
Abstract
This study evaluated the effectiveness of various remote sens-

ing (RS) data (Sentinel-1, Sentinel-2, and Landsat 8) in the early
recognition of irrigated areas in a densely cultivated area of central
Italy. The study was based on crop data collected on more than
2000 plots in 2016 and 2017, characterized by quite different cli-
matic conditions. The different RS data sources were used both
alone and combined and with precipitation to define correspond-
ing random forest (RF) classifiers whose overall accuracy (OA)
was assessed by gradually increasing the number of available fea-
tures from the beginning of the irrigation season. All tested RF

classifiers reach stable OAs (OA 0.9) after 7-8 weeks from the
start of the irrigation season. The performance of the radar indexes
slightly improves when used in combination with precipitation
data, but three weeks of features are required to obtain OA above
80%. The optical indices alone (Sentinel-2 and Landsat 8) reach
OA ≈85% in the first week of observation. However, they are inef-
fective in cloudy conditions or when rainfed and irrigated fields
have similar vigour. The most effective and robust indices are
those based on combined sources (radar, optical, and meteorolog-
ical), allowing OAs of about 92% and 96% at the beginning and
in the middle of the irrigation season, respectively.

Introduction
In many areas of the world, agriculture is strictly dependent on

irrigation, ensuring the possibility of increasing and stabilizing
productivity even in the driest years (Rosegrant and Cline, 2003).
Furthermore, some estimates indicate that irrigation contributes to
more than 70% of freshwater withdrawals globally (Shiklomanov,
2000; Cai and Rosegrant, 2002), and in future scenarios, given the
growing population and global warming, further increases of the
irrigation water use are expected (Rockstrom et al., 2012; Li and
Troy, 2018). In this context, it is increasingly important to develop
methods for sustainable planning and management of water use in
agriculture, an objective that can only be achieved by improving
knowledge both on actual irrigation water volumes and on the
extent of irrigated areas (Jalilvand et al., 2019; Dari et al., 2020,
2021).

The recent increase of remote sensing (RS) data availability in
spectral, spatial, and temporal resolution, combined with the
decreasing acquisition and processing costs and the growing avail-
ability of machine learning algorithms in many processing envi-
ronments, have boosted RS research applications. Satellite RS is
less costly and time-consuming than traditional surveys and offers
excellent potential for mapping or monitoring irrigation practices.
Moreover, RS data is more easily integrable with other data
sources into modern geographic information systems (GIS) for
combined spatial and temporal analyses. Thus, RS spatial infor-
mation about irrigated lands is very relevant for sustainable
resource planning and management. It can provide timing and pri-
oritizing water delivery, assess irrigation performance, quantify
the environmental impact of irrigation practices, assess irrigation
water use, and identify changes in space and time (Ozdogan et al.,
2010).

Studies on irrigation mapping using RS data are still not com-
mon considering the relevance of irrigation water use issues.
However, synthetic-aperture radar (SAR), optical, and weather
data, alone or in combination, have already been applied to irriga-
tion assessment and mapping at the field scale. Most recent studies
about this topic rely on RS data and machine learning classifiers
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to map irrigated areas. For example, Gao et al. (2018) used
Sentinel-1 (S1) SAR data and a random forest (RF) classifier on a
400 km2 area located in Catalonia, Spain, obtaining an accuracy of
around 82%. Using various classification algorithms in the same
region, Bazzi et al. (2019) obtained accuracies in the range 89-94
% and 89-92% from S1 and Sentinel-2 (S2) data, respectively, with
further slight accuracy increments using both sources simultane-
ously. In the Adour Amont watershed, France, the combined use of
radar (S1), optical (S2), and rainfall data improved the accuracy of
the classification obtained using the RF classifier on each data sep-
arately (overall accuracy, OA≈0.7) (Pageot et al., 2020). S1 and S2
data and a combination of support vector machine (SVM) and
decision tree classifiers were used in the semi-arid region of
Kairouan plain, in central Tunisia - North Africa (Bousbih et al.,
2018). This study obtained the best results with classifications
based on soil moisture indices only, with an overall accuracy of
77%. Dari et al. (2021), comparing in North-East Spain different
RS soil moisture products [i.e., soil moisture and ocean salinity
(SMOS) at 1 km, soil moisture active passive (SMAP) at 1 km and
9 km, Sentinel-1 at 1 km, and advanced SCATterometer (ASCAT)
at 12.5 km], found that SMAP is the most effective in detecting
irrigated areas (OA=78%). 

