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Abstract: Radiation Use Efficiency (RUE) defines the productivity with which absorbed
photosynthetically active radiation (APAR) is converted to plant biomass. Readily used in crop
growth models to predict dry matter accumulation, RUE is commonly determined by elaborate
static sensor measurements in the field. Different definitions are used, based on total absorbed PAR
(RUEtotal) or PAR absorbed by the photosynthetically active leaf tissue only (RUEgreen). Previous
studies have shown that the fraction of PAR absorbed (fAPAR), which supports the assessment of
RUE, can be reliably estimated via remote sensing (RS), but unfortunately at spatial resolutions too
coarse for experimental agriculture. UAV-based RS offers the possibility to cover plant reflectance at
very high spatial and temporal resolution, possibly covering several experimental plots in little time.
We investigated if (a) UAV-based low-cost camera imagery allowed estimating RUEs in different
experimental plots where maize was cultivated in the growing season of 2016, (b) those values were
different from the ones previously reported in literature and (c) there was a difference between
RUEtotal and RUEgreen. We determined fractional cover and canopy reflectance based on the RS
imagery. Our study found that RUEtotal ranges between 4.05 and 4.59, and RUEgreen between 4.11
and 4.65. These values are higher than those published in other research articles, but not outside the
range of plausibility. The difference between RUEtotal and RUEgreen was minimal, possibly due to
prolonged canopy greenness induced by the stay-green trait of the cultivar grown. The procedure
presented here makes time-consuming APAR measurements for determining RUE especially in large
experiments superfluous.

Keywords: light use efficiency; UAV; modified consumer camera; fAPAR; extinction coefficient;
reflectance

1. Introduction

In agronomy, radiation-use efficiency (RUE, also referred to as light use efficiency LUE) is defined
as crop biomass produced per unit of total solar radiation or photosynthetically active radiation (PAR)
intercepted by the canopy [1]. It follows the concept introduced decades ago [2], where the amount of
photosynthates or dry biomass production (DM in g m−2) is expressed as the product of the fraction of
absorbed photosynthetically active radiation (fAPAR, with APAR defined as absorbed solar radiation
between 400 and 700 nm wavelength in MJ m−2) and the efficiency (ε) with which the absorbed light
is converted into fixed carbon (Equation (1)).
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DM = fAPAR× PAR× ε (1)

This concept is widely used in dynamic crop growth modelling [1], where daily biomass
production is estimated as the product of the amount of radiation intercepted and the RUE for
forecasting crop growth and yield. The model’s estimation accuracy is affected by limitations
of the model itself, because factors influencing biomass production are not considered by the
model, and when model parameters or input variables, such as cultivar-dependent RUE, are
not available [3]. Commonly, a constant RUE value is assumed, determined by elaborate field
measurements. Unfortunately, there is no standardized procedure to estimate RUE, which has led to
various units and experimental approaches [4]. Gitelson and Gamon [5] point out that there are at least
three widely used definitions of photosynthetic RUE based on

1. incoming radiation (RUEinc) calculated as

RUEinc = DM/PARinc (2)

with PARinc = incident PAR and DM = dry matter produced,

2. total absorbed light (RUEtotal), calculated as

RUEtotal = DM/(fAPAR× PARinc) (3)

with fAPAR as the fraction of daily PAR absorbed, and

3. radiation absorbed by photosynthetically active vegetation (RUEgreen), calculated as

