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A B S T R A C T   

Recent studies have shown that radar temporal coherence over tropical and boreal forests undergoes a diurnal 
cycle as a result of a combined effect of the wind-induced motion of scatterers and of the change and 
displacement of water within the plant in response to the transpiration process. Within this context, the objective 
of this paper is to investigate, for the first time, the diurnal cycle of temporal coherence over wheat crops in 
relation to its development and physiological functioning throughout the agricultural season. A ground-based 
experiment was installed in Morocco, targeting a wheat field during the 2020 agricultural season. The radar 
system, essentially based on a Vector Network Analyzer (VNA) connected to 6C-band antennas installed at the 
top of a 20 m tower, has enabled quad-polarimetric acquisitions every 15 min. In parallel, evapotranspiration, 
soil moisture and meteorological variables are automatically measured in addition to above-ground biomass and 
vegetation water content collected during field campaigns. The results show that the temporal coherence with a 
15 min baseline follows a marked diurnal cycle characterized by variable amplitude according to the pheno-
logical stage, with high values during the night, a significant morning drop to reach the lowest values in the late 
afternoon followed by an increase to recover the high nighttime values. The rate of the drop at dawn is shown to 
be related to the increase of evapotranspiration (r = 0.80 at VV polarization) when the wheat is covering the soil 
and the transpiration dominate the evapotranspiration process. This supports the assumption of a physiological 
effect related to water movement entailing a decorrelation. By contrast, the daily minimum of temporal 
coherence occurring in the late afternoon correlates well to the daily maximum of wind (r = 0.7). Interestingly 
enough, the amplitude of the diurnal cycle exhibit a marked seasonal evolution characterized by an increase of 
85% from tillering to maturity in relation to the wheat development. At the early start of the season when the soil 
is almost bare, irrigation events impact slightly the diurnal cycle of temporal coherence. Likewise, it is shown 
that the presence of dew in the early morning has led to a decrease of the decorrelation rate. Temporal coherence 
dynamic has also been investigated for longer baselines up to 22 days. Results indicate a stronger decorrelation 
than what has been observed on tropical and boreal forests by previous studies with values below 0.4 for 
baselines above 2 days. Taken together, the results of this work demonstrate the unique potential of sub-daily C- 
band data for monitoring crop water status by future geostationary radar missions such as Hydroterra.   

1. Introduction 

Water resource management is a critical issue worldwide. Water 

consumption is continuously increasing especially in the agricultural 
sector which is the major consumer with >70% of available water. 
While about two billion people around the world are already suffering 
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from water scarcity (Leal Filho et al., 2022; Stringer et al., 2021; UNI-
CEF, 2019), irrigated land is steadily increasing (Foley et al., 2011; 
MedECC, 2020) due to decreasing precipitation and increasing evapo-
transpiration, which are in turn attributed to climate change, especially 
in semi-arid regions (MedECC, 2020). Adaptations and mitigation under 
these conditions require optimal and efficient crop water management 
methods to ensure food security for the growing population while pre-
serving water resources. This requires an understanding of the vegeta-
tion water cycle to monitor and optimize its water requirements. 

Vegetation water requirements and stress can ideally be controlled 
using in situ measurements, such as measuring evapotranspiration and 
soil moisture can indicate when vegetation should be irrigated and how 
much is needed. Although accurate, such equipment and facilities are 
expensive and provide only local information (Allen et al., 2011). 
Remote sensing methods are preferred as they can provide information 
on a large scale and, in most cases, free of charge. Indeed, optical data 
are historically used to monitor vegetation by deriving indices from 
optical reflectance, but these methods only indicate the need for wa-
tering when vegetation is already impacted by water stress (Le Page 
et al., 2014). By contrast, thermal data is a powerful tool as surface 
temperature can be an indirect proxy for the vegetation’s water status 
(Ihuoma and Madramootoo, 2017; Jackson et al., 1981; Stefan et al., 
2015) when water is limiting. Nevertheless, with the sensors into orbit, 
there are no thermal observations combining both high spatial resolu-
tion with a high revisit time, and they are prone to atmospheric 
perturbation limiting their availability on cloudy regions. 

Radar data, by contrast, have shown high potential for the moni-
toring of vegetation and of the underlying soil given their sensitivity to 
the water content of the target via its dielectric properties (Brakke et al., 
1981; Ulaby et al., 1986; Van Emmerik et al., 2017). Indeed, the daily 
water cycle of the canopy is determined by the balance between water 
uptake from the soil and water loss through transpiration. For trees, it is 
characterized by a stem hydration from twilight to dawn followed by a 
loss of water in response to sapflow until late afternoon. Water avail-
ability is the main factor affecting this daily cycle. This daily alternance 
of water loss and rehydration is expected to affect the radar response. 
Indeed, at the sub-daily time scale, Mcdonald et al. (2002) found a 
diurnal cycle of the dielectric constant of a Spruce tree at P-band, with a 
maximum between 06 h and 09 h (a.m.) and a minimum between 15 h 
and 18 h. This corresponds to a high water content of the vegetation in 
the early morning at the end of the stem’s hydration phase (Gates, 1991; 
Herzog et al., 1995). 

The first studies that have witnessed a diurnal cycle of radar data 
were using the signal intensity (backscattering coefficient) since 80s 
(Birrer et al., 1982; Friesen et al., 2007; Frolking et al., 2011; Kunz and 
Long, 2005; Long and Skouson, 1996). Conversely, the temporal 
decorrelation, is studied rather on a seasonal scale using satellite radar 
sensors such as Sentinel-1 with a revisit time of 6 days. It has proven to 
be valuable and accurate for a wide range of vegetation-related appli-
cations, such as biophysical variable retrieval (Blaes and Defourny, 
2003; Ouaadi et al., 2021; Villarroya-Carpio et al., 2022), classification 
(Mestre-Quereda et al., 2020) and evapotranspiration estimation 
(Ouaadi et al., 2023). Nevertheless, 6 days is not sufficient to monitor 
some physical processes that occur on a short time scale; hourly in the 
best cases. Higher temporal resolution of spaceborne radars should be 
achieved in the next decade, driven by the need of such resolution for 
large wide of applications from agronomy to meteorology. In parallel to 
commercial SAR imaging satellites (Capella Space, n.d; ICEYE, n.d), new 
mission projects are emerging, notably at ESA for geostationary missions 
that offer attractive new capabilities, especially high temporal resolu-
tion (Hu et al., 2021). For example, ESA’s Hydroterra+ (the new itera-
tion of Hydroterra (ESA, 2020)) C-band missions will be the first to make 
continuous measurements over Europe and Africa. The mission is 
designed to answer the most relevant questions related to improving the 
understanding of the rapid processes occurring over periods of a few 
hours. 

Recently, sub-daily temporal coherence has been studied in tropical 
forests using ground-based experiments that are mainly conducted in 
preparation for the P-band BIOMASS mission (ESA, 2012) to be 
launched in 2024. The ground-based experiments allow obtaining data 
at high temporal frequencies, typically few minutes, which provides 
unique opportunities to investigate biophysical processes of vegetation 
in fine at sub-daily time scale. Indeed, Hamadi et al. (2014) and Albinet 
et al. (2016) have shown that the temporal coherence obtained from an 
L- and P- bands ground scatterometer experiment exhibits a diurnal 
cycle. This cycle is clearer and more important during dry periods, while 
the presence of precipitation disturbs the cycle (Hamadi et al., 2015) 
since precipitation disturbs the dielectric constant cycle (Mcdonald 
et al., 2002). Hamadi et al. (2014) have found that temporal coherence 
loss (decorrelation) during the day are associated with strong winds 
(>2.5 m/s), while the temporal coherence is high during the night when 
the wind is low. However, it is also possible that these differences be-
tween day and night are due to variations in water content and thus 
transpiration. Indeed, it has been shown in the literature that the loss of 
coherence (or decorrelation) is driven by (i) displacements of the scat-
terers, typically induced by wind and precipitation; (ii) changes of soil 
moisture or vegetation water content related to the physiological func-
tioning of the plant impacting the dielectric constant of the target; and 
(iii) changes in the morphological properties of the medium due to its 
development (Lavalle et al., 2012). 

