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Abstract: The early and accurate detection of drought episodes is crucial for managing agricultural
yield losses and planning adequate policy responses. This study aimed to evaluate the potential of
two novel indices, static and dynamic plant water stress, for drought detection and yield prediction.
The study was conducted in SW Spain (Córdoba province), covering a 13-year period (2001–2014).
The calculation of static and dynamic drought indices was derived from previous ecohydrological
work but using a probabilistic simulation of soil moisture content, based on a bucket-type soil
water balance, and measured climate data. The results show that both indices satisfactorily detected
drought periods occurring in 2005, 2006 and 2012. Both their frequency and length correlated well
with annual precipitation, declining exponentially and increasing linearly, respectively. Static and
dynamic drought stresses were shown to be highly sensitive to soil depth and annual precipitation,
with a complex response, as stress can either increase or decrease as a function of soil depth, depending
on the annual precipitation. Finally, the results show that both static and dynamic drought stresses
outperform traditional indicators such as the Standardized Precipitation Index (SPI)-3 as predictors
of crop yield, and the R2 values are around 0.70, compared to 0.40 for the latter. The results from
this study highlight the potential of these new indicators for agricultural drought monitoring and
management (e.g., as early warning systems, insurance schemes or water management tools).
Keywords: drought indicators; drought monitoring; plant water stress; crop yield; Spain