RUEgreen =
DM

fAPARgreen
× PARinc (4)

with fAPARgreen calculated as

fAPARgreen = fAPAR× (
greenLAI
totalLAI

) (5)

where green leaf area index (gLAI) describes the photosynthetically functional leaf tissue per
unit ground area, and total LAI the combination of both green and senesced (i.e., brown) leaf area
per unit ground area. The authors furthermore argue that the estimation of crop productivity could
be different if different RUE definitions are used, and so they recommend considering RUEgreen as
the standard RUE definition, since it is not confounded by changing pigment and green canopy
structure during plant growth and senescence [5]. During the vegetative stage, when LAIgreen is equal
to total LAI, fAPARgreen represents the fraction of absorbed photosynthetically active radiation used
for photosynthesis. However, during the reproductive stage and subsequent senescence, fAPARtotal
becomes insensitive to decreasing crop greenness since both, photosynthetic and non-photosynthetic
components, intercept PARinc, while progressively less is used for photosynthesis. Therefore, to obtain
a measure of the fAPAR absorbed solely by the photosynthetic component of the vegetation, the fraction
of radiation absorbed by photosynthetically active green vegetation (fAPARgreen) is calculated [6].

The most widely used method to calculate RUE is to fit a linear relationship between cumulative
biomass accumulation and cumulative radiation interception, with the slope of the linear relationship
representing the RUE [4]. The determination of RUEinc and RUEtotal in the field requires the
measurement of intercepted or absorbed radiation and dry biomass at time intervals that are adequate
for accurate estimations of both [1]. The determination of RUEgreen requires additional measurements
of green LAI and brown LAI (i.e., senesced material). Dry biomass used in the calculation usually
comprises net aboveground biomass, but not root mass [4]. Absorbed PAR (APAR) is commonly
derived as:

APAR = PARinc − PARout − PARtrans + PARsoil (6)
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with PARinc representing the incoming PAR radiation above the canopy, PARout the PAR radiation
reflected by canopy and soil, PARtrans the PAR radiation transmitted through the canopy and PARsoil
the PAR radiation reflected by the soil (and subsequently absorbed by plant tissue). PARinc is measured
by a sensor above the canopy, pointing towards the sky, PARout with a sensor pointing downwards
towards the canopy. PARtrans is tracked with a sensor placed just above the ground underneath the
canopy looking upward, and PARsoil with a sensor placed a few centimeters above the ground, looking
downward (e.g., done by [6–8]).

RUE can be affected by environmental factors such as temperature, radiation and air humidity, or
by plant factors such as nutritional and water status, plant development, and source-sink regulation [1].
It is therefore critical that estimates of crop growth and RUE are obtained under optimal growth
conditions [7]. A range of potential maize (Zea mays L.) RUE values have been reported in the literature
(see Table 1 for a list), with most values ranging between 3.3 g MJ−1 and 3.8 g MJ−1.

The overall RUE of a maize crop throughout the growing season strongly depends on the
duration of greenness of plant tissue. Recently, the stay green (SG) trait has been identified as an
important component in the genetic improvement of several crops to promote stress tolerance and
yield improvement [9]. In maize, this is associated with delayed canopy senescence compared to
standard genotypes, which implies a longer period of photosynthetic activity and a longer N retention
in the leaves during grain filling, but also lower kernel N concentrations, which might result in lower
grain yield [10]. Swanckaert et al. [11] found, however, that the stay green trait does not necessarily
provoke higher assimilate accumulation in the leaves, but is rather a cosmetic one [11].

Table 1. List of maximum radiation use efficiency (RUE) values reported for maize.

Source Average RUE Based on Location Comments

[7] 3.8 g MJ−1 APAR Sterling, NE, and
Lincoln NE, USA

Near-optimal growth conditions, five
growing seasons, irrigated

[6] 2.24 gC MJ−1 APARgreen Mead, NE, USA
Multiyear observations, irrigated and
rainfed, high variability within
maize cultivars

[12] 3.35 g MJ−1 IPAR Ames, IA, USA One growing season, rainfed

[4]
1.6 g MJ−1 during vegetative

growth, 1.7 g MJ−1 during
reproductive growth

Solar radiation Various
Review of publications from different
locations with different
measurement techniques

[13] 3.3 g MJ−1 APAR Toulouse, France Three growing seasons, irrigated

[14] 3.41 g MJ−1 APAR Southern Ontario,
Canada

One growing season, rainfed,
nitrogen/no nitrogen treatment

Factors for conversion to total solar radiation basis: 0.5 for IPAR, 0.425 for APAR [4].

