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A B S T R A C T   

Study region: Two irrigation Consortia in Italy: the Chiese in Lombardia Region and the Capitanata 
in Puglia Region. 
Study focus: Drought monitoring is crucial especially where the rainfall regime is irregular and 
agriculture is mainly based on irrigated crops, such as in Mediterranean countries. In this work, 
the main objective is to develop an EO-based agricultural drought monitoring indicator (ADMIN) 
for operative irrigation networks management. The ADMIN indicator considers different levels of 
drought conditions combining anomalies of rainfall, soil moisture, land surface temperature and 
vegetation indices. Multiple remote sensing data, which differ on sensing techniques, spatial and 
temporal resolutions and spectral bands, are used and the uncertainty in anomalies computation 
derived from the use of multiple sources of remote sensing datasets is also discussed. The analyses 
are performed for the two Irrigation Consortia, which differ for climate, irrigation volumes and 
techniques, and crop types. 
New hydrological insights for the region: The obtained results show an inverse dependency between 
the cumulated ADMIN and the irrigation volumes in the Capitanata area (which has on-demand 
irrigation), whereas the dependency is much weaker in the Chiese Consortium (where irrigation is 
provided on a fixed basis, independently from the drought conditions). In both areas, the role of 
irrigation is critical to sustain production and preserve crop yields, which seem almost uncor
related to ADMIN. ADMIN has demonstrated to outperform the use of single anomalies.   

1. Introduction 

Drought is an intensifying hazard with a complex behavior affecting both the natural and anthropogenic environments as well as 
the socio-economic activities (Sheffield, et al., 2009; Van Loon et al., 2014; Mann and Gleick, 2015; Wood et al., 2015; Douville et al., 
2021; Seneviratne et al., 2021). According to the Munich Re report (Munich Re, 2021), between 2000 and 2019, the 35% of hazard 
events are related to droughts affecting more than 1.43 billion people: as the drought of 2003 in central Europe (García-Herrera et al., 
2010) or of 2010 in Russia (Spinoni et al., 2018), the 2013–2014 California drought (Swain et al., 2014), the Chinese event of 2014 
(Wang and He, 2015), the southern Africa drought of 2015–2017 (Meza et al., 2021), and the Australian 2000 event (van Dijk et al., 
2013). In particular, strong negative impacts have been reported on the agricultural sector, with different effects depending on the 
crops being rainfed or irrigated, mainly due to water shortages with reductions of crop productions and consequently economic losses 
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(De Stefano et al., 2015; Ding et al., 2011). These drought events are further projected to increase due to climate change and also 
increased land-atmosphere feedbacks due to changed land/vegetation coverage and also irrigated areas (Miralles et al., 2019). Thus, 
irrigated agriculture, which is by far the largest water user with about 70% of total freshwater consumption (Alexandratos and 
Bruinsma, 2012), will be more and more impacted, even though irrigated areas cover only about 2% of the global land area (FAO, 
2016). Therefore, an improvement in the understanding of the spatial and temporal variability of droughts is required to meet the 
increasing effects of droughts (AghaKouchak et al., 2015). 

Drought is generally defined as a temporal anomaly in comparison with average conditions over long time periods (Wood et al., 
2015). Wilhite and Glantz (1985) identified four different types of droughts based on their impacts: i) meteorological as a precipitation 
deficiency, ii) agricultural as soil water availability shortage, iii) hydrological for low runoff and groundwater deficiency, iv) socio
economic on the society. Each type of drought might evolve with different timing, intensity, duration and spatial extent (Vice
nte-Serrano, 2006). To describe this complex phenomenon, a huge number of drought indices has been developed over the years, 
designed for different applications. However, no single drought index has been identified to describe the multifaceted nature of 
drought (Wanders et al., 2017). Therefore, the World Meteorological Organization (WMO) and Global Water Partnership (GWP) 
(2016) suggest to use multiple drought indices. 

Among them, the Standardized Precipitation Index (SPI) is defined by the WMO as the standard index for analysing a meteoro
logical drought (World Meteorological Organization, 2012), by fitting the precipitation data to a standardized normal probability 
distribution function, over different time scales from 1 to 36 months (McKee et al., 1993). SPI advantages are mainly that it relies only 
on precipitation and its relatively simple computation (Kumar et al., 2016), while the key limitation is relative to the high sensitivity to 
the quality and time length of data used, and moreover it does not account for the atmospheric water demand. The Standardized 
Precipitation Evapotranspiration Index (SPEI) (Vicente-Serrano et al., 2010) and the Palmer Drought Severity Index (PDSI) (Sheffield 
et al., 2012) overcome this limitation by considering the evapotranspiration besides precipitation, in order to account for the role of 
evaporative demand on drought severity. 

An alternative approach is to monitor soil moisture (SM) changes over large areas using satellite-based SM products (Sadri et al., 
2018), based on microwave sampling techniques with active (Sentinel-1, ASCAT) or passive (SMOS, SMAP, AMSR-E) technologies 
(Kerr et al., 2010; Bauer-Marschallinger et al., 2018). However, inconsistencies among the different products have been documented 
with correlations ranging from 0.48 to 0.89 among them and ground data (Cui et al., 2017; El Hajj et al., 2018; Paciolla et al., 2020). 
This might be mainly due to different sensing techniques, spatial resolutions (from 50 km of SMOS to 1 km of Sentinel1), the sensing 
soil depth of few centimetres, which is not congruent with the hydrological active soil for plant root zone uptake. Moreover, there are 
problems linked to the saturation of soil moisture retrieval algorithms for active radars (Giacomelli, et al., 1995) and their ability to 
detect soil moisture over vegetated surfaces (Bindlish and Barros, 2001). Notwithstanding these issues, remotely sensed soil moisture 
products are widely diffused in the scientific community, thanks to the possibility of overcoming the great limitations of retrieving soil 
moisture through ground measurements, from costs to representativeness of point-wise measurements over a largely heterogeneous 
areas (Famiglietti et al., 2008; Crow et al., 2012). An extensive review of numerous applications of remote sensing SM, despite their 
possible uncertainties, is provided by Babaeian et al. (2019). 

A less common approach for drought monitoring involves the use of a Land Surface Temperature (LST) derived index (Kogan, 1997; 
Sepulcre-Canto et al., 2012), computed using the thermal infrared (TIR) spectra on-board a few numbers of sensors (MODIS, 
LANDSAT, Sentinel-3) (Jiménez-Donaire et al., 2020). On the other hand, the LST is widely used in energy or energy-water balance 
models to compute evapotranspiration (Kustas and Norman, 1999; Su, 2002; Corbari and Mancini, 2022), while for longer periods 
analysis is almost unused mainly due to data unavailability during cloud conditions and the non-unique relationship between LST and 
SM (Price, 1980). 

Several satellite vegetation indices might be used to monitor the effect of droughts directly on vegetation, as the NDVI index, which 
however might be limited in its use by other external factors (e.g. soil adjacency), or the normalized difference water index (NDWI) 
which accounts for the water leaf contents, or the fraction of absorbed photosynthetically active radiation (fAPAR) (Choudhury, 1987). 

Moreover, these anomalies are sometimes asynchronous with respect to each other, as for example soil moisture and vegetation 
ones (van Hateren et al., 2021), due to the delayed response of vegetation to water scarcity. Another discrepancy could be related to 
vegetation anomalies not associated to water availability, which can lead to issues in defining agricultural droughts and hence false 
drought identifications. To overcome this inconsistency, it is thus important to detect the different droughts on SM and vegetation. 

