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ABSTRACT
This study focused on monitoring the water status of vegetation and soil by exploiting the synergy 
of optical and microwave satellite data with the aim of improving the knowledge of water cycle in 
cultivated lands in Egyptian Delta and Tunisian areas. Environmental analysis approaches based on 
optical and synthetic aperture radar data were carried out to set up the basis for future imple-
mentation of practical and cost-effective methods for sustainable water use in agriculture. Long- 
term behaviors of vegetation indices were thus analyzed between 2000 and 2018. By using SAR 
data from Sentinel-1, an Artificial Neural Network-based algorithm was implemented for estimating 
soil moisture and monthly maps for 2018 have been generated to be compared with information 
derived from optical indices. Moreover, a novel drought severity index was developed and applied 
to available data. The index was obtained by combining vegetation soil difference index, derived 
from optical data, and soil moisture content derived from SAR data. The proposed index was found 
capable of complementing optical and microwave sensitivity to drought-related parameters, 
although ground data are missing for correctly validating the results, by capturing drought patterns 
and their temporal evolution better than indices based only on microwave or optical data..
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Introduction

The regions characterized by low values of aridity index 
(expressed as the ratio of the total annual precipitation, 
as indicator of water supply, to potential evapotran-
spiration (ET), as indicator of water consumption) are 
classified as dry lands; among them, the semi-arid 
regions are those with an aridity index between 0.20 
and 0.50 (Lal, 2004). These regions are populated by 
about 1.5 billion people, for the most part belonging to 
the “needy” category of individuals living in rural areas 
and without security of food (Ryan & Spencer, 2001).

Semi-arid regions are characterized by severe cli-
mate with high temperatures, scarce and difficultly 
predictable rainfalls and high evaporation: these con-
ditions deeply affect the availability of water for the 
agricultural practices (Kottek et al., 2006; Sommer 
et al., 2011). Despite these limitations, semi-arid eco-
systems act as effective Carbon sinks, playing 
a relevant role in the global Carbon cycle as well as 
climate regulators. With 0.04 Pg C year−1 on a global 
0.07 Pg C year− 1, semi-arid ecosystems contribute 

more than 57% to the interannual variability of land 
CO2 sink (Ahlström et al., 2015).

Climate changes affect the Mediterranean area 
stronger than average global trends; worldwide 
increase of 2°C could mean an increase of 3°C in the 
Mediterranean region (MedECC, 2020) that can be 
therefore considered as a “hot spot” for climate change 
(Giorgi & Lionello, 2008; Lionello & Scarascia, 2018; 
Tramblay et al., 2020) locally leading to a reduction 
(10–30%) of summer precipitation as well as to phe-
nomena of intense drought and desertification (IPCC,  
2019; MedECC, 2020).

Moreover, irrigation water request is expected 
increasing from 4 to 18% by 2100 (MedECC, 2020) 
due to both agricultural intensification and global 
warming, thus bringing the problem of water manage-
ment in arid and semi-arid countries to the fore. 
Water management is not an easy problem to be 
tackled due to the multiple aspects of the problem 
related to socio-economic development of each region 
and available economic resources.
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Microwave and optical remote sensing data, avail-
able in a wide range of different spatial resolution to be 
used in local, regional and global environments, have 
demonstrated their effectiveness in describing land 
cover characteristics and changes due to climatic var-
iations coming from both natural and anthropic fac-
tors (Roy et al., 2014). Large quantity of bands in 
optical remote sensing data, such as multispectral 
and hyperspectral ones, together with previously men-
tioned wide range of spatial resolution, allows deriving 
dedicated spectral indexes for monitoring a wide spec-
trum of phenomena at different scales.

Among the others, Normalized Difference 
Vegetation Index (NDVI) has been used to analyze 
the spatial and temporal evolution of drought and 
vegetation conditions in arid environment 
(Akinyemi, 2021) pointing out its strong ability in 
detecting temporal and spatial variability in vegeta-
tion productivity between drought and non-drought 
conditions. NDVI has also been used to conduct 
long-term greenery analysis (De Jong et al., 2011), 
land cover change monitoring in arid and semi-arid 
environments (Allam et al., 2019) and, in southern 
Tunisia, (Fayech & Tarhouni, 2021) to highlight 
a positive relation between NDVI and rainfall as 
well as a direct correlation between rainfall and 
vegetation status. Also Enhanced Vegetation Index 
(EVI) has been used to highlight the correlations 
between environmental components: a good correla-
tion has been reported among EVI, rainfall and 
temperature over a semi-arid region in Mexico 
(Huete et al., 2002; Justice et al., 1998; Olmos- 
Trujillo et al., 2020) but also with estimation and 
prediction of agricultural crop biomass (Abdel- 
Kader, 2019; Jaafar & Ahmad, 2015), Gross 
Primary Productivity (John et al., 2008) and land 
surface temperature (LST; Xie et al., 2022). The 
anomalies in EVI time series were found to be 
useful in describing vegetation degradation 
(Javzandulam et al., 2005) and the effects of drought 
on vegetation productivity (Zhu et al., 2021), since 
water deficiencies and EVI values were strictly cor-
related, in particular during vegetation growing sea-
son regardless of land cover type (natural vegetation 
or agricultural zones).

Another index that has been proven to be very 
effective in drought assessment in semi-arid zones 
(F. N. Kogan, 1995) was the Vegetation Health Index 
(VHI), able to detect extreme drought events 
(Ekundayo et al., 2021) better than meteorological 
parameters such as the Standard Precipitation Index 
(Mckee et al., 1993). The direct correlation between 
VHI and rainfall has also been pointed out by studies 
performed in semi-arid areas in Ethiopia for long- 
term agricultural drought monitoring (Gidey et al.,  
2018), thus confirming the results of a research carried 
out in North America (Sun & Kafatos, 2007) where 

lower NDVI and LST values identify poor vegetation 
health condition.

