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ABSTRACT
Most applications of remote sensing in agricultural crop monitoring use multispectral imaging techniques, but
with upcoming hyperspectral missions, the opportunity arises to better estimate pigment absorption and crop
structure by exploiting the full solar reflective spectrum. In this study, we demonstrate how hyperspectral
time series can be used with the Soil Canopy Observation of Photochemistry and Energy fluxes (SCOPE)
model to estimate crop yield variability among fields, crop varieties and nitrogen treatments generically,
i.e. without a calibration with in situ, data. Field experiments were conducted in two potato fields in the
Netherlands between May and September 2019. The fields were planted with five varieties of potato, under
three nitrogen fertilization treatments. By fitting the model to the full VNIR-SWIR spectrum of measured
hyperspectral reflectance, we retrieved the model input parameters of Leaf Area Index (LAI), leaf chlorophyll
content (Cab) and leaf water content (Cw) and simulated the photosynthesis throughout the season using data
of local Automatic Weather Stations (AWS). Statistical analysis of measured and retrieved traits of LAI, Cab
and canopy water content showed that two fields responded differently to the treatments, exhibiting fewer
classes than were expected based on the experimental design. Potato yield, which was estimated as the sum
of photosynthesis flux multiplied by the harvest index of 0.64, correlated with the measured tuber dry weight
with R2 0.36 and RMSE 2.5 t ha−1 . This study demonstrates that even in the absence of crop or variety specific
information, hyperspectral reflectance and local weather data ingested into SCOPE can explain a substantial
part of the observed variability in yield among fields.

1. Introduction
Crop yields are a result of interactions between genetics, environment and management (𝐺 × 𝐸 × 𝑀). Yields therefore vary among
cultivars, fields and input levels (Silva et al., 2021; Mulders et al.,
2021). With climate change, the frequency of losses due to drought and
high intensity rainfall events is expected to increase (Reidsma et al.,
2015; Diogo et al., 2017), making yield predictions more uncertain.
Technological development in precision agriculture, on the other hand,
is expected to provide decision support for improved management,
resulting in higher and more stable yields with lower inputs (Paudel
et al., 2021; Mulders et al., 2021). In spite of the mentioned technological development, the actual crop yields are still 20–30%–50%
lower than the potential yield values, the phenomenon know as yield
gaps (Lobell et al., 2009; Silva et al., 2017, 2020). The potential yield

and its variations in response to climate variability and management
practices can be computed by crop growth models (Di Paola et al.,
2016; Van Ittersum et al., 2013). Some crop growth models can account
for stress conditions and simulate the actual yield as well. In both
cases, calibration per crop and variety is required and can be done
based on extensive field experiments and in situ data collection (Ten
Den et al., 2022). Remote sensing observations can facilitate the crop
growth model calibration in data assimilation frameworks (Jongschaap,
2006; Dorigo et al., 2007; Kasampalis et al., 2018; Huang et al.,
2019) or used for an actual yield estimation in alternative statistical
or physically-based models (Weiss et al., 2020; dela Torre et al., 2021).
In most of the statistical models, remote sensing data is transformed
into a vegetation index which is used directly to build a relation with
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experimental plots were prepared with areas of 9-by-12 m2 (Lelystad)
and 6-by-21 m2 (Vredepeel) (Fig. 1).
In each location, three potato varieties were cultivated with one
of them (Fontane) being common in both the fields (Table 1). Three
groups of treatments were created in relation to nitrogen: N0 with
no addition of nitrogen, 2 plots, N1 with 30% of the variety-required
fertilization, 6 plots, and N2 with 130% of the variety-required fertilization, 6 plots, resulting in 14 plots per variety. Drip irrigation systems
were installed in both fields to ensure sufficient water supply in case
of drought.

the variable of interest (Dorigo et al., 2007; Wójtowicz et al., 2016). For
the data assimilation and physically-based models, remote sensing data
have to undergo an intermediate step of plant traits retrieval (Liu et al.,
2016; Verrelst et al., 2015, 2019). Most of the data assimilation techniques use retrieved leaf area index (LAI) (Karthikeyan et al., 2020),
whereas physically-based models require leaf chlorophyll content (Cab)
and the fraction of absorbed photosynthetically radiation (APAR), as
these parameters are linked to photosynthesis and plant productivity.
Although there have been some successful attempts in finding generic
statistical relationships between plant traits and remote sensing spectral
observations (Kira et al., 2017; Gitelson, 2019), retrieval methods still
require large sets of training data. This limits the applicability of
models to specific fields in specific time. Very often radiative transfer
model (RTM) simulations substitute training data in so-called hybrid
frameworks (Danner et al., 2021), as RTMs are based on physical
principles of light-object interaction, thus they are more generic (Berger
et al., 2018). However, even the RTM-based retrieval relies on prior
information from the field to constrain the range of parameters and
force the result to be closer to the mean of measured values (Celesti
et al., 2018; Zhu et al., 2019). With such an approach, remote sensing
enables achieving spatial continuity in a field under study, but it does
not eliminate the tedious field and laboratory measurements, as intense
field campaigns are needed to provide sufficient data for statistically
robust analysis.
As an alternative, we test a generic approach of plant functional
trait retrieval from hyperspectral reflectance, by using the combined
radiative transfer, energy balance and photosynthesis model SCOPE
(Soil Canopy Observation of Photochemistry and Energy fluxes) (Van
der Tol et al., 2009; Yang et al., 2020a). We intentionally did not do
any fine-tuning, nor did we use local prior information, in order to
evaluate how much of field-observed variations in potato plant traits
can be explained by differences in the seasonal cycle of reflectance
and weather data alone. The variation in plant traits was created by
nitrogen fertilization to sample a broad range of parameters. SCOPE
combines the simulations of radiative transfer and photosynthesis, thus
making it possible to retrieve traits and simulate productivity simultaneously. The productivity is simulated with the combined Farquhar
model of photosynthesis (Farquhar et al., 1980) and Ball–Berry model
of stomatal conductance (Collatz et al., 1991), both of which require
setting at least the crop specific parameters of the carboxylation capacity 𝑉 𝑐𝑚𝑎𝑥25 and the slope of the Ball–Berry equation, respectively.
Hence, SCOPE is not a fully generic model, but even if these inputs are
set to the default values, the model is able to exploit the information
in the reflected solar spectrum about leaf area, leaf orientation and
pigment absorption for the simulation of photochemistry. Overall, the
objectives of this study are:

