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ABSTRACT

This study develops an early warning system for crop yield (CY) failure based on meteorological drought
and vegetation health conditions. The framework combines three drought indices - the Standardized
Precipitation Evapotranspiration Index (SPEI), standardized Normalized Difference Vegetation Index
(stdNDVI), and standardized CY (stdCY) values — using copulas. Datasets for five major wheat-
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producing cities in Turkey between 2000 and 2022 are used for analysis. Results indicate that the time

periods used to calculate SPElI and NDVI are critical in determining agricultural drought and CY condi-
tions. The critical threshold values for SPEI and NDVI, with a 10% probability of causing agricultural
drought, are found to be ~0.28 and ~0.42, respectively. Using a three-dimensional copula model resulted
in more precise CY simulations than a two-dimensional model. The validation efforts showed that all of
the observed CYs fell within the simulated range, indicating the robustness of the methodology in

capturing drought impacts on CY conditions.

1 Introduction

Drought events are one of the major climatic hazard types that
can significantly impact agriculture and food security
(Hameed et al. 2020). Agricultural drought assessment is an
important tool for understanding the magnitude of droughts
and identifying their risks to crop yield (CY) conditions (Rojas
et al. 2011). Such assessments and early warning systems
developed using different data sources can help decision
makers mitigate the negative impacts of climate extremes by
providing them with timely information about the magnitude
of upcoming drought events (Merz et al. 2020).

One practical method of agricultural drought monitoring is
to combine meteorological drought indices, vegetation indices,
and CY amounts to assess the impact of meteorological
droughts on CYs and analyse the existing interactions among
them. In recent years, the use of multiple indices simulta-
neously has been seen as a superior alternative to the use of
a single index in drought monitoring analysis. Different stu-
dies have shown that using multiple drought indices can pro-
vide a more robust and comprehensive understanding of
drought events (Khan et al. 2020, Afshar et al. 2021, 2022).
Moreover, combining indices from different sources, such as
meteorological drought conditions, soil moisture anomalies,
vegetation health conditions, and CY amounts, can capture
different aspects of agricultural droughts and provide a better
representation of them (Bayissa et al. 2018).

Three commonly used indices for agricultural drought mon-
itoring are the Standardized Precipitation Evapotranspiration
Index (SPEI) (Vicente-Serrano et al. 2010), the Normalized
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Difference Vegetation Index (NDVI) (Tucker 1979), and CY
anomalies (Kogan 1995, Dutta et al. 2015, Sun et al. 2020, Trnka
et al. 2020, Javed et al. 2021). SPEI is a meteorological drought
index that uses both precipitation and evapotranspiration infor-
mation to measure the severity of drought events. NDVT is
a vegetation index that uses remote sensing observations to
measure global warming (Vicente-Serrano et al. 2010) and the
state and health of crops (Bezdan et al. 2019). CY anomalies, in
turn, are used to measure the deviation of CYs from their long-
term averages and can provide realistic information about the
impact of agricultural drought events on crop productivity.
These indices together can be used to understand the impact
of drought events on agricultural production.

Copula functions are powerful tools that have recently been
used more frequently in modelling the dependency structure
between multiple variables (de Melo E Silva Accioly and
Chiyoshi 2004), including bivariate (Shiau 2006, Reddy and
Ganguli 2012, Sraj et al. 2015) and trivariate (Zhang and Singh
2007, Wong et al. 2010). Copulas are mathematical functions
that are used to describe the association between variables,
regardless of their marginal distributions. In the context of
integrating different drought indices such as SPEI, NDVI, and
CY anomalies, copulas can provide a flexible framework for
quantifying the degree of association between these indices
and understanding how changes in one index may impact
the other indices.

Overall, probabilistic modelling of the relationships
between meteorological and agricultural drought indices
using copula functions has several advantages over traditional
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methods such as correlation analysis or linear regression ana-
lysis (Wang et al. 2021a, Kamali et al. 2022). Copula functions
can account for non-linear relationships and capture the tail
dependencies among multiple variables, making them particu-
larly beneficial in modelling complex systems such as
droughts. Moreover, probabilistic approaches allow the mod-
elling framework to represent the uncertainty within the mod-
elling (Brigode et al. 2013, Huang and Fan 2021), which is
important in dealing with the modelling of some variables
under the influence of multiple different factors (Zampieri
et al. 2017). On the other hand, regression models assume
a linear relationship between the variables involved within
the modelling framework which may not be the case in real-
world scenarios such as relating CY anomalies to meteorolo-
gical droughts.

While probabilistic modelling of the relationships between
drought indices using copulas has several advantages over
traditional regression methods and correlation analysis, some
challenges also need to be considered. One of the challenges of
using copulas in such a modelling framework is related to their
complexities. Copula functions, in comparison to regression
methods, are difficult to understand, apply, and interpret,
which makes them difficult to use in practice (Afshar and
Yilmaz 2017). Another challenge in using copulas is related
to the availability of the number of observations considered in
the analysis. Copulas, particularly those functions that require
calibration and fitting efforts in their functionality process,
need large, global datasets (Spinoni et al. 2019, Ionita and
Nagavciuc 2021), and gathering such data can be difficult in
the context of relating CYs with environmental factors.
Moreover, copulas are computationally intensive and have
high computational costs for generating uncertainties asso-
ciated with relationships among meteorological, and agricul-
tural drought indices (Hasan et al. 2019). Overall, however,
despite the computational demands and other challenges asso-
ciated with copulas in drought analyses, the opportunity they
provide to accurately capture the tail dependency structure
among drought indices using time series clustering (de Luca
and Zuccolotto 2021) makes them a more robust and compre-
hensive choice over correlation analysis and regression models
and leads them to generate improved drought predictions.

Several studies have used copulas in hydrological studies,
such as precipitation-streamflow relationships (Deb and Kiem
2020, Jaiswal et al. 2020, Yisehak and Zenebe 2021), modelling
the dependence between different hydrological variables (Ni
et al. 2020, Qian et al. 2020), modelling the dependence
between groundwater and surface water (Tahroudi et al.
2020), modelling maximum flows under climate extremes
(Goodarzi et al. 2020, Wang et al. 2021b), the analysis of
bivariate frequencies for hydrological modelling (Tosunoglu
and Can 2016, Tosunoglu and Onof 2017, Wu et al. 2021,
Zhong et al. 2022) and measuring drought characteristics
in a drought monitoring scheme (Afshar et al. 2016, 2020).

