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ABSTRACT:

The study focuses on the determination of chlorophyll content in four prevailing grasses in the relict arctic-alpine tundra located in the
KrkonoSe Mountains National Park, Czech Republic. We compared two methods for determination of leaf chlorophyll content (LCC)
— spectrophotometric determination in the laboratory, and the LCC assessed by fluorescence portable chlorophyll meter CCM-300.
Relationships were established between the LCCs and vegetation indices calculated from leaf spectra acquired with contact probe
coupled with an ASD FieldSpec4 Wide-Res spectroradiometer. Canopy chlorophyll contents (CCC) were computed from the LCCs
and green leaf area index (LAI), and modelled based on the field spectra measured by the spectroradiometer and the hyperspectral
images acquired by Headwall Nano-Hyperspec® mounted on the DJI Matrice 600 Pro drone. The calculations are performed on
datasets acquired in June, July and August 2020 together and separately for species and months. In general, the correlations based on
June datasets work the best at both levels: median R? for all indices was 0.52 for all species together at leaf level and median
R?= 0.47 at the canopy level (vegetation indices computed from field spectra). Canopy chlorophyll content map was created based on
the results of stepwise multiple linear regression. The R was 0.42 when using four wavelengths from the red and red edge spectral
region. We attribute the weak model performance to a combination of several factors: leaf structure may bias LCC from laboratory
measurements, effects of LAI variability on CCC, and the sampling design, probably not covering the whole phenology equally for all
studied species.

1. INTRODUCTION glacier corries (Kocianova et al., 2015; Soukupova et al., 1995).
The grassy tundra covers a substantial part of the area and

Chlorophyll content is considered as one of the key indicators of
photosynthetic activity and thus the overall health of the plant. It
changes dynamically based on the age of the leaves, illumination
and also the environmental conditions. The ongoing global
climate change severely alters the environmental conditions in
the mountain ecosystems and especially in the ecosystems above
the timberline. These ecosystems are affected primarily by
increased temperatures, reduced snow cover and also by human
disturbances (Klanderud, 2005; Reynolds and Tenhunen, 1996).
The relict arctic-alpine tundra located in the Krkonose
Mountains National Park, the Czech Republic (50.5°N, 15.5°E,
altitude above 1,350 ma. s. I.) is a unique ecosystem containing
arctic as well as alpine flora and fauna and various endemic
species. Three main types of tundra can be recognised there —
cryo-eolian / lichen tundra on the tops of the highest mountains
(mosses, lichens and alpine heathlands), vegetated-cryogenic /
grassy tundra on the plateaus near the Lucni bouda and the
Labska bouda chalets (Pinus mugo scrub, peat bogs and closed
alpine grasslands dominated with Nardus stricta and subalpine
tall grasslands) and niveo-glacigenic / flower-rich tundra in the
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changes in its vegetation composition have already been
documented — besides expansion of Pinus mugo (Stursa and
Wild, 2014) and Norway spruce (Treml et al., 2012) the spread
of competitive grasses Calamagrostis villosa (Hejcman et al.,
2009) and Molinia caerulea (Hejcman et al., 2010) at the
expense of the closed alpine grassland dominated with Nardus
stricta was observed. The seasonal and annual trends in
chlorophyll contents in these grass species could help to better
understand ongoing ecosystem changes.

The leaf chlorophyll content (LCC) can be determined by
laboratory methods consisting of pigment extraction into an
organic solvent followed by spectrophotometric evaluation (e. g.
Porra et al., 1989; Wellburn, 1994). This method is considered
to be precise and reliable but it is destructive and time-
demanding. The non-destructive methods are based on the
specific optical properties of the chlorophyll. The spectroscopic
approaches use the leaf clip in the field or the contact probe or
integrating sphere in the laboratory. Computation of vegetation
indices referring to the leaf chlorophyll content follows. The
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devices called portable chlorophyll meters represent another
possibility. They directly quantify the transmittance or
fluorescence on the wavelengths affected by the pigment
content. The advantage of fluorescence-based chlorophyll
meters (e.g. CCM-300) is the ability to measure narrow or small
leaves without the requirement to cover the entire measurement
area.