Wind is known to be an important source of decorrelation (induces 
shifts of more than half the wavelength at C-band (El Idrissi Essebtey 
et al., 2019)). This has been demonstrated by direct measurements 
(Askne et al., 1997) but also by taking it into account in coherence 
models (Askne et al., 1997; Lavalle et al., 2012). It is worth mentioning 
here that the derivation of these models is based on assumptions related 
to the development and functioning of the vegetation. For example, 
Lavalle et al. (2012) built their model (temporal decorrelation model) 
for short and moderate temporal baselines assuming that vegetation 
characteristics such as height (development) and wave extinction 
(functioning) do not change between acquisitions. The development of 
vegetation leads to long-term temporal decorrelation. But during single 
day, this effect remains limited compared to the change in dielectric 
properties which should have a more significant impact on the signal. 
Indeed, it has been demonstrated by El Idrissi Essebtey et al. (2019) that 
transpiration is the main driver of the decrease in C-band temporal 
coherence at dawn given that the winds are close to zero over this time 
span. Later in the day, it was difficult to distinguish the effects of 
dielectric changes induced by water movement in trees and the effect of 
wind. However, these studies were conducted on trees, whereas the 
behavior of more dispersed canopies with much lower diurnal water 
storage than trees and with complex geometry that changes with time, as 
is the case with annual crops, remains poorly understood to date. 

The P and L bands are more suitable for tree canopies because they 
allow penetrating the canopy and interacting with the trunk and 
branches and not only with the upper leaves (as is the case with C-band). 
Nevertheless, for short and less dense canopies with small components 
(compared to forests) such as wheat, the C-band is more adapted to 
extract information on vegetation while minimizing the contribution of 
the ground. Indeed, the complex combination of different scattering 
mechanisms from soil and vegetation at C-band makes it a valuable 
source of vegetation information (Ouaadi et al., 2023, 2020b; Van 
Emmerik et al., 2015), especially at high incidence angles. In this 
context, the objective of this paper is to investigate, for the first time, the 
intra-day variation of C-band temporal coherence of wheat over the 
agricultural season, and to physically interpret these variations in terms 
of soil and vegetation variables. 

The paper is organized in four sections as follows. The next section 
presents the study area, the radar experiment and data processing. 
Section 3 is devoted to the results presentation and it is organized as 
follows. First, the diurnal cycle of 15-min temporal coherence and the 
seasonal time series of its daily average are analyzed using 
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meteorological, micro-meteorological and vegetation data for different 
sub-periods of wheat growth season. The impact of incidence on tem-
poral coherence is also assessed for three ranges of incidence angles. 
Second, the impact of irrigation events and morning dew formation on 
temporal coherence with baselines from 15-min to 23-h is investigated. 
Third, the temporal coherence for baselines from 1 to n days (n ∈
[11,22] depending on the sub-period of the season) is studied and 
compared to the 6-day baseline acquisitions of Sentinel-1. Section 4 and 
Section 5 are dedicated to results discussion and conclusions, 
respectively. 

2. Study site and data description 

2.1. Study site 

The experiment is carried out within a wheat field located in a pri-
vate farm in the Haouz plain in Morocco (Fig. 1). The climate in the 
region is semi-arid Mediterranean characterized by low average tem-
perature values in winter (~5 ◦C in January) and high average values in 
the summer (~35 ◦C in August). The annual average rainfall is around 
250 mm and the reference evapotranspiration is about 1600 mm (Jarlan 
et al., 2015). The cereals are the main crop cultivated in the plain where 
about 51% of the irrigated area (third of the total surface) is dedicated to 
cereal production (Abourida et al., 2008). The radar experimental setup 
is installed at the top of a tower of 20 m high targeting the wheat field of 
about 1.5 ha. The field was sowed with winter wheat on 25th January 

2020 and harvested on the 6th June. After sowing, a system of drip 
irrigation is installed. Note that the soil roughness is considered constant 
throughout the season as no soil work was carried out after sowing. 

2.2. Meteorological, eddy-covariance and complementary field data 

The wheat field was monitored by numerous measurements 
throughout the agricultural season. These measurements consist of 
automatically acquired measurements by the meteorological and the 
eddy-covariance stations and others collected during measurement 
campaigns. The weather station (Campbell Scientific) is installed over 
an alfalfa field, next to the wheat field as illustrated in Fig. 1, and records 
half-hourly measurements of wind speed, air temperature, relative air 
humidity and precipitations. The eddy-covariance station is equipped 
with CSAT3-3D sonic anemometer to measure the wind speed compo-
nents and a KH2O-Krypton hygrometer to measure the water vapor 
fluctuations. The measured data, sampled at 20 Hz, are then processed 
using the’ECpack’ software (van Dijk et al., 2004) to estimate the latent 
heat flux or evapotranspiration (LE) with a 30 min time step. Near the 
eddy-covariance tower, a network of TDR probes is installed under- 
ground to estimate the soil moisture every 30 min at different depths, 
including the root zone soil moisture (RZSM) at 10, 20 and 30 cm depth 
in addition to the surface soil moisture (SSM) at 5 cm depth. For the 
latter, the measures of two sensors installed one under and the other 
between the drippers were averaged to obtain a representative measure 
of the field. Indeed, the drip irrigation system installed on the field is 

Fig. 1. Location of the wheat field in the Haouz plain in Morocco (right map). The location of the radar tower (illustrated by the two photos in the figure), eddy- 
covariance and weather stations are also indicated in the left map. 
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characterized by equally-spaced pipes (0.7 m) equipped in turn with 
equally-spaced drippers (0.4 m) ensuring a flow rate of 7.14 mm/h per 
dripper. This results in a homogeneous distribution of moisture across 
the field. The surface soil temperature (Tsoil) is also measured at a 5 cm 
depth using TDR probes. Measurement campaigns were scheduled 
throughout the season every 15 days on average to measure vegetation 
water content and aboveground biomass. Destructive technique was 
adopted for this purpose; 8 samples are taken by quadrats of 25*25 cm2 

selected randomly over the field. Samples are first weighed in the field 
and then transported to the oven for drying. After 48 h in the oven at 
105 ◦C, the samples are weighed again to calculate the aboveground 
biomass (AGB). The difference between before (field sample weight) and 
after oven drying is first computed and then divided by the field sample 
weight to obtain the vegetation water content (VWC) in percent. The 
canopy height was also measured by averaging ten measurements taken 
at random locations over the field. 

