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A B S T R A C T   

The increase in food production due to the expansion of agricultural lands has led to the intensive use of (mainly) 
fresh water for irrigation. A key challenge for irrigated agriculture has thus become to optimize the use of 
available water resources to fit environmental constraints while satisfying the increasing food demand, achieving 
efficient uses of irrigation water, i.e. well-thought sequences of irrigation dates and amounts. In coherence, we 
developed a methodology based on the automated acquisition of Leaf Area Index (LAI) values, derived from 
remote sensing data, confronted with predictions drawn from the Optirrig crop growth and irrigation model, to 
solve the inverse problem of detecting irrigation dates and amounts, at the plot scale and for maize crops grown 
in the Occitanie region, France. The method consisted of seeking possible irrigation events (dates, amounts) 
between two cloud-free Sentinel-2 (S2) optical images and detecting the most probable of these events, 
responsible for the least difference between the predicted and observed, S2-derived LAI values (LAIS2). The 
approach was first tested with synthetic noisy values to encompass the effects of errors on the observed and 
modeled LAI values, and these of increased duration between available observations (cases ΔS2= 5, 10,and 15 
days), promoting the possibility to use daily-interpolated LAI values as a starting point for the inverse problem 
(ΔS2 is fixed to 10 and 15 days then values are interpolated and recorded on a 5 days basis, cases ΔS2= 5mod10 
and 5mod15 days, respectively). From the synthetic dataset, irrigation dates detection results showed that the 
best performance is obtained for ΔS2= 5 days or when using daily interpolated LAI values when ΔS2= 5mod10 
or 5mod15 days with an F − score near 85%. Most irrigation dates were detected with errors between 0 and 3 days, 
while irrigation amounts (20, 30 or 40 mm) were correctly identified in over 80% of cases, when simulating dry 
climatic conditions typical of the Mediterranean ring. For the documented real cases, the irrigation dates were 
detected with an overall recall value of 81.6% when evaluated using daily-interpolated LAIS2. The irrigation 
amounts are correctly identified for only 28.5% of the detected irrigation dates for the plots located in Mont
pellier. In contrast, the detection of the irrigation amounts was not possible over the plots in Tarbes. This 
weakness in the detection of irrigation amounts seems related to the fact that Optirrig simulates the exact crop 
irrigation requirements, based on a soil water balance equation and accurate soil moisture calibration, while 
farmers’ decisions are taken on different grounds in the field. Overall, the obtained results prove the relevance of 
the combined used of Optirrig and optical remote sensing data for the detection of irrigation dates, and possibly 
amounts, at field scale.   
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1. Introduction 

The world’s population is expected to grow to almost 10 billion in 
2050, boosting the demand for food and putting pressure on the global 
food supply (Godfray et al., 2010; Tilman and Clark, 2015). A huge in
crease in food production has been achieved through the expansion of 
agricultural lands and the more intensive use of inputs as natural re
sources (Nathan and Scobell, 2012). In this context of combined climate 
change and growing population, intensified agricultural systems over
use chemicals, water, plant nutrients and pesticides to increase agri
cultural production (DeLancey et al., 2019; Ercin et al., 2019). 

In fact, irrigated agriculture is by far the main consumer of fresh 
water and accounts for 70% of the total freshwater withdrawals (Pokhrel 
et al., 2016). Water needs devoted to irrigated agriculture are even ex
pected to increase, posing serious constraints on irrigation and fresh
water availability, especially in the most water-scarce regions, such as 
the Mediterranean ring (Mekonnen and Hoekstra, 2014). Due to the 
increase of drought-affected areas, irrigation is nonetheless becoming 
essential for optimal crop development and production (Elliott et al., 
2014; Monaco et al., 2014) while agriculture is also facing the challenge 
of enhancing water use efficiency by adopting new approaches of water 
resources management (Biagini et al., 2014; Hubert et al., 2010; Liebisch 
et al., 2015; Sellami et al., 2022). Research on irrigation has therefore 
focused on crop yield responses to water supply, seeking improved ratios 
between crop yield and cumulative, seasonal irrigation amounts (Chen 
et al., 2010; Köksal, 2011). However, identical water quotas used with 
different scheduling strategies, drawn from different decision rules, 
most likely lead to different crop yields: the fine dynamics of irrigation 
(dates, amounts, triggers, start and ending dates of the growing season) 
should be considered as of great importance in several fields related to 
both food security (Burney et al., 2010; Ozdogan, 2011) and water re
sources management (Dai and Li, 2013; Ge et al., 2013; Ouaadi et al., 
2021; Wu et al., 2015). 

Maize (Zea mays L.) is one of the most important agricultural grains 
and a staple food in many countries (Fischer et al., 2014) which 
accounted for 10% of global crop production in the 1996–2010 period 
(Mekonnen and Hoekstra, 2016). Although potentially very productive, 
maize has high water and nitrogen demands, water and nitrogen stress 
being in turn the main constraints limiting production and productivity 
(Piscitelli et al., 2022; Schlüter et al., 2012). These limitations are likely 
to increase in the future because climatic change is expected to decrease 
the overall precipitation during the cropping season (Lobell et al., 2011). 
Increasing maize productivity in these present or future semi-arid en
vironments will depend on the efficiency of water but also on crop 
management, for example through earlier sowing dates or the choice of 
different varieties, suggesting ad hoc, adapted irrigation strategies 
(Garcia y Garcia et al., 2009; Skuras and Psaltopoulos, 2012) and site 
management practices (Araus et al., 2018; Tilman et al., 2011). Finally, 
the stakeholders and policymakers should use all available tools in order 
to maximize irrigation efficiency or to supervise irrigation decisions. A 
possible approach for that is to combine crop growth modeling with 
remote sensing products (Hsiao et al., 2009; Mullen et al., 2009). 

Remote sensing has been recognized as an effective tool to retrieve 
spatially-distributed plot-scale and regional-scale information about 
crop development and water requirements, leaning on the increasing 
availability of satellite observations with high spatial and temporal 
resolutions (Abuzar et al., 2015; Brown and Pervez, 2014). Biophysical 
variables, such as LAI, can be derived from optical data and allows to 
monitor the canopies’ development. In fact, the methods to estimate 
these variables, using remote sensing data, on field crops are now 
well-validated (Weiss et al., 2004). In particular, satellite remote sensing 
has proven highly effective for mapping and monitoring irrigated areas 
(Demarez et al., 2019; Salmon et al., 2015; Thenkabail et al., 2005), 
either with optical (Gumma et al., 2011; Xiang et al., 2019) or radar 
sensors (Bazzi et al., 2020b; Bousbih et al., 2018; Dari et al., 2020; Gao 
et al., 2018; El Hajj et al., 2017; Zribi and Dechambre, 2003). Since the 

synthetic aperture radar (SAR) signal is sensitive to the soil water con
tent (Aubert et al., 2011; El Hajj et al., 2016; Hamze et al., 2021), SAR 
data have proven relevant for mapping irrigated areas (Bazzi et al., 
2020a; le Page et al., 2020; Pervez and Brown, 2010). The fact that 
irrigation increases the soil water content makes the detection of irri
gated areas possible using SAR data that are significantly affected by 
surface soil moisture (Bazzi et al., 2019; Pageot et al., 2020). In addition, 
several studies have shown the potential of SAR observations, mainly 
surface soil moisture estimates, for irrigation event detection (Aubert 
et al., 2013; Ouaadi et al., 2021). In a recent study, Bazzi et al. (2020b) 
utilized Sentinel-1 SAR backscattering coefficient and Sentinel-2 (S2) 
normalized difference vegetation index (NDVI) to develop a near 
real-time approach for retrieving irrigation timing across various crop 
fields in France and Spain. Their approach involves a change detection 
methodology that analyzes two consecutive S1 observations to identify 
irrigation. According to the findings, the proposed method successfully 
identified irrigation events that took place over the agricultural plots 
with an overall accuracy of 84% approximately. However, the ability to 
detect irrigation events from SAR data mainly depends on the revisit 
time and the radar wavelength (SAR characteristics) as well as on the 
vegetation cover (crop type, and growing phase) (le Page et al., 2020). 
The detection of irrigation events could be hampered by too large revisit 
times due to the quick dry-up of soil surface 2–3 days after irrigation, 
leading to water content values similar to those before irrigation (El Hajj 
et al., 2014). Moreover, El Hajj et al. (2019) have shown that, over cereal 
crops and grasslands, the usually used (C-band) SAR data could present 
some limits for estimating soil moisture, due to the low penetration of 
the signal under well-developed vegetation covers. This pleads for the 
forthcoming use of L-band data (lower frequency, longer wavelength, 
and better penetration) for future applications. 

On the other hand, optical images have been extensively used to map 
irrigated areas, based on the difference between the spectral reflectance 
of irrigated and that of non-irrigated crops, at least in the crop growth 
periods (Dheeravath et al., 2010; Ozdogan and Gutman, 2008; Pageot 
et al., 2020) and mainly for cereals. This approach relies on the spectral 
characteristics of the crops, related to the greenness and healthiness of 
the leaves that allegedly differ between irrigated and non-irrigated 
crops. The interpretation of several optical vegetation indices such as 
the NDVI (Ambika et al., 2016), the normalized difference water index 
(NDWI) (Deines et al., 2017) or the greenness index (GI) (Chen et al., 
2018), has proven to be suitable to investigate the difference in the 
spectral characteristics of the crops. Despite the high availability of 
optical data with spatial and temporal resolutions suitable for irrigation 
monitoring, specifically S2 data, few studies have assessed the potential 
of optical vegetation indices for detecting irrigation events (dates and 
doses). Chen et al. (2018) proposed a new approach to monitoring 
irrigation using MODIS (moderate resolution imaging 
spectro-radiometer) time series in combination with Landsat images 
with 30-m spatial resolution. In their study, the irrigation detection 
approach consisted of counting the possible water supplementations 
through a threshold-based model based on greenness index (GI) values. 
Their method showed promising results with an overall detection ac
curacy of 87%. Even with the interesting revisit time and spatial reso
lution of the new satellites (5 days and 10 m for S2) the presence of 
clouds could restrict the use of optical data for irrigation monitoring and 
mapping, at least when using optical data only. 

Over the last 30 years, crop growth models have shown great po
tential as a valuable and powerful tool to assess agronomical needs and 
traits (e.g. crop water requirements; biomass, and crop yield), which 
makes them suitable for crop development monitoring (Garrison et al., 
1999; Hook, 1994; López-Cedrón et al., 2008). A crop growth model is 
most often a set of equations that simulate plant physiological processes 
and growth (leaves, roots, and fruits), typically at a daily time step (A 
and Maitra, 2018), as well as the interaction between the “soil-
plant-atmosphere-management” (Hoogenboom, 2000; Wallach et al., 
2018), in order to estimate crop yield, based on different soil and crop 
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properties, irrigation management practices and climatic conditions 
(Brisson et al., 2003; Jones et al., 2003). These multidisciplinary ap
proaches to crop modeling have led to the development of refined and 
updated crop models, such as WOFOST (de Wit et al., 2019), DSSAT 
(Hoogenboom et al., 2019), APSIM (Holzworth et al., 2014), AQUA
CROP (Steduto et al., 2009), STICS (Brisson et al., 2003) or CropSyst 
(Stöckle et al., 2003). For instance, Hsiao et al. (2009) conducted a study 
to parameterize and test AquaCrop using data collected at the University 
of California Davis. The results showed that AquaCrop was able to 
properly simulate the canopy cover, biomass development, and grain 
yield of four maize cultivars over six different crop seasons differing in 
plant density, planting date, and atmospheric evaporative demand, with 
irrigation treatments that withheld the water up to tasseling, from tas
seling onward, intermittently, or completely, under conditions of little 
rainfall but with the soil at or near field capacity at planting time. In 
addition to crop yield predictions, crop models can also be used to 
evaluate crop water requirements or to determine the optimum irriga
tion management strategies (Guerra et al., 2007; Nijbroek et al., 2003) 
possibly in support of public policies. Even though, crop modeling ap
plications mostly focused on crop yield predictions (Hoogenboom, 2000; 
Jones et al., 2003, 1998) with significant variability in accuracy and 
robustness between models (Palosuo et al., 2011; Rötter et al., 2012). A 
Crop growth model, such as Optirrig, is a set of equations that simulate 
plant physiological processes and growth (leaves, roots, and fruits), 
typically at a daily time step, (A and Maitra, 2018) in order to estimate 
crop yields, based on different soil properties, crop management prac
tices and climatic conditions (Brisson et al., 2003; Cheviron et al., 2016; 
Jones et al., 2003). Therefore, crop models are considered powerful 
tools to define crop water requirements and optimize irrigation man
agement strategies (Guerra et al., 2007; Nijbroek et al., 2003). Even if 
crop models are easily implemented at the field scale where the main 
soil properties and agricultural practices can be collected from field 
surveys, their implementation over larger areas is often limited by the 
availability of input data (Courault et al., 2021). Thus, uncertainties in 
estimations of daily or seasonal model variables (soil water reserve, crop 
development, biomass accumulation, and final yield) are often related to 
the lack of knowledge about soil characteristics and crop management 
practices over large areas (Cheviron et al., 2016; Jin et al., 2018; Mailhol 
et al., 2011). In order to overcome these uncertainties, various studies 
have incorporated information derived from remote sensing (Claverie 
et al., 2012; Courault et al., 2021, 2010; Fieuzal et al., 2011; Huang 
et al., 2016; Kang and Özdoğan, 2019). 

