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1. Introduction

Food production will have to increase by 70% by 2050 (FAO, 2014)
to ensure that global food supply meets the demands of the world’s
growing population. Raising the productivity of wheat, a staple crop
that contributes to 20% of global dietary calories, will be fundamental
in achieving this goal (Reynolds et al., 2012; Shiferaw et al., 2013).
Multiple factors limit or reduce wheat productivity. Lodging - the
bending of crop stems from their upright position, or the failure of crop
root-soil anchorage system (Pinthus, 1974) - is a major yield-reducing
factor in wheat. A complex interaction between genetic, environmental
and management factors affects the incidence and severity of lodging.
Lodging limits wheat productivity directly by reducing photosynthetic
efficiency due to disruption of crop morphology (Berry and Spink,
2012), and indirectly through breeding by boosting the amount of dry
matter (Berry et al., 2007). Methods to detect lodging and estimate its
severity can be incorporated into agricultural management practices to
reduce losses, boost productivity and make more efficient use of re-
sources.

A standard, quantitative measure of the severity of crop lodging is
the lodging score (LS) or lodging index (Piñera-Chavez et al., 2016). LS
has two components: the angle of displacement or crop angle of in-
clination (CAI) from the vertical and the lodged area (LA) (Fischer and
Stapper, 1987; Oplinger and Wiersma, 1984). In-season assessment of
LS can indicate plant health status, lodging severity, improve estima-
tions of yield loss, facilitate targeted and early harvesting operations

(Oplinger et al., 1967; Wu and Ma, 2019). The conventional methods to
evaluate LS rely on visual ratings on a scale of 0–1, 1–9 or 0–100 where
1, 9 or 100 refer to instances when crop in the entire plot is lying
horizontally on the ground. Such evaluations are (i) sparse and may not
cover all lodged areas, (ii) biased and subjective since they depend on
the skill or self-consistency of the observer and the complexity of the
lodging event, and (iii) time consuming and expensive to implement
(Bock et al., 2010). As with many ground-based observation methods,
such assessments cannot provide consistent and comparable estimates
of lodging severity over wide areas from season to season.

Alternatively, remote sensing provides a timely, synoptic and reli-
able way of obtaining crop lodging information across large and diverse
areas. Remote sensing has been used for crop lodging assessments, al-
beit with a focus on detecting lodging in individual fields rather than at
regional scales (Chauhan et al., 2019). The earliest work dates back to
1980s to identify lodging in winter wheat using microcomputer-assisted
video image analysis (Gerten and Wiese, 1987). Subsequent work that
focused on lodging assessment using optical data provided examples of
where lodging could be detected, and where the variability in inter/
intra-field lodging could be captured by airborne or satellite-based in-
formation (Shu et al., 2019; Vargas et al., 2019; Yang et al., 2020; Zhou
et al., 2020). For instance, Zhang et al. (2014) and Chapman et al.
(2014) showed that infrared and thermal images respectively could be
useful in identifying lodged patches. Combining spectral and textural
information as well as the crop height can enable estimation of LA and
improve the classification accuracy of lodging (Li et al., 2014; Yang
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et al., 2017;Chu et al., 2017; Wilke et al., 2019). Nevertheless, lack of
spatial/temporal continuity of optical data due to cloud cover can im-
pede its use for detecting crop lodging in time (Chauhan et al., 2020b).
The potential of synthetic aperture radar (SAR) data for lodging as-
sessment has been emphasised in the literature due to the all-weather
availability of data and unique sensitivity to plant structure (Chen et al.,
2016; Zhao et al., 2017).

Recently, more widespread access to images and advanced data
processing platforms have substantially reduced the cost of obtaining
and (pre-)processing images. For instance, georeferenced Sentinel-1/2
data is now available for free via the Copernicus Open Access Hub and
can be rapidly mosaicked and composited in the Sentinel Hub or
Google’s Earth Engine platform (Gorelick et al., 2017). Analysis of the
dense time series of backscattering coefficients and coherence metrics
from VV and VH polarised Sentinel-1 data (hereafter referred as S-1
data) has shown that VH backscatter can be useful in detecting lodging
incidence in wheat (Chauhan et al., 2020b). At the same time, a study
by Han et al. (2017) utilised height information derived from S-1 data
to build a quantitative lodging classification model. More recently, Shu
et al. (2019) used S-1 data to develop a method based on the change in
crop height before and after lodging to estimate lodging angle and
monitor the lodging severity. However, the use of height variation is
not a reliable diagnostic of lodging without additional information as it
is sensitive to the crop variety and growth stage (Chauhan et al.,
2020a). On the other hand, the metrics retrieved from commercial
RADARSAT-2 (hereafter referred as R-2 data) fully polarimetric data -
such as HV backscatter and the ratios of the span, double-bounce
scattering and single-bounce scattering - have also shown promising
results for lodging detection in wheat (Yang et al., 2015; Zhao et al.,
2017).

LS-based discrimination between healthy and different lodging se-
verity classes (such as moderate, severe and very severe) from remote
sensing has still not become widespread due to a combination of factors
including (i) unavailability of high spatio-temporal resolution data at
low cost; (ii) absence of a standard scale to represent lodging which
hinders accuracy assessment; (iii) a lack of consensus on the most ap-
propriate way to produce and validate lodging maps; (iv) a lack of
statistics/data related to lodging (unlike crop yield) on local/regional/
global scales; and (v) the daunting task of collecting field data related to
lodging, due to its heterogeneous distribution. Among the few limited
studies, our previous research investigated the utility of remote sensing
for detecting lodging stages in wheat based on CAI (Chauhan et al.,
2020a). However, CAI alone is not a representative and quantitative
measure of crop lodging. LS, which combines CAI and LA, provides a
more comprehensive assessment of lodging-related damage. Our review

(Chauhan et al., 2019) shows there is no prior published research that
demonstrates the potential of remote sensing-based information for
classifying crop lodging severity based on lodging score. This study
aims to fill this gap by developing a new approach for lodging severity
classification and building on the positive outcomes of our previous
research on CAI estimation via non-parametric regressive analysis of
SAR metrics (Chauhan et al., 2020a).