Figure 2 provides an overview of the water status of the field 
including the wheat canopy and the underlying soil throughout the 
season. 7 sub-periods of the season that will be used in the results section 
are also reported in Fig. 2, including 5 phenological stages (tillering, 

extension, heading, maturity and senescence) of wheat defined from the 
field observations, a period in the beginning of the season when the soil 
is almost bare and a post-harvest period. The latter two sub-periods are 
considered to show the temporal coherence dynamic over wet and dry 
bare soil, respectively. Rainfall measurements show that the 2020 sea-
son was a dry season with only 70 mm recorded between sowing and 
harvest. This explains the regular irrigation of the field by the farmer. 
For the sake of information, irrigation timing and amounts are available 
up to March 15 when the COVID confinement has prevented data 
gathering. Subsequently, the irrigation dates are estimated from the SSM 
time series by considering the increase of SSM when no rain event was 
recorded. The amount after March 15 is set at the average value of 
previously recorded irrigation amounts. Available water (AW) repre-
sents the total amount of water in the root zone. It is calculated as fol-
lows from SSM and RZSM measurements at different depths (Rafi, 
2020): 

AW =

(
SSM − θwp

)
h5 +

∑n
i=1

(
RZSMi − θwp

)
hi

(
θfc − θwp

)∑n
i=1hi
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Fig. 2. Time series of the in situ variables including, rainfall, irrigation, AW30, 1 − ETr/ET0, wind speed, VWC and AGB over the wheat field during the 2020 season. 
Please note that irrigation dates and amounts were estimated from SSM measurements after March 15 (see text). 
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Where θwp and θfc are the soil moisture at the wilting point and the 
field capacity, respectively. RZSMi is RZSM at i depth and hi is the soil 
layer thicknesses monitored by the corresponding sensor. Available 
water content for root is computed from the 0–30 cm soil moisture 
measurements. Indeed, Chen et al. (2021) have reported that the drip 
irrigation technique is limiting the rooting depth of wheat to the 0–20 
cm layer. This depth can be increased up to 40 cm at most drier con-
ditions (Chen et al., 2021; Plant et al., 1988). A triggered water stress 
was implemented in the field by stopping irrigation from March 20 to 
April 4 (Fig. 2a). It is characterized by a drastic drop of the available 
water in the soil as illustrated by AW30 (AW in the soil layer depth of 30 
cm). To check the effect of this stress period on the vegetation, the index 
1 − ETr/ET0 is plotted in Fig. 2b. ETr is obtained by cumulating daily 
values of LE and then converting to mm/day. ET0 is the reference 
evapotranspiration that account the evaporating power of the atmo-
sphere. It is computed from the meteorological forcing using the FAO-56 
Penman-Monteith equation (Allen et al., 1998). 1 − ETr/ET0 ranges 
from 0 (ETr= ET0; no stress) to 1 (ETr << ET0; fully stressed). The 
evolution of this index shows that its values are overall between 0.2 and 
0.4 until March 20. The index drops to zero on certain days of the season, 
including around February 19, March 22, April 25 and May 11. This is 
mainly a consequence of ET0 reduction due to cloudy-rainy periods 
associated with the low incoming solar radiation. By contrast, higher 
values between 0.4 and 0.6 were reached during the stressed period to 
recover the non-stress values after the new onset of irrigation around 
April 10. It is, however, important to point out here that the highest 
values achieved (0.6) indicate that the applied stress was moderate. 
After May 21, values around 0.8 are obtained as a result of increasing 
ET0, a consequence of high climatic demand at the beginning of summer 
while irrigation is stopped. Indeed, ETr is about 0.6 mm/day at this time 
of the season. Also, a significant drop (~20%) in VWC (Fig. 2d) is 
observed from about 60% on May 14 to about 40% on May 21. At this 
time, biomass has reached its maximum as illustrated by AGB that 
gradually increased during the season to peak at 1.9 kg/m2 around May 
21. The recorded wind speed values are between 0 (at night) and 4 m/s 
and the daily average is about 2 m/s. Nevertheless, some extreme strong 
wind values that can reach up to 10 m/s (Fig. 2c) were also recorded. 

2.3. Satellite data 

2.3.1. Sentinel-1 data 
Sentinel-1 is an ESA’s constellation composed of two C-band satel-

lites A and B launched in 2014 and 2016, respectively, with a 6-day 
revisit time before the failure of Sentinel-1B on December 23, 2021. 
The study area is covered by two orbits 52 (Descending, overpass at 06 
h36) and 118 (Ascending, overpass at 18 h41), observing the field at 
incidence angles of 35.2◦ and 45.6◦, respectively. A total of 56 (28 per 
orbit) of SLC (Single Look Complex) products acquired in the Interfer-
ometric Wide-swath mode are downloaded for the period from 
February, 1 to July 10, 2020. The coherence is computed from the SLC 
products using SNAP application in five steps: i) “Apply-Orbit-file”; ii) 
“Back-geocoding”; ii) “Coherence”; iv) “TOPSAR-Deburst” and; v) 
“Terrain-Correction”. The average of the pixel values within the field is 
computed and considered as representative of the field. For further de-
tails on the processing chain, the reader can refer to Frison et al. (2018) 
and Ouaadi et al. (2021). 

2.3.2. Sentinel-2 data 
Sentinel-2 is an ESA optical constellation comprising two satellites, A 

and B, with a revisit time of 5 days in cloud-free conditions. L-2 A 
products corrected from atmospheric effects are available free of charge 
from the THEIA website (https://theia.cnes.fr/). 20 cloud-free products 
have been downloaded for the monitored period (February 1 to July 10, 
2020) and NDVI is computed and averaged over the field for each date. 

2.4. Ground-based radar setup 

2.4.1. Experiment description 
The radar setup is composed of a Vector Network Analyzer (VNA) 

connected to the antennas through an electromechanical duplexer 
which is connected on the other side to a computer. The electrome-
chanical duplexer has the task to switch between V- and H-polarized 
antennas by routing the signal between the VNA and the specific an-
tenna pair. The radar system is composed of 6 horn C-band antennas: 
two are transmitters and four are receivers, forming thus eight pairs with 
2 pairs per polarization (HH, HV, VH and VV). The pointing angle of the 
antenna is 40◦ below the horizon, with a 3 dB beamwidth of 55◦ and 50◦

for the E and H planes respectively (El Idrissi Essebtey et al., 2019), 
providing along-range swath from 11 m to 53 m (for 30◦ and 70◦ inci-
dence), and along-azimuth swath from 20 m to 50 m (for 30◦ and 70◦

incidence). The antennas are installed over a mobile turret which en-
ables 4 depointing angles of ±10◦ and ±20◦ around the center position; 
resulting in five azimuths from 160 to 200 (160, 170, 180, 190 and 200). 
A two-pair has been installed for each polarimetric channel for 
increasing the number of independent looks (Section 2.4.2). Besides, 
such antenna array design also provides interferometric capabilities, as 
well as backup redundancy in case of hardware failure. 

The acquisitions are performed continuously with a time step of 15 
min. Data are recorded on a hard disk and then transmitted to a server in 
a control room. The acquisition cover a frequency bandwidth Δf = 0.6 
GHz (5.2–5.8 GHz) with Nf = 1601 points. The acquisition is an impulse 
response recorded as a complex number in the frequency domain with a 
frequency step ∂f = Δf/Nf − 1 = 375 KHz. This implies an unambiguous 

range d = c/2∂f = 400 m and a range resolution dr = c/2Δf = 25 cm. To 

increase the number of looks, each acquisition for a given pair of an-
tennas is repeated three times, resulting in three sequences (A, B and C). 

