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A B S T R A C T

Crop lodging assessment is essential for evaluating yield damage and informing crop management decisions for
sustainable agricultural production. While a few studies have demonstrated the potential of optical and SAR data
for crop lodging assessment, large-scale crop lodging assessment has been hampered by the unavailability of
dense satellite time series data. The unprecedented availability of free Sentinel-1 and Sentinel-2 data may
provide a basis for operational detection and monitoring of crop lodging. In this context, this study aims to
understand the effect of lodging on backscatter/coherence and spectral reflectance derived from Sentinel-1 and
Sentinel-2 data and to detect lodging incidence in wheat using time-series analysis. Crop biophysical parameters
were measured in the field for both healthy and lodged plots from March to June 2018 in a study site in Ferrara,
Italy, and the corresponding Sentinel images were downloaded and processed. The lodged plots were further
categorised into different lodging severity classes (moderate, severe and very severe). Temporal profiles of
backscatter, coherence, reflectance and continuum removed spectra were studied for healthy and lodging se-
verity classes throughout the stem elongation to ripening growth stages. The Kruskal Wallis and posthoc Tukey
tests were used to test for significant differences between different classes. Our results for Sentinel-2 showed that
red edge (740 nm) and NIR (865 nm) bands could best distinguish healthy from lodged wheat (particularly
healthy and very severe). For Sentinel-1, the analysis revealed the potential of VH backscatter and the com-
plementarity of VV and VH/VV backscatter in distinguishing a maximum number of classes. Our findings de-
monstrate the potential of Sentinel data for near real-time detection of the incidence and severity of lodging in
wheat. To the best of our knowledge, there is no study that has contributed to this application.

1. Introduction

Lodging, defined as the permanent displacement of plant shoots
from their upright position (stem lodging) or destruction of the root
anchorage (root lodging), is a major yield-limiting factor in cereal
crops, including wheat (Zhang et al., 2017). Apart from reducing grain
yield (Fischer and Stapper, 1987; Tripathi et al., 2005), lodging can
cause several knock-on effects such as increased drying costs, dete-
rioration of grain quality and slowed harvest (Berry et al., 2004). Ac-
curate and timely detection of crop lodging can help farmers improve
crop yield forecasts, guide harvest operations and contribute to loss
assessments for crop insurance (Ceballos et al., 2019; Shah et al., 2017).
Field-based approaches – that use visual inspection- are the most
common methods to assess lodging and detect its incidence (Chauhan
et al., 2019a), but are infeasible for areas larger than a few hundred

hectares and depend on the skill, experience and consistency of the
observer (Bock et al., 2010). Remote sensing offers a more cost-effective
and scalable approach (Yang et al., 2015).

Only a few studies have explored the use of optical and synthetic
aperture radar (SAR) remote sensing data for crop lodging assessment.
Ogden et al. (2002) and Liu et al. (2014) used airborne optical data to
investigate the role of spectral and textural information to measure the
extent of lodging and improve lodging classification accuracy.
(Chauhan et al., 2019b) analysed the spectral variability between dif-
ferent grades of lodging severity using high-resolution multispectral
data acquired by unmanned aerial vehicles (UAVs). However, there
have been no studies that have utilised satellite-based optical time-
series data for detecting lodging incidence and its severity.

The earliest works that used SAR can be traced back to the works of
Bouman and van Kasteren (1990) and Bouman (1991) who analysed
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the temporal backscatter trends of X-band scatterometer data to study
lodging-induced changes in wheat. In a recent study, (Shu et al., 2020)
investigated the potential of Sentinel-1 data for quantitative assessment
of maize lodging. The results showed that the VH/VV ratio was sensi-
tive to non-lodged maize while VV backscatter was sensitive to lodged
maize. A few studies have also demonstrated the ability of polarimetric
SAR (PolSAR) to discriminate lodged and healthy areas (Chen et al.,
2016; Han et al., 2018; Yang et al., 2015; Zhao et al., 2017). For in-
stance, (Chauhan et al., 2020b) explored the potential of multi-sensor
SAR data (Sentinel-1 and RADARSAT-2) for estimating crop angle of
inclination (CAI) for lodged wheat. The study highlighted the im-
portance of Sentinel-1 time series data, in the context of the operational
assessment of CAI-based lodging stages, as it could explain 78% of the
variability in CAI. These studies have primarily focused on the detec-
tion, classification and quantitative assessment of lodging; however,
large-scale detection of crop lodging incidence has been hindered by
the lack of high spatial resolution dense time-series SAR data. The
analysis of dense time-series satellite data may further improve our
understanding of how lodging affects spectral and backscatter signals
from the crop canopy and how remote sensing data can be used to
detect lodging incidence.

Detection of lodging incidence and its severity from remote sensing
is challenging due to a combination of factors such as the unavailability
of low-cost, high spatio-temporal resolution data, and the absence of a
standard scale to represent lodging. Moreover, collecting field data
related to lodging damage can be a daunting task due to its hetero-
geneous distribution within and across fields. The Sentinel-1 and
Sentinel-2 missions provide fine spatial resolution imagery with revisit
times that offer an unprecedented capacity for land surface monitoring
applications such as crop lodging detection. In this context, the main
objectives of this study are to assess the capability of Sentinel-1 and
Sentinel-2 time series data in understanding the change in backscatter/
coherence and spectral reflectance due to lodging and to detect its in-
cidence in wheat. Our study benefits from measurements performed in
actual lodged field conditions.

2. Materials and methods

2.1. Study area and in situ measurements

The study site is within the Bonifiche Ferraresi farm (Fig. 1),

situated in Jolanda di Savoia Ferrara, Italy (central coordinates
44°52′59″N, 11°58′48″E). The arable area of the farm is spread across
3850 ha on mainly clayey and silty soils. The farm produces wheat,
barley, corn, rice, soybean and potatoes, as well as legumes, medicinal
and horticulture crops. Winter wheat is sown from the end of October to
early November and is harvested by the end of June.

We selected 76 plots (Fig. 1), each measuring 60 × 60 m, based on a
stratified random sampling and the wheat planting plans of the farm.
Several varieties of winter wheat were planted in 600 of the 3850 ha;
Altamira, Bologna, Claudio, Giorgione, Marco Aurelio, Massimo Mer-
idio, Monastir, Odisseo, PR22D66, Rebelde and Senatore Capelli. We
collected field data from each plot between 14 March and the end of
June 2018 when the crop was harvested. Each plot was revisited three
times during this period, resulting in 228 samples. Five important
growth stages were covered during this period: stem elongation,
booting, flowering, milking and ripening. The first few instances of
lodging were recorded when the crop was approaching the end of the
booting stage/beginning of the flowering stage.

