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Abstract: This study aimed to develop an approach using Sentinel-1 synthetic aperture radar (SAR)
data and the Optirrig crop growth and irrigation model to detect irrigation dates and amounts for
maize crops in the Occitanie region, Southern France. The surface soil moisture (SSM) derived from
SAR data was analyzed for changes indicating irrigation events at the plot scale in four reference
plots located in Montpellier (P1) and Tarbes (P2, P3, and P4). As rain most likely covers several
square kilometers, while irrigation is decided at the plot scale, a difference between SSM signals
at the grid scale (10 km × 10 km) and plot scale is a clear indication of a recent irrigation event.
Its date and amount are then sought by forcing irrigation dates and amounts in Optirrig, selecting
the most relevant (date, amount) combination from an appropriate criterion. As the observed SSM
values hold for a depth of a few centimeters, while the modeled SSM values hold for exactly 10 cm,
the best irrigation combination is the one that gives similar relative changes in SSM values rather
than similar SSM values. The irrigation dates were detected with an overall accuracy (recall) of
86.2% and a precision of 85.7%, and thus, with relatively low numbers of missed or false irrigation
detections, respectively. The performance of the method in detecting seasonal irrigation amounts
varied with climatic conditions. For the P1 plot in the semi-arid climate of Montpellier, the mean
absolute error percentage (MAE%) was 16.4%, showing a higher efficiency when compared with
the humid climate of Tarbes (P2, P3, and P4 plots), where a higher MAE% of 50% was recorded,
indicating a larger discrepancy between the detected and actual irrigation amounts. The limitations of
the proposed method can be attributed to the characteristics of the Sentinel-1 constellation, including
its 6-day revisit time and signal penetration challenges in dense maize cover, as well as the mismatch
between the parameterization of Optirrig for SSM simulations and the actual irrigation practices
followed by farmers. Despite these weaknesses, the results demonstrated the relevance of combining
Optirrig and S1 SAR-derived SSM data for field-scale detection of irrigation dates and, potentially,
irrigation amounts.

Keywords: Sentinel-1; surface soil moisture; Optirrig; crop growth model; irrigation; maize

1. Introduction

Irrigated agriculture is the largest consumer of fresh water, accounting for a substantial
70% of total freshwater withdrawals [1]. The water demands for irrigated agriculture are
anticipated to rise, posing significant challenges to irrigation and freshwater availability,
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particularly in water-scarce regions like the Mediterranean basin [2]. As areas affected by
drought increase, irrigation becomes more and more crucial for achieving optimal crop
growth and production [3–5].

Satellite remote sensing has exhibited considerable effectiveness in the diagnostic
and supervisory aspects of irrigation, particularly in the context of mapping and monitor-
ing cropped and irrigated areas [6–8], either with optical [9–12] or radar sensors [13–17].
In detail, the interpretation of several optical vegetation indices, such as the NDVI [12],
the normalized difference water index (NDWI) [18], or the greenness index (GI) [19],
was demonstrated to be effective in exploring discrepancies in the spectral attributes of
crops [20]. Recently, Hamze et al. [21] developed a novel methodology to detect irrigation
dates and amounts for maize crops in the Occitanie region, France, using leaf area index
(LAI) values derived from optical images and the Optirrig crop growth and irrigation
model. The approach involved analyzing cloud-free Sentinel-2 (S2) optical images to iden-
tify potential irrigation events and selecting the most probable event that minimized the
difference between the predicted and observed LAI values derived from S2. The method-
ology achieved an overall recall of 81.6% for irrigation date detection when evaluated
with daily interpolated LAI data. Although the methods described above, which depend
on optical satellite observations, have shown promising outcomes in mapping irrigated
areas and detecting irrigation events, their effectiveness is constrained in various tropical
and temperate regions due to the sensitivity of optical data to weather conditions and
cloud cover.

Surface soil moisture (SSM) is directly influenced by rain and irrigation practices (time,
frequency, and amounts), which makes it relevant information for irrigation detection and
monitoring or supervision purposes [22–24]. By monitoring SSM at the plot scale, farmers
and water managers can make informed decisions about irrigation scheduling, optimizing
water resources, and maintaining crop health for real-time irrigation monitoring, as well
as long-term irrigation practice supervision [25,26]. Over the past four decades, there has
been notable enhancement in the quality of surface soil moisture (SSM) products derived
from both active and passive microwave remote sensors [27]. These advancements have
greatly improved the ability to estimate and monitor the moisture content of the top layer
of soil, typically not exceeding a depth of 10 cm [28]. Kumar et al. [29] were the pioneers
in utilizing the disparities between low-resolution microwave-based SSM products, such
as ASCAT [30], AMSR-2 [31], SMOS (Soil Moisture and Ocean Salinity [32]), AMSR-E [33],
WindSat [34], and ESA ECV (ESA’s essential climate variable product [34]), and the SSM
simulated using a land surface model (Noah) that does not include anthropogenic interven-
tions like irrigation [35]. Similarly, Malbéteau et al. [36] employed a comparable approach
by assimilating coarse-scale SSM data derived from SMOS products, disaggregated to a
1 km resolution, into a basic land surface model driven solely by precipitation. In this
method, irrigated areas were identified with satisfactory accuracy by examining the cu-
mulative analysis increment, which represents the difference between the analyzed and
background SSM values throughout the season. Similarly, Zaussinger et al. [22] employed
various coarse-resolution datasets and compared them with a water balance driven by the
MERRA-2 model in order to assess the utilization of irrigation water. The examination
conducted at a statewide level yielded divergent findings (with correlation coefficients
ranging from 0.36 to 0.8) and notably lower estimations compared with the documented
irrigation water withdrawals.

However, the estimations of irrigation mentioned above are generally obtained at
a monthly time scale and for pixels covering several square kilometers (km2), making
them inadequate for effective irrigation supervision, both in terms of spatial and temporal
resolutions. Therefore, acquiring irrigation information at the plot scale requires the use
of high-spatial-resolution SAR (synthetic aperture radar) data, which was found to be
especially beneficial for efficient irrigation monitoring at smaller agricultural scales. Hence,
the sensitivity of SAR signals to soil and vegetation water could help in the detection of
irrigation events, as irrigation gradually enhances the water content of both the soil and
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vegetation. Extensive literature has consistently shown a direct correlation between the
SAR backscattering coefficient (σ0) and the water content of the soil and vegetation [37–40].
Among various SAR satellite constellations, the Sentinel-1 (S1) SAR constellation (S1A and
S1B) stands out as an effective tool for mapping and monitoring large-scale irrigated areas.
This is attributed to its unique combination of a high revisit time (6-day interval) and high
spatial resolution (pixel spacing of 10 m × 10 m). Benabdelouhab et al. [41] demonstrated
that C-band S1 SAR data can effectively detect irrigation activities in irrigated wheat plots
with a three-day interval between irrigation and SAR acquisition. Detecting consecutive
irrigation events requires a comprehensive multi-temporal dataset due to the dynamic
nature of irrigation. In a recent study by Bazzi et al. [17], a near real-time approach was
developed to determine irrigation timing in diverse summer and winter crop fields located
in France and Spain. The approach involved a change detection methodology that examined
two consecutive S1 observations to detect irrigation activities using the S1 SAR σ0 and S2
NDVI. The findings revealed that the proposed method achieved an approximate overall
accuracy of 84% in detecting irrigation events that occurred in agricultural plots.

In addition, several studies showed the potential of SSM products derived from
S1 SAR observations for monitoring and detecting irrigation events over agricultural
areas [13,42–44] since the SAR signal is sensitive to SSM through the dielectric properties of
the soil [45,46]. Le Page et al. [43] examined the potential of the S2MP (Sentinel-1/Sentinel-
2-derived soil moisture product [47]) in detecting irrigation events at the individual plot
level over irrigated maize fields of southwest France. S2MP is a soil moisture estimation
product that combines Sentinel-1 SAR data and Sentinel-2 optical data for SSM estimation
using the neural networks technique [47]. The results demonstrated a high accuracy in
detecting irrigation timing, with an F-score ranging from 80% to 83% for all the maize plots
examined. The ability to detect irrigation events from SAR data is predominantly influenced
by several factors, including the revisit time; radar wavelength (SAR characteristics); and
vegetation cover, which encompasses crop type and growth phase [43]. Additionally, the
effectiveness of irrigation event detection may be impeded by extended revisit times that
do not align with the rapid drying of the soil surface, which occurs within 2–3 days after
irrigation, resulting in water content values similar to those observed before irrigation [48].
Moreover, El Hajj et al. [49] demonstrated limitations in estimating soil moisture over cereal
crops and grasslands using (C-band) S1 SAR data that were attributed to the limited signal
penetration under well-developed vegetation covers. Consequently, this highlights the
potential advantages of utilizing L-band data (lower frequency, longer wavelength, and
enhanced penetration capabilities) for future applications [50].

From a different perspective, relying on the modeling of biophysical processes, crop
growth models have emerged as highly valuable tools over the past three decades, en-
abling the assessment of agronomical needs and traits such as crop water requirements,
biomass, and yield, which has made them suitable for crop development and monitoring
irrigation [51–53]. Extensive multidisciplinary efforts in crop modeling have led to the
refinement of various dynamic process-based crop models incorporating water balance
and evapotranspiration components, such as AquaCrop [54], STICS [55], SAFYE [56], and
Optirrig [57]. The latter focuses on the identification of appropriate plot-scale water man-
agement strategies while being as parsimonious as possible in the description of plant
physiology and soil water budget dynamics. These models were shown to be useful for
monitoring water application effects and stress on plant growth, as well as simulating
the crop response to irrigation [58–62]. Consequently, crop models, such as Optirrig, are
regarded as powerful tools for defining crop water requirements and optimizing irrigation
management strategies based on management practices and soil conditions, particularly
soil water balance [63,64]. Notably, soil water content plays a critical role in Optirrig, as it
represents the available water in the soil profile for plant utilization, which is essential for
predicting crop development, biomass accumulation, and overall crop yield. The Optirrig
crop model incorporates factors such as climatic conditions, soil properties, and manage-
ment practices (e.g., irrigation, sowing, and harvest dates) to simulate the water balance in
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the soil [57,65]. For example, Mailhol et al. [65] conducted a study on irrigated maize fields
to assess the capabilities of the Pilote model (subsequently transformed and enhanced to
serve as the agronomic and hydrological core of Optirrig) for crop development and yield
prediction. The model demonstrated the capacity to provide satisfactory simulations and
predictions of leaf area index (LAI) values, which is a pivotal variable within its conceptual
and numerical schemes due to its precise estimations of soil water balance, even in the
initial shallow reservoir of 10 cm in depth, throughout the crop’s growth cycle. However,
the implementation of crop and irrigation models is often limited by the availability of
input data [66], which could hamper the accuracy of soil water content simulation in the
model and, therefore, the accuracy of crop yield predictions and irrigation scheduling [67].
Consequently, the uncertainties encountered in estimating daily or seasonal model vari-
ables, encompassing soil water reserves, crop development, biomass accumulation, and
final yield, are frequently attributable to the limited understanding of soil characteristics
and crop management practices across extensive geographical extents [68,69].

To mitigate these uncertainties, several studies have integrated information obtained
from remote sensing-derived soil moisture data into crop and soil water models, thereby
enhancing agricultural assessments and irrigation monitoring approaches [70–73]. For
instance, Zhou et al. [71] integrated ESA CCI SSM at a spatial resolution of 0.25 degrees into
the DSSAT model. The aim was to estimate both the surface and root-zone soil moisture
and assess the impact of data assimilation on agricultural drought monitoring. The findings
revealed a significant improvement in soil moisture estimates following the assimilation of
SSM data, which potentially improves the estimation accuracy of crop yields and irrigation
requirements [74–77]. Similarly, [78] conducted a study to assess the impact of integrating
in situ and remote sensing soil moisture observations with the APSIM model through
sequential data assimilation. The evaluation was conducted across five experimental sites
in the US Midwest, focusing on the improvement in model predictions for downstream
state variables. The results demonstrated that assimilating remote sensing soil moisture
data led to enhanced crop yield estimates, with a median reduction of 17.2% in RMSE
compared with the model predictions.

