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Abstract: Although the real timing and flow rates used for crop irrigation are controlled at the scale
of individual plots by the irrigator, they are not generally known by the farm upper management.
This information is nevertheless essential, not only to compute the water balance of irrigated plots
and to schedule irrigation, but also for the management of water resources at regional scales. The aim
of the present study was to detect irrigation timing using time series of surface soil moisture (SSM)
derived from Sentinel-1 radar observations. The method consisted of assessing the direction of
change of surface soil moisture (SSM) between observations and a water balance model, and to use
thresholds to be calibrated. The performance of the approach was assessed on the F-score quantifying
the accuracy of the irrigation event detections and ranging from 0 (none of the irrigation timing is
correct) to 100 (perfect irrigation detection). The study focused on five irrigated and one rainfed
plot of maize in South-West France, where the approach was tested using in situ measurements and
surface soil moisture (SSM) maps derived from Sentinel-1 radar data. The use of in situ data showed
that (1) irrigation timing was detected with a good accuracy (F-score in the range (80–83) for all plots)
and (2) the optimal revisit time between two SSM observations was 2–4 days. The higher uncertainties
of microwave SSM products, especially when the crop is well developed (normalized difference
of vegetation index (NDVI) > 0.7), degraded the score (F-score = 69), but various possibilities of
improvement were discussed. This paper opens perspectives for the irrigation detection at the plot
scale over large areas and thus for the improvement of irrigation water management.

Keywords: sprinkler; corn; France; irrigation timing; FAO-56; surface soil moisture; SAR

1. Introduction

Optimal irrigation relies on an accurate knowledge of plant water consumption, the flow of
water, and soil moisture dynamics throughout the growing season. At the plot level, Khabba et al. [1]
have shown that better irrigation scheduling can save between 10% and 50% of irrigation water,
depending on the irrigation method used and the type of soil. The scheduling and management
of irrigation is governed essentially by human decisions, in accordance with various systemic and
technical constraints, which are generally unknown at large scales. Globally, 70% of mobilized fresh
water is consumed by irrigation and the irrigated surface area of the Earth has doubled over the last
50 years [2]. An adequate understanding and management of this topic is of paramount importance,
when it comes to reducing the wastage of water and improving crop yields.
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Irrigation scheduling is generally based on a farmer decision-making process, which is used to
determine when and how much water should be provided, to optimize the development and yield of
the irrigated crops [3–5]. Several methods can be applied, to assist the decision-making process used
to establish an irrigation schedule such as: (1) water balance simulation models, (2) the monitoring of
soil water content or matrix water potential and (3) a combination of both of these. In addition, the
farmers ability to follow advice, in terms of dates and quantities of water, can be restricted by several
factors: an irrigation infrastructure that imposes the timing of irrigation events, an irrigation method
that imposes the volumes of water, the time available to implement scheduling changes, etc.

The in-situ measurement of soil water content is considered to be the best possible measurement
technique [6,7]. However, this technology still faces several challenges as for today. On one hand,
high-end local measurement point remains expensive but is not able to assess the heterogeneity of soil
moisture in a field. On the other hand, a network of sensors (see for example [8]) requires time for
installation and maintenance and data management and the system may fail (faulty sensor, incorrect
calibration, saving or transfer of data and energy problem with nodes) [9,10].

In this regard, remote sensing products are an alternative for rapid and wider data acquisition [11].
Surface soil moisture (SSM) products derived from active and passive microwave remote sensors have
improved over the last forty years [12]. The first mission exclusively designed for the retrieval of SSM
was the soil moisture and ocean salinity mission (SMOS) launched in 2009 [13]. It was followed by
a second mission named soil moisture active passive (SMAP, [14]). Several other passive and active
microwave missions have produced data, which has been used to generate SSM products, such as
those provided by the ERS and ASCAT scatterometers [15,16] and AMSR-2 (advanced microwave
scanning radiometer [17]). Although SSM products alone are not sufficient for the scheduling of
irrigation, several authors have shown that they could be useful for the assessment of irrigation water
volumes. Lawston et al. [18] showed that the SSM product derived from SMAP is able to capture
irrigation signals over semi-arid regions. Likewise, Malbéteau et al. [19] used 1-km disaggregated soil
moisture products derived from SMOS to detect irrigated areas. Using the SM2RAIN algorithm [20],
Brocca et al. [21] were the first to use coarse resolution surface soil moisture datasets (from 25 to
40 km spatial resolution, and a revisit time between 1 and 3 days) to estimate irrigation volumes.
An interesting aspect of this approach is that the model accounts for underground water losses, which
could otherwise be estimated only through the use of an irrigation efficiency coefficient. The same
approach was recently applied in Iran [22], and this method has demonstrated its strong potential for
the quantification of irrigation, providing good quality of SSM data where there are prolonged periods
of low rainfall. Zaussinger et al. [23] also used different coarse resolution datasets and compared
them to a water balance, forced by MERRA-2 reanalysis, to determine the use of irrigation water.
The statewide comparison showed contrasted results (r between 0.36 and 0.8) and significantly lower
estimates than the reported irrigation water withdrawals.

Nevertheless, these irrigation estimations are typically retrieved on a monthly time scale, and
for pixels of several km2, which is insufficient for irrigation scheduling, in terms of both spatial
and temporal resolution. In the last thirty years, synthetic aperture radar (SAR) has shown a high
potential to retrieve soil moisture from backscattering coefficients [24–28]. With the recent launch of the
Sentinel constellation, several teams have been working on the development of high resolution SSM
products, based on the synergetic use of Sentinel-1 radar data, and optical observations from Sentinel-2
or Landsat-8 [29–36]. Greifeneder et al. [37] have also used Sentinel-1 data to detect soil moisture
anomalies. The relevant retrieval algorithms are based either on the inversion of a radiative transfer
model, or on a machine learning approach. The approach proposed by El Hajj et al. [31] has recently
been implemented to produce maps of soil moisture on an operational basis, in different regions of the
globe. This work was carried out within the frame of the THEIA program (French land data center,
https://www.theia-land.fr), and has for the first time provided the opportunity for irrigation retrieval
at the scale of individual fields.