In addition to temperature, ET is one of the key 
elements of the hydrological cycle whose significant 
and representative measurements are very difficult to 
be obtained, especially in arid and semi-arid areas 
where water loss may be extremely variable in time 
and space (Bhaskar, 2014). The Moderate Resolution 
Imaging Spectroradiometer (MODIS) dedicated pro-
duct (MOD16) is based on the model described by 
Qiaozhen et al. (2011) and provides ET estimates by 
improving, with a frequent time acquisition (every 
8 days), previously available similar data 
(Bastiaanssen et al., 2005, 2005). As an example, 
MOD16 was used to estimate and monitor hydrologi-
cal parameters in the Tibet plateau (Yuan et al., 2021) 
and Australia (Khan et al., 2020), trying to mitigate the 
constraints due to low spatial resolution (Mingzhu 
et al., 2019).

The previously described optical products can be 
integrated by microwave remote sensing data, both 
active and passive, that are limited neither by the 
absence of solar light nor by cloud cover; moreover, 
microwave signal is mainly influenced by the dielectric 
constant that is related to the water content of the 
observed bodies.

The effectiveness of active sensors, especially SAR 
operating at L-band, in estimating soil moisture con-
tent (SMC) at regional and local scales has been con-
firmed by studies realized in agricultural test sites in 
India (Zribi et al., 2019) using Phased Array L-band 
Synthetic Aperture Radar (PALSAR) data. The results 
of this and past studies highlight that from C to 
L bands the backscatter sensitivity to SMC is generally 
reduced when moving from bare soil to vegetated 
areas (Anna et al., 2011).

As the European Space Agency (ESA) Sentinel-1 
(S-1) constellation provides open data, scientific com-
munity has the access to free SAR images regularly 
acquired with high spatial and temporal 
resolutions with respect to previous satellites.

C-band backscatter, although with a lower sensitiv-
ity to soil moisture, due to the scarce soil penetration 
depth and the strong influence of vegetation cover and 
surface roughness with respect to L-band, has pro-
vided encouraging SMC estimates, also due to the 
large quantity of available images and the application 
of machine learning approaches (Emanuele Santi,  
2016; Hachani et al., 2019; S. Paloscia et al., 2013).

The integration of microwave and optical observa-
tion can be helpful especially for the monitoring of 
global changes in semi-arid regions, affected by 
increasing drought and water waste processes.

Many research projects have been funded in recent 
years by international and national organizations to 
contribute to the improvement of water management 
and to provide more exhaustive information and 
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accurate models concerning the hydrological cycle and 
the vegetation status monitoring. H2020 EC recent 
calls addressed the issue of water scarcity and drought 
not only in North Africa, but also in European coun-
tries where climate change, combined with water com-
petition, dramatically worsened the situation. Among 
them we can cite e.g. the Water Footprint Network for 
the Improving Predictions and Management of 
Hydrological Extremes (IMPREX, https://www. 
imprex.eu/) and the Transforming Water, Weather, 
and Climate Information through In Situ observations 
for Geo-Services in AFRICA (TWIGA, https://web 
site.twiga-h2020.eu/), both projects funded through 
the European Union Horizon-2020 grant programme.

Recently, a research project, which aimed at pro-
posing practical and cost-effective solutions for imple-
menting innovative water management systems in the 
agricultural Mediterranean environment, was carried 
out in the framework of an ERANET-MED project 
(OptiMed-Water). This project involved partners 
from Italy (Institute of Applied Physics of National 
Research Council, CNR-IFAC), Germany (German 
Aerospace Center, DLR), Tunisia (National 
Agronomic Institute of Tunisia, INAT, and Institute 
of Arid Regions, IRA) and Egypt (Cairo University, 
CU, and the Central Laboratory for Agricultural 
Climate, CLAC). Optical and microwave satellite 
data for monitoring soil and vegetation water status 
have been exploited with the aim of improving the 
knowledge of the water cycle in arid and semi-arid 
regions. Some agricultural areas in Egypt and Tunisia, 
that are characterized by chronic water scarcity, recur-
rent droughts and strong impacts of climate change, 
were selected and monitored by using satellite data 
and available in situ ancillary information. An avail-
able database of historical data was considered and 
used for an in-depth investigation of these key-areas, 
which are of particular interest in view of the socio- 
economic development of the regions. Dedicated 
experimental campaigns, mainly in Tunisia test 
areas, have been also carried out for collecting ground 
measurements of soil and crop parameters.

An investigation of the soil and vegetation water 
status was carried out during this project, and some 
algorithms capable of exploiting remote sensing data 
for estimating the main parameters of the hydrolo-
gical cycle have been developed. In the first part of 
the paper, the analysis of vegetation indices and 
their anomalies over Nile Delta using a long-term 
exploitation of MODIS data was described, followed 
by an investigation of ET processes in both Nile 
Delta and in the two areas located in Tunisia 
(Boulet et al., 2019; El-Shirbeny et al., 2015; 
Hesham & Khalil, 2015). In parallel, the SMC of 
the three study areas was monitored at high spatial 
resolution by using C-band SAR data derived from 
S-1 in 2018. The SMC retrieval concept was based 

on Artificial Neural Network (ANNs) by reapprais-
ing the methodology proposed in (Emanuele Santi,  
2016), which was proven to be capable of estimating 
SMC in semi-arid environments too (Hachani et al.,  
2019).

The comparison of SMC retrievals with the ET and 
vegetation indices confirmed an overall agreement, by 
also pointing out peculiar sensitivities of optical- and 
microwave-derived parameters that have suggested 
combining them for setting up an integrated micro-
wave/optical drought severity index (CDSI). CDSI has 
been developed during the project and was found to be 
capable of monitoring the drought conditions of the 
three test areas, by also identifying that drought pat-
terns than optical data or microwave SMC alone were 
not capable to detect.