In the context of agricultural drought analysis, copulas
have demonstrated their utility in modelling the interde-
pendencies between drought indices and CYs in various
countries, such as Poland, the USA, Canada, and North
China (Heim 2002, Quiring and Papakryiakou 2003,
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Labedzki and Bgk 2015, Liu et al. 2018). These studies
have consistently shown that copulas offer an accurate
representation of these intricate relationships. Likewise, sev-
eral investigations in Europe and Spain have explored the
connections between CY conditions and diverse environ-
mental factors (Iglesias and Quiroga 2007, Iglesias et al.
2012), as well as climate conditions affecting drought risk
(Larsen et al. 2013, Filipa Silva Ribeiro et al. 2020, Yoon
et al. 2020, Bali and Singla 2022). These studies concluded
that copulas serve as valuable tools for predicting CYs under
varying environmental and drought conditions. However,
there remains an evident gap in the literature, with no prior
attempts to employ copulas in a three-dimensional frame-
work to simultaneously address the interdependencies
between meteorological drought, vegetation health condi-
tions, and CY anomalies.

A significant novelty of this work lies in its pioneering
approach, which introduces a novel approach to CY prediction
studies. This approach harnesses copula functions to compute
the anticipated CY under various drought scenarios through
the use of conditional joint probability, denoted as P(CY = cy |
SPEI = spei & NDVI = ndvi). To determine the associated
probabilities of specific CY levels under varying environmental
and climate conditions, this study relies on the numerical
calculation of the density of conditional copula functions.
This represents a departure from traditional copula applica-
tions that typically provide cumulative distribution functions
(CDFs) of joint probabilities. This innovation constitutes
a substantial contribution to time series prediction and holds
immense promise for CY forecasting. Additionally, within the
regional context, this study stands as the first of its kind in the
region to predict CY as a function of meteorological drought
and vegetation health conditions, highlighting its unique and
distinctive nature.

Hence, the aim of this study is to develop a framework that
integrates three distinct drought indices from disparate
sources, namely SPEI, NDVI, and CY values, and facilitates
the timely provision of early warnings regarding CY failure
probabilities. In line with this objective, SPEI, NDVI anoma-
lies, and wheat CY anomalies of Turkey’s five main wheat-
producing regions have been sourced and interconnected
using a novel copula-based framework. Moreover, to validate
the developed framework, we test the performance of the
approach by comparing the simulated and observed wheat
CY conditions during severe drought events that occurred in
the study area throughout the study period between 2000 and
2022.

2 Methodology
2.1 Study area

The study area covers five cities — Ankara, Eskisehir, Konya,
Kayseri, and Cankiri - located in the so-called Central
Anatolian (CA) region of Turkey in the centre of the country
(Fig. 1). The region encompasses 11 cities covering an area of
approximately 65 000 km®. The region is characterized by
a semi-arid climate with hot summers and cold winters. The
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Figure 1. Location of the study area (Central Anatolia (CA) region of Turkey) and rainfed areas over it.

topography of the region is dominated by rolling plains and
high plateaus, with elevations ranging from 650 to
2 600 m above sea level.

The CA region of Turkey is a significant producer of
wheat and other crops such as barley, corn, and sunflower,
due to its fertile soil and favourable agricultural conditions,
making it a key contributor to the country’s agronomic
economy. However, the region is prone to drought
(Hesami Afshar et al. 2016, Afshar et al. 2020, Danandeh
Mehr et al. 2020) which can affect CYs, especially for
rainfed crops. Data collected by the State Statistical
Institute (TUIK 2019) throughout 2000-2019 shows that
the CA region provided around 24% of the total wheat
production in Turkey, with the cities of Konya and
Ankara being the largest producers, accounting for
1.9 million tons and 1.0 million tons in 2019 alone. This
highlights the important role of the region in the analysis
of agricultural drought, particularly in terms of wheat crop
production in Turkey (Bulut 2021).

The datasets used in this study contain multiple envir-
onmental variables. Daily precipitation, temperature, and
solar radiation values for the five abovementioned cities
are retrieved from European Environment Agency (ERA5)

datasets between the years 1980 and 2019 to calculate the
SPEIL. Moreover, remotely sensed observations of Moderate
Resolution Imaging Spectroradiometer (MODIS) Aqua and
Terra satellites (MODO09GA.006 and MYD09GA.006 pro-
ducts; (Vermote and Wolfe 2015a, 2015b) are used to
calculate NDVT values over rainfed areas of the considered
cities in the study using Copernicus global land cover
layers (CGLS-LC100 Collection 3) datasets (Buchhorn
et al. 2020) within the Google Earth Engine environment
(Gorelick et al. 2017). Finally, to evaluate the CY amounts,
the winter wheat CY values of these cities are collected
from TUIK, considering only rainfed products among both
rainfed and irrigated statistics.

While the datasets collected from ERA5 (Hersbach et al.
2020) that are used in the calculation of SPEI were collected
between the years 1980 and 2019 to achieve a better under-
standing of drought events, the NDVI and CY datasets were
collected between the years 2000 and 2019, as the early years of
wheat yields (between 1980 and 2000) were not steady and
showed drastic changes in the products. Moreover, the avail-
able trend in NDVI and CY time series for the five considered
cities is removed linearly to be more consistent with climatic
conditions, and the SPEI time series.



2.2 Drought indices

Within the scope of this study, three indices coming from
different sources, namely SPEI, standardized NDVI
(stdNDVI), and standardized CY (stdCY) values, are integrated
to evaluate agricultural droughts over the considered study area.
The SPEI uses the difference between precipitation and potential
evapotranspiration (PET) amounts (referred to as water balance
amounts) to represent the available and under-demand water
amounts and assess drought events accordingly. The SPEI values
can be calculated at different time scales (accumulated balance
amounts) ranging from daily to multi-year scales. The choice of
time scale for SPEI depends greatly on the aim of its utilization,
and while balance amounts for short periods (e.g. weekly) can be
used to analyse flash droughts, the longer time scales can pro-
vide insights into seasonal dynamics and agricultural drought
assessments. In this study, the SPEI has been calculated on
a daily basis over a time frame that spans between specific
dates. Notably, this time frame does not follow calendar months
but has been tailored to align with the phenology of the wheat
crop, aiming to maximize the correlation between SPEI, NDVI,
and CY anomalies. For more detailed information, please refer
to the final paragraph of Section 2.2.