2.2. Measurements
During the growing season the data collection was conducted once
every two weeks in each field, resulting in 8 measurement days in
Lelystad and 7 measurement days in Vredepeel (Fig. 2). We collected
top of canopy hyperspectral reflectance with pointing spectrometer
(Section 2.2.1) to retrieve vegetation parameters with the SCOPE model
(Section 2.3.1). Plant traits were measured along with reflectance to
validate the quality of their retrieval. Leaf area index (LAI) and relative
chlorophyll content were measured in the field with several replicates
per plot (Section 2.2.2). Leaf chlorophyll content (Cab), leaf carotenoid
content (Cca) and leaf water content (Cw) were measured in the
laboratory on leaflets from 10 selected plots: 6 plots (two repetitions for
each treatment) of Fontane variety and maximum (N2) and minimum
(N0) treatments for the remaining four varieties (Section 2.2.3).
2.2.1. Spectral data
The hyperspectral measurements were conducted with the ASD
FieldSpec 4 standard resolution device (Panalytical, 2021). Five radiance measurements per plot were acquired at each measurement day.
At the end of each row (7 plots), bare soil reflectance was recorded.
Each measurement recorded in digital numbers (DNs) consisted of
a triad: white reference (WR1) - measurement (M) - white reference
(WR2) The white reference used as irradiance for reflectance calculations (WR) was an interpolation product of WR1 and WR2 at the time
of M. The reflectance (R) was calculated as 𝑅 = 𝑀/WR.
The resulting reflectance contained two gaps at 1000 nm and
1800 nm due to the ASD detector changes (VNIR to SWIR1, SWIR1 to
SWIR2). The gaps were removed following the splice correction equations in the ASD field guide (Danner et al., 2015): f1000 = R1001 − 1 ×
R1000 − R999 and f1801 = R1801 − 2 × R1800 − R1799 . The atmospheric
absorption windows (1350–1430 nm, 1800–1975 nm) and noisy band
in the SWIR region (2400–2500 nm) were removed.
2.2.2. Measurements for each plot in the field
The following measurements were taken in the field (in situ) for each
plot.
Two optical LAI measurements were obtained for each plot with
the LAI-2200 Plant Canopy Analyzer (LI-COR, 2021), following the
standard protocol written in the device manual. Optical measurements
of LAI estimate, in fact, the plant area index (PAI), because the instrument cannot distinguish between leaves and shoots; PAI is higher than
LAI (Fang et al., 2014). Also, potato plants have large bottom leaves
which might cover the sensor completely, leading to erroneously high
LAI estimates. Indeed, we observed an overestimation of the optical LAI
from LAI-2200 compared to the destructively measured LAI (Ten Den
et al., 2022) (Fig. 3). The bias was not constant over the whole range
of LAI-2200 values, higher values were overestimated more, therefore
we could not apply a simple constant offset correction (zero degree
polynomial). That is why we built a first degree polynomial model
(a linear regression model) to correct the LAI-2200 estimations LAI
= 0.09 + 0.63 ⋅ LAI-2200 (R2 = 0.59). Such correction led to, on
average, a 1 m2 m−2 decrease in the bias between SCOPE retrievals
and measurements.

1. To characterize the effect of nitrogen treatments on potato plant
leaf and canopy traits.
2. To test the generality of the SCOPE model for leaf and canopy
traits retrieval from hyperspectral data, i.e. how high retrieval
accuracy can be achieved when the SCOPE model is inverted
without any prior information
3. To test if the SCOPE-simulated plant productivity correlates with
yield.
2. Materials and methods
2.1. Study site
The study was conducted in two fields in the Netherlands, the
Flevoland polder area (near the city of Lelystad) (52.54◦ N, 5.55◦ E)
and the area of Vredepeel (51.54◦ N, 5.86◦ E) from May to September
2019. The field located near Lelystad has calcareous polder light clay
soils while the Vredepeel field has low loam fine sandy soil, according
to the Dutch soil type classification (WUR, 2022). In each field 42
2
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Fig. 1. Plot distribution schemes. A — Lelystad (R1 — Fontane L, R2 — Markies, R3 — Innovator), B — Vredepeel (V1 — Fontane V, V2 — Premiere, V3 — Festien). The
rectangular gaps inside each plot — places of destructive sampling.