The paper is structured as follows: a synthetic 
description of test areas and datasets is provided in 
in sections 1 and 2, respectively; the methods based on 
optical and microwave data for monitoring vegetation 
and soil conditions are described in section 3 where 
the newly developed CDSI is also proposed. The 
results are shown in section 4 and, finally, their dis-
cussion is carried out in section 5. Appendix I provides 
additional details on study areas while Appendix II 
contains full set of images for the multitemporal ana-
lysis results.

Test areas and data

Study areas

Project study areas are located in semi-arid zones of 
Tunisia (Mergeullil and Medenin test sites) and Egypt 
(Nile Delta) as shown in Figure 1.

The main reasons for selecting these areas con-
sist of the fact that these zones are mainly dedi-
cated to agricultural practices, both irrigated and 
rainfed, and have been deeply studied in the past, 
by gathering satellite and auxiliary data, thus repre-
senting priority areas for rural analysis in both 
countries. Additional information concerning 
extension, climatic data and more detailed maps 
are reported in Appendix I.

Egypt – Nile Delta

The Nile Delta (Figure 1) contains more than 60% of 
the cultivated lands of the country, thus representing 
the most important agricultural area in Egypt (Hamza,  
2006). The Nile Delta is also a problematic region due 
to land degradation processes, such as drought, soil 
compaction and salinization (Fishar, 2018).

The test area selected for the project is approxi-
mately 160 × 250 km and covers the entire Kafr El- 
Shikh, Damietta, Port Said, Dakahlia, Gharbia, Behera, 
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Menoufia, Sharkia, Alexandria, Ismailia and 
Qalyubia governorates.

Tunisia – Medenine

The test area of North Medenine is centred on the 
North of the homonymous province located in the 
south of Tunisia (Figure 1). The frame of the test 
area, which is managed by IRA, is 170 × 120 km.

The Province of Medenine is strategically located in 
the center of the Mediterranean basin. According to 
Tunisian South Development Office (2015), land 
cover of this area is dominated by rangelands 
(65.5%) followed by agriculture (22.1%), which is 
based on olive tree farming that covers 198,500 ha, 
representing therefore more than 84% of the total 
cultivable area in the governorate and includes more 
than 4.5 million trees (JICA, Yachiyo Engineering Co., 
Kaihatsu Management Consulting and Corporation 
Ingérosec, 2015).

Tunisia – Merguellil

The North Tunisian test area is centred on the 
Merguellil basin, South of Kairouan city (35°40ʹ12” 
N, 10°5ʹ24” E) and its monitoring is managed by 
INAT (Figure 1).

The Upper Merguellil is a hilly area of about 
1200 km2, with altitude variable between 200 and 
1200 m a.s.l., that is rather different from the very 
flat lower Merguellil plain (more than 3000 km2).

Cereals, tomato, melon, watermelon and chili are 
cultivated, although olive is the main crop of that area 
making Tunisia one of the main distributors of olive 
products (fruits and oil) in the world.

Satellite data

Time series of satellite data available on the test areas 
from both optical and microwave sensors have been 
identified and downloaded from the respective data 
portals. The period investigated by each series of data 
ranged from one to several years depending on the 
specific goal of each performed analysis.

Optical satellite data and products

Optical data have been derived from the MODIS instru-
ment onboard the Terra Satellite as described later.

ET maps have been obtained from 46 images for the 
region of Nile Delta (Egypt) and 42 for Merguellil basin in 
Tunisia in the period November 2017–October 2018 
from MOD16A2 ET/Latent Flux 500 m pixel resolution 
product. Unfortunately, no images were found to pro-
duce the same ET maps on the Medenine test site. 
Monthly NDVI maps (2001–2017) have been obtained 
from the MODIS-Terra NDVI V6 with 500 meters spatial 
horizontal resolution (MOD13A1) where the 16-day ser-
ies best available pixel value is derived. MODIS-Terra 
EVI maps V6 (MODIS13Q1 product having 250- 
m spatial resolution, 16-day composites) series of the 
meteorological vegetation period, from 2000 to 2018, 
were analyzed both annually and seasonally.

The MODIS-Terra Land Surface Temperature/ 
Emissivity Daily L3 (MOD11A1 global product at 1-km 
resolution) collected for the period 2001–2017 has been 
also considered for the scopes of this research.

SAR data

The SAR data are derived from the ESA (S-1) con-
stellation as C-band backscatter in VV and VH 
polarizations.

Figure 1. On the left, the boundaries of the test areas of Medenine (red) in the South-East of Tunisia, and Merguellil basin (purple) in 
North-West of Tunisia are shown. On the right, Nile Delta test site in Egypt is highlighted by a blue line.
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The high spatial resolution (around 10 m) and the 
frequent revisit time (6 days) of C-band SAR S-1 data 
have been exploited for mapping SMC over the Nile 
Delta, Merguellil basin and Medenine test sites. The 
Interferometric Wide Swath Mode – High Resolution 
Ground Range (IW-GRDH) product was selected and 
scenes from orbits 88 and 58 were downloaded and 
processed for Tunisia and Egypt, respectively. Finally, 
140 S-1 frames for Tunisia and 120 frames for the Nile 
Delta were acquired in the period 2017–2019.

Radiometric calibration and geocoding were 
applied for each image and polarization: geocoding 
transforms the two-dimensional coordinates in range 
and azimuth of the backscatter coefficient (σ°) values 
into three-dimensional coordinates referred to 
a cartographic reference system. To do this, an inter-
polated Digital Elevation Model of the test areas was 
derived from Shuttle Radar Topography Mission 
(SRTM) data considering 30 m pixel size (http:// 
srtm.csi.cgiar. org/srtmdata/). In addition to the geo-
coded image, a map of local incidence angles was 
generated and, finally, the calibrated and geocoded 
satellite images were co-registered and saved in 
a single stack of data to compare each satellite image 
“pixel by pixel”.

Methods

The drought temporal and spatial behaviors have been 
investigated in the three test areas by analyzing some 
vegetation and soil indices derived from both optical 
and microwave data. A flow chart summarizing the 
scheme of the activities is presented in Figure 2. In the 
following, the different methods applied for reaching 
these tasks are described.