Among several methods applied for discriminant analysis and image
classification, partial least squares discriminant analysis (PLS-DA) has
shown to be a promising tool when dealing with the complexities of
high dimensional datasets (Boulesteix and Strimmer, 2006). While the
use of PLS-DA has mainly been limited to regression-based analysis,
such as for predicting canopy biomass in wheat (Hansen and
Schjoerring, 2003) or estimating forest structural parameters (Wolter
et al., 2009), only a few have examined the utility of PLS for dis-
criminant analysis and classification purposes (Peerbhay et al., 2013).
PLS-DA is an adaptation of classical PLS regression methods to the
problem of supervised clustering and classification (Wold et al., 2001).
In terms of evaluating the performance of multi-class classifiers, Area
under the curve-Receiver Operating Characteristics (AUC-ROC) analysis
and confusion matrices are important metrics (Comber et al., 2012; Dou
et al., 2015; Narkhede, 2018). AUC-ROC is a powerful tool to evaluate
classifiers over all the possible thresholds. It is particularly useful for
problems with skewed class distribution and differing classification
errors costs (Fawcett, 2006). When used in conjunction with the con-
fusion matrix, ROC can enable selection of an optimal threshold for the
latter (Alatorre et al., 2011).

In this context, we present an approach that integrates CAI and LA
as a way to assess and classify crop lodging severity. We evaluate the
performance of multi-incidence angle R-2 and S-1 data for classifying
non-lodged/healthy (He) wheat and wheat with different degrees of
lodging severity (moderately lodged (ML), severely lodged (SL) and
very severely lodged (VSL)) using partial least squares discriminant
analysis (PLS-DA).

2. Materials and methods

2.1. Study area and in situ measurements

We carried out field measurements in Bonifiche Ferraresi farm
(Fig. 1) located in Jolanda di Savoia (centre coordinates 44°52′59″N,
11°58′48″E) a commune in the province of Ferrara, Northern Italy. This
region has a warm and temperate climate with an annual mean tem-
perature of 13.6 °C and annual precipitation of 691 mm. The soils
mostly have clayey and silty texture. The farm has a total agricultural

Fig.1. The location of the study area and sampled plots overlaid on the Van Zyl decomposed RADARSAT-2 composite acquired on 31 May 2018. “RADARSAT-2 Data
and Products. MacDonald, Dettwiler and Associates Ltd. (2018) – All Rights Reserved. RADARSAT is an official trademark of the Canadian Space Agency.”
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surface of 3850 ha with a diverse cropping pattern. The major crops
grown in the farm are durum wheat, soft wheat, barley, rice, corn,
soybean, and other horticulture and medicinal plants are also produced.
Winter wheat experiences severe lodging in this region, with higher
lodging risk (in the spring) when the crop is in flowering stage.

We collected ground truth data from durum wheat and soft wheat
cultivars that were sown during October-November 2017 in 26 fields
covering approximately 600 ha. We implemented a stratified random
sampling procedure using six information strata (elevation, sowing
date, crop variety, soil type, seed density and soil pH) and identified 76
sample plots (60 × 60 m). The spatial distribution of these plots is
shown in Fig. 1. We inspected the plots frequently from March 2018
onwards to record the first instance of lodging. The first instances of
lodging were observed close to the flowering stage (around 1st May,
amidst the 2nd round of sampling). Therefore, we considered the ob-
servation period from May 1 onwards until June 30, 2018, when the
crop was harvested. A total of 118 samples were collected during this
period (from 59 plots) which spanned three growth stages - flowering,
milking and ripening. The field and satellite image data were collected
synchronously between May 1-June 30, 2018.

We calculated a normalised lodging score index (LS, [0–1]) per plot
based on CAI (θ, [0-90°]) and LA (%, [0–100%]) (see Eq. (2), modified
after Fischer and Stapper (1987), Stapper et al. (2007) and Chauhan
et al. (2020b)). We measured and calculated the CAI (degrees) from the
vertical using a plumb bob, measuring tape and some trigonometric
calculations. We used a plumb bob for accurate measurement of the
vertical height (hv in cm) by suspending it on a string from the top of the
plant head such that the tip of the bob touched the ground (Fig. 2a). For
lodged plants, we utilised a measuring tape to measure the slant height
(hsl). We then devised an equation (Eq. (1)) to calculate CAI. We as-
sessed the LA (0–100%) using a quadrant method. From the plot centre,
we visually assessed the LA in four quadrants (Fig. 2c) and averaged the
readings.

=degree h
h

( ) 90 sin (Chauhan et al. , 2020)v

sl

0 1
(1)

=LS LA CAI%
100 90

(modified after Fischer and Stapper (1987))o

(2)

The plots with LS = 0.0 were categorised as healthy (He, n = 51)
while the lodged (L) plots (LS > 0.0) were divided into three lodging
severity classes: moderately lodged (ML) (0.0 < LS ≤ 0.30, n = 12),
severely lodged (SL) (0.31 < LS ≤ 0.60, n = 25) and very severely
lodged (VSL) (0.61 < LS ≤ 1.0, n = 30) to capture the heterogeneity

of LS. The determination of lodging has been partly derived and mod-
ified after the works of Caldicott and Nuttall (1979), Chauhan et al.
(2020), Fischer and Stapper (1987) and Nottingham and User (1998).
In He plots, we chose three subplots of 2 × 2 m to carry out the crop
biophysical measurements. In L plots, we increased the number of
subplots to 4–8 (depending on the LA within the plot) to capture the
heterogeneity caused by lodging and then averaged the readings. The
summary statistics of these parameters are presented in Table 1. A
scenario is depicted in Fig. 2b, c, illustrating the distribution of He and
L subplots in real field conditions.

Furthermore, to investigate lodging in relation to crop condition, we
measured several biophysical/biochemical parameters (such as crop
height, biomass). The meteorological data (daily cumulative pre-
cipitation (mm) and average daily wind speed 10 m from the ground)
were recorded through a local automatic weather station at the farm.
For biomass measurements, we destructively sampled the plants in
0.2 × 0.2 m area in each subplot and used a high-precision digital scale
to measure the weight. We then placed the samples in a zip-locked
plastic bag and transported to the laboratory where we dried them in an
oven at 60 °C for 72 h and then weighed the dry mass. We calculated
the fresh and dry biomass (t/ha) using the fresh and dry weights di-
vided by the surface area. The crop height was measured using an inch
tape. The summary statistics of these parameters are presented in
Table 1 for He and L samples. Additionally, we used a standard BBCH
(Biologische Bundesanstalt, Bundessortenamt und Chemische Industrie)
phenological scale for wheat to identify crop growth stages.