Conversely, recent studies assessed the potential of incorporating SSM derived from
high-spatial- and -temporal-resolution Sentinel-1 data into simple land surface and water
budget models for irrigation events detection [42,44]. For instance, Ouaadi et al. [44]
conducted a study to introduce and assess a novel method for predicting irrigation timing
and amounts at the field scale. The approach involved incorporating S1 SSM data into a
simple water budget model, namely, FAO-56 [79]. The results demonstrated that both the
timing of irrigation and the amount of water used could be accurately determined if a priori
information about irrigation techniques is collected. However, land surface and water
budget models often rely on observations or empirical functions to simulate vegetation
effects and lack a mechanistic representation [80,81]. They also tend to overlook the impact
of human activities, such as irrigation, on soil moisture changes. On the other hand, crop
models have the capability to explicitly capture the entire growth process and simulate
interactions between the root-zone soil moisture and crop water uptake. Therefore, crop
models, when combined with agronomic parameters and soil information derived from
remote sensing, can effectively monitor crop yield and irrigation [80,82,83].

The linkage between crop models and remote sensing observations for detecting irri-
gation is not commonly explored, and there is a dearth of evaluations regarding the impact
of integrating soil moisture estimates into crop modeling, among others for irrigation
monitoring or supervision. Consequently, this study aimed at incorporating SSM obser-
vations derived from the S2MP product [47] into Optirrig for irrigation dates and amount
detection. In this study, the Optirrig model [57,84] was used for simulating, analyzing,
and optimizing irrigation scenarios. The specific objective assigned to Optirrig was to
identify the actual sequence of irrigation events (including dates and amounts) for multiple
maize fields under irrigation in the Occitanie region of Southeast France. By simulating
the dynamics of soil water content, Optirrig could assess the impact of different irrigation
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management practices and/or water stress on the SSM. The method aimed at retrieving
the irrigation that has probably occurred, leading to changes in the SSM between two
SAR image acquisition dates. The approach involved detecting changes in the SSM values
derived from the S2MP (SSMS1) between the t(l) date of the current SAR image and the t(i)
date of the previous image. The main objective was, therefore, to determine the irrigation
(date and amount) that could have caused this variation in SSM. This was done through
the simulation of the SSM using Optirrig for various irrigation combinations (dates and
doses) injected between t(i) and t(l). The irrigation combination that resulted in a similar
change in SSM as observed in the SSMS1 was considered the most likely one that occurred.
It is important to note that in this study, the changes in SSM values were examined by
calculating the rate of change between t(i) and t(l). By examining these rates of change,
we could assess the similarity or disparity between the observed (SSMS1) and simulated
SSM variations in Optirrig, providing insights into retrieving the most probable irrigation
date and amount. First, Sentinel-1, Sentinel-2, weather, and irrigation data were collected
and then SSMS1 values were estimated over maize plots using S2MP. Second, the rate of
change of SSMS1 was computed between subsequent S1 acquisition dates for ascending
and descending orbits separately. Then, irrigation combinations of dates and amounts
were entered into Optirrig in order to detect the irrigation combination that led to a rate of
change that matched that of SSMS1. The performance of the proposed method for detecting
irrigation was evaluated by comparing the actual irrigation dates and amounts applied in
the studied maize fields with those estimated.

2. Materials
2.1. Study Sites and Meteorological Data

This study examined two irrigation sites in Occitanie, Southern France. The first site,
an experimental field, was situated in the northern part of Montpellier in the southeast
of France. The second site was near Tarbes in the southwest (Figure 1). Montpellier
experiences a Mediterranean climate with a warm and temperate environment, averaging
an annual temperature of 15.0 ◦C. The region receives an average annual precipitation of
629 mm, primarily during the winter season.
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mm) for each maize plot throughout the crop growing cycle. DAS refers to days after seedling. 
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Plot Year Month Tavg (°C) Avg-Rg (MJm−2d−1) 
Monthly  
R (mm) 

Monthly  
ETo (mm) 

P1 2017 

April 17.6 20.75 39.5 93.7 
May 23.1 24.1 27.4 131.2 
June 28.7 25.97 73.2 166.3 
July 28.3 26.06 4.7 182.2 

August 30.9 20.84 8.9 145.1 
September 23.6 16.31 6.5 93.9 

P2 2018 

April 12.6 15.0 142.7 76.8 
May 14.0 15.8 71.4 88.7 
June 18.6 17.9 180.0 112.3 
July 21.4 21.3 160.2 137.3 

August 20.5 18.9 81.4 110.6 
September 18.7 16.6 48.2 82.1 

October 12.5 10.2 69.8 37.1 

P3 2019 

May 26.3 20.3 117.8 104.3 
June 35.4 22.1 65.6 127.9 
July 36.6 21.2 100.8 133.4 

August 32 18.8 119 109.2 
September 29.3 16.5 57.6 78.1 

October 31.4 9.5 91.6 37.8 
P4 2020 April 23.7 15.6 159.2 78.2 

Figure 1. Location of the study sites in Occitanie, France (outlined in red): Montpellier in 2017 (P1)
and Tarbes in 2018 (P2), 2019 (P3), and 2020 (P4). The figure displays the daily average air temperature
(Tavg in ◦C), Penman–Monteith reference evapotranspiration (ETo in mm), and rainfall (R in mm) for
each maize plot throughout the crop growing cycle. DAS refers to days after seedling.
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In contrast, Tarbes has a humid oceanic climate with a higher annual precipitation and
a summer season that is more humid than in Montpellier. Despite the climatic differences,
irrigation is applied during the summer season in both areas, typically between June and
September, depending on the local conditions. Field trials were conducted in four reference
plots: the P1 plot in Montpellier in 2017, followed by a plot near Tarbes in 2018, 2019, and
2020, denoted P2, P3, and P4, respectively (Figure 1).

Occitanie is an important agricultural region that cultivates various cereals and
spring/summer vegetables. The most common cereals grown there, such as maize, soybean,
wheat, barley, and sunflower, cover 34% of the region’s cultivated land, as per the French
Land Parcel Identification System (LPIS) called RPG (Registre Parcellaire Graphique) [85].
Cereal growers in Occitanie face the challenges of coping with low and unpredictable
rainfall, recurring water, and heat stress. To ensure sufficient yields, they rely on safe
irrigation, but they also grapple with the limited availability of resources.

Moreover, Figure 1 presents the collected data from the weather station in proximity to
each site, including the average air temperature (Tavg), global solar radiation (Rg), rainfall
(R), and Penman–Monteith reference evapotranspiration (ETo). The monthly meteorological
data are summarized in Table 1.

Table 1. Monthly climatic data for the maize experimental plots: P1 in Montpellier, and P2, P3, and P4
in Tarbes. The data includes the average air temperature (Tavg in ◦C), daily averaged values of global
solar radiation (Avg-Rg in MJm−2d−1), monthly rainfall (R in mm/month), and Penman–Monteith
reference evapotranspiration (ETo in mm/month).

Plot Year Month Tavg (◦C) Avg-Rg
(MJm−2d−1)

Monthly
R (mm)

Monthly
ETo (mm)

P1 2017

April 17.6 20.75 39.5 93.7
May 23.1 24.1 27.4 131.2
June 28.7 25.97 73.2 166.3
July 28.3 26.06 4.7 182.2

August 30.9 20.84 8.9 145.1
September 23.6 16.31 6.5 93.9

P2 2018

April 12.6 15.0 142.7 76.8
May 14.0 15.8 71.4 88.7
June 18.6 17.9 180.0 112.3
July 21.4 21.3 160.2 137.3

August 20.5 18.9 81.4 110.6
September 18.7 16.6 48.2 82.1

October 12.5 10.2 69.8 37.1

P3 2019

May 26.3 20.3 117.8 104.3
June 35.4 22.1 65.6 127.9
July 36.6 21.2 100.8 133.4

August 32 18.8 119 109.2
September 29.3 16.5 57.6 78.1

October 31.4 9.5 91.6 37.8

P4 2020

April 23.7 15.6 159.2 78.2
May 29 21.5 77.6 120.6
June 31.6 19.1 100.6 111.1
July 36.1 20.8 11.8 127.8

August 36.2 18.9 62.2 110.2
September 33.7 15.7 101 80.5

2.2. Site Management and Irrigation Datasets

Table 2 provides an overview of the total number of irrigation events, irrigation
method employed, and sowing and harvest dates for each plot. In Montpellier, the P1 plot,
which spanned an area of 13,860 m2, had a deep soil of colluvial–alluvial origin with a silty
clay loam texture (approximately 24% clay, 44% loam, and 32% sand), contributing to its
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high-water-holding capacity [86]. Near Tarbes, the P2, P3, and P4 plots, which encompassed
a total area of 10,490 m2, had a silt loam texture characterized by high fertility and effective
drainage capacity [87].

Table 2. Summary of the irrigation and crop management practices for the experimental maize plots.

Region Year Plot Number of
Irrigations

Average
Amount Per

Irrigation

Sowing
Date

Period of
Irrigation Harvest Date Irrigation

Method

Montpellier 2017 P1 10 30 mm 15 April 2 June–
26 September 25 September Sprinkler

Tarbes 2018 P2 4 40 mm 20 April 27 June–
5 August 6 October Sprinkler

Tarbes 2019 P3 4 40 mm 01 May 1 July–
29 July 1 October Sprinkler

Tarbes 2020 P4 3 40 mm 08 May 9 July–
6 August 30 September Sprinkler

Irrigation typically occurred during the dry summer season, which extends from June
to October in Montpellier and from the beginning of July to the end of August of each year
in Tarbes. In this study, the sprinkler irrigation method was employed over the reference
plots. It is worth noting that precise information was available not only about the specific
dates of irrigation but also regarding the precise amounts of irrigation applied over the
four reference plots.

2.3. Optirrig Model Description

Optirrig is a process-based crop growth and irrigation model that comprises an in-
ner layer responsible for hydrological and agronomical calculations, and an outer layer
dedicated to generating, analyzing, and optimizing irrigation scenarios. It is derived from
the Pilote model [64,65] developed by the same research team, with some adaptations
regarding process modeling (and a thorough rewriting in the R language in a completely
explicit, agile, and modular form that fits the modern international standards). Optirrig
simulates crop growth and yield based on water and nutrient availability and consumption,
emphasizing the identification of effective irrigation and fertilization practices and decision
rules, particularly for cereals and horticulture [57,84]. The model version used in this study
focuses on field crops and is represented in Figure 2. It assumed no nitrogen stress due
to sufficient fertilization on the study sites, and hence, the nitrogen cycle component was
excluded from the model.