Landsat data were successfully applied in Google Earth Engine
(GEE) within a semi-automatic training approach, based on RF, to
produce an irrigated croplands map of the United States (US) at
30-m resolution with an overall accuracy of 94% (Xie et al., 2019).
Landsat data and the RF classifier were also used in GEE for map-
ping decades of annual irrigation across the US High Plains
Aquifer, obtaining an overall accuracy of 91.4% across years
(Deines et al., 2017, 2019).

Other studies have used RS data to model or estimate crop water

requirements, particularly considering RS’s recognized potential to
produce spatial information about evapotranspiration (Calera et al.,
2017). The normalized difference vegetation index (NDVI) derived
from S2 was used in a study area of Central Italy to estimate the actu-
al evapotranspiration of irrigated croplands in a simplified water bal-
ance predicting the irrigation water (IW) (Maselli et al., 2020b). The
results show that over 50% and 70% of the measured IW variance
was explained daily and weekly, with mean bias errors below 0.3
mm/day and 2.0 mm/week. S2 data were applied to assess crop evap-
otranspiration and irrigation water requirement (IWR) in standard
conditions in a tomato field in Central Italy (Vanino et al., 2018). The
results showed that canopy growth, maximum evapotranspiration,
and IWR were accurately estimated from satellite observations fol-
lowing seasonal rainfall and air temperature data. Landsat-8 and
RapidEye satellite data, combined with ground-based meteorological
data, were successfully used to obtain estimates of evapotranspiration
and crop coefficients of table grapes vineyards in the Apulia region
(Italy) (Vanino et al., 2015). 

However, to our best knowledge, very few studies have com-
pared the effectiveness in the early identification of irrigated fields
of SAR and optical data, separately or in their combinations,
together with rainfall data. Indeed, early identification of these
areas could be very relevant for timely crop irrigation require-
ments, irrigation monitoring, and sustainable water resources man-
agement at the watershed level.

This study analyses the performance of various indices derived
from SAR (S1) and optical (S2 and Landsat 8) satellite data, also
combined with rainfall data, in the early identification of irrigated
fields (i.e., from the start of the irrigation season). Moreover, the
variability of the accuracy according to the different crop types
was evaluated and discussed.

                             Article

Figure 1. Location of the study area (A, B) and spatial distribution of crop fields considered in the research during years 2016 (C) and
2017 (D).
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Materials and methods

Study area
The study area is the Upper Tiber River valley in the Umbria

region, central Italy (Figure 1). This region has a typical
Mediterranean climate, summers are warm to hot, and winters are
generally mild but colder at higher altitudes. The wettest season is
autumn, and the driest is summer. In hilly areas, tree crops (olives
and vines) and forage crops prevail, while other herbaceous crops
(e.g., winter cereals, maize, tobacco, sunflower, grain legumes, and
vegetable crops) are widespread in the plains. Most summer crops
(e.g., maize, vegetables, and tobacco) require irrigation due to the
considerable imbalance between precipitation and evapotranspira-
tion. This work considered the irrigation season between the last
week of May (22nd week of the year) and mid-September (38th

week of the year). As it is shown in Figure 1, the study area is frag-
mented as it is characterized by small agricultural plots and small
agricultural plots.

Crop data
For the study, we first collected information about the crops

grown in the study area. Then, upon request, the producers’ asso-
ciations provided data on the Common Agricultural Policy (CAP)
declarations in 2016 and 2017. This made it possible to determine
the crops of each cadastral parcel in the two years indicated. To
obtain greater accuracy, considering the spatial resolution of RS
data used in this research, we selected only the parcels with an area
greater than 1 ha and covered by a single crop for at least 90%.
Furthermore, we only considered the parcels with annual herba-
ceous crops. The final database consisted of 2050 fields, 984 in
2016 and 1066 in 2017 (Figure 1).

Given the lack of actual ground truth about these 2050 fields,
the presence of irrigation was indirectly defined based on the crop
type, assuming the classifications indicated in Figure 2 (which also
shows the crop frequency distribution). This classification was
determined based on the information collected from the producers’

associations and the Regional Forestry Agency (AFOR), the pri-
mary irrigation water provider in the area. This made it possible to
exclude the presence of tobacco, maize, and vegetables in non-irri-
gated conditions in the study area. Furthermore, for tobacco, the
production regulation imposes irrigation to reach the required
qualitative standards. As for non-irrigated crops, AFOR data indi-
cate that only 2% of the areas of the supply contracts concerns
crops such as sunflower, winter cereals, forage, and legumes;
therefore, these can be considered non-irrigated, with a minimum
margin of error. Of course, the lack of actual ground truth about
irrigation introduces possible errors, which are difficult to quantify.
However, taking into account that in the area, there is an almost
univocal correspondence between crop type and irrigation supply,
the errors should be modest and not such as to significantly affect
the results of the comparative analysis. 