1. Introduction
Drought is one of the main natural hazards affecting agricultural crop production and resulting
in food insecurity [1,2]. Kim et al. [3] analyzed the global patterns of crop production losses associated
with droughts between 1983 and 2009 and concluded that three-fourths of the global harvested
agricultural production areas were affected by drought-induced losses. Leng and Hall [4], analyzing
global yield losses for different crops under global change, project that yield loss risk will increase
in the future. Moreover, their predictions, using an ensemble of models, show that this risk grows
non-linearly with an increase in drought severity. Many drought indices focus on the role of water
(e.g., SPI, the standardized precipitation index, including only precipitation), although there is some
discussion in the scientific community that heat stress might play an equally or even more important
role in this yield decline. In a study on historic crop yields in the US, Ortiz-Bobea et al. [5] found
an important effect of water stress, although they point to heat stress as the primary climatic driver of
future yield changes under climate change. Especially in water-limited environments, however, studies
clearly point to drought as the primary driver [6]. However, it is clear that both drought and extreme
heat usually occur simultaneously [7]. Lesk et al. [8] estimate a reduction in cereal production across
the globe by 9–10% due to the combined effect of droughts and extreme heat. Climate models project
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a particularly worrying increase in the frequency and magnitude of extreme events such as droughts for
specific areas such as the Mediterranean. This region is considered to be a drought hotspot. Drought is
already of great concern today, and climate projections are especially worrying in the Mediterranean [9].
This is combined with the fact that agriculture plays a vital role in its economy, occupying nearly 50%
of its total land area. Rain-fed crops are those most likely to come under pressure first by climate
change and droughts, although prolonged droughts will also affect irrigated lands and increase the
need for more efficient irrigation systems with higher water-use efficiency [10]. Nearly a fifth (21%) of
the Mediterranean region is under irrigation, and agricultural water demand represents over 50% of
the total water demand in Mediterranean Europe and 81% in Eastern and Southern Mediterranean
countries [11].
In order to respond to and control droughts, by managing food resources, planning policy
interventions, or assessing agricultural insurance damage [12], it is crucial to assess their impact on
agricultural crop yield in a timely and accurate manner. Over the last decades, researchers have
developed various drought indices to understand drought intensity and its effects. Meteorological
drought indices—for example, the widely used Standardized Precipitation Index (SPI) [13] or the
Standardized Precipitation Evapotranspiration Index (SPEI) [14]—have proven very successful but are
limited to easily available climatic data. However, these data are often not available at a high spatial
resolution due to the sparse distribution of weather stations. Satellite-based drought indices are widely
used in agronomic studies; for example, the Normalized Difference Vegetation Index (NDVI) [15]
offers a good proxy for vegetation stress. In recent years, several of these indicators were also used
simultaneously in combined drought indicators with good results [16,17]. Peña-Gallardo et al. [18]
assessed the performance of different meteorological drought indices in Spain for predicting crop yield
and found SPI and SPEI to be best correlated with yield. García Leon et al. [19] analyzed a wider range
of drought indices and found that satellite-based indices, in particular, the Vegetation or Temperature
Condition Indices (VCI/TCI), were able to explain 70% and 40% of the annual crop yield level and crop
yield anomaly variability, respectively, for winter wheat and barley.
A better understanding of how drought impacts agricultural production requires comprehending
how drought impacts ecohydrological processes. Ecohydrological research has long focused on the
interactions and interrelationships between hydrological processes and the structure and function
of vegetation, especially its response to drought. However, not much of this research has made its
way into the development of drought indicators, which generally focus on either the description of
meteorological patterns alone, through meteorological drought indices (e.g., the SPI, rainfall alone,
or the SPEI, the Standardized Precipitation Evapotranspiration Index, using rainfall and potential
evapotranspiration), or on the observation of the effects of these droughts on plants (e.g., NDVI-based
indices). The modulating effect of soil is not generally taken into account in existing drought indices.
However, in ecohydrological literature, such a framework does exist and could be very useful for
describing the effects of drought on agricultural crop yield. A modelling framework to describe
stochastic soil moisture patterns and their effect on vegetation stress was developed in a series of
papers by Laio et al. [20], Porporato et al. [1], and Rodriguez-Iturbe et al. [21]. Their research proposed
two important indicators, static and dynamic stresses, to assess the effect of drought on plants and the
interaction of soils in this process. However, no direct validation of this methodology was performed.
The objective of this paper is therefore to evaluate the use of static and dynamic stresses as
a drought indicator. The specific objectives are to (1) calculate static and dynamic stresses for a test area
in SW Spain, (2) assess the sensitivity of these two indicators to rainfall and soil conditions, and, finally,
(3) validate their performance as predictors of measured crop yield, in comparison to commonly used
drought indicators.
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Cereal production in Cordoba province is centered around the Guadalquivir river, and it is part of
Cereal production in Cordoba province is centered around the Guadalquivir river, and it is part
one of the main cereal-producing areas of Spain [19]. This area is known as the Campiña. The weather
of one of the main cereal‐producing areas of Spain [19]. This area
is known as the Campiña. The
station “El Carpio” was selected to be representative for this area (37◦ 540 5000 N, 4◦ 300 1400 W). Soils in the
weather station “El Carpio” was selected to be representative for this area (37°54′50′′ N, 4°30′14′′ W).
Campiña area are derived from Miocene marls and are typically Vertisols, with a high proportion
Soils in the Campiña area are derived from Miocene marls and are typically Vertisols, with a high
of expansive clays of ca. 40%. These soils are highly fertile and allow for the typical crop rotation
proportion of expansive clays of ca. 40%. These soils are highly fertile and allow for the typical crop
in dryland Mediterranean areas of cereal followed by sunflower during the summer months. Cereal is
rotation in dryland Mediterranean areas of cereal followed by sunflower during the summer months.
generally sown during the month of November or early December, depending on the rainfall in that
Cereal is generally sown during the month of November or early December, depending on the
particular year. It is usually harvested during the month of June or early July.
rainfall in that particular year. It is usually harvested during the month of June or early July.
2.2. Calculation of Static and Dynamic Stress Indicators
2.2. Calculation of Static and Dynamic Stress Indicators
Porporato et al. [1] propose a model framework to quantify vegetation stress related to the soil
Porporato et al. [1] propose a model framework to quantify vegetation stress related to the soil
moisture conditions, based on key concepts of plant physiology. They define a static, ζ, and a dynamic
moisture conditions, based on key concepts of plant physiology. They define a static, ζ, and a
water stress, θ, the latter also taking into account the temporal dimension in the definition of water stress.
dynamic water stress, θ, the latter also taking into account the temporal dimension in the definition
The first drought indicator, static stress, was calculated as a function of stomatal closure.
of water stress.
Stomatal closure occurs over the entire scale of water stress and starts with the so-called incipient
The first drought indicator, static stress, was calculated as a function of stomatal closure.
stomatal closure at a soil moisture content of W*. The other end of the scale corresponds to complete
Stomatal closure occurs over the entire scale of water stress and starts with the so‐called incipient
stomatal closure at a soil moisture content of W*. The other end of the scale corresponds to complete
stomatal closure, in which the plant starts wilting, corresponding to a soil moisture content called the
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stomatal closure, in which the plant starts wilting, corresponding to a soil moisture content called the
permanent wilting point, W pwp . Static stress is then defined for the different ranges of soil moisture as


