variable Infiltration Capacity (VIC-2L) (Liang et al. 1996); Soil
Water Atmosphere Plant (SWAP) (van Dam et al. 1997); Soil
Vegetation Atmosphere Transfer (SVAT) (Wigneron et al. 1999);
Thornthwaite Water Balance Model (Thornthwaite and Mather
1957); Sacramento Soil Moisture Accounting (SMA-SAC) model
(Burnash et al. 1973); Leaky Bucket model (Huang et al. 1996)];
and (3) data driven [e.g., artificial neural network–based soil mois-
ture simulation model (Jiang and Cotton 2004); support vector
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machine–based soil moisture prediction model (Gill et al. 2006)].
Some recent studies were carried out to generate long-term soil
moisture data sets based on conceptual (Brocca et al. 2013b;
Diodato et al. 2013) and semianalytical (Brocca et al. 2013a) ap-
proaches. Brocca et al. (2013b) have developed long-term
(23 years) soil moisture time series over a catchment by calibrating
a soil water balance model over distributed in situ observations col-
lected over 1 year. Diodato et al. (2013) employed an empirical
regression-based model, the European Soil Moisture Empirical
Downscaling (ESMED), to estimate the annual soil moisture
budget over the region of Central European and Mediterranean
countries. Brocca et al. (2013a) have further developed the
soil water balance model by improving the representation of
the infiltration process to simulate subdaily soil moisture data at
three sites in Italy. All these studies report reasonable temporal
and spatial agreement between in situ and simulated soil mois-
ture values.

Recently, due to the emerging thrust of climate research in the
era of climate change, extensive databases of primary climate
variables, for example, precipitation, temperature, and relative
humidity, have been made available. These are mostly in situ data
collected by local meteorological authorities and other research
organizations around the world. Though there could be measure-
ment errors, these data sets are free from model biases (New et al.
1999, 2000).

Hydrometeorological approaches to modeling the variation of
different hydrologic variables are gaining popularity (Gochis et al.
2003; Maity and Kashid 2010, 2011). With the availability of an
extensive hydroclimatic database, there is scope for developing a
probabilistic model for soil moisture simulation prompted by the
established physical interactions among available soil moisture and
hydrometeorological variables responsible for its spatiotemporal
variability. Such a model would incorporate the stochastic behavior
of these relationships and may yield better estimation with the
quantification of associated uncertainty. Moreover, the developed
approach can be used to estimate future soil moisture using climate
variables simulated by different climate models.

The joint probability distribution between soil moisture series
and influencing hydroclimatic variables is adopted for probabilistic
model development. Copulas are found to be the best choice to
develop the joint distribution by joining the individual marginal
distributions of any two or more variables (Nelsen 2006). These
functions were recently used in several studies to obtain joint dis-
tributions among hydrological or climatological variables like pre-
cipitation, temperature, runoff, storm duration, and flood frequency
(De Michele and Salvadori 2002; Franchini et al. 2005; Salvadori
and De Michele 2007; Kao and Govindaraju 2008; Gioia et al.
2008; Maity and Nagesh Kumar 2008; Iacobellis et al. 2011; Maity
et al. 2013b), as well as soil-hydrological variables, for example,
soil moisture and soil moisture index (Ravelo and Decker 1979;
Milly 2001; Settin et al. 2007; Das and Maity 2013).

This paper proposes a hydrometeorological approach that can be
considered an alternative method for estimating soil moisture using
hydrometeorological variables. The idea is based on the fact that
the feedback loops for interaction of soil moisture in the top soil
layer with land use, topographic, and meteorological factors are
well established (Seneviratne et al. 2010) and soil moisture anoma-
lies (deviation or departure from the long-term mean values) on a
monthly scale are well correlated with meteorological inputs, such
as precipitation and temperature (Huang et al. 1996). The scope of
this paper is to investigate the association between surface soil
moisture and two hydroclimatic variables—precipitation and tem-
perature. A copula-based bivariate probabilistic modeling approach
to simulating soil moisture is proposed.

The modeled soil moisture values are compared with in situ data
to check the accuracy of the proposed simulation approach during
both model development and testing periods. The performance of
the proposed approach is also tested with the surface soil moisture
data set for depths of 0–5 cm developed under the Climate Change
Initiative (CCI) project funded by the European Space Agency
(ESA). The Climate Prediction Centre’s (CPC’s) leaky bucket
model (Huang et al. 1996) based soil moisture estimates (Fan and
van den Dool 2004) are also considered to underline the issues be-
hind this analysis (hydroclimatic approach) in comparison with the
CPC model results. This results set is termed as CPC model values
in this paper. Finally, an attempt is also made to link the model
properties (in terms of the model parameter) with the dominant soil
type/texture at the monitoring locations. The scope for spatial trans-
ferability of the proposed approach is outlined with three stations,
which are widely separated across the globe outside of India.

Data Used and Preliminary Analysis

Data Used

Nine locations across India, as shown on the location map (Fig. 1),
with different climatic regimes and soil characteristics are selected
for the analysis. The weekly instantaneous in situ surface (for
depths of 0–7.5 cm) soil moisture data for the years 1987–1998
are collected from the Global Soil Moisture Data Bank at Rutgers
University in New Brunswick, New Jersey. These data are mea-
sured using the gravimetric measurement technique over grass
pastures once per week. The mass soil water content is converted
into volumetric soil moisture using the ratio of soil bulk density
to water density (Robock et al. 2000). These data are converted
into average monthly data series for the analysis.

The ESA CCI data, as mentioned earlier, are obtained from the
Research Groups of Photogrametry and Remote Sensing, Depart-
ment of Geodesy and Geoinformation, Vienna University of Tech-
nology (available at http://www.ipf.tuwien.ac.at/radar/dv_new/
ipfdv/index.php?dataviewer=wacmos, accessed in October 2013).
This data set is prepared by suitably merging remotely sensed soil
moisture data over the time period 1978–2010 (Dorigo et al. 2012;
Albergel et al. 2013a). This product is the first available long-term
remotely sensed surface soil moisture product covering a 32-year
period from 1978 to 2010, providing data in 0.25° spatial resolu-
tion; it was generated by merging active and passive soil moisture
records from various satellite missions. Soil moisture data derived
from seven different remote sensing missions operated during
1978–2011 are merged together to cover the entire globe (Wagner
et al. 2012).