There are multiple ways to calculate PET amounts, such as
Thornthwaite (Thornthwaite 1948), Food and Agriculture
Organization of the United Nations (FAO)-56 methodology
(Allen et al. 1998), or Hargreaves-Samani (Hargreaves and
Samani 1985). In this study, the Penman-Monteith equation-
based PET estimation using the dataset published by Singer
et al. (2021) are utilized to calculate SPEI values over the
regions. The other climatic data comprising precipitation
used in the calculation of SPEI values over the regions are
retrieved from ERA5 datasets. In this study, the calculation of
SPEI is followed by the methodology proposed in the SPEI
package (Beguerfa and Vicente-Serrano 2013) in
R environment (R Core Team 2021), with some modifications
that helped this study perform these calculations daily.

It is noteworthy that in this study, the choice of SPEI over
alternative indices, such as the Standardized Soil Moisture
Index (SSI), offering potentially richer insights into agricul-
tural droughts is influenced by practical limitations in acces-
sing daily soil moisture data. Daily datasets derived from
satellite-based soil moisture, which are commonly regarded
as more reliable for global soil moisture measurements
(Bulut et al. 2019), often include gaps in their time series
(Afshar et al. 2022). Considering our focus on daily accumula-
tions of drought indices and dataset constraints, in this study,
the SPEI is preferred to represent meteorological drought
aspects of the analysis.

The next index used in this study is stdNDVI, which
considers the deviation of a certain period’s NDVI values
from the long-term average. The NDVT is a remotely sensed
vegetation index that uses red (with the electromagnetic spec-
trum centred at 858 nm) and near-infrared (with the electro-
magnetic spectrum centred at 645 nm) bands’ reflectance to
assess the vegetation dynamics and the healthiness of vegeta-
tion cover in a given area. The NDVI values usually vary
between 0 and 1, representing the bare soil to dense vegetation
cover conditions, respectively, in a specific region.
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The stdNDVT values, on the other hand, can be calculated
by subtracting the long-term average of NDVI values for
a specific time and location from the normal NDVI values
and then dividing the calculated deviation at the previous step
by the long-term standard deviation of the considered NDVI
values. The stdNDVI values can provide valuable information
about agricultural droughts in different locations, as this nor-
malization process removes the range of NDVI values and
turns it into a normally distributed time series, making it easier
to compare over different periods and locations.

In this study, the selection of NDVI over other vegetation
indices was guided by its widespread utility in remote sensing
applications. The NDVT’s simplicity and straightforward inter-
pretation of values make it a practical indicator for assessing
the condition of vegetation around the globe. While other
indices may have their unique merits, NDVT’s ease of calcula-
tion, robustness, and compatibility with various sensors and
platforms make it a reliable option for drought analysis.

The third index considered in this study is the stdCY. The
process of stdCY calculation is very similar to the calculation
of stdNDVI, with the difference that the CY values, unlike
NDVI or SPEI values, are obtained annually and, hence, their
standardization does not include the selection of a particular
time period.

The periods for which the SPEI and stdNDVI are being
calculated are found by considering the linear relationship
between SPEI and stdNDVI, and stdNDVI vs. stdCY values.
For this purpose, correlation analysis has been conducted to
find the best window which provides the highest correlation
between SPEI, stdNDVI and stdCY values over the five
selected cities (Ankara, Cankiri, Eskisehir, Kayseri, and
Konya) in the CA region of Turkey. The analysis has been
carried out by considering different durations of the accumu-
lated water balance (precipitation minus PET) from 1 October
until May 30 (approximately equivalent to the sowing date and
flowering time, respectively, of wheat crops in Turkey, mainly
in CA).

2.3 Copula functions

The modelling of multivariate hydrological processes is gen-
erally achieved using joint distributions that describe the pre-
sent correlation among variables. Despite the potential
usefulness of using joint distribution functions, the implemen-
tation of multivariate joint distribution functions in the mod-
elling of hydrological processes has remained limited due to
the challenges posed by fitting correlated variables to the same
type of distribution. To address these difficulties, copulas,
a concept developed by Sklar (1959), have been widely adopted
in multivariate distribution analysis. The key advantage of
using copulas is the ability to dissociate dependence effects
from marginal distribution effects, thereby providing greater
flexibility in the selection of univariate marginal distributions
(Shiau 2006).

Copulas are mathematical tools used for characterizing and
analysing the complex interdependence between multiple vari-
ables. These functions provide a way to represent multivariate
distributions in univariate or multivariate forms. The concept
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of copulas involves linking two or more random variables, X,
Y, ..., Z through a unique function, C, that is expressed as
cumulative joint distribution function F(x, y, ... , z).
Considering a situation with two random variables, Sklar’s
Theorem states that it is a two-dimensional CDF with mar-
ginal CDFs and then there exists a copula C such that:

Fxy(x,y) = C(Fx(x), Fy(y)) (1)

Under the assumption that the marginal distributions are
continuous with probability density functions (PDF), the
joint PDF then becomes:

fxy(x,y) = c(Fx(x), Fy(y))fx(x)fr () )

where c is the density function of C, defined as

P*C(x,y)

O0x0y 3)

c(x,y) =

Multiple copula functions are available and each is suitable
for a specific kind of study, depending on the nature of the
existing relationships among the considered variables. The
Archimedean (Clayton, Frank, and Gumbel) and elliptical
classes of copulas (Gaussian and T) are the families com-
monly used in hydrological applications. In this study, since
SPEIL, stdNDVI and stdCY values follow a normal distribu-
tion, the Gaussian copula is used to model the joint relation-
ships among them. The appropriate form of the copula
function (true values of parameters) can be determined
through methods such as error formulation or maximum
likelihood estimation. In this study, to determine the exist-
ing correlation between SPEI, stdNDVI, and stdCY values,
the time series of five cities are combined to create a longer
time series, resulting in a more robust copula function
model.