We measured the crop angle of inclination from the vertical (CAI ѳ
[0–90°]) (Chauhan et al., 2020b) and lodged area (LA [0–100%])
(Chauhan et al., 2020a) in each plot to determine if the plot was healthy
(H) or lodged (L). We measured CAI from the vertical using a plumb
bob, a measuring tape and trigonometric calculations. We suspended
the string of the plumb bob from the top of the plant head such that the
tip of the plumb bob just touched the ground, ensuring accurate mea-
surement of the vertical height (hv) (Fig. 2). For lodged plants, we used
a measuring tape to measure the slant height (hsl). We then calculated
CAI from the vertical using the measurements shown in Fig. 2 and in Eq.
(1).

We also visually assessed LA using a quadrant method. From the
centre of each plot, we visually assessed the percentage of LA in each of
the four quadrants (Fig. 3b) and averaged them to obtain a re-
presentative LA for the plot. A scenario is illustrated in Fig. 3 for an L
plot, depicting the distribution of L and H subplots. In H plots, we
carried out the crop biophysical measurements in three subplots
(2 × 2 m) while for L plots, we increased the number of subplots to 4–8
(depending on the LA) to account for the spatial heterogeneity of
lodged patches.

We then calculated a normalised lodging score index (LS [0–1]) that
combines CAI and LA to define healthy and lodging severity classes (eq.
2). If no lodging was observed within a plot, then we labelled the plot as

Fig. 1. The study area (left) and location of the sampled plots overlaid on a Sentinel-2 image (right) acquired on 19 April 2018.
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H (LS = 0.0, n = 160). In the event of lodging, the plots were cate-
gorised as moderately lodged (ML) (0.0 < LS ≤ 0.30, n = 12), se-
verely lodged (SL) (0.31 < LS ≤ 0.60, n = 25) and very severely
lodged (VSL) (0.61 < LS ≤ 1.0, n = 31). The summary statistics of
these parameters are shown in Table 1.

We collected other biophysical parameters such as crop height, leaf
area index (LAI), mean leaf angle (MLA), SPAD readings, fresh/dry
biomass (FB/DB), plant water content (PWC) and soil moisture, and
obtained meteorological data (daily-cumulated rainfall and windspeed)
from a local automatic weather station (located at 44°51′22.9″N,
11°57′51.0″E) to facilitate interpretation of the results. The summary
statistics of these parameters are shown in Table 2. We measured the
LAI non-destructively using an LAI-2200 Plant Canopy Analyser. In
each subplot, we made two above-canopy and six below-canopy ra-
diation measurements using a view restrictor of 45° with the sun behind
the operator, and we averaged the readings from the subplots. We also
made chlorophyll measurements using a SPAD-502, which measures

the transmittance in the red (650 nm) and NIR (920 nm) regions. Re-
search indicates a positive correlation of SPAD readings with plant ni-
trogen and chlorophyll content (Bullock and Anderson, 1998). We took
readings from 10 leaves; representing the dominant crop state in each
subplot and averaged them. We measured average soil moisture using a
calibrated Stevens Hydra Probe. For measuring biomass, we destruc-
tively sampled the plants in each subplot (0.2 × 0.2 m). We placed the
samples in a zip-locked plastic bag, transported them to the on-farm
laboratory and processed them on the day of collection. We measured
the FB using a high-precision digital scale. We then dried the samples in
the oven for 72 h at 60 °C and weighed the DB. We used the BBCH
(Biologische Bundesanstalt, Bundessortenamt und CHemische In-
dustrie) scale to get a quantitative estimate of crop growth stages. The
variation of some of these field measurements across different growth
stages is shown in Fig. 4 for H and L wheat plots.

2.2. Remote sensing data and pre-processing

We acquired a set of nineteen Sentinel-1 (A/B) and eight Sentinel-2
(A/B) images over the study area between 14 March (day of the year or
DoY 73) and 30 June 2018 (DoY 181) (Fig. 5). The Sentinel-1 images
were acquired in Interferometric Wide swath (IW) mode with dual-
polarisation (VV and VH) from the Copernicus Open Access (COA) Hub
of the European Space Agency (ESA, 2015). Both ground range detected
(GRD) and single look complex (SLC) formats were obtained to extract
backscatter intensity and interferometric coherence respectively.

Studies reveal that early morning dew can increase the backscatter
from a crop and hence should be considered when extracting quanti-
tative crop information from SAR imagery (Wood et al., 2002). To

Fig. 2. Measurement of crop angle of inclination (CAI) Chauhan et al., 2020b.
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Fig. 3. (a) Illustration of lodged/healthy subplots and the plot centre in real field conditions (b) Division of the plot into four quadrants Q1, Q2, Q3 and Q4. LA1, LA2,
LA3 and LA4 correspond to the lodged area in each quadrant. In this scenario, L1, L2, …, L6 represent the lodged subplots while H1 and H2 are the healthy subplots.
The CAI is calculated by averaging the sampled CAI and LA estimated in the six lodged subplots and in each quadrant, respectively. Chauhan et al., 2020a.

= ∗LS LA CAI
100 90o (2)

Table 1
Summary statistics of measured LS, CAI and LA for all samples (healthy
(n = 160) and lodged (n = 68)). Throughout the stem elongation to ripening
growth stages. COV is the coefficient of variation.

Parameter Mean Min. Max. Std. Dev. COV

CAI (°) 17.33 1.00 79.50 25.83 1.49
LA% 25.53 0.00 100.00 40.83 1.60
LS 0.162 0.000 0.884 0.286 1.76

S. Chauhan, et al. Remote Sensing of Environment 243 (2020) 111804

3



address this, we selected Sentinel-1 images from the ascending (ASC)
pass (acquired at approximately 5:00 PM local time), since it is highly
probable that early morning dew will be present on the crop canopy at
the time of the descending (DSC) pass (at approximately 5:00 AM local
time). Other satellite specifications are shown in Table 3.

For GRD image pre-processing, we first updated the orbit informa-
tion of the images and then co-registered and geocoded them in
SARscape 5.5 using the approach outlined in Nelson et al. (2014) to get
normalised sigma nought or σ° values (in dB). For the SLC products, we
used the coherence change detection (CCD) processing chain of SARs-
cape to produce geocoded coherence maps. The interferometric co-
herence (μ°) ranging from 0 to 1 (1 being perfect coherence), is the
amplitude of the complex correlation coefficient between two SAR
images (s1 and s2) and is mathematically defined as:

=
∣〈 〉∣

〈 〉〈 〉

∗

∗ ∗
μ

s s
s s s s( )

o 1 2

1 1 2 2 (3)

where s* is the complex conjugate of s; and 〈〉 is the ensemble average
(Touzi et al., 1999).

We calculated coherence (for VV and VH polarisation) between
every adjacent image pair (e.g. date-1, date-2; date-2, date-3; …; date-
n-1, date-n) to achieve the lowest temporal baseline (i.e. six days).

We obtained the standard Sentinel-2 Level-2A product in UTM/
WGS84 projection with bottom of atmosphere (BOA) reflectance from
COA hub. The Sentinel-2 Multispectral Imager (MSI) has 13 spectral
bands in the visible (VIS), red edge, NIR and SWIR domains. Table 4
provides an overview of the 13 bands. Pre-processing of the Sentinel-2
spectral data included eliminating B1, B9 and B10 since they were not
relevant for this work and resampling of the bands to 10 m in SNAP
toolbox 5.0.