Thus, for operative applications for supporting policymakers, water managers and stakeholders, a combination of indices is an 
optimal solution to detect the different droughts and their impacts, allowing to account for the specificities of different climatic- 
anthropogenic regions (Hoffmann et al., 2020). In the last few years, some operational drought monitoring and early warning sys
tems have been developed at continental scales, by assembling a suite of independent indices which detect the different type of 
droughts, to be able to provide water shortage trends and deviations from the long-term averages of mainly precipitation, streamflow, 
soil moisture and groundwater (Sheffield, et al., 2014; Vogt et al., 2018). Among them, the United States Drought Monitor (https:// 
droughtmonitor.unl.edu), based on different indices at weekly scale, or the Global Integrated Drought Monitoring and Prediction 
System (GIDMaPS, http://drought.eng.uci.edu, now non-operational), or the Combined Drought Indicator (CDI) (Sepulcre-Canto 
et al., 2012) revised by Cammalleri et al., (2021) for considering the consistency of prolonged and interrupted drought events, which is 
used into the European Drought Observatory (EDO, https://edo.jrc.ec.europa.eu) for detecting European droughts. The CDI combines 
different indices: (SPI, remotely sensing fAPAR and soil moisture from a hydrological model), each based on different temporal scales, 
allowing to define three drought categories: watch with precipitation below normal, warning when the precipitation deficit is 
propagated in soil moisture deficit, alert when it also affects the vegetation. 

Such complex, multi-dataset drought monitoring systems are already employed in other regions of the planet (Leeper et al., 2022): 
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Luan et al. (2015) designed a drought monitoring/forecasting approach coupled with an irrigation management system, encouraging 
its application in northern China; Ozelkan et al. (2016) focused more on the sensing aspect of drought detection, discussing the dif
ferences between rainfed and irrigated cropland when using satellites to monitor droughts over a semi-arid agricultural area 
(south-eastern Anatolia, Turkey); finally, Wu et al. (2015) applied MODIS data over the US corn belt (midwestern US, from Nebraska to 
Ohio) to select the best index that could capture the local agricultural drought of 2012, identifying the normalized difference infrared 
index as a powerful and promising tool to monitor drought conditions over irrigated land. The optimal solution to validate these 
drought monitoring systems, indexes and indicators is to relate their findings to drought impacts. 

In this framework, this work is answering to the question if it is possible to develop an EO-based agricultural drought monitoring 
indicator (ADMIN) for operative irrigation networks management. The monitoring indicator has been developed following the 
principle of the temporal evolution of the drought process, by firstly considering the meteorological and agricultural droughts, 
vegetation water stress and drying. Different drought severity levels are then assigned based on the combination of the different 
droughts’ indices, starting from “no drought” up to “extreme drought”. This drought monitoring indicator is developed identifying the 
relationships between the causes (lack of precipitation, high temperatures and radiations) and effects (soil moisture shortage, vege
tation water stress and vegetation drying). Such links provide an indicator for water stress and crop failure monitoring for activating 
crops protection actions, as irrigation. The robustness of the developed ADMIN will be evaluated by assessing the effect of a drought 
event on irrigation volumes and crop yields at Irrigation Consortium Scale, as water availability is indirectly affected by all the effects 
of a drought event. The methodology is applied in two Italian cases studies: the Chiese and Capitanata Irrigation Consortia, which are 
located in the North and South of Italy, respectively. These areas mainly differ for climatic conditions, crops types, strategies and 
techniques of irrigation. The analyses are performed over 20 years for the period from 2000 to 2019. 

The main innovations rely on: i) the analyses of ADMIN which is usable for operative water management from regional to farm 
scale; ii) the direct comparison of the drought monitoring indicator on the effective used irrigation volumes and the crop yields at 
Irrigation Consortium Scale over different years to determine its robustness, iii) a method which is fully based on remote sensing data, 
differing on sensing techniques, spatial and temporal resolutions, to detect the full drought process development; iv) capability of 
following the temporal evolution of the drought process, considering a specific variable for each process: rainfall anomaly for detecting 
the meteorological drought, soil moisture anomaly for the agricultural drought, LST anomaly to detect the vegetation water stress and 
vegetation indices for plant drying. 

Fig. 1. Possible values of the ADMIN drought indicator according to the anomalies’ combinations. SPI-1 identifies the 1-month Standardized 
Precipitation Index, SMA the Soil Moisture Anomaly, LSTA the Land Surface Temperature Anomaly and VISA the Vegetation Indices Anomaly. 
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2. Materials and methods 

2.1. The agricultural drought monitoring indicator: admin 

Following the principle of the temporal evolution of the drought process (Wilhite and Glantz, 1985), the meteorological drought 
occurs first (a period with less rainfall than average, according to the SPI index), and it generally precedes the agricultural drought, 
when crop production may be reduced due to soil moisture shortage. This shortage can further increase the drought severity, leading to 
an increase of crop surface temperature (observed by vegetation water stress indices) and finally to vegetation drying. 

Drought-related aspects often have an embedded uncertainty especially related to the definition and detection of drought in
dicators as well as in the impact assessment and reporting. The fuzzy theory, introduced by Zadeh (1978), could be a way in handling 
these uncertainties by allocating fuzzy values when objective metrics struggle to adequately measure their magnitude (Huang et al., 
2015; Shyrokaya et al., 2024). Thus, the ADMIN indicator is based on fuzzy categories for the drought level. ADMIN is divided into 4 
levels, representative of each drought step and assigned considering the anomaly of each variable, starting from no-drought condition, 
till extreme drought. Each level is further characterized depending on the severity of the event, adopting the − 1 threshold identified by 
Komuscu (1999) and McKee et al. (1995) to distinguish milder (>-1) and stronger (<-1) drought sub-levels. This classification aligns 
with similar categorizations of drought severity outlined by WMO (2016) or EDO (2020). The four steps are:  

1) precipitation deficit is assessed using the standardized precipitation index (SPI-1, 1-month accumulation period) index: if positive 
values are registered, no drought is recorded (ADMIN takes a null value). On the other hand, if negative values are registered, a mild 
drought is recorded and depending on the value of SPI-1, ADMIN can take on a milder (-0.5) or stronger (-1) value;  

2) soil moisture shortage is evaluated via the soil moisture anomaly (SMA): for negative values, a moderate drought is defined, with 
ADMIN taking on the values of − 1.5 or − 2, depending on the magnitude of SMA;  

3) vegetation drying is identified with a positive land surface temperature anomaly (LSTA), indicating a severe drought, with ADMIN 
values of − 2.5 or − 3 based on the value of LSTA (only for this anomaly indicator, LSTA<+1 is associated with milder conditions 
and LSTA>+1 with stronger conditions, as higher surface temperatures are associated with harsher drought conditions);  

4) vegetation stress is estimated by the vegetation indices anomaly (VISA), labelling the event an extreme drought, which could be 
represented by ADMIN values of − 3.5 or − 4, depending on the value of VISA. 

During the irrigation season (from April to October) irrigation is added to precipitation. The steps described above for the drought 
indicator computation are shown graphically in Fig. 1. 

All the anomalies employed by ADMIN to evaluate drought conditions are evaluated as the deviation of a given parameter from its 
long-term mean value (Eq.1). This procedure allows to remove the underlying seasonality signal via the formulation: 

Fig. 2. The location of the Chiese and Capitanata Irrigation Consortia within Italy. The two zooms show the land use/cover maps of the Consortia, 
highlighting the predominance of cultivated areas (ESA WorldCover 2021 map (https://worldcover2021.esa.int)). 
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Anomaly =
Xid − Xd

σXd

(1)  

where Xid is the variable value at the i-th time step within dataset d, Xd and σXd are respectively the mean and standard deviation 
calculated along the same dataset d. The anomalies are computed at daily scale, updating the variables value whenever the corre
sponding satellite observations are available for soil moisture and land surface temperature, comparing each value Xid against the 
average and standard deviation of the same variable X in the same day of the year i. 

The ADMIN indicator is updated daily, so that the time scale evolution is consistent with the water management practices of the two 
considered case studies. Instead precipitation anomalies are updated monthly in line with the scientific literature (McKee et al., 1993). 