PX<x, Y=y,Z=1)

PX<x|lY=yv.Z=2z=
XN =r2 222 iy —yz=

is a fundamental aspect of the analysis conducted in the study.
To facilitate clarity and comprehension of the formulations
and illustrations of the numerical method used in this study,
some notations are employed. These notations involve the
introduction of a buffer, x + Ax, enabling the computation of
P(X = x) as the difference between P(x + Ax) and P(x — Ax).
In the interest of clarity, x 4+ Ax is referred to as xp (represent-
ing “x positive”) and x — Ax as xn (representing “x negative”).
These notations may vary according to the nature of the
equation, whether transitioning from x to y or z, depending
on the presentation of bivariate or trivariate conditional
probabilities.

One of the relevant probabilities in the context of agri-
cultural droughts is related to the probability of variable
X being less than x given that Y is equal to y, denoted by
P(X <x|Y = y). In this formulation, as an example, consid-
ering variable X to be stdCY amounts and Y to be SPEI, or
stdNDVTI values, would help agricultural decision makers to
make informed predictions about CYs and assess the risk of
crop failure when encountering meteorological drought
events or critical NDVI vegetation index values. Equation
(4), which computes this conditional probability, is
extended to a trivariate case in Equation (5) to consider
the risk of obtaining stdCY values less than threshold values
when SPEI and stdNDVT values have already reached spe-
cific thresholds. It is noteworthy that in following Equations
(4) - (11), the variable X can be considered to represent
stdCY values, and Y, and Z, depending on the nature of
problem, can be considered to represent the SPEI and
stdNDVI values.

P(X<x,Y=y)
P(Y =y)

P(X<x,Y<yp) — P(X<x,Y<yn)
P(Y <yp) — P(Y <yn)

P(X<xY = y) =
(4)

P(X<x,Y<yp,Z<zp) — P(X<x,Y<yn,Z<zp) — P(X<x,Y<yp,Z<zn)+P(X<x,Y<yn,Z<zn)

P(Y<yp,Z<zp) — P(Y<yn,Z<zp) — P(Y<yp,Z<zn) + P(Y <yn,Z<zn)

2.4 Univariate and multi-variate copula models using
conditional probabilities

In this study, to analyse the interactions between drought
indices and develop a framework for assessing agricultural
drought events, several different formulations based on condi-
tional probability functions and their densities have been
developed.

In this manner, the approach used in this study hinges on
harnessing copula functions, which have the ability to calculate
joint CDFs. This capacity is essential for the purpose of calcu-
lating the conditional probabilities like P(X = x|Y = y), which

)

where as yp=y+Ay, yn=y—Ay, zp=z+Az
zn =z — Az, and Ay, and Az are small values such as 0.005
that can be added to y or z values to satisfy the numerical
derivation of the conditional PDF.

Equations (4) and (5) are particularly important in deter-
mining the thresholds for SPEI and NDVI that trigger CY loss.
They enable interested parties to pinpoint specific environ-
mental conditions that significantly elevate the risk of CY
failure associated with agricultural drought.

In contrast, the probabilities such as P(X = x|Y <y) and
P(X <x|Y <y) can offer another dimension of this relation-
ship. These conditional probabilities consider the impact of



drought across a range of SPEI values, rather than focusing on
a single specific value as seen in P(X <x|Y = y). The above-
mentioned probabilities can inform drought analysis about the
likelihood of obtaining a specific yield or a yield below
a certain threshold in the context of current drought condi-
tions. To compute these probabilities, the below equations

PX=x,Y<y)
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(Equations (6) and (8) for two-dimensional and
Equations (7) and (9) for three-dimensional cases) can be
employed. These pivotal equations (Equations (6) - (9)) can
aid managers and also stakeholders in quantifying the relation-
ship between expected drought conditions and CY outcomes
when precise conditions are uncertain.

_ P(X<xp,Y<y) - P(X<xn,Y<y)

= < —
P(X = x|Y <y) P(Y <y) P(Y<)) ©
= < < < <) _ - - B
P(X:x|Y<y,Z<Z): P(X x,Y )’,Z Z)_P(X<XP,Y Y’Z Z) P(X m, Y Y,Z Z) o
P(Y<y,Z<z) P(Y<y .Z<2)
< < < <
P(X<x|Y<y) = P(X<x, Y<y) P(X<xY<y) o
P(Y <y) P(Y<y)
< < < < - <
P(X<x|Y<y,Z<z) = DXSX, Y<y,2<2) PX<x¥<y,2<2) )

P(Y<y,Z<z) P(Y<y,Z<z)
whereasxp =x+ Ax,xn =x— Ax, yp =y + Ay, yn =y — Ay, zp = z + Az, zn = z — Az, and Ax, Ay, and Az are small values
such as 0.005 that can be added to x, y, or z values to satisfy the numerical derivation of the conditional PDF.

Another type of conditional probability that contributes to a more precise understanding of the relationship between stdCY
amounts and SPEI or NDVI, either individually or simultaneously in a trivariate scenario, is P(X = x|Y = y). This probability
represents the likelihood of X being exactly equal to x given that Y is exactly equal to y. This specific conditional probability offers
advantages over P(X = x|Y <y) or P(X <x|Y <y) as it directly considers the specific value of Y and its impact on X, rather than
just considering that the overall trend of Y is less than a certain value. In cases involving more than two variables, a trivariate
copula can be used to describe their interdependence. The full representation of the interdependence between the variables can
be achieved through the calculation of pairwise correlations between all the variables. The considered probability can be
calculated using Equations (10) and (11) for bivariate and trivariate cases, respectively:

PX=x,Y=y)
P(Y=y)

P(X<xp,Y<yp) — P(X<xn,Y<yp) — P(X<xp,Y<yn)+ P(X<xn,Y <yn)
P(Y<p) — P(Y <)

PX =Y =y) =
(10)

PX=x, Y=y,Z=12)

P(Y=y,Z=2)
_ P(X<xp,Y<yp,Z<zp) — P(X<xp,Y<yp,Z<zn) — P(X<xp,Y <yn,Z<zp) + P(X<xp,Y <yn,Z<zn)
N P(Y<yp,Z<zp) —P(Y<yn,Z<zp) — P(Y<yp,Z<zn)+ P(Y <yn,Z<zn)

PX=x|Y=y,2=12)=

P(X<xn,Y<yp,Z<zp) — P(X<xn,Y<yp,Z<zn) — P(X<xn,Y<yn,Z<zp) 4+ P(X<xn,Y <yn,Z<zn)
P(Y<yp,Z<zp) —P(Y<yn,Z<zp) — P(Y<yp,Z<zn)+ P(Y <yn,Z<zn)

(11)

where asxp =x+ Ax,xn =x— Ax, yp =y + Ay, yn =y — Ay, zp = 2+ Az, zn = z — Az, and Ax, Ay, and Az are small values
such as 0.005 that can be added to x, y, or z values to satisfy the numerical derivation of the conditional PDF. Equations (10) and (11)
play a pivotal role in predicting CYs and other desired time series. They can quantify the probability of achieving a specific CY under
predetermined environmental conditions; and given the time frame of data collection for independent indices in this study, this
predictive capacity can also serve as an effective early warning system, potentially assisting in various applications beyond agriculture.