These limitations hopefully fall when combining the use of remote 
sensing data and that of a crop model, which has a high potential to 
monitor the use of water resources at the field and regional scale (Bas
tiaanssen et al., 2000; Saadi et al., 2015; Toureiro et al., 2017; Yao et al., 
2015). The addition of remote sensing data can also improve the esti
mation accuracy of crop yields in regional studies conducted on sugar 
beet (Bouman, 1995; Guérif and Duke, 2000), winter wheat (Curnel 
et al., 2011; Dente et al., 2008; Huang et al., 2015; Jongschaap and 
Schouten, 2005) and maize (Maas, 1988; Wang et al., 2013). For 
example, Jongschaap and Schouten (2005) reported that the simulated 
regional wheat production, by integrating into the ROTASK model the 
flowering date estimated from remote sensing data, was in agreement 
with agricultural statistics and that the wheat area could be estimated 
with an overall users’ accuracy of more than 80%. 

In coherence, Duchemin et al. (2015) have demonstrated that 
coupling optical data with a crop growth model allowed better perfor
mances for yield and biomass predictions, thanks to the higher precision 
in the simulation of the crop water requirements and soil water content 
through the soil water budget part of the model. Battude et al. (2017) 
developed a model based on the green area index (GAI) and green cover 
fraction (FCOVER) data, derived from high spatial and temporal reso
lution optical images, combined with a crop model coupling the Simple 
Algorithm For Yield estimates (SAFY, (Battude et al., 2016; Duchemin 
et al., 2008)) to a water balance model adapted from the FAO-56 method 

(Allen et al., 1998). The coupled model was used to estimate the dy
namics of actual crop evapotranspiration (AET) and retrieve the irriga
tion amounts on maize plots in the Southwest of France. This allowed us 
to obtain good estimations for AET (R=0.88 and RRMSE=20%) as well 
as for the total irrigation amounts applied over the maize fields (R=0.79 
and RRMSE=18.8%). In fact, LAI estimated from remote sensing data 
was mainly incorporated as a state variable into crop models (Bouman, 
1995; Clevers et al., 2002; Courault et al., 2021; Hadria et al., 2006; 
Huang et al., 2001; Schneider, 2003; Thorp et al., 2010; Tripathy et al., 
2013; Yao et al., 2015). For instinct, Ines et al. (2013) assimilated 
remotely sensed MODIS LAI products into the DSSAT-CSM-Maize, using 
the Ensemble Kalman filter) for maize yield estimation. The results 
showed that the assimilation of LAI improved the performance by 
decreasing the root mean squared error (RMSE) of yield estimates by 
1.1 t/ha (RMSE decreased from 4.7 to 2.9 t/ha). In addition, Courault 
et al. (2021) used a spatially-distributed version of the STICS crop model 
(Brisson et al., 2003) along with daily interpolated Leaf Area Index (LAI) 
values derived from S2 and acquired over rice fields and assimilated in 
the model via a forcing mechanism, to evaluate the potential of optical 
images in combined approaches for monitoring rice cropping systems 
and yield at farm scale and larger scales. Their results have shown that 
the assimilation of S2 data significantly improved the plot-scale yield 
estimation and provided useful information on the spatial variability of 
yields at the regional scale. Those findings demonstrate that the 
phenology information provided by canopy state variables, such as LAI, 
controls crop matter distribution during the growth process, which 
makes it a valuable indicator of crop water status and thus essential for 
all crop growth models. In addition, LAI derived from optical remote 
sensing has greatly improved the ability to monitor crop growth and 
development at regional and field scales (Chrysafis et al., 2020; Clevers 
et al., 2017; Zheng and Moskal, 2009). In fact, irrigation and water stress 
influence greatly crop development and growth and, consequently, 
biophysical parameters derived from optical remote sensing such as LAI 
(Ban et al., 2019; Han et al., 2021; Pôças et al., 2015). Hence, several 
studies have demonstrated the potential of using LAI derived from 
Sentinel-2 data as a valuable index of crop irrigation requirements and 
water stress (Jin et al., 2020; Tewes et al., 2020; Zhuo et al., 2019). 
Therefore, the key point of the integration of remote sensing-derived 
biophysical parameters in crop modeling for irrigation detection and 
optimization applications is to determine how sensitive the crop 
growth-related outputs of a crop model, such as LAI, are to changes in 
irrigation levels and water stress. Dynamic crop models that are 
process-based and integrate a water balance and evapotranspiration 
components (e.g. AquaCrop (Steduto et al., 2009), STICS (Brisson et al., 
2003), SAFYE (Duchemin et al., 2005), Optirrig (Cheviron et al., 2016)) 
have shown great ability to monitor the effect of water application and 
stress on plant growth and simulate the crop response to irrigation water 
(Castañeda-Vera et al., 2015; Duchemin et al., 2008; Mailhol et al., 
2018; Silvestro et al., 2017; Varella et al., 2012). For instance, Mailhol 
et al. (2011) conducted a study over irrigated maize plots to analyze the 
potential of the PILOTE model (the agronomic and the hydrological core 
of the Optirrig) for crop development and yield prediction. The model 
allowed satisfactory simulations and prediction of the soil water balance 
and LAI along the cropping cycle. In fact, PILOTE simulates soil water 
balance and crop yield at a daily time step by the association of a soil 
module and a crop module that is based on the LAI simulation and its 
response to water stress and soil available water. In addition, Varella 
et al. (2012) applied a global sensitivity analysis on the input parameters 
of the STICS model in order to determine the importance of different soil 
parameters. The LAI have shown unique high sensitivity to the initial 
soil water content and the water content at field capacity at the stage of 
maximum leaf growth rate and flowering stage of the crop cycle, 
respectively. Therefore, incorporating the information derived from 
remotely-sensed LAI in crop models using simple assimilation methods, 
such as forcing methods, has great potential in providing valuable in
formation about crop transpiration and water stress and therefore 
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assessing crop response to several agricultural practices, especially 
irrigation (Jin et al., 2018; Silvestro et al., 2017). 

Although operational objectives of regional-scale supervision would 
certainly require the use of both radar and optical data, in combination 
with a crop model, this paper focuses on "how far can we go by resorting 
to LAI data only?". The crop model used here is the Optirrig model 
(Cheviron et al., 2016; Cheviron et al., 2020) for the simulation, anal
ysis, and optimization of irrigation scenarios. The assigned exploratory 
objective to Optirrig is the identification of the real series of irrigation 
events (dates and amounts) for several irrigated maize fields in the 
Occitanie region in Southeast France. The method is based on an 
inversion approach that seeks the irrigation events that minimize the 
difference between the LAI values derived from optical images and the 
LAI values simulated by Optirrig, at the dates of available S2 observa
tions. First, synthetic experiments were performed to assess the impact 
of S2 revisit time (time lag between two cloud-free images) and the error 
on LAI, derived from optical images, using noisy LAI values mimicking 
the error on S2 observations. Second, daily interpolated LAI values 
derived from S2 are used. The performance of the proposed irrigation 
detection approach is reported and assessed based on the real and the 
detected irrigation dates and amounts applied over the studied maize 
plots. 

2. Material and method 

2.1. Study sites 

In this study, two different irrigation sites are selected in the Occi
tanie region (Southern France). The first one is an experimental field, 
located in the Northern part of Montpellier, in the south-east of France 
and the second one is near Tarbes, in the south-west of France (Fig. 1). 
Montpellier finds itself in a zone with typically Mediterranean climatic 
conditions characterized by a warm and temperate climate (average 

annual temperature of 15.0 ◦C). The average annual precipitation is 
629 mm and rainfall mostly occurs in winter. 

By contrast, the climate in Tarbes is humid to oceanic with an 
average annual precipitation of 1200 mm. The summer season is much 
more humid than in Montpellier with an average precipitation of 
300 mm from June to September. However, in both regions, irrigation 
mainly occurs in the summer season, usually starting in June and ending 
in September, depending on local conditions. Field trials were con
ducted in three reference plots (described in Section 2.2), the M1 plot in 
2017 in Montpellier then the M2 and M3 plots near Tarbes, in 2019 and 
2020, respectively (Fig. 1). 

The Occitanie region is an important agricultural area where various 
cereals and spring/summer vegetables are cultivated. The most culti
vated cereals in Occitanie (maize, soybean, wheat, barley, and sun
flower) represent 34% of the whole cultivated area in the region, 
according to the agricultural Land Parcel Information System provided 
by the French Services and Payments Agency (Cantelaube and Carles, 
2015). Coping with low and very variable rain amounts, recurrent water 
stress, and also heat stress are the main challenges for cereal growers in 
the region, considering irrigation as insurance to obtain enough yield 
but facing the issue of limited resource availability. 

2.2. Site management and meteorological data 

For an overview, the total number of irrigation events is given in  
Table 1 for each plot, together with sowing and harvest dates. In 
Montpellier, the M1 plot is a deep soil of colluvial-alluvial origin. Its 
texture is silty clay loam (around 24% clay, 44% loam, and 32% sand) 
which is characterized by an important water-holding capacity (Soil 
Survey Manual, 2017). Near Tarbes, the M2 and M3 plots are of silt loam 
texture with high fertility and significant drainage capacity (Kettler 
et al., 2001). 

Air temperature (Tmin, and Tmax), solar radiation (Rs), rainfall (R), 

Fig. 1. Location of the two study Sites in France. The Occitanie region is outlined in orange. The three experimental maize plots in Montpellier in 2017 (M1) and 
Tarbes in 2019 (M2) and 2020 (M3) are shown on the right. 
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and Penman-Monteith reference evapotranspiration (ETo), were 
collected on site (Table 2). 

Fig. 2 shows daily average air temperature (Tavg in ◦C), Penman- 
Monteith reference evapotranspiration (ETo in mm), and rainfall (R in 
mm) in the three experimental plots, M1, M2, and M3, over the days 
after seeding (DAS). 

2.3. Optirrig model description 

Optirrig is a crop growth and irrigation model composed of an inner 
module in charge of the hydrological and agronomical calculations, and 
an outer module that deals with the generation, analysis an,d optimiza
tion of irrigation scenarios. Optirrig takes most of its agronomic part 
from adaptations of the former Pilote model (Mailhol et al., 2011, 1997) 
developed within the same research team. Optirrig simulates crop 
growth and yield as a function of water and nutrients availability and 
consumption, focusing on the identification of relevant irrigation and 
fertilization practices and decision rules (see Cheviron et al., 2016), 
mainly over cereals and horticulture. The model version used here is the 
one devoted to field crops, whose conceptual scheme appears in Fig. 3. 
No nitrogen stress is assumed to occur since fertilization was sufficient 
on the study sites: the nitrogen cycle part of the model is therefore not 
shown. 