Within its inner hydro-agronomic module, Optirrig conducts a daily water balance,
considering factors such as infiltration, drainage, evaporation, transpiration, and changes
in soil water reserves (R1, R2, R3) in different reservoirs (surface, root zone, and deep).
Optirrig relies on four daily climatic inputs: precipitation (P), mean air temperature (T),
potential evapotranspiration (ETo), and total global solar radiation (Rg). Additionally, irri-
gation (I) can be incorporated as a management parameter. Crop growth is tracked through
the leaf area index (LAI), which is determined by the thermal time (TT) and potential water
stress (Sw), as shown in Figure 2. The crop coefficient (Kc) and partition coefficient (Cp) are
derived from the LAI, as they control the allocation of ETo into transpiration demand (Tp0)
and evaporation demand (Es0). The actual transpiration (Tp) and evaporation (Es) are
then calculated based on available water reserves, which are continually updated. Biomass
accumulation (TDM) is determined by radiation interception and can also be influenced
by water stresses. Finally, crop yield (Y) is evaluated using the harvest index (HI), which
may deviate from its potential value if significant water stresses are observed throughout
the cropping season. For more specific information, Table 3 provides additional details,
particularly regarding the soil and crop parameters involved.
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Figure 2. Schematic representation of the Optirrig model, illustrating the arrangement of (i) climatic
forcing in light red squares: Rg (global solar radiation), T (mean air temperature), P (precipitation),
and ETo (potential evapotranspiration); (ii) intermediate (auxiliary) variables in light grey squares:
TT (thermal time), Sw (potential water stress), Kc (crop coefficient), Tp0 (transpiration demand), Es0

(evaporation demand), Tp (actual transpiration), Es (actual evaporation), and R3 (third soil water
reservoir); and (iii) key (main) state variables in blue sketches with bold contours: R1 (10 cm depth)
and R2 soil water reservoirs, LAI, TDM (total dry matter), and Y (yield). The notation I+ signifies
that the irrigation forcing in this model was influenced by various management options and their
associated parameters.

The outer layer of Optirrig allows for the generation and analysis of multiple irrigation
scenarios to enhance water efficiency and optimize crop yield. The model’s structure offers
the capability to incorporate independent information, treated as observations, pertaining
to certain state variables. This feature can be utilized for various purposes, including
classical tasks like model fitting or exploratory analyses.

As stated above, 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. The R1 reservoir with a shallow
depth of 10 cm controls the water balance at the soil surface. In this context, we compared
the SSM values derived from remote sensing with the simulated soil water balance in the
R1 reservoir. The main objective was to identify irrigation dates and amounts that minimize
the disparity between the observed (remote sensing) and predicted (Optirrig) SSM based
on the change in soil moisture between two SSM observations.
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Table 3. Essential data sources for the model simulations categorized into parameters (plant, soil, tem-
perature, and management controls) and variables (crop development and water budget variables).
The reference values are provided in columns P1 (Montpellier) and P2/P3/P4 (Tarbes).

Category Name Description P1 P2/P3/P4 Range Unit

Pa
ra

m
et

er
s Temperature Ti Temperature sum for root installation 150 150 ±7.5% ◦C

Tm Temperature sum to reach the maximum LAI 1300 1300 ±5% ◦C
Tmat Temperature sum for crop maturity 2050 2050 ±5% ◦C
Ts Temperature sum for crop emergence 100 100 ±10% ◦C
Ts1 Temperature sum for the 1st critical stage 900 900 ±10% ◦C
Ts2 Temperature sum for the 2nd critical stage 1700 1700 ±10% ◦C

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 %

V
ar

ia
bl

es Crop development TT Sum of temperature - - 0.0–2250.0 ◦C
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

2.4. Sentinel-1 SAR Data

In this study, a total of 288 S1 SAR images operating at the C-band frequency of
5.405 GHz were utilized. These images were acquired by S1A and S1B satellites in both
ascending mode (afternoon at 18:00 UT) and descending mode (morning at 06:00 UT).
Specifically, 72 images (36 ascending and 36 descending) were obtained for each of the
four reference plots (6-day revisit time) located in Montpellier (P1) and Tarbes (P2, P3, and
P4). The data spanned from April to October for each year, with 2017 for P1 and 2018,
2019, and 2020 for P2, P3, and P4, respectively. This period corresponds to the irrigation
period for these reference plots. The SAR images were acquired in the interferometric-wide
(IW) swath with two polarizations: VV (vertical–vertical) and VH (vertical–horizontal).
For the purpose of this study, only the VV and VH polarizations were considered in the
SSM (surface soil moisture) estimation algorithm. The 288 images were derived from
the ground-range-detected (GRD) product, featuring a pixel spacing of 10 m × 10 m.
These images were downloaded via the European Space Agency (ESA) website (https:
//scihub.copernicus.eu/dhus/#/home, accessed on 9 November 2022).

Figure 3 illustrates the repetitiveness of S1 data in both the ascending “A” and de-
scending “D” acquisition modes across four study sites: Montpellier (P1) in June 2017 and

https://scihub.copernicus.eu/dhus/#/home
https://scihub.copernicus.eu/dhus/#/home
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Tarbes (P2) in June 2018. In Tarbes, S1 images from the same orbits as the P1 plot were
acquired for P3 (2019) and P4 (2020). Each study site underwent the acquisition of 10 SAR
images per month, comprising 5 ascending and 5 descending images. The descending SAR
image (morning) for the Montpellier site (Figure 3a) was acquired 36 h before the ascending
evening image, exhibiting incidence angles of 38.1◦ and 39.3◦, respectively. Similarly, in
Tarbes (Figure 3b), the morning acquisition preceded the evening acquisition by 36 h, and
the incidence angles were 36.2◦ and 40.3◦, respectively.
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Figure 3. Sequences of Sentinel-1 images in both the ascending “A” (afternoon, represented by blue)
and descending “D” (morning, represented by yellow) modes over a month, namely, in April 2017
for the P1 plot in Montpellier (a) and in April 2018 for the P2 plot in Tarbes (b). Also indicated are the
incidence angles associated with each acquisition.

ESA’s S1 toolbox was employed to calibrate a total of 288 S1 images. This calibration
process encompassed radiometric and geometric adjustments, which transformed the
digital numbers into backscattering coefficients (σ0) in linear units (radiometric calibration)
and ortho-rectified the images (geometric calibration) using a 30 m digital elevation model
derived from the Shuttle Radar Topography Mission (SRTM). Finally, two distinct sets of
σ0 temporal series were derived for each study site. These series represent the repeated
images obtained through the same acquisition mode (ascending and descending) every six
days. The first set corresponded to the morning acquisition and was labeled as DM1 for
the Montpellier site in 2017, and DM2, DM3, and DM4 for Tarbes in 2018, 2019, and 2020,
respectively. Moreover, the temporal series acquired in the afternoon were denoted as MA1
for the Montpellier site in 2017, while for the Tarbes site, they were labeled as MA2, MA3,
and MA4 for the years 2018, 2019, and 2020, respectively.

For each acquired S1 SAR image of the temporal series (DM1, DM2, DM3, DM4, MA1,
MA2, MA3, and MA4), the SAR σ0 at plot scale (σ0

P) was calculated by averaging the
pixel values within each plot (P1, P2, P3, and P4) in both the VV and VH polarizations.
The SAR incidence angle (θP) was determined for each SAR image at every plot. The
increase in SSM values can be attributed not only to irrigation events but also to rainfall
events, which are the primary contributors to SSM variations. Therefore, it is necessary to
distinguish between rainfall events and irrigation events. Both rainfall and irrigation events
are considered water supplements and can have a similar effect on the value of σ0

P and SAR
backscattering coefficient at the grid scale (σ0

G
)
. Thus, resolving the ambiguity between
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rainfall and irrigation is crucial for accurately detecting irrigation events. To achieve better
detection of irrigation events, information about rainfall is essential.

In this study, information about rainfall occurrence was determined through the SSM
value obtained at the grid scale (Section 2.4). It was assumed that if the bare soil plots
with low vegetation cover within the 10 km × 10 km spatial extent exhibited an increase
in SSM values between two consecutive SAR acquisitions, a rainfall event likely occurred.
This correlation between rainfall and σ0

G was demonstrated by Bazzi et al. [88], where they
compared SSM estimations at bare soil plots in a 10 km grid scale with rainfall events at
the same scale, revealing a strong consistency between rainfall events and SSM values at
the 10 km grid scale. The backscattering coefficient at grid scale (10 km × 10 km), namely,
σ0

G, was obtained for each SAR acquisition of each temporal series by averaging the SAR
backscattering coefficient of all pixels within each grid cell that corresponded to either
bare soil or areas with small vegetation cover. The identification of bare soil pixels with
low vegetation cover was achieved by using a land cover map of France [89] to delineate
agricultural regions and subsequently applying a threshold value to the NDVI (NDVI < 0.3)
obtained from the S2 images (Section 2.5). Additionally, the σ0

G values were obtained for
both VV and VH polarizations, along with the average SAR incidence angle (θG) at each
grid cell for every SAR image.

2.5. Sentinel-2 Optical Data

Sentinel-2 (S2), which comprises optical satellites, was deployed by the European
Space Agency (ESA) in 2015 and 2017 as two constellations, S2A and S2B. Operating in
tandem, these constellations offer a revisit time of 5 days. S2 provides optical images that
encompass 13 different bands, with bands 4 and 8 specifically employed in calculating
the normalized difference vegetation index (NDVI). The high temporal resolution of the
S2 satellite enabled the acquisition of 15 cloud-free optical images for plot P1 in 2017,
19 images for plot P2 in 2018, 21 images for plot P3 in 2019, and 17 images for plot P4 in 2020
throughout the maize cropping seasons (between April and October). For each reference
plot, the images were downloaded from the Theia website (https://www.theia-land.fr/,
accessed on 9 November 2022), which offers ortho-rectified level-2 products corrected for
atmospheric effects using the Level-2A operational processor. The time span covered by
the S2 images aligned with that of the S1 acquisitions for each reference plot and year. The
processor employs algorithms for scene classification and atmospheric correction. These
optical images were used to calculate the NDVI values by averaging the values of all
the pixels at the plot scale for each S2 date (Figure 4). The NDVI values serve as input
for estimating the SSM at the plot scale (S2MP (Sentinel-1/Sentinel-2 Moisture Product)
described in Section 3.1). Furthermore, for each grid cell, the average NDVI value was
obtained specifically for bare soil pixels exhibiting low vegetation cover, as discussed in
Section 3.1.2, to estimate the SSM at the grid scale.

3. Methods

Our methodology focused on retrieving irrigation dates and amounts at the plot
level by integrating surface soil moisture (SSM) data obtained from Sentinel-1 (SSMS1,
described in Section 3.1) into Optirrig using an inversion technique. The approach relied
on comparing the change in the SSMS1 between two S1 SAR acquisition dates, namely, t(l)
and the previous date t(i), to the change in the SSM simulated by Optirrig when forcing
combinations of irrigation dates and amounts (I(j,k), j accounting for the dates and k for the
amounts) in the input files of the model. In return, Optirrig provides SSM values in its first,
shallow reservoir of 10 cm depth, which exceeded by a few centimeters the penetration
depth of the radar signal in soils. Due to this difference, comparing the SSMS1 and Optirrig
SSM simulations (SSMM) was not a straightforward task. We, therefore, proposed to
instead compare the rates of change (ΨSSMS1, ΨSSMM) between successive observation

https://www.theia-land.fr/
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dates, seeking the irrigation date and amount that reduced the difference between those
two rates, defining the rate of change between any two t(i) and t(i+1) dates as

ΨSSM =
SSM(i+1) − SSM(i)

SSM(i)
(1)

However, the SSM estimated from SAR data might be influenced by various factors,
especially rainfall and irrigation: both lead to an increase in the backscattering coefficient,
which affects the SSM values. Hence, it was mandatory to first distinguish between rainfall
and irrigation events, which is expected from a combined analysis of changes in SSM values
at the plot scale (SSMP) and the grid scale (SSMG).

