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Abstract—In countries where the economy relies mostly on
agricultural-livestock activities, such as Argentina, droughts cause
significant economic losses. Currently, the most-used drought in-
dices by the Argentinian National Meteorological and Hydrological
Services are based on field precipitation data, such as the stan-
dardized precipitation index (SPI) and the standardized precipita-
tion evapotranspiration index (SPEI). In this article, we explored
the performance of the satellite-based soil moisture agricultural
drought index (SMADI) for agricultural drought detection in Ar-
gentina during 2010-2015, and compared it with the one from the
standardized soil moisture anomalies (SSMA), SPI and SPEI (at
one-month and three-month temporal scales), using the Agricul-
tural Ministry’s drought emergency database as a benchmark. The
performances were analyzed in terms of the suitability of each index
to be included in an early warning system for agricultural droughts,
including true positive rate (TPR), and both false positive and false
negative rates. In our experiments, SMADI showed the best overall
performance, with the highest TPR and F1-score, and the second
best false positive rate (FPR), positive predictive value, and over-
all accuracy. SMADI also showed the largest difference between
TPR and FPR. SSMA showed the lowest FPR, but also the lowest
TPR, making it not useful for an alert system. Furthermore, field
precipitation-based indices, yet simple and widely used, showed not
to be suitable indicators for detection of agricultural drought for
Argentina, neither in the one-month nor in the three-month scale.
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I. INTRODUCTION

IN THE last decades, the occurrence and intensity of drought
events are increasing and attributable to a decreased pre-

cipitation and an increased evapotranspiration driven by global
warming [1], [2], with direct and indirect impacts on the econ-
omy, environment and food security [3], [4]. Droughts are slow-
moving critical hazards with a large time and spatial extension,
different from other shorter and more local natural hazards (e.g.,
floods, hail storms).

There are distinct categories of drought, according to their
timescale and on which part of the system suffers from water
deficit [5], [6]: meteorological drought, which is associated with
a deficit in precipitation, agricultural drought [also known as soil
moisture (SM) drought] related with a shortage of water in the
soil unsaturated zone that could compromise the crop yields,
hydrological drought, that occurs when there is a low water sup-
ply in streams, reservoirs, and groundwater levels, usually after
many months of meteorological drought; and socioeconomic
drought proclaimed when water scarcity leads to unfavorable,
and sometimes irreversible, social and economic consequences.

In countries where the regional economy relies mostly on
agricultural-livestock activities, such as Argentina, climate vari-
ability, particularly droughts, causes significant economic losses
[7]–[9]. The drought impact on health is even worse over mal-
nourished and dehydrated populations [10]. Therefore, in order
to best mitigate its effects, it is crucial to improve detection,
monitoring, characterization, and forecasting of drought events,
together with regional decision-making policies (such as the
Centro Regional del Clima para el Sur de América del Sur,
CRC-SAS; [11]–[15]).

The urgency for identifying severity, location, duration, on-
set, and cessation of such extreme events have led the world
meteorological organization and the global water partnership to
create a handbook with the definition of up to 50 drought indi-
cator/indices based on modeled and/or satellite-derived datasets
of precipitation, temperature, vegetation, and soil water condi-
tions, among others [16]. The user’s choice will depend on the
“ease of use,” application, available information and computer
resources [16] as well as the required temporal and spatial scale
(continental, national, and regional). An interesting and relevant
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observation is that none of the satellite-based indices defined in
that handbook includes SM information.

In particular, the most-used drought indices in Argentinian
national meteorological and hydrological services are based only
on precipitation data from rain gauges [17], [16], such as the
standardized precipitation index (SPI, [18]), or at most they
include the role of temperature, as the standardized precipitation
evapotranspiration index (SPEI, [19]). Examples of the use of
these indices in Argentina can be found in [20] and [21].

Since a precipitation deficit propagates through the system
into (potentially) SM and streamflow anomalies, drought types
are inherently related. Probably for this reason, together with
the fact that there is a wider availability of ground-based sta-
tions measuring precipitation than measuring SM, precipitation-
based indices are typically used for the detection of agricultural
drought. However, the processes involved in the evolution of
droughts are complex [22], especially over agroecosystems,
where the deficit in plant-available water that could compromise
crop production depends on the type of crop, its location, and
season of the year. Hence, precipitation-based indices, yet simple
and widely used, may not be the most suitable indicators for
detecting agricultural drought.

Alternatively, the use of remote sensing data for drought
detection has been historically based on water and temperature–
related vegetation stress indicators, particularly the vegetation
condition index (VCI) and temperature condition index (TCI),
respectively. Examples of its use in Argentina can be found in
[23]–[25].

More recently, satellite-based (surface) SM estimates have
been used for detection and description of agricultural droughts
in Argentina [26], [27] and worldwide [28], [29], [30]. Nonethe-
less, satellite products used in those studies provide informa-
tion on the moisture of only the topsoil layer (approximately
5 cm in the best case) and not the root zone layer, where
agricultural droughts are usually defined. Undoubtedly, global
satellite-based surface SM data provides valuable information
for the study of droughts, yet it is important to remark that it
offers only an indirect link to the processes involved. Root zone
SM products based on assimilation or vertical propagation of
surface satellite data have recently been made available (SMAP
L4, SMOS L4), and their use for drought assessment has been
also suggested in recent studies [31]–[33].

