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Abstract

Vegetation indices are used in precision agriculture to estimate crop aboveground biomass
(AGB) and, in turn, to quantify crop needs. However, crop species and development stage
affect vegetation indices limiting the setup of generalized models for AGB estimation.
Some approaches to overcome this issue have combined vegetation indices and structural
crop properties such as crop height. However, only a few studies have considered different
herbaceous crops like forages and cover crops. A 2-year field experiment was carried out
on five winter cover crops with different habits at a high cover fraction (on average 93%) to
study if combining vegetation indices, crop height and the fraction of soil covered by the
crop could improve AGB estimation. Seven vegetation indices, crop height and cover frac-
tion were derived from UAV-multispectral images. Species-specific and global (including
all species) regression models were built and tested through cross-validation (CV). Green-
based indices were the best estimators of AGB (R¢y*=0.56-0.93, normalized root mean
square error in CV nRMSECV =26-38%) of the five species, separately. A global linear
model using crop height alone, provided good results (RCV2=0.57, nRMSECV =42%).
Also, stepwise multiple regression was used to get a global model with crop height and five
vegetation indices (RCV2=O.75, nRMSECV =31%). Finally, a model was proposed where
AGB was estimated by a vegetation index until plants covered 97% of soil or its height was
shorter than 125 mm and by crop height for vegetation taller than 125 mm. The promising
results (Rqy”=0.65, nRMSECV =36%) suggested the possibility of increasing AGB esti-
mation by considering both vegetation indices and structural crop properties.
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Introduction

Since its first applications, remote sensing of vegetation has been used to characterize the
type, amount and status of plants (Jackson & Huete, 1991). Such pieces of information
have their main use in crop production especially in precision agriculture, where quick
and spatialized detection of crop status is needed to guide site-specific crop management.
Agricultural applications mainly involve the use of optical sensors able to record the rela-
tive amount of electromagnetic energy that is reflected or transmitted by the vegetation.
This energy mainly gives information about leaf chlorophyll content (in the visible, red-
edge regions) and leaf structural properties (in the near-infrared, NIR), that are linked to
plant nutrient and water status, respectively (Corti et al., 2017). Spatialized reflectance data
must be recorded quickly and on-demand to be satisfactorily used in operational condi-
tions. Therefore, contactless multispectral sensors carried by tractors (such as CropCircle,
Yara-N-sensor, GreenSeeker) and imaging sensors (multispectral cameras) airborne (often
mounted on unmanned aerial vehicles, UAV) or satellite-mounted (Mufioz-Huerta et al.,
2013) are the most used.

Measured reflectance values in the visible and NIR bands are linearly or non-linearly
combined to calculate vegetation indices (Huete et al., 1997; Pinter et al., 2003). Since
their first applications, vegetation indices have been shown to be affected by different fac-
tors such as the sensor type, background, atmospheric conditions, sensor view and solar
angles (Jackson & Huete, 1991) but also by leaf color and canopy architecture (Pinter
et al., 2003) that depend on crop species, variety and development stage and biotic and
abiotic factors (Thenkabail et al., 2000). Different solutions were found to avoid negative
effects of sensor’s characteristics and external factors on the acquired spectra e.g., setup
of specific ambient conditions during spectra acquisition (Pauly, 2016; Rasmussen et al.,
2016), the use of reference panel for radiometric calibration (Pauly, 2016), background
noise removal (Noh et al., 2005), specific vegetation indices that mitigate background or
atmospheric interferences (Mutanga & Skidmore, 2004). However, regardless of the type
of vegetation index used and the crop species under study, both the saturation phenomenon
(i.e., vegetation indices reach their maximum values when the crop is still growing and
therefore, at high vegetation cover fraction, vegetation indices underestimate crop biomass)
and the effects of variety and development stage do not allow the development of empirical
regression models estimating crop biophysical properties based on vegetation indices that
are of general validity (Corti et al., 2018). They also could compromise other important
applications of vegetation indices such as algorithms to support decision-making in site-
specific crop management (Corti et al., 2020).

Some attempts to overcome saturation and specificity of vegetation indices were made
by proposing new vegetation indices (Haboudane et al., 2002), by combining vegetation
indices (Gu et al., 2013), or by proposing multivariate approaches that consider different
wavelengths (Bendig et al., 2015). At the same time, advances in remote sensing led to the
estimation of other variables more linked to crop structural properties such as crop height
(Jimenez-Berni et al., 2018) and canopy volume (Calou et al., 2019), thanks to the develop-
ment and the diffusion of new sensors such as LiDAR, multispectral imaging sensors for
photogrammetry mounted on UAV, 3d reconstruction and ultrasonic sonars. Specifically,
crop height is well known to be related to crop biomass within crop species (Madec et al.,
2017) and final yield (Bendig et al., 2015). Moreover, it varies with variations of crop nitro-
gen and water availability (Azimi et al., 2021; Madec et al., 2017). For these reasons, the
literature has focused on proving the ability of new sensors and on data analysis techniques
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to provide good estimates of crop height; various sensors and techniques have been pro-
posed and compared on different crops (Madec et al., 2017; Roth & Streit, 2018). Despite
the great importance of crop height in describing crop status, only a few studies have veri-
fied the opportunity of integrating it with vegetation indices in order to improve the predic-
tion of crop biomass (Sharma et al., 2016) using, specifically, plant height obtained from
digital cameras mounted on UAVs. These studies adopted different approaches like the
correction of vegetation indices by multiplication with crop height (Freeman et al., 2007)
and the use of multiple regression models (Bendig et al., 2015). However, published works
have focused on grain crops like cereals (Bendig et al., 2014; Freeman et al., 2007; Tilly
et al., 2015), while herbaceous crops, cultivated for their leaves and stems (forage and
cover crops), have rarely been the subject of these studies.