ζ(t) = 0, for W (t) > W ∗





ζ(t) = 1, for W (t) < Wpwp

q
 ∗


W −W (t)

∗

(
)
ζ
t
=

W ∗ −Wpwp , for Wpwp ≤ W (t) ≤ W

(1)

These equations show that static stress is taken as being zero when the soil moisture is above
the level of incipient stomatal closure, W*, and that it reaches a maximum value equal to 1 when the
soil moisture equals the wilting point. In between these soil moisture values, the vegetation water
stress depends on the soil moisture deficit. Plant stress can increase non-linearly with soil moisture
deficit, where the coefficient q is a measure of this non-linearity. Porporato et al. [1] suggest that
q can vary with plant type and, to a lesser degree, with soil type, although no data exist at present.
They suggest a value between 1 and 3, and, in this study, we used a value of 1, implying a linear soil
moisture–stress relationship.
The static stress z(t) is calculated at a daily time step. The overall static water stress, z, is then
calculated by integrating the individual positive values of z(t) over time, excluding periods where
z = 0. This is because the mean value of water stress should indicate those periods in which the plant
is actually under stress, and including nil values without stress in the overall mean would lead to
an indicator that is not very informative. In this study, we calculated z over the duration of the growing
season; for wheat in the study area, this is between November and June, as will be discussed in detail
below. This is because, obviously, only plant water stress in this period has an impact on crop yield.
When there is no crop present, the soil moisture deficit cannot contribute to the calculated stress index.
The same will be valid for dynamic water stress.
The development of the second indicator, dynamic stress, stems from the realization that the
linkage of soil moisture dynamics and plant water stress is a complex problem, due to the stochastic
nature of the soil moisture dynamics and the complexity of plant responses [1]. Static stress only takes
into account the mean intensity of the plant water deficit but contains no information on its duration
and frequency. Therefore a second indicator is proposed, a dynamic stress index that couples the static
stress, which represents the integrated effect of the excursion of soil moisture below a critical level
W*, with the mean duration and frequency of these stress events, termed, respectively, TW* and nW* ,
as follows:


1/ √nW∗


 θ = kζ TTW∗
, if ζ TW∗ < k Tseas
seas
(2)



θ = 1 , otherwise
where Tseas is the duration of the growing season and k is a parameter.
The rationale behind this equation is explained in detail by Porporato et al. [1]. Briefly, the idea
behind it is that the same value of z can have a very different effect depending on whether drought
occurs as frequent, small episodes or as one, longer episode. For simplicity, it is assumed that a linear
relation exists between vegetation stress and the duration of that stress. At present, no data exist to
justify a non-linear relation. Therefore, q relates directly to the product of zTW* . However, the actual
vegetation stress cannot increase indefinitely with zTW* . The upper value is fixed by the parameter k,
so permanent plant damage occurs when zTW* > kTseas , and in these cases, the value of q reaches its
maximum of 1. The value of k is set to 0.5, following Porporato et al. [1].
2.3. Soil Water Balance
To calculate the soil water balance, we followed the same approach presented by
Jiménez-Donaire et al. [17]. Soil moisture dynamics are calculated with a simple bucket model,
using a volume-balance equation applied over the root zone and taking into account the main processes
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of infiltration, evapotranspiration and deep seepage. Therefore, the calculated soil moisture values are
representative of the average moisture content over the root-zone depth, h.
To evaluate the soil moisture dynamics, the simple water balance model of [23] was used. In this
model, the water depth in the soil profile, W, evolves with time, t, following the contribution of the
infiltration of the rain, f, and the extraction of the evapotranspiration, e, and of the deep percolation or
of the surface and subsurface runoff, g. The balance was computed at the daily time scale:
dW (t)
= f −e−g
dt

(3)

The infiltration depth is estimated from the rain depth, p; the wetness or relative soil water content,
normalized by the maximum value, Wmax, so ω = W/Wmax; and a parameter m, with the empirical
approximation proposed by Georgakakos [24]:
f = p(1 − ωm )

(4)