2.5 Validation

In this study, several different conditional probability formulations have been used to find the relationships between SPEIL, stdNDVI
values, and stdCY amounts. To validate these formulations, the latest considered scenario (i.e. Equations (10) and (11)) is used to
simulate the seven drought events ranging from moderate to severe drought types that occurred over the region between the years 2000
and 2022. Using Equations (10) and (11) and conditioning stdCY values on the occurrence of SPEI and stdNDVT, during validation
efforts, we attempted to simulate ranges of CY values and find their associated conditional probabilities, and, finally, to compare the
most probable CY values with the observed CY amount during the selected drought event. It is noteworthy here that for easier
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Figure 2. Comparison of the cumulative distribution function (CDF) of the normal distribution and different drought indicators of (a) Standardized Precipitation
Evapotranspiration Index (SPEI); (b) standardised Normalized Difference Vegetation Index (stdNDVI); and (c) standardised Crop Yield (stdCY).

understanding of CY conditions and relating them to SPEI and
NDVI values, in the Results and discussion section, the real values
of NDVI and CY amounts are used instead of their standardized
values to provide a better indication of their conditions.

3 Results and discussion

The fitting of two- and three-dimensional Gaussian copulas to
the datasets was performed to investigate the dependency
structure between the drought indices (SPEI, stdNDVI, and
stdCY values) and to create a framework for providing early
warning of CY failure probabilities.

The results from this correlation analysis showed that
a window with a duration of 23 days (between 11 May and
3 June, approximately overlapping with the period in which
NDVI time series reach their peak values over the region) for
retrieving NDVI values in it can provide the highest correlation
between averaged stdNDVI over the desired window and stdCY
values (correlation value equal to 0.6). Moreover, the results of
correlation analyses between SPEI and stdNDVI values sug-
gested that the accumulated daily water balances for the calcula-
tion of SPEI would provide a better correlation with NDVT if
they were calculated between 28 December and 23 May (corre-
lation value equal to 0.75). Hence, for linking these three com-
ponents (i.e. SPEL, stdNDVI, and stdCY values) over the CA
region, the SPEI time series are calculated considering accumu-
lated water balance values between 28 December and 23 May of
the following year, the NDVI values are averaged between
11 May and 3 June of each year, and CY values have been
obtained in a yearly based rotation (single crop season per year).

A more in-depth exploration of correlations between SPEI,
stdNDVT, and stdCY values reveals the importance of the seaso-
nal dynamics of agricultural processes and environmental factors.
For instance, the strong correlation between SPEI and stdNDVI
indicates how soil moisture, as represented by SPEI, influences
the vegetation dynamics captured by NDVI. This observation
aligns with the region’s characteristics, as the study area (CA)

generally receives sufficient solar radiation during the wheat
growing season and often experiences water deficit as the primary
limiting factor. Furthermore, an analysis of the temporal lag
between meteorological drought events and their impact on
CYs can offer valuable insights into the lead time required for
the effective implementation of mitigation strategies. In this con-
text, this lead time is estimated to be approximately 1-2 months.

Since the drought indices (SPEI, stdNDVI, and stdCY) were
standardized using the quantile matching method, they were
expected to conform to a normal distribution. After verifying
the normality of these indices by comparing their CDFs with
the CDF of a normal distribution, in this study, the Gaussian
copula is selected for conducting further probabilistic analysis
of the interactions between SPEI, stdNDVI, and stdCY (Fig. 2).

The parameter estimates for the Gaussian copula were
obtained using the maximum likelihood method, and the
results showed that the copula parameters varied depending
on the combination of the variables. For the SPEI and
stdNDVTI combination, the parameter value was estimated to
be 0.74, while for SPEI and stdCY, it was found to be 0.48. For
the stdNDVI and stdCY combination, the parameter value was
estimated to be 0.6, and for the three-variable combination of
SPEI, stdNDVI, and stdCY, the parameter value was estimated
to be equal to the combination of three previously fitted
copulas. These findings suggest that there is a moderate to
strong dependence between the variables, which agrees with
the results of the correlation analysis.

3.1 Determination of critical ranges of SPEI and NDVI
values to produce standardized CYs values of less than —1
and -2

The threshold limits for the SPEI and the NDVI values are
determined through the use of conditional probabilities repre-
sented in Equations (4) and (5). The analysis was conducted in
two stages, firstly through the application of a two-
dimensional copula model to determine the limits for each
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Figure 3. The probabilities of moderate and severe agricultural drought occurrences based on different ranges of SPEl and NDVI values (the probabilities are calculated

using Equations (4) and 5). CY: crop yield; S: SPEI; and N: NDVI.

variable (i.e. SPEI and NDVI) individually, followed by the
implementation of a three-dimensional copula model to
obtain the joint range for both SPEI and NDVI. Application
of this analysis resulted in the estimation of the probabilities
for obtaining stdCY values less than -1 (CY < 189.7 kg/da
equivalent to moderate agricultural drought) and less than -2
(CY < 189.6 kg/da equivalent to extreme agricultural drought)
for ranges of SPEI and NDVI values (Fig. 3). The critical
threshold for SPEI to cause agricultural drought (CY
< 189.7 kg/da) with a 10% probability was found to be ~0.28
(represented with black colour in Fig. 3(a)). Similarly, the
critical thresholds for NDVI that were associated with a 10%
probability of CY values below 189.7 kg/da or 142.4 kg/da were
found to be approximately 0.42 or 0.33, respectively, as
depicted in Fig. 3(b).