2.4.2. Data processing 
The data in the frequency domain are transformed into the time 

domain using a fast Fourier transform. An example of a resulting range 
impulse is illustrated in Fig. 3. The wheat field response starts almost at 
20 m in range. To avoid edge effects and to select a relevant number of 
samples within a limited range of incidence angles, a range interval 
between rmin = 28 m and rmax = 40 m is considered (resulting in 48 
range cells). This corresponds to a range of incidence angle of 45◦ - 60◦. 
Considering 3 sequences, 48 range cells and 2 antenna pairs (by polar-
ization), the resulting number of independent looks (< 3*48*2) can be 
estimated from the equivalent number of looks (ENL) following the 
method used in El Idrissi Essebtey et al. (2019). First the ratio between 
the coefficients of variation square from a single pair, single sequence 
and the two pairs, 3 sequences gives the ENL gain from pairs and se-
quences. The ratio is then multiplied by the number of range cells. As for 
the annual crops, the vegetation develops from sowing to harvest, the 
average value of the ratio is changing from a minimum of about 2.5 at 
the beginning of the season (and during the night hours) until a 
maximum of 6 in the full development of wheat around 17 h and 18 h 
when the wind reaches its highest values. This range of values results in 
a number of independent looks between 120 and 288 ensuring thus a 
negligible bias of temporal coherence higher than 0.2 and a bias lower 
than 0.1 for temporal coherence lower than 0.2. 

The tower response is assumed to be constant throughout the season. 
However, changing environmental conditions (i.e. effect of temperature 
and rainfall on electronic devices) lead to temporal variations in the 
tower response between antennas. In order to account for these residual 
system temporal changes in spite of the VNA calibration sequence before 
each acquisition cycle, the coupling peak in the impulse responses (cf. 
Fig. 3) is used as in Hamadi et al. (2014) to constrain in amplitude and 
phase its values to reference ones. The temporal coherence ρpq at pq 
polarization is computed using the formula: 
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ρpq =
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Where Ss,k
pq,t1 is the complex range-acquisition at range r at time ti (i =

1, 2, the acquisition) of the k antenna pair and s sequence. The temporal 
coherence (hereafter called coherence to simplify) is computed between 
two acquisitions separated with a temporal baseline t2 − t1. From here 
on, the baseline will refer to t2 − t1 and reference date to t1. 

The imperfect isolation between cross-polarized and co-polarized 
channels in radar systems induces a disturbance (or overlap) between 
the signals leading to correlation between the channels (Al-Kahachi 
et al., 2014; Freeman et al., 1990). This electromagnetic phenomenon, 
known as crosstalk (Freeman et al., 1990), is even more important with 
the antenna proximity, and must be accounted for before fully polari-
metric analysis, either based on external calibration targets (Van Zyl, 
1990) or by the data itself and symmetry assumptions (Quegan, 1994). 
In this study, data from the VV polarization are used while the other 
polarizations are not presented as crosstalk correction is not yet applied. 
For the sake of information, broadly similar behavior was observed 
when using the other polarizations. 

Because of electrical failures, support tour movements, interventions 
and work around the tower, data is not available for some days. Table 1 
provides the number of days available for each sub-period. In particular, 
from the senescence period onward, a high number of outliers were 
recorded such as low coherence values lower than 0.2 during the night 
most likely because of the turret dysfunctioning that did not come back 
to the expected location. To overcome this dramatic lack of observations 
during this period, the data were filtered and corrected as follows: (i) 
values lower than 0.3 were first discarded as it was observed that during 
the days when the acquisition was made properly, the coherence never 
fell below 0.3; and (ii) the maximum of the coherence for the 5 azimuths 
was considered assuming that the field is homogeneous. Finally, a total 
of 7 days (over the total 18 days of the period duration) are considered 
for the senescence period among which 5 days were processed following 
the method described above. Likewise, 12 days are considered from a 
total of 33 days for the post-harvest sub-period using the same method. 
Please note that several tests have been performed with different range 
intervals (between 25 m and 70 m) but the same behavior was observed 
for the senescence and post-harvest sub-periods. For the 6 sub-periods 
before senescence, the coherence is computed from the 180 azimuth 
data but similar results were also obtained for the other azimuths giving 

the homogeneity of the wheat field. 

3. Results 

The time series of temporal coherence with a 15-min temporal 
baseline are first analyzed jointly with the meteorological, micro- 
meteorological and vegetation data at both daily and seasonal scales 
for different sub-periods of the season. Then, the impact of irrigation and 
morning dew in temporal coherence with baselines from 15-min to 23-h 
is investigated. Finally, longer baselines are considered in order to 
provide insight for future repeat-pass spaceborne coherent radar mis-
sions in terms of revisit period and time of acquisition. 

3.1. 15-min temporal coherence diurnal cycle and seasonal course 

3.1.1. Temporal coherence diurnal cycle 
Figure 4 shows the daily cycles of the hourly values of coherence 

with a 15-min temporal baseline (obtained by averaging the four 15-min 
baseline values per hour) at VV polarization (ρVV), of evapotranspira-
tion, SSM and wind speed for the 7 sub-periods identified above. Diurnal 
cycles are represented by boxplots: the median value is indicated in red 
while box bottom edge indicates the 25th percentiles and box top edge 
shows the 75thpercentiles. 

For the bare soil periods at the start of the season or after harvest, ρVV 
values remained stable around 1 along the day as expected. By contrast, 
as soon as the wheat started to grow and to cover the soil, a decorrela-
tion is observed during daytime exhibiting a clear diurnal cycle whose 
amplitude increased with the canopy development. Indeed, the ampli-
tude was increased by 85% from tillering (minimum ρVV around 0.9) 
where the soil contribution still significant to maturity (minimum ρVV 
around 0.3). This was followed by an amplitude reduction of 64% from 
maturity to senescence as the vegetation dries out. Coherence values are 
stable and high around 1 during the night. At this time, wind speed is 
low (~ 1 m/s) and the vegetation is at rest (LE ~ 0 W/m2). At dawn, 
between 06 h and 08 h depending on the sunrise time, coherence starts 
to decrease until the end of the afternoon (gray shaded areas in Fig. 4). A 
first striking result already highlighted by previous similar studies car-
ried out on forests is the concomitance between the strongest decorre-
lation in the late afternoon and the daily maximum of wind speed values. 
Indeed, the minimum daily coherence is significantly correlated to the 
maximum daily wind speed with a correlation coefficient r = 0.7 (sig-
nificant at the 99% level following the student’s t-test). In addition, this 
late afternoon decorrelation increases from tillering to maturity with 

Fig. 3. Example of an impulse response over the wheat field for the entire range showing the tower and the wheat field responses. The blue shaded area corresponds 
to the range interval [28 m, 40 m] considered in this study. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.) 

Table 1 
Number of days with radar data available for the different sub-periods of the 2020 season.   

Bare-wet soil Tillering Extension Heading Maturity Senescence Post-harvest 

Number of days with available data 14 19 20 14 9 7 12  
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above-ground biomass. After 18 h, ρVV increases as the wind speed de-
creases. ρVV finally recovers its highest values between 21 h and 23 h 
depending on the period. 