As an alternative to the use of a single variable to characterize
droughts, Sánchez et al. [34] proposed the soil moisture agricul-
tural drought index (SMADI) to integrate into a single indicator
the combined effects of SM deficit, high temperatures, and
vegetation stress. It is based solely on remote sensing datasets
of surface SM, land surface temperature (LST), and normalized
difference vegetation index (NDVI). Its formulation imposes a
delayed impact of drought in vegetation status with respect to
surface conditions, resulting in a greater capacity for early detec-
tion of droughts [35]. Several studies have shown a reasonable
match of SMADI with other climatic-agricultural indices and
with registered events of drought at regional [35], [36] and global
scales [37]. However, its performance has not yet been evaluated
for the distinct socioeconomic and agroecological conditions of
Argentina.

Furthermore, most of the previous works assessing SMADI
and/or other drought indices performance are based solely in

their detection percentages. This means they are taking into
account only how the analyzed indices perform during what
are considered to be real drought events, but they do not take
into account how those indices behave during normal or wet
periods. This latter kind of analysis is extremely important if
the purpose of the evaluation is assessing the suitability of the
index not only to describe/analyze droughts events, but also for
drought detection through an early warning system. In order to
be trustworthy and useful, decision support systems should have
good detection capabilities of real drought events, but also not
raise many false drought alarms over normal or wet periods.

In this line, the main goal of this research is to explore the
performance of SMADI for agricultural-socioeconomic drought
detection and monitoring in Argentina. The secondary goal is
to compare the SMADI performance with standardized soil
moisture anomalies (SSMA), SPI and SPEI, in the detection
of agricultural drought emergencies declared in Argentina in
the last years. For this, the Argentina’s Ministry for Agriculture
emergencies database [38] was used as a benchmark, and the
period of study spanned from June 2010 to December 2015. The
obtained results are analyzed in terms of the suitability of each
index to be included in an early warning system for agricultural
droughts.

II. STUDY AREA

Argentina is located in the southernmost part of the American
Continent. It has a continental surface of 2 791 810 km² and
expands from 21° 46′ 52′′ S to 55° 03′ 21′′ S, and 53° 38′ 15′′
W to 73° 34′ W [39]. The Country is geopolitically composed
of 24 provinces that are internally divided into departments.

North of 40° S, the climate is subtropical with warm summers,
and annual mean temperatures span from 14 °C to 22 °C [40],
[41]. Across these latitudes, water vapor sources are the Atlantic
Ocean and the continental tropics since the Andes Mountains to
the west act as a barrier to the entry of humid air from the Pacific
[42]. Consequently, a dry-to-wet gradient from SW to NE is quite
representative of the precipitation in the region, ranging from
100 mm to more than 1200 mm mean annual precipitation [40],
[42]. South of 40° S, the Patagonia climate is cool-temperate
and windy. The Pacific westerly winds drop their moisture over
the southern Argentinian Andes in a narrow band of western
Patagonia, and as a consequence, the rest of Patagonia is dry
with annual precipitations below 200 mm [41], [43].

Argentina’s agricultural activities are almost exclusively rain-
fed, with less than 1.4 Million hectares of irrigated agriculture,
according to the last National Agricultural Census [44]. The
five most extended crops are soybean, corn, wheat, sunflower,
and oat, in that order, and they account for almost 90% of the
sowed area. Argentina’s agricultural production can represent
up to 10% of gross domestic product and reach a share of 55%
of total exports [8], [45]. In this line, the income loss of soybean
production due to drought events in 2016 was of $8046 million
dollars, equivalent to 22% of Argentinean international reserves
of that year, and drought events for 2018 led to a decrease of
$2871 million dollars, nearly 0.5% of gross domestic product
[9], [45]. As an example of the temporal characteristics of the
agricultural activity in Argentina, Table I gives sowing and
harvesting times for the ten most extended crops in the country
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TABLE I
GROWING STAGES FOR THE TEN MOST EXTENDED CROPS OF ARGENTINA

(FROM JULY TO JUNE)

for the 2018–2019 campaign, accounting for 97,6% of the sowed
area [46],[47]. Data are shown on a monthly basis to account for
the temporal variability of local conditions due to the large ex-
tension of Argentina’s agricultural area, both between and within
provinces. For instance, sunflower’s sowing time is July/August
for the provinces of Chaco and Formosa, October/November
for the provinces of Buenos Aires, La Pampa and San Luis, and
ranges from July to October for the different departments of
Santa Fe province. We can see that 6 of the 10 most extended
crops (soybean, corn, sunflower, sorghum, cotton and peanut) are
summer crops (i.e., sowed during austral spring and harvested
in austral autumn, after growing throughout austral summer).
These six crops account for 74% of the total sowed area. The
remaining four crops are winter crops (wheat, oats, barley and
rye) and comprise 23.6% of the total sowed area.

III. DATA AND METHODS

As stated in the introduction, one of our objectives is to
evaluate the SMADI index for agricultural drought detection
in Argentina and to compare its performance with other well-
known drought indices. For this purpose, the agricultural drought
emergencies declared by the Ministry for Agriculture were used
as benchmarks. The following sections introduce the analyzed
indices, the methodology followed to define drought and non-
drought events from the agricultural emergency declarations,
and the performance metrics used for validation as well as for
assessing the suitability of the indices for inclusion in an early
warning system.