For the L samples, we selected satellite data that was available on
the same date or immediately after the field observation date (not
earlier, since lodging may not have happened). For the H samples, we

selected satellite image dates which belonged to the same or earlier
than the field observation time (not later since lodging may have
happened). In our study, we could acquire only eight cloud-free
Sentinel-2 images (as opposed to nineteen Sentinel-1 images) available
during the observation period. Thus, only 120 samples could be used
for the spectral analysis of Sentinel-2 data while for Sentinel-1 data, all
samples (n = 228) were analysed.

2.3. Data analysis

For every plot, we extracted the mean backscatter/coherence and
reflectance values from Sentinel-1 and Sentinel-2 images, respectively
and grouped them based on their LS. We performed the following time-
series analysis of Sentinel-1 and Sentinel-2 data to understand the dif-
ference between H and L wheat plots.

Using Sentinel-2 data, we first studied the influence of phenological
stage and varietal differences on the reflectance spectra and the con-
tinuum removed spectra of H plots. We then analysed the reflectance
spectra and the continuum removed spectra of H and other lodging
severity classes for two scenarios: from stem elongation to ripening
stage (i.e. for the entire observation period) and at the milking growth
stage (i.e. for a specific growth stage). The second scenario was tested
to disentangle the effect of the variation of biophysical/biochemical
crop parameters during the season on the spectral curve from the lod-
ging effect. Continuum removal normalises the reflectance spectra to a
common baseline by fitting a convex hull over the top of the spectrum
so that individual absorption features can be compared (Kokaly and
Clark, 1999). The reflectance at a particular wavelength is divided by
the values of the hull at that wavelength, giving a relative absorption
value between 0 and 1 (Clark and Roush, 1984). We also calculated the
absorption band depth (BD) at each wavelength by subtracting one
from the continuum-removed value and used this to compare the dif-
ference between H and lodging severity classes. Similarly, for Sentinel-

Table 2
Summary statistics of measured soil moisture and the biophysical/biochemical parameters in healthy (n = 160) and lodged samples (n = 68) throughout the stem
elongation to ripening growth stages. COV is the coefficient of variation.a

Parameter Mean Min. Max. Std. Dev. COV

H L H L H L H L H L

LAI 3.18 3.02 0.695 1.20 6.54 6.58 1.36 1.22 0.43 0.41
MLA (°) 35.74 46.93 18.00 27.00 50.00 60.00 4.87 6.14 0.09 0.14
CAI (°) 2.69 50.85 1.00 9.36 5.00 79.50 1.75 18.64 0.65 0.37
SPAD 40.62 24.98 5.00 2.50 51.00 47.80 7.84 13.80 0.19 0.57
FB (t/ha) 3.27 4.99 1.09 1.23 8.01 12.85 1.78 2.19 0.55 0.44
DB (t/ha) 0.72 2.06 0.10 0.26 2.10 5.30 0.51 0.84 0.72 0.41
PWC (%) 77.86 55.15 26.19 13.37 95.86 82.22 12.83 15.75 0.17 0.29
Crop height (cm) 58.04 48.74 15.98 18.00 122.33 93.53 27.15 18.77 0.47 0.38
Soil moisturea (%) 42.50 42.56 22.00 22.00 83.00 69.00 9.40 10.88 0.22 0.26

a The statistics for soil moisture exclude the readings from fully saturated plots.

Fig. 4. Temporal variation of (a) plant water content (PWC) and (b) crop height for healthy and lodged wheat plots across different growth stages. The healthy
(n = 160) boxplots are in blue colour and the lodged (n = 68) boxplots are in red colour. The boxplots of other plant variables are presented in Appendix A. (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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1, we generated five metrics (σVVo, σVHo, σVH/VVo, μVHo and μVVo) and
analysed the time-series for H and other lodging severity classes for the
two scenarios.

We used the Kruskal Wallis rank-sum test (Kruskal and Wallis,
1952) to assess the statistical differences of the sample means among

the lodging classes. Kruskal Wallis is a non-parametric statistical test
that does not make any assumptions about the underlying distribution
of the data. This test is particularly useful for comparing statistical
differences among more than two groups (four in our case) with respect
to a dependent variable (MacFarland and Yates, 2016). We then used a
post hoc Tukey's Honest Significant Difference (HSD) test to find sig-
nificant pairwise differences among the classes. Tukey's HSD (Eq. (4))
compares all possible pairs of group's means with each other to find out
which specific group means are different.

=
−

HSD
M Mi j

MS
n

w
h (4)

Where Mi-Mj is the difference between the pair of means given
Mi > Mj

MSw is the mean square within and n is the number of groups.

3. Results and discussion

3.1. Spectral analysis

3.1.1. Influence of phenological stage and varietal differences on the spectra
of healthy wheat

The average spectral profile and continuum removed spectra of H
plots are shown in Fig. 6a and b respectively. The lowest reflectance
values in the NIR spectral region were observed in the early vegetative
stage (stem elongation), where LAI (2.2) and FB (stems and leaves)
were low (1.69 t/ha), and soil had a dominant effect on the reflectance.
With the increase in FB and LAI to 3.62 t/ha and 3.78, respectively in
the booting stage, the NIR reflectance also increased (which is related to
an increase in leaf intercellular spaces and change of the dry leaf mass).
The highest absorption peak at ~665 nm also characterised the booting
stage (Fig. 11b) (BD = 0.83), which could correspond to the presence
of high chlorophyll content (SPAD = 44.58). Maximum reflectance in
the NIR was observed in the flowering stage, which is coincident with
the highest average values of LAI (5.23) and peak FB values (3.9 t/ha)
(composed of stems, leaves and heads). In the NIR region, the re-
flectance decreased due to the probable increase in the number of se-
nescent leaves which causes the mesophyll structure to collapse into
more compact horizontal layers (Bunnik, 1978). As the crop ap-
proached maturity, the crop reflectance spectra lost the typical vege-
tation features with a continuous increase in the VIS range similar to

Fig. 5. Acquisition dates of Sentinel-1 and Sentinel-2 data during the 2018 wheat growing season.

Table 3
Satellite specifications for Sentinel-1 data. Note that the range of the
incidence angle is specific to the location of the study site within the
swath.

Parameter Specification

Wavelength C-band
Frequency 5.405 GHz
Product type GRD, SLC
Acquisition mode IW
Incidence angle 39.7–40.4°
Pass ASC
Polarisation VH, VV
Spatial resolution (resampled) 15 m
Repeat cycle 6 days
No. of looks (range × azimuth) 7 × 1

Table 4
Specifications of the Multi-Spectral Imager (MSI) onboard the Sentinel-2 sa-
tellite.