https://www.theia-land.fr
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While Earth observation can now provide an estimate of SSM at fine temporal and spatial scales,
crop water requirements at the plot scale are commonly estimated by water budget models. The FAO-56
dual crop coefficient model [38–40] is a simple and efficient approach for this purpose. The model
based on the estimate of water losses due to evapotranspiration (ET). The crop ETc is obtained by
modulating the ET of the vegetation of a reference crop (ET0), through the use of a crop coefficient (Kc).
Most of the effects of weather conditions are incorporated into ET0, whereas Kc varies according to the
characteristics of the crop. The ETc can be reduced according to the water balance to obtain the adjusted
ET of the crop (ETcadj). In the dual crop coefficient approach, the ET is partitioned into evaporation (E)
and transpiration (T). Since the early nineties [41], the parameter Kc has been related to remotely sensed
vegetation indexes. More recently, the relationship between Kc and the vegetation index has been
widely studied [42–49]. This combination has been used to develop irrigation scheduling tools [50–53],
which are now reaching a good level of operational reliability, when combined with the 5-day/10 m
spatial resolution data provided by the Sentinel-2 A and B constellation. However, the tools that
compute a water budget cannot be run automatically, because they rely on user inputs to provide the
parameters relevant to their real irrigation schedules.

Our hypothesis is that SSM estimates from SAR remote sensing can be compared to a water
budget forced by conventional weather observations in order to detect irrigation events. The objective
of this study is to propose a method to make this detection and to assess its performance by comparing
in situ and remotely sensed SSM. The study focuses on the detection of irrigation events on irrigated
maize with the sprinkler technique in the south-west of France.

The rest of the article is organized in four parts. First, the data and study site are described. Second,
the new approach to irrigation retrieval is presented. Third, the results are displayed and analyzed.
A discussion identifies some limitations of the method and highlights several potential improvements.

2. Study Site and Data

2.1. Experimental Plots and In-Situ Data

The present study was carried out on six maize plots in South West France, hereafter referred to as
P1 to P6 (Figure 1). The region lies in the Oceanic Climate (Cfb in the Köppen classification) of Western
Europe but with Mediterranean influences. The soil texture is mostly silt loam, with some variations
between plots. These plots were sown with hybrid varieties of maize between April and May 2018.
One plot (P1) was not irrigated, three plots were irrigated with rain guns and two plots were irrigated
with a center pivot. Sprinkler irrigation systems are well suited for scheduling, as farmers can control
their discharge rate, duration and frequency [4]. However, hose-reel systems are not as flexible as
solid set systems or pivot or lateral displacement systems, because they are not suitable for very small
or large application depths. In addition to the variability of precipitations (rain gauges installed on
each plot registered from 229 mm to 452 mm), that is the reason why the irrigation amounts ranged
from 8 to 40 mm and the number of irrigations per plot varied between 3 and 10. Sentek Enviroscan
probes were installed on each plot, for most of the growing season, and soil moisture measurements
were taken at 10 cm depth intervals, between 5 cm and the maximum measurement depth (60 or
90 cm depending on the soil). This data was used to determine the maximum root depth of each plot.
The half-hourly measurements at 5 cm were averaged for each day and referred to as SSMsentek to
provide data to be comparable to the water balance model described below. The variables needed to
compute the reference evapotranspiration (air temperature, dew point and wind speed) were retrieved
from the closest weather meteorological organization synoptic station of each plot (http://ogimet.com).
The corresponding plot descriptions are provided in Table 1.

http://ogimet.com
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Figure 1. Location of the six experimental plots in South West France with their corresponding nearest
Word Meteorological Organization (WMO) synop stations.

Table 1. Description of the six experimental plots. Irrigation and precipitation depths are summed
between sowing and harvesting.

ID Area
(ha)

Sowing
Date

Sentek
Installation

Date
Soil θwp

(m3
·m−3)

θfc
(m3
·m−3)

Zrmax
(m)

Irrigation
Type

Number of
Irrigation

Events

Cumulated
Irrigation

(mm)

Cumulated
Rainfall

(mm)

P1 7.6 April, 23 May, 9 Silt Loam
0.17 0.33 0.45

Not
Irrigated 0 0 333Depth: 60 cm

P2 4.7 April, 23 May, 31 Silt Loam
0.18 0.35 0.50 Rain Gun 5 175 347Depth: 90 cm

P3 12.4 April, 25 June, 1 Silty clay
0.23 0.36 0.30 Rain Gun 3 90 229Depth: 90 cm

P4 11.1 April, 6 May, 9 Clay loam
0.17 0.36 0.50 Rain Gun 5 190 452Depth: 90 cm

P5 25.2 May, 22 July, 18 Gravelly Silt
0.15 0.30 0.50 Center

Pivot
10 175 279Depth: 60 cm

P6 26.8 May, 10 June, 29 Silt Loam
0.17 0..31 0.30 Center

Pivot
6 72 334Depth: 90 cm

2.2. Satellite Data

Sentinel-2 is a constellation of two sun-synchronous, multi-spectral imaging satellites, orbiting
at an altitude of 786 km, with a 5-day repeat cycle. The Sentinel-2 level-2A product is used to assess
the state of vegetation development. The product distributed by European Space Agency (ESA)
(https://scihub.copernicus.eu), which provides the bottom-of-atmosphere reflectance and a cloud mask
was chosen. Only cloudless dates (i.e., 0% cloud inside the plot) were retained, from which the
normalized difference of vegetation index (NDVI) was computed at 10 m spatial resolution, using the

https://scihub.copernicus.eu
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reflectance bands 4 (664.6 nm) and 8 (832.8 nm). This data was averaged over each plot. The NDVI was
used as a linear proxy for the basal crop coefficient (Kcb, [54]) and fraction cover (Fc, [55]) for maize.