In its inner hydro-agronomic module, Optirrig performs a daily water 
balance that encompasses infiltration and drainage, evaporation and 
transpiration, and changes in soil water reserves (R1, R2, R3) in the 
surface, root-zone, and deep reservoirs, respectively. Optirrig requires 
four daily climatic forcings: precipitations (P), mean air temperature 
(T), potential evapotranspiration (ET0), and total global solar radiation 
(Rg). In addition, irrigation (I) could be required for Optirrig as a 
management forcing parameter. Crop growth is followed through the 
dynamics of the Leaf Area Index (LAI) which is predicted from thermal 
time (TT) and possibly hampered by water stresses (Sw), illustrated in 
Fig. 3. The crop coefficient (Kc) and partition coefficient (Cp) are 
calculated from LAI as the vegetal cover is known to govern the partition 

of ET0 into transpiration demand (Tp0) and evaporation demand (Es0). 
The actual transpiration (Tp) and evaporation (Es) amounts are then 
calculated from the available water reserves, whose values are then 
updated. Biomass accumulation (TDM) is calculated from radiation 
interception and is also possibly affected by water stresses. Finally, crop 
yield (Y) is evaluated through the harvest index (HI) whose value differs 
from a potential value if the chronicle of LAI values throughout the 
cropping season denotes significant water stresses. Table 3 adds more 
details, especially on the soil and crop parameters involved. 

In its outer layer, Optirrig enables the generation and analysis of 
multiple irrigation scenarios for water efficiency improvement and yield 
optimization purposes. The model’s structure also provides the possi
bility to use independent information (regarded as observations) on 
some of the state variables, for various classical (e.g. model fitting) or 
exploratory purposes. Here, the LAI values obtained from remote 
sensing will be compared to the predicted LAI values, seeking the irri
gation dates and doses that close the gap between observations and 
predictions. 

2.4. Sentinel-2 data 

Numerous cloud-free optical images of Sentinel-2 (S2) were available 
throughout the cropping seasons of 2017, 2019, and 2020: 15 images on 
the M1 plot, 21 on the M2 plot, and 17 on the M3 plot, yielding as many 
"observed" LAI values. The images were downloaded for each study site 
via the Theia website (https://www.theia-land.fr/) which provides S2 
images corrected for atmospheric effects through the Level-2A opera
tional processor that uses algorithms of scene classification and atmo
spheric correction, described by Hagolle et al. (2018). 

The LAI values obtained from S2 (LAIS2) were derived using the built- 
in Biophysical processor, also called Sentinel-2 Level 2 Prototype Pro
cessor (SL2P) within the Sentinel Application Platform (SNAP). The 
Biophysical processor behind the SL2P is the Sentinel-2 Toolbox 
(S2Tbx), developed by Weiss and Baret (2016). The S2Tbx uses eight 
reflectance bands (B3, B4, B5, B6, B7, B8A, B11, and B12), using 

Table 1 
Summary of experimental maize plots’ irrigation and crop management practices.  

Region Year Plot Number of irrigations Sowing date Period of irrigation Harvest date Irrigation method 

Montpellier 2017 M1 10 15 April 28 June – 
8 August 

25 September Sprinkler (Raingun) 

Tarbes 2019 M2 4 01 May 1 July – 
29 July 

01 October Sprinkler (Raingun) 

Tarbes 2020 M3 3 08 May 9 July – 
6 August 

30 September Sprinkler (Raingun)  

Table 2 
Monthly climatic data for the maize experimental plots, M1 in Montpellier, and M2 and M3 in Tarbes: Minimal and maximal air temperature (Tmin, and Tmax in ◦C), 
daily averaged values of Rs (Avg-Rs in MJm-2d-1), rainfall (R in mm/month) and Penman-Monteith reference evapotranspiration (ETo in mm/month).  

Plot Year Month Tmin (◦C) Tmax (◦C) Avg- Rs (MJm-2d-1) R (mm/month) ETo (mm/month) 

M1 2017 April 9.5 17.6 20.75 39.5 93.7 
May 11.3 23.1 24.1 27.4 131.2 
June 18.7 28.7 25.97 73.2 166.3 
July 20.1 28.3 26.06 4.7 182.2 
August 19.7 30.9 20.84 8.9 145.1 
September 13.8 23.6 16.31 6.5 93.9 

M2 2019 May 0.7 26.3 20.3 117.8 104.3 
June 6.8 35.4 22.1 65.6 127.9 
July 10.9 36.6 21.2 100.8 133.4 
August 9.6 32 18.8 119 109.2 
September 6.4 29.3 16.5 57.6 78.1 
October 5.1 31.4 9.5 91.6 37.8 

M3 2020 April 1.1 23.7 15.6 159.2 78.2 
May 9.3 29 21.5 77.6 120.6 
June 8 31.6 19.1 100.6 111.1 
July 11.2 36.1 20.8 11.8 127.8 
August 9.1 36.2 18.9 62.2 110.2 
September 4.8 33.7 15.7 101 80.5  
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radiative transfer models (RTMs), i.e., PROSAIL and Neural Networks 
algorithm. The LAI values for all pixels were averaged, at the plot scale, 
for each S2 date. The time period between two consecutive S2 images 
varied between 5 and 20 days, depending on the plots. In addition to the 
“observed S2” LAI values, interpolated LAI values (LAIint) were gener
ated, following a double logistic fitting technique (Fisher et al., 2006), 
between any two successive LAIS2 values (Fig. 4). 

2.5. Irrigation retrieval approach 

Our approach aims to retrieve irrigation timing and amounts at the 
plot scale based on the integration of LAI data derived from Sentinel-2 
(LAIS2) into Optirrig through an inversion technique. Thus, irrigation 
events were estimated by comparing LAIS2 to the LAI simulated by 
Optirrig through the injection of several combinations of irrigation 
timings and amounts (irrigation combination) applied between two 
eventual Sentinel-2 images. The irrigation combination that minimizes 
the difference between the simulated LAI (Optirrig) and the observed 
LAI (derived from S2) is considered the most probable. 

In order to assess the impact of the frequency of S2 observations and 
the window length between two consecutive S2 images (ΔS2 in days) 

and the errors on the LAIS2, synthetic experiments were designed and 
conducted. Several ΔS2 will be investigated (described in Section 2.6) 
and our approach will be tested considering each time length between 
two consecutive synthetic S2 acquisition dates, t(i− 1) and t(i). 

Therefore, the irrigation (date and amount) retrieval approach is 
summarized in Fig. 5 and implemented in eight steps:  

1. Step 1 - Simulate in Optirrig the LAI time series (LAI(i)) at t(i)) based 
on growing conditions (weather and soil conditions) and manage
ment practices (with irrigation) similar to those that occurred over 
the three experimental plots (M1, M2 and M3).  

2. Step 2 - Generate in Optirrig LAI values at each t(i) that are computed 
when no irrigation (LAI0(i), rainfed) occurred between t(i− 1) and t(i), 
in order to investigate the effect of irrigation water applied on the 
LAI.  

3. Step 3 - Add noise to the simulated LAI(i) (see Section 2.5.2) in order 
to make the simulated data approximately closer to real S2 data and 
to account for the error in the S2 observations. Thus, a vector LAI(i)

̅̅̅→ at 
each t(i) represents the noisy LAI(i) values. 

Fig. 2. Daily average air temperature (Tavg in ◦C), Penman-Monteith reference evapotranspiration (ET0 in mm) and rainfall (R in mm) during the crop growing cycle 
of maize: (a) Montpellier in 2017 (M1), (b) Tarbes in 2019 (M2) and (c) Tarbes in 2020 (M3). 

Fig. 3. Conceptual scheme of the Optirrig model, showing the organization of climatic forcings (orange squares), intermediate variables (light blue squares) and key 
state variables (grey sketches with thick contours: LAI, TDM and Y). Irrigation is noted I+ to indicate that this model forcing depends on multiple management 
options and associated parameters. 

M. Hamze et al.                                                                                                                                                                                                                                 



Agricultural Water Management 283 (2023) 108315

7

4. Step 4 - Filter the outliers of LAI(i)
̅̅̅→ following the two deviations 

approach described in the Section 3.2.  
5. Step 5 - Calculate the minimal and maximal difference (Gmin(i) and 

Gmax(i)) between the noisy LAI values and LAI0(i) at each t(i).  
6. Step 6 - Inject into Optirrig all possible irrigation scenarios as 

combinations of different dates (j is the irrigation date in day: at t(i), j 

is between (i) and (i − 1)) and doses (k) (C(j,k)) between two con
secutives S2 images and compute the difference G(j,k) between the 
simulated LAI(j,k) and LAI0(i).  

7. Step 7 - Calculate D(j,k)
̅̅→ as the difference between LAI(j,k) and LAI(i) in 

order to identify the closest C(j,k) to reality through a function of 
minimization. 

Table 3 
List of main source data required to run the model, with their associated category, code, name, description, reference value, and range tested in sensitivity analysis and 
units. Data have been sorted into the Parameters: Plant, Soil, Temperature, and Management controls categories; Variables: Crop development and water budget 
variables. The reference values that pertain to maize, under sprinkler irrigation, on the studied sites are listed in Montpellier and Tarbes columns.   

Category Name Description Montpellier 
(M1) 

Tarbes 
(M2/M3) 

Range Unit 

Parameters Temperature Ti Temperature sum for root installation 150 150 ±7.5% C̊  
Tm Temperature sum to reach the maximum LAI 1300 1300 ±5% C̊  
Tmat Temperature sum for crop maturity 2050 2050 ±5% C̊  
Ts Temperature sum for crop emergence 100 100 ±10% C̊  
Ts1 Temperature sum for the 1st critical stage 900 900 ±10% C̊  
Ts2 Temperature sum for the 2nd critical stage 1700 1700 ±10% C̊ 

Soil Kru Easily usable reserve/field capacity 0.66 0.68 ±7.5% -  
Pmax Maximum profile and rooting depth 1.20 1.10 ±7.5% m  
Vr Root growth rate 1.50 1.50 ±10% cm.d-1  

θfc Field capacity 0.29 0.26 ±7.5% -  
θwp Wilting point 0.12 0.10 ±7.5% - 

Plant aw Controls the decrease of HI for low LAI values 0.12 0.12 ±10% -  
HIpot Potential Harvest index (HI) 0.52 0.52 ±7.5% -  
Kcmax Maximum value for crop coefficient (Kc) 1.20 1.20 ±10% -  
LAImax Maximum LAI value 5.00 4.50 ±7.5% -  
LAIopt Supposed HI-optimal LAI value 2.50 2.50 ±10% -  
Ghu Percentage of grain humidity 15 15 ±33% -  
RUE Radiation Use Efficiency 1.35 1.35 ±7.5% -  
α1 First shape parameter for LAI curves 2.50 2.50 ±15% -  
α2 Second shape parameter for LAI curves 1.00 1.00 ±15% -  
β Third shape parameter for LAI curves 2.50 2.50 ±15% -  
λ Harmfulness of the water stress 1.25 1.10 ±10% - 

Management - Irrigation dose (applied at each irrigation) 30 40 20–40 mm  
- Dose applied at sowing 30 40 25–35 mm  
- Soil reserve when starting the simulation 300 500 Fixed mm  
- Period allowed for irrigation (in days after sowing) 140 115 120–160 -  
- Mulch effect 0 0 0–1 -  
- Sowing day 105 121 104–124 -  
- Water reserve Ratio that triggers irrigation 70 68 53–72 % 

Variables Crop development TT Sum of Temperature - - 0.0–2250.0 C̊  
Kc Crop coefficient - - 0.0–1.0 -  
Cp Partition crop coefficient - - 0.0–0.85 -  
Tp Crop Transpiration - - 0.0–8.5 mm.d-1  

Tp0 Potential crop Transpiration - - 0.0–9.6 mm.d-1  

HI Harvest index - - 0.4–0.61 - 
Water budget R1 Water reservoir of the first soil layer - - 4.0–30.0 mm  

R2 Water reservoir of the second soil layer - - 45.0–204.0 mm  
R3 Water reservoir of the third soil layer - - 0.0–206.0 mm  
Sλ

w Water stress index - - 0.0–1.0 -  
Es Evaporation - - 0.0–1.9 mm.d-1  

Es0 Potential Evaporation - - 0.2–2.5 mm.d-1  

Fig. 4. LAIS2 values (grey dots) derived from Sentinel-2 optical images and LAIint curves (green lines) obtained by double sigmoid smoothing, in the M1 plot (a), M2 
plot (b) and M3 plot (c). 
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8. Step 8 - Evaluate the approach using real S2 LAI data (LAIS2). 