Average monthly near-surface air-temperature and precipitation
data for the same time period are collected from the India Meteoro-
logical Department (IMD) and the Climate Research Unit (CRU) at

Fig. 1. Locations of soil moisture monitoring stations across India
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the University of East Anglia, Norwich, UK, wherever available.
The precipitation and temperature data for four out of nine soil
moisture–monitoring stations (Agra, Bhopal, Bhubaneshwar, and
Sabour) are collected from nearby weather-monitoring stations
operated by IMD. For other stations, because nearby weather sta-
tion data are not available, these data are collected from the CRU
website, given at 0.5° by 0.5° geospatial grid, and then the inverse
distance weighting (IDW) method is applied to estimate these val-
ues at the location of a soil moisture–monitoring station. The near-
surface air-temperature and precipitation data for India stored at
CRU are basically collected from the IMD (New et al. 1999), which
ensures that all the data originated from the same source. Data for
the period January 1987–December 1995 are used for preliminary
data analysis and model development, and the data for the period
January 1996–December 1998 are used for model testing. There are
no missing data for precipitation and temperature. However, there
are some missing data periods (Table 1) for the in situ observed soil
moisture data series, which are ignored in the analysis.

As mentioned earlier, to investigate the scope for the spatial
transferability of the proposed approach, data from three stations
that are widely separated across the globe outside of India are also
collected. These stations are selected from locations that have
different soil texture from the stations in India but similar land
cover (grassland/grazing). Two monitoring stations, K1 (Waitara)
[35.493S, 147.559E] and M3 (Cootamundra Aerodrome)
[34.630S,148.037E] under OzNet (OzNet Hydrological Monitor-
ing Network) are situated in the Murrumbidgee catchment,
Australia. In situ measured soil moisture and rainfall data for
2001–2006 (Young et al. 2008) are available; 2001–2005 data
are utilized here. Soil moisture is measured using a Stevens
HydraProbe sensor calibrated using gravimetric measurements, and
rainfall is measured using a tipping bucket raingauge. The monitoring
station US-Var (Vaira Ranch) [38.407N,120.951W] under the
FLUXNET global network of micrometeorological sites in California
has in situ measured soil moisture and precipitation data for 2001–
2012 (Ameriflux 2013). The data for 2001–2010 are used in this
study. Here, soil moisture is measured using a ThetaProbe ML2
sensor, and rainfall is measured using a tipping bucket raingauge.

Preliminary Analysis

A preliminary analysis is carried out to investigate the association
of surface soil moisture data with meteorological variables—
temperature and precipitation. Scatter plots (not shown) of soil
moisture and precipitation or near-surface air temperature indicate
a stronger association between soil moisture and precipitation than

that between soil moisture and temperature. It is further observed
that these associations are not necessarily linear at several stations.
In this preliminary analysis, the association is investigated through
different measures.

Assessment of Linear Association
Partial correlation coefficients are calculated to check the strength
of the linear association of soil moisture with precipitation (or near-
surface air temperature), while the effect of temperature (or precipi-
tation) is partial out. The first-order partial correlation coefficient
between x and y, while the effect of z is partial out, is expressed as

rxyjz ¼
rxy − rxz:ryzffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ð1 − r2xzÞð1 − r2yzÞ
q ð1Þ

where x and y are primary variables and z is the partial out variable;
rxy, ryz, and rzx are the correlation coefficients between the varia-
bles given in the subscript (Ley 1973). The values of the first-order
partial correlation coefficients, along with their significance level
(95%), are presented in Fig. 2(a).

It is found that at all stations, the first-order partial correlation
coefficient between soil moisture and precipitation is positive,
statistically significant (at the 95% significance level) for all the
stations, and varies over a range of 0.507 to 0.861. However, the
partial correlation coefficient for soil moisture and temperature is
found to be negative for all stations, and marginally significant only
at Niphad, Sabour, Tirupati, and Vellanikara. Thus, the linear asso-
ciation between soil moisture and precipitation is found to be
stronger than that between soil moisture and temperature. So a sim-
ulation model for soil moisture may be developed based on the as-
sociation between precipitation and soil moisture only. However, it
is also noticed that the nature of association between these variables
is not necessarily linear at several monitoring stations. Since the
correlation coefficient provides a measure of linear association
only, the strength of association is also investigated through a
scale-free measure of association.

Assessment of Dependence through a Scale-Free Measure
of Association
Rank-based, scale-free measures of association such as Kendall’s
tau (τ ) or Spearman’s rho (ρ) remain unaltered under the nonlinear
(monotonic) transformation of the associated variables. These are
independent of the individual marginal distribution of the variables
and, thus, are useful for determining the joint distribution without
compromising the dependence structure during simulation (Nelsen
2006). In this study, Kendall’s tau (τ ) is adopted as a measure of
such an association since it directly determines the dependence

Table 1. Missing Data Periods for Soil Moisture Data during Model Development (January 1987–December 1995) and Testing Periods (January 1996–
December 1998) at Different Stations

Stations

Missing data periods for soil moisture data

During model development period During model testing period

Agra January–September 1987, February and March 1995 January 1997–December 1998
Basti January 1987–May 1989, March 1993, October–December 1995 No missing data
Bhopal January 1989–July 1990, May 1991, March–June 1992, December 1992, January 1993,

May 1993, October–December 1995
May 1996,

October–December 1996
Bhubaneshwar January 1987–December 1990, August 1991, July–December 1992, January 1994,