The deep percolation or runoff loss is estimated by a simple potential function with the saturated
hydraulic conductivity, ks , and λ, the index of pore size distribution of Brooks and Corey [25].
g = ks ω3+2/λ

(5)

Finally, the daily evapotranspiration rate is estimated as the FAO Penman–Monteith [26] potential
rate, e0 , modified by the wetness and the crop coefficient, kc :
e = ωkc e0

(6)

The values for kc for cereal were set at 0.35 (November to December), 0.75 (January to February),
1.15 (March to May) and 0.45 (June), following recommendations by FAO [27]. The other relevant
variables used in the water balance are cited in Table 1.
Table 1. Main soil and plant parameters used in the soil water balance and to calculate plant stress.
Parameter

Value

Source

m (-)

0.1

Ks (mm day−1 )

38.4

λ (-)

0.15

Mean value of the interval proposed by Brocca et al. [23]
Estimate of soil water properties by Rawls and Brakensiek [28]; representative value
for clay soil according to USDA classification
Derived from graphics of the parameter l of Brooks and Corey [25] as a function of soil
texture, organic matter content and increase in soil porosity above the reference [29]

(m3 /m3 )

0.45
0.32
0.22
0.05
0.275
1
0.5
1

Ws
Wfc (m3 /m3 )
Wpwp (m3 /m3 )
Wr (m3 /m3 )
W* (m3 /m3 )
q (-)
k (-)
h (m)

As proposed by Vanderlinden [30] calculated from the soil map of Andalusia
Following Doorenbos en Pruitt [27], taken as 55% of the total available water for cereal
Porporato et al. [1]
Porporato et al. [1]
Fan et al. [31]

2.4. Crop Yield Data
Harvest data spanning the years 2003 to 2015 were collected from the Ministry of Agriculture,
Fisheries and Food [32], with these statistics being pooled at the provincial level. For this study, focusing
on wheat crop yields, we used the data for the Cordoba province, as this is an area representative of
one of the main cereal-growing areas in Mediterranean Spain, as mentioned above. The total wheat
production area changed over time, from 146,837 ha in 2003 to 84,314 ha in 2015, of which 77–90%
is rainfed. The irrigated wheat crop area occupies about 14,000 ha and has remained more constant
over this period. It was not taken into account for this study, as it is not likely to be affected equally
by drought.
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Figure 2. Probability distribution of modelled normalized soil moisture, separated into dry and wet
seasons (brown and blue, respectively).

Water 2020, 12, x FOR PEER REVIEW

7 of 15

Figure 2. Probability distribution of modelled normalized soil moisture, separated into dry and wet
seasons (brown and blue, respectively).
Water 2020, 12, 2592

7 of 14

Figure 3. Evolution of the seasonal variation of normalized soil moisture, S, over the year. Thick line
Figure 3. Evolution of the seasonal variation of normalized soil moisture, S, over the year. Thick line
Evolution
of gray
the seasonal
variation of
soil moisture, S, over the year. Thick line
indicatesFigure
mean3.values,
and
zone indicates
5 normalized
to 95% quantiles.
indicatesindicates
mean values,
and gray zone indicates 5 to 95% quantiles.
mean values, and gray zone indicates 5 to 95% quantiles.