2.5.1. LAI time series and irrigation dates simulation 
Our methodology aims to be generic: in this study, three represen

tative study cases (illustrated by the three experimental plots M1, M2 
and M3) are analyzed and may allegedly represent the development of 
maize in two climatic conditions (Mediterranean context) and irrigation 
practices (Fig. 6). The first study case is a plot of maize cultivated in 
Montpellier in 2017 growing season (M1). The climatic and agricultural 
conditions are typical of a semi-arid region where the frequency of 
irrigation is high and plants are more susceptible to water stress con
ditions (Fig. 6a). Thus, through Optirrig, irrigation water needs were 
simulated and seven reference irrigation events (dR) of 30 mm were 
applied throughout the season, which corresponds to the irrigation 
practice and frequency usually applied for maize production in a similar 
climate and conditions (Montpellier). Fig. 6b and c show the crop 
development simulated by Optirrig using real irrigation practices and 
data collected in Tarbes for 2019 (M2) and 2020 (M3) rainy years, 
leading to lower irrigation frequencies occurrence because of the high 

amounts of precipitation and frequency of rainfall events during the 
maize growing season in Tarbes. In fact, the cumulative rainfall reached 
460 mm in 2019 and 362 mm in 2020 for an average of 77 rainfall 
events per year between May and October of each year. Thus, Optirrig 
will simulate, on a daily time step, the development of the crop 
throughout the growing season, for maize under the occurrence of irri
gation. Supposing that cloud-free S2 images are highly available with 
one image every five days (ΔS2 = 5 days), the LAI values derived from 
S2 integrate the effect of a potential irrigation and rainfall between S2 
acquisition dates (t(i)). In coherence, Fig. 6 show the simulated LAI 
values, of irrigated maize, with a time step of five days, LAI(i)at t(i) (green 
cross signs). Conversely, in an operational context, when no information 
about the irrigation is available, Optirrig will simulate the LAI under 
rain-fed conditions (LAIR(i) ) represented by the red x-signs (Fig. 6). 
Basically, by comparing the LAI(i) and LAIR(i)values, it is noticeable that 
before the first irrigation the simulations match perfectly, and then, 
discrepancies are observed after that the irrigation season began, 
demonstrating that without irrigation data Optirrig will underestimate 
the LAI. However, the aim of the study is to detect potential irrigations 
that occurred between two successive S2 images. It is, then, essential 

Fig. 5. Workflow overview describing the different steps of simulations to assess the irrigation dates and amounts retrieval approach. LAI(i)
̅̅̅→

represents the noisy LAI(i)
values. The dashed colored lines refer to the eight steps of the irrigation retrieval approach listed in Section 2.5: Step (1) in burgundy; Step (2) in navy blue; Step (3) 
in dark green; Step (4) in brick dark pink; Step (5) in yellow; Step (6) in cyan; Step (7) in light green and Step (8) in light blue grey. The different forms represent the 
forcing data (rectangles with thick contours), Sentinel-2 data (rectangles with rounded contour), Optirrig simulated LAI data (oval), Sentinel-2 Time series (trapeze), 
criteria and conditions (hexagon) and the vectors (rectangles with two vertical lines). 

Fig. 6. LAI(i) under irrigated conditions (green cross signs) LAIR(i)under rain-fed conditions (red x-signs) and LAI0(i) (yellow x-signs) under rain-fed conditions "by 
intervals" simulated by Optirrig for each study case: (a) Montpellier in 2017 (M1), (b) Tarbes in 2019 (M2), (c) Tarbes in 2020 (M3). The blue and violet bars 
represent the irrigation and rainfall amounts throughout the season, respectively. 
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that LAI(i) simulations accurately reflect the effects of the occurrence or 
not of irrigation on the crop between t(i− 1) and t(i). Therefore, 
LAI0(i)values are simulated, at each date t(i), considering that no irriga
tion occurred between two consecutive S2 images, t(i− 1)and t(i) (yellow 
x-signs), in order to quantify the effect of the absence of an irrigation 
water supply that possibly occurred between t(i− 1) and t(i) (S2 acquisition 
dates) on the LAI(i). This way we can define the irrigation thanks to this 
difference which is obviously a forecast of irrigation water supply. In 
other words, a divergence between the LAI(i) and the simulated LAI0(i)
(not integrating irrigation) is an indirect proof of irrigation occurrence 
between t(i− 1) and t(i). Conversely, no discrepancy observed means the 
absence of irrigation or/and the low effect of irrigation applied on 
vegetative growth as seen in Fig. 6, especially at early (before the irri
gation season) and later stages (after the vegetative cycle) of the 
growing season. 

2.5.2. Synthetic S2 derived LAI data 
In order to convey more realistic values and better approximates to 

the real Sentinel-2 LAI data, an error corresponding to the accuracy of 
the LAI observations was added to each simulated LAI(i) value, at the t(i)
date. This error varies with the value of the LAI obtained from S2 data at 
the same date and is estimated as follows (Weiss and Baret, 2016): 

αLAI(i) = max(σ0,LAI(i) × σR) (1)  

where αLAI(i) is the absolute error on LAI, σ0= 0.3 and σR = 0.2. 
Accordingly, for LAI(i) at each date of S2 acquisition t(i), 10,000 noise 

samples (NS) were randomly selected from the zero-mean Gaussian 
noise distribution with a standard deviation of ± αLAI(i). To filter the 
outliers of NS at each date, the random draws located at more than two 
deviations on either side of the median value have been excluded. This 
requires an estimate of the standard deviation of the distribution that is 
not presenting outliers (Leys et al., 2013). The deviation is estimated at 
each t(i) as follows from successive stages:  

1. Calculate the median M of all the NS: 

M = median(NS) (2)    

2. Calculate the absolute deviations of NS from the median M: 

AD = abs(NS − M) (3)    

3. Calculate MAD, the median of the absolute deviations: 

MAD = median(AD) (4)    

4. Evaluate the sought standard deviation from the MAD value: 

σ = 1.4826MAD (5) 

Finally, only NS within the [M − 2σ; M+2σ] range are used, to create 
the LAIi

̅̅→ vector of noisy LAI(i) values, at each t(i), to be compared with the 
LAI0(i) and LAI(i) values that stand for the simulated LAI values under 
"rainfed by interval" and "possibly irrigated" conditions, respectively, as 
shown in Fig. 7. The difference between the values of LAIi

̅̅→ and LAI0(i) is 
thought to signal the occurrence of an irrigation between t(i− 1) − n and 
t(i), where t(i− 1) − t(i) is the ΔS2 the interval of days between two 
consecutive S2 images and n days before. The value of n, which will be 
discussed later, represents the number of days where water stress can 
affect the LAI. 

This difference is a vector, noted Gi
→: 

Gi
̅→

= LAIi
̅̅→

− LAI0(i) (6) 

The maximum and minimum values of Gi
→ at t(i) are: 

Gmin(i) = Min[LAIi
̅̅→

− LAI0(i)] (7)  

Gmax(i) = Max[LAIi
̅̅→

− LAI0(i)] (8) 

Based on the reasoning in Section 2.5.1, a divergence between the 
LAI(i) and LAI0(i) signals the possibility of occurrence of an irrigation 
between t(i− 1) and t(i). However, the LAI0(i) values are compared to the 

vector of noisy LAI(i) values (LAIi
̅̅→), due to the error added on the LAI(i). 

Therefore, the maximum error (maximum NS) added on the LAI(i) has to 
be minor than the difference between LAI(i) and LAI0(i), in order to 

maintain a difference between LAIi
̅̅→ and LAI0(i). In other words, in order 

to detect a possible irrigation between t(i− 1) and t(i) the minimum value of 

the vector LAIi
̅̅→ has to be higher than the LAI0(i) and, thus, verify the 

condition Gmin(i) > 0 (Gmin(i) = Min[LAIi
̅̅→

− LAI0(i)]). Fig. 8 demonstrates 
the variation of Gmin(i) over the three study cases’ growing seasons (M1, 
M2 and M3). Negative values of Gmin(i) mean that the minimum value of 

LAIi
̅̅→ is minor than LAI0(i) and the effect of an irrigation occurrence is not 

significant on the values of LAI(i). Conversely, all the noisy LAI(i) in LAIi
̅̅→

show higher values than LAI0(i) when positive Gmin(i) are observed and 
thus, denoting an indirect proof of the irrigation occurrence between 
t(i− 1) and t(i). 

2.5.3. Injection and testing of irrigation events in Optirrig 
Optirrig assumes the effect of water stress on the LAI dynamics is a 

damped effect that results from a relative deficit of evapotranspiration 
over the last 10 days (Cheviron et al., 2016), which suggested taking 
n = 10 in Fig. 7, by security. This means searching for an irrigation event 
that occurred at the j date between t(i− 1) − 10 and t(i). As for the possible 
irrigation amounts, we restrained the set to realistic values, with three 
possibilities: k = 20, 30 or 40 mm. This produces C(j,k) combinations of 
dates and amounts to test, resulting in LAI(j,k) values simulated by 
Optirrig (Fig. 10) and therefore in G(j,k) differences with LAI(0i): 

G(j,k) = LAI(j,k) − LAI(0i) (9) 

Fig. 7. Calculation scheme for the Gmin(i) and Gmax(i) values, relying on the 

vector of differences Gi
→ between the noisy LAIi

̅̅→ values and the simulated 
"rainfed by interval" LAI(0i) value, over the ΔS2 interval of days between two 
consecutive S2 images at dates t(i− 1) and t(i). The irrigation events responsible 

for the Gi
→

values will be sought backwards from the t(i) date and until the 
t(i− 1) − n date. 
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Thus, G(j,k) can be represented in a matrix that illustrates the differ
ences between the LAI(j,k) and LAI(0i) for the C(j,k) injected for different 
dates and doses of irrigation. 

2.5.4. Irrigation detection criteria 
In order to retain C(j,k) as a possible irrigation, G(j,k) at t(i) has to verify 

the following condition: 

Gmin(i) ≤ G(j,k) ≤ Gmax(i) (10) 

Conversely, if G(j,k) < Gmin(i), LAI(j,k) does not fall in the range of LAIi
̅̅→

(the noisy LAI(i)) so the difference between LAI(j,k) and LAI(0i) is not 
sufficient to argue that an irrigation has occurred at a date j with a dose 
k. In complement, if G(j,k) > Gmax(i), then LAI(j,k) exceeds the assumed 
range of LAI values (LAI(i)), meaning that the hypothesized irrigation 
would be responsible for a higher LAI value than what is assumed 
possible. 