Remote sensing offers methods suitable to monitor chlorophyll
content in larger areas. Based on the methods of image and field
spectroscopy we estimate canopy chlorophyll content (CCC),
defined as the product of LCC and leaf area index (LAI) or
green LAI (which takes into account only the green parts of the
plants). However, to be able to obtain the CCC from the images
using empirical regressions or radiative transfer modelling, we
still need reliable training data of LCC and (green) LAI collected
in the field. Standard procedures are well established for
vegetation traits assessment for forests (Croft et al., 2014) and
agriculture crops (Croft et al, 2020). However, natural
heterogeneous grasslands are studied less frequently (e. g.
Darvishzadeh et al., 2008a)

The main aim of this paper is to estimate CCC for four dominant
grass species of grassy arctic-alpine tundra in Krkono$e Mts.
(Nardus stricta, Molinia caerulea, Calamagrostis villosa and
Deschampsia cespitosa) using the hyperspectral images
acquired by Headwall Nano-Hyperspec® mounted on the DJI
Matrice 600 Pro drone and empirical modelling. The addressed
research questions are:

1) Can we obtain comparable results for LCC measured
destructively in the laboratory and non-destructively by the
CCM-300 chlorophyll meter in the field? What will be the
performance of the empirical models for leaf spectra acquired by
the contact probe coupled with the spectroradiometer ASD
FieldSpec4 Wide-Res?

2) Are the vegetation indices calculated from the field spectra
(spectroradiometer ASD FieldSpec4 Wide-Res) and from the
image spectra (Headwall Nano-Hyperspec®) comparable? What
are the most suitable indices for estimation of CCC?

2. DATA AND METHODS
2.1 Data

The vegetation season in Krkonose Mts. tundra is very short. It
lasts from June to September, and so the field campaigns were
held in the middle of June, July and August 2020. Six permanent
plots with a diameter of approx. 2 m for each of four species
(Nardus stricta, Molinia caerulea, Calamagrostis villosa and
Deschampsia cespitosa) have been defined (Figure 1). In every
field campaign within each permanent plot two subplots with
dimensions of 10 cm x 10 cm were randomly selected (i.e. 48
subplots in every term: 4 species x 6 plots x 2 subplots). The
position of the centre of each sup-plot was surveyed with the
geodetic GNSS receiver. Three field spectra of subplot and its
closest surrounding were acquired using the spectroradiometer
ASD FieldSpec4 Wide-Res from approximately 0.5 m height
above the canopy (i.e. a circle with a diameter of 22 cm on the
ground) and a median spectrum was calculated. Two leaves
from the subplot were measured in one third of the leaf length
from the apex by the CCM-300 (OptiSciences, Inc., Hudson,
NH, USA). Leaf chlorophyll was extracted from samples of the

same two leaves in the laboratory spectrophotometrically
according to Porra et al. (1989) and Wellburn (1994). In the
following text, we refer with “lab” the biochemically assessed
chlorophyll content in laboratory and with “CCM-300” the
chlorophyll content assessed by fluorescence portable
chlorophyll meter CCM-300. All the biomass from the subplot
was collected, put in the zip lock bags and placed into the
cooling box on ice for transport to the lab. In the laboratory it
was sorted separating green mass and necromass. All the green
leaves were weighed. Several green leaves were scanned and
weighed to get the ratio of leaf area and weight which was then
used to compute the green LAI based on the weight of all the
green leaves from the subplot 10 cm x 10 cm. Several green
leaves were also measured by the contact probe (spot size 10
mm) coupled with spectroradiometer ASD FieldSpec4 Wide-
Res (Figure 2) to obtain leaf reflectance spectra — every sample
was measured in five positions and then the median spectrum
was calculated. The reflectance spectra (field and laboratory)
acquired by the ASD FieldSpec4 Wide-Res spectroradiometer
have 2,151 bands within the spectral range 350 — 2,500 nm.
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@  Calamagrostis villosa
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10cm sub-plot:
CCM-300, laboratory chlorophyll,