August 1994
December 1998

Kalyani October 1987, January–March 1988, July 1988–September 1989, January–August 1990,
November–December 1992

No missing data

Niphad January 1987–March 1988, May–October 1992 July 1996–December 1997
Sabour January–August 1987, November 1988, August–December 1989 January 1997–December 1998
Tirupati January 1987–March 1989, January and February 1990, December 1992 January–December 1997
Vellanikara April–December 1995 January 1996–April 1997

© ASCE 04014056-3 J. Hydrol. Eng.
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parameter for the copula, which is an obvious choice to formulate
the joint probability distribution (discussed later). Kendall’s tau (τ )
can be calculated as the difference between the probability of
concordant (both increasing/decreasing) and discordant (one in-
creasing, the other decreasing) pairs. Let ðx1; y1Þ; ðx2; y2Þ; : : : ;
ðxn; ynÞ be the paired samples of two random variables. Two pairs
ðxi; yiÞ and ðxj; yjÞ are known to be concordant if ðxi − xjÞðyi −
yjÞ > 0 and discordant if ðxi − xjÞðyi − yjÞ < 0. A sample estimate
of Kendall’s tau is obtained as the difference between the proba-
bility of concordance and probability of discordance. Thus,

τ x;y ¼ P½ðXi − XjÞðYi − YjÞ > 0� − P½ðXi − XjÞðYi − YjÞ < 0�
ð2aÞ

If there are c concordant pairs and d discordant pairs, the sample
estimate of Kendall’s tau can be expressed as

τ̂ x;y ¼
c − d
nC2

ð2bÞ

where n = numbers of paired data; and nC2½¼ nðn−1Þ
2

� = number
of different ways to select two pairs. The partial Kendall’s tau
can be treated as the association between two variables, while
the effect of the third variable is partial out. This is expressed as
(Kendall 1962)

τ xyjz ¼
τ xy − τ xz:τ yzffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ð1 − τ2xzÞð1 − τ2yzÞ
q ð3Þ

where τ xy, τ xz, and τ yz = Kendall’s tau (τ ) between the variables
shown in the subscript. Partial Kendall’s tau values, between the
soil moisture and precipitation when the effect of temperature is
partial out and between soil moisture and temperature when the
effect of precipitation is partial out, are computed for all stations
and are shown in Fig. 2(b).

The strength of association between soil moisture and precipi-
tation or temperature at different stations is compared using these
values. The strength of association between soil moisture and
precipitation reaches a maximum at Vellanikara (0.639) and a mini-
mum at Sabour (0.273). On the other hand, the association between
soil moisture and temperature is strongest and weakest at Niphad
(−0.264) and Kalyani (−0.003), respectively. At all stations, partial
Kendall’s tau for the soil moisture and precipitation relationship

is positive and significant at the 95% confidence level; however,
the soil moisture–temperature relationship is insignificant at most
of the stations, except at Niphad, Sabour, Tirupati, and Vellanikara,
where it is marginally significant [Fig. 2(b)]. Thus, based on the
linear association and scale-free measures of association, only
precipitation is considered henceforth for a simulation of soil
moisture.

Methodology: Hydroclimatic Simulation
of Soil Moisture

To remove the effect of seasonality, anomalous values of both
monthly precipitation and soil moisture are used in the simulation
model. Anomalies for average monthly soil moisture and precipi-
tation are obtained by deducting the long-term monthly mean
from the observed values of the variable for each month in a cal-
endar year. Various theoretical probability distribution functions
are tested for both soil moisture and precipitation anomalies. These
are known as marginal distributions. The Kolmogorov–Smirnov
test is applied to check the fitted distribution and to select the best
one from the tentatively eligible pool of distributions. A stepwise
methodology is detailed in the following subsections.

Estimation of Joint Probability Distribution of Soil
Moisture and Precipitation Anomalies

Marginal distributions are used to determine the joint distribution
by employing a copula-based approach. In this study, three differ-
ent bivariate copula functions, viz., Clayton, Frank, and Gumbel–
Hougaard (GH) (belonging to the Archimedean class of copulas)
are tested. Here, another commonly used bivariate copula, Ali-
Mikhail-Haq, is not adopted because the acceptable range of
dependence for this copula is narrow (τ ¼ −0.182 to 0.333)
(Chowdhary et al. 2011) and not suitable for most of the monitoring
stations. Details of these copula functions are as follows:
• Clayton: Cθðu; vÞ ¼ ½maxðu−θ þ v−θ − 1; 0Þ�−1=θ, with θ ∈

½−1;∞Þ, excluding 0 and θ ¼ 2τ
1−τ

• Frank: Cθðu;vÞ ¼− 1
θ ln½1þ ðe−θu−1Þðe−θv−1Þ

e−θ−1 �, with θ ∈ ð−∞;∞Þ,
and solve ½D1ð−θÞ−1�

θ ¼ 1
4
ð1 − τÞ for θ where D1 is the first-order

Debye function.
• GH: Cθðu; vÞ ¼ expf−½ð− ln uÞθ þ ð− ln vÞθ�1=θg, with θ ∈

½1;∞� and θ ¼ 1
1−τ
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Fig. 2. (a) Significance of partial product-moment correlation coefficients between soil moisture (S), precipitation (P), and temperature (T);
(b) significance of partial Kendall’s Tau coefficients between soil moisture, precipitation, and temperature
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First, the tentatively eligible copulas are selected based on the
Kendall tau (τ ) value calculated for the association between the soil
moisture anomaly and precipitation anomaly, separately for each
station. When more than one feasible copula family exists that sat-
isfies the range of dependence for the given data, the final selection
of a suitable copula is based on the best fit to the observations.
This fit is assessed statistically by goodness-of-fit (GOF) tests with
the null hypothesis H0∶C ∈ C0 for a particular copula C0 against
H1∶C ∈= C0. This approach has been used successfully in other
hydrologic studies (Maity et al. 2013a). These tests compare the
distance between the empirical copula, Cn, and an estimation of
Cθn for C obtained under H0 (Genest et al. 2009). Formally, the
goodness-of-fit tests are based on the statistic,

ffiffiffi
n

p fCnðuÞ−
CθnðuÞg, u ∈ ½0; 1�d. The empirical copula of the data X1;X2; : : : ;
Xn is defined by Deheuvels (1981) as

CnðuÞ ¼
1

n

Xn
i¼1

IðUi ≤ uÞ; u ∈ ½0; 1�d ð4Þ

where Ið•Þ = indicator function that takes a value of 1 if the
argument • is true and 0 if the same is false; and d = number of
variables involved in defining the joint distribution based on the
copula function. For instance, d ¼ 2 for the bivariate case.