El Hajj et al. [31] used Sentinel-1 and Sentinel-2 time series data to develop an operational neural
network for the estimation of surface soil moisture SSM (in the upper 3–5 cm). This product, which is
referred to as S2MP (Sentinel-1/Sentinel-2-derived soil moisture product at the plot scale), is computed
using the ascending orbits of Sentinel-1, which pass above the corresponding latitudes at around
6 pm. Measurements recorded during the descending orbit, which passes overhead at around 6 am
and is often affected by frost or morning dew, were not used. The neural network searches for the
best fit to the calibrated water cloud model (WCM) [56], combined with the soil backscattering model
integral evaluation model [57]. In the WCM, the total backscattered coefficient is modeled as the sum
of the direct vegetation contribution and the soil contribution, multiplied by an attenuation factor.
The product accuracy was estimated to be approximately 5.5 vol% for dry to slightly wet soil conditions,
and 6.9 vol % for very wet soil conditions. However, its accuracy can decrease if the surface is very
smooth (roughness < 1 cm), or very rough (roughness > 3 cm). These authors have also shown that the
soil moisture RMSE increases slightly (by approximately 1.5 vol %) when the NDVI increases from 0 to
0.75. When the NDVI is greater than 0.75, the radar signal in both VV and VH polarizations can be
characterized by a significant fall in sensitivity to soil moisture. The decrease in accuracy associated
with a dense vegetation cover, which also affects the S2MP product, can thus be expected to be found
in all products derived from C-band SAR imagery.

The online product is computed and delivered for homogeneous plots based on a segmentation
pretreatment and made available there: https://www.theia-land.fr/en/product/soil-moisture-with-very-
high-spatial-resolution.

For this study, the calculation was redone for the exact extent of the six plots, producing single
time series for each plot P1 to P6. Note that the size of the fields in this study ranged from 4.7 to 26.8 ha
meaning that speckle was significantly reduced as 1 ha is about 100 pixels of Sentinel-1. In order to
evaluate the quality of the S2MP, the time series were compared to in situ measurements (Figure 2).
The S2MP estimates were available at a frequency of 1–6 days, on plots 2–6, and only once every
12 days on plot P1, which was observed by Sentinel-1B only. In order to reduce the noise, consecutive
days have been averaged and assigned to the first day. The S2MP product provided values of the same
order of magnitude as those derived from in situ measurements. As expected, S2MP did not fit well
with local measurements (low r2 and RMSE) when NDVI was over 0.75. However the alternating
dry and wet events, which occurred during the middle of the season, close to the period of full crop
development seemed well detected by the S2MP. It appeared to be meaningful information to detect
irrigation. This is the reason why the algorithm described below was based on change detection, rather
than on the measurement of absolute values.

https://www.theia-land.fr/en/product/soil-moisture-with-very-high-spatial-resolution
https://www.theia-land.fr/en/product/soil-moisture-with-very-high-spatial-resolution
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Figure 2. Time series of surface soil moisture after sowing, for six maize plots. The NDVI is shown in
light gray. The tabular insets indicate the number of S2MP observations (#obs), as well as the statistical
parameters used to compare S2MP with surface soil moisture (SSM)Sentek: the determination coefficient
(R2), the root mean squared error (RMSE), the mean absolute error (MAE), the mean bias error (MBE)
and the standard deviation (SD), the last third in m3

·m3−1.

3. Method

Irrigation events were estimated by comparing the water budget of the upper layer of soil to
the observed SSM. The four steps in our irrigation retrieval algorithm are summarized in Figure 3.
They consist of (1) adjusting the timing of the time series, (2) estimating the surface soil moisture at the
frequency defined by the daily time step, (3) comparing the model with SSM data, in order to detect
irrigation events and (4) determining the best date of irrigation in between two SSM observations.
The in situ observations and remotely sensed soil moisture product were tested in this study.



Remote Sens. 2020, 12, 1621 7 of 22
Remote Sens. 2020, 12, x FOR PEER REVIEW 7 of 23 

 

Figure 3. The four steps used to estimate irrigation dates. 

3.1. Step 1—Adjusting From Instantaneous to Daily Values 

This adjustment is illustrated in Step 1 of Figure 3. The total rainfall and evapotranspiration 

were thus computed for each day, and the S2MP product was estimated at the time when Sentinel-1 

passes overhead (around 6 pm). In order to synchronize the rainfall and evapotranspiration with the 

remotely sensed data, it was decided to use 24 hour intervals starting at 6 pm on the previous 

calendar day (j-1) and ending at 6 pm on the current calendar day (j). The daily precipitation of this 

24-hour interval was then given by the sum of one quarter of the values recorded during the 

previous calendar day, plus three-quarters of those corresponding to the current day. This approach 

is similar to that used by Allen [40]. As evapotranspiration occurs mainly during the daytime, 

between 6am and 6pm, its daily distribution remained unchanged. The resulting irrigations 

computed for this 24-hour period were thus assigned to the current calendar day (j). 

3.2. Step 2—Estimation of the Soil Water Content of the Upper Layer 

The FAO-56 method [39] was retained since it is extensively used for irrigation scheduling. The 

following description is based on the implementation described in Le Page et al. [52]. This model 

was developed specifically for the simulation of evapotranspiration. The transpiration is taken from 

a bucket of soil expanding from the surface to the root depth (Zr). The root depth growth between 0 

and a maximum root depth (Zrmax, see Table 1) linearly to fraction cover (Fc). In this study, the 

maximum root depth of each study plot was set according to the study of the different soil moisture 

sensors. Inside this bucket, a second bucket accounted for the evaporation of the non-covered area of 

soil (1-Fc). The depth of this bucket (Ze) depended on the soil texture, and varied from 7 to 15 cm. In 

FAO-56, the water content of the evaporation bucket was computed for the fraction of the soil that is 

Figure 3. The four steps used to estimate irrigation dates.

3.1. Step 1—Adjusting from Instantaneous to Daily Values

This adjustment is illustrated in Step 1 of Figure 3. The total rainfall and evapotranspiration were
thus computed for each day, and the S2MP product was estimated at the time when Sentinel-1 passes
overhead (around 6 pm). In order to synchronize the rainfall and evapotranspiration with the remotely
sensed data, it was decided to use 24 h intervals starting at 6 pm on the previous calendar day (j-1)
and ending at 6 pm on the current calendar day (j). The daily precipitation of this 24-h interval was
then given by the sum of one quarter of the values recorded during the previous calendar day, plus
three-quarters of those corresponding to the current day. This approach is similar to that used by
Allen [40]. As evapotranspiration occurs mainly during the daytime, between 6 am and 6 pm, its daily
distribution remained unchanged. The resulting irrigations computed for this 24-h period were thus
assigned to the current calendar day (j).