. Spectra from the field and contact probe,
Biomass and necromass - GreenLAl
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Figure 1. The study area of the grassy tundra around the Lu¢ni
bouda chalet (up), the sampling design (in the middle) and the
examples of Headwall Nano-Hyperspec® data acquired in
August 2020 for both test areas (bottom)
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Figure 2. Leaf spectra measurements — the examples of samples

of Calamagrostis villosa (upper left), Molinia caerulea (upper

right), Deschampsia cespitosa (bottom left) and Nardus stricta
(bottom right)

At each field campaign hyperspectral images were acquired
using Headwall Nano-Hyperspec® mounted on the DJI Matrice
600 Pro drone. Radiometric and basic geometric corrections
were performed in the Headwall SpectralView — Hyperspec
v3.1.0 software. Precise georeferencing and mosaicking were
performed by manual addition of tie points in the ArcGIS for
desktop software. The radiometric corrections were performed
using the portable 3 m x 3 m fabric target placed in the scanned
area (Group 8 Technology, Inc., Provo, UT, USA), however, the
target is included only in one flight line and the calibration is
used for the whole area. The data cube consists of 269 bands,
with wavelength ranging from 400 to 1,000 nm. Spatial
resolution is 3 cm, which was resampled to 9 cm to have similar
dimension as the subplots. More details about the procedures of
Headwall Nano-Hyperspec® data pre-processing can be found
in Cervena et al. (2020a)

2.2 Methods

To answer the first objective, the correlation of LCC measured
destructively in the laboratory (further abbreviated as LCC_lab)
and non-destructively by the CCM-300 chlorophyll meter in the
field (further abbreviated as LCC_CCM-300) was performed for
all the species together and for each species separately. Our
preliminary results indicate that significant differences in both
methods of LCC measurements were observed (Figure 3,
Table 2). Thus, all the subsequent correlations with the
chlorophyll indices calculated from the leaf spectra acquired by
the contact probe were performed for both methods of
chlorophyll measurements. The vegetation indices were selected
based on the Main et al. (2011) and le Maire et al. (2004) — the
original references can be found in Table 1.

Several steps had to be taken to fulfil the second objective. For
the comparison of the spectra acquired on the canopy level, i.e.
measured by the spectroradiometer in the field and the image
spectra acquired by the hyperspectral camera on the drone, the
field data were spectrally resampled using spectral response
with gaussian density function to the same spectral resolution of
11.2 nm (it corresponds to five adjacent bands in the Nano-
Hyperspec® data). Our experimental results showed that this
reduction of spectral bands decreases the noise and the
correlations of bands in the hyperspectral image data and
improves the results (Cervena et al., 2020b). Based on these

resampled data, the selected chlorophyll indices (same set which
was used for the leaf level spectra, Table 1) were calculated and
compared using the correlations and coefficients of
determination.

Index Level | Reference

Carter4 L Carter (1994)

Datt L Datt (1999)

Datt2 L Datt (1999)

DD L le Maire et al. (2004)
Gitelson L Gitelson et al. (1999)
Gitelson2 L Gitelson et al. (2003)
Maccioni L Maccioni et al. (2001)
MCARI2 C Wau et al. (2008)
MCARI2/OSAVI2 |C Wou et al. (2008)
MCARI/OSAVI C Daughtry (2000)

MTCI C Dash and Curran (2004)
NDVI C Tucker (1979)

NDVI2 L Gitelson and Merzlyak (1997)
OSAVI C Rondeaux et al. (1996)
OSAVI2 C Wau et al. (2008)

PSND L Blackburn (1998)

PSSR L Blackburn (1998)
REP_LI L Guyot and Baret (1988)
SR6 L Zarco-Tejada and Miller (1999)
TCARI C Haboudane et al. (2002)
TCARI/OSAVI C Haboudane et al. (2002)
Vogelmann L Vogelmann et al. (1993)
Vogelmann2 L Vogelmann et al. (1993)

Table 1. The selected chlorophyll indices with the level from
which they were retrieved (L = leaf, C = canopy) and the
reference. Adapted after Main et al. (2011) and le Maire et al.
(2004).