The typical growing season and the sowing and harvesting
intervals of the main crops are shown in Table 1.
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Table 1. Shaded cells indicate the typical growing season of the main crops cultivated in the study area. S and H letters indicate the
periods during which seeding or transplanting (S) and harvesting (H) are most likely. 

Table 2. Optical indices and related formulas used in the research.

Figure 2. Percentage of the different crops in the study area in the
period 2016-2017.
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Meteorological data
Spatial information on the weather data of the study area was

derived from the E-OBS daily gridded meteorological data
(Cornes et al., 2018). To implement this database, time series from
European national weather services are collected, processed with
extensive quality-check and blending procedures, and finally
transformed into a gridded daily dataset containing several atmo-
spheric variables onto a 0.1°×0.1° regular grid. E-OBS data were
downloaded through the European Copernicus Climate Change
Service Website. Figure 3 shows the average daily temperature and
precipitation for the study area between 01/05/2016 and
30/09/2017, derived from the E-OBS data. Shaded areas indicate
the periods corresponding to the irrigation seasons 2016 and 2017.
The long-term mean precipitation amount during the irrigation sea-
son is about 210 mm. In 2016 it was 228 mm, and in 2017 only 113
mm. For classification purposes, we used only precipitation data
aggregated at a weekly time scale and associated with each field
considered.

Remote sensing data
We used Sentinel-1 (S1) SAR data and optical data from both

Sentinel-2 (S2) and Landsat 8 (L8). We accessed these data and
calculated the SAR and spectral indices on a field basis in the GEE
platform. The two S1 satellites (A and B), launched by the
European Space Agency (ESA), provide data using a dual-polar-
ization C-band SAR sensor with a spatial resolution of 10, 25, or
40 meters and a temporal resolution of 6 days. Within GEE, S1
ground range detected (GRD) scenes are pre-processed using the
S1 Toolbox (thermal noise removal, radiometric calibration, terrain
correction) to generate a calibrated, ortho-corrected product. We
used the single co-polarization, vertical transmit/vertical receive
(VV) and the single co-polarization, horizontal transmit/horizontal
receive (VH) bands at 10 meters resolution and the VH/VV ratio.
VH, VV, and their ratios have been already used for irrigation map-
ping (e.g., Bousbih et al., 2018; Gao et al., 2018; Pageot et al.
2020). Previous studies confirmed the high explicatory value of the
VH/VV ratio, particularly in early phenological stages (Veloso et
al., 2017; Vreugdenhil et al., 2018). The ratio partially compen-
sates for the radiometric instability of the sensor and shows higher
stability than the single polarization. 

The two S2 satellites (A and B) are equipped with a multispec-
tral sensor (MSI), detecting 13 spectral bands, with a spatial reso-
lution ranging of 10, 20, and 60 meters and 4 days of temporal res-
olution on average. GEE collects S2 data from Copernicus Data
Hub in the L1C (orthorectified top-of-atmosphere reflectance), and
L2A (orthorectified atmospherically corrected surface reflectance -
SR) processing levels. In the L2A level, three quality assessment
(QA) bands are included, where one (QA60) is a bitmask band
with cloud mask information. We used the L2A images, applying a
cloud-filtering, and selecting the B5 (red), B8 (NIR), and B11
(SWIR1) bands.

L8 operational land imager (OLI) provides multispectral
images at a 30-meter resolution containing five visible and near-
infrared (VNIR) bands and two short-wave infrared (SWIR) bands
with a revisit time of 16 days. A 15-meters panchromatic band is
available as well. In GEE, L8 data are available in an atmospheri-
cally corrected (SR) level which includes a cloud, shadow, water,
and snow mask band as well as a per-pixel saturation mask band.
In this study, we used the L8 SR images, applying a cloud-filtering,
and selecting the B4 (red), B5 (NIR), and B6 (SWIR1) bands. In
addition, we used two spectral indices derived from S2 and L8
bands (Table 2).