The Standardized Precipitation Index (SPI) (McKee et al., 1993) represents the probability that a certain location would receive at 
least the observed amount of precipitation over a certain time period. Different aggregation times are employed in the literature, from 
1 month up to 24 (Shyroaya et al., 2024). In this work, 1-month SPI (SPI-1) was chosen, in order to capture immediate impacts on the 
crop (e.g., reduced soil moisture availability). Longer time horizons would better identify long-term effects, but in ADMIN these are 
covered by the anomalies of other remotely-sensed variables, which would have resulted in a redundancy of information. The SPI is 
computed fitting the gamma probability distribution (Thom, 1958; Abramowitz and Stegun, 1964). 

2.2. Case studies and data 

The methodology is applied in two cases studies: the Chiese and Capitanata Irrigation Consortia, which are located in the North and 
South of Italy, respectively (Fig. 2). These two areas are highly cultivated, as from the land cover/use map (Fig. 2) and are repre
sentative of the heterogeneity of Italian agriculture (Chiese and Capitanata), as they span different climatic conditions (humid and 
semi-arid), crops types (water-demanding maize and soybean and fresh vegetables-winter wheat), water availability and source (lakes 
and groundwater), irrigation techniques (flood and drip) and distribution rules (fixed-scheme and on demand). These differences will 
help to demonstrate the robustness of the implemented methodology. 

Both areas have experienced drought periods in the past, especially the Capitanata one, where due to very high temperatures and 
water shortages during August 2012, the production of tomatoes was affected with a reduction in yield that exceeded 20–25%. 
Similarly, during the drought of July 2017, the account of the damages exceeded 2 billion of euro (Coldiretti, 2017). 

The Chiese Irrigation Consortium (www.consorziodibonificachiese.it) provides irrigation to an area of about 20’000 ha in the 
Pianura Padana Plain near the Lake Idro covering the province of Brescia in the North of Italy. The climate is classified as humid 
subtropical (Cfa) as from the Koppen classification), with winter cold temperatures and hot and humid summers. The annual average 
precipitation is 700 mm, mainly concentrated in autumn, with more than 200 rainy days a year. The area is intensively cultivated with 
summer crops as maize and forage, and winter wheat. During summer, crops are sustained by high irrigation volumes provided on a 
prior fixed turn every 7 ½ days from April to September. Irrigation is mainly provided using the surface technique, and water is 
withdrawn from a dense channel network diverted from the river Chiese downstream the Lake Idro. An average irrigation volume of 
about 1200 mm is provided during the crop season (irrigation volumes are planned in advance by the consortium and monitored 
daily), over a mean precipitation value of 250 mm. 

In contrast, the Capitanata Irrigation Consortium (www.consorzio.fg.it) extends for an area of 50’000 ha in the province of Foggia 
in the Puglia region in the South of Italy. The climate is classified as hot-summer Mediterranean (Csa) as from the Koppen classifi
cation), with hot and dry summers. The annual average precipitation is 500 mm, mainly concentrated in autumn and winter, with less 
than 100 rainy days a year. The area is characterised by intensive agriculture with summer tomatoes (17% of the area), and autumn 
and winter fresh vegetables (24% of the area), olives and vineyards (34%), and winter-spring wheat. Irrigation is provided on demand 

Table 1 
Spatial dataset sources and characteristics.   

Dataset Retrieval 
technology 

Revisit 
time 

Used time 
period 

Product 
grid 

Source 

Precipitation ECMWF ERA5 reanalysis model hourly 2000–2020 31 km Hersbach, H. et al., 2018 
Soil moisture SMOS Passive (L band) 1–2 days 2010–2020 25 km Kerr, 2010; Al Bitar et al., 

(2017) 
SMAP Passive (L band) 2.2 days 2015–2020 36 km Entekhabi, 2012 
ESA-CCI Active 

Passive 
Combined 

1.2 days 2000–2020 25 km Gruber et al., (2019) 

Copernicus S1 
(Sentinel1) 

Active (C band) 4.1 days  1 km Bauer-Maschallinger et al., 
2018 

FEST-EWB 
hydrological model 

energy water 
balance 

hourly  30 m Corbari et al., 2011 

LST Landsat 7–8 Thermal infrared 8/15 days 2000–2020 30 m Skokovic et al., 2019 
MODIS Thermal infrared daily 2000–2020 1 km Sobrino et al., 2000 

Vegetation index (NDVI, 
NDWI, SAVI, EVI) 

Landsat 7–8 VIS NIR 16 days 2000–2020 30 m Skokovic et al., 2019; Corbari 
et al., 2020 

MODIS VIS NIR 8 days 2000–2020 500 m Myneny et al., 2002  
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through a metered pressurized network pumping water from two reservoirs, from April to October. The fields are averagely watered 
with a seasonal amount of 600 mm plus a rainfall mean of about 150 mm, mainly with drip and micro-sprinklers techniques. 

2.2.1. Data sources 
The considered dataset encompasses different variables (precipitation, soil moisture, land surface temperature and vegetation 

indices) which could be obtained from different sources (remote sensing, ground data and hydrological land surface model) at different 
spatial and temporal resolutions (Table1). A benchmark combination of data products for the ADMIN computation is identified in 
order to maximize the length of the dataset, allowing to have a time series from 2000 to 2020, to be able to produce a robust statistic 
based on 20 years of data. The benchmark ADMIN was computed considering the ERA5 precipitation data, for soil moisture anomaly 
the ESA-CCI Combined dataset, for the land surface temperature and the vegetation anomalies the MODIS data were chosen. 

2.2.1.1. precipitation. Precipitation data are obtained from the ERA5 database provided by ECMWF (European Centre for Medium- 
Range Weather Forecasts) (Hersbach et al., 2020). ERA5 is a reanalysis dataset which provides the description of land water and 
energy cycles over several decades from 1950, combining the high-resolution ECMWF land surface model driven by the downscaled 
meteorological forcing from the ERA5 climate reanalysis (Hersbach et al., 2020) with observations from across the world into a 
globally complete and consistent dataset. ERA5 is freely available through the Copernicus Climate Change Service (Hersbach et al., 
2018). Beck et al., (2017) showed that this dataset has the best performances among several other reanalysis datasets and satellite data. 

2.2.1.2. satellite soil moisture datasets. Satellite retrieval of soil moisture presents numerous perks (Babaeian et al., 2019), but 
nonetheless displays high variability among the different available products. 

The Soil Moisture Ocean Salinity (SMOS) is a European Space Agency (ESA) Earth explorer mission launched in 2009 (Kerr et al., 
2010), which provides SSM data at 25 km of spatial resolution twice every day. 

The SMOS Root-Zone soil moisture product is provided by Al Bitar et al. (2013). It employs SMOS L3 surface soil moisture and other 
data (e.g., NDVI from MODIS, climate data from ECMWF) to derive soil moisture at root level using an exponential filter for the first 
soil layer and a physical model for the second. 

The Soil Moisture Active Passive (SMAP) mission from the National Aeronautics and Space Administration (NASA) provides surface 
soil moisture products at 36 km from L-band microwave data (Entekhabi et al., 2014). 

The ESA Climate Change Initiative (CCI) (Gruber et al., 2019) dataset is the final product of a wide effort aimed at standardizing 
and merging a large range of different SSM datasets gathered throughout the years into one global database. It merges active remote 
sensing (from AMI-WS, ASCAT-A and ASCAT-B) and passive one (SSMR, SSM/I, TMI, AMSR-E, Windsat, SMOS and AMSR2). Finally, 
the ESA-CCI Combined dataset is obtained by scaling both databases to a common product (GLDAS Noah) (Dorigo et al., 2017). 

The Copernicus Surface Soil Moisture 1 km Version 1 product (SSM1km) is the result of the Sentinel-1 SAR backscatter observation 
in band C. It provides relatively high 1 km spatial resolution, although its revisit times are slightly longer, around 4 days (Bauer-
Marschallinger et al., 2018). 