Table 1
Information about varieties and growing conditions. The amount of nitrogen fertilizer is presented in columns N0–N2 in kg𝑁 ha−1 . Emergence and harvest or haulm kill dates are
presented as the number of Days After Planting (DAP). Degree days were calculated against the base temperature of 2 ◦ C (Kooman, 1995), yields were calculated for the dry mass
of tubers. The numbers in brackets are the standard deviation among 3 nitrogen treatments (14 plots).
Field

Variety

N0

N1

N2

Planting

Emergence

Senescence
or killing

Lelystad

Fontane L
Innovator
Markies
Fontane V
Premiere
Festien

0
0
0
0
0
0

85
85
85
75
75
75

360
375
320
320
320
265

25-04-2019
25-04-2019
25-04-2019
18-04-2019
18-04-2019
18-04-2019

34
33
35
35
36
33

157
139
154
148
116
160

Vredepeel

Relative leaf chlorophyll content was measured with the MultispeQbeta sensor (PhotosynQ, 2021), a handheld plant phenotyping device. The MultispeQ measurements of Relative chlorophyll were reported (Arrakis, 2021) to correlate with the common Chlorophyll Meter
SPAD-502+ (Konica Minolta, 2021). The measurements were obtained
from 5 random, fully sunlit leaves per plot. Afterwards, a calibration
curve was fit to translate the unitless relative chlorophyll content (PS)
to an actual laboratory-measured chlorophyll content (Cab) expressed
in μg cm−2 : 𝐶𝑎𝑏 = 0.053 ⋅ 𝑃 𝑆 1.67 (Fig. 3). The equation aligns well
with the previously reported relationships for other species (Parry et al.,
2014).
Final yield, the dry mass of tubers per ground area, was measured
in October. On September 25th in Vredepeel and September 29th in
Lelystad any remaining haulm was killed with a herbicide Reglone
in proportion 2 l ha−1 . While Premiere, Innovator and Fontane in
Vredepeel had matured prior to these dates, for Markies, Festien and
Fontane in Lelystad haulm in a number of plots had to be killed
(Table 1). The final harvest was collected from an area of 10-by-1.5 m2
in Lelystad and 9-by-1.5 m2 in Vredepeel. All tubers in this area were
weighed. A subsample of tubers was dried in the oven at 70 ◦ C for 48 h.
Based on the difference in weight before and after drying the dry matter
percentage of the tubers was calculated. The dry matter percentage was
then applied to the total fresh yield to get the dry yield. Harvest indices
(HIs) were measured during an intermediate harvest at the beginning of
August: 12th Vredepeel, 19th Lelystad. 12 plants were harvested. The

(0)
(0)
(0)
(1)
(1)
(0)

(2)𝑎
(15)𝑐
(2)𝑎𝑏
(9)𝑏
(9)𝑑
(1) 𝑎

degree days
◦ C day−1
2146
1923
2120
2180
1689
2330

(30)𝑏
(189)𝑐
(29)𝑏
(117)𝑏
(147)𝑑
(7)𝑎

Precipitation
mm season−1
277
230
260
187
154
195

(19)𝑎
(37)𝑏
(19)𝑎
(4)𝑐
(15)𝑑
(1)𝑐

Yield
t ha−1
15.6
14.0
13.4
18.3
13.5
16.9

(1.7)𝑏𝑐
(1.4)𝑐
(2.9)𝑐
(2.8)𝑎
(2.2)𝑐
(1.8)𝑎𝑏

aboveground biomass was weighed. After the tubers were cleaned they
were also weighed. The ratio of tuber fresh weight to the sum of tuber
fresh weight and aboveground biomass fresh weight gives the harvest
index.
2.2.3. Measurements for 10 selected plots in the laboratory
The following measurements were carried out in the laboratory
on samples collected at 10 plots: 6 plots (two repetitions for each
treatment) of Fontane variety and maximum (N2) and minimum (N0)
treatments for the remaining four varieties. Notice that potato leaves
are compound, but the destructive measurements were conducted on
leaflets (rachis was removed). The leaves were transported from the
field in sealed bags inside a cooler box filled with refrigerants and
stored in a fridge (+5 ◦ C) until the day of analysis, for a maximum
of 2 days.
Leaf chlorophyll (Cab) and leaf carotenoid (Cca) contents were
measured per leaf area - μg cm−2 . Three independent extractions per
leaflet were conducted. Before the extraction 3–5 PhotosynQ measurements were taken per leaf. Pure acetone buffered with magnesium
hydrocarbonate Mg(HCO3 )2 was used as a solvent. The absorption of
supernatant was measured with UV-6300PC spectrophotometer (VWR
International, 2021) at 470, 645, 662, 710 nm. The calculations of Cab
and Cca per unit of volume were done following Lichtenthaler and
Buschmann (2001) and transformed per unit of area using disc diameter
and final volume of the solution.
3
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Fig. 2. Measurement days and meteorological conditions over the growing season. TP — total daily precipitation (mm day−1 , blue bars, left y-axis), SW_in — incoming shortwave
radiation (W m−2 , black line, right y-axis). Red vertical lines denote the data collection days, the numbers above them are the days of the month. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 3. Left - LAI-2200 optical leaf area index to destructive LAI. Black line — fitted curve, shaded area — standard deviation of the curve-fitting coefficients.. Right - PhotosynqQ
relative chlorophyll content to leaf chlorophyll content. Black line — fitted curve, shaded area — standard deviation of the curve-fitting coefficients.