Therefore, the objective of this research was to verify if combining UAV-derived crop
height with various commonly used vegetation indices could improve the estimation of
aboveground biomass of herbaceous crop species having different plant habits, using data
from a 2-year experiment on five forage and cover crop species.

Materials and methods
Experimental field

The study was carried out in an experimental field of 1.6 ha located in Sant’Angelo Lodi-
giano (Lodi), Italy, at Cascina Santa Martina of Morando Bolognini Foundation (45° 13’
57.6" N, 9° 25" 36.7" E, altitude 73 m asl), during 2017 and 2018 growing season. The
field hosted an experiment on winter cover crops (Fig. 1) aimed at studying the effects of
crop species, date of sowing and maize post-harvest soil mineral nitrogen on aboveground
biomass production and nitrogen removal of cover crops and cover crops competition with
weeds. The experimental factors were crop species, date of sowing and post-harvest soil

Fig. 1 Experimental site in Lombardy and focus on the ortho-image of the experimental field captured by a
Sony a6000 camera in October 2017. Yellow dots represent the positions of the seven ground control points
(GCP)
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mineral nitrogen. Five cover crops species were compared: two grasses, Avena strigosa
Schreb. Saia variety (black oat, OAT) and Secale cereale L. Stanko variety (rye, RYE); two
legumes, Vicia villosa Roth Villana variety (hairy vetch, HVE) and Trifolium alexandri-
num L. Mario variety (Egyptian clover, CLO); and a cruciferous, Sinapis alba L. Architect
variety (white mustard, WMU). In addition, weeded and non-weeded control treatments
were included. Two sowing dates (6th and 22nd September of both 2017 and 2018) and
two application rates of nitrogen were tested: 0 kg N ha™'; and 50 kg N ha™! year™! as
calcium nitrate applied before sowing the cover crops. The experimental factors were com-
bined according to a complete factorial design with four replicates (blocks) arranged in a
hierarchical split-split plot design with sub-sub plots of 48 m? each (6x8 m). The field
experiment provided a large dataset (N=240, as a result of the factorial combination of 5
species X2 sowing dates X2 soil N x4 replicates X3 campaigns of crop samplings), char-
acterized by great variability in aboveground biomass generated by the combination of the
experimental factors and great variability of the five crop habits.

Figure 2 shows images with front and top views of the plots to give an example of the
different plant architectures and soil coverage of the tested cover crops.

The soil of the field was flat and with homogeneous properties and characterized by
45% sand, 41% silt and 14% clay, by the absence of skeleton, by sub-acid reaction (pH
H,0=6.0) and 1.5% organic matter. The climate of Sant’Angelo Lodigiano is character-
ized by annual average precipitation of 830 mm and an average temperature of 13.2° C.
During the year 2017, on 10th October, irrigation was done in order to prevent water stress
due to scarce precipitation in that period.

Aerial surveys

Aerial surveys of the field were made at three different dates in order to be able to moni-
tor the highest levels of cover crop growth: 30th October 2017, 20th November 2017 and
18th November 2018. A handmade coaxial octocopter, with a maximum takeoff mass of
12 kg and equipped with a GNSS (global navigation satellite system) NEOMS8N (ublox,
Thalwil, Switzerland) and a gimbal platform-mounted multispectral MicaSense Red-edge

(a)

Fig.2 Front a and top b views of the cover crops: black oat, OAT; rye, RYE; hairy vetch, HVE; Egyptian
clover, CLO; and white mustard, WMU
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camera (sensor resolution: 1.2 MP per band; MicaSense, Inc., Seattle, WA, USA) which is
a professional digital camera for agriculture applications. It acquires reflectance in a blue
band (475 +20 nm; a green band (560420 nm); a red band (668 + 10 nm); a red-edge band
(717 £10 nm); a near-infrared band (840440 nm). The images of a white reference panel
(Spectralon®) were acquired before and after each flight in order to perform radiometric
calibration of the images. Nadir images of the fields were collected at an altitude of 60 m,
at solar noon, with a clear sky. The solar elevation angles were low ranging from 24° for
the surveys made in November to 29° for the October 2017 survey, while solar Azimuth
varied between 192° and 194°, respectively. The flight plan guaranteed 85% of forward and
sideward overlap, needed for image processing.