2.2.1.3. satellite land surface temperature. Satellite Land Surface Temperature (LST) has been retrieved from MODIS low resolution 
data and from the high-resolution LANDSAT series. 

The used MODIS LST product (http://ladsweb.nascom.nasa.gov/index.html) is MODIS/Terra LST/E Daily L3 Global 1-km Grid 
product (MOD11A1) at a spatial resolution of 1 km and a daily temporal resolution (Wan, 2008). 

Landsat 7 ETM+ and Landsat 8 satellite data have also been considered (USGS, http://earthexplorer.usgs.gov/), with LST data 
provided at a spatial resolution of 30 m and a temporal frequency of 16 days. Land surface temperature is computed using the Single 
Channel surface temperature retrieval algorithm, based on the Radiative Transfer Equation which can be written in the thermal 
infrared region as Jimenez-Munoz et al. (2014). 

2.2.1.4. satellite vegetation indices. Different vegetation indices (VIs) might be retrieved from remote sensing data to describe the 
evolution of an agricultural drought, taking advantage of their characteristics of detecting vegetation changes. It is still an open 
problem in literature which index best represents the crops stress and dynamics (Huete et al., 1997). 

Among them, the Normalized Difference Vegetation Index (NDVI) is the most widely used, representing an indication of plants 
greenness and their photosynthetic activity, responding to changes in the chlorophyll content and the intracellular spaces in spongy 
mesophyll of plant leaves. NDVI is computed as the normalized difference between the near infrared (NIR) and visible red reflectance. 

Additionally, the Soil Adjusted Vegetation Index (SAVI) was also considered as an index able to reduce the soil background effect 
(Huete, 1988); or the Normalized Difference Water Index (NDWI) (Gao, 1996) which allows estimating the vegetation water content 
based on shortwave infrared band reflectance increases or decreases. It is sensitive to variations in the water content (absorption of 
SWIR radiation) and spongy mesophyll (reflectance of NIR radiation). 

Finally, the enhanced vegetation index (EVI) is also considered, in order to detect the minimization of the canopy-soil variations 
and its sensitivity over dense vegetation. 

The Moderate Resolution Imaging Spectroradiometer (MODIS) data used in this study (Table1) are the 8-day composite (the best 
quality daily reflectance data of the 8-day period), 500-meter dataset MOD13A1. The products of NDVI, NDWI, EVI and SAVI are 
directly used. As the vegetation indices are an average of 8 days, the index value is kept constant for the time period of 8 days. At high 
spatial resolution, the vegetation indices are computed from Landsat 7 and 8 satellite images at 30 m spatial resolution. 
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2.2.2. Crops yield data 
Crops yield estimates are available from the Italian National Statistics Institute (ISTAT, https://www.istat.it/it/agricoltura?dati). 

Total yield and total cultivated areas for the main cultivated crops are provided by Province. For the Capitanata area, the province of 
Foggia is selected, as most of its agricultural activity is found within the Capitanata Consortium (95% of its area, or 47’000 ha). The 
Province of Brescia is chosen, as it covers almost all of the Chiese Consortium Area. 

3. Anomalies analysis 

The anomalies of precipitation, soil moisture, land surface temperature and vegetation computed over the Capitanata and Chiese 
Consortia for the years from 2000 to 2020 are reported in Fig. 3 and in Fig. 4, respectively. The chosen combination of data products for 
the ADMIN computation is identified in order to maximize the time duration length. Besides the ERA5 precipitation data, for soil 
moisture anomaly the ESA-CCI Combined dataset is selected, for the land surface temperature and the vegetation anomalies the MODIS 
data are chosen. 

Precipitation SPI-1 calculated from the ERA5 reanalysis dataset show marked periods of drought interspersed with periods of 
higher than average rainfall all along the years, without specific differences during the crop season. The Capitanata area is in general 
more subject to spring drought conditions for below than normal rainfall than the Chiese area. Important winter droughts are also 
visible in the last years. 

It is important to note that the SPI1 index is the result of a statistical process where precipitation is fitted with a gamma distribution 
on non-zero values per month of the year and then normalized. For dry climates, where zero precipitation values are common, such as 
the case of South Italy, the calculation of SPI might be skewed (Wu et al., 2007). Therefore, the application of SPI is critical and its 
interpretation must be done properly. 

Soil moisture anomalies are calculated for each available date based on monthly variations at daily scale considering the ESA CCI 
Combined dataset, as the most complete series from 2000 to 2019 for both case studies. A strong signal is found with negative SMA in 
summer and positive SMA values in winter. SMA is also characterized by some severe drought conditions, as the spring-summer 
months of the years 2007–2008 and 2016 in the southern area, or the summer periods of the years 2003 and 2019 or the winter of 
2011–2012 in the northern area. 

LST series retrieved from MODIS at 1 km of spatial resolution are averaged over the analyzed area and used to calculate LST 
anomaly. Positive values of LSTA represent warmer days, where the LST is higher than the mean value and water stress is liable to 
occur, whereas negative values identify the colder-than-average days. For the Capitanata Consortium, a higher number of highly- 
negative anomalies are detectable during the summer season. This might be due to the fact that only the 40% of the area is culti
vated during summer with highly irrigated crops (mainly tomatoes) while the remaining part is cultivated with winter rainfed wheat or 
bare soil (Corbari and Mancini, 2022). 

Fig. 3. SPI-1 monthly index based on the ERA-5 dataset, SMA daily soil moisture anomaly from the ESA-CCI Combined dataset, daily LSTA 
anomalies from MODIS and daily NDVI anomalies from MODIS for the Capitanata Consortium from 2000 to 2020. 
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It is worth to remember that a monthly anomaly is computed, so that the trend seasonality is removed with no default low values in 
autumn/winter and high values in spring/summer. 

Similar results are obtained for the Chiese area with no specific seasonal stress periods. However contrary to Capitanata, the 
summer period is usually characterized by several days of high positive anomalies. This due to the fact that the Chiese area is mainly 
cultivated with irrigated corn. 

Vegetation indices anomalies are finally considered to detect and monitor the impacts on vegetation growth and productivity of 
environmental stress factors, especially plant water stress due to drought. As NDVI from MODIS is provided as an average over 8 days, 
to compute the daily VISA anomaly, the same NDVI value is kept constant for 8 days. VISA shows for the Capitanata area strong 
negative values during the summer months for the years 2000 and 2001, as well as for the years 2007 and 2008. These findings are 
consistent with the evolution of the drought, which showed also strong negative SMA values. On the contrary, for the Chiese area no 
highly negative anomalies on vegetation are observed, except for the summer of 2003 where to negative VISA corresponds also 
negative SMA values. Instead to the negative SMA of the 2019 summer, a positive VISA is obtained. 

It should also be noted that vegetation indices could also catch senescence periods shifted in the different years according to the 
year specific climate; such negative anomalies would not then represent drought conditions. However, as VISA is considered within 
ADMIN only in the very last step, after considering the anomalies of the other variables, the impact of these misrepresented senescence 
periods on the ADMIN index is expect to be negligible. 

3.1. Synchronism and correlations among anomalies 

The synchronism (or its absence) among the different variables’ anomalies is further analyzed during the different years to un
derstand how a precipitation drought could lead to a soil moisture one, which in turn might or not be transferred to temperature and 
vegetation droughts. The temporal consistency between a pair of variables is defined building a contingency table: a positive 
agreement is recorded when both variables report either drought or absence of it, whereas a disagreement is assigned when one 
variable reports drought conditions, and the other does not. The differentiation between the two conditions is based on the sign of the 
anomaly, with drought conditions associated with negative anomalies (except for LST). Then, the percentage of days of the four 
possible combinations of the contingency tables are computed. Three possible combinations of variables’ anomalies are shown 
averaged over each month in Fig. 5 for the Capitanata and Chiese Consortia areas, highlighting differences between the two. 

