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Abstract:

Estimating straw cereal plant density at early stages is important for field crop management
and phenotyping. Usual plant density estimation methods include manual counting and image-
based counting, both of which have limited throughput, due to the need for high spatial resolution
images. In this study, we explored the potential of high-throughput estimations with spectral
information. A large and diverse dataset was collected on micro plot field experiments,

encompassing six sites, three leaf stages, and four species of straw cereals. Canopy spectral
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reflectance was acquired with a spectrometer, both in 0° or 45° view zenith angle, perpendicularly

to the row direction. Two reflectance-based approaches were then tested. In the direct approach,

density was directly estimated from reflectance using Gaussian process regression (GPR) and

spectral bands selected based on Akaike’s information criterion. In the indirect approach, the

green fraction derived from high spatial resolution RGB images (GF_rgb) was first estimated from

reflectance using GPR and selected bands, and then linearly related to density. These

reflectance-based methods were compared to a classical image-based baseline method, which

estimates density directly from GF_rgb.

An ablation study firstly showed the superiority of 45° observations, and the necessity to

calibrate one model for each site, growth stage, and species. The band selection process

recommended using no more than four bands as inputs to the GPR models. The resulting direct

and indirect estimations had an overall relative error of 30%. The image-based baseline method

had a lower error of 22% for submillimeter spatial resolutions, but it performed worse than

reflectance-based methods when degrading the spatial resolution to more than 1 to 2 mm to

mimic an increase in sensor altitude. These results showed that spectral information can

compensate for spatial information and that spectral methods can potentially provide high-

throughput and reasonably accurate estimates of straw cereal plant density.

Keywords: Plant density, spectral reflectance, spatial resolution, wheat, barley
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1 Introduction

Plant density is a fundamental factor in the management and phenotyping of straw cereal
crops since it may directly impact the final yield (Valério et al., 2013). However, Whaley et al.
(2000) showed that a larger number of tillers could compensate for a lower plant density in winter
wheat. Furthermore, plant density generally reduces weed development by increasing
competition for resources (Carlson and Hill, 1985; Kristensen et al., 2008; Lutman et al., 2013;
Olsen et al., 2012; Tollenaar et al., 1994; Wilson et al., 1995). In the context of plant phenotyping,
plant density allows computation of the emergence rate, which is a valuable trait for breeders.
Furthermore, in case of difficult emergence conditions, the knowledge of plant density helps the
breeder to decide whether a microplot should be kept or not in an experiment. Finally, plant
density is a key characteristic that can be used to assess other traits pertinent for breeders such
as the growth stage depending on the number of leaves per plant, or the tillering coefficient.

Researchers have been looking for ways to replace laborious and time-consuming manual
counting with high-throughput methods based on optical sensor data. These methods can be
divided into two categories: (a) image-based methods and (b) reflectance-based methods.

(a) Image-based methods. On the one hand, many methods in this category begin by
binarizing the image into vegetation pixels and background pixels based on RGB or multispectral

features. Then, optional morphological analysis of the vegetation pixels is carried out. Finally, the
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results of classification and/or morphological analysis are used to estimate the number of plants.

The works of Gnadinger and Schmidhalter (2017), Jin et al. (2017), Liu et al. (2017), Liu et al.

(2018), Roth et al. (2020), Shrestha and Steward (2005), Tseng et al. (2022), and Wilke et al.

(2021) used methods of this category. On the other hand, methods that do not rely on binarized

images have been developed, and these methods are mainly based on deep learning. Shubhra et

al. (2018) employed a two-step, deep learning based method to estimate the number of wheat

plants in an image: firstly, they segmented RGB images into plant patches with a deep learning

module (Badrinarayanan et al., 2017), and then they estimated the amount of wheat plants within

each patch using another deep learning module. Some researchers estimated the number of

plants or plant organs on various species using deep learning regression, classification, or

detection algorithms (Liu et al., 2020; Lu and Cao, 2020; Mukhtar et al., 2021; Tseng et al., 2022;

Wu et al., 2019). Amongst them, deep learning detection is well-suited to the counting task, and

all of these methods have the potential to be applied to plant counting for further density

estimation.

(b) Reflectance-based methods. Compared to image-based research, there are fewer

reflectance-based studies on plant density estimation. In general, the NDVI value is computed

from reflectance measured from ground-based or satellite-borne spectral sensors, and linearly

related to plant density. Aase and Siddoway (1980) showed that the NDVI value is a good proxy

of plant density for winter wheat. Although they did not further explore the correlation between
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NDVI and density, their data showed the potential to create a good linear regression. Reyniers et

al. (2004) showed that the crop coverage of wheat obtained from spectral data is more related to

sowing density in the early season. This result shows the possibility to estimate wheat seedling

density from crop coverage . Habibi et al. (2021) combined the accurate deep learning method

and the high-throughput reflectance-based method in a two-step soybean plant density estimation.

In the first step, deep-learning method was used to get the plant density with high accuracy, and

the density value was used as input for the next step. In the second step, reflectance information

and climate information were used to estimate plant density in high-throughput, with a moderate

accuracy. Zhang et al. (2022) estimated the stand density of evergreen trees based on the linear

relationship between fractional vegetation cover (FVC) and stand density. They first calibrated the

FVC-density relationship on smaller scale areas of 1 hectare, and then applied this method to

larger scale areas of about 100 hectares using NDVI calculated from Sentinel 2.

In the case of straw cereal crops, the image-based methods mentioned above often require

high spatial resolution images to identify the small leaves observed at early growth stages, when

the plants have no tiller and less overlap. For example, Jin et al. (2017) showed that plant density

estimation performance decreases with coarser image spatial resolution and thus recommended

using spatial resolutions finer than 0.4 mm. Similarly, Liu et al. (2017), Liu et al. (2018), Shubhra

et al. (2018), and Mukhtar et al. (2021) used images of 0.2-0.5 mm spatial resolutions. Such

spatial resolutions are usually obtained using a high-resolution camera and acquiring images at a



90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

low altitude, either from a UAV or from a ground-based system. However, imaging at low altitudes

also reduces the throughput, which can be problematic for large fields that need to be sampled in

a reasonable time. In this respect, reflectance-based methods, despite being less often used,

present interesting advantages over image-based methods: not only does the canopy reflectance

remain unchanged as the spatial resolution decreases according to the spectral linear mixing

model (Adams et al., 1986; Ritter and Urcid, 2010), but richer spectral information can also

potentially compensate for the loss of spatial information. For example, Habibi et al. (2021) and

Zhang et al. (2022) have shown high-throughput reflectance-based density estimation is feasible

for larger plants (soybean and trees), but further investigation is needed for small crops such as

straw cereals. A drawback of the reflectance-based method is that it can be affected by the

detrimental influence of soil on canopy reflectance. Several solutions can be implemented to limit

this influence. For example, sensing the canopy from a 45° view zenith angle increases the green

fraction (GF, the proportion of green vegetation pixels in the sensor field of view) compared to the

nadir, capturing more signal from the vegetation and thus increasing the sensitivity of the optical

data to changes in plant density for such small plants (Jay et al., 2017). Also, using 45° view

zenith angle will make the observed GF value less sensitive to the plant leaf inclination angle

compared to using smaller angles than 45° (Weiss et al., 2004), and there will be less

overlapping between rows compared to using angles larger than 45°. With 45° view zenith angle,

using an azimuth direction perpendicular to the crop row further reduces the overlap between
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plants inside one row (Baret et al., 2010). This observation set was also used in the work of Liu et

al. (2017) and Jin et al. (2017) for wheat seedling density. Besides changing the acquisition

geometry, another solution to further limit the soil influence is to constrain the reflectance-based

density estimation by first estimating GF, and second relating estimated GF to density. Indeed,

canopy reflectance is strongly related to GF (Baret et al., 2007; Gitelson et al., 2002), which is

itself proportional to plant density when the plants are of similar size with little overlap such as in

the case of early-stage plants (Wilke et al., 2021).