Moreover, the results associated with the three-dimensional
copula (trivariate) showed that the dual impact of SPEI and
NDVI values can change their critical threshold values. For
example, the critical threshold value for NDVI can be
increased to 0.44 when the SPEI value drops below —2 (the
contour with probability of 0.1 in Fig. 3(c)). Considering the
probability of moderate agricultural drought occurrences for
the joint happening of some values linked with NDVI and
SPEI amounts together, it can be seen that with the same

SPEI values (e.g. —1), when the NDVI values are decreased
from 0.43 to 0.30 (moving downward vertically), the probabil-
ity of moderate agricultural drought increases from 0.1 to 0.7,
while if the NDVI values are held constant and the SPEI values
are decreased from +3 to —3 (moving leftward horizontally),
the probability of moderate agricultural drought occurrence
increases by 0.1 which is much less than 0.6 (for the case of
keeping SPEI constant; Fig. 3(c)). A very similar trend can be
also observed for severe agricultural drought conditions (CY
< 142.4 kg/da; Fig. 3(d)); that the change in conditional prob-
abilities is mostly vertical rather than horizontal reveals that
the dominant variable in controlling agricultural drought in
the region is NDVI.

The determination of critical thresholds for SPEI and
NDVI presented in this study holds significant practical
implications for agricultural management and decision
making. Farmers and policymakers can leverage these
thresholds as valuable tools to anticipate and mitigate the
impacts of agricultural drought on CYs. The identified
critical threshold for SPEI, approximately 0.28, implies
that when this value is surpassed, there is a 10% probabil-
ity of moderate agricultural drought (CY < 189.7 kg/da).
Similarly, NDVI thresholds of 0.43 and 0.30, associated
with a 10% probability of CY values below 189.7 kg/da or
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142.4 kg/da, respectively, highlight the sensitivity of CY to
vegetation health. Understanding these critical thresholds and
obtaining them for different crop growth stages enables stake-
holders to implement proactive measures, such as adjusting
irrigation practices or considering alternative crops, when con-
ditions approach these limits. Moreover, the three-dimensional
copula analysis reveals the interplay between SPEI and NDVI,
offering a nuanced understanding of their joint impact on
agricultural drought. This insight allows for more targeted inter-
ventions, as changes in NDVI values appear to have a more
pronounced effect on agricultural drought occurrences.

3.2 Discussion of copula model runs using two- and
three-dimensional and their comparisons

To compare the results of two models (two- and three-
dimensional copulas) in terms of expected NDVI and CY values
for different levels of SPEI, the most probable values of NDVI as
well as CYs are searched for using Equations (6) and (7) con-
sidering different drought scenarios (for the occurrence of SPEI
to be less than 0, —0.5, —1.0, —1.5, —=2.0). The results of these
analyses are tabulated in Tables 1 and 2 for two- and three-
dimensional cases, respectively, where the two-dimensional
conditions (represented in Table 1) reflect different levels of
drought scenarios, defined by SPEI values ranging from 0 to
-2, and the corresponding expected NDVI and CY values with
their one-standard-deviation uncertainty range. The three-
dimensional conditions, on the other hand, are represented in
Table 2 and reflect the impact of adding the third dimension to
the analysis by integrating NDVI values with SPEI values, to
predict the most probable CY.

The results show that as the SPEI values decrease and
approach more severe drought conditions, the most probable

Table 1. The expected values of Normalized Difference Vegetation Index (NDVI)
and Crop Yield (CY) values considering different drought scenarios using two-
dimensional copulas (Equation (6)). NDVI range and CY range show the uncertainty
associated with the expected NDVI and CY values covering one standard deviation
around the expected CY. S: Standardized Precipitation Evapotranspiration Index
(SPEI); CY: crop yield.

Two-dimensional

condition Expected NDVI NDVI range Expected CY  CY range

S<0 0.4 0.36-0.44 218.1 156.6-251.3
S<-05 0.38 0.34-0.42 2134 151.9-237.1
S<-1 0.37 0.33-0.41 203.9 147.1-232.4
S<-15 0.35 0.31-0.39 194.5 137.7-222.9
S<-2 0.33 0.29-0.37 185 128.2-213.4

CY: Crop Yield; SPEI: Standardized Precipitation Evapotranspiration Index; NDVI:
Normalized Difference Vegetation Index; stdNDVI: standardised Normalized
Difference Vegetation Index; stdCY: standardised Crop Yield; CA: Central
Anatolia.

Table 2. Three-dimensional scenarios (Equation (7)) for generating expected CYs
considering different SPEl and their corresponding expected NDVI values. CY
range shows the uncertainty associated with the expected CY values covering
one standard deviation around the expected CY. S: SPEI, N: NDVI; CY: crop yield.

Three-dimensional condition Expected CY (kg/da) CY range

S<0andN <04 203.9 164.1-243.7
S<-0.5and N <0.38 194.5 155.3-233.7
S<-1andN <037 189.7 151.2-228.2
S<-15and N <035 180.3 142.6-218.1
S<-2and N <033 170.8 133.9-207.6

NDVT values decrease as well. The same trend is also visible
over CY values with a larger decrease observed in conditions of
more severe drought. Moreover, the three-dimensional condi-
tions, incorporating both SPEI and NDVI, result in more
precise predictions of CY (with narrower uncertainty range),
with the CY values consistently lower than the corresponding
two-dimensional conditions.

These results indicate that using a three-dimensional
copula model results in lower CYs compared to a two-
dimensional conditional model. Specifically, for SPEI values
less than or equal to —2, the three-dimensional copula model
yields approximately 170.8 kg/da, while the two-dimensional
model yields 185 kg/da (the expected CY drops around
14 kg/da).

The revelation of the superiority of the three-dimensional
copula model over its two-dimensional model marks
a significant stride in enhancing the practical applications of
agricultural drought prediction. This advanced model not only
refines the precision of CY predictions but also opens a gateway to
considering additional variables, such as solar radiation or other
limiting factors, that play crucial roles in agricultural productivity.
This is especially important in the context of meeting food
demands, as the multi-dimensional approach empowers stake-
holders with a more comprehensive toolkit for decision making,
offering the potential to integrate a broader spectrum of variables
into future analyses.