A. Indices

1) Soil Moisture Agricultural Drought Index: This novel
index, presented in an application over the Iberian Peninsula
for the first time by [34], leverages from the increasing num-
ber of remote sensing databases (e.g., SM from passive mi-
crowave sensors, LST and VI from optical sensors) available
at a variety of spatial scales and temporal ranges. The index
is based solely on remote sensing sources, and it is scalable

TABLE II
DROUGHT CATEGORIES FOR THE ANALYZED INDICES

both in space and time (depending on the selected input data).
The core of its rationale is the inclusion of SM to focus on
agricultural drought. SMADI coupled two well-known advances
about the SM applications using remotely-sensed datasets. First,
the inverse relationship found between the soil skin temperature
(using the LST as a proxy of this parameter in SMADI) and the
vegetation status (using the NDVI), both of which are in turn
closely related to SM [48]. This relationship is known as the
“Universal Triangle,” from the relationship obtained between
LST and NDVI with SM when plotted in a two-dimensional
scatterplot, and has been applied in numerous studies dealing
with retrievals of SM and evapotranspiration [49]–[51]. Second,
this relationship, expressed as a regression formula in which SM
is the target variable, has also allowed for the improvement of
the spatial resolution of coarse SM passive microwave products
using higher spatial resolution LST and NDVI data [52]–[54].

Therefore, SMADI accounts for the LST/NDVI slope and the
SM in the form (1)

SMADIi = SMCIi
MTCIi
VCIi+1

(1)

where SMCI, MTCI, and VCI are the normalized SM, LST, and
NDVI, respectively, using the maximum and the minimum time
range values for each, following the form of Condition Index of
[55], [56], with minor modifications

VCI =
(NDVIi −NDVImin)

(NDVImax −NDVImin)
(2)

MTCI =
(LSTi − LSTmin)

(LSTmax − LSTmin)
(3)

SMCI =
(SMmax − SMi)

(SMmax − SMmin)
(4)

where i corresponds to the selected temporal period (two weeks,
in this case). Notice that in (1), VCI was calculated for i+1,
i.e., with a time lag of fourteen days as regards to SMCI and
MTCI, since it is expected that the effect that temperature and
humidity have on surface conditions appears later in plants [57],
[58]. The SMADI values are then classified into five drought
intensity categories, following [37] (see Table II).

For this article, SMADI has been computed pixel-based fol-
lowing (1) at a spatial resolution of 0.05°, through the integra-
tion of products MODIS/Terra LST (MOD11C1 v.6), MODIS
reflectance (MOD09CMG v.6), and SMOS L3 SM (BEC v2.0,
[59]). Daily observations of input products were composited into
biweekly time series before computing the index, as in [37]. The
global biweekly SMADI product for the period 2010-2015 used
in this work is freely available online [60].
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2) ESA-CCI Standardized Soil Moisture Anomaly: To cal-
culate the SSMA (5), the ESA-CCI SM Combined product
from the ESA’s CCI suite of essential climate variables was
used. The CCI goal is to produce a complete and consistent
global SM data record based on passive (radiometer) products,
active (radar/scatterometer) products, and a combination of
both. The CCI-SMv04.7 COMBINED is available from 1979
to 2019 at 0.25° spatial resolution and daily temporal resolution
(http://www.esa-soilmoisture-cci.org, [61]–[63])

SSMAi =
SMi − SMi

σSMi

(5)

where i corresponds to a given biweekly period (same as for
SMADI), SMi is the biweekly average, SMi is the long term
average andσSMi

is the standard deviation, which are both calcu-
lated for the same biweekly period i, but including the complete
baseline period 1979–2019. Table II provides the classification
of SSMA values into four drought intensity categories [64].

3) Standardized Precipitation Index and Standardized Pre-
cipitation and Evapotranspiration Index: The SPI [18] quan-
tifies precipitation excess or shortage for a given place and
time scale. To this end, precipitation values are converted to
probabilities based on long-term precipitation records computed
at the chosen time scale. Since precipitation does not follow a
Gaussian distribution, a gamma probability model was used to
fit the 40-year reference period of precipitation (1971–2010) for
the study area [17].

The SPEI [19] follows the same conceptual design as SPI,
but considers the role of temperature by adding to the pre-
cipitation series the potential evapotranspiration (PET). SPEI
involves a climatic soil water balance and the accumulation of
deficit/surplus, making it a better agriculture drought index than
SPI in a warming climate.

There are different criteria in the literature regarding which
temporal scale is the best suited for detecting agricultural
droughts. For example, [34] stated that the one-month SPI
is generally used to reflect short-term conditions related to
short-term SM and crop stress, especially during the growing
season. However, [17] stated that two-to-three month scales had
well-represented agricultural droughts, and [65] reported that
SPI at a three-month scale reflects wet or dry conditions for short
and medium time ranges and provides estimates of the climate
conditions at critical stages of the crops’ growth. Considering
this, we decided to employ precipitation-based indices with both
one-month (i.e., SPI1, SPEI1) and 3-month (i.e., SPI3, SPEI3)
temporal scales.

These precipitation based indices were computed and pro-
vided by the Regional Climate Center Network for Southern
South America [66] at a spatial resolution of 0.25°. Table II
gives the classification of SPI and SPEI values into four drought
intensity categories [67]. This classification is the same regard-
less of index temporal scale.

B. Definition of Drought and Nondrought Events

A drought index should (at least) have two desirable char-
acteristics: it should detect the occurrence of droughts, and it
should not falsely detect a drought when there is no real drought

Fig. 1. Actual drought events (left) and nondrought events (right) for 2011–
2012. Adjacent areas with different colors correspond to separate events.

event. To analyze these conditions, we distinguish henceforth
between actual drought and nondrought events, respectively.