Vegetation and soil water status assessment
The vegetation anomalies have been investigated by 
using NDVI temporal trends, which is considered 

a quick and efficient way for identifying green vegeta-
tion due to its correlation with the level of photosyn-
thetic activity and consequent stress level (Senay et al.,  
2015). With the aim of identifying the priorities or 
“hot spot” regions in the Nile Delta domain, the posi-
tive and negative changes in the NDVI data have been 
analyzed for the years from 2013 to 2017 and com-
pared with the average NDVI for the 2001–2012 per-
iod. The vegetation density was grouped in four classes 
by using NDVI (0–0.3: No vegetation, 0.3–0.5: Low 
vegetation, 0.5–0.7: Mild vegetation and >0.7: High 
vegetation). Given the lower vegetation density in the 
two test areas of Tunisia, this analysis was not 
repeated.

The drought spatial patterns and their temporal 
behaviors have been analyzed with the support of 
two other optical indices, the VHI (Felix N. Kogan,  
2001) and the Vegetation Soil Difference Index 
(VSDI), which was firstly defined in Ning et al., 
(2013). VHI is obtained by combining normalized 
EVI and LST and then it has been classified into five 
classes. VHI has been analysed in the Nile Delta area, 
from 2000 to 2017, by considering the MODIS TERRA 
available data in the periods from October to May. The 
other index (VSDI) is based on the difference between 
the short-wave infrared and red bands, which are 
sensitive to moisture, and the blue reference band. In 
vegetated surfaces the VSDI ranges between 0, corre-
sponding to very dry conditions, and 1, corresponding 
to very moist conditions. The effectiveness of VSDI 
was demonstrated in Ning et al., (2013). VSDI values 
have been computed for the three test areas and both 
spatial patterns and temporal trends of averaged 
values have been identified.

The drought tendencies were also investigated by 
using a drought model based on the EVI MODIS 16- 
day composite images. EVI is effective in the determi-
nation of drought characteristics, both as temporal 
variability and patterns, due to its high dependence 

Figure 2. Flow chart of project activities.
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on changes in canopy type and architecture as well as 
in plant physiognomy.

The model inputs were the EVI QA layer at 250 m 
spatial resolution derived from MODIS13Q1 16-days 
composite in Version 6 and the MODIS Land Cover 
Type Product MCD12Q1 that provides a 500 m spatial 
resolution land cover mapping at a global scale. Land 
cover was used for the Nile Delta and the Merguellil 
basin, while a shapefile including the limits of all areas 
cultivated with olive trees was used for the Medenine 
region. The time-series analysis was carried out on 
more than 700 MODIS images between 2001 and 
2018 using only data with QA layer class = 0 pixel; 
negative values have been masked. Calculations of the 
16-day composite long term medians have been per-
formed together with the calculation of their anoma-
lies, computed as differences between composite and 
long-term median for every 16-day composite.

A temporal aggregation was then carried out to 
compute monthly EVI deviances for the total vege-
tated area and croplands. This processing was com-
posed of two steps: first, the pixel-wise standard 
deviations have been calculated and then the pixels 
with EVI value higher than μ + 2σ or lower than μ-2σ 
per month have been counted and averaged for vege-
tated area, cropland and olive trees. The processing of 
data was implemented in Google Earth Engine: a flow 
chart of the drought model is shown in Figure 3.

Soil moisture

To further investigate the regional water cycle and assess 
the soil water status, which has been already pointed out 
by optical indices, the SMC has been monitored in the 
three test areas by using the SAR data and in particular 
the available S-1 images. The retrieval algorithm was 
based on ANNs that have been already demonstrated to 
be very effective for this kind of applications in previous 
studies (e.g. Baghdadi et al., 2002; Del Frate et al., 2003; 

S. Paloscia et al., 2013; Rodríguez-Fernández et al., 2015); 
the SMC algorithm proposed here is an updated imple-
mentation of the one proposed in Emanuele Santi, 
(2016). Given the limited amount of in situ data, 
a hybrid data + model driven approach has been imple-
mented here for training the algorithm, by merging the 
experimental data with simulation based on a coupled 
implementation of IEM (Fung, 1994) and Water Cloud 
Model (Attema & Fawwaz, 1978), to generate a training 
set composed of surface parameters and corresponding 
simulated, or measured, σ° values (Emanuele Santi, 
Paloscia, Pettinato, Fontanelli et al., 2016).

The training set was then subsampled in three subsets 
composed of 60%, 20% and 20% of the dataset, for 
applying the so-called early stopping rule, aimed at pre-
venting overfitting. The optimal number of neurons and 
hidden layers for the given problem is defined by the 
iterative search described in Tarpanelli et al., (2019). The 
search returned an ANN having two hidden layers of 10 
neurons each, with a transfer function of type “logsig”. 
Inputs of the ANN were the σ° at the two available 
polarizations, namely VV and VH, and the output was 
the SMC. The training/validation process is summarized 
in the flow chart of Figure 4: a schematic representation 
of the ANN with inputs and outputs is shown in the box 
on the right.

Before applying it and generate SMC maps, the algo-
rithm has been validated by using the available in situ 
measurements for Tunisia: the scatterplot of ANN esti-
mated vs. in situ SMC is shown in Figure 5; the corre-
sponding statistics are R = 0.88 and RMSE< 2(% of SMC).

By applying the ANN algorithm to the S-1 time series 
available on the three test areas, maps of SMC (%) have 
been generated at a spatial resolution of 100 m and with 
the same revisiting frequency (6 days) of the S-1 SAR 
images considered as algorithm inputs. The analysis has 
been then focused on the entire 2018 year, for observing 
a complete seasonal cycle. The 81 SMC maps generated 
on the three areas for 2018 have been then monthly 

Figure 3. Flow chart for drought derivation model applied in the Google Earth engine platform.
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averaged for enabling the comparison with the optical 
indices.