There may be 0, 1 or several probable (or recognized) irrigation 
events between the t(i− 1) − n and t(i) dates. Further investigation is 
necessary to evaluate the effect of the combinations of recognized irri
gation events. This is done by studying the magnitude of the difference 
D(j,k)
̅̅→ between the LAI(j,k) and the observed LAI(i) (Eq. (11)): for an hy

pothesized C(j,k) irrigation, the highest D(j,k)
̅̅→ values mean the lowest 

probability for C(j,k) to have occurred (Fig. 9): 

D(j,k)
̅̅ →

= LAI(j,k) − LAI(i) (11) 

The objective of the inversion process is to detect an irrigation date 
and amount between two S2 images. Thus, we are searching for the 
injected irrigation C(j,k) that leads to the least 

⃒
⃒D(j,k)

⃒
⃒ difference between 

LAI(j,k) and LAI(i). The result section will show how to formulate four 
irrigation detection criteria from the change in amplitude and magni
tude of the signed D(j,k) difference.  

1. C1 criterion. D(j,k)
̅̅→ switches polarity from positive to negative  

2. C2 criterion. D(j,k)
̅̅→ transitions from zero to negative  

3. C3 criterion. D(j,k)
̅̅→switches polarity from negative to positive  

4. C4 criterion. D(j,k)
̅̅→ transitions from negative to zero 

In order to assess the interval of days between the detected and the 
reference irrigation date, |Δt| (in days) is calculated as the absolute 
value of difference between the detected date of the irrigation (dD) and 
the date of the reference (simulated) or real irrigation (dR) as follow: 

|Δt| = |dD − dR| (12)  

2.6. Influence of the time interval between two Sentinel-2 images (ΔS2) 

Longer time periods between two consecutive S2 images will likely 
lead to longer time periods between an irrigation event and the next S2 
image, also likely increasing the difficulty of the inverse problem. To test 
the robustness of the method, the assumed ΔS2 interval of days between 
two consecutive S2 images is either 5, 10, and 15 days and synthetic 
irrigations will be injected between t(i− 1) − n and t(i), with n = 10 days. 

In order to overcome the negative effects of too long time periods 
between S2 images, it is possible to use interpolated LAIS2 values when 
ΔS2 is higher than 5 days (ΔS2 = 10 and 15, respectively). These 
interpolated LAI values were calculated for each day, then LAI values 
were recorded on a five-day window length. Those LAI values were 
considered as S2 measured values in our methodology likewise cloud- 
free S2 images were available every 5 days. Therefore, our inversion 
approach was tested for five cases:  

1. Case I. ΔS2 = 5 days 

Fig. 8. The calculated Gmin(i) based on the minimum difference between LAIi
̅̅→ and LAI0(i)att(i) (Gmin(i) = Min[LAIi

̅̅→
− LAI0(i)]) as a function of the day of the year over the 

maize growing season. (a) Montpellier in 2017 (M1); (b) Tarbes in 2019 (M2); (c) Tarbes in 2020 (M3). 

Fig. 9. Simplified scheme of the calculated D(j,k)
̅̅→ difference between LAI(j,k) and 

LAI(i), for ΔS2 days between two consecutive S2 images obtained at t(i− 1)

and t(i). 
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2. Case II. ΔS2 = 10 days  
3. Case III. ΔS2 = 15 days  
4. Case IV. ΔS2 = 5mod10 days where the synthetic window length is 

fixed to 10 days then LAI values were interpolated in order to record 
LAI values on a 5 days basis  

5. Case V. ΔS2 = 5mod15 days where the synthetic window length is 
fixed to 15 days then LAI values were interpolated in order to record 
LAI values on a 5 days basis 

After testing our methodology with synthetic LAI data and simulated 
reference irrigation dates (synthetic experiments), results are validated 
using real LAI measured S2 values and real irrigation dates (dRe). The 
results are evaluated by means of detected or not-detected irrigation 
events and |Δt|. 

3. Results 

3.1. Irrigation detection accuracy metrics 

This section aims at evaluating the irrigation detection approach 
previously described, through its ability to retrieve past irrigation dates 
and amounts. Three metrics are computed, relying on the notions of true 
positive, false positive and false negative, defined as follows. Any 
"probably detected irrigation" C(j,k) is classified as a true positive (TP) if 
it is detected within five days with respect to a reference irrigation date 
(dR) for synthetic cases or to a real irrigation date (dRe) for in situ ap
plications. By contrast, any "probably detected irrigation" C(j,k) too far 
from these dates is classified as false positive (FP). In complement, if an 
irrigation is not detected, it is considered as false negative (FN). 

The “Recall” (Re) is the first metric known as the overall accuracy 
which is related to the sensitivity of the approach for detecting irrigation 
dates (Eq. (13)). It is calculated as the ratio between TP and the sum of 
TP+FN (all existing irrigation events). Therefore, a low number of FN 
(undetected events) favors a high value of Re. The “Precision” (Pn) is the 
second metric, defined as the ratio between TP and TP+FP (counting all 
the detected events, Eq. (14)). Thus, events wrongly detected as irriga
tions tend to increase the value of Pn. The third metric calculates the 
harmonic mean between the first two metrics, yielding the so-called 
F − score (Eq. (15)) that allows the comparison of the harmonic mean 
of the recall and precision of the irrigation dates detection over the 
several cases tested. 

Re =
TP

TP + FN
(13)  

Pn =
TP

TP + FP
(14)  

F − score =
2 × Re × Pn

Re + Pn
(15) 

We first discussed the detection of irrigation dates and now, “if I have 
the correct date, can I find the probable amount of irrigation applied?”. 
Therefore, after retrieving the probable dates of irrigation (dD), further 
investigations are performed in order to assess the irrigation amount 
applied. The detected dates for which the irrigation amounts are 
correctly retrieved are classified as dDA. The percentage (PDA)of all the 
dDA (DDA)over all the detected irrigation dates dD (DD)is calculated to 
assess the performance of the method in also detecting the correct 
amounts (Eq. (16)): 

PDA =
DDA

DD
× 100 (16)  

3.2. Synthetic experiments 

Our methodology aimed at the integration of S2-derived LAI values 
in Optirrig in order to detect probable previous irrigation dates and 

amounts at plot scale, between two consecutive S2 images, based on an 
inversion approach. The irrigation retrieval approach is first tested using 
synthetic noisy LAI values (LAI(i)) (Section 2.5.2). The approach is 
evaluated over different time periods ΔS2 between two S2 images with 
or without resorting to interpolated LAIS2 values between consecutive 
images (Section 2.6). The accuracy metrics of Section 3.1 are used for 
performance evaluation. 

3.2.1. Detection of irrigation dates and amounts 
The method proposed for the detection of irrigation events relies on 

the evolution of the D(j,k)
̅̅→ vector between successive days, with a focal 

point on the median value of this vector. From Eq. (11), D(j,k)
̅̅→ represents 

the range of differences between "the range of LAI values that could have 
been obtained, at the S2 acquisition date t(i), as a result of an irrigation 
taking place at a previous date (j) with a given amount (k)" (a vector) 
and "the observed LAI value" (a scalar). The position of the median value 
of D(j,k)

̅̅→ vs. 0 is what catches the eye on the figures and serves as a key 
indication in the analysis. 

As a first example, Fig. 10a, b and c show the ranges of values of D(j,k)
̅̅→

at the S2 acquisition date of 14/07 (the rightmost date on the X-axis) as a 
result of irrigation amounts of 20 mm (Fig. 10a), 30 mm (Fig. 9b) or 
40 mm (Fig. 10c), seeking irrigation dates backwards (i.e., leftwards on 
the X-axis) from the S2 acquisition date at which the situation is 
examined. This search is extended up to the previous observation date 
minus ten days, as previous mentioned. A closer look at Fig. 10a, for 
example, indicates that an irrigation of 20 mm taking place the 07/07 
would have resulted in a median D(j,k)

̅̅→ value of about 0.15 m2.m-2 when 
examining the situation, the 14/07: this means that this irrigation would 
have yielded a LAI value larger that the observed LAI value, the (posi
tive) difference being 0.15 m2.m-2. Conversely, and irrigation of 20 mm 
taking place the 12/07 would have resulted in a median D(j,k)

̅̅→ value of 
about − 0.15 m2.m-2, so the predicted LAI value would have been 
smaller than the observed LAI value. One understands that the "detec
ted" irrigation should have taken place between the 07/07 and 12/07, 
most likely at the date for which the median D(j,k)

̅̅→ value crosses the zero 
line (here, the 10/07 or maybe the 11/07, as indicated by the blue arrow 
in Fig. 10a). The same reasoning holds for Fig. 10b (irrigation amounts 
of 30 mm) and Fig. 10c (irrigation amounts of 40 mm) with the same 
detection of the irrigation date. In summary, Fig. 10a, b and c allow 
detecting the irrigation date but not the irrigation amount, and the 
detection criterion for the irrigation date is when the median D(j,k)

̅̅→ value 
varies from positive to negative values (C1 criterion), crossing the cen
tral zero line on the plots and by that transitioning from zero to negative 
values (C2 criterion). 

As a second example, Fig. 10d, e and f show the ranges of values of 
D(j,k)
̅̅→ at the S2 acquisition date of 19/07. In Fig. 10d, moving backwards 

on the X-axis leads to the identification of atypical D(j,k)
̅̅→ values for the 

12/07. An irrigation of 20 mm taking place the 12/07 yields a slightly 
negative value for the median of D(j,k)

̅̅→ whereas irrigations taking place 
after or before the 12/07 do not induce such an effect (red dashed cir
cles). Fig. 10e and f also point out the effect of an irrigation taking place 
the 12/07, either with an amount of 30 mm (Fig. 9d) or 40 mm 
(Fig. 10e). The median of D(j,k)

̅̅→ is closer to zero in Fig. 10e than in 
Fig. 10d or e, which tends to indicate the detection of both the irrigation 
date (12/07) and amount (30 mm) in this case. In addition, a quasi- 
similar behavior of the variation on D(j,k)

̅̅→ is observed for the irrigation 
injected at 05/07 which could be eventually considered as a retrieved 
irrigation date along with 12/07. However, 05/07 was identified as a 
probable irrigation date when testing our approach on the 14/07 S2 
acquisition previous to the acquisition date presented in Fig. 10d, e and f 
(19/07). Nevertheless, the common shape of these plots may seem a bit 
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unexpected, as it means that hypothetical irrigations occurring before or 
after the selected date both lead to LAI values larger than the observed 
value (see the discussion). The tentative criterion here is when the 
median D(j,k)

̅̅→ value transitions from positive to negative, moving back
wards (or forwards) on the X-axis (C1 criterion). 

At this stage, neither the C1 nor the C2 criteria seem able to provide a 
clear interpretation for the effect seemingly observed on the leftmost 

part of the X-axis in Fig. 10d, e and f. This provides a third example of 
plots analysis and detection criteria. For an irrigation amount of 20 mm, 
Fig. 10d shows a transition from negative to positive values of the me
dian of D(j,k)

̅̅→ values, whereas Fig. 10e shows the limit case of a transition 
from near-zero to positive values and Fig. 10f only shows positive values 
(overestimation of the observed LAI). This suggests a new detection 
criterion (C3 criterion) in the transition from negative to positive values 

Fig. 10. The calculated D(j,k)
̅̅→ based on the difference between LAI(j,k) and LAIi

̅̅→ as a function of the date j, between t(i) and t(i− 1) − 10 days, of the injected irrigations 
C(j,k) represented by the non-filled boxplots in black for k = 20, 30 or 40 mm, respectively. In this example, the tested time lapse ΔS2 between t(i) and t(i− 1) is fixed to 
ΔS2 = 5 days. The dash lines in blue represent the difference D(j,k) at each t(i) between LAI(j,k) and LAIi (reference LAI at t(i)) for k = 20, 30 or 40 mm, respectively. (a, 
b,c) Tarbes in 2019 (M2) for t(i) = 14/07/2019; (d,e,f) Montpellier in 2017 (M1) for t(i) = 19/07/2017; (g,h,i) Tarbes in 2020 (M3) for t(i) = 09/08/2020. 
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of the median D(j,k)
̅̅→ value. 