2.2. Remote sensing data

We acquired a set of five R-2 and eleven S-1 A/B images over the
study area (Fig. 3). We selected the S-1 and R-2 images that were
synchronous to the dates of the ground truth data acquisition. We
procured single look complex (SLC) R-2 data in fine-quad pol (FQ)
beam mode from the Canadian Space Agency through the SOAR (Sci-
ence and Operational Applications Research for RADARSAT-2) pro-
gram. We selected two-beam modes: low/steep incidence angle FQ8 or
R-2 FQ8 (resampled to 10 m spatial resolution with ~27° incidence
angle, 25 × 25 km swath, ascending mode) and medium/shallow in-
cidence angle FQ21 or R-2 FQ21 (resampled to 7 m spatial resolution,
~41° incidence angle, 25 × 25 km swath, descending mode). Also, we
obtained S-1A/B images in the Interferometric Wide (IW) swath mode
with dual polarisation (VV and VH) from the Copernicus Open Access
Hub. In this study, we used both SLC as well as ground range detected
(GRD) images (resampled to 15 m spatial resolution with ~40° in-
cidence angle, 250 × 250 km swath and ascending mode) for

Fig. 2. (a) Measurement of CAI (Chauhan et al., 2020a) (θ) (b) Depiction of healthy (He) and lodged (L) subplots and plot centres in real field conditions. (c) The plot
is divided into four quadrants Q1 to Q4-the lodged area in each quadrant is represented as LA1 to LA4; He1, He2 are the healthy subplots and L1,…L4 are the lodged
subplots.
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polarimetric as well as backscatter intensity analysis, respectively.
Fig. 3 gives an overview of the acquisition dates of S-1, R-2 FQ8 and R-2
FQ21 images which were associated with 118, 57 and 61 field samples,
respectively.

2.3. Remote sensing data pre-processing

2.3.1. RADARSAT-2
We performed the backscatter processing of R-2 data in SARscape

5.5 and extracted the polarimetric parameters using SNAP 6.0. After
applying the orbit file correction, we obtained the normalised back-
scattering coefficient (in dB) using the approach outlined in Nelson
et al. (2014). In order to extract the polarimetric parameters, we first
performed radiometric calibration on the subset images so that the pixel
values could be directly related to the target radar backscatter. We then
extracted the polarimetric parameters such as span (Lee and Pottier,
2009), pedestal height (PH) (Lee and Pottier, 2009), radar vegetation
index (RVI) (Kim and van Zyl, 2009), radar forest degradation index
(RFDI) (Mitchard et al., 2012), canopy scattering index (CSI) (Pope
et al., 1994), biomass index (Pope et al., 1994), and volume scattering
index (VSI) (Pope et al., 1994) and geocoded the co-registered datasets
using a high resolution (10 m) DEM (Tarquini et al., 2007).

For polarimetric decomposition, we first applied a Refined Lee po-
larimetric speckle filter with a 5 × 5 window size to reduce speckle in
the images while preserving the complex information. With several
polarimetric decomposition methods, we decomposed the scattering
matrix into different components that could be physically interpreted.
We used Sinclair decomposition (Krogager et al., 1997), which re-
presents the symmetric scattering matrix in the form of a three-element
target vector where the elements are associated with the HH, HV and
VV polarimetric channels. We used the Pauli decomposition (Cloude
and Pottier, 1996), which denotes the vector representation of linear
combinations of the elements of the scattering matrix. We used an ei-
genvector-eigenvalue based-H/α/A decomposition proposed by Cloude
and Pottier (1997) to calculate H (entropy), α (alpha angle) and A
(anisotropy) parameters. The H represents the heterogeneity of the
scattering, ranging from 0 (for dominant scatterers, e.g. corner

reflectors) to 1 (a random mix of scattering mechanisms, e.g. in vege-
tation canopy). The α indicates the type of scattering, ranging from the
surface (α ~ 0°), to random volume/dipole scattering through aniso-
tropic particles (e.g. tree crowns, α ~ 45°), moving into double-bounce
scattering mechanisms (e.g. urban areas, α up to 90°). The A enables
further understanding of the secondary backscattering mechanisms
occurring in the resolution cell (or a pixel). Finally, we also used model-
based decomposition methods such as Freeman-Durden (Freeman and
Durden, 1998), Yamaguchi (Yamaguchi et al., 2005), Cloude (Cloude
and Pottier, 1996), Touzi (Touzi, 2007) and Van Zyl (Van Zyl et al.,
2011), which decompose the scattering matrix into different scattering
mechanisms (e.g., surface, double-bounce or volume). The decomposed
images were co-registered and geocoded with the high-resolution DEM.
Thus, a total of 36 metrics were generated from each beam mode.

2.3.2. Sentinel-1
We extracted the normalised VH ( VH

o ), VV () and VH/VV ( VH VV
o

/ )
backscattering coefficients/ratios (in dB) from the GRD S-1 datasets in
SARscape 5.5 using the approach outlined by Nelson et al. (2014). The
metrics were extracted for each sample plot by averaging the pixel
values in a 3 × 3 window. For polarimetric decomposition, we first
applied the orbit file correction on the SLC S-1 images in SNAP 6.0. We
then used the TOPSAR Split operator to extract the sub-swath with our
area of interest. We then radiometrically calibrated the output product
and deburst it to produce a continuous image in terms of azimuth time.
The deburst operation is required to remove the black-fill demarcation
lines as well as the redundant lines between the bursts. We then applied
a Refined Lee speckle filter with a 5 × 5 window and performed H/α/A
polarimetric decomposition to extract H, α and A parameters for all the
sample plots. Similar to R-2 data, the decomposed products were then
co-registered and geocoded. Thus, a total of six metrics ( VH

o , VV
o ,

VH VV
o

/ , H, α and A) were generated from S-1 images.