Leaf water content (Cw) was measured per leaflet area - g cm−2 . Cw
was further expressed in cm, taken that 1 g of water occupies 1 cm3
of volume (water density is 1 g cm−3 ). Leaflet fresh weight (FW) was
measured immediately after the detachment from rachis. The leaflet
area (A) was measured with a portable leaf area meter AM350 (ADC
BioScientific Ltd., 2021). Leaflets were dried in the oven at 60 ◦ C
for 48–72 h, after which dry weight (DW) was measured. Cw was
computed according to the following equation: Cw = (FW − DW)/A.

coupled with stomata conductance (Collatz et al., 1991, 1992), which
are upscaled to the canopy level in accordance with a multilayer
representation described in Van der Tol et al. (2009) and Yang et al.
(2020a). SCOPE connects its radiative transfer and biochemical parts
through absorbed photochemically active radiation (APAR) and total
absorbed (net) radiation within the vegetation canopy to obtain land–
atmosphere fluxes of carbon, water and energy. The conceptual scheme
of SCOPE is presented in Fig. 4, a more comprehensive description is
given in Yang et al. (2020a).

2.3. Scope
2.3.1. Retrieval
The retrieval of the radiative transfer parameters of the SCOPE
submodels BSM, Fluspect, RTMo was conducted with an iterative numerical optimization (lsqnonlin() MATLAB R2019a (MATLAB, 2019)
function) in two steps. In the first step, soil parameters of the BSM
model, namely brightness, BSM latitude, BSM longitude, soil moisture
content, were retrieved from the measured hyperspectral bare soil
reflectance to reduce the dimensionality of the retrieval problem. Those
parameters were fixed during the second step – numerical optimization
of recorded hyperspectral data of vegetation. The upper and lower
borders for parameter values can be found in Table 1 in Prikaziuk and
Van der Tol (2019). The details of the minimization algorithm are given

The Soil Canopy Observation of Photochemistry and Energy fluxes
(SCOPE) model simulates radiative transfer in soil–leaf–canopy continuum and photochemical processes at leaf and canopy scale (Van der
Tol et al., 2009; Yang et al., 2020a). For radiative transfer in the VNIRSWIR domain (400–2400 nm), SCOPE combines the Brightness–Shape–
Moisture (BSM) soil module (Verhoef et al., 2018; Jiang and Fang,
2019; Yang et al., 2020b), the Fluspect leaf reflectance–fluorescence
module (Vilfan et al., 2016) and the canopy radiative transfer module
(RTMo) (Verhoef, 1984, 1985), where leaf and canopy can be described
as a turbid-medium (multilayer). Photochemical processes at leaf level
include fluorescence (Van der Tol et al., 2014) and CO2 assimilation
4
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Fig. 4. The conceptual scheme of the SCOPE model from Yang et al. (2020a). The modules, inputs and output used in this study are highlighted in red.

final yield, which is expressed in kg ha−1 , we converted the units of
accumulated NPPgreen to green dry matter productivity (DMPgreen ) in
accordance with 𝐷𝑀𝑃 (kg ha−1 ) = 𝑁𝑃 𝑃 (gC m−2 )∕0.045 (Blatchford
et al., 2019) (equation 4 therein). Further translation of DMP to yield
(tubers dry weight) was based on equation 5 from Blatchford et al.
(2019): 𝑦𝑖𝑒𝑙𝑑 = 𝑓 ⋅𝐻𝐼 ⋅𝐷𝑀𝑃 ∕(1−𝜃), where f - fraction of above ground
biomass (0.2 for potato), HI — harvest index, 𝜃 — tuber moisture
content (0.8 for potato Ekin, 2011). Although the values of the harvest
index are empirical, ranging from 0.6 to 0.8 depending on the potato
variety, the approach is, nevertheless, suitable to investigate the possibility of observing relative differences in crop yields due to treatments,
using hyperspectral reflectance measurements. As an additional step,
we also estimated a SCOPE-based HI per variety (HISCOPE ) by fitting
a linear model without an intercept for each variety separately and
analysed the match with the measured yields.

in Yang et al. (2020b). Median root-mean-square error (RMSE) of the
spectrum fitting was 0.007 (0.7%).
The accuracy of retrieval was compared to the field and laboratory
measurements described in the previous section. The accuracy metrics (R2 , RMSE (rRMSE = RMSE/range of measured values, %), bias)
were calculated per variety and treatment, resulting in 9 points per
measurement day.
Canopy level parameters were calculated as a product of leaf parameters and LAI. In this way, canopy chlorophyll content (CCab) is Cab x
LAI, canopy water content (CCw) is Cw x LAI.
2.3.2. Photosynthesis
Retrieved LAI and Cab time series were interpolated to daily values
with the loess() method in R v 3.6.0 (R Core Team, 2019). At the
emergence date, the values of 0 m2 m−2 and 0 μg cm−2 were taken
for LAI and Cab, respectively.
Meteorological data input, air temperature, vapour pressure deficit
and wind speed, were monitored in the field, incoming shortwave
radiation was obtained from the KNMI weather stations in Lelystad and
Volkel (Vredepeel). Daily averages were used (Fig. 2).
Leaf biochemical parameters – maximum carboxylation capacity
(𝑉 𝑐𝑚𝑎𝑥25 ) and slope of Ball–Berry stomata model – were set to 80 μmol
CO2 m−2 s−1 and 8, respectively (Kattge et al., 2009). The other SCOPE
input parameters were fixed at their default values.
The CO2 assimilation rate (Actot) calculated by SCOPE in μmol
CO2 m−2 s−1 is, essentially, the net primary productivity of green
shoots. According to the definition, net primary productivity (NPP) is
gross primary productivity (GPP) minus autotrophic (plant) respiration.
SCOPE has a respiration rate fraction parameter (Rdparam) which
defines the rate of leaf respiration, i.e. excluding the contribution of
stem and root respiration. In this respect, the SCOPE model is able to
simulate GPP when the value of Rdparam is 0, or some intermediate
(in between GPP and NPP) metric if Rdparam is at its default value of
0.015. This intermediate metric is hereafter termed as NPPgreen .
In this study, the step from NPPgreen to NPP is not explicitly made,
but the total productivity is estimated directly from NPPgreen by aggregating it over the growing season. To validate the simulation with the