The morning drop, during 2 to 3 h after dawn (red shaded areas in 
Fig. 4), cannot be explained by the wind-induced motion of the scat-
terers as wind speed values remain low at this time. In order to go further 
into the analysis, days with wind speed in the morning (<1.6 m/s) while 
wheat is fully covering the soil (total of 8 days) were isolated. The 
relationship between ρVV and wind speed with a 15-min time step were 
analyzed during morning and night hours (cf. Fig. S3 in the supple-
mentary material). The results show that ρVV in the morning displays a 
decreasing trend compared to the night when vegetation is at rest. In 
particular, for wind speed lower than 1 m/s, 99% of the data exhibit ρVV 
values above 0.97 during night period (00 h15 to 01 h30) while only 
69% of values are above this threshold during the morning period (07 
h15 to 08 h30). At dawn, the plant starts the photosynthetic process and 
the associated water uptake by the roots in response to increasing 
incoming solar radiation. This water movement within the plant xylems 
probably causes a displacement of the phase center explaining the 
observed coherence drop. Unfortunately, no sapflow measurements 
quantifying the real water uptake by the plant (i.e. the transpiration 
flux) were available during the experiment. Nevertheless, while 
evapotranspiration cannot be considered as a pure proxy of vegetation 
functioning as it includes the evaporation flux that can be strong just 
after a rain or irrigation event when the canopy is sparse, evapotrans-
piration is largely dominated by transpiration (around 80%; (Aouade 
et al., 2016)) when wheat is fully covering the ground (from mid-March 
in this study). Furthermore, evaporation should be very limited in this 
study as the irrigation is ensured using the drip technique and the 
recorded rainfall events are rare with very low amounts (c.f Section 2.2). 
To highlight the potential effect of the plant physiological processes on 
coherence morning drop, the correlation between the rate of LE increase 
and the coherence drop intensity is computed. To this objective, only 
clear-sky days are considered in order to withdraw days with low 
incoming radiation that are associated with reduced photosynthetic 

activity. To do so, days with incoming solar radiation showing a clean 
parabolic shape are selected by visual inspection considering the period 
from mid-March to beginning of the maturity stage when wheat is fully 
covering the ground and photosynthetically active. The morning period 
extends from dawn estimated when solar radiation is above 5 W/m2 to 
dawn plus 3 h and a simple linear regression is computed on LE and on 
coherence. A high correlation of r = 0.8 (significant at the 99% level) 
between the morning slopes of ρVV and LE is observed, highlighting a 
striking sensitivity of coherence to physiological processes. This sensi-
tivity can be shown during the early morning hours thanks to low wind 
speed values. 

Interestingly enough, SSM also exhibits a small diurnal cycle apart 
from the post-harvest period. It is characterized a maximum around 11 h 
probably because the farmer always schedule the irrigation at the same 
time of the day. By contrast, no capillarity rise can be observed in the 
early morning. The temporal coherence does not seem to be impacted 
neither during the wet bare soil period nor during the vegetative stage. 
Considering that the temperature theoretically impacts the soil dielec-
tric constant, Fig. S4a in the supplementary material displays the diurnal 
cycle of soil temperature (Tsoil) and moisture superimposed with ρVV 
considering a 15-min baseline. A close look on the diurnal cycles from 
February 19 to 25 while soil is almost bare at this time indicates that 
both increases of SSM and Tsoil are rather synchronized with ρVV and 
poorly informative about their individual impacts. By contrast, the much 
stepper decrease of temperature lasting until dawn does not prevent 
from the recovery of high ρVV values much earlier during the evening. 
Hence, this is a confirmation that SSM could be the primary factor 
behind the diurnal variation of the C-band decorrelation during this 
vegetative stage. It is however possible that this small daily cycle could 
also be attributed to the low vegetation cover as the low diurnal cycle of 
SSM on February 17 is associated to marked daily cycle of temporal 
coherence. In addition, a finer time series analysis comparing days with 
irrigation and days without did not highlight any significant difference 
(not shown). However, it is probable that the reason is related to the drip 
irrigation technique used in this field that strongly limits the fraction of 

Fig. 4. Diurnal cycles represented by boxplots (median is indicated in red, the box bottom edge indicate the 25th percentiles and the box top edge show the 75th 
percentiles) of ρVV with 15-min baseline, wind speed, SSM and LE for 7 different sub-periods of the wheat season (see text). The morning decrease and evening 
increase of ρVV are shaded in red and gray, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version 
of this article.) 
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wet soil with regards to sprinkler or flooding techniques. 

3.1.2. Incidence angle impact 
While the impact of incidence angle on the backscattering coefficient 

is well understood, angular signature of temporal coherence remains to 
be analyzed. Fig. 5 displays the diurnal cycle of temporal coherence at 
different sub-periods of the season for the following three ranges: [22, 
28] meters, [28, 34] meters and [34, 40] meters, corresponding to 27◦ - 
45◦, 45◦ - 55◦ and 55◦ - 60◦ incidences, respectively. The three ranges 
are chosen so that the ENL is equal for all three. Considering 3 se-
quences, 48 range cells and 2 antenna pairs, the resulting number of 
independent looks is ranging between 48 and 72 during the agricultural 
season. These values are too low to guarantee a negligible bias on 
temporal coherence. Fig. 5 shows that, like for the backscattering co-
efficient, the higher incidence angle, the lower the temporal coherence. 
Indeed, the stronger contribution of the vegetation canopy leads to 
stronger decorrelation. In addition, this high decorrelation is more 
pronounced when vegetation is fully developed with temporal coher-
ence values ranging from 0.6 for the range 27◦ - 45◦ to 0.3 for the range 
55◦ - 60◦ during the late afternoon when wind velocity is the stronger. 
This corresponds to drop of decorrelation at 55◦ - 60◦ of 6% to 53% 
stronger than that at 27◦ - 45◦ from tillering to maturity. 

3.1.3. Time series at the seasonal scale 
Figure 6 shows the evolution of the daily median of 15-min coher-

ence between 06 h and 20 h (night measurements are excluded as the 
plant is at rest and the wind is very weak and stable) at VV polarization 
over the season. The daily ETr, wind speed, SSM, canopy height and 
Sentinel-2 NDVI are also displayed. 

The ρVV− median time series illustrates a seasonal evolution with four 
main periods (i) very high values, around 1, at the beginning of the 
season when soil is almost bare followed by (ii) a regular decrease 
progressively with the development of vegetation from tillering; (iii) an 
increasing trend is observed from the end of the maturity period; and 
(iv) ρVV− median recovers finally its highest values after the harvest. 

At the early start of the season, the soil is bare and there is no change 
of roughness as the soil was already worked out. ρVV− median values 
maintained, as expected, around 1 which is a typical behavior of 
coherent scattering from stable component (Frison et al., 2018; Moere-
mans and Dautrebande, 2000; Ouaadi et al., 2020b). Afterwards, the 
ρVV− median decrease is related to a combined effect of an increasing wind- 
induced movement of the scatterers and to the displacement of the phase 
center in response to the transpiration processes as already described 
above. In phase with ρVV− median, ETr peaks at heading stage corre-
sponding to grain filling. The minimum of ρVV− median is reached in the 
maturity stage around May 9, 19 days after the canopy height peak 

Fig. 5. Diurnal cycles represented by boxplots (median is indicated in red, the box bottom edge indicate the 25th percentiles and the box top edge show the 75th 
percentiles) of ρVV with 15-min baseline for three incidence ranges for 7 different sub-periods of the wheat season (see text). Continuous lines are connecting the 
medians for each incidence range. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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(April 21, Fig. 2e). This highlights the important contribution of leaves 
and heads size and orientation to the signal decorrelation. The increase 
in ρVV− median from the end of the maturity is accompanied by a decrease 
in ETr, indicating thus a decline in physiological functioning and water 
flow intensity through the plants. Indeed, plant is drying out at this time 
as illustrated by the drop of VWC and maximum of AGB (Fig. 2d) and by 
the NDVI decrease (Fig. 6e) from 0.8 on May 11 to 0.4 on May 21; the 
canopy gradually becomes transparent to the C-band signal. Interesting 
enough, a correlation of r = 0.69 (significant at the 99% level) is ob-
tained between NDVI and and ρVV− median, supporting the potential of 
temporal coherence to monitor wheat development throughout the 

agricultural season already highlighted by previous studies using 
Sentinel-1 data (see for instance Barbouchi et al. (2022), Nasirza-
dehdizaji et al. (2021), Ouaadi et al. (2020b) and Villarroya-Carpio et al. 
(2022) among others). 