Actual Drought Events: We used the agricultural drought
emergencies declared by Argentina’s Ministry for Agriculture
[38] as a benchmark of the actual drought events. These declara-
tions focus on productive areas at the spatial scale of departments
(smaller administrative units that exist within each province) and
at a temporal scale that usually includes the whole productive
cycle affected (even if the drought covered only part of the cycle
or continued after the productive cycle had finished). In each
department/province, emergencies are often declared within the
same production cycle, but only after the drought effects have
started to be observed by producers. Given the fact that an
emergency declaration implies a tax exemption for producers
(reducing tax collection for the State) and that the Ministry
can take a significant amount of time to analyze how seriously
the productive activities have been affected, it is unlikely for
an emergency to be declared without the actual occurrence of
drought, which makes these declarations extremely useful as
a posteriori ground truth for actual drought events. We down-
loaded the resolution documents for every emergency declara-
tion for the period between June 2010 and December 2015, and
digitized them in time and space, aggregating all departments
involved in that particular emergency for each province. This
was a three-step process: First, we used a shapefile containing
the polygons for each department in Argentina, labeled also
according to the province they belong to. In this shapefile we
added as attributes the date for the beginning and end of each
declared emergency for each involved department. Second, for
each emergency declaration we created a new shapefile, with
a single polygon that aggregated departments belonging to the
same province and having the same dates for the start and end
of the emergency. Third, we assigned resulting actual drought
events to the year of its starting date, regardless of the ending
date of the emergency.

We found a total of 49 actual drought events, 23 starting in
2010–2011, 9 in 2011–2012, 8 in 2012–2013, and 9 in 2013–
2014. From July 2014 to December 2015, there was not any
declaration of drought emergency. As an example, the spatial
extension of actual drought events for years 2011-2012 are
illustrated in the left panel of Fig. 1. Austral winter-to-winter
annual timescale, starting on July 1st is considered in order

http://www.esa-soilmoisture-cci.org
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to include the growing cycle of most extended crops (summer
crops) into a single year definition (see Table I).

Nondrought Events: Nondrought events were defined as the
periods between emergency declarations for departments with
at least one emergency declared in the studied period. This
definition is based on the fact that emergencies are only declared
for productive areas, so if a given department did not have any
emergency declared, the reason could be that the Ministry does
not consider it a productive area and, thus, its drought condition
is not evaluated. Alternatively, it could be noted that a given
department may be considered as a productive area, its condition
being evaluated, but it did not suffer from a drought, or it suffered
a drought that was not severe enough to compromise production.
But since we cannot discriminate between those three situations,
and in order to homogenize the criterion used for the whole
study region, we decided not to take into account departments
that did not have any declarations for the period 2010–2015. As
for the actual drought events, nondrought events were defined at
the department scale and then aggregated at the province level
and for austral winter-to-winter annual timescales (see Fig. 1,
right). In this case, the procedure was as follows: First, for each
department included in at least one actual drought event, we
registered the time between the start of the study period and the
beginning of the first emergency declared, the end of a drought
emergency and the beginning of the next, and the end of the last
registered drought event and the end of the study period. Then, at
the province level, departments that are spatially contiguous and
have the same dates of start and end of the nondrought periods
are aggregated as a single nondrought event. This resulted in
167 nondrought events (29 for 2010–2011, 31 for 2011–2012,
32 for 2012–2013, 30 for 2013–2014, 23 for 2014–2015, and 22
for July 1 to December 31 2015).

C. Evaluation Strategy

1) Performance Metrics: Following [37], for each spatio-
temporal event (actual drought or nondrought), the following
metrics have been calculated for each index.

1) % Positives: Percentage of events that are considered pos-
itive (detected) for any drought category (mild, moderate,
severe, extreme).
a) For SMADI (or SSMA), a positive is considered if

there is at least⅓ of the event area for two consecutive
biweekly time steps with a value of SMADI ≥ 1 (or
SSMA ≤ −1).

b) For SPI and SPEI, a positive is considered if there is
at least ⅓ of the event area with SPI or SPEI ≤−1 for
any single period (monthly or 3-monthly).

2) % Duration: Percentage of time within the event period
that is considered a positive for the corresponding index.
Informed value is the average of the duration of individual
events.

3) % Extreme: Percentage of events that are positive and
have at least one pixel with an extreme drought category
of the corresponding index (SMADI≥ 4, SSMA< −2,
SPI< −2, SPEI< −2, Table II).

These three metrics objectively quantify detection capabilities
of occurrence (% positives), severity (% extreme) and timing (%
duration). While % positives and % extreme are spatial drought

detection metrics, % duration is temporal, i.e., the focus is on
detecting onset and cessation of drought events.

The three metrics are percentages distinctively computed both
on an annual basis and for the whole studied period as a unit. In
the latter case (referred to as “total” in all tables showing metrics
results), all emergencies were pooled together regardless of the
occurrence year, to grant them the same weight in calculations.
For this reason, since each year has a different number of events,
Total number of events is the sum of the annual number of events,
but total % positives and total % extreme are not the average of
annual percentages. Instead, Total % positives (or % extreme)
is the sum of all the events considered positive (or extreme)
throughout the studied period, divided by the total amount of
events considered for the whole period (49 for actual drought
events, 167 for nondrought events).

For a good performance, it is expected that a drought index
would show a high % true positives (positives on actual drought
events) and a low % false positives (positives in nondrought
events). The same would be expected from % extreme and for
% duration (high for actual drought events, low for nondrought
events).