The next step was a computation of the canopy chlorophyll
content (CCC), which is calculated by multiplying green LAI
and LCC. In our case we have two different measurements of
LCC, so we have also two sets of CCCs further abbreviated as
CCC_lab (the laboratory determination of LCC) and
CCC_CCM-300 (the CCM-300 readings of LCC) using the
default built-in calibration.

Empirical models between both CCCs and vegetation indices
computed from the field spectra were calculated using simple
linear regressions for the available combinations of species and
terms. Empirical models using the spectra from the
hyperspectral camera were calculated only for all the terms
together because the image data does not cover all the plots, so
the number of samples per month would be too small.

Since the empirical models based on vegetation indices did not
give convincing results, a stepwise multiple linear regression
was also computed for the image spectra and CCC_lab. Multiple
stepwise regression is a method which tries to find the optimal
model by adding or subtracting the independent variables step
by step. The objective is to maximise the prediction power with
the least number of independent variables (wavelengths) which
are statistically relevant for the prediction of the dependent
variable values (CCC). For our model 4 wavelengths were used.
The 10 fold cross-validation was also computed.

The main goal was to create chlorophyll maps for selected grass
species. The hyperspectral image data were firstly classified to
produce a mask of the studied grass species. The maximum
likelihood classifications were used. They were run using the
training data collected in the field by the botanists and 10 bands
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resulting from minimum noise fraction transformation of all three
hyperspectral images per every site. The overall accuracies
assessed by the validation points reached about 90 % for both
classifications (Jezek, 202x). The classifications results were
filtered by the 3x3 kernel to eliminate the isolated pixels and
then the masks were created. The equation from the multiple
stepwise regression was applied to the masked hyperspectral
image data from all the terms.

All the main computations were performed using the R software
and the hsdar package (Lehnert et al., 2019). Also ENVI 5.5,
ArcGIS for desktop and Microsoft Excel were used for data
preparation and visualisation.

3. RESULTS AND DISCUSSION
31 LCC

Significant differences in both destructive and non-destructive
methods of LCC measurements were observed (Figure 3,
Table 2). We can see in the Figure 3 that values of LCC_lab are
generally higher than the values of LCC_CCM-300. The
correlations between both LCCs were evaluated by the
coefficients of determination, which across all species and terms
reached the value of 0.46 (Table 2). Since the chlorophyll
content is species dependent, it is necessary to evaluate the
relationships between LCCs also for the individual species. The
best results were observed for Calamagrostis villosa (R? = 0.66
for the entire study period, however on a relatively small range
of LCC, approximately 200 mg/m?). Molinia caerulea shows an
increase in LCC_lab during the season, but the same trend
cannot be seen in the LCC_CCM-300. Very good correlation
between the two methods of measuring LCC in Molinia
caerulea can be observed only in June (R* = 0.70). These
results can be compared with the results of the undergraduate
thesis of Pinlova (2019), where the leaves of Molinia caerulea
grown in pots were measured with the CCM-300 and the
laboratory method at an early stage of growth, and the results
showed a significant linear relationship with a coefficient of
determination of 0.94. Deschampsia cespitosa reached the
highest LCC values in case of both methods of measurements,
nevertheless, their correlation is very low (R? = 0.04 for the
entire season, the result for the separate months are slightly
better). Nardus stricta is the most difficult grass to measure
(due to its narrow rolled leaves) and its LCCs are highly
variable. The different results for all the grasses can potentially
be explained by different anatomical structures of their leaves
(see the Figure 4), which can complicate the recalculation of
chlorophyll per leaf area. Flat leaves of Calamagrostis villosa,
Deschampsia cespitosa, and Molinia caerulea are easy to scan
and get almost unbiased leaf area. In contrast, Nardus stricta
rolled leaves are hard to expand and the leaf area acquired by
scanning may be underestimated, which brings bias into the
area-based LCC. We addressed this issue by introducing a
correction factor from microscopic images of Nardus stricta
leaves, which was used for correction of scanned projection leaf
area to real leaf area. The grass leaf structure could also bias the
CCM-300 readings as the default calibration relationship
between measured fluorescence ratio and chlorophyll content
reading was trained on broadleaved woody species (Gitelson et
al., 1999). Some bias in chlorophyll meter readings could be
also seen in CCM-300 data distribution, which deviates from the
normal towards the bimodal (Figure 3).