Next, the rank-based versions of Cramér–von Mises and
Kolmogorov–Smirnov statistics are used to test the GOF of the
selected copulas. The Cramér–von Mises statistic Sn has been a
popular GOF test procedure for copula models (Genest et al.
2009). The statistic Sn was determined using Eq. (5), substituting
the value of Cθ evaluated from the copula expression

Sn ¼
Xn
i¼1

½CnðÛiÞ − CθnðÛiÞ�2 ð5Þ

where Cn = empirical copula computed as per Eq. (4).
The Kolmogorov-Smirnov statistic, Tn, utilizes the absolute

maximum distance between the joint probability distribution using
an empirical copula and the simulated joint probability distribution
using the selected copulas. Tn helps to measure the fit of the
copulas. It is expressed as (Genest et al. 2009):

Tn ¼ maxu∈½0;1�d j
ffiffiffi
n

p ½CnðuÞ − CθnðuÞ�j ð6Þ

The copula showing the best fit based on the foregoing criteria
(denoted as Cb) is selected to obtain the joint distribution between
the soil moisture and precipitation anomalies. The developed joint
distribution between the soil moisture anomaly and the precipita-
tion anomaly, denoted by FS;Pðs;pÞ, is expressed as

FS;Pðs;pÞ ¼ Cb½FSðsÞ;FPðpÞ� ð7Þ
where S and P = soil moisture anomaly and precipitation anomaly,
respectively, and s and p are their specific values.

Determination of Conditional Distribution Functions
for Soil Moisture Anomalies

The joint distribution FS;Pðs;pÞ is used to obtain a conditional
cumulative distributions function (CDF) for the soil moisture
anomaly conditioned on precipitation. The formulation was given
by Schmidt (2006) as

FSjP¼pðS ≤ sjP ¼ pÞ ¼ Cb
1½FSðsÞ;FPðpÞ� ð8Þ

where Cb
1 = derivative of Cbðu; vÞ with respect to v, i.e., Cb

1 ¼∂
∂v Cbðu; vÞ. For a particular value of the observed precipi-
tation anomaly, this conditional cumulative distribution function

[Eq. (8)] is used for the probabilistic simulation of the soil mois-
ture anomaly. This simulated soil moisture anomaly is then added
to the long-term monthly mean of the soil moisture to obtain the
probabilistic distribution of the simulated soil moisture.

Performance Evaluation of Model Output

The simulated soil moisture using the methodology proposed here
is first compared with in situ observed data. Further, the proposed
model output is compared with the ESA CCI surface soil moisture
data set and CPC model soil moisture values. The statistical com-
parison between the proposed model output and CCI soil moisture
data is made in terms of standard measures for model performance,
namely, correlation coefficient (CC), normalized root mean square
error (RMSE), Nash–Sutcliffe model efficiency (NSE) coefficient,
and normalized unbiased root mean square error (ubRMSE)
(Albergel et al. 2013b). Since the CPC model represents the
average soil moisture for 1.6 m of soil column for surface soil
moisture (0–10 cm), only a graphical comparison (comparative
time series plots) between the proposed model output and the
CPC model output is presented here.

Results and Discussions

Development of Model for Simulation

A few tentatively eligible probability density functions (PDFs),
such as the normal, Pearson Type III, and logistic distribution,
which are generally used for data having both positive and nega-
tive values, are tested for the anomaly of average monthly soil
moisture and precipitation. Goodness-of-fit tests are carried out
using the Kolmogorov–Smirnov test. The p-values for the test
results are presented in Table 2. These p-values indicate that the
soil moisture anomaly at all stations satisfactorily follows a logistic
distribution. However, in the case of the precipitation anomaly,
p-values for the logistic distribution are significant for five sta-
tions at the 10% significance level and seven stations at the 5%
significance level. Compared with other distributions (Table 2),
the p-values for the logistic distribution are found to be better than
those using the normal or Pearson Type III distribution. Thus, the
probability distributions for both soil moisture and precipitation are
accepted as following the logistic distribution. The soil moisture
and precipitation anomalies at all three stations used for validation
are found to follow the logistic distribution because the p-values for
this distribution are significant at the 10% significance level and are
better than those for the normal and Pearson Type III distributions
at US-Var and M3, respectively (Table 2).

Trivariate copulas would produce better results. However, pre-
liminary analysis suggests that the improvement might be marginal
because of the exponentially increased computational effort since
a higher order (even from bivariate to trivariate) is computationally
challenging. Different methodologies are being developed to tackle
this computational challenge (e.g., Maity et al. 2013a, and referen-
ces therein). In this study, bivariate copulas are adopted as per the
results revealed in the preliminary analysis reported earlier. The
most suitable copula function is selected to model the association
between soil moisture and precipitation following the procedure
previously explained. The test statistics Sn and Tn are computed,
and their values for all copulas at all stations are presented (Table 3).
Table 3 shows that for most stations (eight out of nine cases) the GH
copula performs as the best or one of the best copulas. Thus, GH
is employed to derive the joint distribution of the soil moisture
and precipitation anomalies (see the appendix). The conditional
CDFs of the soil moisture anomaly, conditioned on the precipita-
tion anomaly, are derived from the joint CDF between the soil
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moisture and precipitation anomalies using Eq. (7) at all nine soil
moisture–monitoring stations using the best (GH) copula.