SSM variation (Fig. 6d) shows a limited impact on ρVV− median over the 
season. In particular, the triggered stress in late March/early April is 
barely visible neither on the time series nor on the daily cycle analyzed 
in the previous section (Fig. 4). During the period with the lower 
available soil water content (from March, 31 to April 7; cf. Fig. 2 and 
Fig. 6d), there was a violent windstorm that lasted between March 31 
and April 2 (Fig. 6c) and the period corresponded to a strong growing 
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stage with ABG of the wheat that almost doubled. These specific con-
ditions made difficult to disentangle the different factors and potentially 
highlight the effect of the triggered stress on the temporal coherence, in 
particular that the stress was moderate (cf. Section 2.2). Finally, a clear 
impact of strong winds can be observed with lower values of coherence 
corresponding to period of strong winds (around April 1 as already 
commented but also on March 6 and May 16); the intensity of the wind 
effect on ρVV− median being obviously related to the density of the vege-
tation. For example, the effect of March 6 wind peak exists but it is much 
smaller than on April 1. 

3.2. Temporal coherence with 15-min to 23-h baselines 

3.2.1. Diurnal cycle 
Figure. 7 shows the diurnal cycle of temporal coherence computed 

with a reference time at midnight and baselines range from 15-min to 
23-h. To avoid repetition, only the main difference with the 15-min 
temporal coherence in Fig. 4 will be described here. Results show that 
coherence with baselines from 15-min to 23-h exhibits a strong decor-
relation, apart from the bare soil periods as, by contrast with the 15-min 
baseline, they did not recover the high nighttime values. The decorre-
lation increased with the development of vegetation. Indeed, the mini-
mum decreases from 0.5 (median) during tillering to 0.1 during the 
maturity stage. In addition, while the slope of the [00 h, 08 h] interval is 
similar between the early stage (tillering) and the late stages of growth 
(heading and maturity), it is much higher during the extension period. 
At this stage, the leaves are light, the canopy is scarce and therefore may 
be more sensitive to low wind speed than the later period, while at 
tillering there may still be a significant coherent contribution from the 
soil. After extension, the head layer makes the scatterers heavier and not 
easily displaced by the low winds recorded during the night. 

Interestingly enough, for extension, heading and maturity, there is no 
increase in coherence during the late afternoon as observed on the 15- 
min baseline daily cycle in response to the decrease of wind speed and 
a reduce incoming solar radiation limiting photosynthesis activity. By 
contrast, ρVV increases from a minimum of 0.2/0.5 at 18 h/20 h to 0.4/ 
0.6 at 23 h for senescence/tillering. Our assumption here is that the 
coherent contribution from the soil causes this coherence gain. Finally, a 
small diurnal cycle is observed for bare-wet soil: decorrelation from 07 h 
reaching a median value ~0.85 at 15 h, and then increases but without 
recovering the initial value. Likewise, the dry soil after the harvest un-
dergoes a daily evolution with a variation amplitude limited to 0.05 
(observed between 13 h and 18 h) and it recovers its highest values 
hereafter. This could be related to sensitivity of ρVV (i) to small vege-
tation movements under limited wind speed and/or (ii) to the diurnal 
cycle of soil moisture. Note that the impact of Tsoil on ρVV computed for 
baselines from 15-min to 23-h has also been checked for an almost-bare 
period of the agricultural season (Fig. S4b). Similar conclusions can be 
drown as for ρVV with a 15-min baseline (Fig. S4a, Section 3.1.1) but 
with a reduced diurnal cycle of ρVV with a 15-min baseline compared to 
ρVV with baselines from 15-min to 23-h. 

3.2.2. Impact of irrigation and morning dew on temporal coherence 
By contrast with the 15-min coherence, a possible effect of irrigation 

on ρVV calculated with baselines from 15-min to 23-h was observed. 
Fig. 8 shows the time series of ρVV , SSM and wind speed for two periods: 
(1) almost bare wet soil conditions (NDVI~0.2; cf. picture of the field 
taken on 02/28/2020 in Fig. S1 in the supplementary material) and (2) a 
period where the soil is moderately covered by vegetation (NDVI~0.6). 
The vertical dotted lines correspond to the start of the irrigation event. 
For information, no rain event is recorded during the two periods. For 
bare soil (Fig. 8a), a drop of ρVV is concomitant with the increase in SSM 

Fig. 7. Diurnal cycles represented by boxplots (median is indicated in red, the box bottom edge indicate the 25th percentiles and the box top edge show the 75th 
percentiles) of ρVV computed with baselines from 15-min to 23-h, of wind speed, SSM and LE for the 7 sub-periods (see text). (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.) 
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associated with the start of the irrigation event for almost all days except 
on 20/02/2020. This decorrelation is probably due to a change of SSM 
driven by the application of irrigation as wind speed is low at this time 
apart from 19/02/2020. Nevertheless, the drop remains low, probably 
because of the limited area of wetted soil related to the drip irrigation 
technique. This coherence drop lasts shorter than the duration of the 
irrigation event and it is quickly followed by a period when there is no 
decorrelation anymore. Later in the season, as the canopy covers the 
ground (Fig. 8b), the abrupt decrease in ρVV at the start of the irrigation 
events is not observed anymore (true for the rest of the season) and ρVV 
slope change seems to be mainly governed by the dynamic of the wind 
speed. 

Likewise, a fine analysis of the time series pointed out, for some days, 
an increasing trend of ρVV during a short period of time in the early 
morning hours usually between 07 h and 08 h both during days with and 
without irrigation. Therefore, the potential impact of morning dew 
formation was investigated by computing the dew point temperature 
(Tdew) from air temperature (Ta) and relative air humidity (RH) as fol-
lows (Lawrence, 2005): 

Tdew = Ta −
100 − RH

5
(3) 

Where Tdew and Ta are in ◦C and RH in %. 
Figure 9 shows the time series of ρVV , Tdew and Ta in the first subplot 

and SSM and wind speed in the second subplot for two periods: one with 
morning dew (Fig. 9a) and one without dew (Fig. 9b). The periods when 
Ta=Tdew are shaded in orange. There is a clear concomitancy between 
dew time and an increase of ρVV in the early morning. This increasing 
trend that can last up to 2 h is then followed by the initial decrease trend 
observed before dew formation. Given the semi-arid Mediterranean 
climate of the region, the presence of dew is not very frequent and it 
disappears quickly as the temperature increases due to high solar radi-
ation. The effect of dew on the temporal coherence could be related to (i) 
a direct effect of the presence of liquid water at the leaf surface and/or 
(ii) a reduction of transpiration due to saturated air (cf. discussion 

section). During 2020 season, the number of rainfall events was limited, 
which hampered the investigation of its effect on ρVV. Nevertheless, the 
ρVV increase of the same order of value than for dew occurring at the end 
of the day on March 23 is concomitant with a rainfall event. 

3.3. Temporal coherence with baselines above 1-day 

3.3.1. Decorrelation analysis by sub-periods 
In this section, the objective is to investigate the temporal evolution 

of coherence for a temporal baseline ranging from 1 to n days, 
depending on the sub-period of the season, in order to provide insight for 
future repeat-pass spaceborne coherent radar missions in terms of revisit 
period and time of acquisition. Sub-daily baselines are also added for 
comparison purposes (0.25 day corresponding to 6 h). The study is 
conducted on 6 sub-periods along the agricultural season already iden-
tified. The post-harvest period is not shown as it showed broadly similar 
dynamics as the bare-wet soil period. The results are presented in Fig. 10 
using boxplots for a 06 h (6:00 a.m.) acquisition time at VV polarization. 
Fig. S2 in the supplementary material is the same as Fig. 10 but with a 
reference time at 18 h. 