Photogrammetry and image processing

Pix4Dmapper software (version 4.3.33; Pix4D SA, Lausanne, Switzerland) was used to
build the ortho-mosaics and the crop surface models (CSMs) of the experimental field.
The ortho-mosaics of the five bands recorded were built to calculate the maps of vegeta-
tion indices; the CSMs were built in order to estimate crop height. Specifically, CSM is a
raster file that represents the Earth’s surface including objects on it (i.e., crop plants) and
it was built with the following settings of Pix4Dmapper software: noise filtering and sur-
face smoothing were applied on the points cloud and the triangulation method was used
to produce the raster files. The outputs of the processed images consisted of five different
reflectance TIFF images (16bit grayscale per band) and one crop surface model (TIFF file)
for each field survey. Ortho-images and CSMs had a spatial resolution of 40 mm.

The GNSS position (precision 0.012 m) of seven artificial targets (ground control points
taken with the Topcon GRS-1 GNSS RTK Receiver; TopCon Corporation, Tokyo, Japan)
was used for geometric correction (Fig. 1). Finally, the software QGIS (version 3.10;
QGIS.org, 2020) was used to calculate UAV-based variables i.e., estimated crop height,
vegetation indices and vegetation cover fraction. These variables were extracted, for each
sampling date, by sampling in each ortho-image and CSM, from a 1 m? area (as polygonal
shapefile) positioned in the center of each plot.

Structural crop properties: estimation of UAV-derived crop height and vegetation
cover fraction

Crop height was estimated (Hest) from CSMs. Since the CSM measures the altitude of
Earth plus the crop on its surface, Hest was calculated as the difference between the alti-
tude of the crop (calculated as the 95° percentile of the altitude of each plot and bare soil).
The altitude of the bare soil was retrieved by sampling the CSM of chemically weeded
plots, used as reference of bare soil. Within each sampling campaign, a single reference
soil altitude was used for the whole field and was set to the mean of all bare soil plots
(n=16, corresponding to treatments without cover crops, uniformly spread on the experi-
mental field; Fig. 2). The altitude of bare soil was checked in every CSM and it showed
random differences (< 150 mm) indicating a flat field, characterized by the absence of a
soil slope across plots. Moreover, soil compaction in non-weeded control plots was the
same as that in crop plots because all agronomic operations potentially causing soil com-
paction (including seeding) were applied on cropped and control plots.

The vegetation cover fraction (FC) of the crops was calculated in every plot of each
ortho-image. A threshold was established on the red-edge band by using the function
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graythresh that implemented the Otsu algorithm (Otsu, 1975) in MATLAB software (ver-
sion 2014b, the Mathworks, Inc., MA, USA). The procedure provided a binary image sepa-
rating plants from their background, by producing a black and white image where white
pixels belong to vegetation and black pixels are the pixels of soil. Then, the FC was calcu-
lated for each plot as the ratio between the number of white pixels and the total number of
pixels in the plot.

UAV-derived vegetation indices

Seven vegetation indices were calculated for each plot: two red-based indices, the normal-
ized difference vegetation index (NDVI) and the optimized soil adjusted vegetation index
(OSAVI); two green-based indices, the green normalized difference vegetation index
(GNDVI) and the chlorophyll green index (Clg); two red-edge-based indices, the normal-
ized difference red-edge index (NDREI) and the chlorophyll red-edge index (Clre); and
one multiple-band vegetation index, the triangular vegetation index (TVI). These indices
were chosen because they had been already tested in the literature for AGB estimation
under high soil coverage on the species tested in this study or similar (Table 1).

Ground measurements

At the same dates as UAV field surveys, reference ground measurements of AGB and crop
height were taken. Plants of cover crops and weeds (if any) were harvested from 1 m? rep-
resentative of each plot. Cover crops and weeds were separated and weighed to collect their
fresh weight. Then, a sub-sample was oven-dried (105 °C) until constant weight in order
to obtain AGB values on a dry weight (DW) basis of both cover crops and weeds. On the
same day, the average height of plants on 1 m® was recorded using a graduated stick (preci-
sion 0.01 m) and a spirit level. Three measurements per plot were taken close to the AGB
sampling area and they were averaged.

Data analysis

Data analysis was carried out using the R software (version 3.6.2; R Core Team, 2019).
Descriptive statistics of measured and UAV-based crop variables were calculated using
describe and describeBY functions of the “psych” R package (version 2.0.9; Revelle, 2020).
Scatterplots were made using the “ggplot2” R Package (version 3.3.5, Wickham, 2016).

Table 1 Vegetation indices tested

in this study Vegetation index Equation
NDVI (NIR - R)/(NIR+R)
OSAVI (1+0.16)(NIR — R)/(NIR+R +0.16)
GNDVI (NIR - G)/(NIR+G)
Clg (NIR/G) -1
NDREI (RE - R)/(RE+R)
Clre (NIR/RE) -1
TVI 0.5[(120(NIR —G) — 200(R — G))]

B, G, R, RE and NIR are the blue, green, red, red-edge and near-infra-
red bands recorded by the multispectral camera (MicaSense Red-edge)
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Firstly, a simple regression model was built between ground-measured and UAV-derived
crop height in order to test the quality of the UAV estimation and to calculate the limit of
quantification (LOQ). The LOQ identifies the smallest ground-measured crop height that
can be quantitatively detected by the UAV. It is defined in Eq. 1 (Shrivastava & Gupta,
2011).

