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A B S T R A C T

Leaf traits at canopy level (hereinafter canopy traits) are conventionally expressed as a product of total canopy leaf
area index (LAI) and leaf trait content based on samples collected from the exposed upper canopy. This traditional
expression is centered on the theory that absorption of incident photosynthetically active radiation (PAR) follow a
bell-shaped function skewed to the upper canopy. However, the validity of this theory has remained untested for a
suite of canopy traits in a temperate forest ecosystem across multiple seasons using multispectral imagery. In this
study, we examined the effect of canopy traits expression in modelling canopy traits using Sentinel-2 multispectral
data across the growing season in Bavaria Forest National Park (BFNP), Germany. To achieve this, we measured leaf
mass per area (LMA), chlorophyll (Cab), nitrogen (N) and carbon content and LAI from the exposed upper and shaded
lower canopy respectively over three seasons (spring, summer and autumn). Subsequently, we estimated canopy
traits using two expressions, i.e. the traditional expression-based on the product of LAI and leaf traits content of
samples collected from the sunlit upper canopy (hereinafter top-of-canopy expression) and the weighted expression -
established on the proportion between the shaded lower and sunlit upper canopy LAI and their respective leaf traits
content. Using a Random Forest machine-learning algorithm, we separately modelled canopy traits estimated from
the two expressions using Sentinel-2 spectral bands and vegetation indices. Our results showed that dry matter
related canopy traits (LMA, N and carbon) estimated based on the weighted canopy expression yield stronger cor-
relations and higher prediction accuracy (NRMSECV < 0.19) compared to the top-of-canopy traits expression across
all seasons. In contrast, canopy chlorophyll estimated from the top-of-canopy expression demonstrated strong fidelity
with Sentinel-2 bands and vegetation indices (RMSE < 0.48 µg/cm2) compared to weighted canopy chlorophyll
(RMSE > 0.48 µg/cm2) across all seasons. We also developed a generalized model that explained 52.57–67.82%
variation in canopy traits across the three seasons. Using the most accurate Random Forest model for each season, we
demonstrated the capability of Sentinel-2 data to map seasonal dynamics of canopy traits across the park. Results
presented in this study revealed that canopy trait expression can have a profound effect on modelling the accuracy of
canopy traits using satellite imagery throughout the growing seasons. These findings have implications on model
accuracy when monitoring the dynamics of ecosystem functions, processes and services.

1. Introduction

Effects of land-use change; climate change and variability on terrestrial
ecosystems are critical to the accurate characterization and quantification
of essential biodiversity variable (EBVs) (Atkin et al., 2015). Knowledge on
ecosystem functions such as primary productivity and nutrient cycling
provides an opportunity to assess the health and adaptation capacity of

vegetation ecosystems in the face of global environmental change
(Pettorelli et al., 2016). Plant traits such as leaf mass per area (LMA),
chlorophyll content (Cab), leaf nitrogen (N) and leaf carbon are important
in understanding ecosystem processes, functions and services over space
and time. For instance, Cab is a critical indicator of plant vigour, pheno-
logical stage and photosynthetic capacity (Kalacska et al., 2015;
Lichtenthaler and Buschmann, 2001). Leaf dry matter and carbon content
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quantitatively express the plant economic spectrum strategy in terms of
nutrients uptake and use, light-harvesting and carbon sequestration
(Niinemets et al., 1999). Foliar N is an important element in Cab and a
constituent in enzymes responsible for atmospheric carbon fixation
(Archontoulis et al., 2011; Clevers and Gitelson, 2013).
Variations in leaf physiological, biochemical and morphological

properties strongly rely on the phenological stage of vegetation. Leaf traits
change over time through the growing season due to shifts in diurnal
temperature and rainfall (Workie and Debella, 2018; Behrman et al.,
2015). In addition, leaf traits also exhibit change due to variation in light
environments within a canopy such as moving from the sunlit upper to
shaded lower canopy (Coble et al., 2016). Irradiated leaves from the upper
canopy display higher nutrient content compared to leaves from the
shaded lower canopy. For example, Gara et al. (2018a) observed that
sunlit upper canopy leaves display higher content of chlorophyll, nitrogen,
LMA, EWT and carbon compared to shaded leaves of the lower canopy.
The vertical heterogeneity in leaf traits across the canopy can be as much
as the phenological variation. The vertical heterogeneity in leaf traits as-
sists in maintaining an equilibrium between the limited rate of carbox-
ylation and the electron transport - limited rate of carboxylation (Chen
et al., 1993). These key metabolic processes result in marked differences in
morphological, chemical as well as physiological traits between leaves
across the vertical canopy domain (Weerasinghe et al., 2014). Plants
translocate foliar nutrients during senescence from lower canopy leaves to
the upper canopy leaves. The translocation of foliar nutrients to the upper
canopy is essential for protein repair and subsequently increase the density
of mitochondria per cell area to commensurate the increasing amount of
incoming PAR and optimize the photosynthetic capacity of the whole
plant (Hikosaka, 2005). As such, accounting for the effect of vertical
heterogeneity on foliar traits in spatio-temporal modelling of canopy traits
is important for improved understanding of terrestrial ecosystem structure
and functioning.
Remote sensing increasingly play a pivotal role in monitoring the