The results from the August measurements (data not shown)
suggest that the LCC at all subplots for one species are very
similar and the LCC values are more affected by differences
among leaves and measurements, than by the location. Based on
this finding, it can be assumed that it will be possible to estimate
the grass species based on leaf chlorophyll content, however,
the quantitative estimation of LCC in the given grass species will
be very problematic due to the high variability of the data over a
small range of LCC values.

All months | June | July | August
All species 0.46 0.51 0.34 0.65
C. V. 066 052]| 0.83 0.93
D. C. 004]| 018| 0.21 0.33
M. C. 019| 0.70| 0.02 0.22
N. S. 0.03] 015| 0.17 0.00

Table 2. The coefficients of determination (R?) produced by the
correlations of LCC measured destructively in the laboratory
and non-destructively by the CCM-300 chlorophyll meter in the
field (C.V. — Calamagrostis villosa, D.C. — Deschampsia
cespitosa, M.C. — Molinia caerulea, N.S. — Nardus stricta)

Calamagrostis villosa
Deschampsia cespitosa
Molinia careulea

Nardus stricta

6004

400+ L

2004

destructive laboratory method [mg/m?]

v v v v
0 200 400 600
CCM-300 [mg/m?]

Figure 3. Leaf chlorophyll content values measured with
CCM-300 chlorophyll meter in the field and determined
biochemically in the laboratory

Next step on the leaf level was to evaluate the correlations of the
LCC (both destructive and non-destructive determinations) with
the selected chlorophyll indices (Table 1) calculated from the
reflectance spectra measured by the spectroradiometer coupled
with the contact probe in the laboratory. Very weak correlations
were gained basically for all combinations of input data.
Statistically significant results were achieved only for LCC_lab
and the most chlorophyll indices for all the species together in
June (the median of R? is 0.52, the best R? = 0.66 was reached
by Gitelson index). However, the individual species show
essentially no correlations in June. These findings may be
related to the different phenology and rates of development of
individual species at the beginning of the vegetation season. This
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hypothesis can be also supported by the similar trend for data
from July — the median of R? was 0.46 for all species together
but there were no correlations within a species. As for the
individual species, the best correlation results show
Calamagrostis villosa for both methods of LCC measurement in
August (i.e., LCC_lab: the median R? = 0.41, the best R? = 0.54
for NDVI2 and OSAVI2; LCC_CCM-300: the median
R? = 0.36, the best R? = 0.53 for NDVI and OSAV]1). This result
can be explained by the fact that our sampling terms covered the
full phenology of this species including the beginning of the
senescence. The senescence phase in Calamagrostis villosa is
very visible on this species and often varies among the different
grass clusters — the top parts of the leaves can be drier, become
violet or at least have the violet dots on the leaves, partly due to
accumulation of purple protective pigments anthocyanins and
spot necroses. Surprisingly, good results of correlations were
also reached for Nardus stricta and LCC_lab for June (median
R? = 0.38, the best R? = 0.53 for PSND) and August (median R?
= 0.49, the best R?=0.59 for REP_Li). All these results are,
thus, affected by quite a small number of samples — only 12
when looking at one species in one term, but a more extensive
sampling would be very time and labour consuming. We
expected that the best results of the correlations will be for
individual species during the whole season, but this was not
confirmed.