3.2. Step 2—Estimation of the Soil Water Content of the Upper Layer

The FAO-56 method [39] was retained since it is extensively used for irrigation scheduling.
The following description is based on the implementation described in Le Page et al. [52]. This model
was developed specifically for the simulation of evapotranspiration. The transpiration is taken from a
bucket of soil expanding from the surface to the root depth (Zr). The root depth growth between 0 and
a maximum root depth (Zrmax, see Table 1) linearly to fraction cover (Fc). In this study, the maximum
root depth of each study plot was set according to the study of the different soil moisture sensors.
Inside this bucket, a second bucket accounted for the evaporation of the non-covered area of soil (1-Fc).
The depth of this bucket (Ze) depended on the soil texture, and varied from 7 to 15 cm. In FAO-56, the
water content of the evaporation bucket was computed for the fraction of the soil that is both exposed
and wetted. This concept is different from a bucket, which would account for the soil moisture of the
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upper layer of soil (SWCtop), which is the quantity that needs to be compared with the observed SSM
values. For this reason, it was proposed to slightly modify the method used by the FAO-56 model
according to Raes’ findings [58]. Of the transpiration 40% comes from the first upper quarter of soil
(Zr/4). The main bucket was thus divided into two layers, with the upper layer having a depth equal
to one-quarter of the root layer. For a maximum depth of 60 cm, this means that the first quarter had a
depth ranging between 0 and 15 cm. The lower layer was the complement of Zr, and SWCtop was
computed as follows: in Equation (1), the depth of the first quarter of soil was updated according to
the new root depth, using a daily time step (j). Drtop is the depletion of water in the upper layer and
θfc and θwp are the field capacity and wilting point of the soil. TAWtop and TAWdown correspond to
the total available water content in the upper and lower layers, and are computed in the same way
as TAW in the FAO-56 model, but are fractioned into the upper (25%) and lower (75%) percentages
(Equation (2)). The depletion of the bottom layer Drdown is computed as the difference in depletion
between the full root layer and the top root layer.

Drtop = min (max
(
Drtop − precip , 0) , TAWtop

)
(1)

TAWtop =
(
θ f c − θwp

)
∗ Zr ∗ 0.25

TAWdown =
(
θ f c − θwp

)
∗ Zr ∗ 0.75

(2)

In a second step (Equation (3)), Drtop is updated in accordance with known wetting events, and
depletion is constrained between 0 and the maximum water content TAWtop:

Drtop = min (max
(
Drtop –precip , 0) , TAWtop

)
(3)

The transpiration of the upper layer is computed from Equations (4) and (5). The stress coefficient
of the top layer (Kstop) was computed in the exactly the same way as Ks in the FAO-56 model, but with
the water quantities of the top layer (Equation (4)), where padjust is the average fraction of TAW that can
be depleted from the root zone before water stress occurs. The transpiration of the top layer (Ttop) was
then obtained with the basal crop coefficients Kcb and previously computed Kstop. In accordance with
the findings of Raes [58], 40% of the transpiration is affected to the top layer. Ttop cannot be greater
than the total amount of transpiration T computed with the regular FAO-56 model (Equation (5)):

Kstop = min((TAWtop −Drtop)/
(
TAWtop ∗

(
1− padjust

)
, 1
)

(4)

Ttop = min (T , ET0 ∗ Kcb ∗ Kstop ∗ 0.4) (5)

Drtop is updated by summing the evaporation (E) and the transpiration (Ttop):

Drtop = min
(
max

(
Drtop + E + Ttop , 0

)
, TAWtop

)
(6)

E was previously computed in the same way as in the FAO-56 model, using the evaporation
bucket. Note that with shallow roots, the depth of the evaporation layer may be smaller than the upper
layer, which can lead to inconsistencies.

This approach distributes the water available in the main bucket into an upper and a lower bucket.
However, it does not fully achieve the objective of computing the water budget of the upper layer
with a fixed depth of 3–5 cm. Indeed, the depth of the computed layer depends on the root depth
Zr. This point is discussed later. Note that some potential water balance terms have been neglected.
The simulation of capillary rise was not necessary because there was no shallow aquifer beneath the
plots. Runoff was also neglected because it is normally uncommon on well leveled irrigated plots.
Likewise deep percolation occurs in case of excess input water in the FAO-56 parameterization. It does
not affect the budget of the rooting compartment.
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3.3. Step 3—Irrigation Detection

Irrigation is detected with the change detection algorithm described in step 3 of Figure 3, which is
based on the soil moisture dynamics between two dates. The SSM provided by the measurements
(derived from either in situ or S2PM observations) and the model described in 3.2 are referred to as θobs

and θm, respectively. ∆θobs nd ∆θm are the difference in SSM between the previous (i-1) and current
steps (i), for the observations and the model, respectively. Note that the number of days between
two steps depends on the timing of the measurements. Since the S2PM product is supposed to be
very degraded when NDVI > 0.7 and that was confirmed for our dataset (Figure 2), it is assumed
that variations between the model and the measurement are not necessarily compatible in amplitude,
only the signs of the change are compared: irrigation could potentially have occurred when ∆θobs

> 0 and ∆θm < 0. Note that this assumption about amplitudes might also be interesting for using
uncalibrated sensors. At least two issues arise from this approach: (1) when there are too many days
between date i-1 and date i, wetting events (rainfall or irrigation) from the first part of the period will
not increase θobs(i) and (2) when θm(i-1) is already dry, the SSM cannot decrease much further so that
the condition ∆θobs > 0 may not be satisfied due to observation uncertainty. Additionally, little rainfall
may be sufficient to cause an increase of SSM (∆θm > 0).

In order to address issue 1, a threshold κ was introduced, in order to account for the number of
days between (i-1) and i. Basically, κ represents the minimum increase in SSM (in m3/m3) that can be
interpreted as an irrigation event. The threshold is high when the time step is short (e.g., one day) and
decreases when the number of days between two measurements increases. Equation (7) provides a
simple approach to the modeling of this behavior, where the number 6 is a compromise between the
repeat period of Sentinel-1 and the number of days after which an irrigation event would no longer be
visible in the SSM data. The coefficient κ is related to the soil texture and must be adjusted:

κ = max( 0, (−k ∗ (dayi − dayi−1)) + k ∗ 6) (7)

Issue 2 is addressed through the use of a second threshold Ψ, which is computed empirically from
Equation (8), where p is the threshold between readily available water and stress, in accordance with
the FAO-56 model (e.g., 0.55 for maize). Ψ increases when θm(i) decreases, and when θm(i) > p, it is
equal to zero:

Ψ = max( 0, (3− (3 ∗ (−k ∗
(
θobs(i) − θwp

)
/(p ∗

(
θ f c − θwp

)
))) (8)

Finally, an irrigation event occurs between dates (i-1) and i, when ∆θobs > κ and ∆θm < Ψ.