For actual drought events, we used an inclusive time schedule.
This means that if a given drought event includes only 1 of the 14
days considered within a biweekly time step in the SMADI time
series (or SSMA), then such a SMADI biweekly time step is
part of that actual drought event time frame. The same criterion
was also applied to precipitation-based indices. On the contrary,
for nondrought events, we used an exclusive time schedule.
This means that a given drought index period is considered part
of the nondrought event if it was fully included in the event.
Furthermore, given that the ending of actual drought events (and
beginning of nondrought events) is defined by the end of the
productive cycle even if the drought continues, false positives
completely adjacent to drought events were not recorded.

Given the use of polygons with established geographical
limits for the definition of events, the “location” characteristic
is included in the occurrence of the drought, that is, if for a
particular event, an index observes a drought but does not locate
it within the event polygon, it is not considered a positive.

2) Early Warning System Suitability Analysis: The impor-
tance of drought detection and monitoring for Argentina’s econ-
omy encourages the development of a drought early warning
system, both for the timely declaration of agricultural emergen-
cies and for the mitigation activities. Therefore, in addition to the
detection of spatial and temporal drought events we evaluated
the suitability of the different analyzed drought indices for their
use in an early warning system. To do so, for each of the analyzed
indices, we used the absolute number of positive events for actual
drought and nondrought events for the whole studied period to
construct a 2-by-2 confusion matrix. From this, the following
summary statistics were computed and compared (see Table III):
the recall or true positive rate (TPR), the fall out or false positive
rate (FPR), the precision or positive predictive value (PPV), the
F1-score, and the overall accuracy (OA).

TPR and FPR were already explained in the previous section
as % true positives and % false positives, and they indicate
index ability to detect actual drought (TPR), and how many
false alarms we would get by believing in the index results
(FPR). PPV shows the relation between true positives and all
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TABLE III
CATEGORICAL STATISTICS USED TO COMPARE THE SUITABILITY OF THE

DIFFERENT DROUGHT INDICES FOR THEIR INCLUSION

IN AN EARLY WARNING SYSTEM

detected positives. These three categorical statistics are useful
to evaluate the index suitability for their inclusion in an early
warning system, but the three should be jointly assessed, since
evaluation of only one or two could lead to misleading results,
i.e., the perfect index would have a 100% TPR, a 0% FPR, and
100% PPV, but one index can have both a large TPR and a large
FPR, and thus a smaller PPV than other index. To synthesize
the evaluation scores into a single metric, we also included
F1-score and OA. These statistics are widely used in machine
learning experiments, medical sciences, behavioral sciences,
climate sciences, and remote sensing classification evaluations,
amongst others [68]–[70].

OA was included because it is very well known and widely
used to evaluate remote sensing classification results and is often
considered a benchmark metric for accuracy assessment, based
on its computing simplicity and intuitive nature as an accuracy
measurement (correctly classified events or pixels over the total
analyzed events or pixels). However, this metric is quite sensitive
to the prevalence of the classes or studied events, especially for
imbalanced binary classifications [71], [72]. Drought detection
is one of these cases since droughts have a relatively low preva-
lence, and in a given period, there are usually more nondrought
than drought events. For cases like these, OA assigns more
weight to the correct detection of nondrought events than to the
correct detection of actual drought events and its errors. On the
other hand, F1-score is based on the number of true positives
and its relation with the number of errors (false positives for
PPV and false negatives for TPR) and ignores the number of
true negatives, thus better summarizes the performance of the
evaluated indices in terms of their suitability for a drought
early-warning system.

IV. RESULTS AND DISCUSSION

A. Detection Capabilities for a Case Study

Series of drought maps for Argentina were derived for each
index. As a given example of those maps, Fig. 2 illustrates how
the six indices captured the drought emergency declared between
July 1 and December 31, 2013 for northern Santa Fe Province
(blue polygon).

This emergency was detected as true positive at some point
of its six month length by the six indices, and five of them
also coincided in at least one of the positive (detected) periods.
Regarding the SM-based indices, SMADI showed positives in
seven consecutive biweekly time steps (out of the 14 included in
the emergency declaration) between July 30 and November 4;
and SSMA exhibited positives between August 13 and Septem-
ber 9 (two consecutive biweekly time steps), and between
September 24 and October 21 (two consecutive biweekly time
steps). Regarding the monthly precipitation-based indices, SPI1
showed a positive only for August, 2013, and SPEI1 revealed
positives for August and December 2013. As for three-monthly
precipitation based indices SPEI3 showed positives for August
and September 2013 and SPI3 displayed a single positive for
September 2013. As a result, the indices coincide in the drought
detection during August 2013, except SPI3 that detected the
emergency in September (with the integration of rainfall data
from July, August and September).

This case study exemplifies the influence of the temporal scale
used for SPI calculation. The fact that SPI1 showed drought
conditions in August means that rainfall was lower than its
historical value for that month. However, SPI3 did not show
drought conditions for August, which means that in June and
July rainfall was enough to compensate for August’s deficit. At
the same time, neither July nor September showed drought con-
ditions according to SPI1, but when accumulating the shortage
of rainfall for the months of July, August and September, SPI3
showed drought conditions.