Figure 4. Anatomical sections of all the studies species —
examples from August 2020. Hand-microtome fresh leaves
sections treated with Naturstoff reagent A and acquired under
blue light excitation. Yellow — fenolic compounds fluorescence.
(C.V. — Calamagrostis villosa, D.C. — Deschampsia cespitosa,
M.C. — Molinia caerulea, N.S. — Nardus stricta). Photo author
Lena Hunt (Charles University).

3.2 CCC

The selected indices often used for the chlorophyll content
estimations (Table 1) were calculated based on the spectral data
(field spectroradiometer and hyperspectral camera) resampled to
54 bands in the spectral range 400 — 1,000 nm. Afterwards,
indices calculated from the field spectra and indices calculated
from the hyperspectral image data were compared using the
correlations and coefficients of determination. The best results
of R? were around 0.8 (e.g. Carter4, Vogelmann2, NDVI,
MTCI) while the median R? was 0.75. These results indicate
that the selected indices derived from the field spectra and from
the image data are comparable.

The empirical models built between vegetation indices
calculated from field spectra and hyperspectral image data,
respectively, and both CCCs across all the terms show similar
trends. The best correlations were reached for Molinia caerulea
with median R? values 0.51 (CCC_lab) and 0.49 (CCC_CCM-
300) for image spectra and 0.48 (CCC_lab) and 0.44
(CCC_CCM-300) for field spectra. The second best results
were reached for all the species together (median R? values
were the same for both CCCs — 0.27 for field spectra, 0.24 for
image spectra). Correlation results for other species were poor.
These results confirm that the relation of field and image spectra
to CCC is more LAI driven than LCC driven. The same trend of
LAI prevailing over LCC can be seen also in the results of
correlations of vegetation indices calculated from field spectra
and both CCCs for the separate months. Regardless of the LCC
measurement method, we can see that the best correlations were
reached for June — the correlations work quite well for all the
species together (median R? = 0.47) as well as for the separate
species (median R®> of Molinia caerulea = 0.49, of
Calamagrostis villosa = 0.48 and of Deschampsia cespitosa =
0.30) with the exception of Nardus stricta (median R® = 0.14).
The correlations based on July and August data do not show
good results. Considering the important impact of LAI for
deriving CCC values, the lowest LAI values and ranges from
June measurements (Figure 5) support the best model
performance between CCC and field and image spectra from
this part of the season. The seasonal LAI course for individual
species shows that the phenology and leaf development is not
synchronised among species. Molinia caerulea and Nardus
stricta appear to start their growth activity later than the other
two species. The LAI course also suggests that we better
covered the seasonal phenology of Calamagrostis villosa and
Nardus stricta than in the case of Deschampsia cespitosa and
Molinia caerulea with longer vegetation seasons.
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Figure 5. The green LAI during the season for individual species

The stepwise multiple linear regression computed for the image
spectra and CCC_lab achieved the coefficient of determination’s
value 0.42 using four wavelengths (see the equation 1). The
RMSE reached by 10 fold cross-validation was 833.5 mg/m?.