Finally, the derived optical and microwave parameters 
have been integrated in a novel index, which enhances 
their own peculiar sensitivities to soil and vegetation 
parameters. Microwaves, given their longer wavelength 
and consequent higher penetration, are more influenced 
by the soil contribution, while visible and shortwave 
infrared are better sensitive to the vegetation canopy. To 
exploit these different sensitivities, a Combined micro-
wave + optical/infrared Drought Severity Index (CDSI) is 
proposed here, by combining the SMC derived from 
microwave data and the VSDI derived from optical/infra-
red data.

The combined index was computed as follows: first, 
SMC derived from microwave data is rescaled to the 0– 
1 range: 

SMCn ¼
ðSMC � SMCmaxÞ

ðSMCmax � SMCminÞ
;

where SMCn is the normalized soil moisture, SMC is 
the actual soil moisture and SMCmax and SMCmin are 
the highest and lowest values recorded in the consid-
ered time period (one year).

The CDSI is then computed as the weighted average 
of SMCn and VSDI: 

CDSI ¼ w � SMCn þ ð1 � wÞ � VSDI;

Figure 4. Flowchart of the training/test set generation. The simplified scheme of ANN is shown in the bottom right box.

Figure 5. Validation of the ANN SMC algorithm using the in situ data available for Tunisia.
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where w is a weighting coefficient with value between 
0 and 1; in this study it has been empirically set to 0.5 
after comparing the CDSI obtained for different 
w values with the in situ information. The obtained 
CDSI, that ranges between 0 and 1, is then classified 
into five classes (Table 1):

Results

Due to the different environmental conditions which 
characterize the test areas considered in this work, the 
result has been described separately for each test area. 
The analysis included a spatial assessment of the 

NDVI, EVI, VDSI and SMC patterns and 
a comparison of the temporal trends. Based on the 
obtained results, the drought severity was assessed by 
applying the combined optical + microwaves CDSI 
which has been developed in this study.

Vegetation anomalies

The NDVI maps for the month of January in the Nile 
Delta Governorates are displayed in Figure 6. The 
reference NDVI map for the period 2001–2012 is 
shown in top-left panel: the map well reflects the 
expected vegetation condition by showing that the 
areas with higher vegetation density are located inside 
the Nile Delta. The maps of vegetation changes 
derived from NDVI for the years from 2013 to 2017 
are shown in the other panels of Figure 6.

The areas that moved from mild/high density vege-
tation to low or no-vegetation cover (-ve change) are 
represented in red color while areas where vegetation 
density has increased from no/low density to mild or 

Table 1. Drought severity classification based on CDSI.
CDSI value Drought severity

0 ≤ CDSI ≤ 0.2 Very high
0.2 < CDSI ≤ 0.4 High
0.4 < CDSI ≤ 0.6 Medium
0.6 < CDSI ≤ 0.8 Low
0.8 < CDSI ≤ 1 Very low

Figure 6. Vegetation map of Nile Delta in January of 2001–2012 (top left) compared with the change (+ve green and -ve red) maps 
during the years from 2013 to 2017.
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high are shown in green color (+ve change). The 
negative changes are widespread all over the study 
area, occupying a total surface of 600 km2 except for 
2015 (1200 km2) and 2017 (800 km2), with higher 
concentration in the center of Delta, whereas positive 
changes are concentrated in the Delta borders.

According to the analysis of MODIS NDVI in the 
month of January between 2013 and 2017 for each of 
the 11 Delta governorates, it has been observed that 
there is a general increase of negative changes espe-
cially in the “Beheira” Governorate where negative 
affected area increased from 94 to 291 km2. Looking 
at the geographic distribution of the regions, Al 
Sharqia, Beheira, Gharbia, Kafer Elshikh and 
Qalyubia represent the most affected governorates in 
the East, West, Central, North and South Delta respec-
tively, and they could thus be defined as hot spot areas 
for further investigations in the Nile Delta domain and 
identified as the regions with the highest priority for 
the management needs.

Applying the same analysis to July and September, 
which are the Nile summer and mid-season months, it 
has been found that the degraded (-ve change) regions 
are located in the heart of Delta, especially in 
September and during the period 2014–2016. The 
maps of the results for these months are detailed in 
Appendix II.

This situation can be attributed more to modified 
agronomic practices than to climate change, as, for 
instance, the overlapping seeding dates in these sea-
sons, the changes in crop farming and the decision of 
some farmers to extend the main agricultural season 
in the wintertime. Hence, it has been decided to rely 
on the January examination results only to define the 
priority areas in Egypt, which have been identified as 
Sharqia, Beheira, Gharbia, Kafer Elshikh and Qalyubia 
Governorates.

EVI temporal trends

A long-term analysis of EVI has been carried out over 
the three test areas by considering the period between 
2001 and 2018 and separating rainy and dry seasons. 
The temporal evolution of monthly EVI mean anoma-
lies, averaged for the entire regions, is represented in 
Figure 7.

The agricultural fields at MODIS subpixel scale 
have been discarded from the analysis to avoid biases 
in the drought mapping.

The annual fluctuations are evident, with marked 
negative trends in the first part of 2000s for all the 
three areas, especially in Medenine and Merguellil 
basins, due to the significant drought event that 
impacted Tunisia during that period. In the Nile 
Delta, the trend is less pronounced since the irrigation 
of agricultural crops smoothed the yearly fluctuations. 

The most recent years seem to be characterized by 
positive trends of EVI.