The evolution in time of the SMADI index on the northern
part of Santa Fe province and surroundings for the seven-match
sub-periods is analyzed in detail in Fig. 3. As can be seen
in Figs. 2 and 3, the drought event seems to extend beyond
northern Santa Fe, covering a large part of the center-north of
Argentina. In fact, both the provinces to the North and the West
of Santa Fe had emergencies declared starting on July 1, 2013,
and with different ending dates, which support the obtained
maps. Regarding temporal evolution, SMADI shows over a 60%
spatial extension of the different classes of drought intensity for
over 40% of the time the emergency was declared. Moreover,
it showed over 8% extension of extreme drought values for
more than 35% of the emergency duration. We can also observe
that SMADI extreme drought values are present as continuous
areas and not as isolated pixels, providing more confidence in
its estimations.

B. Drought Indices Performance

From a statistical point of view, Tables IV–VI show the
annual and total number of actual drought and nondrought events
with their performance metrics for the SMADI, SSMA, and
precipitation-based indices (SPI1, SPEI1, SPI3, and SPEI3),
respectively.
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Fig. 2. Spatial patterns of the six drought indices illustrate detection capabilities for the emergency declared between July 1 and December 31, 2013 in Northern
Santa Fe province (blue polygon).

TABLE IV
ANNUAL AND TOTAL NUMBER OF ACTUAL DROUGHT AND NONDROUGHT EVENTS AND PERFORMANCE METRICS FOR SMADI. NOTICE NO ACTUAL DROUGHT

EVENTS OCCURRED FROM JULY 2014 TO DECEMBER 2015
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Fig. 3. Temporal evolution of SMADI index for the drought emergency declared between July 1 and December 31, 2013 in northern Santa Fe province (blue
polygon). From top left to bottom right are the 7 consecutive biweekly time steps in which SMADI falls into a mild-to-extreme drought category, starting July 30
and ending November 4.

TABLE V
ANNUAL AND TOTAL NUMBER OF ACTUAL DROUGHT AND NONDROUGHT EVENTS AND PERFORMANCE METRICS FOR SSMA. NOTICE NO ACTUAL DROUGHT

EVENTS OCCURRED FROM JULY 2014 TO DECEMBER 2015

Analyzing the whole study period (i.e., total), SMADI al-
lowed for good detection capabilities for actual drought events
when considering the spatial extension of different drought
classes (84% of Positives). It also showed extreme values in the
vast majority of the events (76% of Extreme). In other words,
SMADI detected declared emergencies in space and severity
with a confidence higher than 75%. SMADI also exhibited
outstanding performances at the annual scale, both regarding
detection and extremes (over 65% for every year in both met-
rics). In fact, in 2011–2012 and 2012–2013, SMADI showed
perfect detection of declared emergencies, and in 2012–2013
and 2013–2014, all detected emergencies included extreme
values.

SMADI results regarding actual drought duration were con-
siderably lower, with an average of 32% of the temporal extent of
the emergency declarations detected as drought. This result can
partially be explained by the nature of the emergency declara-
tions used as actual events, which determines how their temporal
scale is registered. As we mentioned before, the Ministry’s goal
is to generate tax refunds for affected agricultural producers,
and emergencies are declared for the entire affected productive
cycle (with a different length for crops, cattle raising, etc.).
However, drought duration does not necessarily need to match
the productive cycle duration to affect crop yield (e.g., a drought
occurring only during crop early growth-developmental stages
can have the highest impact). Hence the temporal coverage for
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TABLE VI
ANNUAL AND TOTAL NUMBER OF ACTUAL DROUGHT AND NONDROUGHT EVENTS AND PERFORMANCE METRICS FOR SPI1, SPEI1, SPI3 AND SPEI3. NOTICE NO

ACTUAL DROUGHT EVENTS OCCURRED FROM JULY 2014 TO DECEMBER 2015

a drought is usually overestimated in the emergency declara-
tions (as in the six-month emergency declared in the Santa Fe
Province shown in Fig. 3). Therefore, an index-based drought
alert system should be sensitive to an early detection of plant and
environmental changes (before yield loss) while not prolonging
the alert unnecessarily.

SMADI also showed a non-negligible amount of false posi-
tives when considering the spatial extension of different drought
classes (53% false positives), but with fewer events showing
extreme values (41%). Even so, a distinct sign of the SMADI
performance was the large difference between true positives and
false positives (31%) and extreme (35%) metrics. The difference
in duration was lower (7%), with shorter false positive events
than true positive events.

Looking at the whole period, SSMA presented lower de-
tection capabilities for actual events than SMADI, with less
than 50% when taking into account the extension of different
drought classes and only nine events with extreme values (18%).
Furthermore, on average, detected events seemed to be shorter
for SSMA than for SMADI. However, for nondrought events,
SSMA showed better performance than SMADI, with a low false
positive occurrence (24%), only 10% of extreme false positives,
and a slightly shorter duration than for actual events. The fact
that SSMA showed both a lower % true positives and a lower
% false positives does not mean SSMA is more reliable than
SMADI, but that it is less sensitive to dry conditions.

This lower sensitivity for drought detection of SSMA as
compared to SMADI could be due to at least three factors.
First, the spatial resolution of these two indices is very different.
ESA-CCI SM Combined product used to calculate SSMA is
provided with a pixel of 0.25° by 0.25°, which includes 25 pixels
of 0.05° by 0.05° used for SMADI calculation. Second, there is a
difference in the reference period used. SSMA is computed with
a 40 year baseline period, while SMADI uses the maximum

and minimum value of the 5-year studied period. Third, ESA
CCI-SM product only represents surface moisture, which does
not necessarily reflect changes in root-zone SM that impacts
vegetation status, whilst SMADI includes vegetation status in
its formulation.