The method for detecting irrigations was based on identifying changes in the plot-scale
surface soil moisture (SSMP) values between the current SAR acquisition at time t(l) and
the previous SAR acquisition at time t(i). In essence, the approach assumed that an increase
in SSMP between two consecutive SAR dates (t(i) and t(l)), resulting in a positive rate of
change (ΨSSMP), was attributable to either rainfall or irrigation (Section 3.1.1). Conversely,
an increase in SSMG values at the grid scale (10 km × 10 km) likely denoted a rainfall event
(Section 3.1.2). Consequently, a ΨSSMP value higher than the ΨSSMG value between t(i)
and t(l) signaled the effect of local water application (which a priori excluded rainfall) and
was considered indirect evidence of irrigation.

Further verifications were performed using Optirrig. The evolution of SSM throughout
the maize growing cycle was simulated using Optirrig without the presence of irrigation in
so-called “rainfed” conditions (SSMr), thus taking into account the sole effect of rainfall
on the soil water content (Section 3.2.1). The ΨSSMr rate of change between t(i) and t(l)
was computed and compared with ΨSSMP. A ΨSSMP value lower than or equal to the
ΨSSMr value meant that there was no effect of water application other than rainfall on
the plot-scale surface soil moisture. Conversely, if the ΨSSMP value was higher than the
ΨSSMr value, it was interpreted as evidence of irrigation between t(i) and t(l).

The proposed methodology for irrigation detection consisted of (i) applying the above
conditions to the SSM values derived from Sentinel-1 at plot and grid scales to determine
whether irrigation took place, and (ii) if so, simulating the SSM values with Optirrig for
different combinations of irrigation dates and amounts, seeking the combination that
produced the best match between the rates of change of the observed and simulated
SSM values.

3.1. S2MP for SSM Estimation

The estimation of the surface soil moisture (SSM) was accomplished using the S2MP
developed by El Hajj et al. [47] using time series data from Sentinel-1 and Sentinel-2
and a neural network technique for estimating SSM within the upper 3–5 cm layer. The
neural network employed sought the optimal fit between the reference and estimated SSM
by incorporating the calibrated water cloud model (WCM) [90], along with the integral
evaluation model for soil backscattering [91–93]. Within the WCM, the total backscattered
coefficient was computed as the combined contribution of direct vegetation and soil,
multiplied by an attenuation factor. This approach, which was used in this study, delivered
satisfactory estimations of surface soil moisture (SSM) with a root mean square error (RMSE)
of 5 vol.%. It required three inputs: the σ0 value in VV and VH polarizations, the SAR
incidence angle (θ), and an NDVI value. Consequently, the SSM estimations were obtained
individually for each plot and each grid cell at every available SAR acquisition date within
the eight temporal series of the four reference plots (Figure 4).
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3.1.1. SSM Estimation at Plot Scale

The proposed approach relied on identifying variations in the level of surface soil
moisture at the plot scale. For each SAR date, the SSMS1 values were estimated at each
plot, denoted by SSMP (Figure 4). When the SSMP level increased between two successive
synthetic SAR acquisitions, the σ0

P value also tended to increase, leading to an increasing
SSMP. Consequently, if an irrigation event occurred between two SAR acquisitions, the
SAR SSMP value would show an increase [16].

Additionally, the stability or slight decrease of SSMP values between two dates could
also be linked to irrigation and not only when increasing values of SSMP are observed (as
mentioned in the previous paragraph), particularly when SSMP values are already high. In
fact, without any interventions like irrigation, rainfall, soil activities, or vegetation growth,
the SAR signal tends to decrease between two SAR acquisitions (within a maximum of
6 days), particularly during the spring and summer seasons. This decrease is influenced
by various water cycle factors, such as infiltration, evaporation, and evapotranspiration,
which contribute to a decline in SSM values. Thus, the stabilization or slight decrease in
SSMP between the SAR acquisition date t(i) (SSMP(i)

) and the subsequent acquisition date
t(l) (SSMP(l)

) could have been due to an additional water supply if no rainfall had occurred
between t(i) and t(l).

Since the method revolved around detecting changes in SSMP values, we proposed
calculating the rate of change between the SSMP value at each SAR acquisition date t(l)
(SSMP(l)

) and the SSMP value at the previous SAR acquisition date t(i) (SSMP(i)
). Conse-

quently, we computed the SAR SSMP rate of change (ΨSSMP) for each SAR acquisition t(l)
at the plot scale as follows:

ΨSSMP(l)
=

SSMP(l)
− SSMP(i)

SSMP(i)

(2)

A positive, stable, or even slightly negative ΨSSMP(l)
provided indirect evidence of

irrigation and/or rainfall occurrence between t(i) and t(l). Therefore, additional criteria
needed to be included to verify a potential irrigation event. This involved comparing
ΨSSMP to ΨSSM at the grid scale (ΨSSMG), as well as to the variations in shallow reservoir
soil moisture simulated in Optirrig without the presence of irrigation (ΨSSMr). The latter
took into account the impact of rainfall on the surface soil moisture (SSM) between the
SAR acquisitions t(i) and t(l). The upcoming sections cover the discussion of these criteria
and conditions.

3.1.2. SSM Estimation at the Grid Scale

At the grid scale, an estimation of SSM from σ0
G (SSMG) for bare soil plots with low

vegetation cover (NDVI < 0.3) was conducted for each grid cell and SAR date (Figure 4).
This estimation provided information about the surface water content over the bare soil
plots at the basin scale. It was assumed that high soil moisture values observed at the grid
scale (10 km × 10 km) centered around the plots were more likely to be associated with
potential rainfall events than with irrigation events: high soil moisture conditions at the
grid scale indicate humid soil conditions “everywhere”, which is typically associated with
rainfall events showing no “plot by plot” patterns.

At a given SAR acquisition date t(l), the change in SAR SSM at each 10 km cell could
be determined by calculating the rate of change of SSMG (ΨSSMG(l)) between the SSMG
value at t(l) and the SSMG value at the previous SAR acquisition date t(i):

ΨSSMG(l)
=

SSMG(l)
− SSMG(i)

SSMG(i)

(3)

A positive value of ΨSSMG(l)
meant that SSMG increased between t(i) and t(l) and

a rainfall event was assumed to have occurred. On the other hand, when the SSMG
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values decreased or remained stable between two SAR acquisitions, it likely indicated the
absence of precipitation or low precipitation amounts, resulting in negative or null values
of ΨSSMG(l)

. By contrast, as discussed in the previous sections, increasing values of SSM
at the plot scale (positive ΨSSMP(l)

) could be attributed to irrigation, rainfall (leading to
positive ΨSSMG(l)

), or a combination of both. Therefore, a positive difference between
ΨSSMP(l)

and ΨSSMG(l)
(ΨSSMP(l)

−ΨSSMG(l)
> 0) was assumed to signal the occurrence

of plot-scale irrigations.

3.2. Optirrig Simulations
3.2.1. Simulated SSM Evolution

Optirrig simulates the soil water balance and crop yield on a daily basis by combining
a soil module and a crop module, assuming that water is the sole limiting factor. The soil
module comprises a three-reservoir system [57,84] that spans from the surface layer to the
maximum rooting depth. The first reservoir, with a shallow depth of 10 cm, controls the
water balance at the soil surface. In this reservoir, the evaporation demand is reduced for
increasing values of the leaf area index (LAI), while the transpiration demand progressively
takes over by means of a partitioning coefficient. The second reservoir, referred to as R2,
accounts for the root section and its capacity expands as roots grow. Before the potential root
area is fully occupied by the second reservoir, the third reservoir represents the remaining
portion of the soil root zone. Initially, water is extracted from the shallow reservoir (R1,
10 cm deep) through evaporation, and subsequently, the plant draws water exclusively
from the second reservoir. Therefore, Optirrig allows for the simulation of SSM at 10 cm
depth for different irrigation scenarios. Those simulations serve to compare the effect of
different irrigation applications on the SSM to the observed SSM from Sentinel-1, and thus,
retrieve the irrigation that leads to the same SSM behavior between SAR acquisitions.

The SSMr values obtained from Optirrig for rainfed conditions are affected by rainfall
only, while the SSM values derived from Sentinel-1 at the plot scale (SSMP) are affected
by rainfall and irrigation. In fact, the aim of this study was to detect potential irrigation
that occurred between a SAR acquisition date (t(l) and the previous date t(i)). Therefore, the
rate of change of SSMr (ΨSSMr) between t(i) and t(l) was computed in order to quantify the
effect of rainfall alone on the SSM:

ΨSSMr(l) =
SSMr(l) − SSMr(i)

SSMr(i)
(4)

The approach assumed that when there was an increase in SSMP between t(i) and t(l),
resulting in a positive rate of change (ΨSSMP(l)

, Equation (2)), it was mainly due to the
rise in SSMP caused by rainfall and/or irrigation. On the other hand, an increase in SSMr
values could indicate a rainfall event between the SAR acquisitions, leading to a positive
ΨSSMr(l) . Therefore, a ΨSSMP(l)

value higher than the ΨSSMr(l) value between t(i) and t(l),
provided indirect evidence of irrigation occurrence.

3.2.2. Inversion Approach for Irrigation Detection

The previous sections proposed two criteria (Section 3.1.2: ΨSSMP(l)
> ΨSSMG(l)

and
Section 3.2.1: ΨSSMP(l)

> ΨSSMr(l) ) to seek the possible irrigation events I(j,k) having taken
place at a date j between t(i) and t(l), with an amount given by the k index. However, El Hajj
et al. [72] highlighted that the SSM is estimated with an accuracy of 5 vol.%, which applies
in our case to the SSM values estimated at the plot scale (µSSMp = 5%). The uncertainty on
ΨSSMP will then depend on the uncertainties in the measurements of SSMp at t(i) and t(l)
as follows [94]:

µ(l) = ΨSSMP(l) ×

√√√√(µSSMP(l)

SSMP(l)

)2

+

(
µSSMP(i)

SSMP(i)

)2

(5)
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For instance, at the SAR acquisition date t(l), a value of the SSMp is recorded as
SSMP(l)

= 25 vol.%. Furthermore, our approach focuses on detecting the change in SSMP

between t(l) and the previous image date t(i), where SSMP(i)
= 15 vol.%. As a result, the

ΨSSMp value is determined using Equation (2) yielding ΨSSMP(l)
∼= 0.67. Subsequently,

the error value on ΨSSMP(l) (µ(l)) is computed using Equation (5), with a calculated
value of µ(l)

∼= 0.26. The presence of too large uncertainties may hamper the identifi-
cation of irrigation events from the previous arguments involving the ΨSSMP(l)

values
(ΨSSMP(l)

− ΨSSMG(l)
> 0 and ΨSSMP(l)

−ΨSSMr(l) > 0). The following two conditions
thus have to be met:

ΨSSMP(l)
−ΨSSMG(l)

> µ(l) (6)

ΨSSMP(l)
−ΨSSMr(l) > µ(l) (7)

Moreover, El Hajj et al. [48] and Ouaadi et al. [44] highlighted that the effect of a rain
or irrigation event on the SAR backscattering coefficient can last up to 3 days before the
total dry-out of the surface. It is essential to note that the duration of dry-out largely relies
on the specific soil type and its infiltration characteristics, as well as the vegetation cover.
Hence, an irrigation that occurred 3 days (n = 3) before t(i) can have an effect on the change
observed in SSM between SSMP(I)

and SSMP(l)
, and therefore, on the computed ΨSSMP(l)

.
From this point of view, a light rain that occurred shortly before the acquisition could
have the same signature as a significant rain occurring 3 days before would. This means
searching for an irrigation event that occurred at the j date between t(i)−3 and t(l). As for the
possible irrigation amounts, we restrained the set to realistic values with three possibilities:
k = 20, 30, or 40 mm. This produced the I(j,k) combinations of dates and amounts to test,
resulting in SSMR(j,k)

values simulated by Optirrig, and therefore, in ΨSSMR(j,k)
values, for

each I(j,k) between t(i) and t(l):