100 = 103 (1)
m

where Sy is the standard deviation of y-intercept and m is the slope of the linear regres-
sion model between UAV-based crop height and ground-measured crop height. The bias of
UAV-derived crop height was also calculated as the difference between the mean of esti-
mates and the true value of the variable being estimated.

Then, simple regression models were fitted using /m function of the “R stats” package
(version 3.6.2; R Core Team, 2019) to predict AGB from different predictors Hest, vegeta-
tion indices and FC: linear fit, exponential fit and polynomial fits were tested. In addition, a
multiple regression model was built to combine the seven vegetation indices, Hest and FC
in one global calibration model, fitted for all species together. For this purpose, backward
stepwise linear regression was carried out using the “leaps” R package (version 3.1; Lum-
ley, 2020).

Another regression method was adopted. It consisted of combining two regression mod-
els with the following rules:

AGB = f(V]) if FC < FCsat or Hest < LOQ )

AGB = f(Hest) if FC > FCsat and Hest > LOQ 3)

where f(...) indicates the global calibration model with the best fit for the given predictor.
The FCsat is the saturation of the vegetation cover fraction and it was defined by fitting
a segmented linear regression model between FC and AGB and finding the break-point
(plateau). The “segmented” R package (version 1.3-4; Muggeo, 2008) was used. At first,
the whole dataset (all species together) was divided into two parts accordingly to the values
of the FCsat and LOQ of Hest (Eq. 1). Then, global calibration curves for each vegetation
index (VI) were fitted separately and the best regression model (either linear, exponential,
or polynomial) was selected to estimate AGB from VI until FCsat occurs (Eq. 2), or if Hest
is lower than the LOQ. Above saturation (Eq. 3), AGB was estimated from a global cali-
bration curve with Hest, only if it is greater than the LOQ.

Statistics of the performances of regression models

The simple and multiple regression models were tested by the contiguous block cross-vali-
dation using the “caret” R package (version 6.0-90; Kuhn, 2021). The setting of cross-val-
idation was planned considering that the original experiment was arranged in four blocks
of replicates. Therefore, four folds were produced so that at every cancellation step, one
block was used as the test set. Since the dataset was composed of three dates of sampling
in a 2-year experiment, all the observations of all the years belonging to the same block
were left out per cancellation group. The resulting sample size in cross-validation were: 36
samples in the training set and 12 samples in the test set for the species-specific regression
models, 180 samples in the training set and 60 samples in the test set for the calibration of
global models.
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The determination coefficients in cross-validation (RCVZ), the root mean square error
in cross-validation (RMSECV), the normalized root mean square error in cross-vali-
dation (nRMSECYV, represented by the RMSECYV divided by the mean of the observed
variable) and the mean absolute error in cross-validation (MAECV) of the fitted regres-
sion models were calculated.

Results
Variability of the reference dataset

Table 2 shows the descriptive statistics of the ground-based measurements. The statis-
tics of UAV-derived predictors are shown in Table S1 of the supplementary material.

For CLO and HVE, in most cases, plants were small with the lowest AGB levels
(Table 2), resulting in the lowest NIR reflectance values (data not shown). The highest
AGB and FC were reached by OAT and WMU (Table 2; Table S1). Rye plants had high
AGB levels but lower crop height. In general, the distributions of FC values showed a
negative skewed distribution for all cover crop species (Table S1), indicating a higher
frequency of high compared to low FC values and thus suggesting that saturating lev-
els were reached. Descriptive statistics of the vegetation indices and crop heights (both
ground-measured and UAV-based) demonstrated their high variability, adequate for cal-
ibration purposes (Table 2; Table S1).

Table 2 Descriptive statistics (mean +standard deviation (StD), minimum (Min), maximum (Max) and
skewness) of the ground-measured variables on three dates together (30th October 2017; 20th November
2017; 18th November 2018): aboveground biomass (AGB), total and of weeds alone, crop height

Crop variable Crop species Mean + StD Min Max Skewness
Total AGB (g DW m™2) CLO 109.3+101.9 9.0 345.3 0.83
HVE 152.6+100.2 20.2 376.3 0.58
OAT 174.0+78.0 58.3 344.6 0.40
RYE 178.2+63.1 69.8 3239 0.27
WMU 261.0+125.5 75.8 603.5 0.83
Weeds AGB (g DW m™2) CLO 41.5+66.3 0.0 282.1 1.75
HVE 33.6+60.7 0.0 283.2 2.75
OAT 10.4+16.9 0.0 56.3 1.41
RYE 26+7.2 0.0 28.5 2.69
WMU 0.1+0.9 0.0 6.1 6.50
Ground-measured crop height (mm) CLO 21.4+149 4.0 50.0 0.47
HVE 208+120 53 457 0.58
OAT 429+120 250 700 0.67
RYE 222465 90 347 -0.21
WMU 721 +244 290 1270 0.26
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UAV-derived crop height

Ground-measured crop height was successfully estimated by UAV-derived crop height
(Hest). The two measurements were linearly correlated with an R? of 0.8 (Fig. S1). The
LOQ was also estimated by Eq. 1 and it resulted in 125 mm. It means that under that
threshold, the UAV-crop height could not be quantified correctly. Eighteen percent of
the entire dataset had a crop height under the LOQ. However, Hest bias was 88 mm,
lower than the LOQ. This results confirmed that Hest was successfully derived by the
UAV survey with the multispectral camera using the CSM method. It must be noted that
the height of smaller plants could have been be affected by the use of one altitude value
of the bare soil for the entire field.