In the Capitanata Consortium, considering SPI and SMA, a consistency of 40% is found with both negative anomalies during the 
summer months, and of 50% for only a negative SM anomaly for the same period. This is in line with the characteristics of this 
agricultural area, which is generally very dry in summer with few precipitation events and only 40% of the area is cultivated with 
irrigated crops. During the other months of the year, the conditions of no drought or of opposite signs of the anomalies (mainly due to a 
negative SPI anomaly) prevail. Hence, the Pearson correlation coefficient over the whole period between SPI and SMA is quite low 

Fig. 4. SPI-1 monthly index based on the ERA-5 dataset, SMA daily soil moisture anomaly from the ESA-CCI Combined dataset, daily LSTA 
anomalies from MODIS and daily NDVI anomalies from MODIS for the Chiese Consortium from 2000 to 2020. 
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(0.2). SMA and VISA agree on drought conditions roughly 40% of the time. This situation might be due to the fact that the vegetated 
areas are mainly irrigated and the NDVI index obtained from the MODIS dataset at 1 km of spatial resolution is able to catch these 
differences, while the soil moisture from the low spatial resolution dataset (25 km) is not detecting the differences between irrigated 
and not irrigated fields, but only the average area value. Moreover, it might be related to the different time response of the index to 
drought (e.g. precipitation is the first while vegetation is the last). In general, a low and positive Pearson coefficient (0.23) is found 
between SMA and NDVIA all over the years. 

A high seasonal dynamic of anomalies consistencies is also registered between SMA and LSTA (not shown), with a consistency of 
50% indicating both drought conditions as well as only SM stress during the summer months. This is in line with the obtained results 
between SMA and VISA, as well as similar explanations could be given on the response of LST to SM conditions. A negative Pearson 
correlation is found (-0.19). 

A non-defined trend in the consistencies is instead obtained between SPI and VISA (not shown) as well as between LSTA and VISA 
(bottom row of Fig. 5), with a non-predominant situation along the year. A positive correlation is obtained between SPI and NDVAI 
(0.18), while a weak negative one between LSTA and VISA (-0.05). However, LSTA and VISA are negatively correlated only during 
summer (-0.2), while a positive value is obtained if only winter months are considered (0.33). This might be due to the fact that 
vegetation stress response delays with respect to water deficit and high temperature. 

For the Chiese Consortium (right-hand panels of Fig. 5), a non-seasonal distribution of the consistencies is observable for all 
variables couples’ comparisons, with no predominance of a drought or no drought conditions in any month of the year. The Chiese area 
is intensively cultivated with forages all the year as well as irrigated, leading to controlled conditions for LST, SM and NDVI. 

If SPI and SMA are compared, the Pearson correlation coefficient over the whole period is positive (0.32) with a lower correlation 
during summer (0.1). This might be simply explained by the fact that in the Chiese Consortium during the summer season when maize 
crop is largely cultivated (90% of the area), high amounts of irrigation are used, leading to positive SMA anomalies which, however, 
might be present with negative SPI values. 

Conversely to the Capitanata Consortium, the Pearson correlation between SMA and VISA is slightly negative (-0.07), with SM 
negative anomalies which are usually not reflected into vegetation stress. 

Fig. 5. Synchronicity among anomalies of soil moisture, precipitation, NDVI and LST in the Capitanata (left-hand column) and Chiese (right-hand 
column) Consortia from 2000 to 2020. 
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As there seems to be no prevailing trend in consistency, all the other variables correlations are very low, being negative the ones 
between SPI and LSTA (-0.01), SPI and VISA (-0.04) as well as SMA and LSTA − 0.01, while a slight positive correlation is obtained 
between LSTA and VISA (0.1). 

4. Agricultural drought monitoring indicator (ADMIN) 

As a step forward from the single anomalies, the ADMIN is computed at daily time scale combining the different anomalies (SPI-1 
from ERA5, SM from ESA CCI Combined, LST and NDVI from MODIS) with the procedure defined in Fig. 1. 

To easily compare how the level of dryness changes in time, the cumulative drought index curve is evaluated for each year, 
summing all the daily contributions. In Fig. 6, the comparison is reported for both case studies in terms of daily and yearly cumulated 
values. All the curves have a common behaviour: from the begin of the year till March the curves have gentle slopes, then from March 
to October they are very steep due to drought conditions, and at the end of the year they return flat. This behavior agrees with the crop 
seasonality and with the irrigation period. In general, a good accordance is visible among the different series, being the high-resolution 
series able to accurately reproduce the low-resolution behavior, even if for a shorter time period of analysis. In Capitanata area, the 
driest years are identified as 2003, 2011, 2012 and 2017, while the wettest years are 2010 and 2014 (Fig. 6). Similarly for the Chiese 
Consortium, 2010 and 2014 are identified as very wet years, while very dry years are 2003, 2007, 2017 and 2019. 

An example of the advantages and strengths of the ADMIN methodology is shown in Fig. 7, for the specific drought event involving 
the 2012 Capitanata agricultural season. The daily ADMIN values for that year (Fig. 7a) are contrasted with the corresponding single 
anomalies (SPI-1, SMA, LSTA, VISA, Fig. 7b). The effect of the May-June SPI negative anomaly on the other variables is delayed by at 
least one month, with VISA still showing low values in July. In general, the precipitation dynamics have high amplitudes, whereas the 
time periods of the responses from the soil moisture levels and plant wellbeing are quite long, confirming the possible asynchronous 
behavior of the different variables. On the other hand, the ADMIN catches up the low SPI values and starts to register the effect on 
vegetation by early June. When SPI reaches close-to-zero values (July), ADMIN levels remain between − 2 and − 3, due to the negative 
vegetation anomaly which is still not recovered. 

The asynchronies among indices are also visible for the Chiese area for the example year 2003 (Fig. 7). The daily ADMIN starts to 
decrease at the beginning of the year 2023 with the strong negative increase of all indices (SPI, SMA and VISA), besides LSTA which is 
increasing. The effect of the reduction of the May-July SPI and SMA negative anomalies on VISA is delayed by at least two months, due 
to the strong positive anomaly of LSTA. 

Fig. 6. ADMIN daily values and cumulative yearly values for Capitanata and Chiese Consortia: SPI from ERA5, SM ESA-CCI Combined, LST and 
NDVI from MODIS. 
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4.1. ADMIN performances 

We can conduct a first qualitative examination of the temporal evolution of the ADMIN combined indicator for each analysed year, 
by comparing with reference datasets, during the crops growing seasons. 

In the Capitanata area, the ADMIN identifies as driest years as 2003, 2011, 2012 and 2017, while the wettest years are 2010 and 
2014. A first confirmation of the capability of ADMIN to detect agricultural drought conditions is the comparison with local analyses by 
the Italian farmers association Coldiretti (https://www.coldiretti.it/), which reports very high temperatures and water shortages 
during the summer 2003, August 2012 and July 2017, and reduction in tomatoes productions that exceeds 20–25%. Similarly, the 
Italian government natural calamity report (https://www.politicheagricole.it) confirmed the significance of the 2012 and 2017 
droughts, enabling an economic compensation for verified losses surpassing 30% of the production (Ministerial Decree April 18, 2008). 

Furthermore, a comparison of drought indications is performed against the European Drought Observatory (EDO, https://edo.jrc. 
ec.europa.eu), as being the operative reference at European Commission level. An agreement is found between the two drought in
dicators in the Capitanata area in identifying the driest year for 2012 and 2017, while the EDO is not reporting a vegetation drought in 
2012 and no soil moisture drought in 2003. This last year however was one of the driest years in Italy and Europe (Diodato and 
Bellocchi, 2008; Musolino et al., 2018). Similarly for the Chiese Consortium, 2010 and 2014 are identified as very wet years, while very 
dry years are 2003, 2007, 2017 and 2019. ADMIN is in general agreement with EDO estimates, except for the year 2017 where no 
vegetation drought is detected by EDO and for the year 2010 where EDO is not reporting soil moisture positive anomalies. It should be 
noted that the EDO system is using the FPAR index for vegetation instead of NDVI, and the soil moisture estimates come from a land 
surface model (Sepulcre-Canto et al., 2012) and not from satellite measurements. 