3.4. Step 4: Irrigation Injection

If an irrigation event is detected, the irrigation date is sought between the beginning (day i-1) and
the end of the period (day i). This period has a maximum duration of 12 days, with one Sentinel-1
flyover, and typically 6 days with Sentinel-1 A and B flyovers. The water balance was iterated for each
day of this period, by injecting a fixed volume of water on each different day. This amount was set
according to the known amounts used for the irrigation of each plot (Table 2). It is likely that this
approach would not be suitable when the interval between two observations is too long or when the
irrigation system is easy to handle (e.g., full coverage irrigation). We identified at least two different
objectives for selecting the day j of irrigation injection. If observation and data were reliable, the
objective would be to reach the SSM of the observations at the end of the period. Instead, we chose to
select that day when the difference in SSM between model and observation at the end of the period is
closer to the difference in SSM at the beginning of the period. Finally, the injection date is confirmed
only if the model and observation have the same sign of the difference:

tirrigopt = min n
0

((
θobs(i) − θm(i,tirrig)

)
−

(
θobs(i−1) − θm(i−1)

))
(9)

where n is the number of days in the period.
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Table 2. Fixed volumes for irrigation injection, derived from real irrigation volumes.

Plot ID P1 P2 P3 P4 P5 P6

Fixed irrigation amount (mm) 30 35 30 40 19 16

3.5. Accounting

In order to assess the validity of irrigation detection, three classes were proposed according to a
timing range n expressed in days. A computed irrigation event was classified as a true positive (TP) if
it is detected within a range of ± n days with respect to the observation. If the simulated irrigation does
not lie within ± n days of the observed irrigation event, it is classified as a false positive (FP). If the
irrigation is missed, or if no irrigation event is retrieved within ± n days of the observed irrigation
event, it is a false negative FN. The number of days n was tested with 3 days and 5 days, and the final
result was the average of the two tests. The “precision” p = TP/(TP + FP), and the “recall” r = TP/(TP +

FN) could then be computed. The F-score, which is the harmonic mean of the precision and recall, was
finally computed as: F1 = 2.p.r/p + r. This score that can range between 1 (perfect accuracy and recall)
and 0 was multiplied by 100 for presentation purposes.

4. Results

4.1. Analysis of Soil Moisture Changes for the Detection of Irrigation Events

Figure 4 summarizes the 29 irrigation events recorded on the five irrigated plots. The difference
in soil moisture between the S2PM dates was computed before and after irrigation, and the change
(“delta”) in SSM provided by the model was computed using real irrigation data. The local soil moisture
showed 75% and 82% of compatibility with S2PM and the model respectively. The compatibility
between S2PM and the model was 71%. Concerning the accuracy with which irrigation events were
detected using this method, with the local SSM and S2PM measurements, true positive results were
obtained in 59% and 63% of cases, respectively. When delayed detections (within a 6-day interval
following an irrigation event) were aggregated, the accuracy climbed to 74% in both cases, which was
considered to be the maximum achievable score using the present method and dataset. As revealed
by this analysis, various circumstances could lead to incorrect detections: if a second irrigation event
occurs within the time interval separating recorded events (events 11, 17, 22 and 26), only one event
was accounted for, meaning that with this dataset, the highest achievable accuracy was only 85%
(24/29). In cases where the moistening effects of irrigation disappeared during the sampling period
(event 20), detection was very random. In some cases (events 4, 7 and 8), an increase in SSM was
observed only during the next sampling interval. This was probably caused by misalignment of the
data. In some cases, the in situ measurements (events 28 and 29) or S2PM (event 15) appeared to be
incorrect. Lastly, irrigation events may in some cases be masked by rainfall (event 14).
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Figure 4. Summary of each recorded irrigation event: The “compatibility” (same variation) between
two sources (S2 for S2PM, Sk for in situ, M for Model) is indicated by a green circle, and a yellow circle
on the contrary. In the “Detection” columns, a green tick corresponds to an increase in both SSM,
a red cross corresponds to a opposite variation, or impossibility of detection due to the time step of
observations. The yellow exclamation mark indicates a possible mismatch with the next time interval.
The gray lines indicate when two irrigations occur between two S2PM observations.

4.2. Detection of Water Turns Using In-Situ SSM Measurements

Table 3 lists six different scores (TP, FP, FN, precision, recall and f-score) obtained for each plot,
using the in situ SSM for different values of the coefficient k (1,2,3,4), with lapses ranging between one
and six days. The last six lines give the scores for the total number of irrigation events. For plot 2,
a perfect f-score was obtained despite the fact that the first irrigation event did not produce an increase
in SSMsentek. In fact, the irrigation event detected during the following time lapse was accounted for
as a TP. This example show that this scoring technique could lead to incorrect conclusions. Another
interesting aspect of this table is that for most plots, the most useful time lapses were between 2 and
4 days. A longer (5–6 days) or shorter time lapse (1 day) generally provided worst scores. Additionally,
note that the coefficient k seemed to vary from one plot to another, as could be expected, since it
represents the time taken for the soil to dry out to the point where the effects of the previous irrigation
event become unnoticeable. This parameter varies mainly as a function of soil texture and irrigation
volumes. Figure 5 illustrates how the irrigation have been detected on the time series of the six plots.
Note that there was no irrigation detection on the non-irrigated plot P1, and that the detections were
generally accurate for the five other plots.
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Table 3. Irrigation detection scores using SSMSentek with 1–6 day intervals (rows), with k ranging from 1 to 4 (columns). The last six rows are the scores for the total
number (29) of observed irrigation events.