The previous literature review on plant density methods shows that there is currently no

comparison of the performances between image-based and reflectance-based methods achieved

over the same dataset. Furthermore, the possible degradation of performances as a function of

sensor spatial resolution for both types of methods is still lacking. Therefore, in this work, we

developed two reflectance-based approaches to estimate plant density from nadir or 45°

observations. In the first approach, plant density was estimated directly using a machine learning

regression algorithm. In the second approach, GF was first estimated from spectral data, and

then related to density. By introducing GF as a proxy, we wanted to make the estimation more

interpretable. These two approaches were compared to a popular image-based method, trained

on a large and diverse dataset comprising six sites, three leaf stages, and four straw cereal

species. In summary, this research has the following objectives:

(a) Evaluate the performance of two reflectance-based methods and one image-based



128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

method for estimating cereal straw plant density in terms of accuracy and robustness to changes
in sensor spatial resolution.
(b) Evaluate the added value of several strategies to improve the performance of reflectance-

based methods, i.e., using 45° instead of 0° observations, and using GF as a proxy for density.

2 Materials and methods

2.1 The experiments

Microplot experiments were conducted in 2021 and 2022 at five sites in France (Avignon,
Salin-de-Giraud, Gardanne, Greoux-les-Bains, and Mauguio) and one site in China (Nanjing)
(Table 1). The size of each microplot was 1 m * 1.4 m in Avignon, Salin-de-Giraud, Gardanne,
and Nanjing, whereas it was mainly 2 m * 12 m in Greoux-les-Bains and 1.4 m * 8 m in Mauguio.
These sites had different soil types and very different soil colors. Both dry and wet soils were
included in the experiments. At the Salin-de-Giraud site, no herbicide was used, so there were
more weeds. Three density treatments were applied the Avignon, Nanjing, Gardanne, and Salin-
de-Giraud plots. These treatments resulted in different density values ranging from 37 to 535
plants/m2, and most density values were between 100 and 450 plants/m2. At Avignon, the plants

were sown earlier (September 23) than at the other sites, where more traditional sowing dates
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(October - January) were used (Table 1). Four cereal crop species (soft wheat, durum wheat,

barley, and rye) were considered, as an extreme case of different crop varieties, to explore the

possible effects of plant structure on density estimation.

For each site and sowing date, the actual plant density was measured manually on the first

day of measurements (section 2.2.1). One to three measurements of spectral reflectance and

RGB images were made from the one- to three-leaf stage (sections 2.2.2 and 2.2.3).
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of the second leaf length.

Table 1 Site, date, and species of the experiment. “2.5 leaves” means that the third leaf was not fully expanded, and the third leaf length was about 50%

Site and sowing date Soil type  Soil color Number Species Density values in Number of leaves
(dry/wet soil  of plots meanzstd (date of
surface) (#plants/m?2) measurements)
Avignon, France. Clayey, White (dry), 18 soft wheat, 307 £ 130 1.0 (2021/Oct/2),
2021/9/23 Ca'fam”s’ brown (wet) durum wheat, 2.0 (2021/Oct/8),
fluvisel barley 3.0 (2021/Oct/15)
Nanjing, China. Sandy Yellow (dry), 9 soft wheat, 171 + 91 1.0 (2021/Nov/22),
2021/11/5 brown (wet) rye, 2.0 (2021/Dec/3),
barley 3.0 (2021/Dec/17)
Greoux-les-Bains, Clayey, Light Taupe 32 soft wheat, 239 + 27 1.5 (2021/Nov/18),
France. allovium - vet) durum wheat, 2.5 (2021/Nov/29)
2021/10/28 barley
Gardanne, France. Silty clayey, Red 9 soft wheat, 300 £ 120 1.5 (2022/Jan/3),
2021/11/19 Ca'C?re"“S’ (dry and wet) durum wheat, 1.8 (2022/Jan/11),
alluvium barley 3.0 (2022/Feb/9)
Salin-de-Giraud, Sandy, Dark grey 28 soft wheat, 212 £ 103 1.0 (2021/Dec/20)
France. caleareous et) durum wheat, 1.8 (2022/Jan/4)
2021/11/22 barley
Mauguio, France. Calcareous, |ight Taupe 13 soft wheat 296 + 66 3.0 (2022/Jan/7)
2021/11/19 fluvisol (dry)



Mauguio, France. Calcareous, |ight Taupe 22 soft wheat 298 + 43 1.5 (2022/Feb/18)
2022/1/14 fluvisol (dry)
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2.2 Ground measurements

2.2.1 Plant density measurements

At the Gardanne, Avignon, Salin-de-Giraud, and Nanjing sites, all the seedlings within the
1*1.4 m2 plots were counted, and plant density was calculated by dividing the number of plants by
the plot area. Eight plots from the Greoux-les-Bains and Mauguio sites were also included in this
case.

The other 92 plots at the Greoux-les-Bains and Mauguio sites were larger (section 2.1).
Therefore, for each of these plots, two or three subplots of 1 m in length and two rows wide were
selected to be representative of the plot. The densities of the subplots were calculated and

averaged to represent the plant density of the plot.

2.2.2 Spectrometer measurements

In France, canopy reflectance data were collected with an SM-3500 spectrometer (Spectral
Evolution, Massachusetts, US), with 737 bands ranging from 343 to 2517 nm, and with full-width
at half maximum (FWHM) between 1.5 nm and 3.8 nm. In China, canopy reflectance data were
collected with an ASD FieldSpec 4 spectrometer (Analytical Spectral Devices, Colorado, US),
with bands ranging from 350 to 2500 nm, and with FWHM between 1.1 and 1.4 nm.

Spectral data were measured at 0° and 45° view zenith angles. In the 45° measurements,
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the azimuth was perpendicular to the direction of the rows. The acquisition geometry was

designed such that (1) the area covered by the 25° field of view (FOV) of the spectrometer was

similar in 0° and 45° situations, and (2) the area covered by the FOV was large enough to

represent the plot while not exceeding the plot boundaries (Figure 1). The spatial resolution of

spectrometer measurements, which is defined here as the length of the side of a square with the

same area, is 736 mm. In practice, the spectrometers and cameras were held manually so there

could be an accidental but slight error in height. The 45° angle was controlled by checking a

device with bubble level.

To introduce some variation in the soil background in Avignon, Gardanne, and Nanjing,

measurements were performed on both dry soil surface and wet soil surface when it was possible,

i.e., when the soil was not already wet due to the rain. A first measurement was made on dry soil.