NDVI is a widely used vegetation index because it directly
expresses a measure of vegetation health (Rouse et al., 1974). The
combination of its normalized difference formulation and the use
of the highest absorption and reflectance regions of chlorophyll
make it very explicative over a wide range of conditions. NDVI
has already been used in previous studies for irrigation mapping
(e.g., Bousbih et al., 2018; Maselli et al., 2020a; Pageot et al.,
2020). The modified soil-adjusted vegetation index (MSAVI) (Qi
et al., 1994a, 1994b), like its predecessor SAVI (Huete, 1988),
seeks to overcome the issues of NDVI related to the soil back-
ground effect, especially in areas partially covered by vegetation.
This index eliminates the need to find the soil line or even specify
the soil brightness correction factor as required for other previous
vegetation indices. MSAVI has already been successfully used,
with other vegetation indices, for irrigation mapping in olive
orchards (Sepulcre-Cantó et al., 2009) and water stress estimation
in vineyards (Romero et al., 2018). We chose this index consider-
ing the lower sensitivity to the soil background to verify its possi-
ble higher reliability than NDVI in irrigation detection, especially
during the early crop stages.

Unfortunately, optical data from Sentinel-2 and Landsat 8 in
2016 were characterized by several missing images due to the fre-
quent presence of cloudiness during the irrigation season.
Therefore, optical-derived indices were only evaluated for 2017.

Methods
Our methodology relies on a broadly used machine learning

algorithm (i.e., RF) applied to various time-series combinations of
the above-mentioned SAR and optical indices calculated on a field
basis, sometimes combined with rainfall data. 

Random forest
RF is a machine learning technique based on many decision

trees that work as an ensemble. The starting point for building the
RF classifier is a dataset that includes a qualitative response vari-
able (i.e., irrigated or rainfed) and one or more predictor variables
(features). The original dataset is randomly subsetted to form the
training and the validation datasets. Each decision tree of the forest
is obtained from a bootstrap sample of the training dataset and uses
only some randomly chosen features during tree growth. The out
of bag (OOB) set is the datum not selected in the sampling process
of a specific tree. The classification algorithm is based on a major-
ity vote (mode) across decision trees in the classification stage
(Breiman, 2001). We applied RF to recognize the irrigated fields
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Figure 3. Mean daily precipitation and temperature for the study
region in the period 01/05/2016-30/09/2017, including two irri-
gation seasons (E-OBS mereological data).
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based on different features datasets, as shown in Table 3. The pur-
pose is to assess the capacity of a certain type of dataset to provide
early recognition of irrigated fields. We modelled the RF progres-
sively for each dataset, increasing the number of features from the
beginning of the irrigation season with weekly steps.

The datasets are of different types: some are single-source
(e.g., radar or optical), others have been obtained by combining
multiple data sources. In defining the combined datasets, only the
best performing single-source datasets were considered.

Each original dataset was randomly split into 50% for training
and 50% for validation to improve the robustness of the validation
subset. After a preliminary evaluation based on the classification
accuracy convergence, the number of trees was set to 5000 for all
tested classifiers. Thus, the number of features considered at each
split was equal to the square root of the number available features,
as usually suggested for classification purposes (Breiman, 2002). 

The feature importance was evaluated as the mean decrease in
accuracy (MDA) after permutations of each feature. In particular,
the MDA is computed averaging (over all trees) the decrease in the
OOB accuracy before and after the permutation of each feature.
Thus, the features with higher MDA are relatively more important
than the others for the accuracy of a specific RF classifier. 

The RF analysis was implemented in the R environment, using
the functions available in the library randomForest (Liaw and
Wiener, 2002).

The performance of the RF classifiers, generated on the vari-
ous training datasets, was evaluated by applying the trained classi-
fiers to the corresponding validation datasets and computing the
overall accuracy OA (%), the Producer’s accuracy (PA) (%), and
the User’s accuracy (UA) (%) (Congalton, 1991; Richards and Jia,
2006). 

The OA is obtained as:

                                                                               
(1)

where TC is the number of truly classified fields, and N is the total
number of fields analysed in the validation dataset. The PA, also
indicated as precision, is given by:

                                                                                                

                                                                              
(2)

where TCk is the number of fields of category k truly classified and
Ok is the number of fields observed in category k. The UA, also
indicated as recall, is given by

                                                                              
(3)

where Ck is the number of fields classified in the category k.
Both UA and PA can be quantified for each category (i.e., in

this work for both irrigated and rainfed fields). A classifier is con-
sidered highly accurate when obtaining a combination of high
recall and precision values. In particular, high precision (UA) cor-
responds to a low representation of commission errors and high
recall (PA) to a low value of omission errors (Weaver et al., 2018).