3.2. Static and Dynamic Stress Indicators
3.2.
3.2. Static and Dynamic Stress Indicators
Figure 44Figure
shows
theevolution
evolution
the
modelled
soil
moisture
over
study
period,
in and
blue,
Figure
shows
ofofthe
soil
moisture
the
study
period,
blue,
andand
the
4 the
shows
the evolution
ofmodelled
the
modelled
soil
moistureover
over
thethe
study
period,
inin
blue,
the
resulting
static
plant
water
stress,
in
gray.
The
extension
of
each
growing
season
is
indicated
in
resulting
plant
water
gray.
The extension
of each
growing
season
indicated in
in green.
resultingthe
static
plantstatic
water
stress,
instress,
gray. in
The
extension
of each
growing
season
is isindicated
green.
Staticgenerally
stress
generally
0the
during
the
wet winter
winter
months
and
rises
to aato
maximum
value
green.stress
Static
stress
drops
to 0toduring
the
wet
months
and
rises
a maximum
value
Static
generally
drops
to 0drops
during
wet
winter
months
and
rises
to
maximum
value
of
of 1 as
as soon
as the
soil dries
outspring.
in spring.
Due
tothe
thedry
dry Mediterranean
Mediterranean summer,
it is normal
to haveto have
of
1
as
soon
the
soil
dries
out
in
Due
to
summer,
it
is
normal
1 as soon as the soil dries out in spring. Due to the dry Mediterranean summer, it is normal to have
a maximum static stress value of 1 outside of the growing season, but these values were not taken
maximum static stress value
value of 11 outside
outside of
of the
the growing
growing season,
season, but
but these
these values
values were
were not
not taken
taken
aa maximum
into account for the overall yearly calculation. The dry period between 2005 and 2006 is interesting,
into account
account
for
the
overall
yearly
calculation.
The
dry
between
2005
and
2006
is
into
for
the
overall
yearly
calculation.
period
interesting,
as these were particularly dry years, and the soil moisture during these years remained low.
as these
thesewere
were
particularly
andsoil
the
soil moisture
during
these
years
low.
as
particularly
drydry
years,
and values
the
moisture
these
years
remained
low.
Therefore,
Therefore,
the resulting
staticyears,
stress
remained
at during
a maximum
throughout
the
2006remained
growing
Therefore,
the
resulting
static remained
stress
values
remained
atthea 2008
maximum
throughout
the
2006
growing
season.
Thestress
same happened
in 2012.
On
other hand,throughout
growing
season
was one
of the
years
the
resulting
static
values
at the
a maximum
the 2006
growing
season.
The
same
with
the
lowest
stress
values.
season. The
happened
in 2012.
Onthe
the2008
other
hand, the
2008was
growing
season
was with
one ofthe
thelowest
years
happened
insame
2012.
On static
the other
hand,
growing
season
one of
the years
with the
lowest
static stress values.
static
stress
values.

Figure 4. Evolution of normalized soil moisture (blue) and static stress (gray) over the study period.
Growing season extent is indicated in green.