Remote sensing offers potential to reliably estimate the fraction of incoming PAR absorbed by
active tissue in the canopy, even across larger areas. This is based on the premise that surface structural
and optical properties are governed by the vegetation fraction and leaf area index. The interlink is
established either via relating fAPAR to spectral vegetation indices (SVI) or via the usage of radiation
transfer models [15]. In mixed pixels containing different land covers, precise land cover estimation
through remote sensing is challenging. The SVI-fAPAR model is commonly chosen where the spectral
reflectance is a linear combination of values of background soil and vegetation [16].

UAV-based remote sensing offers coverage at unpreceded spatial and temporal resolutions due to
the low flying altitudes and the versatile, flexible employment of the platform possibly independent
from irradiation conditions. UAV-based applications in agronomy comprise biomass estimation
via plant height measurements [17,18], LAI estimation [19,20], analysis of phenology [21] and yield
prediction [22–24], amongst others.

Well-calibrated UAV-based spectral imagery provides reflectance information at much greater
detail than other sensors, which reduces the amount of mixed pixels combining soil and vegetation
information. This could be used to draw conclusion on the light absorption ability of crop canopies
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over the course of the growing season, especially within small-scale experimental plots. Furthermore,
the spatial resolution allows for the separation of plant tissue, soil and other features in the field.

Based on these findings, we asked:

1. Does UAV-based commercial off-the-shelf (COTS) digital camera imagery reflectance data
allow for fAPAR estimation support, for ultimately determining RUEs of maize in small-scale
experimental plots of variable LAI and biomass development (measured destructively)?

2. Do RUE values of maize derived from this technique differ substantially from field-collected ones
reported in the literature?

3. Is there a difference between RUEtotal and RUEgreen in the treatments?

We are not aware of any study that partly estimates fAPAR for RUE determination from
UAV-based low-cost camera imagery.

2. Material and Methods

2.1. Study Site and Field Experiment

The field experiment was established in 2016 at Campus Klein-Altendorf (CKA), University of
Bonn’s own agricultural research facility located southwest the city of Bonn, Germany (6◦59′32′′ E,
50◦37′51′′ N, 184 m above sea level). Climate is characterized by temperate humid conditions with
maritime influence. Long-term average precipitation is 625 mm; average temperature is 9.6 ◦C. The soil
is classified as alkaline, nutrient-rich Haplic Luvisol that developed from Loess [25,26].

The sole purpose of this experiment was to expand plant productivity by formation of different leaf
areas; variability in biomass thus resulted from different light absorption over time. Our assumption
was to thereby improve the general statement of this study, which could represent heterogeneous
growth in a common field. It was not our intention to investigate the influence of management on
biomass accumulation.

Established in a random sampling design, the experiment consisted of a combination of two plant
densities (PD) and two treatments of nitrogen (N). The plant densities comprised 50,000 plants ha−1

and 100,000 plants ha−1, the nitrogen treatments 100 kg ha−1 and 200 kg ha−1, respectively. Every
treatment was conducted on a plot sized 3 × 30 m, with 5 repetitions each. Row spacing was 0.75 m
(i.e., 4 rows per plot). Nitrogen was applied as inorganic ammonium sulphate (ASN) before planting as
one-time treatment. Pesticides were applied according to standard practices, and no irrigation scheme
was practiced. All treatments were checked for wrongly set plants. Low plant density plots were
manually thinned out after emergence.

Rainfall, air temperature at 2 m aboveground and incoming global solar radiation were recorded
at the research station’s weather station (GWU-Umwelttechnik GmbH, Erftstadt, Germany) in the
vicinity of the field.