The soil moisture simulation curves are obtained using condi-
tional CDFs of the soil moisture anomaly conditioned on the pre-
cipitation anomaly for various quantiles of precipitation. Examples
of such simulation curves for a few typical quantiles (0.05, 0.25,
0.5, 0.75, and 0.95) of the precipitation anomaly are shown in
Fig. 3 for three stations. The locations of these stations have dif-
ferent soil textures to compare the curves for different stations.
It is found that the CDFs are separated more from each other (dif-
ferent precipitation quantiles) when the model parameter (values
presented in Table 8) is higher and vice versa. For example, the
simulation curves are separated further for Bhopal (model param-
eter, θ ¼ 1.793) compared to Vellanikara (model parameter,
θ ¼ 1.093). This indicates the possibility of a link between the
model parameter and the dominant soil textural class, which is
explored and reported later.

The complete distribution of the soil moisture anomaly is
calculated at each time step based on the anomaly of the precipi-
tation magnitude. The quantile of the soil moisture anomaly at any
desired probability level or confidence interval is inferred from
such distribution curves. These quantile values are then converted
through inverse CDF transformation to obtain the actual value
of the soil moisture anomaly using the corresponding marginal
CDFs. Finally, the magnitude of the soil moisture is calculated

Table 2. Results of Goodness-of-Fit through Kolmogorov–Smirnov Test

Stations

Soil moisture anomaly Precipitation anomaly

p-value
(logistic)

p-value
(normal)

p-value
(Pearson Type III)

p-value
(logistic)

p-value
(normal)

p-value
(Pearson Type III)

Agra 0.534 0.127 0.049 0.022 0.003 0.0000002
Basti 0.970 0.501 0.135 0.014 0.0002 0.010
Bhopal 0.845 0.817 0.059 0.026 0.013 0.012
Bhubaneshwar 0.734 0.478 0.153 0.136 0.016 0.094
Kalyani 0.674 0.742 0.001 0.410 0.207 N/A
Niphad 0.542 0.185 0.015 0.001 0.0002 0.001
Sabour 0.979 0.873 0.058 0.020 0.001 0.000004
Tirupati 0.692 0.099 0.067 0.051 0.003 0.00001
Vellanikara 0.968 0.386 0.000000004 0.085 0.0001 0.008
K1 0.786 0.861 N/A 0.796 0.928 0.884
M3 0.610 0.751 N/A 0.442 0.141 0.038
US-Var 0.634 0.121 0.085 0.106 0.016 0.008

Note: For precipitation at Kalyani and soil moisture at K1 and M3, the Pearson Type III distribution is not applicable because the skewness coefficient is too
low (0.143), which results in gamma function as infinity (Matalas and Wallis 1973). Better values for all statistical measures are in bold.

Table 3. Identification of Best Copula through Test Statistics (Sn and Tn)

Station

Sn Tn

Best copulaClayton Frank GH Clayton Frank GH

Agra 0.436 0.397 0.349 1.254 1.175 1.096 GH
Basti 0.257 0.234 0.220 1.162 1.062 1.081 GH/Frank
Bhopal 0.166 0.124 0.118 1.070 1.099 1.115 GH/ Clayton
Bhubaneshwar 0.084 0.082 0.080 0.703 0.688 0.670 GH
Kalyani 0.125 0.124 0.129 0.906 0.916 0.907 Frank/ Clayton
Niphad 0.579 0.500 0.435 1.673 1.505 1.488 GH
Sabour 0.151 0.138 0.129 1.175 1.220 1.216 GH
Tirupati 0.223 0.192 0.179 1.266 1.193 1.127 GH/ Clayton
Vellanikara 0.284 0.273 0.263 1.323 1.276 1.247 GH
K1 0.067 0.080 0.092 0.555 0.621 0.652 Clayton
M3 0.114 0.119 0.115 1.115 1.193 1.184 Clayton
US-Var 0.267 0.212 0.177 1.296 1.086 1.098 GH/Frank

Note: Minimum (best) values are shown in bold; GH = Gumbel–Hougaard.

Fig. 3. Soil moisture simulation curves for a few selected quantiles of
precipitation at three stations with different soil textural classes: clay
loam (Bhopal), loam (Kalyani), and sandy loam (Vellanikara)
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by adding the long-term monthly mean to the computed anomaly.
This is carried out for all stations. For discussion, the results ob-
tained at Bhubaneshwar and Vellanikara are presented in Figs. 4
and 5 (upper panels), respectively, and the remaining figures
(Figs. S1–S7) are shown in the supplementary document. Prob-
abilistic estimation of soil moisture is represented through the
95% confidence interval (both upper and lower limits) along with
the expected values (50th quantile). Observed in-situ soil mois-
ture, satellite based ESA CCI soil moisture values and CPC model
estimated values are also shown in these figures for comparison.
Model performances through different statistical measures are
presented in the following section, except for the comparison
with the CPC model values. The CPC model is a data-driven,
lumped, deterministic model based on the soil–water balance
within an equivalent depth of soil column of 1.6 m. This model
was adopted by Fan and van den Dool (2004) to develop a global
soil moisture data set, in which case a single value for soil porosity

(0.47) throughout the globe was assumed. Thus, wherever the
assumption of uniform porosity is violated, the CPC estimated
soil moisture is expected to be very erroneous, even if the pre-
cipitation information is available. On the other hand, the
proposed model uses the local association between precip-
itation and soil moisture from historical data that contains
the information of the local soil type (discussed subsequently).
As a result, better performance is expected from the proposed
hydrometeorological approach. Moreover, the fact that the
proposed model is able to provide an estimation of uncertainty
is an advantage compared to the CPC model. Thus, the in-
clusion of the CPC model estimate in Figs. 4 and 5 (and
Fig. 6, as stated later) should be considered an indication only.
Model performance is compared with in situ data for an as-
sessment of accuracy of the proposed approach. Satellite-
based ESA CCI data also are used separately to assess their
correspondence.