ΨSSMR(j,k)
=

SSMR(l)
− SSMR(i)

SSMR(i)

(8)

The most probable irrigation combination between t(i) and t(l) was the I(j,k) that min-
imized the absolute value of the discrepancy between ΨSSMR(j,k)

and ΨSSMP(l)
, which

was denoted |∆Ψ(j,k)|. Consequently, our goal was to find the irrigation event I(j,k) that
minimized the difference between the ΨSSMR(j,k)

and ΨSSMP(l)
values. By contrast, the

highest |∆Ψ(j,k)| values for a hypothesized I(j,k) event indicated the lowest probability for
I(j,k) to have occurred: ∣∣∣∆Ψ(j,k)

∣∣∣=∣∣∣ΨSSMR(j,k)
−ΨSSMP(l)

∣∣∣ (9)

When trying to minimize the |∆Ψ(j,k)| values, seeking |∆Ψ(j,k)| values as close to
zero as possible, it is very likely that both negative and positive values of ∆Ψ(j,k) will be
encountered. A negative ∆Ψ(j,k) (∆Ψ(j,k) < 0) occurs when the tested irrigation I(j,k) yields a
ΨSSMR(j,k)

lower than ΨSSMP(l)
. The negative value indicates a shortfall in the impact of

I(j,k) on ΨSSMR(j,k)
when compared with ΨSSMP(l)

. Conversely, a positive ∆Ψ(j,k) suggests
that the tested irrigation I(j,k) outperforms the ΨSSMP(l)

by leading to ΨSSMR(j,k)
values

higher than ΨSSMP(l)
. This indicates a desire to make the ∆Ψ(j,k) of an I(j,k) at j and ∆Ψ(j+1,k)

of an I(j,k) at j + 1 comparable and a change in sign occurs between ∆Ψ(j,k) and ∆Ψ(j+1,k)
values, from negative to positive (10) or from positive to negative (11):

∆Ψ(j,k) < 0 And ∆Ψ(j+1,k) ≥ 0 (10)

∆Ψ(j,k) > 0 And ∆Ψ(j+1,k) ≤ 0 (11)



Remote Sens. 2023, 15, 4081 17 of 36

This change in sign is a “necessary but not sufficient condition” for the detection of an
irrigation event having taken place between t(i) and t(l), as the magnitude of the change in
∆Ψ(j,k) values also has to be compared with the intrinsic uncertainties, which requires

∆Ψ(j,k) < −µ(l) And ∆Ψ(j+1,k) ≥ −µ(l) (12)

∆Ψ(j,k) > µ(l) And ∆Ψ(j+1,k) ≤ µ(l) (13)

In the last step, Equations (12) and (13) establish the conditions for detecting an irriga-
tion event between two specific time points, namely, t(i) and t(l). These conditions involve
comparing the magnitudes of ∆Ψ(j,k) values with the intrinsic uncertainties represented by
µ(l). Equation (12) states that if ∆Ψ(j,k) is less than the negative intrinsic uncertainty (−µ(l)),
and ∆Ψ(j+1,k) is greater than or equal to −µ(l), it suggests the possibility of an irrigation
event that occurred between t(i) and t(l). In addition, Equation (13) implies that when the
difference ∆Ψ(j,k) is greater than the positive intrinsic uncertainty (µ(l)), and the subsequent
difference ∆Ψ(j+1,k) is less than or equal to µ(l), it indicates the potential occurrence of an
irrigation event between time points t(i) and t(l).

Therefore, if either condition (12) or (13) is met, the magnitudes of |∆Ψ(j,k)| and
|∆Ψ(j+1,k)| are compared. The one with the smallest value represents the most probable
combination of irrigation date and amount (I(j,k)). This means that if an irrigation event
is detected based on either condition, the comparison of the absolute values helps to
determine which I(j,k) is the most likely based on the smallest difference in ∆Ψ values:

I(j,k)opt
= min(

∣∣∣∆Ψ(j,k)

∣∣∣, ∣∣∣∆Ψ(j+1,k)

∣∣∣) (14)

The minimum value of |∆Ψ(j,k)| and |∆Ψ(j+1,k)| corresponds to the irrigation event
with the highest likelihood in terms of the date and amount, as it represents the irrigation
combination that caused the least discrepancy in ∆Ψ (between ΨSSMR(j,k)

and ΨSSMP(l)
),

considering the given uncertainties µ(l).

3.3. Workflow for the Detection of Irrigation Events

Figure 5 provides a comprehensive flowchart of the proposed irrigation detection
methodology, highlighting its key steps and processes. The approach aimed at retrieving
the irrigation dates and amounts between a SAR acquisition date (t(l)) and the previous
date (t(i)). It is good to mention that SSM values derived from S1 SAR images acquired in
the ascending and descending modes were used independently. For example, over the P1
plot and at t(l) (SAR acquisition date) the detection approach was applied between the SSM
derived from ascending SAR time series (MA1) at t(l) and the date of the previous image t(i)
from the same time series, at a fixed interval of 6 days. For each plot and between t(l) and
t(i), ten primary indicators could be derived for the plot, as presented in Table 4.

The chain started with phase 1, which consisted of distinguishing the occurrence or
not of an irrigation event. It was crucial to differentiate between rainfall and irrigation
events, as both can cause changes in SSM values. To eliminate the ambiguity between
irrigation and rainfall events, two filters were implemented. The first filter compared the
change rate of SSM at the plot scale ΨSSMP(l)

between t(l) and t(i) with the rate of change
of SSM at the grid scale (ΨSSMG(l)

). A higher value of ΨSSMP(l)
indicated the presence of

water application apart from rainfall.
The second filter involved a comparison between ΨSSMP(l)

and the simulated change
rate of SSM without irrigation (ΨSSMr(l) ). Similarly, if ΨSSMP(l)

was higher than ΨSSMr(l) ,
it indicated the presence of a water application other than rainfall. Once it was confirmed
that an irrigation event occurred, the approach moved to phase 2, which aimed to determine
the irrigation date and amount between two SAR acquisitions.

In phase 2, irrigation combinations of date j (ranging between t(i)−3 and t(l)) and dose
k (I(j,k)) were entered into Optirrig between t(i) and t(l). This resulted in simulated SSM
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values generated by Optirrig, and corresponding change rates ΨSSMR(j,k)(l)
were computed.

The objective was to find the most probable irrigation combination (I(j,k)opt
) between t(i) and

t(l) by minimizing the absolute discrepancy between ΨSSMR(j,k)(l)
and ΨSSMP(l)

(|∆Ψ(j,k)(l)
|).

This process is elaborated in Section 3.2.2 and illustrated in Figure 5.
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Table 4. Summary of the primary indicators estimated and calculated for the irrigation detection
approach between a SAR acquisition date (t(l)) and the previous date (t(i)).

Indicator Description

SSMP(l)
SSM value at the plot scale

SSMG(l)
SSM value at grid scale over plot’s area (10 km)

SSMr(l) SSM simulated by Optirrig with the absence of irrigation

SSMR(j,k)(l)

SSM simulated by Optirrig through the injection of I(j,k)
(irrigation of date j between t(l) and t(i) and dose k)

ΨSSMP(l)
Rate of change between SSMP(l)

and SSMP(i)

ΨSSMG(l)
Rate of change between SSMG(l)

and SSMG(i)

ΨSSMr(l) Rate of change between SSMr(l) and SSMr(i)
ΨSSMR(j,k)(l)

Rate of change between SSMR(j,k)(l)
and SSMR(j,k)(i)

∆Ψ(j,k)(l)
Difference between ΨSSMR(j,k)(l)

and ΨSSMP(l)

µ(l) Uncertainty in the ∆Ψ(j,k)(l)
values

3.4. Metrics Associated with Detection Issues

This section presents the results of assessing the performance of the irrigation detection
approach discussed earlier by examining its capability to accurately retrieve irrigation dates
and amounts over the four reference plots. Three metrics were calculated based on the
concepts of true positive, false positive, and false negative, which are defined as follows. A
“probably detected irrigation” I(j,k) was classified as a true positive (TP) if it was detected
within three days of a real irrigation date (dRe) collected during the field trials. On the other
hand, any probably detected irrigation I(j,k) that deviated significantly from these dates was
classified as a false positive (FP). Conversely, if an irrigation event was not detected, it was
considered a false negative (FN).

The methodology was applied to SSM temporal series from the ascending (evening
overpass) and descending (morning overpass) SAR acquisitions separately due to diurnal
variations caused by differences in vegetation water content between morning and evening.
Studies consistently showed that the radar backscattering coefficient (σ0) is generally higher
in the morning overpass compared with the evening overpass [95,96]. As a result, it is
recommended to investigate each SAR temporal series separately, with one acquired in the
morning and the other in the evening for each of the four reference plots (Section 2.4). In
other words, the method of irrigation retrieval was employed by examining the variation
in SSM between consecutive SAR images, which were denoted as t(l) and the previous
image t(i), acquired within the same SAR time series acquisition. It is important to note
that this approach was applied, independently, to both the ascending and descending SAR
time series. Therefore, the time interval between two SSM observations was fixed at 6 days
(t(l) − t(i) = 6 days, revisit time of S1).

Moreover, there was an overlap in the time span between t(i) and t(l) in both ascending
and descending temporal series, as the morning acquisition was only 36 h prior to the
evening acquisition. For example, the evaluation of irrigation retrieval was conducted
between the t(l) = 6 August 2017 SAR image acquired in the ascending mode and the
date of the previous image t(i) = 31 July 2017. Similarly, in the descending mode, another
SAR image was acquired at t(l) = 5 August 2017 (36 h before the evening image), with
t(i) = 30 July 2017. Consequently, a real irrigation event that occurred on 3 August 2017
could potentially be detected using either the descending SAR image (t(l) = 5 August 2017)
or the ascending SAR image (t(l) = 6 August 2017). As a result, two dates of irrigation
detection could be recorded for the same actual irrigation date. The retrieved irrigation date
that exhibited the shortest time lapse between the real irrigation event and the retrieved
irrigation date was considered a true positive (TP).

The “Recall” (Re) was the first metric, representing the overall accuracy and sensitivity
in detecting irrigation dates (Equation (15)). It is calculated as TP divided by TP + FN (all
irrigation events). A low FN count favors a higher Re value, indicating better irrigation
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date detection accuracy. The “Precision” (Pn) was the second metric, defined as the ratio
of TP to TP + FP (all detected events) (Equation (16)). False positive detections decrease
Pn, affecting the precision. The third metric calculated the harmonic mean of recall and
precision, resulting in the F-score (Equation (17)). The F-score enables comparison of the
harmonic mean of Re and Pn in detecting irrigation dates across multiple cases, providing
a balanced evaluation of the performance:

Recall =
True Positive

True Positive + False negative
(15)

Precision =
True Positive

True Positive + False positive
(16)

F-score =
2× Recall× Precision

Recall + Precision
(17)

Once the probable dates of irrigation were retrieved, additional investigations were
conducted to evaluate the detection of irrigation amounts applied at the detected dates
of irrigation (t(m)). To assess the accuracy of the estimation, the mean absolute error
percentage (MAE%) was calculated by comparing the detected irrigation amounts (AD)
with the corresponding actual (real) irrigation amounts (AR) over the t(m) for the four
reference plots. The MAE% quantifies the average deviation between the estimated and
actual irrigation amounts, allowing for a seasonal assessment of the performance of the
estimation method:

MAE% =
1
n
×

∑n
t(m)
|ADm −ARm |

AR
× 100 (18)

where t(m) is the detected irrigation date; n is the total number of detected irrigation dates
(t(m)); AR is the average of the actual irrigation amounts; and ADm and ARm are the detected
and actual irrigation amounts, respectively, at t(m).