The hybrid cultivar Ricardinio (KWS Saaten AG, Einbeck, Germany) with stay-green
characteristics was grown, which has a recommended plant density, according to the seed producer,
of 90,000–95,000 plants ha−1 in non-water limited environments (see Table 2 for further information,
including captured phenological stages according to BBCH scale). The temperature sum was calculated
using 8 ◦C as base temperature as confirmed for temperate climates by Birch et al. [27]. Temperatures
beyond 30 ◦C were included in the calculation as the maximum temperature of 30 ◦C, since no increased
growth was observed beyond that temperature. A total sum of 353.1 mm of precipitation was recorded
between planting and harvest. The recorded long-term average (1956–2017) precipitation from May to
October is 361 mm (www.cka.uni-bonn.de, accessed on 15 January 2018).

www.cka.uni-bonn.de
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Table 2. Basic data of the trial.

BBCH Stage Date Temperature Sum [◦Cd]

Planting Date 4 May 2016 -
Emergence 10 May 2016 44.45

Begin Flowering 15 July 2016 585.72
Fruit Development: Milk-ripe stage 15 August 2016 918.41

Full ripening 23 September 2016 1346.67
Harvest 29 October 2016 1454.2

2.2. Leaf Area Index and Dry Biomass Measurements

For measuring leaf area index, 0.5 m of plants in two adjacent rows were sampled destructively at
two positions within 4 plots of each treatment at every sampling date (i.e., 4 treatments × 4 plots ×
2 samples = 32 samples per sampling date). To minimize edge effects, we did not sample the outer rows
of each plot and skipped 0.5 m of standing plants between the collection dates. Four plots (i.e., one plot
per treatment) remained unsampled during the entire course of the trial. Samples were immediately
transported back to the institute and split into green and senescent material by visual assessment.
Green and senescent leaf area was measured separately using the LI-COR LI-3100C area meter (LI-COR
Inc., Lincoln, NE, USA). gLAI and brown LAI respectively, was determined by dividing the leaf area
of each sample by the sampling area (i.e., leaf area/0.75 m2). Samples were taken on ten dates in 2016,
with an interval of roughly 14 days. Assessing leaf area by destructive sampling is considered the most
accurate method and often serves as calibration for indirect measurement techniques [28].

Aboveground biomass was measured from the same samples taken for leaf area measurements.
Samples were oven-dried at 105 ◦C for at least 48 h until constant weight and weighed subsequently.

2.3. Collection of Spectral Data and Preprocessing

Spectral data was collected using two Canon ELPH 110 HS digital compact red-green-blue (RGB)
cameras, modified by LDP LLC Inc. (Carlstad, NJ, USA). The cameras 1 2/3 inch sized CMOS sensor
comprised 4608 × 3456 recording pixels (i.e., 16.1 Megapixels). The first camera (hereafter: RGNIR
camera) was fitted a blue rejection filter, with sensitivity in the red, green and near-infrared (NIR)
domain from roughly 800–900 nm. The information in the blue band was replaced by information in
the NIR domain. The second camera (hereafter: BGNIR camera) was fitted with a dual-band-pass filter
that blocks light in the red domain; this rendered the sensor sensitive for NIR light in the wavelengths
680 nm to 780 nm. The RGNIR camera delivered R = Red + NIR, G = Green + NIR and B = NIR only,
the BGNIR camera delivered B = Blue + NIR, G = Green and R = NIR.

The cameras were mounted inside a frame underneath a Mikrokopter OktoXL6S12 (HiSystems
GmbH, Moormerland, Germany) octocopter. Data was collected around noon to avoid shadow cast,
on mostly cloud-free days, immediately before the sampling of the plants. Images were acquired from
an altitude of 50 m (~ground sampling distance of 1.5 cm) at nadir view, with a focal length of 4.3 mm
and a variable shutter speed that was adjusted from one campaign to the next, depending on incident
light conditions. Three differently grey-scaled reference targets placed next to the field served for the
conversion to reflectance values (with nominal reflections of ~4%, ~16% and ~58% of light).