Lapse TP FP FN Precision Recall F-score Rank

k-> 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4

P1
(0 dosis)

1 0 0 0 0 0 0 0 0 0 0 0 0
2 0 0 0 0 0 0 1 1 0 0 0 0
3 0 0 0 0 0 1 1 1 0 0 0 0
4 0 0 0 0 0 0 0 0 0 0 0 0
5 0 0 0 0 0 0 0 0 0 0 0 0
6 0 0 0 0 0 0 0 0 0 0 0 0

P2
(5 dosis)

1 4 5 5 5 2 2 3 3 1 0 0 0 67 71 63 63 80 100 100 100 73 83 77 77 6 77
2 5 5 5 5 2 2 2 2 0 0 0 0 71 71 71 71 100 100 100 100 83 83 83 83 4 83
3 5 5 5 5 2 2 2 2 0 0 0 0 71 71 71 71 100 100 100 100 83 83 83 83 4 83
4 5 5 5 5 0 1 1 1 0 0 0 0 100 83 83 83 100 100 100 100 100 91 91 91 2 93
5 5 5 5 5 0 0 0 0 0 0 0 0 100 100 100 100 100 100 100 100 100 100 100 100 1 100
6 4 4 4 4 0 0 0 0 1 1 1 1 100 100 100 100 80 80 80 80 89 89 89 89 3 89

P3
(3 dosis)

1 3 3 3 3 0 0 1 1 0 0 0 0 100 100 75 75 100 100 100 100 100 100 86 86 2 93
2 3 3 3 3 0 0 1 1 0 0 0 0 100 100 75 75 100 100 100 100 100 100 86 86 2 93
3 2 2 2 2 1 1 1 1 1 1 1 1 67 67 67 67 67 67 67 67 67 67 67 67 5 67
4 2 3 3 3 0 0 0 0 1 0 0 0 100 100 100 100 67 100 100 100 80 100 100 100 1 95
5 2 2 2 2 0 0 0 0 1 1 1 1 100 100 100 100 67 67 67 67 80 80 80 80 4 80
6 2 2 2 2 1 1 1 1 2 2 2 2 75 75 75 75 50 50 50 50 60 60 60 60 6 60

P4
(5 dosis)

1 3 3 3 3 0 0 0 1 2 2 2 2 100 100 100 75 60 60 60 60 75 75 75 67 4 73
2 3 5 5 5 0 0 1 1 2 0 0 0 100 100 83 83 60 100 100 100 75 100 91 91 2 89
3 2 5 5 5 1 1 1 1 3 0 0 0 67 83 83 83 40 100 100 100 50 91 91 91 3 81
4 3 5 5 5 0 0 0 0 2 0 0 0 100 100 100 100 60 100 100 100 75 100 100 100 1 94
5 3 3 3 3 2 1 1 1 3 2 2 2 63 75 75 75 50 60 60 60 56 67 67 67 5 64
6 2 2 2 2 1 1 1 1 3 3 3 3 67 67 67 67 40 40 40 40 50 50 50 50 6 50

P5
(10 dosis)

1 1 2 4 9 0 0 0 1 9 8 6 1 100 100 100 90 10 20 40 90 18 33 57 90 6 50
2 2 5 8 8 0 0 1 1 8 5 2 2 100 100 89 89 20 50 80 80 33 67 84 84 1 67
3 2 7 7 7 0 1 1 1 8 3 3 3 100 88 88 88 20 70 70 70 33 78 78 78 1 67
4 4 6 6 6 0 1 1 1 6 4 4 4 100 86 86 86 40 60 60 60 57 71 71 71 1 67
5 4 4 4 4 0 0 0 0 6 6 6 6 100 100 100 100 40 40 40 40 57 57 57 57 4 57
6 4 4 4 4 0 0 0 0 6 6 6 6 100 100 100 100 40 40 40 40 57 57 57 57 4 57

P6
(6 dosis)

1 4 6 6 6 1 3 5 5 3 1 1 1 88 69 55 55 58 92 92 92 70 79 69 69 3 72
2 6 6 6 6 1 3 4 4 0 0 0 0 86 67 60 60 100 100 100 100 92 80 75 75 1 81
3 3 5 5 5 0 1 1 1 3 1 1 1 100 83 83 83 50 83 83 83 67 83 83 83 2 79
4 1 4 4 4 0 2 2 2 5 2 2 2 100 67 67 67 17 67 67 67 29 67 67 67 5 57
5 3 3 3 3 0 0 0 0 3 3 3 3 100 100 100 100 50 50 50 50 67 67 67 67 4 67
6 1 1 1 1 0 0 0 0 5 5 5 5 100 100 100 100 17 17 17 17 29 29 29 29 6 29

Total
(29 dosis)

1 15 19 21 26 3 5 9 11 15 11 9 4 85 80 71 71 50 64 71 88 63 71 71 78 5 71
2 19 24 27 27 3 5 10 10 10 5 2 2 86 83 73 73 66 83 93 93 75 83 82 82 1 80
3 14 24 24 24 4 7 7 7 15 5 5 5 78 77 77 77 48 83 83 83 60 80 80 80 3 75
4 15 23 23 23 0 4 4 4 14 6 6 6 100 85 85 85 52 79 79 79 68 82 82 82 2 79
5 17 17 17 17 2 1 1 1 13 12 12 12 92 94 94 94 57 59 59 59 70 72 72 72 4 72
6 13 13 13 13 2 2 2 2 17 17 17 17 89 89 89 89 43 43 43 43 58 58 58 58 6 58
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Figure 5. Irrigation detection for six plots using SSMSentek with a time step of two days and k equal to
2. The soil moisture variables are shown as volumetric percentages (right axis). Rainfall and irrigation
events are given in millimeters (left axis). The scale on the horizontal axis corresponds to the number
of days since sowing.

4.3. Detection of Water Turns Using the S2MP Product

Figure 6 is very similar to Figure 5, but was produced using SSMS2MP data, from which Table 4 lists
the corresponding scores. As the measurement period used for the S2MP data was longer than in the
case of the sensor measurements, the scores were adjusted accordingly for the purposes of comparison.
In addition, as the Sentinel-1 images are evenly spaced by a period of six days, the coefficient k had
no effect here. As stated earlier, it would probably be more appropriate to use a coefficient that takes
not only the number of days between measurements, but also the soil texture and irrigation volumes
into account.

Table 4. Scores obtained with the S2MP product.