A fourth example is provided by Fig. 10g, h and i. seeking irrigation 
events backwards in time from the acquisition date of 09/08. All three 
sketches show similar trends with only slight differences in the D(j,k)

̅̅→

values and the median of D(j,k)
̅̅→ values. Hypothetical irrigations taking 

place before the 01/08 would have resulted in negative median values of 
D(j,k)
̅̅→, thus in too low modeled LAI values, in comparison to the observed 
LAI value. By contrast, irrigations taking place the 01/08 or after yield to 
near-zero median D(j,k)

̅̅→ values, not really discriminating between dates 
and between amounts for the assumed uncertainties. However, given the 
objective to identify a given date and a given amount, and only looking 
at the median of D(j,k)

̅̅→ values, the detected date would be the 05/08 (or 
06/08) with a 30-mm amount. The new detection criteria used here is 
the transition from negative to zero values of the median of D(j,k)

̅̅→ value 
(C4 criterion). 

In a comprehensive, simplified view, the retained detection criteria 
are when the median D(j,k)

̅̅→ value switches from positive to negative 
values (C1), from zero to negative values (C2), from negative to positive 
values (C3) or from negative to zero values (C4). Fig. 10 was intended to 
illustrate the definition and use of these criteria on a limited number of 
typical cases, mentioning both the advantages and drawbacks. The 
following section evaluates the approach from a wider point of view, on 
all available synthetic cases. 

3.2.2. Effect of ΔS2 on the detection of irrigation dates and amounts 
Fig. 11 summarizes the obtained accuracy metrics for the assessment 

of the irrigation date detection using our inversion approach, for all 
three experimental plots (M1,M2 and M3) and all five ΔS2 cases (5, 10, 
15, 5mod10 and 5mod15). It represents (in %) the recall (Re) (Fig. 10a), 
precision (Pn) (Fig. 11b) and F − score (Fig. 11c) at each plot and tested 
ΔS2. A detected event (dD) is considered an irrigation event (TP) if it is 
detected within an acceptable difference (|Δt| in days) with the reference 
irrigation date (dR), of 5 days which corresponds to the S2 revisit time. 

For the Montpellier dataset M1, the Re-value and F − score reached 
71.5% and 83.5%, respectively, for theΔS2 = 5, 10, 5mod10 and 5mod15 
cases but lower values (57.5% and 72.8%, respectively) for the. 

ΔS2 = 15 case. Results show a high detection precision for M1 with a 
Pn reaching 100% (no false detection) over all the tested ΔS2. The ac
curacy was slightly better for the M2 dataset of Tarbes in 2019 (M2) for 
the Re, Pn and F − score metrics, for theΔS2 = 5, 5mod10 and 5mod15 

cases, with a 75% value for all three metrics. There was a clear decline 
for the ΔS2 = 10 and 15 cases, down to 54% for Re, 60% for Pn and 
57.5% for the F − score. For the M3 plot of Tarbes in 2020, 100% of the 
reference irrigations (dR) were detected (Re equal to 100%) with Pn =

60% and F − score = 75%, respectively, for the ΔS2 = 5 and 10 cases. 
The performances drop down to Re= 50% and F-Score = 66.6% for the 
ΔS2 = 15case. Unlike for the M1 and M2 plots, the Pn and F − score 
values increased for the M3 plot for theΔS2 = 5mod10 and 5mod15cases 
with respect to the ΔS2 = 10 and 15 cases, pointing at the relevant use of 
interpolated LAI values. 

Furthermore, D(j,k)
̅̅→ change detection analysis (described in section 

3.1.1) was performed over the dD (the detected irrigation dates) in M1 in 
order to retrieve the most probable amounts of water applied on each 
irrigation that potentially occurred. The results show that irrigation 
amounts information could only be retrieved over the first four dD of the 
2017 growing cycle in M1 experimental plot (between DOY 74 and 96). 
Five dD over seven dR (reference irrigations) were detected (Fig. 12a) 
from which four dD showed a potential to detect the irrigation amount k. 
Thus, information about the potential irrigation amounts is retrieved 
over Montpellier with an overall accuracy of 57.1% of all the existing 
reference irrigation events. In addition, 80% of the detected irrigation 
dates (dD)(PDA = 80%), showed differences over D(j,k)

̅̅→ for different 
injected k. In contrast, for M2 and M3, injecting C(j,k) of different 

amounts k did not show any difference over D(j,k)
̅̅→ at j, which means that 

it is not possible to discriminate between irrigation amounts at each 
detected date of irrigation and k = 20 mm is always considered as the 
most probable and sufficient irrigation amount k applied. 

3.2.3. Effect of ΔS2 on the performance of the detection method 
Longer time periods between successive S2 images will certainly lead 

to less precision in the detection of irrigation dates thus to increased 
absolute differences (|Δt| in days) between the date of irrigation 
detection (dD) and the reference irrigation date (dR). Fig. 12 shows |Δt| 
values between zero and three, for the Montpellier plots (M1, Fig. 12a), 
one and two for the Tarbes plots of 2019 (M2, Fig. 12b) and 2020 (M3, 
Fig. 12c. However, |Δt| is calculated only when irrigation dates have 
been detected. Conversely, the hatched areas in Fig. 12 indicate which 
irrigation dates have not been detected. This concerns the last two 
irrigation dates for M1 for all ΔS2 cases as well as the fifth irrigation for 
the least favorable ΔS2 = 15 case (Fig. 12a), the third irrigation date on 
M2 for the ΔS2 = 10 and 15 cases, as well as the fourth irrigation date 
whatever ΔS2 (Fig. 12b), the last irrigation date on M3 but only for the 

Fig. 11. The accuracy metrics of the detection of irrigation events over the maize plots of Montpellier in 2017 (M1), Tarbes in 2019 (M2) and 2020 (M3) at each of 
the tested spacing between two Sentinel-2 images ΔS2 (5, 10, 15, 5mod10 and 5mod15). (a) Recall “Re”; (b) Precision “Pn”; (c) F − score. 
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worse ΔS2 = 15 case (Fig. 12c). Overall, it was expected that a method 
based on LAI differences in cases with or without water stress would be 
less relevant late in the cropping season, once the maximal LAI values 
are reached and when water stresses have less pronounced effects on LAI 
values. 

In terms of |Δt| differences, Fig. 12 a (plot M1) shows that the use of 
interpolated LAI values for the ΔS2 = 5mod10 and 5mod15 cases does not 
(always) yield significant improvements, when compared to the ΔS2 =
10 and 15 cases. Although deemed useful to remedy the lack of obser
vations over too long periods, it is expected that the hypothesis of a 
linear variation of LAI with time may prove wrong in certain cases: in 
Optirrig as in many crop models, LAI is a sigmoid function of growing 
degrees-days hence with no particular reason to exhibit a linear varia
tion with time, counting time in days. This may nevertheless be true over 
many time intervals, making the use of LAI interpolations very per
forming, as can be seen on Fig. 11a (e.g., similar |Δt| differences for the 
ΔS2 = 5, 5mod10 and 5mod15 cases for the last four detected 
irrigations). 

Fig. 12b (plot M2) and Fig. 12c (plot M3) are very similar, and pretty 
different from Fig. 12a. The first two irrigations are equally-well 
detected in all ΔS2 cases (|Δt|=1 day) but with the ΔS2 = 5mod15 
case (|Δt|=2 days). Later in the cropping season, the third irrigation in 

plot M2 is only detected in the ΔS2 = 5, 5mod10 and 5mod15 cases (|Δ 
t|=2) which promotes the use of interpolated LAI values as a surrogate 
to missing LAI observations. The fourth irrigation in plot M3 is detected 
in the ΔS2 = 5, 10, 5mod10 and 5mod15 cases, discarding thus the least 
favorable ΔS2 = 15 case and offering similar (good) performances in the 
ΔS2 = 5 and 5mod10 cases (|Δt|=1 day) on the one hand, and in the 
ΔS2 = 10 and 5mod15 cases (|Δt|=2 days) on the other hand, somehow 
regaining temporal information from the use of interpolated LAI values. 

3.3. Detection of irrigation events using real Sentinel-2 values 

The poor availability of cloud-free S2 images could hamper the 
detection of irrigation events and prove problematic for plot supervision 
purposes and for the management of irrigated territories, especially in 
critical water requirement stages (pollination and kernel development, 
(Garcia y Garcia et al., 2009)). The previous sections, leaning on syn
thetic experiments, revealed a promising potential of the interpolated 
noisy LAI values (referred to as the ΔS2 = 5mod10 and 5mod15 cases) for 
irrigation detection. The inversion method is tested here against real 
data, relying on LAIS2 observations and associated interpolated values 
(LAIint) to explore a modified ΔS2= 5mod case in which LAI values used 
each 5 days arise either from observed or from interpolated LAI values 

Fig. 12. The time lapse between the date of irrigation detection (dD) and the date of the reference irrigation (dR) (|Δt| = |dD − dR|) at each dR for different tested ΔS2 
in days (5, 10, 15, 5mod10 and 5mod15). (a) Montpellier in 2017 (M1); (b) Tarbes in 2019 (M2); (c) Tarbes in 2020 (M3). The hatched area in the matrix corresponds 
to dR and ΔS2 cases where no irrigation is detected. 
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(Fig. 13, designed as Fig. 10). From the previous sections, the detection 
criteria are when the median D(j,k)

̅̅→ value switches from positive to 
negative values (C1 criterion), from zero to negative values (C2 crite
rion), from negative to positive values (C3 criterion) or from negative to 
zero values (C4 criterion). 

k = 20, 30 and 40 mm. The dash lines in blue represents the real 
irrigation dates (dRe). (a,b,c) Montpellier in 2017 (M1) for t(i) = 27/07/ 
2017, 01/08/2017 and 06/08/2017; (d,e,f) Tarbes in 2019 (M2) for t(i)
= 23/07/2019, 28/07/2019 and 02/08/2019; (g,h,i) Tarbes in 2020 
(M3) for t(i) = 14/07/2020, 19/07/2020 and 24/07/2020. 

The detection approach was tested for the three experimental plots of 
Montpellier in 2017 (M1 plot, Fig. 13a, b and c) and Tarbes in 2019 (M2 
plot, Fig. 13d, e and f) and 2020 (M3 plot, Fig. 13h, i and j). In these plots 
the real irrigations dates (dRe) are represented by the blue dashed lines. 
In Fig. 13 a, the detection criteria C3 (j = 12/07/2017) then C1 and C3 
(j = 19/07/2017) are met and the most likely irrigation amount is 
30 mm in both cases, judging from the median values of D(j,k)

̅̅→. In 
Fig. 13b, the same irrigation date (j = 19/07/2017) is detected by the 
irrigation criteria C1 and C3. By contrast, none of the criteria is able to 
detect the irrigation taking place at j = 06/08/2017 in Fig. 13c – 

Fig. 13. The calculated D(j,k) based on the difference between LAI(j,k) and LAIint as a function of the date j, between t(i) and t(i− 1) − 10 days, of the injected irrigation 
C(j,k) represented by the black lines for. 
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probably because this date comes late in the cropping season, with ex
pected plateau values of the LAI (and possibly less pronounced effects of 
missed irrigations than during the quick growth period). In Fig. 13d and 
e, the detected irrigation dates are 10/07/2019 from the C1 and C3 
criteria, and 25/07/2019 from the C1 criterion, missing the target by 
one day in the latter case. In Fig. 13f, the C3 criterion allows a corrected 
detection of the irrigation date (24/07/2019 previously seen as 25/07/ 
2019). This emphasizes the interest of overlaps between sliding, tem
poral windows when applying the detection method over a complete 
irrigation season. Unlike Fig. 13a, b and c, Figs. 13d, e and f exhibits no 
differences between irrigation amounts thus not allowing any detection 
of the irrigation amount (at least between the tested 20, 30 and 40-mm 
values). 