Spectral band Center wavelength
(nm)

Bandwidth (nm) Spatial resolution
(m)

B1 Coastal aerosol 443 20 60
B2 Blue 490 65 10
B3 Green 560 35 10
B4 Red 665 30 10
B5 Red edge1

(RE1)
705 15 20

B6 Red edge2
(RE2)

740 15 20

B7 Red edge3
(RE3)

783 20 20

B8 NIR1 842 115 10
B8a NIR2 865 20 20
B9 Water vapor 940 20 60
B10 SWIR Cirrus 1375 30 60
B11 SWIR1 1610 90 20
B12 SWIR2 2190 180 20

S. Chauhan, et al. Remote Sensing of Environment 243 (2020) 111804
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that of soil. During ripening, as the plants began to senesce, the
chlorophyll concentration (SPAD= 24.24) along with moisture content
declined (PWC = 49.50%), which might have resulted in an increase in
the reflectance in visible (pigment reduction) and SWIR (drying pro-
cesses) regions (Fig. 6a). The absorption peaks in the entire spectrum
were almost non-existent (maximum BD = 0.07) (Fig. 6a). These re-
sults are consistent with the observations made by Leamer et al. (1980),
Miglani et al. (2011), Xavier et al. (2006) and Sun et al. (2010).

Fig. 7a and b show the average spectral reflectance and the con-
tinuum removed spectra of major H wheat varieties at the milking
growth stage. We chose the milking growth stage since highest lodging
incidence rates were recorded at this stage. The profiles have been
physically interpreted as a function of the differences in biophysical/
biochemical properties at the milking growth stage (see Table 5) for
four different wheat varieties: PR22D66, Odisseo, Monastir and Marco
Aurelio.

In the visible region, the mean reflectance of PR22D66, Odisseo and
Monastir are almost similar (1.8%) while for Marco Aurelio, it in-
creased up to 5.7% (with the lowest absorption in red region-665 nm)
(Fig. 7a, b). Since chlorophyll content has a significant effect on the
reflectance of visible light, we observed that this effect is in agreement
with the chlorophyll (SPAD readings) of the investigated varieties
(Table 5). Several studies have shown that a linear or curvilinear re-
lationship exists between SPAD readings and wheat chlorophyll content
(James et al., 2002; Wood et al., 1993). In the NIR region, the inter-
action of incident radiant flux with the crop canopy is primarily related
to the intercellular scattering within the leaves and hence is governed
by the crop structural parameters such as LAI, canopy cover (fCover)
and crop FB/DB (Bunnik, 1978). The lowest reflectance of Marco
Aurelio in the NIR region (32.4%) corresponds to lower LAI and lower
FB values of this variety (Table 5). Monastir, on the other hand, has the

highest reflectance (45.7%) in this region, which can be explained with
high LAI (4.81) and high FB (6.05 t/ha). Vegetation reflectance in SWIR
region (1400-2500 nm), particularly reflectance at 1530 and 1720 nm
wavelengths are influenced by a number of factors such as PWC, dry
matter content, LAI, FB/DB, MLA and CAI (Ali et al., 2015;
Darvishzadeh et al., 2019a, 2019b; Faurtyot and Baret, 1997). In Fig. 7,
the high reflectance for the Marco Aurelio variety in the SWIR region is
mainly explained by low PWC (59.68%), lower FB (3.5 t/ha) and LAI
(2.76) compared to the others (Table 5).

3.1.2. Spectral behaviour of healthy and lodged wheat throughout the
observation period

Fig. 8 shows the spectral behaviour of H and different lodging se-
verities from stem elongation until the ripening stage. H represents the
average spectra of the healthy plots that remained healthy throughout
the observation period. Similarly, ML, SL and VSL correspond to the
average spectra of the lodged plots which were observed to be

Fig. 6. (a) Average spectral reflectance variation and (b) continuum removed spectra for healthy wheat plots at the stem elongation (n = 15), booting (n = 15),
flowering (n = 5), milking (n = 15) and ripening (n = 9) growth stages.

Fig. 7. (a) Average spectral reflectance variation and (b) continuum removed spectra for the plots with healthy wheat varieties: PR22D66 (n = 5), Odisseo (n = 2),
Monastir (n = 4) and Marco Aurelio (n = 4), at the milking growth stage.

Table 5
Average biophysical/biochemical properties of the plots with healthy wheat
varieties: PR22D66 (n = 5), Odisseo (n = 2), Monastir (n = 4), and Marco
Aurelio (n = 4), at the milking growth stage. The maximum values are in bold
for each plant/soil parameter.

Variety Crop
height
(cm)

LAI FB (t/ha) SPAD
reading

PWC (%) Soil
moisture
(%)

PR22D66 75.00 2.93 4.95 43.95 74.13 40.00
Odisseo 90.68 3.72 5.26 45.51 79.61 44.05
Monastir 71.22 4.81 6.05 49.73 77.87 37.24
Marco Aurelio 81.36 2.76 3.50 34.69 59.68 43.17
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moderately, severely and very severely lodged, respectively at the end
of the ripening stage. Tables 6 and 7 provide the overall and pairwise p-
value statistics, respectively, for the differences in the reflectance va-
lues across the spectral regions for different classes.

Differences in the spectra are clearly visible (Fig. 8). The overall
magnitude of reflectance increased with the increase in lodging se-
verity. In the visible region (447–683 nm), the mean reflectance of H
varied between 3.3 and 5.5% while it ranged from 6.8 to 12.2% for VSL
(Fig. 8). The effect was more pronounced in the red edge (695–796 nm)
and NIR (800–880 nm) regions (Fig. 8). However, for ML and SL, the
mean reflectances were quite similar (~31%). In the NIR region, the
mean reflectance increased from 37% for H to 42%, 46%, and 58% for
ML, SL, and VSL respectively. In the SWIR region (1542–2324 nm), the
mean reflectance initially increased from 10% (H) to 18% (SL), and

then saturated (Fig. 8). Overall, a clear upward trend was observed
from H to VSL in all the spectral bands, which can be explained as
follows.

The changes in vegetation due to lodging become evident by an
immediate or slow change in its biophysical/biochemical properties
(e.g. uneven biomass accumulation in different parts of the plant, re-
duction in crop height, change in CAI, etc.). These changes in the bio-
physical/biochemical properties (see Table 1 in Appendix A) which are
manifested in the reflectance characteristics (Darvishzadeh et al., 2008;
Gitelson et al., 2003) of H and L plants are apparent in our results. The
increase in the magnitude of overall reflectance after lodging in the VIS
region is mainly due to the reduction of plant chlorophyll content (VIS)
as photosynthesis is disrupted due to self-shading (Alberda, 1977). This
decrease progressively manifests with the number of days after lodging.
In the NIR-SWIR region, the change of canopy structure (significant
reduction of CAI) and consequent increase in the fCover and FB (in the
NIR-SWIR region) and reduction of PWC (in the SWIR region) are major
factors affecting the spectra (see Table 1 in Appendix A).