2.4. Statistical analysis

2.4.1. Partial least squares discriminant analysis (PLS-DA)
As a part of our data exploration, we first calculated the Pearson

Table 1
Summary statistics of the biophysical/biochemical parameters in healthy (He, n = 51) and lodged samples (L, n = 67) throughout the flowering to ripening growth
stages. COV is the coefficient of variation.

Parameter Mean Min. Max. Std. Dev. COV

He L He L He L He L He L

CAI (deg) 4.84 50.79 3.00 9.36 5.00 79.50 0.53 18.76 0.11 0.37
Lodged area (%) 0.00 87.71 0.00 20.00 0.00 100.00 0.00 18.26 0.00 0.21
Lodging score 0.00 0.52 0.00 0.02 0.00 0.88 0.00 0.23 0.00 0.45
Fresh biomass (t/ha) 4.42 4.98 2.10 1.23 8.01 12.85 1.45 2.21 0.33 0.45
Dry biomass (t/ha) 1.26 2.07 0.49 0.26 2.10 5.30 0.39 0.84 0.31 0.41
Crop height (cm) 85.68 48.74 70.00 18.00 101.75 93.53 8.66 18.77 0.10 0.38

Fig. 3. Acquisition dates of RADARSAT-2 FQ8, RADARSAT-2 FQ21 and Sentinel-1 data covering the study site during the 2018 wheat growing season.
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correlation coefficient (r), and p-values between each image-based
metric and our field measured LS to understand the relationship be-
tween them. This analysis was done to enable the interpretation of the
final results. We then carried out a partial least squares discriminant
analysis (PLS-DA) for discriminating He from other LS-derived lodging
severity classes. All these steps were performed in MATLAB 2018b. The
methodological flowchart of the study is presented in Fig. 4.

In an application where the response variable (Y) is related to the
predictor variables (X), PLS regression aims to provide dimensionality
reduction while dealing with multi-collinearity (Abdullah et al., 2018).
The response variable is categorical and expresses the class membership
(Galtier et al., 2011) by transforming the categorically dependent
variable into a binary dummy variable “0” and “1”. In our case, the
categorical variable, i.e. lodging severity had four levels/classes (He,
ML, SL, VSL) and therefore, four dummy variables were required to
represent those classes. PLS-DA aims to sharpen the separation between
groups of observations by rotating Principal Component Analysis (PCA)
components to obtain maximum class separation and to understand
which variables separate the classes in the best way. The model is de-
veloped in a way that the chosen latent variables retain the most in-
formation from the predictor and response variables.

In this study, we developed three classification models (for R-2 FQ8,
R-2 FQ21, S-1,) for discriminating He from other LS-derived lodging
severity classes using PLS-DA algorithm. The principal components
were used as new predictors and regressed on lodging severity classes to
determine the optimum separation between the lodging classes. With
the increase in the number of predictor variables/components, the
predictive capacity of PLS-DA model increases, as many variables tend
to contain more information than a few (Whelehan et al., 2006).
However, in general, due to the presence of many correlated variables
in a PLS model, it is essential to identify the optimal number of com-
ponents to minimise the risk of overfitting (Wold et al., 2001). We
optimised the parameters of all the three classification models using 10-
fold venetian blinds cross-validation (Wolter et al., 2008). The opti-
misation involved adding each component progressively to the model

until the further addition did not reduce the CV error rate. Since PLS is
known to deal with multicollinearity (Serrano-Cinca and GutiéRrez-
Nieto, 2013), we fed all the metrics as inputs to the respective models.
We performed the modelling using partial least square (PLS) toolbox
v8.7 from Eigenvector Research, Inc., with the Multivariate Image
Analysis (MIA) toolbox v3.0 add-on (in MATLAB 2018b) (Wise et al.,
2006).

2.4.2. Accuracy assessment
For the accuracy assessment of the PLS-DA classification results, we

used two methods: AUC-ROC analysis and a cross-validated confusion
matrix. For validation, we used a Venetian blinds cross-validation
procedure (Wolter et al., 2008) with 10 data splits as this method is
useful in preserving the class proportion in each cross-validation group
and guarantees that both training and validation sets span across the
entire data range (Allison et al., 2009). This involved dividing the da-
tasets randomly into ten subgroups, each with approximately 10% of
the samples from each class. We trained the model with 90% of the
reference data and applied it to the remaining 10% (i.e. validation set).
After ten repetitions, we aggregated the results.

ROC is a probability curve, while AUC is a measure of separability.
Higher the AUC, better the model at predicting class A as A and class B
as B. An AUC = 1 is an ideal diagnostic test since it results in 100%
specificity as well as 100% sensitivity (Estes et al., 2010). The AUC-ROC
quantitatively represents the trade-offs between omission (true positive
rate or sensitivity) and commission (false positive rate or 1-specificity)
error. The sensitivity indicates the absence of omission error and 1-
specificity represents commission error (Cantor et al., 1999). For all
possible thresholds, the ROC is produced by plotting the sensitivity on
the y-axis and 1-specificity on the x-axis (Swets, 1988). Each point on
the ROC curve denotes a pair of sensitivity/specificity that corresponds
to a specific decision threshold. AUC > 0.5 signify classifiers per-
forming better than chance. In this study, we created the estimated and
cross-validated ROC response curves for all the three datasets. The
confusion matrix allows for identification of confusion between the

Fig. 4. Methodological flowchart of the study. The inputs are in yellow, method/model in blue, and primary/intermediate outputs are in green. The dashed line
represents that the output is used for interpretation. (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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classes and the accuracy is measured in terms of overall accuracy (OA),
producer’s accuracy (PA), user’s accuracy (UA) and kappa coefficient
(K). We computed a cross-validated confusion matrix too to evaluate
the classification accuracy.

3. Results

3.1. Field observations

The first round of lodging occurred when the crop was at the be-
ginning of the flowering stage (around 1st May 2018), and lodging
subsequently became more severe as the crop approached maturity
(10th June onwards). During this period, CAI varied significantly from
a 3-5° in He plots to 5–79.5° in VSL plots with a COV of 0.11–0.37 (see
Table 1). LA also varied dramatically from 0% (He) to 100% (VSL) with
a COV of 0.0–0.21 (Table 1). LS varied from 0.00 to 0.88, with a
standard deviation of 0.23 and COV of 0.45.