Fig. 4. Time series plot at Bhubaneshwar during (a) model development and (b) model testing periods
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Testing of Model Performance

The simulated soil moisture, based on the proposed methodology,
is first compared with in situ observed data. As noted earlier, the
proposed model provides a probabilistic output, and the availability
of uncertainty information is a strong point of the proposed model.
From the probabilistic output of the proposed approach, the 5th
quantile is used as the lower limit (LL) and the 95th quantile as
the upper limit (UL). The 50th quantile value is used as the ex-
pected value. Comparison plots between the estimated soil mois-
ture (LL, UL, and expected value), in situ soil moisture data, ESA
CCI data, and CPC values are prepared. For discussion, plots for
the stations at Bhubaneswar and Vellanikara are presented in Figs. 4
and 5 (lower panels), respectively. In situ data are found to corre-
spond well to the model-estimated expected value and are well cap-
tured by the UL and LL. This is true for all the stations considered
in the analysis. Statistical measures are presented later. In the case
of Bhubaneswar, it is interesting to note that the ESA CCI data

(which are from depths of 0–5 cm) and the CPC model–estimated
values (from an equivalent depth of soil column of 1.6 m) show a
slight difference, which is surprising. The same observation is made
at Tirupati (Fig. S7 in the supplementary document). However, the
performances of both these models are beyond the scope of this
study. The proposed model in this study is found to correspond well
to the in situ data for all stations, including Bhubaneswar and
Tirupati. The performance of the model at stations like Vellanikara
(Fig. 5) is very good. However, the proposed model is developed
with in situ data. Thus, it will be of interest to investigate the spatial
transferability of the model apart from the temporal consistency.
Statistical measures for the development and testing periods (tem-
poral consistency) are discussed in the next paragraph. An analysis
outlining the spatial transferability is presented in the following
subsections.

Four different statistical measures, as mentioned earlier—CC,
normalized RMSE, NSE, and normalized ubRMSE—are com-
puted with respect to the in situ soil moisture data as well as

Fig. 5. Time series plot at Vellanikara during (a) model developmentand (b) model testing periods
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Fig. 6. Time series plot at K1, OzNet station, Australia, using (a) estimated model parameter value ¼ 1.344, (b) selected model parameter ¼ 1.0, and
(c) selected model parameter ¼ 1.21
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ESA CCI data at each of the monitoring stations selected for
this study. The 50th quantile value of the probabilistic output is
considered in the computation of these statistics. Model perfor-
mance is assessed through these statistics during both the model
development period and testing periods. Results are listed in
Table 4.

The 50th quantile value of the simulated soil moisture using
the proposed model is found to have CCs with in situ soil mois-
ture that range between 0.443 (Agra) and 0.934 (Vellanikara),
normalized RMSE ranges between 0.116 (Vellanikara) and
0.243 (Niphad), and NSE ranges between 0.080 (Agra) and
0.872 (Vellanikara). On the other hand, for the ESA CCI data
and in situ data, the CC varies between 0.451 (Bhubaneshwar)
and 0.869 (Bhopal), and the normalized RMSE varies between
0.151 (Bhopal) and 1.406 (Bhubaneshwar). During the model
testing period (January 1996–December 1998), the CCs vary be-
tween 0.371 (Bhubaneshwar) and 0.969 (Sabour), the normalized
RMSE values vary between 0.103 (Sabour) and 0.308 (Agra),
and the NSE values vary from −0.275 (Bhubaneshwar) to
0.883 (Sabour). These values are found to be better than the same
statistical measures for the comparison between ESA CCI data
and in situ data at six out of nine stations, as reported in Table 4.
It may be noted here that the NSE is not computed with respect
to the ESA CCI data since there is no meaning in assessing the
efficiency of a data set. However, the NSE for the proposed
model (with respect to in situ data) is reported in the last col-
umn of Table 4. Normalized RMSE values are compared against
normalized ubRMSE for all stations during both model develop-
ment and testing periods. It is found that the values of these mea-
sures are more or less the same for in situ data and the proposed
model output. However, these values differ in the case of the
ESA CCI data and the proposed model output. This indicates
that the bias of the proposed model output is less with respect
to in situ data than the bias between the in situ data and the
ESA CCI data.

A comparison is also carried out directly between the soil
moisture estimate from the proposed model and the ESA CCI
soil moisture data through CC and normalized RMSE (Table 5).
Again, the NSE is not computed with respect to the ESA CCI data,
which is not used in the model development. On the other hand, CC
and normalized RMSE indicate the correspondence and deviation,
respectively, between the two estimates. CC and RMSE between
the 50th quantile of the estimated soil moisture and the ESA CCI
data indicate a fairly good correspondence to each other. However,
the presence of bias is indicated by comparing the normalized
RMSE and normalized ubRMSE.

Model Parameter and Predominant Soil Type
and Texture

The model parameter (θ) of the proposed copula-based soil mois-
ture simulation model represents the dependence between soil
moisture and precipitation anomalies. This parameter is applied to
the joint distribution of soil moisture and precipitation anomalies.
The values of this model parameter at all soil moisture–monitoring
stations are investigated for any possible link with the dominant
soil type or texture. This comparison provides the necessary evi-
dence of the influence of soil properties on the variation of soil
moisture due to variation in precipitation. The information of the
dominant soil type or texture for all soil moisture–monitoring sta-
tions are collected from various works in the published literature.
The comparison, along with different sources of information for
soil type and texture, is presented in Table 6. Note that the high
values of the model parameter (1.5–1.8) correspond to clay loam,
medium values of the model parameter (1.3–1.5) correspond to
loamy sand or loam, and low values of the model parameter
(1.0–1.3) correspond to sandy loam to sandy soil.