A lower MAE% indicates a higher level of accuracy in estimating the irrigation amount,
as the probable amounts closely align with the actual amounts applied. Conversely, a higher
MAE% suggests a larger discrepancy between the probable and actual amounts.

4. Results
4.1. Detection of Irrigation Dates and Amounts

The proposed methodology for detecting irrigation involved two main steps. First, the
SSM values derived from Sentinel-1 were analyzed at both the plot and grid scales using
specific conditions, as described in Section 3.2.2, to determine whether irrigation took place
between two subsequent SAR images (phase 1). If irrigation was detected, the second step
involved simulating the SSM values with Optirrig, considering various combinations of
irrigation dates and amounts. The goal was to find the combination that best matched the
observed and simulated SSM value changes (phase 2).

Phase 1 consisted of applying two filters to distinguish between irrigation and rainfall
events. The first filter compared the plot-scale SSM change rate (ΨSSMP) with grid-scale
change rate (ΨSSMG) and the second filter compared ΨSSMP with ΨSSMr (rate of change
of SSM simulated using Optirrig with no irrigation). Previous sections explored two
irrigation detection conditions based on the difference observed between ΨSSMP and
ΨSSMG (Equation (6)), as well as ΨSSMr (Equation (7)). In order to identify the occurrence
of an irrigation event, ΨSSMP −ΨSSMG and ΨSSMP −ΨSSMr have to show values higher
than the error on ΨSSMP (µ(l), Equation (5)).

Figure 6 shows an example of the detection of irrigation occurrence between the
t(l) date of SAR acquisition and t(i)−3, where real irrigation was recorded (represented
by blue dashed vertical lines), for the four reference plots: P1 at t(l) = 6 August 2017
(Figure 6a), P2 (Figure 6c) at t(l) = 30 June 2018, P3 at t(l) = 30 July 2019 (Figure 6e), and P4
at t(l) = 13 July 2020 (Figure 6g). The blue, green, and red horizontal dash lines represent
ΨSSMP, ΨSSMG, and ΨSSMr, respectively, between t(l) and t(i). To provide context, daily
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precipitation data (shown as blue bars) and evapotranspiration (ETo, depicted as yellow
bars) obtained from nearby weather stations are included in the figures. These additional
data help to understand the relationship between the ΨSSMG and ΨSSMr values and
rainfall events. Figure 6a,c,e,g illustrate that when there was low or no precipitation, both
ΨSSMG and ΨSSMr exhibited a slight decrease or remained stable. Concurrently, in all
four cases documented, ΨSSMP demonstrated higher values than both ΨSSMG and ΨSSMr.
This observed difference, which exceeded the error margin of ΨSSMP (µ(l)), confirming
the conditions in Equations (6) and (7) were met, which served as evidence of irrigation
occurrence in the four examples.
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Figure 6. Irrigation detection using the evening SAR acquisition over P1 for t(l) = 6 August 2017 (a,b),
P2 for t(l) = 30 August 2018 (c,d), P3 for t(l) = 30 July 2019 (e,f) and the morning SAR acquisition
over P4 for t(l) = 13 July 2020 (g,h). In (a,c,e,g), the calculated ΨSSMR(j,k)

(rate of change of SSMR(j,k)

between t(l) and t(i)) as a function of the date j (between t(l) and t(i)−3) of the injected irrigation I(j,k) is
represented by the black lines for k = 20, 30, and 40 mm. The vertical dash lines in dark blue represent
the real irrigation dates (dRe). The light blue, green, and red horizontal dash lines represent the
ΨSSMP, ΨSSMG, and ΨSSMr, respectively. In (b,d,f,h), the difference ∆Ψ(j,k) = ΨSSMR(j,k)

−ΨSSMP

is represented by the white values in the matrix for each I(j,k). The date j in blue indicates the dRe and
µ(l) indicates the value of the error on ΨSSMP.

In phase 2, when an irrigation occurrence was identified between t(i) and t(l), further
investigations were conducted to determine the probable date and amount of irrigation.
This involved simulating the ΨSSMR(j,k)

(black lines) for each irrigation combination (I(j,k)),
where the date j ranged from t(i)−3 to t(l), and the tested amount k was set to 20, 30, and
40 mm. The purpose of these simulations was to compare the ΨSSMR(j,k)

values with

the ΨSSMP and minimize the difference between them (
∣∣∣∆Ψ(j,k)

∣∣∣=∣∣∣ΨSSMR(j,k)
−ΨSSMP

∣∣∣,
Equation (9)) in order to derive insights about the most likely I(j,k). The evolution of ∆Ψ(j,k)
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for different I(j,k) values of date j and dose k is presented in Figure 6b,d,f,h for each of the
examples where irrigation occurrence was suspected in phase 1 (Figure 6a,c,e,g).

For instance, an occurrence of irrigation was identified between t(i) = 31 July 2017 and
t(l) = 6 August 2017, with ascending SAR image dates (Figure 6a). A detailed analysis was
carried out in Figure 6b to determine the specific irrigation date and amount that probably
occurred between t(i)−3 and t(l). This investigation involved examining the changes in
∆Ψ(j,k) for different irrigation dates j ranging from 28 July 2017 to 5 August 2017, and k
amounts of 20, 30, and 40 mm to compare ∆Ψ(j,k) values to the error on ΨSSMP (µ(l)). It is
important to note that the error on ΨSSMP between t(i) and t(l) was µ(l) = 0.068.

Concerning the plot P1 (Figure 6a,b), on the date j = 31 July 2017, the observed values
of ∆Ψ(j,k) ranged from−0.71 for k = 20 mm to−0.76 for k = 30 and 40 mm, all of which were
lower than −µ(l). This discrepancy could be attributed to significantly lower ΨSSMR(j,k)

values compared with ΨSSMP (∆Ψ(j,k) < −µ(l)) observed at j in Figure 6a. Furthermore,
on j + 1 = 1 August 2017, the ∆Ψ(j+1,k) values exhibited positive values greater than −µ(l)
(∆Ψ(j+1,k) = 0.22 > −µ(l)) for k = 20, 30, and 40 mm. This satisfied one of the criteria for
identifying the most likely irrigation event (I(j,k)), as stated in Equation (12) (∆Ψ(j,k) < −µ(l)
and ∆Ψ(j+1,k) ≥ −µ(l)).

Therefore, it can be concluded that an irrigation event occurred between j = 31 July 2018
and j + 1 = 1 August 2017. To determine the most probable irrigation date (I(j,k)opt

) the irriga-
tion combination (I(j,k)) leading to the smallest absolute value between ∆Ψ(j,k) and ∆Ψ(j+1,k)

was identified, as described in Equation (14) (I(j,k)opt
= min(

∣∣∣∆Ψ(j,k)

∣∣∣, ∣∣∣∆Ψ(j+1,k)

∣∣∣)). Accord-
ingly, since |∆Ψ(j+1,k)| = 0.22 (regardless of the amount k) is smaller than |∆Ψ(j,k)| = 0.71
for k = 20 mm and |∆Ψ(j,k)| = 0.76 for k = 30 and 40 mm, the irrigation date j + 1 = 1 Au-
gust 2017 was identified as the most probable date of I(j,k)opt

. However, the analysis of
∆Ψ(j+1,k) did not reveal any discernible variations across different irrigation amounts k = 20,
30, and 40 mm, making it impossible to identify irrigation amounts beyond k = 20 mm.

In Figure 6b, the actual irrigation date, marked in blue, was 3 August 2017. Therefore,
the detected irrigation date (1 August 2017) had a time difference of 2 days compared with
the actual date.

Based on the reasoning above, for the remaining three cases over P2 (Figure 6c,d), P3
(Figure 6e,f), and P4 (Figure 6g,h), the actual irrigation dates were successfully detected
with a time lapse of 1 day from the actual irrigation dates:

• For P2: The detected irrigation date was 26 June 2018 and the actual date was 27 June 2018;
• For P3: The detected irrigation date was 25 July 2019 and the actual date was 24 July 2019;
• For P4: The detected irrigation date was 8 July 2020 and the actual date was 9 July 2020.

Furthermore, it is noteworthy that the detected irrigation amounts for the P2, P3, and
P4 plots were consistently k = 20 mm. This demonstrates that the analysis did not identify
any discernible differences in the ∆Ψ(j,k) values when testing irrigations with different
amounts (k = 20, 30, and 40 mm) at the detected irrigation dates.

4.2. Irrigation Events Detection Performance

The performance of the irrigation dates detection was evaluated using the accuracy
metrics (recall, precision, and F-score) across the four reference plots. The irrigation
detection approach yielded varying levels of accuracy across different plots (Figure 7).
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interval interpolation, along with daily precipitation data over the maize-growing season. The data 
is presented for four different years and locations: (a) Montpellier in 2017 (M1); (b) Tarbes in 2018 
(P2); (c) Tarbes in 2019 (P3); (d) Tarbes in 2020 (P4). 

Therefore, it could be valuable to conduct a seasonal assessment of the irrigation 
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throughout the season. The MAE% (Equation (18)) served as a measure of the average 
deviation between the detected irrigation amounts (AD) with the corresponding actual 
(real) irrigation amounts (AR) for all the detected irrigation dates (t(m)) in the four reference 
plots. A lower MAE% indicates a higher level of accuracy in estimating the irrigation 
amounts, indicating a close alignment between the estimated and actual amounts applied. 
Conversely, a higher MAE% suggests a larger discrepancy between the estimated and ac-
tual amounts. Based on the obtained results, a MAE% of 16.4% was achieved for the P1 
plot in Montpellier, indicating relatively high accuracy in estimating the irrigation 
amounts. The estimated amounts closely matched the actual amounts applied in this plot. 
However, for the Tarbes plots (P2, P3, and P4), a MAE% of 50% was obtained, indicating 

Figure 8. Real irrigation amounts (grey bars), detected irrigation amounts (yellow bars) at each real
date of irrigation (dRe), and NDVI values derived from Sentinel-2 optical images with a 15-day time
interval interpolation, along with daily precipitation data over the maize-growing season. The data is
presented for four different years and locations: (a) Montpellier in 2017 (M1); (b) Tarbes in 2018 (P2);
(c) Tarbes in 2019 (P3); (d) Tarbes in 2020 (P4).

In P1 in Montpellier, 70% of the irrigation dates were correctly identified (recall), with
88% accuracy among the detected dates (precision). The F-score, which is a combined
measure of precision and recall, achieved a satisfactory value of 78%, indicating a reasonably
balanced performance in identifying irrigated areas. In P2, the recall was slightly higher
at 75%, indicating that 25% of the irrigated areas were not correctly detected. However,
the precision was 100%, meaning that all the identified irrigated events were accurate.
The associated F-score was 86%, indicating a good overall performance with a trade-off
between recall and precision. For P3 and P4, both exhibited a high recall of 100%, indicating
that all irrigated events were correctly identified. However, the precision varied between
80% for P3 and 75% for P4, suggesting that 20% to 25% of the detected irrigated areas were
false positives. The F-scores were 89% for P3 and 86% for P4, demonstrating a good overall
performance with a slightly higher emphasis on recall. These results highlight the strengths
of the approach, providing valuable insights for improving the accuracy and reliability of
irrigation date detection. The accuracy of the irrigation dates detection was impacted by
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the presence of false detections, primarily attributed to the low accuracy of SSM estimation
under dense vegetation covers and/or the SAR revisit time (see the Discussion section).