CCC_lab = 1904.8 + 2264.6 * Reos - 2130.9 * Re17 - )
366 * R740 + 242.9 * Rgo7

where R, = reflectance at the corresponding wavelength A
This equation was then applied to the masked hyperspectral
image data from all the terms. The resulting maps of CCC can
be seen in Figure 6 together with the classifications of the
studied species. It is clearly visible that the CCC is very species
dependent but the intraspecific variation in CCC is rather small.
Deschampsia cespitosa has the highest LCC values of all
species, which is confirmed on the chlorophyll map (Figure 6,
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area 2) especially in June when the differences among the
species are the biggest. The areas with low CCC values in
Deschampsia cespitosa are caused by flowering, which is
clearly visible in the hyperspectral images in some places with
this species in July and August (see the Figure 1) and affects the
results. Despite our best efforts to capture ideal data, weather in

Area @

Classification

B Caismagrostis villosa

Molinia careulea

the mountains sometimes causes unevenness in the irradiation
that can be visible in the image data. The results for area 2 from
June and also July are unfortunately influenced by the uneven
light condition during the scanning. The smallest values of LCC
in Calamagrostis villosa in July are also probably caused by the
light conditions inconsistency of the July data for area 1.

Area @)

B Nardus stricta 20m

Deschampsia mask
= cespitosa

June

July

August

0

MSLR - CCC

= - mask

canopy chlorophyll content

2500 mg/m?

Figure 6. The species classification and the canopy chlorophyll content (CCC) map based on the stepwise multiple linear regression

(MSLR - Equation 1) computed for the image spectra.
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4. CONCLUSIONS

The main aim of this paper was to estimate the canopy
chlorophyll content for four dominant grass species of grassy
arctic-alpine tundra in Krkonose Mts. (Nardus stricta, Molinia
caerulea, Calamagrostis villosa and Deschampsia cespitosa)
using the hyperspectral images acquired by Headwall Nano-
Hyperspec® mounted on the DJI Matrice 600 Pro drone and
empirical modelling. This objective was reached by the method
of stepwise multiple linear regression computed for the image
spectra and canopy chlorophyll content which was the
combination of leaf chlorophyll content determined by the
laboratory method and green leaf area index. The R?* was 0.42
and the RMSE = 833.5 mg/m? when using four wavelengths
(606, 617, 740 and 817 nm).

There were also two partial objectives. The first one was to
compare the leaf chlorophyll contents derived destructively in
the laboratory and non-destructively by the CCM-300
chlorophyll meter in the field and also their performances in the
models with vegetation indices computed from the leaf level
spectra acquired by the contact probe. The results show that leaf
chlorophyll  content determined by the CCM-300 is
underestimated compared to laboratory values and that between
both methods the significant relations do not exist for studied
grasses. We hypothesise that the different leaf structure may
bias the leaf area assessment and also influence the CCM-300
readings as the built-in calibration equation was trained on
deciduous woody species. Unfortunately, we could not use well
established transmittance-based chlorophyll meters such as
SPAD frequently used in other grassland studies (e.g.
Darvishzadeh et al., 2008a, 2008b), as the narrow Nardus
stricta leaves do not cover the device’s field of view. The
correlations of leaf chlorophyll contents with vegetation indices
computed from the spectra measured by the contact probe
coupled with the spectroradiometer achieved generally weak
correlations for all combinations of input data. The only better
results were achieved for destructively measured LCC and the
most chlorophyll indices for all the species together in June (the
median of R? is 0.52). The second partial objective was to
compare the models calculated based on the canopy chlorophyll
contents and vegetation indices derived from the field spectra
and image spectra. At the canopy level the differences in the
method of LCC determination were negligible, because LAl
value is of higher importance than the value of LCC. The
selected vegetation indices derived from the field spectra and
from the image data were comparable (the best results of R?
were around 0.8 for Carter4, Vogelmann2, NDVI and MTCI).
Concerning the correlations of vegetation indices calculated
from field spectra with CCC, the same finding was confirmed as
for the leaf level, June dataset gave the best results. But overall
the correlations were weak. In comparison to other studies
focused on grassland CCC estimation from field spectra (e.g.
(Zheng et al., 2021) the number of sampled subplots for field
spectra measurement and covering the UAV overflight area was
rather low, which may result in worse models” performance at
canopy level.
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