Then some water was poured onto the surface of the soil to change its color, and the second

measurement was made. In the other sites (Greoux-les-Bains, Salin-de-Giraud and Mauguio),

water was not available so only one measurement per plot was performed.

Forty-nine canopy reflectance spectra were removed from the dataset, either because of

inaccurate reflectance calibration, or because the shadows of nearby buildings and trees

accidentally covered the plots. Among these 49 removed samples, 9 samples were acquired from

0° view zenith angle, and 40 samples were acquired from 45° view zenith angle. In total, there

were 262 samples in the nadir view and 231 samples in the 45° view zenith angle for assessing



190 the reflectance-based methods presented in section 2.3.

191 Some preprocessing operations were applied to the spectral data. First, the bands of the

192  ASD spectrometer were interpolated into the bands of the SM-3500 spectrometer. Then, a

193  Savitzky-Golay filter with a window of 5 and a polynomial order of 2 was applied to reduce the

194  influence of noise (Savitzky and Golay, 1964; Virtanen et al., 2020). Afterward, only the bands

195 from 343 to 1338 nm and from 1494 to 1798 nm were used in this experiment to avoid the

196  atmospheric water absorption effect around 1400 nm and 1850 nm and to avoid the noise in

197 bands with wavelengths longer than 2000 nm. Next, to accelerate the calculations after, the

198 number of bands was further reduced. Starting from the first band of 343 nm, each time the

199  shortest band that is greater than 10 nm away was chosen, thus making a band set of 343 nm,

200 354 nm, 365 nm, etc. This reducing process gave 140 bands as output.

201
(B)
7
202
203 Figure 1: Acquisition for 0° and 45° spectral measurements. (A) The real scene at the Avignon

204 site. The 45° measurement view direction is perpendicular to the row. (B) The geometry design of the
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spectrometer measurements (unit: meter). The spectrometer field of view is 25°.

2.2.3 RGB imagery

In France, a Sony Alpha 5100 camera (Sony, Inc. Minato, Tokyo, Japan.) with 24M pixels

and a 45 mm focal length (in 35 mm equivalent focal length) was used to collect RGB images

with a spatial resolution ranging from 0.1 and 0.3 mm at the ground level. In China, a Sony RX0

camera with 15M pixels and a 24 mm focal length (in 35 mm equivalent focal length) was used,

and the images had a spatial resolution between 0.2 and 0.5 mm at the ground level. These

ranges of spatial resolutions were caused by 1) the variability in pixel size in 45° images due to

the variable distance between soil and camera within the imaged scene, and 2) the accidental

error in camera height that was controlled manually. The cameras were held at the same place

and with the same orientation as the spectrometer. Since the cameras had a larger FOV than the

spectrometers, the image contained parts that did not belong to the target plot, so these parts

were cropped during preprocessing. The images were collected on both dry soil and wet soil with

the same method as in section 2.2.2.
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2.3 Direct and indirect density estimation methods

from canopy reflectance with Gaussian process regression

2.3.1 Description of direct, indirect and baseline methods

Two density estimation methods based on canopy reflectance were compared in this work
(Figure 2). The first one was a one-step direct estimation approach, in which canopy reflectance
was related to plant density using a Gaussian process regression (GPR) model.

The second method was a two-step indirect estimation approach, in which GF was used as a
proxy of plant density. The first step was to estimate GF from canopy reflectance with GPR. The
ground truth values of GF (GF_rgb) were derived from high spatial resolution RGB images with
the SegVeg deep learning segmentation method developed by our team (Madec et al., 2023;
Serouart et al., 2022). The second step was to estimate plant density from estimated GF, using a
linear regression model with a zero intercept, since GF is zero when the density is zero.

In addition to the direct and indirect methods, a baseline method inspired by Wilke et al.
(2021) was applied, fitting the GF_rgb to the density with a linear regression model through the
origin, to have a better understanding of the second step of the indirect method (Figure 2). This
proportional relationship is based on the hypothesis that the individual plants are of similar sizes

and the overlapping can be neglected, and this is the case for the plants in the early stages
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(Wilke et al., 2021).
For either GF or plant density estimation, the GPR method here used a similar kernel as
Verrelst et al. (2013) (Equation 1), except that we did not use Kronecker delta as the multiplier of

noise:

OEMON,
K(xi,%) = v exp (— zbg) + 02 (1)

20}

(b)

where v is a scaling factor, B is the number of bands, x;~ and xj(b)are the reflectance value
of the i™" and j*" samples at the band b, g, is the scale for the reflectance value of each band,
and g, is the standard deviation of noise. Different sets of bands were used as inputs in the
ablation study and the final performance evaluation. The ablation study employed five common
bands (section 2.3.2), and the final performance evaluation used the optimal bands identified with
forward band selection (section 2.3.3). The model should not use hundreds of bands as input, as

more bands will contain more redundant information and noise, which are not really related to GF

or plant density, and may cause the model to overfit more easily (Verrelst et al., 2016).
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Figure 2: Workflow of direct, indirect, and baseline methods. GPR means Gaussian process

regression. LR means linear regression.

2.3.2 Ablation study to understand the effects of species, site, and growth

stage factors in the estimation

Several factors can modify the relationship between remote-sensing observations and plant

density. In our work, these factors include the species, the site, the growth stage, and the zenith

angle of observation. If the influence of one of these factors cannot be properly taken into account

by the regression algorithm, it may be necessary to calibrate as many sub-models as factor

values to obtain good overall performance. For example, Wilke et al. (2021) and Liu et al. (2018)

used calibrated models for each growth stage and each cultivar, while Liu et al. (2017)

emphasized the importance of data acquisition in a certain time-window when the plants have 1.5

to 2 leaves.

For each view zenith angle (0° and 45°), we thus performed an ablation study to identify
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which factor(s), among species, site, and growth stage, should be differentiated when calibrating

a regression model. We tested if the calibration of separate sub-models for one or several

factor(s) would significantly improve the estimation performance obtained when not differentiating

the above three factors. We tested all the possible factor combinations for each of the three

estimation steps presented in section 2.3, i.e., spectra-density for direct estimation and spectra-

GF and GF_rgb-density (baseline method) for indirect estimation. The estimation performance

was quantified with the root mean squared error (RMSE), and the relative root-mean-square error

(rRMSE). The rRMSE was obtained by dividing the RMSE by the mean value of the target

variable (GF or density) of the full dataset. Due to the potentially low number of samples attained

when differentiating several factors, the RMSE and rRMSE were computed using five-fold cross-

validation when the dataset had more than five samples, and leave-one-out cross-validation

otherwise. The cross-validations were replicated ten times with different partitions of datasets at

each time, to reduce the random error introduced by the random partition of small datasets.

Finally, the averages of RMSE and rRMSE were calculated for each factor combination, for each

view zenith angle, and for each estimation step.