The patterns observed for the three areas in 
Figure 7a revealed that the years 2001–2005 and 
2010 have been severely affected by negative anoma-
lies, both in rainy and dry seasons. In particular, the 
years 2002 and 2010 represent the highest negative 
crop conditions, which are also correlated to the per-
centage of pixels (10% in 2001 and 11% in 2010) with 
EVI values smaller than the double of the standard 
deviation (μ-2σ). The regions of Merguellil (Figure 7b) 
and Medenine (Figure 7c) presented similar negative 
trends in 2002 and especially in 2001, when the per-
centage of pixels having EVI values lower than (μ-2σ) 
is 36% and 6%, respectively. Unlike the Nile Delta, the 
regions of Merguellil and Medenine presented signifi-
cant negative anomalies in 2012, when EVI standard 
deviation values reached respectively −0.13 and −0.15 
in the rainy season. On the other hand, all the regions 
in the years 2017 and 2018 revealed higher values 
compared both with the long-term standard deviation 
and for the number of pixels having a value higher 
than μ + 2σ. To analyze more in-depth the drought 
spatial patterns, mean ET values (annual, dry and 
rainy season) was estimated for the year 2018 
(Figure 8) on the Nile Delta region and in the 
Merguellil basin.

Figure 8 shows the mean annual ET values (a) 
estimated from MODIS in 2018 on the Nile Delta 
region and in Merguellil basin, along with the mean 
ET values for the dry (b) and rainy seasons (c).

The test area of Medenine, due to the very arid 
environment of the region, shows only few scattered 
ET values and it has not therefore been shown. As it 
has been already noted for the previous analysis on 
Nile Delta region, the presence of irrigation practices 
of agricultural crops smoothed the differences 
between dry and rainy seasons, although, especially 
in the central and western part of the region, there is 
a decrease of ET during the dry season. The patterns 
are clearer in the Merguellil basin, where ET signifi-
cantly increases during the wet season, mainly in the 
central area of the basin.

The most interesting monthly EVI anomalies are 
represented in Figure 9 for Delta Nile, Figure 10 for 
Medenine and Figure 11 for Merguellil: the years on 
display for each study region have been selected based 
on the exceptional conditions of drought or moisture.

Figure 9 shows the maps of monthly vegetation 
MODIS EVI anomalies in the Nile Delta for the 
years 2003 and 2004 (drought condition with strong 
negative trend on vegetative conditions) as well as in 
2012 and 2018 (very humid periods having an overall 
positive trend with higher values from October to 
December in 2018). As already pointed out by the 
results in the previous sections, there is a dynamic 
related to the season and to the annual variations, 
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with anomalies particularly evident in spring and 
summer.

The results obtained on the test areas in Tunisia are 
shown in Figure 10 and Figure 11, for Medenine and 
Merguellil basin, respectively. Differently from Nile 
Delta, in Merguellil basin the monthly vegetation 
MODIS EVI negative anomalies are concentrated 
between February and April, whereas in Medenine 
only positive anomalies can be observed, probably 

due to the higher rainfall recorded in the area during 
2017–2018 (very wet years).

A detailed analysis of the spatial condition in 
Medenine (Figure 10) shows a severe EVI negative 
anomaly in olive plantations for the years 2001, 2010 
and 2011. However, a slight recovering is presented 
between November and December 2011. As for 
Medenine, the Merguellil region (Figure 11) suggests 
severe negative vegetation condition anomalies in 

Figure 7. EVI mean anomalies, for dry (brown bars) and rainy (green bars) seasons, in the period 2001–2018 for: a) Nile Delta, b) 
Merguellil basin and c) olive trees fields in Medenine.
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2001 when both regions presented high vegetation 
stress between April and May while in 2017/2018 EVI 
anomalies are positive for the same period of the year.

Additional investigations on agricultural drought 
in the Nile Delta have been carried out using VHI 
derived from MODIS Terra sensor. The index has 
been calculated for the period October–May from 
2000 to 2017. The results show severe drought condi-
tions in the seasons 2009–2010 and 2010–2011, when 
most of the area was in the “High drought” category. 
Conversely, in the season 2006–2007 most of the area 
was in the “No drought” category, although some 
“High drought” subareas can be detected in this season 
too. Among all maps, the western and eastern parts 
seem to be more vulnerable to drought than other 
parts (see, Figure 12).

A more detailed description of the trends for the 
three target areas is reported in Appendix II, where 
Nile Delta NDVI maps for the months of July and 
September, as well as MODIS EVI maps of tem-
poral anomalies on the three test sites in the four 
selected years, are shown. VHI annual series from 
2000 to 2017 are also included in Appendix II for 
a more complete understanding of the described 
trends.

Soil moisture maps

The averaged SMC maps obtained for the Nile Delta 
test area are shown in Figure 13. The maps clearly 
show the SMC dynamics, with high values in fall and 
winter and generally wetter conditions than the rest of 

Figure 8. Mean ET values in 2018: a) annual, b) dry season and c) rainy season. On the left column, the Nile Delta region and on the 
right column, the Merguellil basin.
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Figure 9. Monthly vegetation MODIS EVI anomalies over selected months in the Nile Delta pointing out droughts in red tones 
(2003; 2004) and water abundance in green tones (2012; 2018).

Figure 10. Monthly vegetation MODIS EVI anomalies over selected months in the Medenine area in evidence of droughts (2001; 
2010) and water abundance (2011; 2018).

Figure 11. Monthly vegetation MODIS EVI anomalies over selected months in the Merguellil basin in evidence of droughts (2001; 
2008) and water abundance (2014; 2017).

12 G. RAMAT ET AL.



the Egypt along the entire year. The SMC conditions 
reflect the mean ET values trends for dry and wet 
seasons in the same year as shown in Figure 19.

The same methodology, applied to the two test 
areas in Tunisia, pointed out drier conditions, with 
SMC values that do not exceed 15%, and limited 
seasonal variations, slightly more pronounced for the 

Medenine test area (Figure 14), which is close to the 
Mediterranean Sea and affected by its mitigating influ-
ence on the climate. Even drier conditions have been 
found in the Merguellil basin, which is characterized 
by very low SMC values with small seasonal variations 
(Figure 15). For this area, S-1 images of August 2017 
are missing.

Figure 12. Seasonal VHI maps of selected years for the period 2000–2017 in the Nile Delta region.