Simple regression models for AGB estimation

UAV-derived crop variables, either vegetation indices or structural properties, were
tested for the estimation of AGB. Scatterplots of AGB vs. each predictor are shown in
Fig. 3. Scatterplots of data divided by predictor and cover crop species are visible in
Fig. S2 of the supplementary material.

Vegetation indices as AGB predictors

The best fits of simple regression models between AGB and vegetation indices were
exponential and polynomial (Table 3). The statistics of all the models tested are vis-
ible in Table S2 of the supplementary material. The MAECV was much lesser than
RMSECYV for all crop species and calibration curves indicating overall acceptable
errors. Nonetheless, nRMSECV was commented in the main text for simpler compari-
sons among the species-specific calibration curves.

The green-based vegetation indices (CIg and GNDVI) had the best performance
in the estimation of the AGB of all the species with Rey? of the exponential models
varying from 0.56 to 0.93 and nRMSECV from 26 to 38% and MAECV from 25 to
67 g DW m~2 (Table 3). The GNDVI was the best index to predict AGB of CLO and
RYE (RCV2 of 0.93 and 0.61, respectively), while CIg was the best predictor for HVE,
OAT and WMU with RCV2 of 0.85, 0.59 and 0.57, respectively. The vegetation indices
showing the highest errors (nRMSECV from 35 to 88% and MAECV from 51 to 95 g
DW m~2) were those based on the red-edge (Clre and NDRE). Moreover, the Clre and
NDRE showed a dependence on crop species and development stage, separating Octo-
ber 2017 and November 2018 (autumn 2018 had low precipitation with less developed
plants) from November 2017 (Fig. 3). The OSAVI, TVI and NDREI showed depend-
ence on the timing of the survey and/or FC. Specifically, they clearly separated the early
sampling date from the late sampling i.e., October 2017 vs November 2017 and Novem-
ber 2018. Finally, the NDVI had similar behavior and nRMSECYV to the OSAVI, TVI
and NDREI, with errors from 31 to 55%. Finally, NDVI, OSAVI, NDREI and GNDVI
showed a saturating behavior.
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Fig. 3 Scatterplots of UAV-derived variables and aboveground biomass (AGB). Crop species and sampling
dates have different colors and shapes, respectively. For the abbreviations of crop species, see the caption of

Fig. 2

UAV-derived crop height and vegetation cover fraction as AGB predictors

Due to the robustness of Hest and FC (structural variables) regardless of crop spe-
cies, development stage and timing of the survey (Fig. 3), it was possible to develop
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Fig.3 (continued)

crop-specific and global (i.e., including all cover crops) calibration models, by fitting
simple regression models on the entire dataset including all species (Table 4).

For WMU, crop Hest was a better estimator of AGB compared to FC and the best
vegetation index (Clg), with Rcv2 of 0.72, nRMSECYV of 28% and the lowest MAECV
(Table 4). The AGB of OAT was also estimated well using Hest, with performance very
similar to the ones of the best vegetation index (Table 3): Rey? of 0.58 and nRMSECV
of 35% even with a slightly higher MAECV (Table 4). Good results were obtained by
the global calibration model: the best fit was linear with Rey? of 0.57 and nRMSECV of
42%. Finally, a global calibration was also possible for the FC (Table 4). Nonetheless, it
showed a clear saturating behavior with a plateau at 97.2%, corresponding to 99.7 g DW
m~2 (Fig. 3).

Multiple regression models for AGB estimation

The calibration of the global regression models was carried out with the aim of proposing
a unique equation for the estimation of AGB of various herbaceous crop species. The best
multiple regression model obtained via backward stepwise regression (Fig. 4a) was better
than the simple model based on Hest alone (Table 4) and showed predictive ability com-
parable to the models based on single vegetation indices applied to the species separately
(Table 3). The model included six predictors: Hest and five vegetation indices. The GNDVI
was selected instead of Clg probably because it better explained the variability of the AGB
of RYE that was not properly estimated by other vegetation indices (Table 3). Moreover,
the OSAVI, TVI and NDREI, all affected by the timing of the survey and/or FC, were
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Table 3 Simple regression models for the estimation of aboveground biomass (AGB) of the different cover
crop species from vegetation indices of all dates