To simplify the ablation study, five common bands were used here as spectral reflectance

input to the GPR regression model (section 2.3). These five bands were the blue (B, 475 nm),

green (G, 560 nm), red (R, 668 nm), red edge (RE, 717 nm), and near-infrared (NIR, 842 nm)

bands. This set of bands is widely used in commercial multispectral cameras, such as Rededge
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(Micasense, Washington, US), P4-multispectral (DJI, Shenzhen, China), Airphen (Hiphen,
Avignon, France), MiniMCA (Tetracam, Bolton, UK), and Sentera-6X (Sentera, Minneapolis, US).

We took the bands of the Rededge camera as a reference.

2.3.3 Forward band selection based on Akaike’s information criteria for final

performance evaluation

Based on optimal factor differentiation determined using the ablation study described in
section 2.3.2, we evaluated the plant density estimation performance obtained by exploiting the
full spectrum instead of just five common bands. Since using 140 spectral bands as inputs to the
GPR model would risk overfitting, a forward band selection method was used to determine the
best input bands for each view zenith angle. These bands were optimized for Spectra-GF
estimation (part 1 of the indirect method) and used for both spectrally-based estimations of GF
and density. At each iteration of the forward band selection, the best band was chosen among all
the candidate bands based on the corrected version of the Akaike Information Criterion (AIC.)
and then added to the model. AIC. takes into account both the error and the parsimony of the
model, and a model with a low AIC. value is preferred (Burnham and Anderson, 2004). AlC. was
calculated as follows:

2K(K+1)

AIC, = —2log (L(é)) + 2K 2D 2)

n—-K-1

Where L(8) is the likelihood of the Gaussian Process estimation, K is the number of



305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

parameters to be determined in the GPR model and n is the number of samples used to calibrate
this model. In GPR, the log-likelihood of the model was calculated using a Python sci-kit package
(Pedregosa et al., 2011; Williams and Rasmussen, 2006), and the number of parameters was the
number of bands plus two according to Equation (1). In this study, when multiple sub-models
were calibrated on different sub-datasets due to factor differentiation (section 2.3.2), the sum of
AIC. values from multiple sub-models was calculated as a criterion. When one model was
calibrated for the whole dataset, the AIC. value of this model was used as a criterion. The optimal
set of bands comes from the model with a minimum sum of AIC. values. No cross-validation was
applied to the models when calculating AIC. since the choice of model with AIC and cross-
validation are asymptotically equivalent when maximum likelihood estimation is used (Stone,
1977).

For the best view zenith angle, plant density estimation performances obtained with direct,
indirect, and baseline methods were finally evaluated, using optimal factor differentiation and
optimal band set. These performances were quantified using the coefficient of determination (R2),

the RMSE, and the rRMSE.

2.4 Impact of spatial resolution on density estimation

The impact of spatial resolution on image-based density estimation was studied using RGB

images with degraded spatial resolutions as inputs to estimate GF and then density. The results
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were compared with those obtained with reflectance-based methods, which do not change with

spatial resolution according to the linear mixing model of reflectance spectra (Adams et al., 1986).

Realistic low-resolution images were generated by successively degrading the spatial

resolution by a factor of two according to the method proposed by Velumani et al. (2021): a

Gaussian filter with a sigma of 0.63 and a window size of 9 was first applied to the image,

followed by motion blur with a kernel size of 3 and an angle of 45, and resizing to half of its height

and half of its width. Further degradation of the spatial resolution was achieved by repeating the

operations multiple times, resulting in ground sampling distances (GSDs) that were 2, 4, 8, and

16 times as large as the original size. Therefore, the average spatial resolutions of the original

and generated image sets were 0.2, 0.4, 0.8, 1.6, and 3.2 mm.

For each spatial resolution, original or generated RGB images were used as inputs for the

baseline method (section 2.3.1), and the density estimation RMSE was calculated. These RMSE

values were then compared with the RMSE values obtained with methods based on spectral

reflectance. Note that the SegVeg segmentation model of Serouart et al. (2022) was trained on

images of 0.3 to 2 mm GSD, thus potentially causing some uncertainties in the segmentation

results obtained at 3.2 mm spatial resolution.
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3 Results

3.1 Plant density observations

In Avignon, Salin-de-Giraud, Gardanne, and Nanjing, the plots with different density
treatments showed larger variability in plant density (Figure 3A, B, C, I). Nanjing had lower
density values than the other plots, especially for the barley species. In Greoux-les-Bains and
Mauguio, the variability in density was smaller. The plant density of soft wheat, durum wheat, and
barley varied greatly. The rye was sown in Nanjing only, and it had limited density range (Figure
31).

For all the sites and species, most GF values tend to gather around the mean value, and
there are few samples that had obviously larger GF values. The largest GF values were in

Avignon site, especially for durum wheat and barley (Figure 3D).
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3.2 Relationship between the RGB-derived GF and

Density

The relationship between RGB-derived GF (GF_rgb) and density was explored. For example,
the data for barley in Avignon were plotted in Figure 4. For different view zenith angles and
different growth stages, the linear relationships between GF and density were strong, with rRMSE
values of density estimation not exceeding 20%. However, the slope strongly differed across
growth stages and view zenith angles, i.e., it decreased from one-leaf to three-leaf growth stages,
and from 0° to 45° view zenith angles.

The calibration relative RMSE values of density estimation from RGB-derived GF for all
species, sites, and stages are shown in Table 2. Only the Avignon, Gardanne, and Nanjing sites
had data for the three growth stages. For these three sites, the data showed strong relationships
between GF and density, yet some differences could be observed: the rRMSE averaged over
these three sites, the four species and the two view angles was smaller for Stage 2 (8%) and
Stage 3 (9%) compared to Stage 1 (13%), while 0° and 45° zenith angles had more similar
rRMSE values (10% vs 9%, respectively). The data from Salin-de-Giraud, Greoux-les-Bains, and

Mauguio often had larger rRMSE values, showing weaker relationships between GF and density
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Figure 4: Relationships between RGB-derived GF and barley plant density at the Avignon site for

the three growth stages and the two view zenith angles. The fitted linear regression models were
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forced to go through the origin. The calibration relative RMSE is shown for each relationship.



377 Table 2 Calibration relative RMSE values (in %) of density estimation with RGB-derived GF for each site, stage, and species. “/” means there were no

378 data collected for the case. Stage 1: from 1 to 1.6 leaves; Stage 2: from 1.7 to 2.3 leaves; Stage 3: from 2.4 to 3 leaves.
Number of rRMSE for 0° view zenith angle (%) Number of rRMSE for 45° view zenith angle (%)
Specie Site samples for samples for
s 0° and all Stage 1 Stage 2 Stage 3 45° and all Stage 1 Stage 2 Stage 3
stages stages
Avignon 19 19 10 12 10 20 10 13
Salin-de-Giraud 18 43 16 / 18 46 30 /
Soft Gardanne 12 8 14 14 12 14 7 7
wheat  Greoux-les-Bains 22 22 / 23 22 23 / 26
Mauguio 35 27 / 17 34 19 / 21
Nanjing 15 18 12 14 12 6 7 13
Avignon 19 14 12 8 12 15 10 10
Durum  Salin-de-Giraud 7 / 38 / 7 / 41 /
wheat Gardanne 12 3 5 7 12 7 2 5
Greoux-les-Bains 19 30 / 15 19 17 / 12
Avignon 19 20 11 12 12 17 7 9
Salin-de-Giraud 3 / 20 / 3 / 22
Barley Gardanne 12 3 11 5 12 17 6
Greoux-les-Bains 20 15 / 13 19 17 / 13
Nanjing 15 8 6 4 14 9 5
Rye Nanjing 15 17 5 6 13 10 8 6