Annually, SSMA exhibited good detection of actual events
in 2011–2012 and 2012–2013 (though lower than SMADI), but
inferior detection capabilities for 2010–2011 and 2013–2014.
Similarly, for nondrought events, the periods 2011–2012 and
2012–2013 showed the largest percentage of false positives both
for all drought categories and for extreme values of SSMA,
although they are still low values. Interestingly, the difference
between years in actual events detection capabilities was not
related to the number of observations of ESA-CCI-SM. For
instance, 2011–2012 is the year with the largest true positive
percentage and with the lowest spatio-temporal coverage (60%,
not shown).

Analyzing total values, SPI1 showed a reasonably good
agricultural drought detection capability, when considering all
drought categories (76%). However, this percentage was con-
siderably reduced (to 35%) when considering the occurrence of
extreme values. For nondrought events, SPI1 showed more than
60% false positives when considering all drought categories.
This percentage was reduced to 28% if extreme values were
requested for considering a drought event. Unfortunately, this
led to a small difference between true positive and false positive
detection regardless of the request for extreme values or not
(less than 10% difference in either case). Moreover, duration
scores were low and similar in actual drought and nondrought
events with an even smaller difference (1%). As compared with
the SMADI results, SPI1 presented lower values in all perfor-
mance metrics for actual events, a higher percentage of false
positives when taking into account all drought classes, and lower
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values of duration and extreme percentages for nondrought
events.

Annually, for actual events, SPI1 showed a very good de-
tection capability (75% or more) except in 2013–2014 when
the transition from a dry to a wet period occurred. Particularly,
in 2012–2013 most of the detected events included extreme
values. For both true and false positives, duration was lower
than 20% for all years. For nondrought events, and according
to the percentage of false positives, the worst performance was
observed in 2011–2012 and 2012–2013, a bad performance was
seen for 2010–2011 and 2014–2015 and a moderate performance
for 2013–2014 and the second part of 2015.

Compared with SMADI, the duration and extreme percent-
ages of actual events were lower for SPI1 for every year, and
even the highest score of SPI1 is lower than the lowest one for
SMADI (except for % positive in 2010–2011). For nondrought
events, SPI1 also shows lower scores than SMADI (except for
% false-positives in 2010 to 2013).

SPI1 and SMADI differences could be due to at least three
factors: first, SPI only accounts for precipitation deficit [18],
which at a one-month scale does not necessarily propagate to a
deficit on SM or plant available water leading to crop failure.
For instance, during an intense drought, one month of normal
rainfall would lead to a SPI∼0 (and thus would not be included
in the duration calculation) but could not be enough to overcome
soil dryness and/or vegetation water stress.

Second, as in the SSMA case, SPI is provided at a spatial
resolution of 0.25°. Besides that, SPI is computed using precip-
itation data from meteorological stations that are further apart
than 0.25° [17]. Thus, in order to obtain a spatially complete
map, point SPI calculations are interpolated with techniques of
varying complexity that inevitably add uncertainties to the index.

Third, the temporal resolutions at which SMADI and SPI
are computed are different. Even though time conditions for
establishing a match are nearly the same (28 days versus a
month, respectively), SMADI is computed as an integration
of conditions over 14 days. This might be giving SMADI an
improved sensitivity, especially at the beginning and end of
drought events, over the monthly calculation used for SPI. Still,
SPI calculation for shorter periods than a month led to unstable
results in a previous study carried out in the same region [17]
and therefore was not considered in this work.

As in the SSMA case, there is also a difference in the indices
reference period. As it was stated in the methodology section,
SPI calculation employed a 40-year reference period (1971–
2010), and for SMADI the five years under study are at the
same time the reference period. However, this does not explain
the obtained results, since a lower sensitivity on SPI for the
detection of true positives should affect in the same manner the
sensitivity for false positives detection, instead of leading to
lower true positives and higher false positives.

SPEI1 exhibited very good detection capabilities of total
actual events (82% of positives), in between those from SMADI
and from SPI1 though closer to the ones from the former.
However, it presented a very high amount of false positives
(71%, even worse than SPI1), resulting in only an 11% difference
between true and false positives. In both actual and nondrought
cases, most of the detected events did not include extreme index
values. Duration metric was low and the same for both actual and
nondrought events. Compared to SSMA, SPEI1 showed better

results for actual events, and worse results for nondrought events
for all metrics.

The spatial and temporal resolution, and the reference period
are the same for SPI and SPEI. Thus, the improvement on SPEI1
true positives and duration metrics could be due to the fact that
SPEI also includes the PET alongside precipitation data. Yet that
improvement was not reflected in the nondrought case, where
the inclusion of PET led to a worse performance. Still, all SPEI1
scores were far worse than the ones obtained for SMADI, which
takes into account information on actual vegetation status and
actual SM (instead of considering them indirectly through PET
and precipitation respectively).

Even when [17] and [65] state that the three-monthly temporal
scale is the most suited to reflect agricultural droughts, our
results show a different situation. We can see that SPI3 showed a
lower detection ability of actual events than SPI1 (<10%) when
considering all drought categories and the whole studied period.
However, detected events showed a larger average duration,
and more of them showed the presence of extreme SPI values.
For nondrought events, SPI3 showed a lower % positive and
% extreme and a larger duration of detected events than SPI1.
This, in turn, led to a smaller difference between true and false
positives for SPI3 than for SPI1.