The dynamic stress is calculated based on the static stress but also taking into account the
number and mean duration of the stress events throughout the growing season, as described earlier.
This indicator is therefore only calculated once for each growing season. Figure 5 shows how both
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The dynamic stress is calculated based on the static stress but also taking into account the
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mean duration of the stress events throughout the growing season, as described earlier.
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4. Discussion
The results of the sensitivity analysis show a high response of the static and dynamic stresses to
soil depth. This shows how important it is to take into account soil properties and plant rooting depth
in drought prediction and how both variables can modulate the effect of meteorological conditions
on plant water stress. Different soil‐moisture‐based drought indicators are being developed and
tested, although accurate information on soil depth or properties is often missing in these models.
Sepulcre‐Canto et al. [16] use a Soil Moisture Anomaly index as part of their combined drought
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4. Discussion
The results of the sensitivity analysis show a high response of the static and dynamic stresses to
soil depth. This shows how important it is to take into account soil properties and plant rooting depth
in drought prediction and how both variables can modulate the effect of meteorological conditions
on plant water stress. Different soil-moisture-based drought indicators are being developed and
tested, although accurate information on soil depth or properties is often missing in these models.
Sepulcre-Canto et al. [16] use a Soil Moisture Anomaly index as part of their combined drought
indicator. This index is calculated using the LISFLOOD model at a very coarse resolution of 5 km.
While useful for continental-scale predictions, the model’s simplifications and spatial scale may make
it result in a large approximation of the actual soil moisture content and render it less accurate on
the farm scale or for agricultural crop yield predictions. A similar multi-indicator approach was
tested by Jiménez-Donaire et al. [17], who included a soil moisture deviation as one of the three
indicators that made up the drought index and concluded that it corresponded well to agricultural
insurance claim data. Narasimhan and Srinivasan [34] developed the Soil Moisture Deficit Index
(SMDI), which draws on the hydrological model SWAT, but, again, the spatial resolution is rather
coarse (16 km2 ). Sohrabi et al. [35] developed a specific soil moisture drought index, named SODI,
to characterize droughts by calculating the deviation of soil moisture from field capacity. When it
was tested in Idaho (USA), the authors concluded that this index outperformed other drought indices
such as the standardized precipitation index (SPI), the standardized precipitation evapotranspiration
index (SPEI) and the Palmer drought index. However, this is based only on an intercomparison
between these drought indices, as they do not use external datasets such as agricultural crop yield
data to validate these results. Other promising approaches have relied on the remote sensing of soil
moisture rather than modelling in situ soil moisture. For example, Martínez-Fernández et al. [36]
developed the Soil Water Deficit Index (SWDI), and Sánchez et al. [37], the Soil Moisture Agricultural
Drought Index (SMADI), based on SMOS and MODIS/SMOS products. The remote sensing of soil
moisture has the disadvantage that it is only sensitive to superficial moisture [38]; for example, a SMAP
radiometer can measure soil moisture up to a 5 cm depth under optimal conditions [39]. However,
different studies have shown a good correlation of in situ root-zone soil moisture measurements
with remotely sensed superficial soil moisture data [39] or with specifically developed root-zone
soil moisture products, such as the 0–100 cm L4_SM that combines the advantages of spaceborne
L-band brightness temperature measurements, precipitation observations and land surface modeling
with [38,40]. This type of work shows that there is good potential for satellite-based soil moisture
drought indices, although, as far as the authors are aware, validation against independent crop yield
data, as was performed in this study, has not yet been performed.
Finally, this study also shows the importance of rooting depth for assessing crop sensitivity to
drought. This implies that when assessing the agricultural effects of droughts, it is crucial to make
specific calculations for different crops. In presently used indicators, this is generally not included,
as many drought indicators use reference crop evapotranspiration, and those that take into account soil
moisture, a single value for soil properties. This shows that future research should be geared towards
combining land use maps with drought indicators to develop specific evaluations for different crop
types. In short, our results show that it is of critical importance to correctly estimate root-zone soil
moisture in order to calculate drought indices, as both soil depth and rooting depth influence this
variable. Our study has performed this through probabilistic modelling because of the long time frame
involved, but other approaches using remote sensing products and data assimilation for the estimation
of root-zone soil moisture are promising [39,41].
With regard to crop type, it is also important to consider the stage of crop growth. In this study,
water stress is currently considered to be equally important throughout the growing season. However,
we know that there are certain stages of plant development that are more susceptible than others.
Further research could focus on taking this into account, for example, by giving larger weight to
drought stress in these periods in the calculation of the overall indicator. However, this escapes the
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objectives of this study, whose aim was to test these two simple stress indicators, in the form in which
they were designed by Porporato et al. [1]. Further research should aim at perfecting these to obtain
even better crop yield predictions.
5. Conclusions
This study evaluated two novel indices for drought prediction, static and dynamic plant water
stress. These indices are based on early work in ecohydrology by Porporato et al. [1]. Both indices are
calculated from simulated soil moisture and take into account the stress that a soil moisture deficit
induces on plants. The simulation of soil moisture yields good results, with a bimodal probability
distribution that can be clearly divided into two separate populations, one corresponding to the dry
season and the other, to the wet season. These results are similar to those of field studies using soil
moisture sensors that reported a similar bimodal probability distribution function.
Static and dynamic stresses were shown to detect and correctly quantify the occurrence of dry
years in the study period. The number and length of drought periods, two variables taken into account
to calculate dynamic stress, were shown to decrease and increase, respectively, with increasing annual
precipitation. Both static and dynamic stresses were shown to be highly sensitive to soil depth, and their
response behavior, increasing or decreasing, was found to be dependent on total annual precipitation.
Finally, the most important result of this study is that both indicators were found to be good
predictors of crop yield. The advantage of these two new indicators, compared to meteorological
indices, such as SPI or SPEI, is that the buffering effect of the soil’s water holding capacity is taken into
account. Therefore, the static and dynamic stresses were found to be superior to the SPI in terms of
crop yield prediction, at least in the water-limited conditions of Southern Spain.
In conclusion, both static and dynamic water stress are useful indices for drought detection and
quantification. Both indices are easily computed using limited datasets. Where more detailed data
are available, these indices can account for the type and depth of soil, in order to calculate spatially
distributed drought indices. In addition, they allow one to consider the effect of the length of the
growing season and the type of crop by selecting different threshold soil moisture levels for the onset
of plant water stress. While this study focused on cereal, further research could focus on evaluating the
potential of these indices in other crops or on determining these threshold values for different crops.
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