379
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3.3 Ablation study on the effects of different factors

For spectra-GF and GF_rgb-density estimations for both view zenith angles, the performance
strongly varied with factor combinations, with the rRMSE values ranging from 28% to 49%, and
from 21% to 56% (Table 3). For spectra-GF, the best performance was obtained by calibrating
one sub-model per site that include the four species and the three growth stages together
(average rRMSE of 33% for 0° and 28% for 45°). For GF_rgb-density, the best performance was
obtained by calibrating one sub-model for each site, each species, and each growth stage
(average rRMSE of 23% for 0° and 21% for 45°). Not differentiating the species only slightly
degraded the performances (average rRMSE of 28% for 0° and 24% for 45°), while the other
factor combinations led to significantly worse GF_rgb-density estimation results. On the other
hand, the spectra-density estimation performance was less variable concerning factor
combination: the rRMSE value ranged from 30% to 42% for 0° and 45° view zenith angles. At 0°,
the best performances were obtained by calibrating one sub-model per site (average rRMSE of
35%), while at 45°, it was better to calibrate a general model including six sites, four species and
three growth stages (average rRMSE of 30%).

The effect of each factor can be shown by comparing the rRMSE before and after
differentiating this factor (Table 3). For spectra-GF estimation, differentiating sites led to an

obvious improvement in accuracy (row 7 versus row 8), but differentiating species (row 4) or
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stage (row 6) were not as effective. With finer differentiation of sub-models, the overall estimation

accuracy degraded (row 1). For GF_rgb-density estimation, differentiating growth stage and site

made a significant improvement to the estimation (row 5 versus row 8), and further differentiating

species yielded the best accuracy (row 1). For spectra-density estimation, the rRMSE values

were less variable, and the best factor combinations differed for 0° and 45°. For 0° observations,

differentiating sites slightly improved the general model (row 7 versus row 8), while for 45°

observations, calibrating a general model had the best accuracy (row 8). For spectra-density

estimation, further differentiation led to a decrease in accuracy.

Overall, the estimation was more accurate at the 45° view zenith angle than at 0° in 22 of 24

cases in Table 3.

Table 3 rRMSE values (in %) obtained for the different factor combinations, the three estimation
steps (Spectra-GF, GF_rgb-density, and Spectra-Density, see section 2.3.2), and the 0° and 45° view
zenith angles. “Diff-Spc” means “differentiate species”, “Diff-Stg” means “differentiate growth stages”,
and “Diff-Site” means “differentiate sites”. For each column, the best average rRMSE is in bold. For
the sake of simplicity, only five common bands were used here as inputs to the GPR models. The

asterisks (*) denote the values obtained using leave-one-out cross-validation (section 2.3.2). The

difference in average values of GF and density used to compute relative RMSE within each column

was ignorable.

Factor Combinations Spectra-GF GF_rgb—Density Spectra—Density
Diff-Spc  Diff-Stg  Diff-Site 0° 45° 0° 45° 0° 45°
< v N 47% 42% 23* 21% 42% 41%

N N X 47% 46* 35% 38%* 42% 38%*

J x J 43% 34% 47* 38* 40* 38*
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V X X 49 39 51 47 38 35
X V V 37 33* 28 24% 35 34*
x v x 35 33 40 44 36 31
X X V 33 28 49 39 35 31
X X X 41 33 56 54 36 30

3.4 Band selection with AIC:. for Spectra-GF

estimation

Forward band selection was applied to Spectra-GF estimation using the sum of AIC. values
as a criterion, with each AIC. value corresponding to one sub-model per site as recommended by
the above ablation study (section 3.3). The AIC. slightly decreased when adding one to four
bands to the GPR model, and then increased more and more rapidly when adding more bands
(Figure 5). The minimum sum of AIC. values was reached at four bands for 0° view zenith angle,
and three bands for 45° (Figure 5). These bands were 684, 759, 1128, and 1780 nm for 0° view
zenith angle, and 419, 759, and 1548 nm for 45°. The site-specific GF estimations with selected
bands got low RMSE values of 0.018 and 0.025 for 0° and 45°view zenith angles, respectively
(Figure 6). However, due to the low GF values considered, these RMSE corresponded to
moderate relative RMSE (rRMSE) values of 32% and 26% for 0° and 45° zenith angles,
respectively. The comparison between selected bands and the five common bands showed

subtle differences in rRMSE, i.e., 32% vs 33% for 0°, and 26% vs 28% for 45°.
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Figure 5: Results of forward band selection from 140 bands, showing AIC. as a function of the

number of input bands included in the GPR model for (A) 0° and (B) 45° view zenith angles. The

models were calibrated for each site. For 0° view zenith angle, bands selected at minimum AIC, were

684, 759, 1128, and 1780 nm (C). For the 45° view zenith angle, bands selected at minimum AIC,

were 419, 759, and 1548 nm (D). Numbers of bands greater than 25 were not shown because the

AIC. value could be invalid in that case.
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Figure 6: Spectra-GF estimation with five common bands or with optimal band sets for (A) 0° and

(B) 45° view zenith angles. One estimation was made for each site and the overall results are shown.

3.5 Accuracy of specifically calibrated estimation for

different sites, stages, and species

The density estimations were made based on the factor combinations chosen in section 3.3,

and the band combination chosen in section 3.4. The 45° view zenith angle was chosen because

it had a lower rRMSE than 0° with the chosen factor combination and band combination (Table 3).

Table 4 shows the average results obtained over ten replicated cross-validations, while Figure 7

shows scatter plots and residual plots obtained for one of these ten cross-validations. Note that

data from all species have been included in the results (Table 4, Figure 7), but the different
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species were not marked to keep the results clear.

Overall, the direct reflectance-based estimation method (Spectra-Density) got similar results

to the indirect method (Spectra-GF-Density) with RMSE values close to 77 plants/m2 (Table 4,

Figure 7A, C). The baseline image-based estimation method (GF_rgb-Density) performed better,

with an average RMSE value of 54 plants/m2 (Table 4, Figure 7E). Note that estimated density

values obtained with the direct method had a significantly smaller standard deviation (68

plants/m2) than those obtained with the indirect (105 plants/m2) and baseline methods (103

plants/m2), both of which were comparable to the standard deviation of true density values (101

plants/m2). All three methods (direct, indirect, and baseline) tended to overestimate the density

value when the true density value was low and to underestimate when the true density value was

high. This trend was most evident in the direct method, less evident in the indirect method, and

least evident in the baseline method (Figure 7B, D, F).

The estimation performance significantly differed across the different sites (Table 4). For

example, the direct and indirect estimations led to smaller RMSE values between 38 and 61

plants/m2 for Greoux-les-Bains and Mauguio, while they led to higher RMSE values between 92

and 102 plants/m® for Gardanne, Salin-de-Giraud, and Nanjing. Generally, direct and indirect

estimations were similar across sites. On the other hand, the RMSE values obtained with the

baseline method were significantly lower than those obtained with reflectance-based methods for

Avignon, Gardanne, and Nanjing, and similar for Salin-de-Giraud, Greoux-les-Bains, and
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Mauguio.