Fig. 13g offers a case in which the interpretation may hesitate be
tween the detection of the (correct) irrigation date (09/07/2020) from 
the C2 criterion, or the slightly wrong detection of another date (11/07/ 
2020) from the C1 criterion. This hesitation prompts to consider the C2 
criterion not only as a "partial" C1 criterion (that would denote an 
incomplete effect) but also as an "early warning" to question the C1 
criterion, typically when the detection curve shows a plateau value. By 
analogy, the same remark should apply for the C4 criterion with respect 
to the C3 criterion. The C1 criterion performs quite well in Fig. 13h to 
identify the real irrigation date (09/07/2020) although with an ambi
guity with the 08/07/2020, as the median of D(j,k)

̅̅→ crosses the zero-line 
between these two days (this ambiguity seems inherent to the definition 
of the C1 and C2 criteria). Also, in Fig. 13h, the irrigation detection for 
the 15/07/2020 or the 16/07/2020 may be corrected when looking at 
the information displayed in Fig. 13i, allowing to identify the real date 
(17/07/2020). 

Fig. 13 also illustrates a few cases of false detections when applying 
the C1 or C2 criteria (Fig. 13b, 26/07/2017 or 27/07/2017), the C2 
criterion (Fig. 13c, 27/07/2017, unfortunately in correlation with the 
preceding case) or the C4 criterion (Fig. 13e, 14/07/2019). In a wider 
view, the topic of detection accuracy is tackled by calculating the Recall 
“Re”, Precision “Pn” and F-score metrics (Fig. 14). This inversion 
approach (used alone, in autonomous manner, i.e., not resorting to any 
complementary information arising from radar data for soil surface 
moisture or from known field practices in terms of irrigation scheduling 
or triggers) was able to detect 70% (plot M1), 75% (plot M2) and 100% 
(plot M3) of the irrigation events (Re values). This was done with good 
precision, from the Pn values (77% for M1, 75% for M2 and M3) that 
signal a limited number of false detections. The associated F-score values 
(73% for M1, 75% for M2 and 85% for M3) range from "pretty good" to 

"good" (F-score above 80%) which denotes the potential of this inversion 
method, used alone or in combination with other so-called inversion 
constraints for of operational purposes (see the discussion section). 

From the previous sections, the outcome of the analysis is the se
lection of the irrigation dates (dD)for which the median of the noisy 
differences between predictions and observations, at the dates of 
available observations, is (i) as close as possible to zero and (ii) fulfills at 
least one of the selected criteria related to its evolution in time. These 
criteria belong to the "change detection" type of approach often used 
when working on signal analysis and remote sensing products. For the 
details of the inversion process and these of the selection criteria to 
identify the irrigation events, see Figs. 10 and 13 and the associated 
comments. 

For operational purposes, the indication of irrigation dates should be 
complemented by that of irrigation amounts. We thus compared the 
detected amounts (ID) with the real amounts (IR) on the M1, M2 and M3 
plots, while using interpolated LAIS2 values to obtain an apparent, reg
ular time period of 5 days between successive images. Fig. 15 shows both 
the detected dates and irrigation amounts, in comparison with the real 
field data, displaying all observed Sentinel-2 LAI values and positioning 
them within the vegetative or reproductive stages, also indicating the 
missed irrigation detection, the false detections and the correct de
tections, with the associated absolute time difference (|Δt| in days) 
between the detected and the real irrigation dates. In Fig. 15, light grey 
and dark grey bars correspond to the real and the detected amount of 
irrigation, respectively. Thus, a true irrigation date detection occurred 
when a dark grey bar is represented along with a light grey bar at each 
real irrigation date. Additionally, a false irrigation detection (false 
positive) would be observed, in Fig. 15, as a single dark grey bar 
meaning that our approach has detected an irrigation that does not refer 
to a real irrigation date. Conversely, an undetected irrigation date (false 
negative) would be observed as a single light grey bar, meaning that our 
approach failed to detect an irrigation date. 

Strikingly, Fig. 15a shows |Δt| = 1-day values in the vegetative 
stage, degraded into |Δt| = 2–3 days values during the reproductive 
stage, in which 3 missed detections occurred, late in the cropping sea
son, in the senescence phase and less than 30 days before harvest. In the 
present work, Fig. 15 shows only four false positive date detections 
(Fig. 15a: DOY=169 and 218, Fig. 15b: DOY=196, Fig. 15c: DOY=208). 
In addition, four events have been undetected, the last three in Fig. 15a 
(DOY=248, 256, 259) and the last one in Fig. 15b (DOY=227). This 
illustrates one of the expected limits of this approach that relies on the 
ascending dynamics of the LAI variable. This limit may also explain the 
presence of false detections in the reproductive stage (one example in 
Fig. 15a). 

Overall, the same trends to larger |Δt| values in the reproductive 
stages are visible in Fig. 15b and c, together with increased difficulties in 
detecting the irrigations as the harvest date approaches. By contrast, 
even if the method performs well in most cases, the issue of false de
tections seems more difficult to handle. To deal with it in appropriate 
manner, it may prove useful to identify a catalog of problematic or limit 
cases. 

In order to detect valuable information about the applied amounts of 
irrigation water, further investigation was performed on D(j,k)

̅̅→ change 
detection analysis over the dD (the detected irrigation dates) in M1. A 
dose of k = 30 mm was detected as the most probable amount of irri
gation over two dD (12/07/2017 and 19/07/2017) of seven detected 
irrigation dates dD among the 10 real irrigation dates dRe. 

Therefore, for Montpellier (M1), only over two detected irrigations 
(dD) we were able to retrieve information about the applied irrigation 
amount among ten real irrigation dates (dRe) from which seven dates 
were detected (dD). Thus, information about the potential irrigation 
amounts is retrieved over Montpellier with a relatively low overall ac
curacy of 20% of all the existing real irrigation events (dRe) and a PDA of 
28.5% (amounts were retrieved for two dD over seven dD). In contrast, 

Fig. 14. The accuracy metrics (Recall, Precision and F-score) of the detection of 
irrigation events over the maize plots of Montpellier in 2017 (M1), Tarbes in 
2019 and 2020, M2 and M3, respectively. 
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for M2 and M3, D(j,k)
̅̅→ investigation was unable to discriminate between 

irrigation amounts at each detected date of irrigation. Thus, k = 20 mm 
is always considered as the most probable irrigation amount k applied, 
at dD, because no differentiation was observed when injecting irrigations 
with different amounts (k = 20, 30 and 40 mm). 

4. Discussion 

4.1. Position of this work within other irrigation detection works 

The detection of irrigation dates and amounts is a challenge which 
would allow easiest supervision of irrigated territories, providing in
sights on the real, in-situ practices in resources management and partial, 

Fig. 15. Real irrigation amounts (light grey bars), detected irrigation amounts (dark grey bars) applied at each real date of irrigation (dRe), S2 derived LAI values 
(LAIS2), daily precipitation data and the time lapse between the date of irrigation detection (dD) and the date of the real irrigation (dRe) (|Δt| = |dD − dRe|) at eachdRe 

(real irrigation dates, grey bars) over the maize growing season. (a) Montpellier in 2017 (M1); (b) Tarbes in 2019 (M2); (c) Tarbes in 2020 (M3). 
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complete or excessive fulfilment of crop water demands. Detecting 
irrigation events with remote sensing requires handling the complexity 
and variations of maize spectral responses to irrigation on the one hand, 
and water stress on the other hand (Chen et al., 2018). So far, studies 
have shown that water stress at various stages in maize leads to signif
icant decreases in the leaf area index (Myers et al., 2017; Zhou et al., 
2020) and the photosynthetic capacity (Chaves et al., 2009; Efeoǧlu 
et al., 2009) with significant effects on maize spectral reflectance 
characteristics (Feng et al., 2013) finally used to detect irrigation and 
stress events. 

From a completely different perspective, this research used a novel 
approach for irrigation detection through the integration of Sentinel-2 
derived LAI (LAIS2) in the Optirrig model, solving the inverse problem 
of identifying the irrigation events able to explain the observed LAIS2 
values. In this approach, the sine qua non condition to be able to detect 
an irrigation (date, amount) is thus that irrigation has the targeted effect 
on the LAI dynamics simulated by Optirrig, i.e., the effect of taking the 
simulated LAI value close enough to the LAIS2 value. However, a first 
difficulty arises from the uncertainty (or equifinality) in the amount of 
water needed for a given crop development between two LAIS2 obser
vations: different water amounts (rain or irrigation, or rain and irriga
tion) may lead identical crop growth (and different drainage values). A 
second difficulty stems from the time lag between the irrigation and the 
associated LAI response, which also hamper the detection of irrigation 
events (Gumma et al., 2011; Velpuri et al., 2009), in both cases due to 
the apparent or partial decorrelation between the cause and the effect. 
Thus, the critical step in detecting irrigation information is to success
fully establish the relationship between the chronicle of observed LAIS2 
values on one side, crop growth and water needs simulated by Optirrig 
on the other side. Therefore, for a probable irrigation date, we aim at 
evaluating the effect of different cases of water amounts applied in 
which the simulated LAI is sensitive to the irrigation amount, and cases 
in which it is not but there is information in each case, (i) if an irrigation 
amount larger than the reference amount causes an increase in the 
simulated LAI value, then the reference irrigation amount was respon
sible for some water stress, (ii) if an irrigation amount larger than the 
reference amount does not cause any increase in the simulated LAI 
value, then the reference irrigation amount was either just enough to 
avoid water stress, or already excessive, (iii) if an irrigation amount 
smaller than the reference amount does not cause any decrease in the 
simulated LAI value, then the reference amount was already excessive, 
(iv) if an irrigation amount smaller than the reference amount causes a 
decrease in the simulated LAI value, then the reference amount was 
either just enough to avoid water stress or already responsible for some 
water stress. In other words, testing a wide enough set of irrigation 
amounts (between 0 and the maximal plausible amount) allows covering 
all cases. 

The combined use of LAIS2 and Optirrig crop model has shown a 
great potential in the monitoring of agricultural water use and irrigation 
detection. In fact, several studies have noted that the approach 
combining optical remote sensing products, such as the Normalized 
Difference Vegetation Index (NDVI) and LAI, and crop models have 
become necessary for more accuracy in vegetation monitoring (Huang 
et al., 2019; Saadi et al., 2015; Zwart et al., 2010). Such couplings also 
tend to become popular for water resources and irrigation water supplies 
monitoring at the plot and regional scales (Abi Saab et al., 2021; Beyene 
et al., 2022; Zhang et al., 2019). 

In the present work, the irrigation events (triggered by the estimated 
crop water needs, and decided from one of the several ways to generate 
irrigation strategies) and the LAI dynamics were both simulated by 
Optirrig for the experimental plots. Meanwhile, the observation data 
were affected by errors of the Gaussian noise type, within realistic 
ranges drawn from literature. Then the robustness of the inversion 
method was first assessed for five so-called synthetic cases of "temporal 
spacing" between LAIS2 observations, noted ΔS2 = 5, 10, 15, 5mod10 
and 5mod15, where 5, 10 and 15 indicate a number of days between 

observations while 5mod10 and 5mod15 indicate that interpolated, 
fictitious LAI values have been used to fill the gap and feed the inversion 
process. As expected, the ΔS2 = 5 case yielded the best results, closely 
followed by the ΔS2 = 5mod10 and 5mod15 cases, allegedly working 
well as a surrogate to the lack of enough cloud-free images, both for the 
synthetic and real, in situ applications. The Recall, Precision and F-score 
accuracy metrics attest the relevance of the method for the favorable 
ΔS2 cases. 