Figure 13. Monthly averaged maps of SMC (%) for the Nile Delta test area obtained from the S-1 SAR images by using the IFAC 
ANN retrieval algorithm for 2018.
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CDSI maps
The results shown in the previous sections demon-
strated the peculiar sensitivities of microwave and opti-
cal parameters to ET and drought conditions of soil and 
vegetation, confirming the effectiveness of this index, 
which is capable of taking advantage of both the obser-
vation techniques. The maps of CDSI for a sub-area of 
the Nile Delta, which has been chosen to enhance 
differences in seasonal trends for irrigated agricultural 
zones, are shown in Figure 16. The values of CDSI range 
from 0 (drought conditions) to 1 (humid conditions). 
In the maps CDSI was subdivided (see Table 1) in five 
classes, ranging from very low to very high, describing 
the drought conditions of the area.

An overall drought severity from medium to high is 
evident. The peak values of CDSI found in May 2018 
correspond to heavy rainfalls in the area, whose effects 
were captured by SMC but not by VSDI, thus con-
firming the effectiveness of the proposed synergy. 
Irrigation practices can instead justify the moister 

conditions in July, which are pointed out by high 
values of CDSI, despite the dry season.

The CDSI maps for the Medenine test area are 
shown in Figure 17 whose boundaries have been 
defined to include rainfed agricultural fields as well 
as a portion of “sebkha”, a flat sandy area with the 
presence of salt on the surface.

The overall drought severity, identified by the CDSI 
maps of Figure 17, ranged between high and very high, 
and it is well described by both SMC and VDSI. 
Slightly moister conditions are recorded in February, 
corresponding to an increase in precipitation rate. The 
very high severity of drought conditions on the right 
side of the maps corresponds to the above-mentioned 
semi-desertic region with sandy soils.

The CDSI maps for the Merguellil basin are shown 
in Figure 18: maps refer to the September 2017– 
July 2018 period. The analyzed portion of land has been 
identified to contain both irrigated and rainfed agricultural 
fields and strengthen differences in CDSI behavior.

Figure 14. Monthly averaged maps of SMC (%) for the Medenine test area obtained from the S-1 SAR images by using the IFAC 
ANN retrieval algorithm in 2018.
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The seasonal vegetation cycle is correctly repro-
duced by CDSI maps that point out a progressive 
decrease of drought severity from September to 
February and an increase from February to July. The 
two patterns of lower drought severity, which can be 
identified in most of the images, correspond to agri-
cultural areas. The VDSI contribution was dominant 
for identifying these patterns, while SMC showed 
lower variability along the area.

Time-series comparison
To give a better insight on the relationships among 
weather conditions, SMC and vegetation indices, the 
monthly averaged time series of SMC, ET, EVI, NDVI 
and CDSI have been plotted along with the precipita-
tion rate for the three test areas in Figure 19, where 
NDVI, EVI and CDSI were multiplied by 100 to facil-
itate their visualization. This comparison was neces-
sary to highlight the individual capabilities of different 
indices in characterizing the soil and vegetation 

features and to give a provisional validation among 
the different methods, considering the scarce availabil-
ity of ground data.

Figure 19 points out a general agreement between 
ET and precipitation, except in the Nile Delta area, 
where the presence of irrigation of agricultural 
fields allows an increase of ET despite the absence 
of rainfall in summertime. The same trend can be 
noted also for the SMC behavior in the Nile Delta. 
In Tunisia, SMC is very low (especially in the 
Medenine site, being always <5%); however, in the 
Merguellil area, it well follows both precipitation 
and ET and CDSI trends. EVI and NDVI follow the 
winter crop cycle with rather scarce oscillations 
which is typical of semi-arid zones. Divergences 
among SMC, CDSI and rainfall can be attributed 
to the different areas involved in the analysis and 
the distance of the meteorological stations from the 
test area. It is worthy to notice that the dedicated 
training made the ANN algorithm capable 

Figure 15. Monthly averaged maps of SMC (%) in the Merguellil test area obtained from the S1 SAR images by using the IFAC ANN 
retrieval algorithm for 2018.
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of estimating also the very low moisture conditions 
of Tunisian areas, which are often around the 5% 
threshold, that represent a lower limit for the 
microwave sensitivity to the moisture conditions 
of the observed target (Dobson et al., 1985).

The increase in ET in Merguellil area, started in 
the middle of February, is concomitant with the 
winter crop growth which is pinpointed by the rise 
of NDVI and EVI while in Medenine area the ET 
follows the major change in precipitation as expected 
in rainfed condition. However, NDVI and EVI do 

not show any correlation to the precipitation pattern, 
which can be explained by regional rainfall that 
affects only small areas, thus negatively affecting the 
overall correlation. The low SMC values in Medenine 
can be related to small precipitation intensities that 
dry off quickly from the topsoil and does not show at 
a monthly level.

The decrease in precipitation after the middle of 
May, highlighted by the S-1 SMC product, led to 
a drop in ET due to both vegetation senescence and 
drying soil.

Figure 16. CDSI maps generated for Nile Delta from March to July 2018, for which SMC and VSDI data are available.
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In Nile Delta ET, NDVI and EVI trends are in 
agreement to each other: in the middle of May 
a minimum of ET is pinpointed, highlighting the 
period of the year with the lowest vegetation coverage 
(harvest season). Increase in the ET, SMC, CDSI, 
NDVI and EVI values, noticeable after May, confirms 
a growing up of vegetation, which was made possible 
by irrigation since high values of SMC and CDSI are 
influenced by these agricultural practices.

Discussion

This work, which has been carried out in the frame-
work of the ERANET-MED OptiMed-Water project, 
aimed at providing new methods based on remote 
sensing for the identification of water stress condition 
of soil and vegetation, in order to improve the irriga-
tion management and reduce the water wastes (to be 
used as support for decision-makers). The research 

exploited the synergy of remote sensing techniques, 
based on both optical and microwave satellite data, for 
investigating the water cycle in arid and semi-aird 
areas of the Mediterranean basin and providing timely 
information on drought and vegetation stress 
conditions.