Results

Overall accuracy, user accuracy, producer accuracy
The overall accuracy of the RF classifiers trained on the

datasets considered (Table 3) is shown in Figure 4. For complete-
ness of information, the accuracy variations are reported up to the
33rd week. However, it is believed that in the area considered, the
recognition of irrigated areas can be defined ‘early’ if carried out
by the end of June (i.e., 27th week). 

The analysis in Figure 4 shows a general increase in OA as the
number of weeks (i.e., available features) increases. In some cases
(e.g., some radar-derived datasets), the increase is gradual and
tends to reach an almost steady value around the 28th week. For
other datasets (e.g., optical-derived and some combined datasets),
the OA is already very high (OA≥85%) since the first observation
period and rapidly reaches a plateau from as early as the 24th- 25th

weeks. For example, the combined datasets ‘S2_MSAVI + S1_VV
+ p’ and ‘S2_MSAVI + S1_VV’ allow obtaining the absolute high-
est values of OA (OA≈96%), followed by ‘S2_NDVI’ and
‘S2_MSAVI’, which have OAs close to 95% starting from the 23rd

and 24th weeks.
In terms of early evaluation, the best performance is obtained

with the combined dataset ‘S2_MSAVI + S1_VV + p’, which
allows an OA of 91.5% since the first week. Other noteworthy
results are the ‘S2_MSAVI’ and ‘S2_NDVI’ datasets, whose initial
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Table 3. List of the datasets (single-source and combined) and the corresponding number of available features (depending on the avail-
able years) and observations.

Dataset                                      Type of data                            Years                   Number of features (weeks)              Observations (fields)

S1_VV                                                               Radar                                         2016-2017                                         From 1 to 17                                                         2050
S1_VH                                                              Radar                                         2016-2017                                         From 1 to 17                                                         2050
S1_VH/S1_VV                                                 Radar                                         2016-2017                                         From 1 to 17                                                         2050
S2_MSAVI                                                      Optical                                             2017                                              From 1 to 17                                                         1066
S2_NDVI                                                         Optical                                             2017                                              From 1 to 17                                                         1066
LS_MSAVI                                                      Optical                                             2017                                               From 1 to 7                                                          1066
LS_NDVI                                                        Optical                                             2017                                               From 1 to 7                                                          1066
S1_VV + p                                            Radar and rainfall                              2016-2017                                         From 2 to 34                                                         2050
S2_MSAVI + S1_VV                            Optical and radar                                   2017                                              From 2 to 34                                                         1066
S1_VH/S1_VV + p                               Radar and rainfall                              2016-2017                                         From 2 to 34                                                         2050
S2_MSAVI + S1_VV + p            Optical, radar, and rainfall                           2017                                              From 3 to 51                                                         1066
S1_vv, Sentinel-1 data in vertical-vertical polarization; S1_vh, Sentinel-1 data in vertical-horizontal polarization; S2_NDVI, NDVI derived from Sentinel-2 data; MSAVI, derived from Sentinel-2 data; LS_MSAVI, MSAVI
derived from Landsat 8 data; LS_NDVI, NDVI derived from Landsat data; p, E-OBS rainfall data.
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OA is about 88%. Similar results are also obtained from the
Landsat-derived optical data, even if, in this case, the first survey
is one week later due to the longer revisit time. The ‘S1_VH’
dataset has the worst performance, with an OA of only 58% in the
first week.

The VV-type radar data is slightly more performing than the
VH one, especially in the early classification. As expected, the
ratio of the two types of backscattering (‘S1_VH / S1_VV’) allows
obtaining a significant increase in both the early and medium-late
accuracy. All the radar-derived datasets seem to be positively
affected by the presence of additional precipitation features. This
is clearly demonstrated by comparing the OAs of the datasets
‘S1_VH / S1_VV + p’, ‘S1_VV + p’, and ‘S2_MSAVI + S1_VV +
p’ with those of similar datasets not including precipitation.

In general, optical-derived datasets perform better than radar-
derived ones, both in terms of early and mid-late classification.

The results of the analysis of the feature importance are shown
only for the S2_MSAVI, ‘S1_VH / S1_VV’, and ‘S2_MSAVI +
S1_VV + p’ datasets, as they are those that allow obtaining the best
results in the respective categories (optical, radar, and combined).
Figure 5 shows the MDA of the features involved in those datasets
in the early irrigation season (i.e., between the 22nd and the 27th

week). For the M2_SAVI dataset, there is an evident predominance
of the features detected in the first two weeks (22nd and 23rd). Also,
the first two weeks of observation for the radar dataset ‘S1_VH /
S1_VV’ are important, but the importance is more evenly distribut-
ed than that of the optical dataset. Finally, for the combined
dataset, greater importance assumes the optical features (particu-
larly those related to the first two weeks) followed by the radar and
rainfall features.