Images captured in RAW format were subsequently corrected for lens barrel distortion, vignetting
effects [21,29] and NIR band interference before being converted to reflectance values using
the empirical line calibration method [30]. Orthomosaics were created using Agisoft Photoscan
Professional (Agisoft LLC, St. Petersburg, Russia).

2.4. Image Classification and Estimation of Fractional Cover

We classified each orthomosaic into the components plant tissue, illuminated soil and shaded
soil (cast from plants) using the supervised random forest (RF) classifier implemented in R’s [31]
RStoolbox [32]. RF is a powerful classifier and widely used in RS applications based on multispectral
and hyperspectral data [33,34].
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We estimated fractional cover (fCover, i.e., the area of each sampling plot covered by plant material
in relation to the entire plot area) to relate reflectance of plant tissue to the gap fraction that would be
measured by static sensors in the field. To do this, we divided the number of pixels classified as plant
tissue within each sampling plot by the number of total pixels (comprising plant tissue, illuminated
soil and shaded soil).

For removal of non-plant reflectances, the classes ‘illuminated soil’ and ‘shaded soil’ were
subsequently masked and pixel values were replaced with missing values. Pixel values of plant
tissue were extracted and averaged within exactly the same ground area of the field where each
sample was taken, using the raster [35] package implemented in R [31]. NA values were ignored in
the calculation.

Figure 1 shows the example of an original image, the classification and the image after removal of
soil pixels.
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Figure 1. Example of an original image (left), the classification (center) with green representing plant
tissue, brown representing illuminated soil, and black representing shaded soil. The third image (right)
shows original image after removal of soil pixels. Black rectangles delineate spots where plants were
later sampled destructively for LAI and biomass measurements.

2.5. Derivation of fAPAR and APAR

fAPARtotal and fAPARgreen were calculated as shown in Equations (7) and (8). fPARout describes
the fraction of incoming PAR (PARinc) that was reflected by the canopy, fPARtrans the fraction of
PARinc that was transmitted through the canopy. fPARsoil is the fraction of PAR transmitted through
the canopy that was reflected by the soil. fCover describes the fractional vegetation cover in each
sampling plot.

fAPARtotal = (100%− fPARout − fPARtrans + fPARsoil)× fCover (7)

fAPARgreen = fAPARtotal × (
gLAI

totalLAI
) (8)

In order to derive RUE based on UAV-based low cost imagery, we assumed the following:

• The spectrum captured by the blue, red and green bands of the cameras corresponded roughly to
the spectrum of photosynthetically active radiation (PAR, 400–700 nm).

• PARinc (derived as 0.5× total solar radiation) measured by the weather station corresponded to
PARinc above the canopy in the field.

• fPARout corresponded to the average reflectance value (%) of plant tissue that was derived from
the red, green and blue bands of the converted camera imagery.
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• fPARtrans was not measured directly. We estimated the fraction of PAR transmitted through the
canopy by applying the Lambert–Beer law Equation (9), where k is the extinction coefficient and
gLAI the green leaf area index:

fPARtrans = e−k × gLAI (9)

A number of k values have been reported for maize, with recent publications suggesting a range
between 0.49 [7], 0.63 [36] and 0.65 [37] for maize hybrid plants. We selected a k value of 0.55 for
our analysis.

• fPARsoil reflects a fixed amount of fPARtrans back into the direction of the canopy, where it is
absorbed by the plants. We averaged all pixel values in the class ‘illuminated soil’, thereby
neglecting those influences that vary soil moisture levels and so affect soil reflectance. An
average reflectance of 10% was assumed, based on the average of soil reflectance within the class
‘illuminated soil’.

• Temporal increase in fAPAR between sampling dates follows a linear relationship.
• The plants grew free from environmental stresses.

2.6. Calculation of RUE

RUE was derived using the cumulative biomass and APAR method, since the majority of studies
relies on this method. The amount of PAR that was absorbed by the plants was derived for each
sampling date by calculating the definite integral in the plot of cumulated PAR over the growing season
vs. fAPARtotal and fAPARgreen, respectively. This value was plotted against destructively-measured
dry biomass; the slope of the linear regression indicated the RUE.