The differences among stages were checked through the comparison between pairs of

RMSE values. For example, when considering the six sites and three methods, there were 7 out

of 18 cases where RMSE could be computed for both Stage 1 and Stage 2 (Table 4). In 6 out of

these 7 cases, the density estimation was more accurate at Stage 2 than at Stage 1. A similar

paired comparison also showed that Stage 3 was better than Stage 1 in 8 out of 10 cases, while

Stage 2 was better than Stage 3 in 2 out of 3 cases (Table 4).
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Table 4 RMSE values (in plants/m?) obtained for plant density estimation at 45° view zenith angle with the direct and indirect reflectance-based methods,
and the baseline image-based method. The factor combinations and band combinations were chosen as described in section 3.3 and 3.4. RMSE values were
computed per growth stage and per site, and by grouping all growth stages and/or all sites. All species available were used to compute each RMSE value.
The RMSE values were the mean values calculated over ten replicated cross-validations. Stage 1: from 1 to 1.6 leaves; Stage 2: from 1.7 to 2.3 leaves; Stage

3: from 2.4 to 3 leaves. The symbol “/” in the cell means the number of samples is not sufficient for the estimation.

Direct method (Spectra-Density) Indirect method (Spectra-GF-Density) Baseline method (GF_rgb-Density)
Stage 1 Stage 2 Stage 3 All Stage 1 Stage 2 Stage 3 All Stage 1 Stage 2 Stage 3 All
stages stages stages
Avignon / 52 88 71 / 70 88 79 / 33 38 36
Salin-de-
137 66 / 100 134 74 / 102 137 62 / 99
Giraud
Gardanne 119 76 94 97 125 122 67 100 70 25 22 40
Greoux-
58 / 26 45 38 / 38 38 51 / 50 51
les-Bains
Mauguio 52 / 48 51 54 / 71 61 61 / 60 60
Nanjing 101 103 87 96 / 89 94 92 / 16 25 21
All sites 84 77 71 77 79 86 71 78 75 39 41 54
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Figure 7: Scatter plots for (A) direct and (C) indirect reflectance-based estimations, and (E)
baseline image-based estimation; and the residual plots of (B) direct, (D) indirect, and (F) baseline
estimations. The estimations were obtained at the 45° view zenith angle and based on the results of
the ablation study (section 3.3) and band selection (section 3.4). In scatter plots (A, C, E), growth
stages and sites are respectively shown using markers and colors, while species are not differentiated.
The sample size for each category (n) is also provided. In residual plots (B, D, F), each blue point
shows the residual for a data point, and each orange point shows the mean residual in its neighboring

area of 50 plants/m® width. The estimations correspond to one of the ten replicated cross-validations.

3.6 Image-based estimation vs. reflectance-based

estimation for different spatial resolutions

Image-based estimation was strongly affected by the spatial resolution of the RGB images
that were used to estimate GF_rgb (Figure 8, Figure 9). For the three growth stages and the two
view zenith angles, the plant density estimation RMSE of the baseline image-based method
remained stable up to 1 mm spatial resolution, then increased steadily up to 3.2 mm spatial
resolution. For both view zenith angles, the RMSE of the baseline method exceeds those
obtained using reflectance-based methods applied to our 736 mm spatial resolution spectrometer
data, when the RGB image spatial resolution was greater than 1 mm for Stage 1, 1.7 mm for

Stage 2, and 2 mm for Stage 3.
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Figure 8 Patches of images with different spatial resolutions as input (RGB) and output (binary) of
the SegVeg model in the first step of the baseline method (section 2.3.1). The GSD values are marked

below each column of images.
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512
513 Figure 9: Impact of RGB image spatial resolution on the density estimation RMSE obtained with
514 the baseline image-based method (dotted blue line), for the three growth stages (Stage 1: (A), (D);

515 Stage 2: (B), (E); Stage 3: (C), (F)) and the two view zenith angles (0° : (A), (B), (C); 45°: (D), (E), (F)).
516 This baseline method was calibrated for each site, each stage, and each species. For comparison, the
517 RMSE obtained with the direct (solid blue line) and indirect (solid orange line) reflectance-based

518 methods applied to 736 mm spatial resolution spectrometer measurements from section 3.5 were also
519 shown. RMSE values were averages obtained over ten replicated cross-validations. Stage 1: from 1 to

520 1.6 leaves; Stage 2: from 1.7 to 2.3 leaves; Stage 3: from 2.4 to 3 leaves.

521
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4 Discussion

41 The relationship between GF and density

strongly varies across view zenith angles, sites, and growth

stages

The slope of the relationship between GF and density for barley in Avignon changed with
view zenith angles and growth stages (Figure 4). Furthermore, the ablation study on the GF-
Density relationship showed that, for a given view zenith angle, it was important to differentiate
not only the stage but also the site, to significantly improve the density estimation accuracy based
on GF (Table 3).

Especially at the 45° view zenith angle, the site factor had a large and complex effect on the
GF-Density relationship. At least three sources of variation related to the site factor could be
identified. First, for the same species and the same growth stage, the plant vigor could change
according to soil and climate conditions, e.g., the air temperature or the soil type, thus affecting
the plant architecture and GF values. For example, plots in Avignon had GF values approximately
twice as large as those in Gardanne, even though both plots had the same species, the same

growth stage, and similar density (Figure 10A, C). The cause could be the higher temperature in
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Avignon or differences in water availability during the experimental period (section 2.1). The

second source of variation related to the site factor was the presence of weeds, which could

artificially increase the estimated GF value. This effect was particularly important in sites with a

large number of weeds such as Salin-de-Giraud (section 2.1, Figure 10B, F) because the GF

values were very small at such an early stage (Figure 6). Finally, the third source of variation was

the variability in soil roughness that could change the size and number of visible leaves at early

stages, especially at the 45° view zenith angle. For example, plants were entirely visible in

Avignon and Salin-de-Giraud where the soil surface was flat (Figure 10A, B), while only parts of

the plants were visible in Nanjing where the soil surface was rougher (Figure 10D).

The growth stage factor also significantly affected the GF-Density relationship for a given

view zenith angle, because this factor changed the size of plants. Later growth stages meant

larger plants, and thus the GF values were larger while the density remained the same.

Compared to site and growth stage factors, differentiating the species factor had a more

marginal yet positive effect on the GF-Density relationship (Table 3). As for growth stages, the

different species could have different plant architectures, i.e., not only different leaf sizes but also

different leaf orientations. For example, barley leaves were wider than wheat leaves in our

experiments and that could lead to differences in GF-Density relationship.

The large diversity in growth stages, sites, and species in our dataset (Table 1) and the

above results allow us to further discuss the results obtained by Gnadinger and Schmidhalter
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(2017), Wilke et al. (2021) and Liu et al. (2017). First, the poor relationship between GF and

density for maize observed by Gnadinger and Schmidhalter (2017) was probably due to the non-

differentiation of three growth stages, four cultivars, and six cultural practices, all of which led to

strongly different GF values for the same density. Second, our results confirm those of Wilke et al.