3.2. Correlation analysis of the backscattering coefficients and polarimetric
parameters

We first calculated the Pearson correlation coefficients (r) between
each metric and LS to investigate the capability of remote sensing
metrics to classify lodging severity. This further enabled us to interpret
the results. The majority of the metrics obtained from R-2 data had a
significant correlation with LS (Fig. 5). In general, higher correlations
between LS and R-2 metrics were obtained at a low incidence angle (R-2
FQ8 mode) than those at a high incidence angle (R-2 FQ21 mode).
Among the backscattering coefficients, HV had the highest correlation
with LS (r = 0.77) while HH and VV were moderately correlated to LS
at low incidence angle (0.50 < r < 0.70) (Fig. 5a). On the contrary,
at a high incidence angle, HV had a moderate correlation with LS
(r = 0.67) while with HH and VV, the correlation was not significant
(Fig. 5b).

Among the polarimetric parameters, Span computed from low in-
cidence angle data resulted in a positive, moderate correlation

Fig. 5. Pearson correlation coefficients (r) between LS and metrics derived from (a) R-2 FQ8 (n = 57) in black and (b) R-2 FQ21 (n = 61) in blue. The p-values are
indicated on the end of the bars. The metrics with insignificant p-values are marked red. (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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(r = 0.54) with LS. At the same time, CSI had a negative, moderate
correlation at high incidence angle (r = −0.52) (Fig. 5). In both cases,
a negative, low correlation was obtained between RFDI values and LS
(r = −0.31 and −0.34 respectively). The parameters generated from
different decomposition methods had contrasting r values at low and
high incidence angle (Fig. 5). At low incidence angle, the volume
scattering components (such as FD_vol, Yamaguchi_vol) were highly
correlated with LS (r ~ 0.75 in most cases) while at high incidence
angle, double and surface scattering mechanisms had higher correla-
tions (Fig. 5). The double bounce scattering components (such as
FD_dbl, Yamaguchi_dbl) were negatively correlated while the surface
scattering components (such as FD_surf, Yamaguchi_surf) had positive
correlations with LS (Fig. 5). On the other hand, in the case of S-1 data,
the backscattering coefficients were more significantly correlated with
LS (r = 0.65) than the polarimetric parameters (r < 0.36) (Fig. 6).

3.3. PLS discriminant analysis (PLS-DA) and accuracy assessment

PLS-DA was performed to discriminate He plots from those with
different lodging severities. Six metrics derived from Sentinel-1 data
were used as input to the model, while for the R-2 data, 36 metrics were
used as input. Fig. 7(a, c, e) shows a scatter plot of the classes grouped
according to the first two PLS components for R-2 FQ8 (incidence angle
27°), R-2 FQ21 (41°) and S-1 (40°) datasets, respectively. The ellipse
surrounds the observations that are within the 95% confidence interval.
The sensitivity (true positive rate) and 1-Specificity (false positive rate)
as functions of the varying thresholds associated with each class are
shown in Fig. 7(b, d, f) for different datasets. The graphs present both
estimated and cross-validated ROC curves over ten training and test
partitions at varying thresholds. If both the sensitivity and specificity at
the threshold of x is the highest, it indicates excellent discrimination
power at that threshold. Furthermore, the corresponding cross-vali-
dated AUC (CV) are presented in Table 2. Generally, the AUCs in the
training and test data showed small differences, suggesting little over-
fitting in the LS classification.

Although distinct clusters were not evident for any class, the pre-
dictive capability of the models can be ranked roughly as fail
(0.5 < AUC ≤ 0.6), poor (0.6 < AUC ≤ 0.7), fair
(0.7 < AUC ≤ 0.8), good (0.8 < AUC ≤ 0.9) and excellent
(0.9 < AUC ≤ 1.0) (Swets, 1988). One can note that for the classifier
based on He and VSL observations, the predictive capability of the

models was “good” and “fair”, respectively in terms of AUC (CV)
(Table 2). It is apparent that most of the He and VSL samples are dis-
tinctly grouped for S-1, R-2 FQ8 and R-2 FQ21, with an AUC (CV) >
0.74. However, as seen in the scatter plots of Fig. 7, there was moderate
to extreme mixing among the other lodging severity classes (mainly ML
and SL) with the AUC (CV) ranging between 0.53 (fail) to 0.73 (fair),
except for the SL class modelled with R-2 FQ21 data (AUC
(CV) = 0.84).

The S-1 model classified the ML class with a poor AUC (CV) value
(0.64) while the SL class had the lowest separability (Fig. 7e). The
mixing among the lodging severities (more extreme in ML and SL) is
evident in Fig. 7e as well. The separability of the SL class enhanced by
25% (Table 2) with R-2 FQ8 model (with respect to the S-1 model)
while the AUC (CV) for the ML class was comparable to the S-1 model.
In contrast, the AUC (CV) values for ML and SL increased considerably
by 17% and 26% with the inputs from the R-2 FQ21 model (with re-
spect to the R-2 FQ8 model). The R-2 FQ21 model, however, performed
fairly in terms of distinguishing the VSL class from the other classes
(AUC(CV) = 0.75) in comparison to the other models (Fig. 7c, Table 2).

We further assessed the classification accuracy for all the models using
confusion/error matrices. The cross-validated data was used to construct
the standard confusion matrices for each dataset (Table 3). The data in
each cell of the matrix was converted into percentages by dividing the
number of pixels in each cell by the total number of pixels. The percentage
figures in the matrix allow a straightforward comparison between the
measurements derived from field reference data and the remote sensing-
based estimates. While it is apparent that some classes are more reliably
classified than others (indicated via PA and UA), the OA and K are used to
make quantitative comparisons of different models.