Additionally, the European drought impact report inventory, EDII (Blauhut et al., 2022), is considered, as it lists the impacts of 
droughts at regional level between 2003 and 2019. Specifically, for the Lombardia region the years 2003, 2012, 2015 and 2017 are 
identified in EDII as drought years with many reported negative impacts. The ADMIN indicator agrees in identifying those years as the 
worse drought events. For the Puglia region, the main droughts with reported impacts are identified in the EDII as the years 2008, 
2012, 2015 and 2017. The ADMIN indicator is able to detect the relevancy of the drought conditions, especially the important drought 
events of 2012, 2015 and 2017. 

Fig. 7. Example of the application of ADMIN to the agricultural seasons of 2012 for the Capitanata Consortium (left) and of 2003 for the Chiese 
Consortium: monthly variable anomalies (a) and corresponding daily ADMIN values (b). 

Fig. 8. Seasonal cumulated ADMIN index relationship with irrigation volumes and with rainfall plus irrigation for the Capitanata and the Chi
ese Consortia. 
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4.2. Relationship between ADMIN and irrigation volume and crop yield 

Irrigation volumes are a way to provide a reliable assessment of the drought impacts and consequently the ability of ADMIN as an 
index, as one can expect a higher volume of water used for irrigation during stressed conditions. 

In the Capitanata Consortium, observed daily cumulated irrigation volumes are provided by the aqueduct from 2006 to 2016, 
except for 2008 and 2009, from the 1st of April to 31st December for each year. These values are compared to the daily cumulated 
ADMIN in the same periods of irrigation volumes availability. A difference of about 20’000’000 m3 of irrigation water volume is found 
in observed data between the most irrigated year, i.e. 2012 and the least irrigated one, i.e. 2009. By comparing the behaviour of 
ADMIN and irrigation volumes, it is immediately visible the high consistency among the years, with the driest years (2012 and 2011), 
characterized by the lowest ADMIN values, being the years with the highest water volumes used for irrigation (not shown). This is 
confirmed from the scatterplot of the cumulative drought index values and irrigation volume at the end of each year (Fig. 8). A negative 
relationship is shown, where an increase in the drought index means an increase of dryness conditions, meaning that more irrigation is 
required. 

Furthermore, the ADMIN is also compared to the cumulated volumes of the total water supplied to the fields, by summing the 
precipitation volume to the irrigation one. A slightly positive relationship is obtained, meaning that during all years, the total amount 
of water (irrigation + precipitation) provided to crops is similar. This might be explained by the fact that in the Capitanata Irrigation 
Consortium the farmers pay a quota for m3 of water used per ha; so that during wetter years, lower irrigation volumes are provided. 

An opposite situation is observed in the Chiese Irrigation Consortium (Fig. 8) where the cumulated ADMIN and the irrigation 
volumes provided by the channels network at the end of each year are compared in a scatterplot. Almost zero correlation is found, with 
an almost constant amount of irrigation volumes which is provided to the crops every year independently from the drought or not 
condition. Consequently, if rainfall volumes are added to the irrigation ones, a positive correlation is obtained. This is immediately 
explainable by the water costs in the Chiese Consortium, where the farmers pay a fixed quota every year per ha independently from the 
volumes of water used. Hence, during the rainy years, too much water is probably provided to the crops. 

As a further validation of the implemented index as well as to understand the impact that possible drought conditions might have 
on crops production, a crop specific relationship is analysed in the two case studies by comparing the Consortium crop yields and the 
ADMIN values (Fig. 9). 

In the Capitanata Consortium, the crop yield seems to be almost uncorrelated with the ADMIN index. This might be due to the fact 
that the area is highly irrigated during summer and that the amount of irrigation is capable of contrasting the drought conditions 
allowing to maintain an almost constant production over the years. The oscillations in contrast might be related to other factors, as 
changes in pest and diseases. A common problem in the tomato production in the area is the Phytophthora infestans, which is especially 
affecting the crops during conditions of water stagnation. Even if the agricultural drought monitoring index reaches high negative 
values, these are persistent for few days, which are not enough for affecting the crop production. Moreover, opposite climate extremes 
as frost conditions or hailstorms during the spring, might also strongly affect crop production, but are not detected by the implemented 
drought index. 

In the Chiese Consortium, a similar null relationship is obtained between the summer irrigated crops yield and the ADMIN index. As 
well, this area is highly irrigated with an excess of water used, which is not affecting the production. This might be instead affected by 
other external factors (e.g. hailstorms, pest and diseases). 

The relationship is thus having a spread preventing from the conclusion of a direct link with crop production in the analysed case 
studies. 

To further understand the strength of the developed ADMIN indicator, the single anomalies on which it is based, are directly related 
with the drought impacts. In Fig. 10, three plots, conceptually similar to those in Figs. 8 and 9, are shown, featuring the average value 
of the single anomalies over the crops season instead of the seasonal cumulated ADMIN, over the Capitanata test case. The strength of 

Fig. 9. Seasonal cumulated ADMIN index and crop production relationship, for tomatoes in the Capitanata Consortium and for summer crops in the 
Chiese Consortium. 
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ADMIN is particularly relevant when the single anomalies are compared with the cumulated irrigation volume, where a positive 
dependency is found (at higher SPI values lower irrigation water volumes would be expected). Also, a positive relationship is found 
between SMA and the irrigation events. Moreover, comparing the determination coefficients (R2) with those from Fig. 8, the rela
tionship between accumulated volume from the aqueduct and single anomaly is everywhere weaker with respect to the ADMIN. This 
difference is even wider when considering all water inputs (aqueduct and natural rainfall), with the coefficients of determination 
falling below 0.20. Finally, when looking at the final yield (Fig. 10c), to be contrasted with Fig. 9, a similar behaviour is observed if 
considering the ADMIN or single anomalies, as the drought effect on the final crop yield is dampened by the irrigation events. Similar 
conclusions can be drawn for the Chiese Consortium case study. 

4.3. ADMIN uncertainties 

As many remotely-sensed based products of soil moisture, vegetation indices and land surface temperature are available (Table1), 
their impact on the ADMIN calculation is evaluated by computing their respective anomalies. The analyses are done according to the 

Fig. 10. Relationship between the average value of the single anomalies over the crops season (SPI, SMA, LSTA, VISA) and a) the seasonal 
cumulated irrigation volume, b) the total seasonal water volume applied to the fields, c) crop production for tomatoes in the Capitanata Consortium. 

Table 2 
Pearson correlations among SMA from different datasets for Capitanata (upper half table) and Chiese (lower half table). The correlations are 
computed according to the years for which every pair of data is available.  

Capitanata ESA CCI- Combined ESA CCI-active ESA CCI-passive SMOS SMOS-rootzone SMAP Copernicus S1 FEST-EWB 

Chiese 

ESA CCI- Combined    0.65 - 0.37 0.17 0.34 0.31 0.2 
ESA CCI-active  0.79   - 0.41 0.16 0.37 0.41 0.22 
ESA CCI-passive  0.78  0.38  - - - - - 
SMOS  0.53  0.51 0.43  0.37 0.41 0.52 0.16 
SMOS-rootzone  0.26  0.26 0.12 0.51  0.26 0.22 0.3 
SMAP  0.46  0.42 0.48 0.84 0.32  0.47 0.3 
Copernicus S1  0.51  0.55 0.39 0.64 0.23 0.55  0.15 
FEST-EWB  0.47  0.53 0.38 0.65 0.31 0.47 0.34   
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years for which each product is available (Table1). 
Firstly, the Pearson correlation coefficient is computed among the different SM datasets anomalies, for both case studies (Table2). 