Furthermore, the blue and redshift of the red edge area is a critical
component of spectral analysis of vegetation. A blue shift is visible in
the red edge region, accompanied by an increase in overall reflectance
(Fig. 8) which also suggests reduced chlorophyll concentrations in the
lodged canopy. However, Fig. 8 also reveals that ML had abnormally
high mean reflectance (even higher than VSL in some cases) in the
visible and red edge region. Our field records show that at least 50% of
the healthy wheat in most of these ML plots had turned yellow, while
the lodged patches suffered from a phenological delay (these patches
were relatively underdeveloped). This might have increased the re-
flectance.

The Kruskal Wallis test showed that majority of the spectral bands

Fig. 8. Box plots presenting the reflectance variation in Sentinel-2 bands for healthy wheat plots (H (n = 50)) and wheat plots with different lodging severities (ML
(n = 8); SL (n = 7) and VSL (n = 8)). Observations taken from the stem elongation stage until the ripening stage.

Table 6
Kruskal Wallis p-value statistics for Sentinel-2 spectral
bands. ⁎ and ⁎⁎ indicate 0.05 and 0.01 levels of sig-
nificance. The significant p-values are in bold.

Band p-Value

Blue (490 nm) 0.0983
Green (560 nm) 0.0275⁎

Red (665 nm) 0.1557
RE1 (705 nm) 0.0204⁎

RE2 (740 nm) 0.0053⁎⁎

RE3 (783 nm) 0.0264⁎

NIR1 (842 nm) 0.0211⁎

NIR2 (865 nm) 0.0127⁎

SWIR1 (1610 nm) 0.0215⁎

SWIR2 (2190 nm) 0.1213

Table 7
Post-hoc Tukey's HSD p-value statistics of different lodging severities for Sentinel-2 spectral bands. ⁎, ⁎⁎ and ⁎⁎⁎ indicate 0.05, 0.01 and 0.001 levels of significance.
The significant p-values are in bold.

Class pairs Blue Green Red RE1 RE2 RE3 NIR1 NIR2 SWIR1 SWIR2

H ML 0.0229⁎ 0.0223⁎ 0.0564 0.0433⁎ 0.0958 0.4120 0.4869 0.5619 0.1310 0.1260
H SL 0.8668 0.5204 0.2240 0.0896 0.1371 0.4440 0.3260 0.2477 0.0108⁎ 0.0748
H VSL 0.8500 0.3786 0.7043 0.1167 0.0009⁎⁎⁎ 0.0288⁎ 0.0164⁎ 0.0154⁎ 0.1223 0.5800
ML SL 0.5226 0.8100 0.9978 0.9995 0.9978 0.9984 0.9741 0.9182 0.6767 0.9594
ML VSL 0.8245 0.9987 0.9729 0.9404 0.1027 0.3261 0.2111 0.1808 0.8482 0.9999
SL VSL 0.9967 0.9539 0.9931 0.9686 0.1772 0.4483 0.4190 0.4678 0.9999 0.9737
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(green, RE1, RE2, RE3, NIR1, NIR2 and SWIR1) had statistically sig-
nificant differences among different classes, with RE2 (central wave-
length 740 nm) and NIR2 (central wavelength 865 nm) being the most
significant (Table 6). Additionally, the posthoc Tukey HSD (pairwise)
comparison identified significant differences between H and ML (for
blue, green and RE1), between H and SL (for SWIR1) and between H
and VSL (for RE2, NIR1, NIR2 and NIR3) (Table 7).

3.1.3. Spectral behaviour of healthy and lodged wheat at the milking growth
stage

We further analysed the average spectral reflectance of H plots and
plots with different lodging severities across different bands at a single
(milking) growth stage. Fig. 9 displays the average spectral reflectance
curve and continuum removed spectra of H and L wheat plots at the
milking growth stage. We observed that lodging caused the red edge to
shift towards shorter wavelengths (blue shift) (Fig. 9a) and there was an
increase in the overall reflectance. H wheat plots had a higher BD at
665 nm (0.88) than ML (0.62), SL (0.63) and VSL (0.75) plots (Fig. 9b).
In the SWIR region, which is sensitive to the variation in PWC, the
highest absorption peak was observed at ~1610 nm for H plots
(BD = 0.37) (Fig. 9b). The SWIR reflectance for ML (BD = 0.25), SL
(BD = 0.18) and VSL (BD = 0.29) plots was higher than that from H
plots. (Fig. 9a, b).

An in-depth analysis of the spectra of H plots for different wheat
varieties and L plots at the milking stage showed that change in mean
reflectance due to varietal differences is less than that due to lodging
(Fig. 10). For instance, in the NIR region, the reflectance of H plots for

different varieties ranges from 32.4 to 40.6% (green circle in Fig. 10)
while for the lodged classes, the reflectance range increases to
42.7–58% (red circle in Fig. 10). In the VIS region, the average re-
flectance at 665 nm increased from 2.13 (H) to 8.10% (L) which is
consistent with the reduction in SPAD readings from 43.47 to 34.21
(Table 1 in Appendix A). However, in the SWIR region, the reflectance
of the Marco Aurelio variety in H plots (18.9%) and ML plots (19.2%) at
1610 nm was similar (Fig. 10). Further, the mean reflectance of SL
(calculated from different varieties) (23.03%) and VSL (calculated from
different varieties) (22.7%) classes were also similar at 1610 nm
(Fig. 10). The comparison of average PWC values for H (72.89%), ML
(72.11%), SL (65.83%) and VSL (54.45%) plots (not shown) indicates
that PWC is probably not the only driver of the existing variation in
SWIR region. Therefore, other factors such as variation in MLA (H: 54°
and ML: 51°; SL: 44° and VSL: 41°) and increase in FB (H: 1.3 and ML:
1.5; SL: 1.6 and VSL: 2.3 t/ha) might have had a bigger effect on the
SWIR reflectance.

3.1.4. Sentinel-2 time-series analysis to detect lodging incidence
We also analysed the time-series of Sentinel-2 data as a function of

time (DoY) for different lodging severities to see if we could detect the
tentative date of lodging incidence. In this section, we only present the
results for RE2 and NIR2 spectral bands, since they were highly sig-
nificant in distinguishing H and L wheat (Table 7). The average tem-
poral reflectance (of RE2 and NIR2) for H and different lodging seve-
rities is presented in Fig. 11 along with the distribution of rainfall and
wind speed for the same period. In both spectral regions, the temporal

Fig. 9. (a) Average spectral reflectance variation and (b) continuum removed spectra for healthy wheat plots (H (n = 15)) and wheat plots with different lodging
severities: ML (n = 6), SL (n = 6), and VSL (n = 5) at the milking growth stage.