4.2. Performances, limitations, improvements and complements for 
operational purposes 

The results of the synthetic experiments (illustrated in Section 3.2) 
demonstrate that the poor availability of cloud-free S2 observations 
could be a reason for the degradation of the irrigation dates retrieval 
performance. A bit more into details, the degradation of results quality 
observed with the least favorable ΔS2 cases comes in line with previous 
works (e.g., Battude et al., 2017) which highlighted the high importance 
of the satellite revisit time, with several detrimental effects of too long 
revisit times. The most complicated situation is when the three following 
conditions occur altogether, (i) large time periods exist between suc
cessive Sentinel-2 images, (ii) the soil-crop system has to recover from 
water stress conditions, it has been irrigated but only weakly responds 
(and with inertia) to this irrigation in terms of transpiration and asso
ciated LAI growth (Duchemin et al., 2006) as a consequence of physio
logical processes, and (iii) the mentioned irrigation comes either too 
close (not visible yet) or too far (not visible anymore) from the most 
recent Sentinel-2 image. Although sometimes experimenting these sit
uations in the present work, most irrigation dates could be detected with 
an absolute difference of 0, 1 or 2 days between the reference and the 
detected irrigation date – which seems enough for most practical 
purposes. 

General insights may be drawn from the results of the approach when 
testing the irrigation detection methodology using real LAI S2 obser
vations’ values. It seems very likely that the correct detection of irri
gation amounts will be hampered by the fact that the farmers do not 
follow spontaneously the irrigation decisions that would advise by 
Optirrig, in terms of irrigation triggers, criteria and doses. In fact, the 
maize crop is characterized by high and critical water requirements 
meaning that it is more susceptible to water deficit and stress, especially 
during the period that falls between the vegetative and the beginning of 
the reproductive growth stages (Piscitelli et al., 2022). This explains the 
significant effect of applying different amounts of irrigation on the crop 
development and LAI. Moreover, there are multiple possibilities of 
thinking the irrigation strategies in Optirrig, depending on the assigned 
objectives and the contextual constraints. Conversely, prior knowledge 
on the contextual constraints (e.g., water turn, limited resources avail
ability or restriction of use) and decision rules of the farmers would help 
pre-selecting the correct parameterization of irrigation strategies in 
Optirrig, i.e., the parameters rightfully adjusted during the inversion 
process. This should be regarded as one of the several ways to usefully 
constrain the inversion process. Here, irrigations were decided by 
Optirrig as soon as the filling of the available water reserve dropped 
under about 70% (Table 3) and the applied dose was selected among the 
20, 30 or 40 mm amounts, so as to fill again the available water reserve 
(the needed amount depends on the extension of the root zone on the 
day the decision is made). 

Three false positive date detections were noted, two of which during 
the early stages of maize growth, where irrigation is most needed for 
crop growth in absence of rain but rain could obviously be mistaken for 
irrigation, in the circumstances previously described in the discussion. 
In addition, the non-detection of irrigation dates (false negative) is due 
to the difficulties in applying the inversion approach for stable or slowly 
decreasing LAI values late in the cropping season but also to the chosen 
parameterization for the irrigation strategies, see Table 3 and the 
Management parameters: the indicated sowing dates (DOY=105 for the 
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M1 plot, DOY=121 for the M2 and M3 plots) combined with the indi
cated "temporal windows" for irrigation (140 days for M1, 115 days for 
M2 and M3) simply prevented the model from detecting any irrigation 
taking place after DOY= 245 on the M1 plot (Fig. 15a) and DOY= 236 
on the M2 plot (Fig. 15b). This questionable parameterization was 
chosen on purpose to illustrate the vulnerability of the method when 
insufficiently related to field practices (and also because it neither 
affected the methodology nor the evaluation proposed). 

On the other hand, the sensitivity of the crop development (LAI) to 
irrigation and water availability have shown to be lower in late stages of 
the maize growing season (after the flowering stage) which has mainly 
led to false negative irrigation detections. In fact, several studies found 
that LAI is sensitive to irrigation during early stages of crop develop
ment, but its response to irrigation can vary depending on the species, 
growing conditions, and stage of crop development (Farooq et al., 2011; 
Huang et al., 2022; Si et al., 2020). For instance, a study by Huang et al. 
(2022)found that summer maize LAI was more sensitive to irrigation 
during the early stages of crop development compared to later repro
ductive stages. In coherence, the sensitivity of the LAI, simulated 
through crop modeling, to soil water availability and dynamics have 
shown to be lower in reproductive growing stages compared to the 
vegetative stages of crop development (Silvestro et al., 2017; Varella 
et al., 2012) which has high negative influence of the performance of the 
irrigation detection approach. 

Similarly, it seems difficult anyway to detect any late irrigation that 
would be unneeded from the water balance perspective of Optirrig but 
still applied by the farmers for grain filling purposes (or to prevent soil 
crusting, le Page et al., 2014). 

More generally, the precision in the detection of irrigation dates, 
through crop modelling, is closely linked to the accuracy of weather, soil 
and field data, as uncertainties on these factors always impact the per
formance of crop models (Huang et al., 2019; Li et al., 2015). Thus, the 
extensive and complementary use of several sources of external and 
independent data, such as radar and optical data, is considered of great 
interest in several irrigation mapping or detection and other crop 
monitoring approaches (Ozdogan et al., 2010; Ndikumana et al., 2018; 
Bazzi et al., 2021) in order to inform the crop models and in turn reduce 
their uncertainties. In the present case, it would likely be very beneficial 
to feed the inversion process with both soil surface moisture estimates 
(radar data) and LAI observations (optical data), so as to constrain both 
the water balance and the crop growth schemes of Optirrig. 

Promising radar-only approaches have already been promoted in the 
recent literature. Le Page et al. (2020) proposed a methodology to detect 
irrigation timing using time series of surface soil moisture derived from 
Sentinel-1 radar observations and a water balance model. The method 
provided satisfactory results and accuracy in retrieving the timing of the 
irrigation events with an F-score that ranges between 80% and 83%. 
Bazzi et al. (2020) used a change detection model for detecting irrigation 
episodes at plot scale using Sentinel-1 synthetic aperture radar data. The 
results showed that 74.1% of the irrigation events could be detected 
with a F − score of 76.4%., also pointing out the interest of using addi
tional information relative to irrigation (irrigation method, range of 
possible irrigation amounts) and crop phenology (expected crop water 
needs and ranges of evapotranspiration rate) to constrain the inversion 
process. An important question could be addressed concerning the irri
gation method used which highly affects soil moisture levels and by that 
soil surface moisture estimates and the performance of the irrigation 
detection approach (Ouaadi et al., 2021). 

5. Conclusions 

The present work aimed at the detection of irrigation dates and 
amounts on maize plots, as the result of an inversion process seeking the 
coincidence between (observed) Sentinel-2 derived Leaf Area Index 
values and (estimated) LAI values provided by the Optirrig crop model. 
The accuracy and robustness of the method were first tested against a 

wide variety of synthetic but realistic cases, all built as plausible variants 
of the real, documented situations found in three experimental plots 
located in the Occitanie Region, in the south of France (near Montpellier 
and Tarbes). The method was then applied as for operational purposes 
(e.g., supervision of irrigated territories) so as to identify its abilities, 
merits and drawbacks, as well as ways of improvements. 

Three metrics (Recall, Precision, F-score) were used to assess the 
performance of the inversion in retrieving the correct dates and amounts 
in more or less degraded situations, depending on the ΔS2 time period 
between two successive cloud-free Sentinel-2 images, leaning on the 
number of false negative (undetected), false positive (wrongly detected) 
and true positive detections. The tested cases for ΔS2 values were 5, 10, 
15, 5mod10 and 5mod15 days, the latter two notations indicating the use 
of interpolated LAI values as a surrogate to the missing values, forming 
artificial ΔS2= 5 days cases. On the synthetic dataset of irrigation 
events, the best detection performances were obtained from the 
ΔS2 = 5, 5mod10 and 5mod15 cases with a F-score of 84.3%. In addition, 
the absolute |Δt| difference between the detected and the reference 
irrigation dates was 0, 1 or 2 days in a large majority of cases, and never 
exceeding 3 days. The detection of irrigation amounts was less efficient 
for the synthetic dataset associated with the humid climate of Tarbes 
than for that associated with the (nearly) semi-arid climate of Mont
pellier, in which the correct irrigation amount was detected in 80% of 
the cases. 

Then testing the inversion process against real data has shown 
promising results, as the Recall (ratio between the true positive and the 
sum of true positive and false negative) was 81.6% while the Precision 
(ratio between the true positive and the sum of true positive and false 
positive) was 75.6%. Meanwhile, the detailed, one-by-one analysis of 
the results has allowed identifying the weaknesses and cases of failure of 
the otherwise reliable four detection criteria derived from the synthetic 
experiments. However, the detection of irrigation amounts was even 
more difficult when handling the real data than for the synthetic data. 
But the answer is known: Optirrig has several ways to describe irrigation 
strategies and better results regarding the detection of irrigation 
amounts would be obtained when using the parameterization of irri
gation strategies that matches the most the local irrigation practices and 
decision rules. 

This brings in the idea of introducing external information and 
constraints to facilitate the inversion process, which surely is a valuable 
perspective for future operational applications of the method over given 
plots or wide irrigated territories. For example, it seems very obvious 
that the combined use of soil surface moisture estimates (radar data) and 
LAI observations (optical data) would be very beneficial to the inversion 
process by informing and constraining both the water balance and the 
crop growth schemes of Optirrig, knowledge is available to follow this 
lead and meet the societal expectations of more virtuous agricultural 
water management. Furthermore, it would be useful to think about 
coupling S2 data with historical Landsat data that cover multiple de
cades, to obtain more robust S2 time-series and enhance the perfor
mance of the irrigation detection and monitoring. In fact, Landsat data, 
provide sufficiently dense time series data to permit seasonal modeling, 
at high spatial resolution, when integrated with S2 optical time series. 
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géographiques pour décrire la couverture du sol agricole. Cah. Des. Tech. De. l’INRA 
58–64. 
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Stöckle, C.O., Donatelli, M., Nelson, R., 2003. CropSyst, a cropping systems simulation 
model. Eur. J. Agron. https://doi.org/10.1016/S1161-0301(02)00109-0. 

Tewes, A., Montzka, C., Nolte, M., Krauss, G., Hoffmann, H., Gaiser, T., 2020. 
Assimilation of sentinel-2 estimated lai into a crop model: Influence of timing and 
frequency of acquisitions on simulation ofwater stress and biomass production of 
winter wheat. Agronomy 10. https://doi.org/10.3390/agronomy10111813. 

Thenkabail, P.S., Schull, M., Turral, H., 2005. Ganges and Indus river basin land use/land 
cover (LULC) and irrigated area mapping using continuous streams of MODIS data. 
Remote Sens Environ. 95. https://doi.org/10.1016/j.rse.2004.12.018. 

Thorp, K.R., Hunsaker, D.J., French, A.N., 2010. Assimilating leaf area index estimates 
from remote sensing into the simulations of a cropping systems model. Trans. ASABE 
53. 

Tilman, D., Clark, M., 2015. Food, agriculture & the environment: Can we feed the world 
& save the earth? Daedalus 144. https://doi.org/10.1162/DAED_a_00350. 

Tilman, D., Balzer, C., Hill, J., Befort, B.L., 2011. Global food demand and the sustainable 
intensification of agriculture. Proc. Natl. Acad. Sci. USA 108. https://doi.org/ 
10.1073/pnas.1116437108. 

Toureiro, C., Serralheiro, R., Shahidian, S., Sousa, A., 2017. Irrigation management with 
remote sensing: Evaluating irrigation requirement for maize under Mediterranean 
climate condition. Agric. Water Manag 184. https://doi.org/10.1016/j. 
agwat.2016.02.010. 

Tripathy, R., Chaudhari, K.N., Mukherjee, J., Ray, S.S., Patel, N.K., Panigrahy, S., Singh 
Parihar, J., 2013. Forecasting wheat yield in Punjab state of India by combining crop 
simulation model WOFOST and remotely sensed inputs. Remote Sens. Lett. 4. 
https://doi.org/10.1080/2150704X.2012.683117. 
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