Predictor Crop  Best fit Fitted model for AGB esti- Roy? RMSECV  nRM- MAECV
mation (g DW m™2) (@DWm™) SECV (gDWm™)
(%)
NDVI CLO  Exponential ~ 0.2%e’¢™ 0.85  60.2 55 41.2
HVE  Exponential ~ 0.6%e%>™ 0.66  68.9 45 50.5
OAT  Exponential ~ 2.7%e*7™ 038  67.0 38 522
RYE  Exponential  3.0%e*”™ 035 552 31 44.9
WMU  Exponential  6.3%*3™ 035 111.8 43 84.3
OSAVI  CLO  Polynomial  1309.7#x>-872.9%x+174.86 0.60  64.2 59 53.8
HVE  Polynomial  1244.4%x%-893.0¥x+226.3  0.44 759 50 63.8
OAT  Exponential ~ 59.6%e!"™ 039  63.7 37 51.8
RYE  Exponential ~ 95.6%¢** 0.19 587 33 48.7
WMU Polynomial ~ 3891.8*x%-3963.7#x+1183.9 0.19 114.2 44 90.7
GNDVI  CLO* Exponential 0.3%e%9™ 093 359 33 25.1
HVE  Polynomial  4810.5%x%-4790.7%x+1212.2 0.82 455 30 377
OAT  Exponential  4.0%¢>2™ 0.56  56.3 32 443
RYE  Exponential 2.7%e%0™ 0.61 459 26 352
WMU  Exponential ~ 1.7#¢”™ 0.56  90.8 35 68.7
Clg CLO  Exponential  5.8%%7™ 093 414 38 24.4
HVE  Exponential 14.6%e"%™ 0.85  40.7 27 32.6
OAT  Exponential 38.0%e"3"™ 0.59 558 32 44.8
RYE  Exponential  44.5%e03™ 0.56  48.0 27 375
WMU Exponential ~32.2%e%5™ 057 87.6 34 67.3
NDRE  CLO  Exponential  2.7%e!®1™ 074  79.1 72 50.5
HVE  Exponential ~ 83%e’7™ 0.58  81.1 53 58.3
OAT  Exponential  50.0%e>%"™ 0.10 783 45 61.9
RYE  Exponential  84.0%e!"™ 0.05 629 35 50.8
WMU Exponential ~ 112.7#e*2™ 0.09 1252 48 95.3
Clre CLO  Exponential  7.3%e*2™ 071 957 88 57.2
HVE  Exponential ~ 20.1%e!™* 0.55 845 55 60.7
OAT  Exponential ~ 85.6%e"4™ 0.09 785 45 62.1
RYE  Exponential ~ 110.9%¢%3™ 0.06  62.6 35 50.6
WMU  Polynomial  373.9%x%-692.4%x +560.7 0.11 1215 47 91.4
NDREI CLO  Exponential ~ 1.1%e%3™ 0.74  68.9 63 52.4
HVE  Exponential ~ 4.2%e*8™ 054 757 50 59.9
OAT  Exponential ~ 23.5%e>7"* 036  66.3 38 53.6
RYE  Exponential  67.4%e!3™ 026 569 32 47.0
WMU  Exponential ~ 44.0%¢>#™* 021 1165 45 87.0
TVI CLO  Polynomial  0.3*x%-5.1%x+70.8 0.69 575 53 48.2
HVE  Polynomial  0.3*x%-10.2%x+143.0 063 614 40 53.1
OAT  Polynomial 0.3%x>-8.8*x + 162.6 0.60 532 31 449
RYE  Polynomial  0.3%x2-8.4%x+203.7 033 533 30 44.1
WMU  Polynomial  0.5%x%-20.6%x +378.6 029 1075 41 83.1

The table reports the equation of the best fit for each combination of index and crop species, the coefficient
of determination in cross-validation (RCVZ), the root mean square error in cross-validation (RMSECYV), the
normalized root mean square error in cross-validation (nRMSECYV) and the mean absolute error (MAECYV)
are reported. For the abbreviations of crop species, see the caption of Fig. 2
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Table 3 (continued)
*The vegetation index with the best fit is in bold

Table 4 Simple regression models for the estimation of aboveground biomass (AGB) from structural pre-
dictors of all dates for different cover crop species and for the global dataset including all species

Predictor Crop Best fit Fitted model for AGB estima-  Rc,”> RMSECV nRM- MAECV
tion (g DW m™~2) (gDWm™) SECV (gDW m™)
(%)

Hest (mm) CLO Linear 0.4*x+53.0 0.77 65.0 59 52.0
HVE  Polynomial  0.0003%x>+0.4%x+97.9 0.60 71.1 47 59.6
OAT Exponential ~ 84.5%e0002" 0.58 61.2 35 48.4
RYE Linear 0.2%x +154.9 0.25 61.5 35 53.1
WMU  Polynomial  0.0002%x*+0.03%x +124.5 0.72 73.0 28 55.8
Global ~ Linear 0.3%x+98.4 0.57 72.7 42 59.9

FC (%) CLO Exponential ~ 4.4%03" 0.72 79.9 73 53.2
HVE  Exponential  5.6%¢%03% 0.51 88.7 58 68.9
OAT Exponential ~ 7.4%03" 0.40 69.2 40 55.4
RYE Exponential ~ 64.7#¢001™ 0.26 60.3 34 49.8
WMU  Exponential ~ 42.8%"02" 030 1248 48 92.3
Global ~ Exponential ~ 5.4%¢%03™ 0.54 94.7 54 68.2

The table reports the equation of the best fit for each species, the coefficient of determination in cross-vali-
dation (Rcy?), the root mean square error in cross-validation (RMSECV), the normalized root mean square
error in cross-validation (nRMSECV) and the mean absolute error (MAECYV). For the abbreviations of crop
species, see the caption of Fig. 2

selected as well as Clre that strongly depended on crop species and development stage
(Fig. 3).