3. Results
3.1. Potato plant traits
The potato plant traits of leaf area index (LAI), chlorophyll content (Cab and CCab) and water content (Cw and CCw) showed clear
differences between fields and among varieties and treatments.
3.1.1. Leaf area index
LAI showed a similar seasonal pattern within fields and different
patterns between fields; the LAI of the Lelystad field had a smooth
parabolic shape, whereas the LAI of the Vredepeel had a distinct peak
on the 90th DAP, followed by a steep decline (Fig. 5). In terms of
the response to nitrogen treatments varieties formed three groups.
For Fontane L and Innovator varieties, the LAI values of N1 and N2
treatments were similar, being both 1–2 m2 m−2 higher than of the N0
treatment. For Fontane V, Markies and Festien the difference between
LAI in N0 and N1 was not significant. Finally, no differences in LAI
values in relation to nitrogen treatment were found for Premiere.
The retrieval of LAI from hyperspectral reflectance with SCOPE was
successful with an overall R2 of 0.53, RMSE of 0.67 m2 m−2 (18%),
5
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Fig. 5. Leaf area index (LAI) values per nitrogen treatment per variety. Left column — LAI computed from LAI-2200 measurements, middle column — LAI retrieved from top of
canopy hyperspectral reflectance with the SCOPE model. 𝑥-axis — days after planting (DAP). Dots — average values per treatment per day, shaded areas — standard deviation.
Stars indicate significantly different nitrogen group according to ANOVA and Tukey test for a single measurement day, black colour of the star means that all 3 nitrogen classes
were different. Right column — quality of retrieval (x-axis — LAI-2200, 𝑦-axis SCOPE). Dashed line — one-to-one line. R2 and RMSE values are for total, treatment-independent
regression (black solid line). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

and bias of 0.24 m2 m−2 . From the retrieved LAI value one can infer
the peak of the growing season on the 75th DAP in Lelystad and on the
90th DAP Vredepeel. The timing coincided with the measurements in
Vredepeel field. There was a secondary peak of LAI closer to the end of
growing season (135 DAP), corresponding to re-greening, as a second
generation of leaves appeared due to warm weather in September.

Canopy chlorophyll content (CCab), a product of Cab and LAI,
inherited LAI seasonality and grouping (Fig. D.11). Interestingly, the
coefficient of determination of the retrieved CCab was higher than that
of its individual components; R2 (CCab) 0.79, R2 (Cab) 0.63, R2 (LAI)
0.53.
3.1.3. Water content
Leaflet water content (Cw) was completely stable during the season
for all varieties at the value of 0.02 cm (Fig. 7). SCOPE-retrieved Cw exhibited some variation closer to the end of the season but the retrieved
value of 0.03 cm established poor correlation with the measured one
(R2 0.0, RMSE 0.01 cm (62%), bias 0.01 cm).
Canopy water content (CCw), a product of Cw and LAI, demonstrated the pattern inherited from LAI (Fig. D.12). Statistical significance of the differences in measured values could not be verified due to
the small sample size, however, retrieved values differed significantly
between N2 and other treatments in Lelystad fields. Similarly to CCab,

3.1.2. Chlorophyll content
Leaf chlorophyll content (Cab) values were declining steadily from
the first (50 μg cm−2 ) to the last (10 μg cm−2 ) day of measurements
(Fig. 6). For most of the varieties, Cab was statistically different between the N0–N1 and N2 groups on every measurement day. Premiere
variety was an exception, demonstrating no significant differences in
Cab between nitrogen treatments. Retrieved Cab showed acceptable
correlation with the measured values (R2 0.63, RMSE 8.1 μg cm−2
(17%), bias 3.1 μg cm−2 ), repeating the pattern and magnitude, except
for Premiere.
6
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Fig. 6. Leaf chlorophyll content (Cab) values per nitrogen treatment per variety. Left column — Cab computed from MultispeQ, middle column — Cab retrieved from top of canopy
hyperspectral reflectance with the SCOPE model. 𝑥-axis — days after planting (DAP). Dots — average values per treatment per day, shaded areas — standard deviation. Stars
indicate significantly different nitrogen group according to ANOVA and Tukey test for a single measurement day, black colour of the star means that all 3 nitrogen classes were
different. Right column — quality of retrieval (x-axis — Cab, 𝑦-axis SCOPE). Dashed line — one-to-one line. R2 and RMSE values are for total, treatment-independent regression
(black solid line). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

CCw metrics were better than Cw (R2 0.46, RMSE 0.02 cm (35%), bias
0.02 cm).

Exceptionally high air temperatures during a heat wave contributed
further to the mid-July dip (60–90 DAP). N2 treatment showed on
average a 2 μmol CO2 m−2 s−1 increase in Actot compared to N0 (17 vs
15 μmol CO2 m−2 s−1 at the peak for N2 and N0, respectively), which
resulted from the 1 m2 m−2 difference in LAI between those treatments
(4 vs 3 m2 m−2 at the peak for N2 and N0, respectively). N2 treatment
also resulted in a longer growing season. No difference was found for
Premiere productivity in relation to nitrogen treatments.