TP FP FN Precision Recall f-Score

P1 0 1 0
P2 3 0 2 100 60 75
P3 1 2.5 2 29 33 31
P4 3 0 2 100 60 75
P5 6 0 4 100 60 75
P6 4 0 2 100 67 80

Total 17 3.5 12 83 59 69
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Figure 6. Irrigation detection for six plots using the S2MP product. The soil moisture variables are
shown as volumetric percentages (right axis). Rainfall and irrigation events are given in millimeters
(left axis). The scale on the horizontal axis corresponds to the number of days since sowing.

The soil moisture estimations derived from Sentinel-1 data were different to those provided by
the in situ sensor measurements, especially when vegetation was close to full cover. In addition,
as the remotely sensed data is recorded at six-day intervals, a certain loss in performance could be
expected: the average f-score was found to be lower than the best scores obtained with local soil
moisture measurements when they were recorded at shorter intervals (2–4 days). However, similar
scores were achieved in the case of longer intervals (5 and 6 days). In addition, it is important to note
that the reduced performance of the Sentinel-1 estimations can be accounted for mainly by its poor
performance on plot #3.

A false positive result was noted on plot #1. As the S2MP product correctly identified an increase
in soil moisture due to rainfall, the error can be attributed either to underestimation of the rainfall
event, or to the fact that the model did not adequately reproduce the increase in soil moisture. Similar
errors were observed at the beginning of the season for plot #5. On the other hand, the false detection
of irrigation events on plots #3 and #4 at the beginning of the season were due to an increase in SSM
that could not be explained by recorded rainfall amounts.

In general, the recall was found to be much lower than the precision, meaning that there were more
missed detections (false negatives) than invalid detections (false positives). As shown in Section 4.1,
this outcome was quite predictable, due to the limitations of the algorithm (see Discussion). The true
positive score of 17 was thus very satisfactory, in view of the maximum possible score of 22.

4.4. Sensitivity Analysis

The two thresholds of the algorithm were already determined with in-situ sensor data. Figure 7
shows the f-scores obtained for varying rainfall, soil water retention and fixed irrigation amount
with the S2SM dataset. Those variables commonly have relatively large spatiotemporal variability
and associated uncertainties. White noise, with a Gaussian distribution, corresponding to an error
varying from 20% to 80%, was added to the rainfall data of each event. This noise did not affect the
timing or length of events. Over the tested range, the performance of the algorithm was only slightly
degraded when the noise was increased. Concerning the fixed irrigation amount, its reduction to an
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amount lower than 20 mm had a larger impact. Increases above this threshold had negligible impact,
which was expected for two reasons. First, the algorithm took it into account when determining the
irrigation date between two dates. The maximum impact was therefore 6 days for Sentinel-1 data.
Secondly, irrigation events higher than 20 mm did not increase the impact on the soil moisture of
the upper layer of soil. The sensitivity to the soil retention parameters was analyzed by adding a
variability of −0.1–0.1 m3

·m−3 to field capacity and half of this variation to the readily available water.
The performance was reduced or stable when soil retention was reduced. An increase in performance
could however be observed for P2 and P3 when soil water retention was increased, probably meaning
that the initial setup should be revised.Remote Sens. 2020, 12, x FOR PEER REVIEW 3 of 23 
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5. Discussion

The approach described in this study makes use of the FAO-56 model, combined with remotely
sensed observations, as a proxy for crop growth. The FAO-56 dual crop method is designed to estimate
evapotranspiration by computing evaporation and transpiration separately. As it is not possible to
estimate the SSM using this method, we proposed to distribute the soil moisture over upper and
lower compartments. These are apportioned in accordance with the rooting reservoir, so that the
depth of the upper (surface) compartment varies as a function of root development. SSM could be
better represented with the use of different soil water balance models [59,60]. In this case, one could
expect an improvement of the irrigation detections. A simple alternative would be to implement a
precalibrated force-restore method [61,62], in parallel with the FAO-56 model. FAO-56 is a single
bucket model that includes the Ritchie approach of evaporation [63]. In the models DSSAT [64],
BUDGET [58] and AQUACROP [65], the soil profile is divided into several small soil compartments
that have their own soil parameters. The differential flow equation is replaced by a set of finite
difference equations. The infiltration works as tipping buckets. Drainage is computed between each
compartment. The overall transpiration must also be distributed to each compartment according
to root density and water stress at each compartment. Mechanistic models using Darcy’s law and
continuity equations could also provide an alternative approach. However, Ranatunga et al. [60] note
that models based on Richards’ equations assume the soil to be incompressible, non-hysteretic and
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isothermal, and also make the assumption that soil moisture does not travel through macropores
and preferred pathways. It would permit to model the potentially strong soil moisture gradients,
and potentially better resolve evaporation. This could also take better advantage of the vertically
varying root profile, if this data is available. The disadvantages of both the multilayer and Richards
approaches is that they are more complex, and more computationally expensive, so that they may not
be appropriate for the detection of irrigation over large areas.

When compared to its optical and thermal counterparts, SAR imagery has the advantage of
remaining unaffected by clouds, thus allowing continuous coverage to be achieved. In addition,
microwave signals have the advantage of passing through the canopy to a certain extent and penetrating
the soil, thus making it possible to obtain an estimation of soil moisture in the first few centimeters
of soil. The SSM dataset, based on Sentinel-1 imagery, has the considerable advantage of providing
high resolution (10 m) radar scans every six days. However, a large proportion of the backscattered
radar signal is produced by vegetation through volume scattering and impacted by soil roughness,
which means that the resulting SSM estimations can be somewhat inaccurate, especially when annual
crops are well developed or grown under tree coverage. Furthermore, since the dataset indicates that
it is not possible to introduce the absolute difference in soil moisture, we used the change of SSM
trajectory between model and observation. This approach has proved to be reliable when using in situ
observations of SSM. When using the Sentinel-1 product, it also indicates that a repeat time of 2–4 days
would be more adequate. As there are currently no SAR frequencies available with a better revisit time
than that of Sentinel-1, alternative methods could be considered. As an example, the SWIR band of
optical observations could be used to obtain soil moisture estimations for the skin layer.