Further details on the performance of the different classifiers
are shown in Figure 6, which shows the 1:1 plots of UA and PA for
both the rainfed and irrigated categories. For simplicity’s sake,
only the values relating to the 22nd and 27th weeks are shown:
indeed, the 22nd week corresponds to the minimum number of fea-
tures (and therefore OA) for any dataset (Figure 4); the 27th week,
instead, corresponds to the period in which almost all datasets have

reached a stable OA.
Figure 6 indicates that the differences between UA and PA are

always moderate (<10% at the 22nd week and <5% at the 27th

week). The only exception appears to be the ‘S1_VV + p’ dataset
at the 22nd week for irrigated plots, whose PA is about 20 percent-
age points higher than the UA. Thus, in general, the UA and PA do
not seem to be particularly affected by the irrigation regime. 

Finally, to evaluate whether the performances of optical and
radar datasets could depend on the different number of data con-
sidered (Table 3), we analysed the performance of the RF classi-
fiers based on radar data, using only the data collected in 2017. The
results (not shown) were very similar to those obtained with the
entire available database.

                             Article

Figure 4. Overall accuracy (%) of the random forest classifiers for
the different datasets composed of an increasing number of avail-
able features (i.e., weeks). See Table 3 for the description of the
dataset codes.

Figure 5. Variable importance plots for the features considered in some relevant classifiers at different weeks of the early irrigation sea-
son. The mean decrease accuracy (MDA) of the classifiers based on a single feature is not shown.

[page 48]                                              [Journal of Agricultural Engineering 2021; LII:1265]                                                             

Non
-co

mmerc
ial

 us
e o

nly



Results by crop type
To evaluate the variability of the overall accuracy with the crop

type, comparisons were made between the accuracies found in
tobacco and corn (the two main irrigated crops, Figure 2) and
between winter wheat and sunflower (the two main rainfed crops,
Figure 2). 

For this particular purpose, Equation (1) was applied using as
the denominator the total number of fields of the specific crop and
as the numerator the number of plots of the same crop correctly
classified as irrigated (for tobacco and maize) or non-irrigated (for
wheat and sunflower).

The 1:1 plots of Figure 7 summarize the results of this analy-
sis: on the left (Figure 7A-C), there are the comparisons between

the accuracies obtained for maize and tobacco from the different
datasets in three salient phases of the irrigation season (22nd week,
27th week, 33rd week); on the right side (Figure 7D-F), the same
information is given for the comparisons sunflower vs. wheat.

Concerning the comparison between tobacco and maize
(Figure 7A-C), the analysis shows significant differences in the
OAs obtained with the same dataset. In the first week, the datasets,
including radar data, alone or combined with precipitation, provide
slightly better OAs for maize than tobacco. However, the differ-
ences are relatively modest and reach a maximum of 10 percentage
points for the ‘S1_VV + p’ dataset. The datasets, including S2 data,
are generally much better performing for tobacco, with differences
of up to 30 percentage points (e.g., ‘S2_MSAVI’ and ‘S2_MSAVI

                             Article

Figure 6. User’s and producer’s accuracies of the models considered for rainfed and irrigated fields based on the features available at the
beginning of irrigation season (22nd week) and after 6 weeks (27th week). For Landsat data, the first available week is the 23rd. See Table
3 for the description of the dataset codes.
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Figure 7. A-F) 1:1 plots showing the comparison of the overall accuracy in recognition of irrigated and rainfed fields for the two main
irrigated crops (tobacco and maize) and the two main rainfed crops (wheat and sunflower) in three phases of the irrigation season. For
Landsat data, the first available week is the 23rd. See Table 3 for the description of the dataset codes.
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+ S1_vv + p’). As the irrigation season progresses and, therefore,
with the increase in the number of available features, it is observed
that all the datasets provide better performance for tobacco than for
maize. For tobacco, many models (e.g., ‘S2_MSAVI + S1_VV’;
‘S2_MSAVI + S1_VV + p’; ‘LS_MSAVI’; ‘LS_NDVI’;
‘S2_MSAVI’; ‘S2_NDVI’) reach OAs close to 100%; for maize
instead, the best models do not exceed 87% OA. 