(2021), i.e., accurate plant density estimates can be obtained thanks to GF estimates when

differentiating species and growth stages. However, our results further demonstrate the critical

influence of the factor of site, which could not be observed by Wilke et al. (2021) since they only

had one site and one year. Finally, our results are in agreement with those of Liu et al. (2017), in

which GF was one of the most important inputs to the plant density estimation model. Liu et al.

(2017) also emphasized the need for site-specific calibration models but did not separate wheat

cultivars, probably because of the fewer differences observed among wheat cultivars as

compared to among straw cereal species in our study (soft wheat, durum, barley, rye). Our study

further demonstrates the importance of growth stage differentiation, since Liu et al. (2017) only

considered one stage.
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Figure 10: Examples of RGB images acquired at 45° view zenith angle for different sites: (A)

Avignon, (B) Salin-de-Giraud, (C) Gardanne, (D) Nanjing, and the corresponding binary images: (E),
(F), (G), (H). Plants in these plots were soft wheat, being in similar growth stages (1.8~2 leaves), with

similar plant density (113~133 plants/mz).
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4.2 GF is estimated more accurately using site-

specific models based on a few spectral bands acquired

from the 45° view zenith angle

The spectra-GF relationship was analyzed in the ablation study (Table 3, “Spectra-GF”
column). Differentiating only the site factor gave the best result, indicating that the site factor was
the most important. Indeed, the site factor could change the canopy reflectance through different
soil colors (Table 1, Figure 10) and reflectances, resulting in different canopy reflectances, even
for the same GF. What made this change even stronger was the fact that the soil fraction was
much larger than the vegetation fraction in the early stages. This explains the need for site-
specific models to estimate GF. On the other hand, the species and growth stage factors affect
the spectral reflectance through a change in vegetation structure and more specifically, mainly
through a change in GF. This fact could keep the spectra-GF relationship generally unchanged.
Furthermore, differentiating the species and growth stages in addition to the sites has a negative
effect on the estimation (Table 3, Spectra-GF), probably because this led to too small training
datasets and unstable GPR performance.

Using the 45° spectral observations for GF estimation generally performed better than using

0° observations (Table 3, Figure 6). One possible reason is the larger projection area of the
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plants in the 45° view zenith angle could help the small plants in the early stages to be more

easily detected by spectrometer and camera (Jin et al., 2017; Liu et al., 2017) (Figure 11).

The forward band selection method with AIC. (Figure 5) showed the importance of choosing

the right number of bands as inputs to the estimation model. When the number of bands was too

low, the model was not able to properly separate the influences of the different factors causing

variations in canopy reflectance, and thus not able to properly estimate GF. When the number of

bands was too high, the high AIC. values indicated that the model was less likely to reflect the

true relationship (Burnham and Anderson, 2004). Models with too many input variables could be

more sensitive to the noise, and more prone to overfitting. The best number of chosen bands was

three for the 45° view zenith angle and four for the 0° view zenith angle. In both cases, the model

got a balance between low error and parsimony.

However, the interpretation of selected bands for 0° (684, 759, 1128, and 1780 nm) and 45°

view zenith angles (419, 759, and 1548 nm) was difficult, even if bands in the red (684 nm) and

near-infrared (759 and 1128 nm) domains are often used for vegetation remote sensing due to

the strongly different responses of soil and vegetation in these spectral ranges. Despite the

already large dataset collected, more data would thus be needed to confirm these band

selections. Alternatively, using a common band set with five bands: B-G-R-RE-NIR led to slightly

poorer performance than using selected optimal band sets Figure 6). On one hand, this result

shows that forward band selection was effective in selecting an optimal band set for a specific
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dataset because this method yielded the optimal performance. On the other hand, it shows that

the common band set was sufficient for practical use, as it performed similarly to the selected

band sets.

Note that, despite the small RMSE of around 0.02 obtained for GF estimation, the rRMSE

was moderate (between 26% and 33%, Figure 6) because the overall GF values were also small

for the early stages. This explains the moderate plant density performances obtained with the

indirect method (Table 4, Figure 7), which used estimated GF values as inputs to the GF-Density

linear model.
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Figure 11 (A) Reflectance spectra acquired from 0° and 45° view zenith angles, and

corresponding images in (B) 0° and (C) 45° view zenith angle for barley of the same plot in Avignon
during the two-leaf stage. The 45° view zenith angle had larger reflectance values and larger GF

values.
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4.3 Reflectance-based methods provided less

accurate plant density estimates than image-based

methods for submillimeter image spatial resolutions

The direct (Spectra-Density) and indirect (Spectra-GF-Density) methods had similar error
values, but they showed different features. The direct method was slightly more accurate (Figure
7, Table 4). Another advantage of the direct method was that the best results were obtained using
a general model calibrated with all the data, which could be convenient for practical use. However,
this result is counter-intuitive, since the reflectance-based methods should be based on GF as a
proxy, and they should not be able to handle plants of different growth stages with only one
model. Therefore, this result should be confirmed using more data. A notable feature of the direct
method was that its standard error of estimated values was much less than that of the image-
based method. The direct method indeed overestimated plots with low-density values and
underestimated plots with high-density values more severely than the other two methods (Figure
7). As a result, the direct method is more likely to fail for plots with extremely low or high densities.

For the indirect method, the estimation was more interpretable. On one hand, ablation
studies could be made separately for the first step (Spectra-GF estimation) and the second step

(GF-density estimation). The ablation studies suggested different ways to make local calibration



643  for these two steps (Table 3), thus allowing us to make further analyses in sections 4.1 and 4.2.

644 On the other hand, the error of density estimation could be tracked in each step. For example, the

645  Salin-de-Giraud site and the Nanjing site showed great differences in the source of error (Table 4).

646  For the Salin-de-Giraud site, a large proportion of error came from the second step (GF-density

647  estimation), probably because of the detrimental influence of weeds (section 2.1). For the Nanjing

648  site, the error from the second step (GF-Density) was small, indicating that the large error of the

649  indirect method (Spectra-GF-Density) mainly came from the first step (Spectra-GF estimation). In

650 the Nanjing site, the rugged soil and small seedlings could make GF values smaller, such that an

651 error of 0.02 in GF estimation corresponded to a high relative error, leading to a high error in

652  density estimation.

653 The accuracy of reflectance-based methods was lower than that of the baseline method

654  based on submillimeter spatial resolution images (Table 4, Figure 7). In our study, reflectance-

655 based methods got the best density estimation results at Stage 3, either with direct or indirect

656  estimation, with an rRMSE value of around 28%. As a comparison, the baseline image-based

657 method achieved rRMSE values from 9% to 24%, which were consistent with other studies based

658  on submillimeter spatial resolution wheat images that reached relative errors between 9% and 17%

659 (Jin et al., 2017; Liu et al., 2017; Wilke et al., 2021). The superiority of image-based methods

660 could be explained by the possibility to remove the detrimental influence of soil from the

661 vegetation signal thanks to the high spatial resolution. Therefore, when submillimeter spatial
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resolution images are available, image-based estimation methods are recommended because

they usually yield higher accuracy than reflectance-based methods.