Fig. 10. (a) Average spectral reflectance of the plots
with healthy wheat varieties: PR22D66 (n = 5),
Odisseo (n = 2), Monastir (n = 4) and Marco
Aurelio (n = 4), and those with different lodging
severities (ML (n = 6), SL (n = 6), and VSL (n = 5))
across multiple varieties at the milking growth stage.
The green circle corresponds to the range of re-
flectance for the plots with healthy wheat varieties
while the red circle represents the range for plots
with different lodging severities in the visible and
NIR regions. (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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reflectance of H and lodging severity classes followed a similar pattern
until DoY 115, after which some abrupt variations were observed. In
the RE2 spectral band, the reflectance of VSL wheat increased con-
siderably from 29% to 48% with respect to H post-DoY.

115 while for ML and SL wheat, reflectance increased by only 4 and
8%, respectively (Fig. 11). A similar change was noticeable for the
temporal reflectance in NIR2 band; however, it was less pronounced.
Post DoY 115, the reflectance increased from 43 to 61% for VSL wheat
(with respect to H) while for ML and SL wheat, it increased by 6 and
7.5% respectively.

The field records confirmed that all the plots were healthy prior to
DoY 115 (end of booting), and a few plots were VSL close to DoY 115.
Overall, from the temporal analysis of Sentinel- 2 data, we can infer
that the wheat plots might have lodged post-DoY 115 i.e. when the crop
was approaching the end of the booting stage. The meteorological data
(Fig. 11c) also reports a period of wind and heavy rain after DoY 120
that are likely to be the cause of further lodging events as detected by
the change in reflectance after that (Fig. 11a, b). Our field records are
consistent with this observation. However, due to the unavailability of
(cloud-free) satellite and field data every five days, it is difficult to state
the exact date when the maximum (or all) number of plots had lodged.
The results agree with the posthoc analysis presented in Table 7 which
shows that H and VSL wheat can be distinguished in these spectral
regions. Overall, we can say that different severity classes could be
discriminated to some extent with the multispectral time-series data
over the selected observation period.

3.2. Backscatter and coherence analysis

3.2.1. Backscatter and coherence analysis for healthy and lodged wheat
The box plots in Fig. 12a and b show the change in backscatter and

coherence metrics, respectively, for H and lodging severity classes
during the entire observation period. Fig. 12a shows a clear linear trend
of increasing σVHo and σVVo with the increase in the lodging severity
(from H to VSL). The inverse relationship of μVHo and μVVo with LS is
apparent in Fig. 12b as these metrics decreased from H to VSL. How-
ever, no clear trend was noticeable, especially with μVVo (Fig. 12b).

Furthermore, Kruskal Wallis tests demonstrated significant differ-
ences between H and lodging severity classes with all the five metrics
(as shown in Table 8). However, the post hoc Tukey test showed that
while H could be distinguished from VSL using any of the five SAR
metrics (Table 9), σVHo outperformed the other metrics as it could dis-
criminate five class pairs (out of six). With σVVo, the difference between
the lodging severity classes (ML, SL and VSL) was significant with re-
spect to H (Table 9), but it failed to differentiate within the lodged
classes (such as ML-SL, ML-VSL, and SL-VSL). σVVo and σVH/VVo how-
ever, seemed to provide complementary information since together,
they could discriminate five class pairs (Table 9). Similar behaviour in
the backscattering coefficients was evident among the classes at the
milking stage (Fig. 12c).

3.2.2. Sentinel-1 time-series analysis for detecting lodging incidence
We further interpreted the trend of Sentinel-1 time-series for H and

Fig. 11. Temporal average reflectance of healthy
and lodged wheat plots in (a) red edge (740 nm) and
(b) NIR (865 nm) spectral bands, and (c) rainfall and
wind speed over Bonifiche Ferraresi farm where
wheat was cultivated in 2017–2018. The blue profile
in (a)-(b) correspond to the healthy plot samples
(n = 59), the green profile is moderately lodged
(n = 12), the yellow profile is severely lodged
(n = 21), and the red profile is very severely lodged
(n = 28). In figure (c), the blue bars represent the
daily-cumulated rainfall (mm). The daily average
wind speed measured at 10 m from the ground (m/s)
is displayed in the orange line. Vertical solid and
dashed grey lines indicate Sentinel-1 and Sentinel-2
acquisition days, respectively while dotted red bars
represent the wheat growth stage intervals. (For in-
terpretation of the references to colour in this figure
legend, the reader is referred to the web version of
this article.)
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L wheat while accounting for ancillary rainfall and wind speed in-
formation, as well as with the in situ observations. The corresponding
Sentinel-1 time series are shown in Fig. 13 with respect to DoY. The
backscatter and coherence of the plots that were lodged later in the
season have been plotted from 14 March 2018 onwards, when they
were still in a healthy state.

Most of the variability in the backscatter profiles (Fig. 13) can be
explained physically through changes in physical plant properties. The
most striking feature is the sensitivity of σVHo to lodging incidence
(Fig. 13a) while there is no distinct difference in σVHo profiles until DoY
120 (end of booting), even though there was a constant increase in crop
height, FB, and LAI (Fig. 4, Fig. 1 in Appendix A). In the initial growth

Fig. 12. Boxplots presenting the variation in (a) σVHo, σVVo, σVH/VVo and (b) μVHo and μVVo for healthy wheat plots (H (n = 160)), and wheat plots with different
lodging severities using Sentinel-1 data: ML (n = 12); SL (n = 25) and VSL (n = 31) throughout the stem elongation-ripening growth stages. (c) σVHo, σVVo, σVH/VVo
and (d) μVHo and μVVo corresponds to healthy wheat plots (H (n = 21)) and wheat plots with different lodging severities: ML (n = 6); SL (n = 6) and VSL (n = 8) at
the milking growth stage.

Table 8
Kruskal Wallis p-value statistics for Sentinel-1
metrics. ⁎⁎⁎ indicates a 0.001 level of significance.
The significant p-values are in bold.

Parameter p-Value

σVHo 6.18e-18⁎⁎⁎

σVVo 8.07e-13⁎⁎⁎

σVH/VV
o 2.65e-05⁎⁎⁎

μVHo 1.82e-05⁎⁎⁎

μVVo 7.85e-06⁎⁎⁎

Table 9
Post-hoc Tukey's HSD p-value statistics of different lodging severities for Sentinel-1 metrics. ⁎, ⁎⁎and ⁎⁎⁎ indicates 0.05, 0.01 and 0.001 levels of significance. The
significant p-values are in bold.