3.2. Potato plant productivity
Retrieved LAI and Cab and daily average meteorological data were
input to the SCOPE model to simulate daily photosynthetic rate. The
daily photosynthetic rate aggregated over the growing season is referred to as the green dry matter productivity (after the unit conversion
from μmol CO2 m−2 to kg of dry matter ha−1 ).

3.2.2. Productivity and yield
Fig. 9 demonstrates that there was a strong positive correlation
between SCOPE-simulated accumulated ‘‘green’’ dry matter productivity (DMPgreen ) and the measured yield. This correlation was varietydependent and the correlation coefficients are shown in Table 2. It
is possible to further convert DMPgreen to the actual yield by the
means of harvest index, defined as the slope of the regression line

3.2.1. Seasonal cycle of photosynthesis
Fig. 8 compares the instantaneous photosynthetic rate of different varieties per nitrogen treatment. The high temporal variability of
canopy photosynthesis (Actot) originated from the variable irradiance
rather than LAI and Cab as the time-series of the later were smoothed.
7
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Fig. 7. Leaf water content (Cw) values per nitrogen treatment per variety. Left column — Cw measured per leaflet, middle column — Cw retrieved from top of canopy hyperspectral
reflectance with the SCOPE model. 𝑥-axis — days after planting (DAP). Dots — average values per treatment per day, shaded areas — standard deviation. Stars indicate significantly
different nitrogen group according to ANOVA and Tukey test for a single measurement day, black colour of the star means that all 3 nitrogen classes were different. Right column
— quality of retrieval (x-axis — Cw leaflet, 𝑦-axis SCOPE). Dashed line — one-to-one line. R2 and RMSE values are for total, treatment-independent regression (black solid line).
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

calculated without the intercept (𝑦𝑖𝑒𝑙𝑑 = 𝐻𝐼SCOPE ⋅ 𝐷𝑀𝑃green ). This
operation was done for all plots from both fields together, for each
field individually and for each variety. SCOPE-derived HI correlated
well with the measured HI values (R2 = 0.74) but HISCOPE was lower,
which was especially clear for the Lelystad field (Table 2). This may
be attributed to root and stem respiration. Indeed, DMPgreen provides
an upper limit to full plant DMP, which is the DMPgreen minus root
and stem respiration. After HISCOPE application the RMSE of yield
prediction was 1.7 t ha−1 (HISCOPE 0.58, R2 0.44) for Lelystad and 2.3
t ha−1 for Vredepeel (HISCOPE 0.7, R2 0.58).
An additional point illustrated in Fig. 9 is the measured yield
response to nitrogen treatments. For all varieties in Lelystad the yield
from N0 plots was the lowest and from N2 was the highest with
N1 residing in between. In Vredepeel the yield distribution along the
nitrogen gradient was not observed. At the same time, the measured
yields of Vredepeel field varieties were overall higher than of Lelystad
(Kruskal–Wallis 𝑝-value < 0.001); the range in Vredepeel was 9 to 22 t
ha−1 versus 8 to 18 t ha−1 in Lelystad.

Table 2
Derivation of the harvest index. HImeasured - HI in mid-August; HISCOPE - SCOPE-derived
HI; RMSEHISCOPE - RMSE of yield prediction from DMPgreen and HISCOPE in t ha−1 ; R2
corresponds to the scatters in Fig. 9.
Variety

HImeasured

HISCOPE

RMSEHISCOPE

R2

Fontane L
Innovator
Markies
all Lelystad
Fontane V
Premiere
Festien
all Vredepeel

0.68
0.74
0.64

0.6
0.63
0.52
0.58
0.73
0.83
0.63
0.7

0.9
1.1
1.7
1.7
2.2
1.4
1.2
2.3

0.76
0.64
0.87
0.44
0.36
0.62
0.47
0.58

0.64

2.5

0.36

Both fields

0.78
0.86
0.62

Yield response to nitrogen treatments varied between the fields and
varieties (Fig. 10). In the Lelystad field, measured yield was statistically different for each variety, in Vredepeel only for Festien. For
8
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Fig. 8. SCOPE-simulated CO2 assimilation rate (Actot, y-axis) per variety, per nitrogen treatment. Top row — Lelystad, bottom row — Vredepeel. Shaded areas represent the
standard deviations. 𝑥-axis — days after planting (DAP).

Fig. 9. Measured dry weight of tubers (x-axis) against the SCOPE-simulated accumulated ‘‘green’’ dry matter productivity (DMPgreen , y-axis).

Fontane L and Premiere there were no differences between N1 and
N2 groups. SCOPE-simulated yield, in general, repeated the pattern of
the measured yield, however, the variation within a nitrogen class was
lower.