The entire workflow is illustrated in Figure 2.
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3. Results

3.1. Green LAI, Brown LAI and Fractional Cover Development

The growing season 2016 passed without any major disruptive events. We took the first LAI
and biomass samples in mid-June and the last samples in mid-October. The mean gLAI ranged from
0.15 to 0.35 on the first measurement day (15 June, 312 ◦Cd), over 2.2 to 3.83 (15 August, 918 ◦Cd)
in mid-season to 0.75 and 2.57 on the last measurement day (16 October, 1436 ◦Cd). Figure 3 shows
the average gLAI development per treatment. On average, gLAI values >4 were rarely measured,
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the absolute peak value was 5.53. Lindquist et al. [7] reported peak gLAI values between 4.8 to 7.8 in
different years, Liu et al. [36] values up to 7.53 and Timlin et al. [38] average values between 2.2 and
4.28, with peak values between 3 and 5.62.
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Mean brown LAI ranged between 0.75 and 2.57 on the last measurement day. Although not in
focus of this study, we point out that senescence occurred earlier and faster in the high than in the low
plant densities (Figure 3). Low plant densities showed more green than brown leaf area at the last
measurement date, contrary to the high plant densities.

fCover ranged from 15% to 36% at the beginning of the measurement period. It increased quickly,
and reached its maximum in all treatments around 828 ◦Cd (Figure 4), with an average of 88% to 96%
of the measurement plots covered with plant tissue. fCover dropped to an average between 70% and
76% at the end of the growing season.
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3.2. Biomass Development

The development of average biomass per treatment vs. growing degree days is shown in Figure 5.
The accumulation followed a typical sigmoidal growth curve, including a decreasing accumulation
rate towards the end of the growing season. Measured average values ranged between 14 g m−2

and 32 g m−2 on the first measurement date and between 1063 g m−2 and 1433 g m−2 in mid-season.
The average biomass measured at the last sampling date (16 October) comprised 1384 g m−2 in the
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Given the broad range of measured gLAI and biomass values measured across treatments and
over time, the desired variability induced by the field experiment was obtained.

3.3. Radiation Use Efficiency Development

Figure 6 shows the sum of incoming PAR vs. fAPARtotal (left) and vs. fAPARgreen (right).
The course of the curves in both plots was identical until beyond 1000 MJ m−2 accumulated PAR.
Differences were only visible towards the end of the growing season, where fAPARtotal decreased
comparatively less due to the stronger influence of reflectance of the senesced leaves. fAPAR of
the S2N2 treatment was the highest during most of the growing season and dropped to the lowest
towards the end of the growing season. RUEtotal values for different treatments were 4.3 (S1N1),
4.6 (S1N2), 4.05 (S2N1) and 4.07 (S2N2). Differences to RUEgreen values were marginal, with 4.33 (S1N1),
4.65 (S1N2), 4.11 (S2N1) and 4.13 (S2N2) reported for the latter (Figure 7).
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4. Discussion

In this study, we determined RUE of maize based on UAV low-cost camera imagery. We are
presenting one-year data on the relationship between spectral reflectance of maize canopies, their PAR
absorbed and biomass production at the same time intervals. The focal point laid on the capability
to derive RUE of maize based on UAV-derived reflectance data rather than on the investigation of N
and PD effects, which might vary between years. fPARout, biomass and LAI were measured biweekly
in four different treatments, which resulted in an extraordinary comprehensive dataset, thus making
yearly replications of measurement series unnecessary.