To ensure operational effectiveness, it is important to not only identify irrigation dates
but also estimate the irrigation amounts. Therefore, we conducted a comparison between
the detected amounts (AD) and the actual amounts (AR) on the P1, P2, P3, and P4 plots
over the irrigation dates detected using the SSM derived from SAR temporal series in
the ascending and descending modes. In Figure 8, both the detected dates and irrigation
amounts were presented alongside the real field data. The figure illustrates all observed
Sentinel-2 NDVI values, categorizing them based on the vegetative or reproductive stages.
It also highlights instances of missed irrigation detection, false detections, and correct
detections. Within Figure 8, grey and yellow bars correspond to the real and detected
irrigation amounts, respectively. Thus, a true irrigation date detection is represented when
a yellow bar is positioned over a grey bar for each actual irrigation date. Conversely, a false
irrigation detection (false positive) is indicated by a single yellow bar, indicating that our
approach detected irrigation on a date that did not correspond with an actual irrigation
event. Likewise, an undetected irrigation date (false negative) is represented by a single
grey bar, indicating that our approach failed to detect an irrigation date.

In the present study, Figure 8 displays only three instances of false positive date
detections, specifically in Figure 8a on the date 01 July (DOY = 182), in Figure 8c on the date
20 August (DOY = 233), and in Figure 8d on the date 19 August (DOY = 232). Moreover,
the analysis revealed the failure to detect four irrigation events. Among these undetected
events, three occurred in Figure 8a on the dates 11 August, 22 August, and 26 September
(DOYs = 223, 234, 269), while the fourth one took place in Figure 8b on the date 5 August
(DOY = 217).

These results illustrate one of the inherent limitations of the approach employed, which
relies on the progressive growth of crop cover, as indicated by the ascending dynamics of
NDVI, along with the revisit time of the SAR data. This limitation explains the occurrence of
false detections during the reproductive stage and the missed detections of actual irrigation
events. The reliance on crop cover development and the timing of SAR observations
introduced constraints on the accuracy of the detection method (see the Discussion section).

Next, the investigation focused on analyzing the changes in ∆Ψ(j,k) over the detected
irrigation dates (t(m)) to gain insights into the applied amounts of irrigation water. Among
the detected irrigation dates, a dose of k = 20 mm was identified as the most probable
amount of irrigation for five occurrences and k = 30 mm for two occurrences out of a total
of seven detected irrigation dates out of the 10 actual irrigation dates. In the case of plots P2,
P3, and P4, a dose of k = 20 mm was detected for all the detected irrigation dates. However,
the detected irrigation amounts underestimated the real irrigation amounts in most cases.

Therefore, it could be valuable to conduct a seasonal assessment of the irrigation
amounts to provide insights into the performance of the amount-detection method through-
out the season. The MAE% (Equation (18)) served as a measure of the average deviation
between the detected irrigation amounts (AD) with the corresponding actual (real) irrigation
amounts (AR) for all the detected irrigation dates (t(m)) in the four reference plots. A lower
MAE% indicates a higher level of accuracy in estimating the irrigation amounts, indicating
a close alignment between the estimated and actual amounts applied. Conversely, a higher
MAE% suggests a larger discrepancy between the estimated and actual amounts. Based
on the obtained results, a MAE% of 16.4% was achieved for the P1 plot in Montpellier,
indicating relatively high accuracy in estimating the irrigation amounts. The estimated
amounts closely matched the actual amounts applied in this plot. However, for the Tarbes
plots (P2, P3, and P4), a MAE% of 50% was obtained, indicating a larger discrepancy
between the estimated and actual amounts. The estimation method exhibited a lower level
of accuracy in these plots, with more significant deviations between the estimated and
actual amounts applied.
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5. Discussion

The methodology aimed to determine irrigation dates and amounts at the plot level by
integrating surface soil moisture (SSM) data obtained from Sentinel-1 (SSMS1) into Optirrig
using an inversion technique. To achieve this, we compared the change in SSMS1 between
two Sentinel-1 SAR acquisition dates, namely, t(l) and the previous date t(i), with the change
in SSM simulated by Optirrig under various combinations of irrigation dates and amounts
(I(j,k), where j represents the date and k represents the amount) injected into the model.

The analysis that produced the results presented in the previous sections focused on
determining irrigation dates and amounts for which the disparity between the change
in SSM predictions and simulations between two SAR observations (i) was minimized,
aiming for a value as close to zero as possible, and (ii) met specific criteria by demonstrating
significant changes between the SSM simulated for different irrigation scenarios in Optirrig
and its difference with the SSM obtained from Sentinel-1 data. These criteria were applied
using a change detection approach commonly used in signal analysis and remote sensing
applications. For a more detailed understanding of the process of inversion and the
specific selection criteria utilized to detect irrigation events, please refer to Figure 6 and its
accompanying explanations.

The method yielded significant results, highlighting the value and interest in combin-
ing SSM derived from Sentinel-1 SAR data and Optirrig SSM simulations. This combination
demonstrated the potential benefits of detecting irrigation events over maize plots. How-
ever, there were limitations to detecting irrigation events through the combined use of
SSMS1 and Optirrig SSM simulations, which could result in both missed (false negative)
and false positive irrigation detections, between two SAR observations. These limitations
primarily stemmed from four factors: (1) the 6-day temporal resolution of the Sentinel-1
SAR being insufficient to detect all the irrigation events, (2) heavy rainfall and soil satura-
tion, (3) the limit of penetration of the C-band SAR signal in dense vegetation cover, and
(4) farmer’s irrigation practices.

5.1. Sentinel-1 Revisit Time

First, these limitations were influenced by the soil texture, field capacity, and rapid
drying of the soil, which could impact the effectiveness of irrigation event detection. The
rapid drying of the soil necessitated a sensor with a higher temporal resolution to detect
quick changes in soil moisture content, such as an increase due to irrigation followed by a
decrease due to drying. Previous studies confirmed the importance of a maximum time
delay of three days between an irrigation event and the subsequent SAR image to accurately
detect the event’s impact on the SAR backscattering signal [44,48]. Beyond this timeframe,
it becomes challenging to detect the effect of an irrigation event. The temporal resolution
of the S1 SAR should ideally be no more than three days for a more effective irrigation
detection [16,43].

The 6-day revisit time of the S1 SAR constellation poses a significant challenge in
detecting irrigation events due to the rapid dry-out of certain soil surfaces, as previously
mentioned. It also creates difficulties in distinguishing the effects of rainfall and irrigation
events, especially in the worst-case scenario, where both rain and irrigation occur between
the same two consecutive acquisition dates. The increase in SSM values after rainfall and
irrigation may be similar, even for different amounts, which makes it even more difficult. In
the specific case described in the P2 plot (Figure 8b), there was a missed irrigation detection
on 5 August 2018 following a heavy rainfall event (∼=33 mm) on 2 August 2018, which
likely caused a significant increase in soil moisture, resulting in high SSM values. This
missed detection could be attributed to the method’s inability to effectively distinguish
between the impact of the heavy rainfall and the irrigation. As a result, the occurrence
of the irrigation event went undetected, leading to a false negative detection. It is worth
noting that this particular case was observed only once in the analysis due to the applied
filters and methods used to distinguish between rainfall and irrigation events. These filters
involved analyzing Optirrig SSM simulations and SSM at both plot and grid scales, as
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described in Section 3. Unfortunately, due to an anomaly affecting S1B, the revisit time for
S1 SAR data has increased from 6 days to 12 days, as only S1A remains operational. This
reduced revisit frequency presents a challenge for SSM estimation frequency and accurate
irrigation detection and monitoring. To address this challenge, an effective strategy involves
integrating SSM estimations from other SAR data sources. Collaborating with SAR satellites
like ALOS PALSAR, RADARSAT, and COSMO-SkyMed can provide supplementary SSM
data, effectively augmenting the frequency of observations. Additionally, leveraging the
benefits of small- or micro-SAR satellites, which can be launched in constellations, offers
a promising solution. These satellites provide increased revisit frequencies and higher
spatial resolutions, which are essential for capturing frequent and detailed observations
of irrigation patterns and soil moisture dynamics. By combining the data from different
SAR sources, both large and small, a more comprehensive dataset covering a broader
range of time intervals and spatial scales can be created. This integrated approach can
significantly enhance the potential for the precise analysis of irrigation patterns and soil
moisture dynamics, despite the limitations imposed by the reduced revisit time. Moreover,
there is promising news on the horizon—the launch of a new constellation of SAR satellites,
namely, Sentinel-1C, is planned for the end of 2023. Once operational, Sentinel-1C is
expected to mitigate the revisit time challenge by providing more frequent observations,
bolstering the accuracy of irrigation detection and soil moisture estimation efforts.

5.2. Climatic and Soil Conditions

Optirrig SSM simulations were crucial in differentiating rainfall and irrigation events.
In the present study, the observed SSM changes derived from the S1 data at the plot and
grid scales were compared with the simulated SSM changes from Optirrig under rainfall
conditions. This comparison provided valuable insights into the expected SSM values,
allowing for the accurate interpretation of S1 data and avoiding irrigation misinterpreta-
tions. However, Optirrig filter effectiveness may vary depending on specific cases, and the
context and limitations should be considered.

Indeed, heavy rainfall can also lead to false positive irrigation detection, particularly
in situations where there is a moderately developed maize cover that restricts soil evap-
oration [97]. This effect is particularly pronounced during the early vegetative stage and
late reproductive stages of maize growth when the vegetation cover is not dense enough
to attenuate the SAR signal (NDVI < 0.7) [49], and thus, allow for effective monitoring of
the underlying SSM. During this period, the moderately dense vegetation canopy acts as a
barrier, limiting the evaporation of soil moisture. In this context, if a heavy rainfall event
occurs, the soil can become saturated with water, which means that the soil has reached its
maximum water-holding capacity and cannot absorb any more moisture. As a result, the
soil remains wet even after the rainfall has ceased. When using Optirrig SSM simulations,
which estimate SSM levels based on rainfall inputs, simulations may not exhibit significant
changes between two consecutive SAR acquisition dates when soil saturation occurs. This
is because the simulations account for the limited capacity of the soil to absorb additional
moisture beyond saturation. In fact, the detection of irrigation amounts was found to
be less efficient for the plots in the humid climate of Tarbes (P2, P3, and P4) compared
with the “semi-arid” climate of Montpellier (P1). For the P1 plot, the estimation of the
seasonal irrigation amounts exhibited a relatively high accuracy, with a mean absolute error
percentage (MAE%) of 16.4%. In contrast, for the P2, P3, and P4 plots in the humid climate,
a higher MAE% of 50% was obtained, suggesting a larger discrepancy between the detected
and actual amounts of irrigation. This discrepancy was likely due to the challenges posed
by the humid climate, where heavy rainfall events can contribute to soil saturation, thereby
affecting the accuracy of irrigation detection and amount estimation. The effectiveness of
the irrigation detection approach, particularly in estimating irrigation amounts, appears
to be influenced by the local climate conditions, with the humid climate introducing addi-
tional complexities. Moreover, SSMS1 values at the plot scale may remain high due to the
water content in the saturated soil, where evaporation and rapid dry-out are restrained. In
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fact, the S1 SAR signal is sensitive to the presence of water in the soil, resulting in elevated
SSM values. However, at the grid scale (10 km × 10 km), SSM values calculated over bare
soils may show stability or decrease since bare soil areas have higher evaporative capacities
compared with plots with developed maize cover. In such situations, the method used for
irrigation detection may interpret the observed increase in SSM variation at the plot scale
as an indication of irrigation occurrence. In other words, Optirrig simulations for rain-fed
conditions may not show substantial SSM changes, and the S1 SSM values at the plot scale
may remain high, leading to false irrigation detection. In the study, three false positive
irrigation detections were observed after relatively heavy rainfall events, specifically over
P1 on 01-Jul (DOY = 182), P3 on 20 August (DOY = 232), and P4 on 19 August (DOY = 232).
These false positive detections occurred due to the restrained evaporation of soil moisture
under developed maize cover (NDVI values that ranged from 0.6 to 0.7), which resulted in
high SSM values that were mistaken as indications of irrigation occurrence.