3.3 Expected most probable CYs considering a wider
range of drought scenarios

For a more robust estimate of expected CYs in the CA region
of Turkey under different drought scenarios, a broader range
of SPEI and NDVI can be considered (Table 3). This table
presents the expected CY based on values of the SPEI less than
(0.0 to —2.0) and NDVI less than (0.43 to 0.32). The expected
CY values are given in the table along with their ranges of
uncertainty covering a one-standard-deviation boundary for
the most expected CY values.

The table indicates that as the values of SPEI and NDVI
decrease, the expected CY also decreases. For example, when
SPEI is less than 0 and NDVT is less than 0.43, the expected CY
is 213 with a range of uncertainty of 172-254. On the other
hand, when SPEI is less than —2 and NDVI is less than 0.32, the
expected CY is 166 with a range of uncertainty of 130-202,
which is the lowest expected CY among all the combinations.
It can also be observed that the range of uncertainty becomes
narrower as the values of both SPEI and NDVI decrease,
implying that the expected CY is more certain when both
indices have lower values.

Additionally, it is worth noting here that the expected CY
values remain the same for certain combinations of SPEI and
NDVI values - for instance, when NDVT is less than —0.32 and
SPEI is less than —1.5 or -2, the expected CY is 166 with a range of
uncertainty of 130-202, implying that the expected CY is not
affected by small changes in the SPEI values within a certain range.

The comparison of two- and three-dimensional copula runs
are also done using a continuous range of CY values repre-
sented in Fig. 4, where the probability of CYs for the SPEI
being less than —1 and -2 and NDVI being less than 0.37 and
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Table 3. Most probable CY values (kg/da) considering different drought scenarios using (0, —0.5, —1, —1.5, —2) for both SPEI and stdNDVI indices (using Equation (7)).
Values in parentheses show the uncertainty associated with the expected CY values covering one standard deviation around the expected CY. S: SPEI; N: NDVI.

S/IN N <043 N <04 N <0.37 N <035 N <032

$<0 213 (172-254) 204 (164-244) 194 (156-233) 180 (143-218) 171 (135-207)
S<-05 209 (168-250) 199 (159-239) 194 (156-233) 180 (143-218) 171 (135-207)
S< -1 204 (163-245) 199 (159-239) 190 (151-228) 180 (143-218) 171 (135-207)
S<-15 194 (154-235) 190 (150-230) 185 (146-224) 176 (138-213) 166 (130-202)
S<=2 185 (145-225) 185 (145-225) 180 (142-219) 176 (138-213) 166 (130-202)

0.32 are explored using two-dimensional copulas and combi-
nation of these considerations in three-dimensional copulas.
The cumulative probabilities represented in the bottom panel
of Fig. 4(b) show that when the expected CY is found to be
below 189.7 kg/da (StdCY < —-1), the cumulative joint prob-
ability computed using Equation (9) ranges from 0.5 to 0.6
with a mean of 0.55 for NDVI values less than 0.37, and from
0.71 to 0.74 with a mean of 0.72 for NDVI values less than
0.32. On the other hand, when the expected CY is found to
be below 142.4 kg/da, (stdCY < —-2) the cumulative prob-
ability drops to a mean range of 0.15 to 0.27 with interval
values 0of 0.12 to 0.18 and 0.25 to 0.29 for NDVTI values of less
than 0.37 and 0.32, respectively. The cumulative probabil-
istic results to obtain an estimate of CYs are tabulated in

Table 4 as well to present a better understanding of the
above discussion considering both changes in SPEI (<-1
and <-2) and NDVI (<0.37 and <0.32) together using the
three-dimensional model.

Opverall, the results represented in Fig. 4(a) and (b) show
outcomes consistent with the results presented in Tables 1 and
3 as well as Table 4, confirming that the expected CY values
decrease with the utilization of three-dimensional copulas.
These results highlight the complex relationship between
meteorological and agricultural droughts and the necessity of
adding more dimensions (such as adding soil moisture
drought index or evapotranspiration amounts measured over
the regions) into the copula simulations to give more robust
results.
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Figure 4. The PDF and CDF curves of two- and three-dimensional copula runs for a continuous range of CY values over different scenarios of SPEI less than —1 and -2 as
well as NDVI values less than 0.37 and 0.32 (the probabilities are calculated using Equations (6) — 9)). PDF: probability density function, CDF: cumulative distribution

function, CY: crop yield.



602 (&) M.H.AFSHARET AL,

Table 4. The conditional three-dimensional cumulative probability values con-
sidering different drought scenarios (SPEI less than —1 and —2, NDVI less than
0.37 and 0.32, and CY values less than 190 and 142 kg/da). S: SPEI, N: NDVI, CY:
crop yield (the probabilities are calculated using Equations (9) and (10)).

Conditional cumulative probability
P(CY<190|S<s, P(CY<142|S<s,

SPEI NDVI N <n) N <n)

S<-1 N <037 0.50 0.12
N <032 0.71 0.25

S<=2 N <037 0.60 0.18
N <032 0.74 0.29

3.4 Validation - probabilistic analysis of CYs for different
ranges of drought events and comparisons with the
observed records

The proposed methodology has been validated through
a comparison of simulated values with observed CY values
during drought years. To this aim, Equations (10) and (11)
are utilized to calculate the corresponding probabilities for
a range of CY values covering the observed values of SPEI
and NDVI indices. The results of this comparison, presented
in Table 5 and Fig. 5, provide compelling evidence of the
accuracy and effectiveness of the proposed methodology.

The comparison of observed CY data with the developed
framework’s outputs for various drought years provides valu-
able insights into the model’s performance and its implications
(Table 5). In the year 2007, for instance, where the observed
SPEI was —1.01 and NDVI was 0.38, the most probable CY was
estimated at 194.5 kg/da. However, the observed CY was lower
at 174.9 kg/da, indicating a potential limitation in the model’s
ability to capture the true impact of drought conditions. These
discrepancies highlight the need for a nuanced understanding
of local factors influencing CYs during drought events. The
results underscore the importance of considering additional
variables, such as detailed crop type maps and higher-
resolution weather data, to enhance the model’s accuracy.