As observed for SPI, SPEI3 did not provide better results than
SPEI1. Although SPEI3 showed a lower percentage of false pos-
itives than SPEI1, it also had a lower percentage of true positives.
This led to a smaller difference between those parameters for
SPEI3 than for SPEI1 (7% versus 10%, respectively). Both in the
actual events and in the nondrought events, at the three-monthly
scale events showed a longer duration and a higher proportion
of events with extreme values.

Scaini et al. [30] also found a better ability of SPI and SPEI
to monitor in situ SM anomalies with shorter time scales (of one
month). For time scales longer than 60 days, they found that the
response of the indices to SM variability decreased noticeably.
Noting there is previous evidence that the use of shorter scales
(of less than a month) for SPI and SPEI in Argentina leads to
unstable results [17], our results suggest that SM-based indices
with a biweekly time scale could be more appropriate than
precipitation-based indices to detect agricultural drought in the
region.

As a summary of the results, SMADI had the greatest potential
to detect agricultural drought events in Argentina, showing a
better predictive capability of actual events for the studied period
than the other indices, including extreme conditions. SPEI1 and
SPI1 followed, particularly as regard to a poor detection of
duration and severity. Finally, SPI3, SPEI3, and SMA showed
the lowest detection rates. Regarding false positive detection,
SMADI was the second best, after SMA.

C. Early Warning System Suitability Analysis

In order to evaluate the suitability of the different studied
indices for their use in an early warning system, Table VII gives
the results of the five analyzed categorical statistics.

Among the studied indices, SMADI was the one attaining best
performance scores, with the best (highest) TPR and F1-score,
and the second best FPR (second lowest), PPV (second highest)
and OA (second highest). In other words, SMADI outperformed
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TABLE VII
CATEGORICAL STATISTICS USED TO EVALUATE THE PERFORMANCE OF THE SIX

STUDIED INDICES FOR THE DETECTION OF BOTH ACTUAL DROUGHT AND

NONDROUGHT EVENTS

indices based solely on soil moisture data (SSMA), and those
based on precipitation data (SPI), even if they incorporated
potential evapotranspiration (SPEI). SMADI also showed the
largest difference between TPR and FPR, something that is es-
pecially critical for an early warning system because it provides
more credibility to the potential warnings, i.e., it makes it more
likely that if the warning system states there is a drought, this is
accurate, and it is not a false alarm.

SSMA showed the lowest values of both TPR (worst result)
and FPR (best result). The large (twofold) difference between
TPR and FPR led to SSMA having the largest (best) PPV. This,
in turn, compensated the lowest TPR in F1-score calculation,
leading to the second best value (second highest) of that metric
between the analyzed indices. Furthermore, SSMA illustrated
the doubtful utility of OA as a performance metric in imbalanced
classifications. In this analysis, the number of nondrought events
is over 3 times the number of drought events, and thus, the lowest
FPR, which means the largest number of true negatives, resulted
on the highest (best) OA, even when SSMA has the lowest TPR,
an essential characteristic for any drought detection system.

Precipitation-based indices showed a better performance to
detect agricultural droughts at the one-month scale than at the
three-month scale, in agreement with [34], and opposed to what
was reported in [17] and [65].

The fact that all indices except SSMA showed a large FPR
could indicate that within the periods between declared emer-
gencies (that we considered to be nondrought events) there may
have occurred some mild droughts, events that were not severe
enough as to affect productive activities, or that occurred in
moments not critical to productive activities.

To summarize, the indices that include SM information
showed a better suitability for an agricultural drought early
warning system (with a better performance for SMADI than for
SSMA). This should not come as a surprise, since agricultural
drought is defined as a deficit of water in the soil unsaturated zone
that could compromise the crop yields. Yet our results underline
the value of using readily-available satellite-based SM products
for early detection of agricultural drought. Precipitation based
indices at the monthly scale showed intermediate suitability, and
at 3-monthly scale showed lowest suitability, with SPI showing
better results than SPEI. While these two indices are generally
used for detection of meteorological drought, our results indicate

that they may not be as well suited for detection of agricultural
drought.

V. CONCLUSION

As a first step to assess their utility in drought early warning
systems, we have compared the performance of SMADI, SSMA,
SPI and SPEI (these last two with one and three month scales) for
the detection of droughts that were severe enough to be declared
as “agricultural emergencies.” Among them, SMADI showed
the best overall performance, with the highest TPR and F1-score,
and the second best FPR, PPV, and OA. SMADI also showed
the largest difference between TPR and FPR. SSMA showed the
lowest FPR, but also the lowest TPR, making it not useful for
an alert system. Furthermore, precipitation-based indices, yet
simple and widely used, showed not to be suitable indicators for
detection of agricultural drought for Argentina, neither in the
monthly nor in the three-monthly scale.

Results indicated that the use of SMADI index that explicitly
combines SM, LST and vegetation condition data significantly
improves drought detection, as compared with indices based
only on meteorological data or only on SM data. SMADI is
a simple and intuitive index, with good properties for imple-
mentation in early warning systems, as shown in this paper.
Investigating the development of more advanced models using
a wider suite of satellite variables characterizing land surface
conditions -such as root-zone SM or vegetation optical depth-
is a matter of future research. Such exercise could be helpful to
further enhance SMADI capabilities by including new features
and encoding (nonlinear) physical mechanisms driving prone-
conditions in agroecosystems that may be missed by the current
formulation of the index.
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