This is computed taking each product at a time as reference. Considering the differences in spatial resolution (25 km for ESA CCI, 40/ 
50 km for SMAP and SMOS, 1 km for Sentinel 1–30 m of FEST-EWB), in satellite reading frequency and retrieval algorithm, generally 
low r values are found with a better correlation in the Chiese area (Table2) (Paciolla et al., 2021). One main distinction between the 
two test cases is the wetness level: the Chiese case study sees higher average yearly rainfalls (>750 mm/yr, with more than 200 rainy 
days a year) with respect to Capitanata (550 mm/yr, with 150 rainy days a year). This seems to reflect positively on the correlation 
between the different SMAs, probably because it corresponds with a more stable, less peaked SM trend, easier to reproduce from 
products working at different resolutions and with different algorithms. In contrast, the high heterogeneity of the Capitanata Con
sortium (e.g. high contrast between hot dry bare soil pixels and vegetated wet pixels during summer) leads to lower average corre
lations among products anomalies. 

The results show how the ESA CCI datasets are the ones best correlated to each other overall, even if this result is mainly driven by 
the fact the ESA CCI Combined dataset includes the other two (Active and Passive). Similarly, the data from SMOS, SMAP and S1 are 
weakly correlated to ESA CCI data and among each other, showing that no further contribution seems to be provided by higher- 
resolution information. The data of the FEST-EWB model are similarly correlated to all the others, with a uniform distribution over 
the two case studies. In particular, soil depth representativeness of the remotely sensed products is 7–10 cm while it is of 60 cm for 
FEST-EWB. Also, the length of the different datasets doesn’t seem to impact on the results, being the SMOS one available from 2000 
while Sentinel 1 and SMPA only from 2014 and 2015, respectively. 

The adequacy between the LST anomaly calculated from MODIS and Landsat data is also calculated, with a RMSE equal to 0.1 ◦C 
and a Pearson coefficient of 0.73. These results agree with the validation of LST estimates (i.e., not anomalies) as obtained by 
Jimenez-Munoz, et al. (2014), or Corbari et al. (2020) who compared LANDSAT 7 and 8 against ground data with mean absolute 
differences close to zero with an RMSE of 3.0 K and of 2.0 K for LANDSAT 7 and 8, respectively. As well, Duan et al. (2019) obtained for 
MODIS daytime data RMSE values around 2 K. 

A similar analysis has been performed for the vegetation indices anomalies, as it is still an open problem in literature which index 
best represents the crops stress and dynamics (Huete et al., 1997). Hence, anomalies are calculated for all the vegetation indices NDVI, 
NDWI, EVI and SAVI from MODIS and compared. The inter-comparison between the indexes is shown by the Pearson correlation 
coefficients in Table3. In general, the best alignment is observed between NDVI and SAVI, with negative/positivize anomalies detected 
in the same periods; the similarities between NDVI and EVI are somewhat weaker; finally, some inconsistencies are detected between 
NDVI and NDWI, with some peaks with opposite signs. As it is well known, NDVI is strongly correlated to leaf area color and low values 
are synonymous of vegetation stress with a reduced photosynthetic capacity, while NDWI is linked with the crops leaves’ moisture. The 
opposite peaks are caused by precipitation events that produce an immediate increase in the NDWI values but not in the NDVI, that is 
always affected by a delay in the response. However, Gu et al., (2008) found that both indices might be suitable for vegetation drought 
analysis. 

Moreover, while NDVI estimates might be influenced by soil background conditions and non-drought stress conditions, such as 
plant disease (Xue and Su, 2017), similar anomalies changes are detected with SAVI index, which on the contrary is not influenced by 
soil effects (changes in soil color or soil moisture). The EVI index which accounts for the interaction of the atmospheric conditions (Liu 
and Huete, 1995), is similarly correlated to NDVI and SAVI anomalies. 

The impact of using the different soil moisture products in ADMIN is further evaluated for both case studies, keeping fixed the 
products for the anomaly calculation of precipitation, vegetation and temperature in respect to the ADMIN computed with the 
benchmark configuration (as defined in Section 2.2.1 Data sources: ERA5 for precipitation, ESA-CCI Combined dataset for SMA, 
MODIS data for both LSTA and the vegetation anomaly) while changing one at a time the soil moisture product. The relative yearly 
difference is thus computed and reported in the color scale of Fig. 11. The ESA CCI Active and Passive products provide generally lower 
yearly ADMIN values, indicating harsher drought conditions. This happens especially in the early 2000 s, specifically for the Active 
product across both case studies. The ESA CCI Passive product, not available for the Capitanata case study, in the Chiese area shows a 
higher divergence from the ESA CCI Combined one. The case of SMOS is of interest, as both the superficial and root-zone products are 
available: over both areas, the superficial product leads to lower values of yearly ADMIN (harsher drought), whereas the root-zone one 
is generally more in agreement with the ESA CCI Combined-powered ADMIN, apart from some higher values (milder drought) around 
the early 2010 s. Finally, the SMAP product (available for only 5 years) generally indicates drier conditions. One possible explanation 
for the differences could be that the “hybrid” nature (joining both Passive and Active datasets) of the ESA CCI Combined product makes 
it hardly comparable with more “exclusive” products (either Passive or Active). The hybrid nature of SMAP would call for more 

Table 3 
Pearson correlations among different vegetation indices anomalies for Capitanata (upper half table) and Chiese (lower half table). The 
correlations are computed according to the years for which every pair of data is available.  

Capitanata NDVI EVI SAVI NDWI 

Chiese 

NDVI    0.65  1.00  0.49 
EVI  0.5    0.65  0.35 
SAVI  1  0.5    0.49 
NDWI  0.44  0.44  0.44    
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similarities with the ADMIN computed with ESA CCI Combined product (benchmark ADMIN), even though five years is too short a 
temporal horizon to provide absolute results. 

Similarly, the impact of the four considered vegetation indices on the computation of the annual ADMIN is evaluated and it is 
generally very mild (Fig. 11), as a consequence of the high correlation among NDVI, NDWI, EVI and SAVI anomalies. This concept 
generally holds, except for some years (2004, 2007 and 2008) in the Capitanata area, when higher yearly ADMIN values are detected. 

In the last rows of Fig. 11, a focus on high resolution is performed, featuring both high-resolution SM datasets (the 1 km Copernicus 
and the 30 m results from the FEST-EWB hydrological model) and LST and NDVI datasets (Landsat imagery instead of MODIS). Using 
higher-resolution datasets can limit the revisit time but might improve the representation of spatial heterogeneities in complex 
agricultural areas. For both Chiese and Capitanata, the second half of the years 2010 s records some negative differences in terms of 
ADMIN, with respect to the benchmark ADMIN. This effect is more marked in the Capitanata case study, as expected from a highly- 
heterogeneous area, with numerous empty plots bordering active agricultural fields. The differences are less marked in the Chiese case 

Fig. 11. Impact of different satellite products on ADMIN, for both Capitanata and Chiese case studies, for the years 2000–2019. Benchmark ADMIN 
is highlighted with a light-yellow background, and each row identifies a specific variation of the satellite product on a certain anomaly. The yearly 
ADMIN relative difference with the benchmark combination of products is represented by cell color, with years without data for comparison left in 
grey. Years with observed irrigation volumes data available are bordered in thick blue. 

Fig. 12. Comparison between yearly ADMIN obtained from different satellite products, against irrigation volumes and final crop yield, for both 
Capitanata and Chiese case studies. Benchmark ADMIN is highlighted with a light-yellow background, and each row identifies a specific variation of 
the satellite product on a certain anomaly. For each comparison, the number of data points (n), the slope of the linear regression (slope) and the 
determination coefficient (R2) are shown. Dependencies with a different sign than the one of the benchmark ADMIN are highlighted in red. 
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study, being quite close to zero in the 2005–2013 period (for the FEST-EWB + Landsat combination) and generally low when 
employing Copernicus SSM, as expected from an area more urbanized but definitely more homogeneous in terms of crop distribution. 