In Lelystad the values of measured LAI for N0 treatment hardly reached
2 m2 m−2 , whereas in Vredepeel the value of 3 m2 m−2 was reached by
80 DAP. The difference between two fields might be explained by soil
available nitrogen prior to planting. A high initial nitrogen availability
could also explain the fact that among variety-specific responses to
nitrogen fertilization the early-maturing variety Premiere (complete
senescence reached 4 months after planting) did not reveal the expected effects of nitrogen fertilization on LAI, Cab, or yield; neither of
these variables exhibited statistical differences among treatments for
Premiere.
No variability in Cw was found in relation to nitrogen. Under
condition of sufficient soil water availability, the leaf turgor pressure
is maintained and variations in Cw are not expected. However, Liu
et al. (2018) showed that potato leaf water concentration varies with
leaf height along the stem. For measurements we collected leaves from
approximately same height from the top of the canopy and computed

4. Discussion
This study used different potato varieties and nitrogen fertilization
at 0%, 30% and 130% of the variety-specific requirements, further
referred to as N0, N1 and N2 treatments, respectively, to create variability in the measured potato traits, namely, leaf area index (LAI),
leaf chlorophyll content (Cab), leaf water content (Cw), reflectance and
yield.
Earlier studies have shown correlations of LAI, Cab and yield with
leaf nitrogen content for potato (Botha et al., 2007) and wheat (Cab,
Cw) (Camino et al., 2018). In our study, we found field-specific results.
9
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Fig. 10. Yield difference per nitrogen class, per variety. Top row — measured yield, bottom row — SCOPE-simulated yield with a constant harvest index of 0.64. Letters indicate
significant differences within one variety according to ANOVA and Tukey test.

water content (area-based), not water concentration (mass- or volumebased). The choice of content is preferred to concentration for remotely
sensed variables, because it is the absolute quantity (content) that
effects optical properties not the concentration relative to other leaf
components (Kattenborn et al., 2019). Although the measured Cw was
not statistically different between treatments, its canopy version (Cw x
LAI) demonstrated some variability. It is quite common to use CCw for
crop water state detection (Casas et al., 2014; Pasqualotto et al., 2018),
but we note that the variability of this quantity is attributed to LAI.
Overall, we found that the canopy-level traits (leaf traits multiplied by
LAI) were more sensitive to nitrogen treatments than either leaf traits
or LAI separately.
By inverting the SCOPE model to hyperspectral reflectance we
exploit the capabilities of Fluspect (PROSPECT-D) to simulate leaf
optical properties as a function of pigments (Féret et al., 2021) and
of RTMo (SAIL) for light distribution within a canopy as a function of
leaf area and orientation (Verhoef, 1984, 1985). We avoided spectral
transformations (vegetation indices) or dimensionality reduction and
invert the model directly in order to extract information from the entire
canopy reflectance spectrum.
As a result, two parameters that strongly influence both reflectance
and green APAR, notably the LAI and Cab, were retrieved well, similarly to previous studies conducted as well on potato with numerical
optimization (Botha et al., 2007; Roosjen et al., 2018) and look-up
table (Casa and Jones, 2005; Duan et al., 2014; Abdelbaki et al.,
2021) inversion approaches. The seasonal patterns of measured LAI
and Cab were captured well by retrieved parameters, although the
retrieved parameters exhibited more variability in time. In addition
to APAR, photosynthesis and productivity the retrieved Cab can be
empirically linked to leaf and canopy nitrogen content (Jongschaap
and Booij, 2004; Bossung et al., 2022). Proteins are another nitrogencontaining compound that was recently included in the new version

of PROSPECT model, PROSPECT-PRO (Féret et al., 2021). In future
studies the protein content may appear retrievable from reflectance
data as well (Wang et al., 2018). This information can help farmers to
track plant conditions. Currently such systems for in-season fertilization
are based on the combinations between LAI and vegetation indices (van
Evert et al., 2012; Zhou et al., 2017).
Although the magnitude of retrieved Cw was realistic, it did not
correlate at all with field-measured Cw. Indeed, the retrieval of this
parameter is very challenging. Already at the leaf level (the PROSPECT
part of PROSAIL) a two-step inversion (with the retrieval of leaf mesophyll structure on the first step) and prior information was needed
to succeed (Ali et al., 2016). At canopy level (Casas et al., 2014)
demonstrated that PROSAIL-retrieved Cw showed up to 150% rRMSE.
The only successful Cw retrieval with a canopy level radiative transfer
model inversion that we found was conducted for PROINFORM and
required prior information (Zhu et al., 2019). Retrieved canopy CCw
showed significant correlation with measured CCw through LAI.
In our approach, the main goal was not the retrieval of LAI or Cab,
but the estimation of yield variations through photosynthesis driven
by APAR. By reproducing the measured hyperspectral reflectance, we
obtain estimates of the fraction of APAR at leaf level, for leaves with
different exposure to sunlight. Once the fraction of APAR is combined
with data of an automatic weathers station (AWS), SCOPE resolves the
leaf energy budget (leaf temperatures) and simulates photosynthesis
per leaf class.
Despite the fact that not all plant traits (LAI, Cab) were statistically
different among treatments, the resulting accumulated DMPgreen and
yields were statistically different among the three 𝑁 classes (Figs. 9,
10). These differences were especially notable at the end of the growing
season (Fig. 8); plots that received more nitrogen exhibited a later
onset of senescence, the stay-green effect (Rolando et al., 2015). The
productivity of Vredepeel field was on average 5 t ha−1 higher than
10
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that of Lelystad, which is explained by a higher value of growing
degree days in Vredepeel (Table 1) and soil composition mentioned
earlier. SCOPE reproduced this effect through higher retrieved LAI in
Vredepeel.
The values of SCOPE-derived harvest index per variety correlated
well with the measured HI values, as shown in Table 2. As expected,
HISCOPE was lower than the measured value due to the fact that root
and shoot respiration is not included in DMPgreen . The overall range
of measured HI was also lower than the reported in the literature
for potato, ranging from 0.75 to 0.87 (Nonhebel, 1995; Mazurczyk
et al., 2009; Wang et al., 2020). HI was lower for varieties in the
Lelystad field, suggesting higher maintenance respiration or investment
in below-ground biomass other than tubers in that field, which, in
turn, might be related to soil composition. Additional measurements of
plant respiration with gas exchange chambers are needed to attribute
the difference in the HI to field conditions or specific variety traits.
With the total HISCOPE value of 0.64 (across fields and among varieties)
we were able to explain some portion of the variability in yield from
hyperspectral measurements and local weather data, by using SCOPE
to estimate DMPgreen .
The aim of this study was to assess the ‘‘generality’’ of the SCOPE
model, defined as the ability to get accurate results without the calibration with in situ data. In this respect, the retrieval of LAI, Cab and
CCab and CCw with the SCOPE model was generic (Section 3.1). The
productivity simulations were also at the acceptable level (Fig. 9). The
yield simulations, however, were not ‘‘generic’’ (RMSE 2.5 t ha−1 , R2
0.36) and required a calibration against the field (RMSE 2.0 t ha−1 , R2
0.57) or variety (RMSE 1.5 t ha−1 , R2 0.72) in situ data (Table 2). The
presence of generic models is important for global mapping application,
when a collection of comprehensive in situ data is complicated. For
large scale monitoring, crop maps have to be prepared, where the
discrimination between different crops is based on temporal-spectral
profiles recorded on the ground (Nieuwenhuizen et al., 2010) or more
often from space with high resolution satellite instruments (Ashourloo
et al., 2020; Goldberg et al., 2021). The accuracy of such maps for
potato crop was low, therefore potato variety discrimination from space
should not be expected in the near future (Kyere et al., 2020; Belgiu
et al., 2021). Currently the large scale yield estimation approaches
are limited to statistical methods in the areas with enough training or
survey data (Shi et al., 2013; Young, 2019; Segarra et al., 2022).