Concerning the comparison between sunflower and wheat,
wheat fields are generally correctly recognized as rainfed more fre-
quently than sunflower fields (Figure 7). The most relevant differ-
ences are observed at the beginning of the irrigation season (22nd

week, Figure 7D). In this period, most of the radar-derived datasets
have OAs lower than 50% for sunflower and higher than 85% for
wheat. Relevant differences (between 20 and 30 percentage points)
are also observed for the other datasets. The only exception is the
S1_VH dataset, for which the OA is around 60% for both wheat
and sunflower. With the increase in the number of features
(progress of the irrigation season), the differences in accuracy
between the two crops become more and more modest, although
non-irrigated wheat-type plots continue to be recognized with
greater accuracy than those with sunflowers.

Discussion
All the tested datasets reach maximum OA as early as the mid-

dle of the irrigation season (i.e., 30th week of the year or second
half of July, Figure 4). In this period, the optical-derived datasets
have OAs that stand at an average value of 94% against 90% of the
radar-derived datasets. Furthermore, all the models are balanced,
with modest differences between the UA and PA (Figure 6).

In general, the OAs obtained in this analysis are slightly higher
than those found in most previous studies that dealt with similar
applications. For example, Pageot et al. (2020), based on cumula-
tive data (radar, optical, and weather), indicated OA≈70%; Dari et
al. (2021) and Gao et al. (2018), based only on microwave data,
obtained OAs of about 78% and 82%, respectively. Our OAs are
somewhat similar to those indicated by Bazzi et al. in Catalonia,
although in that case, the SAR and optical data accuracies are
respectively about 94 and 92%, respectively. Indeed, having con-
sidered a relatively small study area and selected agricultural
parcels may have increased the overall accuracy.

Landsat optical data prove to be as reliable as Sentinel data,
although longer revisit times can make identification less timely
and effective. Moreover, the accuracy’s difference obtained from
two optical indices considered (NDVI and MSAVI) is generally
negligible. 

The use of combined databases (SAR + rainfall, or SAR +
optical, or SAR + optical + rainfall) showed the best performance
in all the tests obtaining OAs close to 96% (Figure 4). This result
agrees with the previous works found in the literature, highlighting
the advantage of the combined use of rainfall and SAR data and
SAR and optical data (Bazzi et al., 2019; Pageot et al., 2020). Also,
in the case of S1 radar data, following Pageot et al. (2020), the
advantage of using the ratio of VV and VH polarizations is noted.
Furthermore, the combination of SAR and weather information (in
this case, precipitation) allows appreciable increases in the OA,
particularly in the early irrigation season. In this regard, precipita-
tion features at a spatial resolution finer than the E-OBS grids
could further enhance the classification accuracy, but at present,
the E-OBS dataset represents the most detailed gridded precipita-

tion product available for the whole Italian Peninsula.
Regarding the early recognition of irrigated areas, there are rel-

evant differences between the datasets considered (Figure 4). In
this regard, few previous works have dealt with the analysis of
these differences. An example can be found in Bazzi et al. (2019),
which report increases in OA similar to those shown in Figure 4,
underlying, as in our case study, the advantage of combined data
sources in early recognition. However, the most evident result is
the clear superiority of the datasets based only on optical data com-
pared to data based only on radar data (Figure 4). This was also
confirmed by the variable importance analysis (Figure 5), which
shows the relatively higher importance of the early optical fea-
tures. This behaviour can be attributed to the vegetational charac-
teristics of the crops present in the study area in the different phas-
es of the irrigation season. In fact, at the beginning of irrigation
season (i.e., 22nd week, end of May), irrigated crops are at the very
early growth stage (Table 2), with most of the field surface repre-
sented by bare soil.

Conversely, most non-irrigated crops (winter cereals, forage,
and hay) are in full development. In this situation, the optical
indices allow obtaining high accuracy even from a single feature
based on the vegetative vigour (Figure 5). In the late irrigation sea-
son, the recognition by the optical indices is still accurate because,
in this case, the irrigated crops are at their maximum development.
In contrast, the non-irrigated crops are already harvested (e.g.,
winter cereals) or not very vigorous (e.g., forage). However, this
behaviour indicates that recognizing irrigated areas based only on
optical indices could be unreliable in areas characterized by crop
or cultivation practices different from those present in the Upper
Tiber River Valley. To demonstrate this consideration, Figure 8
shows the comparison between the OAs of two exemplary optical
and radar datasets (‘S2_MSAVI’ and ‘S1_VV’, respectively) using
an RF classifier based only on the single feature related to a spe-
cific week of the irrigation season.