4.1. Camera Sensitivity

In this study, we assumed that the sensitivity of the red, green and blue bands of the cameras
corresponded to the spectral region of PAR. The spectral sensitivity of the bands and wavelength
transmittance of filters of most COTS cameras are unknown, unless exposed to monochromatic
light [39]. We did not examine the response of our cameras employed. Berra et al. [39] investigated the
spectral sensitivity of several unmodified and one filter-modified camera, and found that all of the
unmodified cameras showed similar ranges within the visible spectrum, with almost all of the RGB
channels covering the range of 400–700 nm, but with varying degrees of sensitivity and substantial
band overlap [39]. The filter-modified camera exhibited well-characterized sensitivities in the visible
range that were narrower and of more equal intensities than those of the unmodified cameras. We
are convinced that, in our case, the influences of varying sensitivities were minimized by the band
wise conversion to reflectance values. Admittedly, sensitivity curves generally follow a bell shape [39]
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contrary to PAR quantum sensors, which closely follows the ideal quantum response [40]. Given
this and the overlapping band sensitivities, we are uncertain to make a statement about whether our
approach tended to under- or overestimate true PAR reflectance. We encourage future researchers to
look into this subject matter.

4.2. Green and Brown LAI Development and Measurement Techniques

For this study, green and brown LAI was measured to calculate RUEgreen (see Equations (4)
and (5)). Contrary to studies that rely on indirect LAI measurement methods via the transmission of
radiation in the canopy, we used the direct method of harvesting the maize plants and measuring the
area of all leaves within the delimited area. Compared to destructive sampling, indirect methods often
underestimate LAI values in maize [41,42]. In this study, plants were harvested per area, not per count.
Sampling was conducted at uncommonly very high temporal resolution (~every two weeks). Given
the detailed knowledge about plant population and the precision of the measurement method, we
have strong confidence in the accuracy of our measured green and brown LAI values.

However, discrepancy remains between the destructively measured area of green leaves and
the functional parts of the canopy which influence the spectral signal and are sensed by the cameras,
comprising not only leaves, but other parts of the crop, such as stem and husks (commonly referred to
as Green Area Index) [43,44]. We are not aware of any literature that discusses a potential influence of
green plant organs, apart from leaves, on reflectance and gLAI estimates by RS, especially in taller crops
where organ area is hard to measure. Given the large area of leaves of maize plants, we hypothesize
that the influence of other organs to the overall signal is negligible.

4.3. fAPAR Calculation Assumptions

Light attenuation in maize is influenced by canopy architecture, defined in terms of the size,
shape and orientation of the aboveground components of the plant [37]. Canopy architecture is
influenced by various factors such as management via plant density [38] and row spacing [45], as
well as cultivar-specific properties (plant height, leaf number, leaf angle distribution). Modern maize
hybrids usually have erect leaves above the ear and flat leaves below the ear [46], with erectophile
hybrids usually associated with k-values < 0.5 [47]. Huang et al. [46] recently found k-values between
0.56–0.74. This shows that estimation of canopy transmittance via the Beer’s law remains a great source
of uncertainty.

Contrary to other studies estimating RUE in maize, we did not cultivate the maize crops under
irrigated conditions. We assume that water stress did not occur at any time, given the amount of
precipitation that fell over the course of the growing season. We furthermore calculated soil moisture
retention from data of a physical soil properties analysis [25] and concluded that soil-moisture tension
did not exceed pF values of 3 in 30 cm soil depth until flowering, and at no point in time in 60 cm and
90 cm soil depth (soil moisture measured with EC-5 sensors (Decagon Devices Inc., Pullman, WA, USA)
installed in-between the two mid-rows of the unsampled plots, data not shown). Additionally, we did
not observe leaf rolling, which is one of the main plant reactions to water stress. Given this, heat stress
is also assumed to be minimal, since the critical canopy temperature is generally reduced by the cooling
effect of water transpiration [48]. Our approach furthermore assumed that PARsoil absorbed by the
canopy comprises radiation transmitted through the canopy only; we neglected directional or diffuse
reflection from the surrounding area of the plants. The influence was possibly larger during early
growing stages before canopy closure. Especially illuminated soil in-between the rows, which was not
covered by leaf tissue yet, could have contributed to PAR absorption to a larger extent. Additionally,
the contribution of varying soil moisture to the PARsoil remains unknown. Wet soils commonly reflect
less PAR than dry soils [49]. A number of studies neglected PARsoil altogether, assuming to have
only little influence on APAR (e.g., [7,50]). Gallo and Daughtry [51] found that intercepted PAR (i.e.,
1-PARtrans) overestimated APAR in a maize canopy throughout most of the growing season by less
than 4%, which emphasizes the little influence of PARsoil on total APAR.
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4.4. RUE Values