with a generic temperature response of 𝑉 𝑐𝑚𝑎𝑥25 for C3 vegetation
provide stand photosynthesis flux as output. In this study, we show that
this approach resulted in meaningful simulations of DMPgreen which
correlated with the observed variations in yield, caused by variations in
nitrogen fertilization. This results are promising in view of existing and
upcoming hyperspectral satellite missions, such as PRIMSA (Cogliati
et al., 2021), EnMAP (Guanter et al., 2015), FLEX (Kraft et al., 2012)
and CHIME (Rast et al., 2021).
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5. Conclusion
This study provided an analysis of proximal hyperspectral remote
sensing data usage for nutrient treatment classification and yield estimation of potato plants with the process-based model SCOPE. The
treatment classification was based on plant traits retrieved from top of
canopy reflectance. Canopy level traits were more suitable for nitrogen
treatment separation than leaf level traits. Accumulated net canopy
photosynthesis flux correlated well with the final tuber dry yield. Differential nitrogen application resulted in three distinct yield classes in
the field with sparsely distributed plots (Lelystad) and two yield classes
in the field with densely distributed plots (Vredepeel). This nitrogendetermined clustering held also for (green) dry matter productivity
(DMPgreen ) simulated with SCOPE model. Harvest index can further be
used with DMPgreen to estimate the yield, however, further research is
needed to determine the harvest index dependence on soil conditions
and variety traits.
The proposed method for potato productivity estimation uses only
optical reflectance and meteorological data to constrain SCOPE, and
does not rely on variety specific information, such as light use efficiency (Monteith, 1972). The approach is based on (1) a better
quantification of the absorbed photosynthetically active radiation by
chlorophyll through hyperspectral VNIR and SWIR radiative transfer
and (2) estimates of leaf temperatures through analogous thermal radiative transfer. These APAR and leaf temperature estimates combined

Appendix A. Plot scheme
See Fig. 1

Appendix B. Auxiliary regressions
See Fig. 3

Appendix C. Conceptual scheme of the SCOPE model
See Fig. 4

Appendix D. Canopy level traits
See Figs. D.11 and D.12
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Fig. D.11. Canopy chlorophyll content (CCab) values per nitrogen treatment per variety. Left column — CCab computed from MultispeQ and LAI-2200 values, middle column —
CCab retrieved from top of canopy hyperspectral reflectance with the SCOPE model. 𝑥-axis — days after planting (DAP). Dots — average values per treatment per day, shaded
areas — standard deviation. Stars indicate significantly different nitrogen group according to ANOVA and Tukey test for a single measurement day, black colour of the star means
that all 3 nitrogen classes were different. Right column — quality of retrieval (x-axis — CCab, 𝑦-axis SCOPE). Dashed line — one-to-one line. R2 and RMSE values are for total,
treatment-independent regression (black solid line).
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Fig. D.12. Canopy water content (CCw) values per nitrogen treatment per variety. Left column — CCw computed from leaflet water content and corrected LAI-2200 values, middle
column — CCw retrieved from top of canopy hyperspectral reflectance with the SCOPE model. 𝑥-axis — days after planting (DAP). Dots — average values per treatment per day,
shaded areas — standard deviation. Stars indicate significantly different nitrogen group according to ANOVA and Tukey test for a single measurement day, black colour of the
star means that all 3 nitrogen classes were different. Right column — quality of retrieval (x-axis — CCw, 𝑦-axis SCOPE). Dashed line — one-to-one line. R2 and RMSE values are
for total, treatment-independent regression (black solid line). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
article.)
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