The lower decorrelation is obviously obtained during the wet bare 
soil period with ρVV remaining above 0.8 for baselines up to 4 days and 
above 0.4 up to 16 days. During tillering, the decorrelation increases and 
ρVV is below 0.4 after 9 days but remains close to 0.35 up to 14 days, 
thanks to a limited vegetation cover at this early stage of wheat growth. 
For the next vegetative stages, extension to maturity, lower and lower 
values of coherence are observed as the wheat develops with values 
slightly above 0.2 for extension after 1 day and < 0.2 for heading and 
maturity with the same baseline. The decorrelation seems less strong for 
senescence in response to vegetation drying. Considering the entire 
season, ρVV is around 0.3 after 1 day and drop to 0.1 for a baseline of 10 
days. This indicates a strong decorrelation caused by the development of 
wheat and the change of the canopy structure throughout the season. 
Interestingly enough, the temporal coherence whatever the baseline is 
higher at 18 h than at 06 h for bare soil with values remaining above 0.6 
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Fig. 8. Time series of temporal coherence computed for baselines from 15-min to 23-h over two periods: (a) almost bare soil and (b) moderately covered soil. Half 
hourly SSM and wind speed are superimposed. The vertical dotted lines indicate the SSM increase in response to irrigation. 
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up to 14 days. In contrast, and because of higher wind at this time, 
temporal coherence at 18 h is always lower than at 06 h from tillering to 
senescence. 

3.3.2. Comparison with 6-day Sentinel-1 acquisitions 
In order to compare with existing radar missions, typically Sentinel-1 

which provides data free of charge, ground-based temporal coherence 
with a 6-day baseline is computed at the time of Sentinel-1 overpass 
considering ascending and descending orbits during the 2020 season 
(Fig. 11). Both signals are exhibiting a consistent seasonal cycle 
although the systems have some significant differences in terms of 
design and acquisition geometry. Indeed, both show high values at the 
start of the season, start to decrease progressively with the development 
of the canopy until Extension and recover progressively high values 
during crop senescence. The ground experiment exhibits higher ampli-
tude of variation than Sentinel-1. The latter varies between 0.8 when the 
ground is bare, a slightly lower value than the ground-based measure-
ment, and 0.2 when vegetation is fully developed. At this time, the 
ground experiment reaches values as low as 0.1. Similar values have also 
been reported at C-band over fully developed wheat (Nasirzadehdizaji 
et al., 2021) and over tropical forests (El Idrissi Essebtey et al., 2019). 
Comparison of the two Sentinel-1 orbits shows close values at both 35.2◦

and 45.6◦ incidence. Please note that restricting the incidence range of 
the ground based measurements in order to compare with Sentinel-1 is 
not possible as the number of looks would be too low (the range 

selection is explained at Section 2.4.2). 

4. Discussion 

The 15-min coherence exhibited a diurnal cycle whose amplitude 
depended on the phenological stage of wheat. The morning decrease of 
the diurnal cycle was found to be strongly correlated with the increase of 
evapotranspiration with a correlation coefficient of 0.8. This is in 
agreement with the previous studies (Albinet et al., 2016; Hamadi et al., 
2014) carried out on tropical forest, including El Idrissi Essebtey et al. 
(2019) that highlighted a concomitancy of ET0 daily onset with tem-
poral coherence drop in the early morning. By considering actual 
evapotranspiration instead of ET0 that reflects atmospheric demand only 
and not the actual water used by the plant, this study goes a little bit 
further as evapotranspiration is largely dominated by the transpiration 
flux related to the root water uptake and the physiological functioning of 
the plant when wheat plants are covering the ground as already high-
lighted. These studies are, however, novel and essential for under-
standing the behavior of temporal coherence, yet their results need to be 
extended in the future by further experiments covering other growth 
seasons together with the use of physical models. This is particularly 
relevant to properly disentangle the effect of plant physiology from the 
effect of wind. 

Wind speed can also impact plant transpiration through the evapo-
rative demand. Nevertheless, evaporative demand is mainly governed 

Fig. 9. Time series of ρVV computed for baselines from 15-min to 23-h over two periods: (a) during the presence of morning dew and (b) during the absence of dew. 
Air temperature and dew point temperature are plotted in the upper subplot for each period and the wind speed and SSM are plotted in the bottom subplot for each 
period. The shaded orange areas in (a) highlight the period of dew formation (Ta=Tdew). 
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by temperature, meaning that with thermal inertia, evaporative demand 
is very low in the morning. By contrast, even very low incoming radia-
tion can stimulate transpiration at sunrise as stomata are strongly sen-
sitive to radiation in the blue wavelength domain that is dominating 
incoming radiation at dawn (Matthews et al., 2020; Zait et al., 2017). 
Indeed, with a similar wind levels, the drop of temporal coherence is 
stronger at dawn than at night. 

This study also showed that the effect of SSM on sub-daily coherence 
is limited for most of the season. This is in agreement with several works 
(Moeremans and Dautrebande, 2000; Molan and Lu, 2020; Ouaadi et al., 
2020b) that have demonstrated the negligible effect of SSM when the 
vegetation covers the soil, all the more for C-band characterized by a 
lower penetration depth within the canopy than longer wavelengths. At 
the sub-daily scale also, results reported by Albinet et al. (2016) show no 
effect of irrigating a tree on its P-band temporal coherence. However, 
the lack of sensitivity could also be linked to the high incidence range 
(45–60◦) in this study. By contrast, over bare soil period, an impact of 
soil watering through irrigation was observed in this study, leading to a 
decorrelation after the start of the event. This decorrelation related to 
SSM variations was already observed over bare soils at different fre-
quencies including C-band (Morrison et al., 2011) and L-band (De Zan 
et al., 2014). Of course, the observed decorrelation in this study, lasting 
about 1 h, is rather limited because of the drip irrigation technique that 
water a small fraction of the soil along the plant row. Nevertheless, it is 
likely that the effect could be stronger for irrigation methods that water 
a high soil fraction such as the flooding technique for instance. Within 

this context, this result offers a promising potential of the sub-daily C- 
band coherence to detect irrigation events at least in the early season 
when the ground is almost bare. Indeed, irrigation timing and amount 
are key information to improve irrigation practices in order to ratio-
nalize the agricultural water use and are strongly uncertain over large 
areas at the field scale (Massari et al., 2021). 