The first evaluation of the classifier results shows that the ability of
PLS-DA to distinguish between He and VSL accurately is consistent
across all the datasets. These results are in line with the ROC curves.
The S1-based model had the lowest OA of 60% with a K of 0.42, ranging
from PA of 22.2% for the SL class to 80.4% for the He class (Table 3).
We can note that the SL class had the lowest PA (22.2%) and UA
(35.3%). Using the R-2 FQ8 and R-2 FQ21 data, the OA increased by
20% and 10%, with K of 0.60 and 0.49, respectively (Table 3). The low
PA and UA of the ML class are consistent across all the datasets, re-
sulting in significant mixing with other classes.

The PLS-DA models were applied to two R-2 (R-2 FQ21: 31 May, R-2
FQ8: 13 June 2018) and two S-1 (31 May, 6 June 2018) images to map
the estimated lodging severity on those dates. The closest acquisition
dates between R-2 and S-1 were selected to facilitate comparison. The
non-wheat areas were masked out, and the four classified maps were
generated, as shown in Fig. 8. The four classes correspond to He, ML, SL
and VSL categories. The maps indicate that lodging was widespread in
the study site with more severely lodged patches in June when the crop
was approaching maturity, which agrees with the general trends ob-
served during fieldwork.

As illustrated in Fig. 8d, the FQ8 image from 13th June 2018 cap-
tured the spatial variability in lodging severity quite effectively. Fig. 8a
and 8c show the lodging severity mapped with S-1 and R-2 FQ21
models, respectively for 31st May 2018. Table 3 and the classified maps
reveal that with R-2 FQ21 data, variability in lodging severity is more
effectively captured (overall accuracy of 66%). In comparison, the S-1
model overestimated the healthy patches in some areas with an overall
accuracy of 60%.

4. Discussion

In this paper, we presented the first comparative study on lodging
severity classification based on lodging score using data from two
sensors (multi-incidence angle R-2 and S-1 data). As a part of our
preliminary data analysis, we studied the correlation between satellite
metrics and lodging score. We then used the input metrics generated
from different SAR configuration satellites in different PLS-DA models

Fig. 6. Pearson correlation coefficients (r) between LS and metrics derived from
S-1 (n = 118) in grey. The p-values are indicated on the end of the bars. The
metrics with insignificant p-values are marked red. (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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for classifying the lodging severity. The important findings are dis-
cussed below.

4.1. General characteristics of the backscattering coefficients and
polarimetric parameters

SAR backscattering coefficients are primarily a function of crop

structure (such as shape, size and orientation of scatterers in the plant),
the dielectric properties of crop canopy as well as underlying soil
moisture (particularly at initial growth stages when the vegetation is
scarce and more soil is exposed) (Chauhan et al., 2018; Forkuor et al.,
2014). The trends vary from crop to crop and change with crop con-
dition. In the study area, healthy wheat grew to its maximum biomass
(up to 8.01 t/ha) during May before it reached the milking stage. The

Fig. 7. Supervised clustering (left) and estimated and cross-validated AUC-ROC (right) of lodging severity classes using partial least squares discriminant analysis
(PLS-DA) with (a), (b) R-2 FQ8 data (n = 57), (c), (d) R-2 FQ21 data (n = 61), and (e), (f) S-1 data (n = 118). He represents healthy samples, ML is moderately
lodged, SL is severely lodged, and VSL corresponds to very severely lodged samples. In (a), (c) and (e) the scores of the first two principle components are plotted on
the x and y axis. The dashed circle represents the 95% confidence interval. In (b), (d) and (f) AUC-ROC graphs are on the left and the model threshold selection is
shown on the right for different severity classes.
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intensity of HV backscatter at this time was close to −6.4 dB (R-2 FQ8)
with an entropy of 0.94 (R-2 FQ8). It has been shown that the inter-
action of the incident waves with the top leaf layer in this scenario
produces more surface/single bounce and double bounce scattering due
to the dense canopy structure while random orientation results in vo-
lume scattering due to depolarisation (Jiao et al., 2014). By mid-June,
wheat reached the senescence stage, and the plants were dead and dry.
This implies that there are fewer vegetative components available for
attenuation. The HV backscatter dropped significantly to −12.7 dB (R-
2 FQ8) with an entropy of 0.37 (R-2 FQ8) as fresh biomass reduced.

We can make several insights on the sensitivity of multi-angular
data to crop lodging based on the Pearson correlation analysis of
backscattering coefficients and polarimetric parameters with LS. The
strong correlation (> 0.74) of volume scattering components (e.g., HV,
Yama_vol, VZ_vol, FD_vol, Pauli_T22, VSI, entropy) to LS for low in-
cidence angle R-2 FQ8 data indicates that an increase in lodging se-
verity (or LS) leads to an increase in the amount of multiple scattering
which causes the signal to depolarise, thus increasing the volume
scattering (Fig. 5). On the other hand, a moderate negative correlation
of double (e.g., Yama_dbl, VZ, dbl, Cloud_dbl) and positive correlation
of surface scattering components (e.g., Sinclair_1, Cloud_surf,
Pauli_T33) were evident for high incidence angle R-FQ21 (Fig. 5). This
suggests that destruction of the vertical structure of the canopy after
lodging results in a decrease in the double bounce scattering of the soil
surface and vertical stems.

As expected, CSI (ratio of VV and VV+ HH) which is an indicator of
the relative importance of vertical versus horizontal vegetation struc-
ture (Pope et al., 1994), had a negative correlation with LS (r =−0.52)

for R-2 FQ21 data (Fig. 5). Since HH favours double-bounce scattering
(Pope et al., 1992), this implies that crop structures dominated by
vertical stems (with low double bounce) will lead to higher CSI values.
The BMI parameter, which is known to respond to changes in crop
biomass, had a moderate correlation with LS for R-2 FQ8 (r = 0.48) and
R-2 FQ21 (r = 0.33) data (Fig. 5). Field observations showed that the
average fresh biomass of He wheat (LS = 0) during the period was
4.42 t/ha, while for L wheat, the average fresh biomass was close to
4.98 t/ha (Table 1). The moderate correlation can be explained by the
small change in the average fresh biomass of L wheat. Pedestal height
(PH) which is characteristic of volume scattering and is directly pro-
portional to vegetation density (Evans et al., 1988; McNairn et al.,
2002), had a moderate correlation with LS (r = 0.45) (Fig. 5). At the
time of lodging, the vegetation density increases due to an increase in
the LA (Sher et al., 2018). The RFDI index (ratio of HH-HV and
HH + HV), on the other hand, decreased with the increase in LS for
both R-2 FQ8 (r = −0.31) and R-2 FQ21 (r = −0.34) data (Fig. 5).
RFDI assesses the strength of double bounce scattering and decreases
with increasing lodging severity since the HH term (in RFDI index) is
sensitive to both volume and double bounce (Mitchard et al., 2012)
while HV is sensitive to volume scattering.