5.3. C-Band SAR Signal Penetration through Dense Vegetation Cover

The limited penetration of the C-band SAR signal through dense vegetation cover
has a direct impact on the effectiveness of irrigation detection using Sentinel-1 SAR data.
The method proposed in this study relies on analyzing the change of SSM derived from S1
data and SSM simulations through Optirrig to identify irrigation events. However, when
the SAR signal is impeded by dense vegetation, the accurate estimation of SSM becomes
challenging. This limitation arises from the S1 signal’s inability to penetrate through
vegetation and reach the surface soil. Research conducted by El Hajj et al. [49] focused
on the penetration of the C-band SAR signal across different plots of maize, wheat, and
grassland. Their findings revealed that the C-band SAR signal’s penetration is limited to an
NDVI value of 0.7. Therefore, dense vegetation cover can hinder the detection of irrigation
events due to the SAR signal’s limited sensitivity to surface soil moisture. Therefore, if the
C-band SAR signal is unable to penetrate dense vegetation, the estimated SSM values may
not adequately represent the irrigation-induced changes in soil moisture. Consequently,
the threshold criteria, which were based on S1 and Optirrig SSM simulations, used in this
method to identify irrigation events (Section 3.2.2) may not be met, resulting in missed
detections or false negative results. In our case, missed detections were observed for peak
NDVI values between 0.7 and 0.8 over the P1 and P2 plots (Figure 8a,b). These findings
are consistent with the results obtained by El Hajj et al. [48] for grassland plots and Le
Page et al. [43] for maize plots. Both studies highlight the limitations of irrigation detection
over dense vegetation cover (NDVI > 0.7) due to the restricted penetration of the C-band
SAR signal.

5.4. Farmer’s Irrigation Practice Variability

One additional reason for missed or false negative detections of irrigation events is
the variation in farmers’ irrigation practices, particularly in terms of timing and quantity.
It is likely that the accurate detection of irrigation is hindered because farmers do not
always follow the irrigation decisions based on a soil water balance and exact crop water
requirements or decisions that could be advised by Optirrig, including triggers, criteria,
and doses. Instead, their irrigation decisions are influenced by a combination of factors,
including their experience, local knowledge, and perceptions of water availability. They
may prioritize ensuring an adequate water supply to the crops, leading to irrigation
amounts that exceed the exact crop water requirements. For instance, it appeared to be
challenging to detect the last irrigation applied on 26-Sep (DOY = 269) over the P1 plot.
This irrigation event may not be deemed necessary from the water balance perspective
of Optirrig, but farmers still apply it for reasons such as grain filling or to prevent soil
crusting [98]. On the other hand, Optirrig relies on a soil water balance equation to simulate
and predict the soil moisture content in the root zone of the crops. This equation takes into
account factors such as precipitation, evapotranspiration, soil characteristics, and irrigation
events to estimate the water balance in the soil. Therefore, when testing different irrigation
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dates and amounts, Optirrig determines the exact SSM induced by the irrigation and other
water sources (rainfall), which may not align precisely with farmers’ irrigation timing and
the amounts they apply. In the present study, we consistently noticed that the detected
irrigation amounts in the four plots (P1, P2, P3, and P4) were consistently lower than
the actual irrigation amounts applied by the farmers in the field. This indicates a case
of underestimation or missed detection of irrigation events. This discrepancy between
farmers’ actual irrigation practices and the detected irrigation amounts can explain the low
accuracy of detecting real irrigation amounts (which is somehow expected as Optirrig is
used here as a tool for analysis, not for recommendations). Farmers tend to overestimate
crop water requirements and apply higher levels of irrigation that do not match the exact
crop water needs.

5.5. Uncertainties Associated with Optirrig’s Simulations

In a broader context, the SSM simulations in Optirrig are subject to inherent uncertain-
ties, which can impact the accuracy of irrigation detection. These uncertainties arise from
several factors, including the variability in input parameters and the temporal dynamics of
vegetation [99,100]. In fact, the accuracy of SSM simulations depends on the availability
and quality of input parameters, such as soil properties, vegetation characteristics, and
meteorological data [101]. However, these parameters can vary spatially and temporally,
leading to uncertainties in the simulations [102]. Moreover, the temporal dynamics of
vegetation, including growth stages, leaf area index, and canopy density, can also introduce
uncertainties in SSM simulations. Vegetation plays a crucial role in the water balance of
the soil–plant–atmosphere system, as it affects evapotranspiration rates and soil moisture
depletion in crop models [103], such as Optirrig. However, accurately representing the
dynamics of vegetation within the model is challenging. Changes in vegetation charac-
teristics over time can lead to variations in evapotranspiration rates and water uptake by
plants, impacting the simulated SSM values [104] and potentially affecting the detection
of irrigation events. To mitigate these uncertainties, there is growing interest in incorpo-
rating multiple external and independent data, such as radar and optical data, in various
irrigation mapping, detection, and crop monitoring approaches [105,106]. In a recent study,
Nie et al. [107] demonstrated the potential of using remotely sensed vegetation and soil
moisture observations (MODIS LAI and SMAP data) to constrain irrigation estimation in
the Noah-MP land surface model. Results have shown that incorporating these constraints
reduces model sensitivity to irrigation parameterization, improves characterization of
irrigation patterns and their effects on evapotranspiration and soil moisture, and corrects
for vegetation conditions and irrigation timing. This approach highlights the importance
of utilizing remotely sensed data for irrigation detection and provides a less engineered
method to constrain irrigation modeling uncertainty. The integration of several remote
sensing data sources aims to inform crop models and reduce uncertainties associated with
irrigation estimation. In the present case, incorporating both radar data for soil surface
moisture estimates and optical data, such as LAI observations, into the inversion process
would likely yield substantial benefits. By combining these data, it becomes possible to
constrain both the water balance and crop growth schemes of Optirrig. This approach
enhances the accuracy and reliability of the crop model, enabling improved detection of
irrigation events and more precise estimation of crop water requirements. For instance,
Ferrant et al. [106] developed and tested a methodology using Sentinel-1 and Sentinel-2
satellite observations to monitor the spatiotemporal variations in irrigated areas in the
Kudaliar catchment, Telangana State, South India. The methodology employed a machine
learning algorithm and achieved high accuracy by combining radar and optical data. The
results showed the variability of irrigated areas across different seasons and highlighted
the potential of this approach for near-real-time monitoring in South India. These findings
contribute to calibrating agro-hydrological models and assessing the impact of agriculture
on water resources. Incorporating biophysical data, such as LAI, from high-resolution
optical images, like those from Sentinel-2, in conjunction with SSM SAR estimations can
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greatly benefit the constraint of Optirrig simulations. This combination of data sources
enhances the monitoring of irrigation practices by providing complementary information
on vegetation dynamics and soil moisture levels. By integrating LAI and SSM data, Optirrig
can achieve improved accuracy and reliability in detecting and monitoring irrigation prac-
tices. The results of the present study demonstrate the effectiveness of our approach and
offer valuable insights into the precision and dependability of irrigation date and amount
detections, providing reliable information for monitoring irrigation practices. With further
validation using a larger dataset encompassing diverse crops and irrigation methods, we
could potentially develop a near-real-time tool for irrigation detection.

6. Conclusions

This study aimed at the detection of irrigation dates and amounts at the plot level by
integrating Sentinel-1 surface soil moisture (SSMS1) data into Optirrig using an inversion
technique, which fits in the idea of providing methods for the supervision of irrigated
perimeters. The methodology involved comparing the change in SSMS1 between two SAR
acquisition dates with the change in SSM simulated by Optirrig for various combinations
of irrigation dates and amounts. Two filters were applied to remove the ambiguity between
irrigation events and rainfall, and thus, determine the occurrence or not of a potential
irrigation event. These filters relied on comparing the change in the SSM at plot scale to
the change in SSM at grid scale (10 km × 10 km) and in the SSM simulated by Optirrig
under the effect of the rainfall alone. The detected irrigation date with the shortest time
difference from the real irrigation event date was considered the detected event. To assess
the accuracy and robustness, the method was tested against documented situations in
four experimental maize plots located in the Occitanie Region of southern France (near
Montpellier and Tarbes). This testing helped to evaluate the method’s applicability for
operational purposes, such as supervising irrigated territories, and provided insights into
its strengths, limitations, and potential improvements.

The performance of the inversion process in retrieving correct irrigation dates between
two successive Sentinel-1 images was evaluated using three metrics: recall, precision, and
F-score. These metrics assess the accuracy based on false negative (missed irrigation de-
tection), false positive (incorrectly detected irrigation), and true positive detections. The
evaluation of the inversion process using real irrigation data yielded promising results. The
recall, which represents the ratio of true positive detections to the sum of the true positives
and false negatives, was determined to be 86.2%. This indicates that the inversion process
successfully captured a significant portion of the irrigation events. Similarly, the precision,
which denotes the ratio of true positive detections to the sum of the true positives and false
positives, was calculated to be 85.7%. This metric demonstrates the accuracy of the inver-
sion process in correctly identifying irrigation events while minimizing false detections.
Furthermore, the assessment of seasonal irrigation amounts estimation performance for
each plot revealed variations based on the climate conditions. The efficiency of irrigation
amount detection proved to be lower for the plots situated in the humid climate of Tarbes
in comparison with the “semi-arid” climate of Montpellier. The estimation of seasonal
irrigation quantities for the P1 plot demonstrated relatively accurate results. However, for
the plots in Tarbes, a notably higher mean absolute error percentage (MAE%) was recorded,
indicating a more significant disparity between the detected and actual irrigation amounts.

A comprehensive and meticulous analysis of the results provided valuable insights
into the weaknesses and instances of failure in detecting irrigation dates and amounts. The
examination of missed and false irrigation detection brought to light the primary limitations
of the method, which could be attributed to two key factors. First, the characteristics of the
Sentinel-1 constellation, including its 6-day revisit time and the challenges associated with
signal penetration in dense maize cover, were identified as contributing to the limitations.
Additionally, it was found that the parameterization of Optirrig for SSM simulations did
not precisely align with the irrigation practices and decision rules followed by farmers,
further impacting the accuracy of the method.
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The incorporation of external information and constraints to enhance the inversion pro-
cess represents a valuable perspective for future practical implementations of the method,
both at specific plots and across larger irrigated areas. One promising approach is the
incorporation of additional data sources and constraints to inform and refine the inversion
process in Optirrig. For instance, combining soil surface moisture estimates obtained from
radar data with leaf area index (LAI) observations derived from optical data can offer
significant benefits to the inversion process. Especially notable is the upcoming launch of
the new SAR mission NISAR in the L-band, which offers the potential for more precise and
deeper SSM (surface soil moisture) estimations. This capability will be particularly advan-
tageous in regions with dense canopy cover, as the L-band SAR signal can penetrate further
into the soil and crop canopy. L-band SAR data bring a distinct advantage due to their
superior ability to penetrate dense vegetation cover, resulting in more accurate estimations
of soil moisture content within such areas. To tackle the challenge of observation frequency
and to further refine the accuracy of soil moisture estimations and irrigation detection, a
potential strategy involves incorporating L-band NISAR data as an additional data source
complementing the existing C-band data. The integration of these two data types can
lead to an increased observation frequency, thereby furnishing valuable insights into both
water balance and crop growth dynamics within the Optirrig model. By leveraging such
complementary information and further validation using a larger dataset encompassing
diverse crops and irrigation methods, it becomes possible to enhance the accuracy and
reliability of the method’s performance and potentially develop a near real-time tool for
irrigation detection.
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