Class pairs σVHo σVVo σVH/VVo μVHo μVVo

p-Values

H ML 0.0053⁎⁎⁎ 0.0499⁎ 0.9969 0.0824 0.0157⁎

H SL 1.27e-07⁎⁎⁎ 2.50e-05⁎⁎⁎ 0.9999 0.0038⁎⁎ 0.0120⁎

H VSL 3.76e-09⁎⁎⁎ 3.76e-09⁎⁎⁎ 1.14e-05⁎⁎⁎ 0.0002⁎⁎⁎ 7.88e-06⁎⁎⁎

ML SL 0.8812 0.8868 0.9990 0.9991 0.9370
ML VSL 1.08e-06⁎⁎⁎ 0.1345 0.0377⁎ 0.9754 0.9889
SL VSL 2.82e-07⁎⁎⁎ 0.3069 0.0031⁎⁎ 0.9858 0.6731
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Fig. 13. Temporal average signatures of healthy and
lodged wheat plots for (a) σVHo, (b) σVVo, (c) σVH/VVo, (d)
μVHo and (e) μVVo and (f) rainfall and wind speed over
Bonifiche Ferraresi farm where wheat was cultivated in
2017–2018. The blue profile in (a)-(e) corresponds to
healthy plot samples (n = 160), the green profile is
moderately lodged (n = 12), the yellow profile is se-
verely lodged (n = 25), and the red profile is very se-
verely lodged (n = 31). In figure (f), the blue bars re-
present the daily-cumulated rainfall (mm). The daily
average wind speed measured at 10 m from the ground
(m/s) is displayed in the orange line. Vertical solid and
dashed grey lines indicate Sentinel-1 and Sentinel-2 ac-
quisition days, respectively while dotted red bars re-
present the wheat growth stage intervals. (For inter-
pretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)
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stages (early stem elongation), the vegetation remains short
(LAI = 2.6); hence soil σ° (driven by soil moisture and roughness) is the
dominant contributor to the total σVHo and σVVo. For the majority of the
plots, the average soil moisture during stem elongation ranged from 34
to 82%, except for a few plots in which the soil was fully saturated (soil
moisture > 100%). The slight increase in σVHo, which is observed on
DoY 103 (Fig. 13a), is mostly the result of an increase in attenuated
double-bounce and volume scattering mechanisms (as LAI and FB in-
creased to 4.1 and 4.59 t/ha, respectively). This is characteristic of
narrow-leaf crops such as wheat (with small plant constituents or
scatterers, i.e. stems and leaves) where absorption by the canopy ele-
ments appears to be a dominant factor in backscattering from the plant
(Macelloni et al., 2001; Tsang et al., 1985). However, a significant in-
crease in the backscatter of L wheat is observed at the flowering stage,
around the beginning of May. While there is an increase in the mag-
nitude of σVHo for ML, SL, and VSL, the overall σ° trend follows the same
behaviour as H. On DoY 121, a few observations were made in VSL
plots, which is notably evident by an increase in σVHo by almost 1.8 dB
with respect to H. The increase in σVHo for ML and SL plots (with respect
to H) was close to 0.14 and 0.21 dB respectively, which is well below
the radiometric resolution of the sensor (1 dB) and hence might be
considered as noise. As reported in the interpretation of Sentinel-2 data,
the heavy rain and windy period after DOY 120, can justify the ob-
served change in VH backscatter.

The increase in σVVo is also evident in Fig. 13b as lodging became
severe. σVVo initially decreased until DoY 120, which suggests that the
differential extinction (wave attenuation as it propagates through the
vegetation volume) is significant due to the vertical stems while the
plant is growing. Studies show that cereal stems play an important role
in both scattering and attenuation as they represent a significant part of
the fresh aboveground biomass (Picard and Toan, 2002). The con-
tribution of the stems is even more important for V polarised waves
because of their vertical structure. However, this vertical structure is
destroyed after lodging, causing an increase in the magnitude of σVVo
(and even σVHo) for ML, SL and VSL classes (see Fig. 13a, b). The extent
of σ° extinction, however, seems to depend on the CAI and LA (i.e., LS).
For instance, with severe lodging, as we can see in Fig. 13a and b, there
is a higher attenuation than that with very severe lodging, resulting in
higher σVHo and σVVo in the latter case. Overall, from the field ob-
servations of soil moisture and crop biophysical parameters (Table 2) of
H and L plots as well as the temporal analysis of radar backscatter (σVHo
and σVVo), it can be inferred that the change in the soil/biophysical
properties due to lodging is manifested in the backscatter response.

σVVo increased steeply for all lodging severities, except for VSL
where the backscatter increased by 0.3 dB (with respect to H) from DoY
114 onwards (end of booting). The wind and rainfall events (see
Fig. 13f) also explain some of the variations. For instance, the strong
wind on DoY 124 (see Fig. 13f) could have pronounced the increase in
radar backscatter (Pichierri et al., 2018; Skrunes et al., 2018) through
its effect on the orientation of the canopy elements. The high wind
(5.4 m/s) and rainfall (20.6 mm) events on DoY 78 just before the
second Sentinel-1 image acquisition could explain the slight increase in
σVVo (assuming that the antecedent soil moisture condition may still
affect the σ° few days later) (Fig. 13f). Then, a prominent decrease in
σVVo by 2.2 dB (Fig. 13b) was observed during the vegetative growth
until it saturated (−15.1 dB). σVH/VVo remained relatively unstable
throughout the season with an overall increase during the stem elon-
gation stage, around the beginning of April (Fig. 13c).

The change in coherence values (in both VV and VH polarisations)
was moderate across different lodging severities. As can be seen from
Fig. 13d and e, the μ° in both channels decreased steadily until DoY 120
and then became stable, followed by a slight increase after crop harvest.
The μ° of the H wheat was slightly higher than that of ML, SL and VSL in
VH and VV (Fig. 12d), probably because the lodged crop screens the
ground more effectively, causing higher backscatter return from the
vegetation that decorrelates quickly than that from the underlying soil

(Engdahl et al., 2001). However, due to limited field data (every six
days) and lack of literature, it is difficult to comment on the role of soil
scattering from H and L plots. Thus, we cannot wholly attribute the
change in μ° values to lodging (Fig. 13d, e) even though the statistical
analyses revealed a significant difference between H and SL/VSL
(Table 9). This makes it challenging to consider that any decorrelation
observed in the interferogram is solely due to lodging-induced struc-
tural changes in vegetation.

3.3. Comparison of Sentinel-1 and Sentinel-2 data for detecting crop lodging

The statistical analysis and time-series interpretation of Sentinel-1
and Sentinel-2 data in the above sections leads to recommendations of
the best features in the context of lodging detection. This is in ac-
cordance with the physical processes that are involved in the plants and
their effect on plant parameters as measured in the field. As observed in
Figs. 11 and 13, red edge (740 nm), NIR (865 nm), σVVo and σVH/VVo
together, and σVHo are able to clearly separate H and L wheat plots
when lodging occurs between the stem elongation and ripening growth
stages (from March to June). Lodging resulted in a shift in the red edge
to the shorter wavelengths (blue shift) and increased the reflectance in
this region (Fig. 8) possibly due to reduction in chlorophyll content as
revealed by SPAD measurements (Table 2). The lodging effect was
pronounced in the NIR region as well mainly due to structural changes
and an increase in crop surface cover, with the highest reflectance in
the VSL class (Fig. 8). Moreover, reduction of PWC in the lodged ca-
nopy, as observed in the field data (Table 2), might have increased the
reflectance in the SWIR region (Fig. 8). σVHo outperformed all the other
metrics while the information provided by σVVo and σVH/VVo seemed to
be complementary as they could discriminate the maximum number of
lodging severity class pairs (five out of six). On the other hand, red edge
and NIR bands could discriminate only H and VSL classes.