4.2. Performance of PLS-DA models for lodging severity classification

The results of this study demonstrate that the classification of lod-
ging severity (based on LS) using SAR remote sensing data is feasible.
The models developed using PLS-DA were applied to two R-2 images
with different incidence angles and two S-1 images. Each dataset has
varying spatial resolution and different number of polarimetric chan-
nels.

The reasonable performance of the PLS-DA algorithm is demon-
strated by the class-specific accuracies (Table 3). The models classified
the He and VSL classes with high PA and UA while there was some
degree of mixing in the ML and SL classes (higher in case of S1 data).
The high accuracy of the He and VSL classification can be attributed to
the wide separation in the range of the LS values for both classes (0.0
and 0.61–1.0), which correspond to distinct crop structural attributes
(e.g. CAI, crop height, etc.) (data not shown) which reduces the

Fig. 7. (continued)

Table 2
Cross-validated area under the curve (AUC-CV) statistics for four lodging se-
verity classes using S-1, R-2 FQ8 and R-2 FQ21 datasets.

Data He ML SL VSL

S-1 0.85 0.64 0.53 0.84
R-2 FQ8 0.86 0.62 0.66 0.84
R-2 FQ21 0.85 0.73 0.84 0.75
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Table 3
Cross-validated confusion matrix, comparing reference and remote sensing-based lodging severity classes using
S-1 (H: n=51, ML: n= 12, SL: n= 25, VSL: n=30), R-2 FQ8 (H: n=22, ML: n= 5, SL: n=14, VSL: n= 16)
and R-2 FQ21 (H: n = 29, ML: n = 7, SL: n = 11, VSL: n = 14) datasets. Figures are in percentages.
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probability of erroneous placements of validation pixels to any other
class. However, in the case of ML, our field records show that at least
50% of the healthy crop in ML plots had turned yellow with very low
water content while the lodged patches suffered from a phenological
delay. This might have attributed to the confusion between ML and
other classes. This observation is in particular coherent with the com-
mission error that occurs mainly in the SL class. Considering the level of
detail (different lodging severities) and complexity (random and het-
erogenous lodging distribution) in the lodged crop canopy, the achieved
accuracies assured by rigorous cross-validation of PLS-DA models are
very promising. AUC-ROC and confusion matrices contributed differ-
ently to the accuracy assessment of the classification models. Since the
class distribution was skewed in this study, the ROC curve proved to be
a richer measure of the classification performance. We suggest that the
AUC values can be considered as a measure to indicate the discrimin-
ability between different class pairs while the overall accuracy derived
from the confusion matrices can be used to evaluate the overall per-
formance of the models.

Overall, the use of low incidence angle R-2 FQ8 data outperformed
high incidence angle R-2 FQ21 and S-1 data for classifying lodging
severity. This ranking of performance can be explained as follows.
Microwave scattering from a crop canopy is dependent on SAR wave-
length, polarisation and incidence angle (Soria-Ruiz et al., 2009). Be-
sides, the spatial resolution, radiometric quality and date or time when
the data is acquired also affect the backscatter signal (Bovenga et al.,
2018). This can result in the contribution of different and/but com-
plementary information. Although both S-1 and R-2 (FQ8/FQ21) sen-
sors operate at C-band, differences in other characteristics such as po-
larisation (dual and quad-pol), incidence angle (40° and 27°/41°),
radiometric accuracy (1 dB and<1 dB) and spatial resolution
(15 × 15 m and 10 × 10 m/7 × 7 m) resulted in better performance of
R-2 data. The higher accuracy of R-2 FQ8 model contrary to that of R-2
FQ21 indicates that the incidence angle has higher impact on lodging
detection that spatial resolution of the radar image.

In this study, we tested a new approach to map lodging severity
with both commercial and freely available satellite imagery. S-1 data

shows potential for crop lodging monitoring at the global, national and
regional scales. The unprecedented availability of dense time-series of
SAR data with a high spatial resolution with no acquisition costs pre-
sents a new opportunity for operational assessment of lodging severity
in almost real-time. This potential has not been fully explored to date. A
key question is the degree to which the high temporal observation
density of S-1 dual-polarised SAR data can compensate for the lower
sensitivity to detect lodging severity when compared to quad-polari-
metric R-2 SAR data. Our results show that relatively small but abun-
dant changes in crop lodging condition, such as changes in moderately
or severely lodged areas, could not be detected by S-1 as efficiently as
R-2 FQ8 data. The R-2 FQ8 data (with higher spatial resolution, higher
range of incidence angles and a higher degree of polarimetric in-
formation) quantified and mapped these changes at a fine spatial re-
solution.

Furthermore, the classified maps (Fig. 8) can serve as a valuable
baseline for evaluating the utility of SAR data for mapping lodging
severity in wheat. The identification of lodging severities within agri-
cultural fields can be used by the farmers or insurance adjusters to
support insurance claims, can contribute to in-field navigation routes to
minimise harvesting losses and deliver accurate crop lodging in-
ventories with consistency and reliability. Studies also show that an
accurate assessment of LS can enable prediction of lodging-induced
yield losses (Xiao et al., 2015). If the number of days the crop has been
lodged is known, LS can be multiplied with this number to get the
lodging duration. Yield is estimated to reduce by 1% for every two days
of lodging duration in the milking stage (Stapper et al., 2007).