The approach of using the best predictor among vegetation indices together with Hest
was also tested in order to propose a simpler method able to account for the vegetation
indices and structural crop properties by considering the limit of the saturation of FC and
the LOQ of the Hest (125 mm). The CIg was chosen due to its good performances in the
estimation of AGB of single species (Table 3) and because of its linear correlation with
AGB of the global dataset. The proposed model (Fig. 4b), compared to the multiple regres-
sion model, had only a slight worsening of the Ry and errors, of 10% and 5%, respec-
tively, but with the use of only three predictors (CIg and Hest; plus FC to define saturation)
against the six predictors of the multiple regression model.

Discussion

The main objective of this study was to test the combination of vegetation indices and crop
structural properties to estimate the AGB of different species of crops at high levels of veg-
etation cover fraction.

Field campaigns were scheduled to guarantee the sampling of AGB at the highest levels
of cover crop production. In fact, even if past works on AGB estimation from vegetation
indices identified the saturation issue, authors did not identify and report absolute AGB
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Fig.4 Measured vs. estimated crop above-ground biomass (AGB) by multiple regression model (a) and by

a combination of regression models (b)

values that caused the saturation of vegetation indices (Gu et al., 2013; Huete et al., 1997;
Mutanga & Skidmore, 2004; Poley & McDermid, 2020). The measured crop FC confirmed
that saturation was reached at 97.2% of FC at 99.7 ¢ DW m~ of AGB, considering all

crops together.

However, vegetation indices showed different behavior with respect to FC suggesting
that they were influenced by different factors other than AGB such as leaf color, plant
architecture and development and the timing of the survey. In agreement with the literature,
the NDVI was the most affected by saturation (Gu et al., 2013; Huete et al., 1997; Mutanga
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& Skidmore, 2004). It saturated following the same behavior of the FC, confirming the
strict connection of NDVI with it. Among the tested vegetation indices, the best results
were reached by the green-based vegetation indices (Table 3). The indices based on the
red-edge band, Clre and NDRE, showed low correlations with AGB, probably due to the
effect of different development stages included in the models (Fig. 3, Table 3), in con-
trast with results of other similar works (Mutanga & Skidmore, 2004; Wang et al., 2016).
Finally, OSAVI, TVI and, in small part, NDREI, used to limit soil effects on crop reflec-
tance, showed a dependence on the timing of data acquisition (Fig. 3), contrary to previ-
ous studies (Huete et al., 1997; Prabhakara et al., 2015). However, the index OSAVI was
designed to overcome the noise of soil brightness (Goel & Qin, 1994) and the TVI was
designed to be more sensitive to chlorophyll content and to be less affected by atmospheric
conditions (Vincini et al., 2006). These corrections could have caused the indices’ values to
be different in early autumn (October 2017) with respect to the values of the same indices
measured in November in both years, considering the presence of smaller plants and the
higher solar elevation angle of the sun in October. For these reasons, it must be considered
that an accurate atmospheric correction of UAV-derived images could lead to better results
(Cao et al., 2020).

As opposed to vegetation indices, crop height was strongly related to crop growth and it
was not dependent on other factors. It was evident by the linear relationship between crop
height and AGB with no deviations due to development stage, sampling date or species
(Fig. 3). Therefore, it allowed the calibration of a global model for the estimation of AGB
according to attempts already reported in the literature (Roth & Streit, 2018). The best fit
resulted in a linear regression model that proved the consistency of the correlation between
crop height and AGB with no saturation even at high AGB levels. Despite some issues that
could arise when estimating AGB at early stages with low crop heights, the good results
obtained confirmed the interest in crop height as a rough powerful estimator of AGB irre-
spective of crop species. With these premises, global calibration models were also tested
using all the UAV-derived variables in order to overcome the specificity of AGB estimation
by vegetation indices. As expected, the multiple regression model led to the best results in
AGB estimation (Fig. 4a). Both UAV-derived crop height and five vegetation indices were
selected by the model, indicating that the combination of vegetation indices and structural
crop properties improved the estimation of AGB. Similar results were obtained in previ-
ous studies that tested the ability of multiple linear and non-linear regression models using
crop height and vegetation indices to estimate AGB of cereal crops (Bendig et al., 2014,
2015; Marshall & Thenkabail, 2015; Tilly et al., 2015). The vegetation indices selected by
the backward procedure of the multiple regression model were those affected by crop spe-
cies and/or development stage (Clre) or FC and/or timing of the survey (TVI, OSAVI and
NDREI), other than GNDVI, that, with Clg, was the best index to predict AGB. This result
pointed out the need for predictors that accounted for the difference among species and
development stages in order to explain the variability of the collected dataset. However,
according to the literature, it was observed that, when plants are very small with dense
canopies, vegetation indices (specifically, the green-based indices) are very sensitive to dif-
ferences in crop growth and are suitable for the estimation of AGB (Roth & Streit, 2018;
Tilly et al., 2015). Otherwise, when plants have a vertical growth and FC is saturated, crop
height is the best estimator of AGB. For the abovementioned reasons, a new regression
approach was proposed for the first time in this study (Fig. 4b). It combined two predic-
tors: the best vegetation index (in terms of AGB prediction) was used to predict AGB until
FC saturation occurred or when the Hest was under the estimated LOQ. Otherwise, Hest
was used. The proposed method overcomes the saturation phenomenon by using vegetation
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indices at low FC levels when they have the power to detect small changes in soil coverage
and use Hest when it is maximally related to AGB when FC is high and vegetation indices
lose their ability to detect changes in AGB, also caused by crop vertical growth. Moreover,
the use of different regression models for different predictors overcame the overfitting that
could have affected the multiple regression model that was applied on correlated predic-
tors, in this case the vegetation indices (r=0.10-0.97, Table S3).