Thus, in this study, the changes in crop biochemical and structural
parameters due to lodging are detected either by optical or SAR data
which shows that these datasets provide complementary and con-
vergent information on lodging event. Although, our results showed
that both datasets could reproduce the changes in wheat growth status
and temporal dynamics, the benefit of having regular Sentinel-1 ac-
quisitions versus the rather sparse dates of Sentinel-2 was apparent.
One of the most critical challenges associated with optical data is the
lack of spatial/temporal continuity caused by differential cloud cover
which can greatly affect the accuracy of time-series analysis.
(Kovalskyy and Roy, 2013). In this study, we could acquire only eight
Sentinel-2 images as opposed to nineteen Sentinel-1 images during the
same observation period. This advantage means that SAR-based in-
formation can be more reliable than optical information for supporting
crop management decisions. The availability of a priori information
such as sowing dates, crop variety, soil type and cultivation practices
from the farm managers, can help with the interpretation of SAR data in
agricultural applications (Moran et al., 2002).

The availability of dense-time series data is important for detecting
crop lodging incidence since the phenomenon is very dynamic and can
occur at any time after the stem elongation stage. Despite gaps in the
Sentinel-2 time-series, our study highlights the potential of Sentinel-2
data due to its high spectral sensitivity and the presence of red edge
bands. Indeed, in this study, optical data served as an additional in-
formation source to identify lodging severity and most importantly
detect lodging incidence. With the time-series analysis of both datasets,
we could identify the best features that could detect lodging incidence
(somewhere between DoY 115-121). The unprecedented free avail-
ability of dense time-series of Sentinel-1 and Sentinel-2 data at high
spatial resolution presents a new opportunity for operational detection
of crop lodging in near real-time. Future research efforts should be
directed towards the combined use of SAR and optical data to get full
gap-free time-series that can enable more accurate detection of lodging
incidence and also determine the extent of lodging severity. It is further
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possible to increase the time-series data of Sentinel-1 by combining ASC
and DSC orbits as they can provide two different observation geome-
tries of a highly geometric lodging phenomenon. A study by Wood et al.
(2002) shows that the backscatter between these two orbits is highly
correlated suggesting that even though absolute backscatter increases
in the presence of dew, the relative differences remain similar. How-
ever, more sophisticated modelling may be required when combining
data from these orbits, as it may be difficult to separate the effect of
dew from other changes in the target (Wood et al., 2002).

4. Conclusions

We assessed the potential of Sentinel-1 and Sentinel-2 time-series
data for detecting lodging incidence in wheat and understanding the
effect of lodging on the backscatter/coherence and spectral response.
The time series of the radar backscatter (σVHo, σVVo and σVH/VVo), co-
herence and reflectance were analysed and interpreted in healthy and
lodged field conditions, together with meteorological data (rainfall and
wind speed data) and in situ measurements of crop parameters (LAI,
biomass, CAI, etc.). We showed that the use of Sentinel-1 and Sentinel-2
data could distinguish H from different lodging severities throughout
the stem elongation and ripening growth stages in wheat while the
(dense) time-series of Earth Observation (EO) data can be used to detect
lodging incidence.

We studied the spectral reflectance behaviour of H and different
lodging severity classes (derived from lodging score) throughout the
stem elongation to ripening growth stages as well as at the milking
stage. We further analysed the influence of phenological stages and
varietal differences on the spectral curves of H wheat to understand the
change in spectra from factors other than lodging. In the event of lod-
ging, we observed that the magnitude of reflectance increased with
increasing lodging severity as a consequence of changes in structural
and biochemical parameters (e.g. photosynthetic reduction and drying
process). We also found that the effect of the phenological stage and
varietal differences on the spectra was far less than that due to lodging.
This evidence confirms the capability of optical data in detecting
changes that are diagnostic of lodging event. The temporal analysis of
the spectra in the red edge (740 nm) and NIR (865 nm) spectral regions
showed that lodging might have occurred after DoY 115.
However, > 20 days of missing satellite data did not allow more precise
estimates.

In the case of Sentinel-1, σVHo was the most reliable discriminator to
separate H from other lodging severity classes. σVVo and σVH/VVo metrics
were complementary as together they could distinguish maximum class
pairs. The temporal analysis of σVVo confirmed that the lodging event

started somewhere after DoY 115 (same as what was observed with
Sentinel-2 data). However, the analysis of σVHo provided hints of lod-
ging incidence around DoY 121. Since the reflectance/backscatter
profiles were averaged across different H and L plots with different
varieties, and also due to the unavailability of field data every five or six
days, it is difficult to point out a precise date when the maximum
number (or all) of the plots had lodged. However, with the temporal
analysis of both Sentinel-1 and Sentinel-2 data, it was possible to in-
dicate a tentative window of the main lodging event (i.e. between DoY
115-121); even though lodging continues throughout the season as was
observed in the field and mapped by (Chauhan et al., 2020b). This
suggests the complementary nature of the two sensors. The change in
coherence metrics due to lodging was significant in some cases, but the
change could not be wholly attributed to lodging alone. Overall, this
study has demonstrated the potential of dense time-series of SAR and
optical data in detecting lodging incidence and distinguishing different
lodging severities, which has been poorly documented in the literature.
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Appendix A

Table 1
Summary statistics of measured soil moisture and the biophysical/biochemical parameters in healthy (n = 59) and lodged samples (n = 61) throughout the stem
elongation to ripening growth stages. COV is the coefficient of variation. *The statistics for soil moisture exclude the readings from fully saturated plots.

Parameter Mean Min. Max. Std. Dev. COV

H L H L H L H L H L

LAI 3.15 2.91 1.1 1.20 6.35 6.58 1.30 1.23 0.42 0.43
MLA (deg) 35.71 46.95 22.00 27.00 50.00 60.00 4.92 6.12 0.09 0.14
CAI (deg) 3.48 50.47 1.00 9.36 5.00 79.50 1.66 18.88 0.48 0.38
SPAD 40.27 23.66 5.00 2.50 50.00 47.80 9.40 13.94 0.23 0.59
FB (t/ha) 3.40 4.71 1.09 1.23 6.80 12.85 1.55 2.15 0.46 0.46
DB (t/ha) 0.90 2.05 0.11 0.26 1.96 5.30 0.54 0.87 0.60 0.43
PWC (%) 73.37 53.09 26.19 13.37 91.14 82.22 14.63 15.65 0.20 0.30
Crop height (cm) 68.34 49.43 23.43 18.00 100.68 93.53 22.64 18.34 0.33 0.37
Soil moisture (%) 41.00 43.75 22.00 22.00 82.00 69.00 8.76 11.09 0.22 0.26
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