As shown in Figure 8, while the OA of the radar dataset
‘S1_VV’ increases and remains relatively stable at around 75%,
the OA of the optical dataset is characterized by a wider variability.
In particular, the OA is ≤60% in two weeks (27th and 28th). This is
a transition period in the study area, during which non-irrigated

Figure 8. Overall accuracy (%) of the random forest classifiers for
the ‘S1_VV’ and ‘S2_MSAVI’ datasets was obtained using the sin-
gle feature of each week. See Table 4 for the description of the
dataset codes.
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crops begin to be harvested (i.e., vigour decrease) and irrigated
crops start to become well developed (Table 2), with a consequent
drastic reduction in the accuracy of the classifiers based on a single
optical feature. Furthermore, optical data are not always available
due to cloud coverage. For example, the optical data in the 2016
irrigation season were not considered due to their high discontinu-
ity. In this situation, even if it would have been possible to evaluate
the effectiveness of recognition in the late irrigation season, an
early evaluation, similar to that obtained in 2017, would not have
been possible. On the other hand, the radar data, although it takes
2-3 weeks of observations to reach satisfactory accuracy values
(Figure 4), proved to be effective in both dry and wet years. 

The study has also shown that the crop type significantly
affects the identification accuracy of irrigated and rainfed fields
(Figure 7). Among the irrigated plots, those with tobacco are rec-
ognized with greater accuracy than those with maize. Among rain-
fed fields, those with wheat are better recognized than those with
sunflowers. In both cases, a possible explanation is that crops asso-
ciated with lower recognition accuracies (maize and sunflower) are
less represented in the study area (Figure 2). We carried out further
simulations imposing balanced numbers of fields with the crops
mentioned above to verify this effect. In the case of irrigated crops,
the use of datasets with a similar number of tobacco and maize
plots does not lead to significant changes in the accuracies indicat-
ed in Figure 7A-C.

On the other hand, maize is a crop with a slightly earlier
growth cycle than tobacco (Table 1); therefore, in the initial phases
of the irrigation season, this crop may already be sufficiently
developed to produce an optical response similar to some rainfed
crops, thus reducing the related recognition accuracy (Figure 7A).
This problem does not affect radar indices which perform similarly
for tobacco and maize (Figure 7A). As the season progresses
(Figure 7B and C), the OA differences between tobacco and maize
tend to reduce, but the better recognition accuracy of tobacco fields
is still evident. The explanation may lie in the fact that the irriga-
tion management reserved for tobacco (a high-income crop) is usu-
ally more careful than that applied to a staple crop like maize.
Moreover, maize’s high crop density could negatively affect radar
indices, which tends to suppress information on surface soil mois-
ture (Gao et al., 2017).

In the case of rainfed crops (sunflower and wheat), we found
that more balanced databases allow to significantly improve the
recognition accuracy for sunflower as a rainfed crop of all datasets.
The poor accuracy obtained by many datasets in the first period of
the irrigation season (Figure 7D) is justifiable since the sunflower,
although not irrigated, has a growth cycle very similar to that of the
main irrigated crops. This factor can make recognition based on
single features and single sources unreliable in the initial stages of
the irrigation season (Figure 7D). However, even in this challeng-
ing case, multiple sources datasets (e.g., ‘S2_MSAVI + S1_VV +
p’) allow obtaining satisfactory accuracy from the beginning of the
season.

Conclusions
The main objectives of the work were to evaluate the effective-

ness of different RS data in the early recognition of irrigated and
non-irrigated plots and evaluate how the crop type can influence
the recognition.

The analysis of the results has shown that the classifications
based on the indices derived from S1 SAR data are reliable in most

situations. The index based on the VH and VV polarizations ratio
has the best performance with accuracies close to 90% with only
three features (i.e., three weeks). All the radar-type indices benefit
from additional information on precipitation, although the contri-
bution of this feature becomes less and less important as the irriga-
tion season progresses.

Under conditions of limited cloud coverage, optical indices
like NDVI and MSAVI (from Landsat 8 and Sentinel-2) have
shown excellent performance in the early recognition of irrigated
areas. The overall accuracy is close to 90% already from the begin-
ning of the irrigation season. However, it was also underlined how
the recognition with optical indices only could be critical when
rainfed and irrigated crops have similar vegetative characteristics.

In conclusion, we recommend using combined datasets
because, in general, they allow obtaining satisfactory accuracy
with a single observation period and are robust to recognition
problems deriving from the low representativeness of some crop
typologies or their peculiar characteristics.
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