Finally, the uncertainty of the ADMIN impact on the relationship with irrigation volumes and crop yields is computed, by 
considering the different combinations of the remotely sensed products for the different variables (Fig. 12). For both case studies, and 
for all the combinations described until now, the same comparisons as shown in Figs. 8 and 9 are performed, and the slope and 
determination coefficient of the linear interpolation are provided. The products for which only 2 datapoints are available are excluded 
from the analysis. 

For the Capitanata case study, all combinations show a negative slope of the linear relationship between yearly ADMIN and cu
mulative irrigation, confirming how during drier years higher water volumes are employed; hence providing similar results to the 
benchmark ADMIN. The strength of these relationships is described by the determination coefficient, with the default ADMIN being in 
third place overall, but over a longer set of years than the top two combinations (powered by the two versions of SMOS). Looking at 
crop yields, the slopes of the linear relationship with yearly ADMINs are expected to be negative, as drier conditions (lower ADMIN 
values) are associated with less developed crops. This is the case for most combinations, except for the ADMINs employing SMAP or 
Copernicus as SSM source (although the strength of these relations is quite low and the datapoints available are too few to derive robust 
conclusions from this comparison). 

In the Chiese area, on the other hand, irrigation is provided in a fixed pattern independently of the year dryness, and this is reflected 
in the linear relationships between irrigation and yearly ADMIN. The slopes of the different combinations are more heterogeneous in 
sign. As drought conditions and water volumes should be weakly correlated, the lowest determination coefficients mark generally 
better performances (e.g., those from SMOS and the benchmark ADMIN). Finally, looking at crop yields, the weakness of the linear 
relationships of the different combinations are justified by the large water amounts employed that smooth out the year-to-year 
variation in dry conditions. As seen for the comparisons between the different versions of ADMIN, the considerable heterogeneity 
of this agricultural area means that few major differences emerge in employing higher-resolution datasets. 

5. Discussion and conclusion 

Following the principles of the Common Agricultural Policy (CAP) to improve irrigation management to reduce crop damages and 
to enhance economic income, an EO-based drought indicator, ADMIN, has been developed for the operative management of irrigation 
networks, demonstrating its capability in providing reliable estimates of drought conditions correctly identifying the wet and dry 
years. The ADMIN might help irrigation districts managers and farmers to activate the preventive protection actions to try to avoid 
water volume and crop yield losses. The methodology has been applied in two cases studies: the Chiese and Capitanata Irrigation 
Consortia in Italy, over 20 years of analysis for the period from 2000 to 2019. 

The robustness of the developed drought index has been evaluated by assessing the effect of drought events on the effectively used 
irrigation volumes and yearly crop yields at Irrigation Consortium Scale, in Southern and Northern Italy. This quantitative verification 
of the methodology, especially against irrigation volumes, represents an innovative point in respect to the generally implemented 
drought monitoring systems, mostly not validated with external data but relying only on comparisons among indices (Wood et al., 
2015; Sheffield et al., 2012; van Dijk et al., 2013) or economic impacts evaluation (Ding et al., 2011). In the Capitanata Consortium, a 
negative correlation is obtained between the yearly cumulative drought index values and irrigation volumes, where an increase in the 
drought index means an increase of dryness condition, meaning that more irrigation is required; conversely in the Chiese Consortium a 
zero correlation is obtained with an almost constant amount of irrigation volumes provided to the crops every year independently from 
the drought condition. This might be explainable by the irrigation water payment plan, where in the Capitanata Irrigation Consortium 
the farmers pay a quota for m3 of water used per ha, so that during wetter years, less irrigation volumes are provided; while in the 
Chiese Consortium, the farmers pay a fixed quota every year per ha independently from the volumes of water used, so during the rainy 
years, too much water is probably provided to the crops. In both analyzed areas, crop yields seem to be almost uncorrelated to the 
drought index, probably due to the fact that the area is highly irrigated during summer and that the amount of irrigation is capable of 
contrasting the drought conditions allowing to maintain an almost constant production over the years. 

One of the strengths of the developed procedure relies on the capability of capturing the temporal evolution of the agricultural 
drought process, by firstly considering the meteorological drought and then the agricultural one, vegetation water stress and crop 
drying. This methodology improves the traditional analysis, which are generally analysed by considering only soil moisture anomalies 
(van Hateren et al., 2021; Sadri et al., 2018). In fact, the results of this work clearly show that asynchronies may exist especially 
between soil moisture anomalies and vegetation or land surface temperature anomalies, with negative SMA and positive VISA. This 
situation might be especially relevant when conditions of energy limited to vegetation growth are present, so that vegetation is less 
affected by soil moisture changes. This is due to the multifaced processes of vegetation, which is not driven only by water availability 
(Nemani et al., 2003; Jin et al., 2023). 

These results are in general agreement with the findings of Wanders et al. (2017), Bachmair et al. (2018), Tijdeman et al. (2022), 
who highlighted that, generally, droughts cannot be described by one single indicator but there is the need first to select the correct 
physical index for detecting a drought type and secondly to use different drought indices to identify specific conditions to avoid 
disagreements among information sources (Parsons et al., 2019; Sheffield et al., 2012). 

Another strength of the developed methodology is that the ADMIN is fully based on remote sensing data, considering different 
products of the same variable which differ on the sensing techniques, the spatial and temporal resolutions. The combinations of 
different products lead to different absolute drought values but these are almost all consistent (e.g. positive or negative anomalies). 
Given this, the ADMIN could be easily exported in any area worldwide. 
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In particular, seven to eight soil moisture products anomalies have been compared and generally low Pearson correlation values are 
found with a better correlation in the Chiese area, probably due to higher average yearly rainfalls which correspond with a more stable, 
less peaked SM behaviour, easier to reproduce from products working at different resolutions and with different algorithms. The results 
show how the ESA CCI datasets are the ones best correlated to each other overall, even if this result is mainly driven by the fact the ESA 
CCI Combined dataset includes the other two (Active and Passive). The reason why satellite SM does not show encouraging results may 
lie, among other reasons, in the fact that satellite soil moisture products are limited to the top few cm of soil, whereas a soil moisture 
drought assessment is ideally based on observations over the entire root zone, as well as the presence of coastlines in nearby the 
Capitanata area or the water bodies in the Chiese Consortium. The physical inconsistencies that satellite SSM data shows against water 
input (both rainfall and irrigation) make them not fully suitable to be used alone in drought detection. 

On the other hand, high consistency has been obtained among different vegetation indices, with NDVI anomalies showing a high 
Pearson correlation especially with EVI and SAVI anomalies. This result in terms of anomalies confirms the general behaviour of this 
multitude of vegetation indices which, even if they produce slightly different results in terms of vegetation water status, does not 
significantly change the drought detection (Shahabfar et al., 2012). 

Another point worth of notice is the insertion of the LST anomaly into the drought monitoring index to detect the plant water stress 
in advance in respect to plant drying. This relies on the fact that the LST is the driving factor of the partitioning between latent and 
sensible heat fluxes in the energy balance. This LST consideration is an improvement of the generally used agricultural drought indices, 
which are mostly based on rainfall, soil moisture or vegetation indices. 

This paper tried to respond also the issues related to spatial resolution of satellite data answering to the question if high resolution 
information is needed for drought monitoring and irrigation aqueduct management. The obtained results indicate the advantage of 
using high-resolution data in respect to low resolution data, as being able to catch the same behavior in terms of agricultural drought 
detection at Irrigation district scale, and potentially offers important new advantages for applications even down to field scales. This 
might be particularly relevant in complex landscapes, where low resolution data might produce contrasting signals, leading to a 
limitation to the applicability of ADMIN 
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