In this context, the results were very promising. Statistics in cross-validation showed
a small decrease with respect to the multiple regression model (Fig. 4) if compared to the
decrease in the number of predictors (two uncorrelated vs. six correlated, respectively).
Moreover, the results were comparable to the performance of regression models of stud-
ies that proposed multiple regression approaches on only one crop species (Bendig et al.,
2014, 2015; Marshall & Thenkabail, 2015; Tilly et al., 2015) confirming the possibility
of overcoming the specificity of vegetation indices in the estimation of AGB and produc-
ing advancement with respect to previous works on similar herbaceous crops that did not
explore the combination of the vegetation indices and structural crop properties for the
estimation of AGB (Roth & Streit, 2018).

Future perspectives

As a result of this work, two crucial aspects for the improvement of the estimation of her-
baceous crop AGB emerged. Firstly, a larger dataset with more variability in the initial crop
growth stages and different plant habits is fundamental to extend the proposed calibration
models and to prove the robustness of the proposed approaches. Secondly, different ways
to estimate crop height also at early crop development stages should be studied with differ-
ent sensors on crops with different plant habits to retrieve reliable crop height estimates in
operational conditions. In fact, this study confirmed that plant height can be successfully
estimated by UAV-derived CSMs (Poley & McDermid, 2020; Roth & Streit, 2018). How-
ever, crop height estimation from airborne images should be improved. Specifically, these
results showed that the LOQ of the estimation of crop height was 125 mm. Moreover, it
must be considered that an average altitude of the field was used to estimate crop heights,
so the height and AGB of small plants with horizontal habits were difficult to quantify. To
gain even better results, more accurate methods of estimating plant height should be con-
sidered e.g., having reference altitudes measured in the fields (more than 30 points) to build
digital terrain models or making an aerial survey of the bare soil of the field. Finally, differ-
ent technologies should be considered such as LiDAR (Deery et al., 2014; Wiering et al.,
2019) or ultrasonic sensors mounted on tractors (Farooque et al., 2013) as well as more
resolved imaging sensors such as RGB cameras with very high spatial resolutions.

Conclusions

The estimation of herbaceous crop aboveground biomass was tested using both vegetation
indices and structural crop properties. It was estimated by green-based vegetation indices
with varying degrees of success for the different crop species (Rqoy>=0.56-0.93, nRM-
SECV =26-38%). Also, plant height was a good estimator of aboveground biomass with
a more linear correlation to it. Consequently, at first, crop height was used for the calibra-
tion of a global model for AGB estimation of all species together, regardless of the devel-
opment stage, the timing of the survey and vegetation cover fraction, with good results
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(RCV2=0.57, nRMSECV =42%). Even if with slightly worse performance, a global curve
for aboveground biomass estimation is more interesting for simplicity and possibility of
integrating new data of species, timings and localities, than a species-specific equation for
application in real fields. For these reasons and for the different nature and performance
of the vegetation indices and structural crop properties, the calibration of global multi-
ple regression models combining various properties for AGB estimation was attempted.
Firstly, the calibration of a backward stepwise linear regression model led to the estima-
tion of AGB with Rcy?=0.75 and nRMSECV =31% using six predictors. These were Hest
and five vegetation indices. Secondly, a combined regression model was built using two
predictors only, CIg (before saturation, defined using the fraction cover) and Hest (after
saturation). This simple model showed encouraging results with Rey>=0.65 and nRM-
SECV =36%, suggesting that combining vegetation indices and structural crop variables
(such as crop height) could improve the estimation of AGB by overcoming the specificity
of vegetation indices. Moreover, its simplicity makes it preferable to other complex models
for application in real conditions. Nonetheless, the integration of vegetation indices, crop
height and fraction cover should be studied over a wider range of aboveground biomass
levels, crop species and vegetation indices to produce a robust approach for the estimation
of aboveground biomass.
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