Likewise, liquid water on the vegetation foliage such as dew impacts 
the daily dynamic of the temporal coherence. While some authors 
highlighted an impact on the backscattering coefficient up to 2 dB 
(Hornbuckle et al., 2010; Khabbazan et al., 2022; Kumar et al., 2013; 
Vermunt et al., 2020), its effect on the coherence is still to be explored at 
C-band. Precipitation was shown to disrupt the daily coherence cycles 
(Hamadi et al., 2014) of trees. Albinet et al. (2016) showed that artificial 
watering of a tree caused a sharp decrease of P-band coherence thanks to 
observations carried out over a 10 h period between 08 h and 18 h. In 
this study, the formation of morning dew has induced a slight increase of 
coherence lasting about two hours instead of a decreasing trend that was 
observed in the previously described experiment. The first difference 
between studies is the wavelength and its interaction with the canopy 
cover. Indeed, P-band coherence of the tree is very high (above 0.98) 
because of a longer wavelength and its associated sensitivity to the most 
stable elements of the tree (the trunk and the biggest branches). In this 
study, temporal coherence is much more impacted by the movement of 
scatterers of lower dimension such as wheat leaves as shown by the 
stronger diurnal cycles. It is also possible that the presence of water on 
the canopy surface together with a water-vapor saturated air stop 

Fig. 10. Boxplots representing the evolution of temporal coherence at 06 h (6:00 a.m.) acquisition time versus temporal baseline in days (0.25 corresponds to 6 h) at 
VV polarization over the agricultural season. 
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transpiration and limiting the water displacement due to root uptake 
within the plant (Dawson and Goldsmith, 2018; Khabbazan et al., 2022). 
Stating differently, dew formation is a natural phenomenon that in-
dicates zero water demand from the atmosphere and therefore zero 
transpiration, in contrast to artificial watering which not only induces 
dislocation of the scatterers but also occurs in the presence of transpi-
ration. It is likely that the presence of dew stopped transpiration (Ger-
lein-Safdi et al., 2018; Khabbazan et al., 2022) because of a saturated air 
at the boundary layer of the leaves and because of the presence of liquid 
water. This assumption should be further investigated as it could be a 
supplementary clue that the physiological functioning of the plant is one 
of the main factor impacting decorrelation during the first hours 
following sunrise as if transpiration stops, temporal coherence increases. 
Finally, this sensitivity of coherence to dew could also be an opportunity 
for the detection of sprinkler irrigation event or rainfall. 

By contrast, beyond soil and vegetation water content and above- 
ground biomass effects, coherence is well known to be impacted by 
changes in soil roughness (Ouaadi et al., 2020b; Wegmuller and Werner, 
1997). This effect could not be analyzed in this study as soil works were 
carried out before sowing and soil roughness remains stable during the 
growing season. 

Finally, this study also highlights a strong decorrelation during the 
full development of wheat as temporal coherence values fall beyond 0.2 
for baseline above 2 days showing the limits of the sensors actually into 
orbit such as Sentinel-1 offering at best a 6-day repeat cycle. On tropical 
forest, experiments showed that high coherence values (≥ 0.8 up to 10 
days and ≥0.6 up to 30 days) can be obtained at P-band during the dry 
season for 06 h acquisition time (El Idrissi Essebtey et al., 2021). Hamadi 
et al. (2017) observed obviously lower values at L-band. At C-band (El 
Idrissi Essebtey et al., 2019), temporal coherence values remained above 
0.2 up to 4 days of baseline. In addition, due to the rapid growth of 
wheat, different decorrelation rates are observed depending on the 
considered sub-period of the season. For the 1-day baseline, for example, 
a gradual decrease in coherence (acquisition time at 06 h) is observed 
between very low soil cover (NDVI = 0.2) and maturity (NDVI = 0.8). A 
median value >0.8 up to 4 days is obtained for very low covered soil and 
a median values >0.4 during tillering. The effect of the coherent 
contribution from the soil is likely the responsible of the low 

decorrelation during these early stages as shown by Askne et al. (1997) 
on a boreal forest. Once the vegetation covers the ground, a very high 
decorrelation for baselines above 1-day is observed in agreement with 
the study of El Idrissi Essebtey et al. (2019) carried out at C-band on 
tropical forest. Similar order of values was observed using the 6-day 
baseline of Sentinel-1 (high values of coherence about 0.8 at the start 
of the season and values below 0.4 from extension onwards) such as in 
the work by Ouaadi et al. (2020b) carried out on wheat fields on the 
same study area. Villarroya-Carpio et al. (2022) also reported similar 
results on wheat in Spain using Sentinel-1 with a 6-day baseline. By 
contrast, lower values were obviously reported by Nasirzadehdizaji et al. 
(2021) and Barbouchi et al. (2022) given the 12-day baseline on their 
region of study: maximum values around 0.6 were recorded before 
sowing and after harvest and values down to 0.1 were observed during 
full development. Interesting enough, quite similar values were obtained 
in these studies when comparing different orbits (incidences between 
31.5◦ and 45.6◦) in agreement with the results of this study with 
Sentinel-1 data. Using the ground-based experiment, comparison of the 
diurnal cycle of three incidence ranges (27–45◦, 45–55◦ and 55◦-60◦) 
revealed a slightly higher decorrelation for high incidences, well known 
to be more sensitive to vegetation. However, the ground-based experi-
ment range of incidence going from 27◦ to 60◦ is larger than the range of 
Sentinel-1 incidence angle. Finally, Villarroya-Carpio et al. (2022) and 
Nasirzadehdizaji et al. (2021) have also highlighted differences in 
vegetation monitoring performance between some orbits that was 
attributed to changes of wind velocity in relation to the time of the 
satellite overpasses. This suggests that future missions aiming to assess 
the vegetation hydrological functioning should consider overpass times 
when wind is minimal. 

In the objective of providing some guidance elements to design new 
innovating instruments able to provide sub-daily C-band data (ESA, 
2020; Hu et al., 2021), the results of this study showed that acquisitions 
should be able to catch the minimum and maximum values of the daily 
cycle around midnight and after noon around the daily peak of wind 
velocity. In addition, a much denser sampling during the early morning 
hours around sunrise would be recommended in order to catch the 
coherence morning drop. 
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5. Conclusion 

The present study aims to investigate for the first time the diurnal 
cycle of sub-daily temporal coherence over wheat crops and its relation 
with plant physiological functioning. Data acquired with 15 min time 
steps from a C-band ground experiment installed in Morocco during the 
2020 season are used. The results show that the temporal coherence 
computed with a baseline of 15 min exhibits a diurnal cycle that in-
creases with vegetation development. In particular, coherence morning 
drop is highly correlated with morning evapotranspiration (r = 0.8, 
significant at 99%) when vegetation is in full activity. In contrast, the 
high wind speeds around 17 h is concomitant with the minimum 
coherence reached at this time of day with a correlation coefficient of 
0.7. Surface soil moisture was found to have a very limited impact on the 
15-min coherence diurnal cycle over the season, whereas an abrupt 
decorrelation is observed on the temporal coherence with baselines from 
15-min to 23-h during the bare soil period in response to irrigation 
events. Dew formation was also found to have an impact on temporal 
coherence with baselines from 15-min to 23-h during the two hours of its 
presence. For larger baselines, from 1 to 22 days depending on the 
season sub-period, the results show strong decorrelation from 2 days 
onwards when the vegetation is well developed, highlighting the 
importance of such ground-based experiments to (i) investigate physical 
processes that occur over short periods of time and (ii) point to the need 
for future high temporal resolution missions, in particular for the 
investigation of annual crops which are complex mediums evolving in 
time. 

The outcomes of this study can be explored and enhanced on larger 
scale with the launch of geostationary satellite missions to develop 
appropriate methods for monitoring vegetation water use under 
different climates and vegetation types; in particular, for the early 
detection of water stress (Ouaadi et al., 2020a; Van Emmerik et al., 
2015; Vermunt et al., 2020) in order to improve irrigation scheduling. 
This could also be investigated by combining radar and thermal data. In 
this study, the triggered stress was moderate and coincided with a strong 
wheat growth phase and wind storms, emphasizing the need to schedule 
another stress experiment under better conditions to better isolate the 
effect of water stress. The study could also include: (i) a full polarimetric 
investigation after applying crosstalk correction, and (ii) combining 
temporal coherence and backscattering coefficient to provide new in-
sights, especially with the use of electromagnetic models (Attema and 
Ulaby, 1978; Karam et al., 1992; Ulaby et al., 1990) to improve the 
understanding of the different contributions from different canopy 
components at the sub-daily scale, and potentially retrieve biophysical 
variables. 
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