The effectiveness of the MODIS derived NDVI, 
EVI and ET for monitoring the vegetation conditions 
was already pointed out by previous studies (Chen 
et al., 2018; Wardlow & Egbert, 2010), as well as the 
S-1 capability in observing SMC at several resolution 
scales (Gao et al., 2017; Hornáček et al., 2012), 
including semi-arid areas (Hachani et al., 2019). 
The analysis carried out on each of the NDVI, EVI 
and ET indices, as well as the SMC, confirmed the 
good correlation of each of them with the corre-
sponding reference data by evidencing interesting 
long-term behaviors. Furthermore, the most impor-
tant outcome of this study consisted of demonstrat-
ing the effectiveness of the optical/microwave data 

Figure 17. CDSI drought severity maps for Medenine from February to December 2018.
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synergy for monitoring the overall drought condi-
tions in the observed areas, being the optical indices 
good descriptors of the vegetation status and the 
SMC derived from S-1 data well representative of 
the soil conditions. In this respect, a new combined 
optical and microwave drought severity index (CDSI) 
has been proposed. Taking advantage of the optical 
and microwave peculiar sensitivities, CDSI was able 
to capture the drought conditions that were encoun-
tered in the Tunisia test areas and the large variation 
of surface and vegetation water content that charac-
terized the Nile Delta test area. This combined index 
can thus represent a suitable basis for setting up 
a prediction system, jointly based on optical and 
MW data, that will be the natural prosecution of 
this activity.

Some considerations should be also drawn about 
remote sensing and in situ data availability: first, the 
procurement of the satellite data required by this 
methodology is not an issue, given their free availabil-
ity through dedicated portals. However, better avail-
ability of reference data from in-situ stations would be 
advisable to improve both algorithm calibration and 
result validation.

Concerning the temporal resolution, the almost 
daily revisiting of MODIS ensured a very frequent 
coverage of the areas, which are also scarcely affected 
by the data unavailability due to adverse weather. 
Although characterized by a slower revisiting, S-1 
was in any case able to cover the areas at least every 
6 days, independently on the weather conditions: such 
revisiting can be still sufficient, given the limited 

Figure 18. CDSI drought severity maps of the Merguellil test site from September 2017 to July 2018.
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precipitation rate and the consequent small SMC 
dynamics. In Nile Delta, for instance, the revisiting 
was enough to capture the weather conditions asso-
ciated with meteo alerts that the optical indices were 
not able to observe. In any case, the SAR temporal 
coverage could be improved by considering images 
acquired by S-1 under different geometries or data 
from another SAR mission: given the number of 
recently launched or incoming SAR satellite mis-
sions, the availability of data is indeed quickly 
increasing. Moreover, in some cases the new satel-
lites are equipped with an instrument operating at 
L-band (e.g. ALOS2-3 and Rose-L (Suzuki, 2020)), 
which is even more appealing for the SMC monitor-
ing, due to the higher penetration and smaller sen-
sitivity to low vegetation. In this case, the SMC 
algorithm proposed here, being based on machine 
learning, can be easily adapted to data from different 
SAR sensors, thus significantly improving the tem-
poral coverage (and possibly the accuracy) of SMC 
mapping.

The third aspect that should be considered deals 
with the spatial resolution required for this application 
enhancing the S-1 SAR data suitable for crop monitor-
ing at farm scale too, since the SMC mapping can be 
obtained at 10–20 m resolution. Conversely, the opti-
cal indices derived from MODIS, which has a spatial 
resolution of 250 m, could not be sufficient for mon-
itoring small agricultural fields. In the case of small- 
scale applications, a higher resolution sensor, as e.g. 
Landsat or Sentinel-2, should be considered, although 
significant changes in the vegetation conditions at 
MODIS subpixel scale are quite unlikely.

Conclusions

The performed analysis, which was carried out on 
different test areas for a period of several years, con-
firmed a good sensitivity of the remote sensing obser-
vations to the vegetation and the soil moisture 
conditions and an overall agreement between optical 
and microwave observations.

Figure 19. Monthly MODIS EVI, NDVI and ET in 2018 for the three areas: Merguellil (a), Medenine (b) and Nile Delta (c). In the same 
diagram, averaged values of SMC and CDSI, estimated using the IFAC ANN algorithms are shown.
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In detail, the NDVI and ET anomalies computed 
for a 4–18-year period from MODIS images showed 
a negative trend in vegetation cover, for the Nile Delta 
area, confirming the increase in drought conditions 
over time. The regions of Merguellil and Medenine 
exhibited similar negative trends, showing important 
negative anomalies of EVI.

The soil conditions, which have been described by 
the SMC values derived from the available S-1 images, 
are in agreement with the vegetation water status. The 
latter was pointed out by the optical indices, confirm-
ing the different aridity conditions of the areas: the 
Nile Delta showed significant seasonal fluctuations 
whereas the Tunisian sites were characterized by smal-
ler SMC fluctuations in a very limited range 
(often <10%).

The remarked discrepancies between SMC and 
optical indices depend on the peculiar sensitivities of 
the two observation techniques to different physical 
properties of the surface.

Thus, optical and microwave observations have 
been exploited to develop a drought severity combined 
index (CDSI) that was capable of successfully capturing 
the drought patterns in the observed areas. A further 
comparison between NDVI, ET, EVI, SMC, CDSI and 
rainfall confirmed the agreement between satellite 
observation and reference ground data.

In summary, by exploiting the synergy between 
optical and microwave satellite data, it has been pos-
sible to highlight in a more accurate way the spatial 
and temporal variations in soil moisture and vegeta-
tion conditions over the years. A general trend toward 
increasing drought conditions has been noted, albeit 
with oscillations during the analyzed periods.

A future development of this research will focus on 
the implementation of a methodology based on the 
integration between optical and microwave indices for 
predicting soil and vegetation drought conditions. The 
proposed method could furthermore provide precise 
indications on the irrigation strategies and water waste 
solutions, with the aim of mitigating the effects of 
global changes.
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