This suggests that the signature of soil texture is manifested in
the model parameter (θ). The developed soil moisture simulation
curves (Fig. 3) reveal that the spread of the simulation curves
(conditional CDFs for different precipitation quantiles) is larger
for stations with higher clay content (higher parameter values)
and vice versa. This observation also supports the physical fact

Table 4. Results Showing Model Performance during Development and Testing Periods

Station for model
development

Correlation coefficient Normalized RMSE Normalized unbiased RMSE NSE

In situ versus
proposed model

In situ versus
ESA CCI data

In situ versus
proposed model

In situ versus
ESA CCI data

In situ versus
proposed model

In situ versus
ESA CCI data

In situ versus
proposed model

Agra 0.443 (0.463) 0.625 (0.472) 0.232 (0.308) 0.573 (0.815) 0.229 (0.302) 0.248 (0.386) 0.080 (0.134)
Basti 0.874 (0.878) 0.782 (0.733) 0.139 (0.169) 0.225 (0.237) 0.138 (0.153) 0.206 (0.221) 0.762 (0.736)
Bhopal 0.638 (0.531) 0.869 (0.881) 0.212 (0.306) 0.151 (0.233) 0.211 (0.302) 0.140 (0.139) 0.325 (−0.100)
Bhubaneshwar 0.722 (0.371) 0.451 (0.423) 0.169 (0.250) 1.406 (1.006) 0.169 (0.245) 0.558 (0.432) 0.518 (0.008)
Kalyani 0.841 (0.726) 0.562 (0.585) 0.140 (0.287) 0.262 (0.441) 0.141 (0.272) 0.220 (0.248) 0.706 (0.545)
Niphad 0.588 (0.562) 0.775 (0.792) 0.243 (0.314) 0.378 (0.739) 0.243 (0.280) 0.179 (0.246) 0.266 (−0.275)
Sabour 0.923 (0.969) 0.707 (0.691) 0.082 (0.103) 0.213 (0.567) 0.082 (0.079) 0.151 (0.264) 0.852 (0.883)
Tirupati 0.648 (0.770) 0.597 (0.592) 0.165 (0.207) 1.231 (1.396) 0.164 (0.205) 0.431 (0.464) 0.411 (0.543)
Vellanikara 0.934 (0.849) 0.550 (0.815) 0.116 (0.181) 0.639 (0.455) 0.116 (0.170) 0.269 (0.202) 0.872 (0.671)

Note: Testing period values are shown in parentheses. For the proposed model, the 50th quantile value is used for computation of the performance measures.
Better values for any statistical measures are in bold.

Table 5. Comparison between Proposed Model Output and the European
Space Agency Climate Change Initiative Soil Moisture Data during
Development and Testing Periods

Station for model
development

Correlation
coefficient

Normalized
RMSE

Normalized
unbiased
RMSE

Agra 0.502 (0.761) 0.576 (0.543) 0.264 (0.218)
Basti 0.767 (0.781) 0.298 (0.276) 0.279 (0.278)
Bhopal 0.745 (0.673) 0.367 (0.413) 0.336 (0.360)
Bhubaneshwar 0.671 (0.783) 0.595 (0.784) 0.212 (0.265)
Kalyani 0.520 (0.548) 0.494 (0.691) 0.408 (0.498)
Niphad 0.765 (0.692) 0.522 (0.617) 0.232 (0.285)
Sabour 0.697 (0.830) 0.498 (0.737) 0.350 (0.232)
Tirupati 0.756 (0.725) 0.748 (0.856) 0.253 (0.279)
Vellanikara 0.637 (0.894) 0.820 (0.871) 0.306 (0.202)

Note: Testing period values are shown in parentheses; for proposed model,
the 50th quantile value is used for computation of performance measures;
RMSE = root mean square error.
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that the sensitivity of changes in soil moisture due to variability in
precipitation is higher for sandy and lower for clayey soil. This is
perhaps due to the fact that the soil texture has a controlling
effect on the gradual decay of soil moisture. These observations
indicate the possibility of a spatial transferability of the devel-
oped model to ungauged locations stemming from a knowledge
of the soil texture. An outline of this aspect is presented in the
next section.

Spatial Transferability of Proposed Simulation
Approach

The probabilistic approach for soil moisture simulation using hy-
drometeorological inputs is tested for spatial transferability. Station
details and data used from these stations are already discussed in
the section “Data Used and Preliminary Analysis”. For these sta-
tions, model parameters are assumed based on the dominant soil
texture (Table 6, last column). The soil texture information was
not collected exactly at the K1 and M3 sites. For these sites soil
texture information is valid for the zone where the station is located.
On the other hand, for the US-Var station, soil texture information
is from that exact location. However, the soil texture information
for the US-Var site does not exactly match that for sites in India.

Thus, two different values of model parameters are chosen for these
stations. Assumed model parameters are listed in Table 7. The
performance of the model using these model parameter values is
presented in Table 7. Actual model parameters (using the in situ
data) are listed in Table 6. Results using these model parameter
values are also included in Table 7.

Comparative time series plots of in situ, simulated soil mois-
ture by the proposed model, the CPC model values, and ESA CCI
data for all three stations are obtained. Such plots for K1 using
three different model parameter values (1.344, 1.0, and 1.21) are
presented in Fig. 6. The time series plots for the other two stations
(Figs. S8 and S9) are presented in the supplementary document.
These results illustrate that the proposed model performs fairly
well at all sites with correlation between simulated values and
in situ data ranging between 0.560 (M3) and 0.864 (US-Var)
for the model parameter values closest to the actual site-specific
model parameter. Comparison between the normalized RMSE
and the normalized ubRMSE reveals the same observation as dis-
cussed earlier in the case of stations in India. Overall, the perfor-
mance of the proposed model with respect to in situ data is
reasonably good for all three stations. ESA CCI data are found to
be comparable to the proposed model output at stations K1 and
US-Var. It is further noticed that the model performance matches

Table 6. Comparison between Model Parameter and Major Soil Type/Texture at Different Stations