The parameter k was introduced in an effort to account for variations in the irrigation detection
threshold, as a function of soil water content and the interval between two observations. The influence
of this threshold was studied with only four values (1, 2, 3 and 4), and its value was found to change
considerably from one plot to another. This suggests that the threshold should depend not only on
time, but also on soil texture and the volume of irrigation water. In addition, as this threshold could be
attenuated when the soil is covered with vegetation, it would be of interest to study its relationship
with an index such as the NDVI. A bigger database would also make possible to search for an optimal
threshold value. Unwanted irrigation events were detected on P2, P3 and P5 at the beginning of the
season. A rule precluding the irrigation of maize fields, when NDVI < 0.7, could easily allow this type
of false detection to be removed. Nevertheless, it would be difficult to scale the algorithm up, if this
kind of contextual rule were used.

The algorithm was run with fixed volumes of irrigation water, for each different plot. Although
this approach is generally valid in the case of a rigid irrigation system (rain gun), it may not be suitable
when the system is more flexible (pivot). This drawback could in some cases hamper the generic use of
the algorithm.

Farmers often adopt various different strategies with respect to the timing and quantification of
irrigation. When compared to root water depletion, the volume of irrigation water can be lower (for
example, when a margin is included, to allow for the possibility of rainfall or for deficit irrigation),
equivalent (an exact application of water) or higher (additional losses are then due to soil evaporation
or deep percolation). Although remote sensing cannot be used to observe irrigation depths, if an
irrigation event is bounded by two observation dates, it might be possible to iterate on different
possible values of irrigation depth. In the first phase of the change detection algorithm, the depth of the
irrigation event is not used, and the algorithm enters into the second phase with no knowledge of this
quantity. During the injection phase, it would be interesting to test the influence of applying different
amounts of water during irrigation, including the possibility of irrigating several times between two
SSM observations. This would however introduce new difficulties, since all SSMs would have the same
final value. The tests of irrigation amounts showed that the detection scores change only slightly, even
when the water content of the upper and lower layers is significantly altered. A more detailed analysis
of the role of irrigation depth could improve the algorithm, by estimating real irrigation depths, along
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with irrigation timing. The retrieval of irrigation volumes could also be improved through the joint use
of SSM and LST that is a proxy of the crop irrigation status and is thus indirectly related to root-zone
soil moisture when water is a limiting factor as proposed above.

Finally, as only one irrigation event is detected on the rainfed plot P1, and the estimated volumes
of water and numbers of events are relatively accurate in the case of the irrigated plots, this algorithm
could be expected to be useful for the mapping of irrigated areas. Provided a larger dataset can be
used for validation on different crops (including tree crops) and different irrigation methods, a nearly
real-time algorithm could be proposed, that would run without having to know which crops were being
analyzed (as is currently the case, early crop classification is feasible only when the vegetation is well
developed). Average values could be used for the relationship between Fc and Kcb. A post-processing
step involving a threshold would be added, to account for over-detection.

For a long time, the use of remote sensing methods has been limited due to physical limitations
and the need for highly trained personnel for data handling and computer calculations. Over the last
decade, cloud platforms such as Copernicus Data and Information Access Services (DIAS) or those
offered by giant tech companies have solved part of the problem by allowing the processing of huge
amounts of data without the need to store or process the data locally. It is interesting to note that
algorithms are available on these platforms, often in open-source, so that, after improving this method,
the whole process of irrigation detection should become easier to use.

6. Conclusions

Most of the time, only the farmer knows when he has irrigated. However, knowledge of these
events is fundamental to carry out the water balance of a farm plot. The hypothesis that irrigation
events could be detected using soil surface moisture data from radar remote sensing (Sentinel-1) is
confirmed. The use of time series of in situ measurements shows that the events are reliably detected,
but that the frequency of it is preferable to have an observation frequency of the order of 2 to 4 days.
The use of satellite data degrades the results for two main reasons: soil moisture estimates are degraded
when vegetation is well developed and the observation frequency of six days is insufficient. Despite
these shortcomings, the use of soil moisture products from satellite observation to estimate irrigation
events shows great potential and it suggests that it could also be used for the mapping of irrigated areas.
Prospects for improving performance are to work on the method (thresholds, soil moisture model
and irrigation amount) and to combine alternative data sources until the Sentinel-1 constellation is
expanded. In the ESA Irrigation+ project, the dataset will be extended to different crops and irrigation
methods, which will allow a finer analysis of the sensitivity of certain parameters and to check whether
the method is extensible.
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Abbreviations

AMSR Advanced Microwave Scanning Radiometer
∆θm Difference of SSM computed by model between two observation time step m3

·m−3

∆θobs Difference of SSM observed between two observation time step m3
·m−3

Drdown Depletion of the bottom of the root bucket mm
Drtop Depletion of the top of the root bucket mm
E Evaporation mm
ET Evapotranspiration mm
ET0 Reference Evapotranspiration mm
Etc Crop Evapotranspiration mm
ETcadj Adjusted Crop Evapotranspiration mm
F1 Fscore
FAO-56 The approach described by Allen et al. (1998)
Fc Fraction cover %
FP False Positive
i observation time step days
j daily time step days
κ A threshold to account for the spacing of observations m3

·m−3

k A parameter to calibrate for the threshold κ

Kc Crop Coefficient
Kcb Basal Crop Coefficient
Kstop Stress coefficient of the top of the root bucket
MAE Mean Absolute eError
MBE Mean Bias eError
NDVI Normalized Difference Vegetation Index
p Precision

padjust
Fraction of TAW that can be depleted from the root zone before water stress
occurs

θfc Field Capacity m3
·m−3

θwp Wilting Point m3
·m−3

r Recall
R2 Determination Coefficient
RMSE Root Mean Square Error
S2MP Sentinel-1/Sentinel-2-derived Soil Moisture Product at plot scale
SAR Synthetic Aperture Radar
SD Standard Deviation
SMAP Soil Moisture Active Passive
SMOS Soil Moisture and Ocean Salinity mission
SSM Surface Soil Moisture m3

·m−3

SSMsentek SSM measured at 5 cm depth by the Sentek Enviroscan instrument m3
·m−3

SWCtop Soil Water Content of the top bucket mm
T Transpiration mm
TAWdown Total Available Water at the bottom of the root bucket mm
TAWtop Total Available Water at the top of the root bucket mm
TP True Positive
Ttop Transpiration of the top layer mm
WCM Water Cloud Model
Ψ A threshold to account for dry soils m3

·m−3

Ze Depth of the evaporation bucket mm
Zr Root Depth m
Zrmax Root Depth m
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