In practice, density estimation could be done for one growth stage, instead of all three growth

stages (Stage 1: 1.0~1.6 leaves; Stage 2: 1.7~2.3 leaves; Stage 3: 2.4~3.0 leaves). In our study,

the comparison between pairs of RMSE in section 3.5 shows that Stage 2 and Stage 3 were

better than Stage 1 in density estimation with the 45° zenith angle, with either the direct or

indirect reflectance-based method. A supportive perspective can be found in the work of Wilke et

al. (2021), where the 3-leaf stage was better than earlier stages for wheat or barley density

estimation using GF as a proxy. The indirect reflectance-based method and image-based method

in our work were similar to the method of Wilke et al. (2021). Conversely, contrasting

perspectives can be found in the work of Jin et al. (2017), and Liu et al. (2018), where

morphological analyses on binary vegetation images were applied, and where 1-leaf and 2-leaf

stages were preferred. At an earlier stage (e.g., 1-leaf), plants have less overlap, which could

facilitate morphological analysis, while at a later stage (e.g., 3-leaf), plants are larger so they are

easier to detect. This may explain the difference in the best growth stages with different methods.

Our study emphasizes an important limitation of methods that exploit the relationship

between density and GF: the estimation is affected by site, stage, and possibly species. A

possible solution for this problem is to calibrate one model for each site, stage, and species. To

avoid laborious manual counting that is necessary for calibration, image-based counting methods,
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e.g., based on deep learning detection algorithms (Liu et al., 2020; Shubhra et al., 2018; Tseng et
al., 2022), could be used because they have higher estimation accuracy, and their lower
throughput would be enough to build a small dataset for calibration. However, density estimation
approaches based on GF would still require substantial effort in data collection, not only to train
each model with a sufficient number of samples, but also to capture new data at the right growth

stage (or time window) so that these data can be used as input to the trained model.

44 Higher spectral resoluton can somehow

compensate for a lower spatial resolution to estimate plant

density over large fields

Estimations based on high spatial-resolution images have better accuracy, but it is hard to
collect high-resolution images with high throughput. Many of the studies on wheat and rice
seedling density estimation used ground-based or UAV images that were acquired at no more
than 20 m height (Jin et al., 2017; Liu et al., 2017; Liu et al., 2018; Liu et al., 2020; Shubhra et al.,
2018; Wilke et al., 2021). Calculating with the experimental plan of Jin et al. (2017), a UAV taking
photos at 10 meters height could cover 0.17 hectare in 1 hour. That could be an insufficient
throughput when sampling large fields of several hectares. In this case, one solution would be to

increase the altitude of the UAV, thus decreasing the image spatial resolution.
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However, when the spatial resolution gets coarser, the accuracy of image-based methods

decreases (Figure 9), while the accuracy of reflectance-based methods should not change. The

decrease in performance observed for the image-based method is due to the increasing number

of mixed soil/vegetation pixels (Figure 8) and is consistent with the results of Jin et al. (2017) who

recommended using spatial resolutions lower than 0.4 mm. On the other hand, canopy

reflectance should remain unchanged when degrading the spatial resolution if the canopy is

spatially homogeneous, according to the linear mixing model of reflectance spectrum (Adams et

al., 1986; Ritter and Urcid, 2010), thus the performance of reflectance-based methods should be

stable for different spatial resolutions. In our experiment, this performance was obtained with a

spatial resolution of about 736 mm, corresponding to the length of the side of a square with the

same area as the spectrometer’s field of view (Figure 1). According to Figure 9, the performances

of reflectance-based methods would exceed those of the baseline image-based method when the

GSD is larger than 1 to 2 mm for one-leaf to three-leaf stages, respectively. According to the

experimental settings of Roth et al. (2020), Wilke et al. (2021), and Jin et al. (2017), a spatial

resolution of 2 mm can be obtained by flying the UAV at about 10 m to 30 m height for focal lens

length ranging from 20 mm to 60 mm, respectively. This result would thus support the use of

reflectance-based estimation for UAV altitudes of more than 10 m to 30 m above the ground

depending on the optics, gaining higher throughputs in density estimation. Further studies are

needed to test this method on larger fields and UAV reflectance data.
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Note that the SegVeg model (Madec et al., 2023; Serouart et al., 2022) used to identify
vegetation pixels was trained on images with spatial resolution ranging from 0.3 to 2 mm (section
2.4), so the simulated GSD of 3.2 mm in Figure 9 was slightly outside of the applicable range of
SegVeg. While this may cause some uncertainties in the determination of the spatial resolution
where both reflectance-based and image-based methods perform the same (only for Stage 2 and
Stage 3), this will not change the general trend already observed from 0.2 to 1.6 mm, i.e., that the
performance of the image-based method decreases with increasing GSD.

By exploiting the spectral information, and especially a combination of NIR and visible bands
where the responses of soil and vegetation are strongly different, it becomes possible to
somehow compensate for lower spatial information (Jacquemoud et al., 2009). This is consistent
with the results of Wilke et al. (2021), who demonstrated that a multispectral camera could
provide better plant density estimates based on image thresholding than an RGB camera, despite
the lower spatial resolution of multispectral images (7 mm vs. 2 mm). In addition, our work shows
that, for even coarser spatial resolutions for which soil and vegetation cannot be discriminated,

canopy reflectance can be a reasonable proxy of GF and plant density.

5 Conclusion

In this study, the straw cereal plant density at early stages was estimated from spectral
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reflectance measured at the nadir or from 45° view zenith angle, with (indirect method) or without

(direct method) using GF as a proxy. The results were compared to those obtained with a popular

image-based method, using a large and diverse dataset including different sites, species, and

growth stages. According to the ablation study performed with five common spectral bands, the

spectra-GF estimation (first step of indirect estimation) was site-specific and stage-specific; the

GF-density estimation (second step of indirect estimation) was site-specific, stage-specific, and

species-specific; the spectra-density estimation (direct estimation) was not specific at all. Using a

45° view zenith angle showed slightly better performance on average so 45° was chosen. Using

only three spectral bands selected by minimizing the AIC. criteria, the direct and indirect

estimations had similar relative errors of around 30% (RMSE = 76 plants/m2), while better

performance was obtained with the image-based method when using submillimeter image spatial

resolutions (RMSE = 54 plants/m2). However, a study on downsampled images showed that

reflectance-based estimation outperformed image-based estimation when the GSD of images

was larger than a threshold between 1 to 2 mm depending on growth stages, thus reflectance-

based estimation has a better potential for high-throughput estimation of straw cereal plant

density.

The proposed indirect plant density estimation method could be applied to UAV multispectral

images to get high-throughput density estimates. This potential was supported by two reasons.

First, the commonly used band set of commercial multispectral cameras (B, G, R, RE, NIR)
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performed almost as well as chosen bands from the spectrometer in spectra-GF estimation,
showing there is enough information in this band set for the density estimation task. Second, this
reflectance-based method is robust to a degradation in spatial resolution, which means it allows
higher flying altitudes and higher throughput, while keeping the same accuracy.

A general model of direct density estimation may be possible, but this somewhat unexpected
result did not explain its capability in handling different growth stages. This will need to be
confirmed with a larger dataset with different varieties, different sites, and different growth stages

as factors.
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