Future efforts can be aimed at improving the overall accuracy of
classifying lodging severity based on LS with the following points in
mind. We believe that the simplicity of our approach (quadrant
method) for measuring the crop LA visually in the field could have been
a potential cause of error due to factors such as omission and mis-
statement. A more robust and objective methodology might be needed
to get better estimates of the lodged area in the plot size as big as
60 × 60 m. Secondly, the backscatter recorded by a radar system
contains information about dielectric properties and geometrical
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structure of the crop, which makes it challenging to interpret SAR
images (Xu et al., 2012). Moreover, being a coherent measuring system,
the signal received by the radar system is affected by high coherent
noise (speckle), which degrades image quality, reducing the classifica-
tion accuracy (Gallego et al., 2008; Wang et al., 2015). The substantial
spatial heterogeneity caused by the random distribution of lodged
patches further aggravates the problem as there are chances of the noise
being misinterpreted as crop lodging. It is also possible that the speckle
filtering operations might result in loss of information related to spatial
heterogeneities caused by lodging.

Model accuracy could be further improved by combining SAR and
optical observations in a multi-sensor approach, to account for risks
associated with adverse atmospheric conditions and ensure continuity
of data acquisition (Kussul et al., 2013; McNairn et al., 2009). For in-
stance, McNairn et al. (2009) integrated SAR and optical data in a de-
cision tree (DT), neural network (NN) and supervised Gaussian Max-
imum-Likelihood Classifier (MLC) for crop classification. The study
showed that the overall accuracies increased with MLC for SAR-optical
classifications, especially when limited optical images are available.
The almost daily availability of data from future missions such as Ca-
pella, ICEYE and RADARSAT Constellation Mission (RCM) SAR data
and high temporal resolution of EnMap and PRISMA (in combination
with all available sets of Sentinel-1 and Sentinel-2 images) will help to
overcome the problem of the image gap.

While there have been a few studies that have utilised surface re-
flectance from airborne optical sensors to produce crop lodged area
estimates (Sun et al., 2019), there is no research on the use of SAR data
for the same. For instance, a study by Liu et al. (2018) has shown that
incorporation of structure, texture and thermal information from time-
series optical data can result in higher accuracy of crop lodged area
estimation with R2 values greater than 0.90. In another study, Wilke
et al. (2019) reported the R2 of 0.96 (RMSE = 7.66%) while estimating
crop lodged area based on RGB images with a slight overestimation of
2%. The authors used differentiated canopy height variations to de-
termine thresholds to detect lodged areas. Unfortunately, these esti-
mates are available for only very fine spatial resolution data (in the
order of a few centimetres) and limited surface area (1–2 ha) as ac-
quired from aerial platforms such as UAVs. Data from the Earth ob-
servation satellites can play an important role in delivering this in-
formation over large geographic areas at relatively low cost. There are
no studies employing data (optical and SAR) from satellite-based plat-
forms for quantitative estimation of crop lodged area. However, there is
no shortage of research on large scale crop area estimates mainly based
on the spectral theory of green plants from coarse resolution MODIS
data (Potgieter et al., 2013) to high-resolution Landsat-5/TM and Ra-
pidEye data (Gallego et al., 2014), which can be used as a reference for
building algorithms for retrieving lodged area estimates.

In our study, the temporal offset between the satellite images and

Fig. 8. Lodging severity maps generated from (a) S1 data acquired on 31st May 2018, (b) S-1 data acquired on 6th June 2018, (c) R-2 FQ8 data acquired on 31st May
2018, and (d) R-2 FQ21 data acquired on 13th June 2018 using PLS-DA models. He represents healthy samples, ML is moderately lodged, SL is severely lodged, and
VSL corresponds to very severely lodged samples. “RADARSAT-2 Data and Products. MacDonald, Dettwiler and Associates Ltd. (2018) – All Rights Reserved.
RADARSAT is an official trademark of the Canadian Space Agency.”

S. Chauhan, et al. ISPRS Journal of Photogrammetry and Remote Sensing 164 (2020) 138–151

149



the ground reference data ranged from 0 to 4 days, and therefore, this
represents a potential error source. Another thing to note here is that
the S-1 and R-2 FQ8 images were acquired in the ascending pass
(evening time) while due to user conflicts and acquisition constraints,
R-2 FQ21 data was obtained in the descending pass (morning time).
Thus, while the effect of early morning dew on the backscatter was non-
existent in the former case, it might have been a potential source of
error in the latter case. Wood et al. (2002) suggest that the presence of
dew can cause an absolute increase in the backscatter, but the relative
differences remain similar due to a high correlation between the
backscatter of ascending and descending orbits.

Overall, our work opens up a new avenue for research to explore the
use of remote sensing-based information for crop lodging. This has the
potential for tactical and strategic applications to help manage and
mitigate crop lodging, which is a major yield-reducing factor in cereal
crops cultivation.

5. Conclusions

Existing information on lodging severity is scarce, which limits ac-
tions to address this important yield-limiting factor. Satellite-based
remote sensing data allows monitoring of the status and variation in
crop condition during the growing season. In particular, microwave
data can capture information related to structural and dielectric plant
properties. The assessment of crop lodging is nevertheless challenging
due to the unavailability of frequent microwave data at high spatial
resolution. To the best of our knowledge, this study represents the first
attempt to compare the performance of high-resolution satellite data
acquired from different sensors to assess lodging severity using a
quantitative crop lodging score.

We presented a discriminant analysis approach that integrated a
partial least squares method (PLS-DA) and metrics derived from sa-
tellite data to distinguish between different lodging severities (He, ML,
SL and VSL). We assessed the accuracy of the cross-validated models for
each dataset using AUC-ROC and confusion matrices and applied them
to classify and map lodging severity.

Our results show that at low incidence angle (R-2 FQ8), volume
scattering components had a higher correlation with LS (r ~ 0.75 in
most cases) while double bounce and surface scattering were more
prominent at high incidence angle (R-2 FQ21). The polarimetric para-
meters such as CSI, BMI, PH and RFDI had a moderate correlation with
LS. Among the applied models, the R-2 FQ8 (incidence angle 27°) model
discriminated different class pairs with the highest AUC and resulted in
the highest OA and Kappa (72% and 0.60, respectively) values. The
performance of S-1 (incidence angle 40°) and R-2 FQ21 (incidence
angle 41°) were comparable with OAs of 60% and 66% respectively.
High PA and UA for He and VSL classes were consistent across the three
datasets while there was considerable mixing between the ML and SL
classes. These results are important in the context of operational crop
lodging assessment in particular, and sustainable agriculture in general.
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