The RUE values derived in this study were higher than those published in recent articles.
Lindquist et al. [7] found an RUE of 3.8 g MJ−1 APAR for aboveground biomass accumulation, PARsoil
was not measured. We consider the values presented here plausible, given the trends in biomass
increase induced by improved plant breeding. Biomass increase in modern maize hybrids is mostly
attributable to higher plant density tolerance [52], which results from increased light intensity in the
mid and lower canopy layers. Maize adapts to increased density by increasing leaf spacing below the
ear and the leaf orientation above the ear, and by reducing leaf width and leaf angle [53]. Lower RUE
in high plant densities could be a result of decreased absorption efficiency due to more self-shading.

In agreement with Lindquist et al. [7], we also cannot support the common perception that RUE
declines during grain fill. Both absorption and biomass increase occurred until the last sampling date.

Unfortunately, no statistical analysis was possible to determine differences or similarities between
RUEgreen and RUEtotal, and the impact of different treatments. RUEgreen and RUEtotal values of the
same treatments did not differ considerably. Figure 6 furthermore suggests that a difference between
fAPARtotal and fAPARgreen only occurred towards the end of the growing season, around the full
ripening stage. The influence of the stay green trait possibly caused this; the longer maintenance
of greenness resulted in a weak influence of senesced material to plant reflectance. Although both
approaches produce similar results, we nevertheless recommend relying on the RUEgreen concepts,
since the onset of senescence is both cultivar- and weather driven.

Since root mass is difficult to measure, it is commonly not included in RUE estimations.
The inclusion would inevitably result in higher values. Root mass of maize around anthesis may
comprise 15% to 40% of the total crop mass. N fertilization might decrease root mass or show no
impact at all [54].

As mentioned above, we computed RUE via cumulative APAR. However, Mitchell et al. [55]
pointed out that this method gives false confidence in the true actual value of RUE and so obscures
all variation in RUE with time. In fact, the temporal behaviour of RUE is characterized by short term
facultative (day-to-day) and long term constitutive (seasonal) variations [6]. RUEgreen can vary more
than three-fold over the season with no clear pattern, and additionally show day-to-day variability,
depending on the physiological status of the vegetation. The daily variability of PAR also causes
RUEgreen day-to-day oscillation, with a decrease due to excessive PARinc, which cannot be efficiently
used by the maize plant. The long-term variation is affected by the physiological status and phenology,
furthermore by the temporal changes of green and brown plant tissue [6].

5. Conclusions

This study showed that UAV-based reflectance data derived from low-cost camera imagery
could be used to support the derivation of RUE values in small-scale experimental plots (provided
that the data is well-preprocessed). The great advantage of this approach is that fractional cover
and fPARout as necessary inputs for the calculation of RUE can be sensed over larger areas, and
not just point-based. Possibly, the above-mentioned parameters could be mapped at small spatial
scales (e.g., m2) in fields, thereby revealing heterogeneous patterns that would otherwise remain
undetected. A cultivar-dependent RUE derivation is possible; this gives crop modelers the chance
to improve radiation-driven crop growth models. gLAI can also be mapped with the help of UAVs
and multispectral or hyperspectral cameras; the mapping of brown LAI is encouraged to be focus
of research in future activities. First studies on the estimation of standing biomass in cereals via
UAV-based RS were recently published [17,18,56]. Taking this under consideration, the need for
labor-intensive, costly field measurements could be reduced to a minimum.
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