The validation of the proposed methodology is also pre-
sented in Fig. 5, where the CYs for the drought years of 2014
and 2021 are compared with observed CYs using both two-
and three-dimensional copula model approaches. Focusing
on the moderate drought year 2014, as illustrated in the top
panel of Fig. 5, the observed SPEI was —1.07, and NDVI was
0.4. The comparison of the observed CY of 210.9 kg/da with
the most probable CY through simulation results, estimated
at 208.7 kg/da, indicates a close alignment, showcasing the
model’s capacity to accurately predict CYs during drought
conditions. The consistent agreement between the observed
and the most probable CYs during the 2021 drought year

further supports the robustness of the model. These results
highlight the potential of the proposed methodology as
a reliable tool for early warning systems and decision mak-
ing processes in agricultural drought management, provid-
ing farmers and policymakers with valuable insights for
more informed and timely actions.

The findings of this study are consistent with previous
studies (such as Huang et al. 2014 and Nagy et al. 2021)
which also found that the best time for reliable estimation of
NDVT values is around the flowering time of crops. The
research of Serinaldi et al. (2009) highlights the necessity of
using higher-order dimensional copulas to correctly model the
stochastic structure of variables, which is also reflected in the
current study’s use of a three-dimensional copula for generat-
ing more robust estimations of expected CYs. The results of
this study confirm the outcomes of Li et al. (2021), which used
vine copula and linked SPEI-NDVTI and found similar results
with the current study in terms of correlation analysis. These
findings highlight the potential utility of copulas and demon-
strate the importance of considering multiple factors in better
development of copula models for agricultural drought man-
agement efforts.

Ribeiro et al’s (2019) research on wheat CYs, similar to
the present study, identified SPEI and vegetation condition
index (derived from NDVI) as the dominant indicators
within a two-dimensional copula framework. However, the
current study takes this a step further by utilizing a three-
dimensional copula to generate more robust estimations of
expected CYs. This approach is particularly useful for devel-
oping early warning systems for agricultural drought man-
agement and forecasting the probabilities of different ranges
of CY conditions based on observed SPEI and NDVI condi-
tions a few months before harvest time. This differs from
previous studies such as Fang et al. (2019) and Li et al.
(2021), which used probability values, as the current study
employs the density of conditional copulas and considers
various conditions of SPEI and NDVI values to generate
expected CYs amounts. Overall, the present study contri-
butes to the ongoing effort to enhance agricultural drought
forecasting methodologies for improved food security and
sustainable agriculture.

Although the results of the current study present valu-
able insights into the early detection of agricultural
drought using a combination of SPEI, NDVI, and CY
data, several limitations should be noted. Firstly, the
study did not include a detailed crop type map, which is
a crucial factor in accurately assessing the impact of
drought on CY. The land cover classification used for

Table 5. The expected CY values and their associated uncertainty range (covering one standard deviation around the expected CY) considering three-dimensional
copula models using observed SPEI and NDVI values for the recorded droughts in the CA region. CY: crop yield.

Drought year Observed SPEI Observed NDVI Expected CY (kg/da) Expected CY range (kg/da) Observed CY (kg/da)
2001 -0.71 0.41 2229 185.2-260.6 203.9
2007 -1.01 0.38 194.5 157.4-231.6 174.9
2008 -1.13 0.39 199.2 161.9-236.5 243.9
2013 —-0.43 0.44 256 218.3-293.7 275.7
2014 -1.07 0.4 208.7 171.2-246.2 210.9
2018 —-0.52 0.43 241.8 204.1-279.5 240.7
2021 -2.29 0.38 189.7 152.7-226.7 181.7
2022 —-1.88 0.38 194.5 157.3-231.7 218.4
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Figure 5. Comparison of observed and expected CY values under two drought conditions occurred in the years (a) 2014 and (b) 2021. Shaded areas cover one standard
deviation around the expected CY. The probabilities for the range of CY values are calculated using Equations (10) and (11). CY: crop yield, S: SPEI, and N: NDVI.

determining rainfed areas may not necessarily be represen-
tative of winter wheat crops, leading to potential inaccura-
cies in the analysis. Secondly, the weather data used in this
study had a resolution of 0.25°, which may not be suffi-
cient for such an analysis. A denser station dataset with
higher resolution could provide more accurate and reliable
results. Finally, the reliability of CY values is crucial for the
development of an effective early warning system. For
example, in this study, there were instances where both
SPEI and stdNDVI indicated severe drought, while the
stdCY values did not reflect drought conditions. Such dis-
crepancies add uncertainty to the analysis and increase the
error rate of developed early warning systems. Thus, future
research is needed to address these limitations to improve
the accuracy and reliability of early detection of agricul-
tural drought.

4 Concluding remarks

Agricultural drought is highly influenced by a multitude of
factors, such as meteorological, hydrological, and vegetation
health conditions. This research aimed to investigate the effect
of various drought factors on CY, considering the temporal
variability of these factors, and to develop an early warning
system for CY conditions through the implementation of
a conditional probabilistic approach with two- and three-
dimensional analyses.

To this aim, this study utilized copula functions to combine
three drought indices (SPEI, stdNDVI, and stdCY values)
between the years 2000 and 2022 in Turkey and create
a framework for providing early warning and information
regarding CY failure probabilities based on meteorological
drought and vegetation health conditions.
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The main outcomes of the study suggest that the timing and
threshold limits play an important role in determining agri-
cultural drought conditions and CYs. In this study, the win-
dow between 11 May and 3 June was identified as the best
period for retrieving NDVI values to obtain the highest corre-
lation with stdCY values (0.60), while the time frame between
28 December and 23 May was found to be the best for calculat-
ing SPEI with the highest correlation with stdNDVI values
(0.75). Moreover, the critical threshold values for SPEI and
NDVT for causing agricultural droughts with 10% probability
were determined to be ~0.28 and ~0.42 respectively.
Additionally, the results of this study also highlighted that
the dual impact of SPEI and NDVI values can change their
critical threshold values, with NDVI being the dominant vari-
able in controlling agricultural drought.

This study also found that utilizing a three-dimensional
copula model results in more precise CY simulations than
a two-dimensional conditional model, providing CYs with
narrower uncertainty ranges. Furthermore, the validation
efforts of this study through a comparison of simulated CY
values with observed CY values during drought years showed
that all of the observed CY amounts fell within the simulated
expected range, demonstrating the robustness of the metho-
dology in capturing the impact of drought conditions on CY.

Overall, the outcome of this study provides an important
toolkit for decision makers to measure the impact of meteor-
ological drought and vegetation health conditions during cri-
tical stages of crop growth and develop early warning systems
and preventative measures during drought events to mitigate
their effects in meeting food demands.
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