Station

Model
parameter

(θ) Major soil type (reference) Soil texture (reference)

Agra 1.462 Alluvial soil (Ghawana et al. 1997) Loamy Sand (Ghawana et al. 1997)
Basti 1.248 Alluvial soil (Nanda 1978) Sandy loam [Bhoomi Sanrakshan Adhikari (BSA) 2011]
Bhopal 1.793 Medium black soil (Kumar 2010) Clay loam (Rao 1998)
Bhubaneshwar 1.049 Lateritic soil (Mishra 2007) No information available
Kalyani 1.123 Gangetic alluvial soil (Sarkar et al. 2001) Loam (Ghosh and Datta 1974)
Niphad 1.608 Medium black soil (Shirpurkar et al. 2008) Clay loam (Rao 1998)
Sabour 1.206 Younger Alluvium, Calcareous soil

[Central Ground Water Board (CGWB) 2009]
Sandy soil (CGWB 2009)

Tirupati 1.193 Red soil (laterite) (CGWB 2007) Sandy loam (Chaitanya and Chandrika 2006)
Vellanikara 1.093 Midland laterite soil (Thomas et al. 1998) Sandy loam (Tessy and Renuka 2008)
K1 1.344 No information available Coarse-textured soil (Young et al. 2008)
M3 1.037 No information available Fine-textured soil (Young et al. 2008)
US-Var 1.522 Exchequer series very rocky soil (AmeriFlux 2013) Silty loam (AmeriFlux 2013)

Table 7. Results Showing Model Performance Testing for Three Non-Indian Stations to Evaluate Spatial Transferability (Knowing Soil Textural Class as
Shown in Table 6)

Station
(network, country)

Actual/
selected
model

parameter
value

Correlation coefficient Normalized RMSE
Normalized unbiased

RMSE NSE coefficient

In situ
versus

proposed
model

ESA CCI data
versus

proposed
model

In situ
versus

proposed
model

ESA CCI data
versus

proposed
model

In situ
versus

proposed
model

ESA CCI data
versus

proposed
model

In situ
versus

proposed
model

ESA CCI data
versus

proposed
model

K1
(OzNet, Australia)

1.344 0.550 0.678 0.231 0.248 0.231 0.222 0.250 0.180
1.0 0.707 0.777 0.189 0.216 0.189 0.179 0.499 0.378
1.21 0.613 0.723 0.214 0.232 0.214 0.201 0.358 0.282

M3
(OzNet, Australia)

1.037 0.503 −0.067 0.294 0.423 0.288 0.385 −0.003 −0.645
1.0 0.560 −0.054 0.273 0.417 0.268 0.381 0.135 −0.602
1.21 0.306 −0.096 0.376 0.447 0.367 0.405 −0.644 −0.846

US–Var
(FLUXNET, USA)

1.522 0.800 0.811 0.200 0.292 0.200 0.229 0.617 0.082
1.21 0.864 0.866 0.165 0.264 0.165 0.196 0.741 0.251
1.46 0.813 0.823 0.193 0.267 0.193 0.222 0.643 0.119

Note: Results for actual, site-specific model parameter are also reported in first row for each station; ESA = European Space Agency; CCI = Climate Change
Initiative; NSE = Nash–Sutcliffe efficiency; RMSE = root mean square error.
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closely the performance using the adopted parameters since they
are not much different from the site-specific model parameter.
This underlines the importance of soil texture information and
the spatial transferability of the proposed hydrometeorological
approach.

Conclusions

In this paper, the dependence of monthly soil moisture variation on
hydroclimatic variables (precipitation and temperature) is explored.
Based on such a dependence, an attempt is made to develop a hy-
drometeorological modeling approach using a bivariate copula for
probabilistic simulation of monthly soil moisture. It is found that
the strength of association is higher between soil moisture and
precipitation compared to that between soil moisture and temper-
ature. Considering the associated uncertainty, a probabilistic
model is developed for soil moisture estimation along with uncer-
tainty quantification. Anomaly values are used in this study to
eliminate temporal changes due to seasonal variations. The joint
and conditional distributions are developed based on monthly soil
moisture anomalies and corresponding precipitation anomalies.
The monthly soil moisture computed with the proposed model
is found to be promising. Observed in situ soil moisture variation
is found to be well captured between the 5th (upper limit) and
the 95th quantiles (lower limit) provided by the proposed ap-
proach. The 50th quantile of the probabilistic estimate is found
to correspond well with the observed in situ values for all stations.
The comparison is also carried out between the soil moisture
estimate made with the proposed model and the ESA CCI soil
moisture data. A fairly good correspondence is indicated for all
the stations.

While investigating the possible link between the dominant soil
texture and the model parameter, it is found that the model param-
eter is higher for those locations having a higher clay content,
whereas the parameter is lower for those locations having a coarse
texture. This suggests that the signature of soil texture is manifested
in the model parameter as reflected in soil moisture simulation
curves obtained using the proposed approach. This further indicates
the promise of the proposed approach for being spatially transfer-
able. For instance, the model performed fairly well for two stations
belonging to the OzNet network (K1 and M3 in Australia) and
one station belonging to the FLUXNET network (US-Var in the
United States), where model parameter values are assumed to de-
pend on the available soil texture information. The results indicate
the importance of soil texture information and the spatial transfer-
ability of the proposed hydrometeorological approach. However,
further rigorous analysis is required in this regard, which may
be a future direction for this study.

Appendix. Bivariate Joint Distribution for
Gumbel–Haugaard (GH) Copula

The complete bivariate joint distribution using the GH copula
(best copula) is expressed as follows:

F½FSðsÞ;FPðpÞ� ¼ exp½−ðf− ln½FSðsÞ�gθ þ f− ln½FPðpÞ�gθÞ1=θ�
ð9Þ

where S = soil moisture anomaly; P = precipitation anomaly; and
s and p = their specific values. The values of θ for different stations
are given in Table 8.
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