dynamics of foliar traits over space and time (Moreno-Martínez et al.,
2018). In-situ plant traits measured from the leaf samples of dominant and
co-dominant species within sampling plots can be retrieved from air- or
space borne spectral measurements (Homolová et al., 2013). Considering
that the traits are determined at leaf level, there is often a need to match
spatial scales of in-situ measured leaf traits and remote sensing data via
upscaling approaches. There are two approaches of upscaling leaf traits to
canopy scale, i.e. the direct approach and the canopy integrated approach
(He and Mui, 2010). The direct approach relates leaf trait content mea-
sured at the leaf level to satellite data without integrating any canopy
structural parameter. The direct approach procedure is based on the pre-
mise that exposed foliage material controls variation in canopy re-
flectance, and thus, sunlit leaves from the upper canopy resemble the
entire canopy (Peterson et al., 1988). The canopy integrated approach, on
the other hand, upscales leaf traits to canopy level by accounting for ca-
nopy structural parameters such as LAI or crown biomass.
The widely used canopy integration approach expresses canopy

traits as a product of total canopy LAI and leaf traits content based on
leaf samples collected from the sunlit upper canopy (top-of-canopy
expression). This approach is centered on the theory that the absorption
of incident photosynthetically active radiation (PAR) follows a bell-
shaped function sharply skewed to the upper canopy (Kropff and
Goudriaan, 1994). This infers that the upper canopy controls canopy
radiation dynamics, especially with regard to the amount of reflected
radiation measured by multispectral sensors. On this basis, the con-
tribution of leaf trait content of shaded leaves from the lower canopy to
above canopy reflectance is considered ‘insignificant’. However, this
theory provides no information on the contribution of the shaded ca-
nopy on estimation of canopy traits especially in temperate forests
throughout the growing season. A question therefore arises on whether
the theory is valid for other leaf traits that control variation in other
portions of the electromagnetic spectrum outside the visible spectrum
remains unanswered. We hypothesize that leaf traits content from the

shaded lower canopy plays a significant contribution to canopy re-
flectance. Establishing an ecologically meaningful canopy trait value
that corresponds to the signal measured by the multispectral instrument
is critical in estimating and mapping foliar nutrients at both canopy and
landscape scale (Roelofsen et al., 2013). To this end, we hypothesize
that canopy traits estimated based on a weighted average between the
sunlit upper and shaded lower canopy layers (weighted canopy ex-
pression) may improve the accuracy of canopy trait models.
This study, therefore, seeks to examine the effect of canopy traits ex-

pression in modelling canopy traits using Sentinel-2 multispectral data
across the growing season in a temperate forest. Firstly, we examined the
correlation between Sentinel-2 spectral data and canopy traits estimated
from the two canopy expressions. Secondly, we examined variation in
estimation accuracy of canopy traits estimated from the two canopy ex-
pressions using Sentinel-2 data. Thirdly, we explored the development of a
generalized model that captures variation in canopy traits across the
growing seasons. Finally, we mapped the variation in canopy traits using
the best performing model for each season.

2. Materials and methods

2.1. Study area

Field measurements were conducted over three seasons of 2017 in
Bavarian Forest National Park (BNFP) (Fig. 1). BNFP is part of the
Bohemian Forest Ecosystem. The Park is approximately 24 218 ha in
size, with elevation stretching from 600 to 1453m (Heurich et al.,
2010). Annual precipitation ranges from 1200 to 1800mm and the park
experience a mean annual temperature of ~ 5° C. The evergreen
Norway spruce (Picea abies) (67%) and deciduous European beech
(Fagus sylvatica) (24.5%) are the dominant trees species, while white fir
(Abies abies) (2.6%), sycamore maple (Acer pseudoplatanus) (1.2%), and
mountain ash (Sorbus aucuparia) (3.1%) are the less dominant species in
the park (Cailleret et al., 2014).

2.2. Field data collection and laboratory measurements

Field campaigns were conducted during three seasons, i.e. spring

Fig 1. The location of Bavaria Forest National Park in Germany and the spatial
distribution of sample plots overlaid on Sentinel-2 satellite imagery of 13 July
2017. Black dotted lines demarcate the boundary of the biodiversity research
transects.
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(32 plots), summer (40 plots) and autumn (40 plots) of 2017. The three
seasons present phenological changes in vegetation across the park
(Fig. 2). The dates of field data collection for each season are presented in
Table 2. We randomly generated sampling sites in broadleaf, conifer and
mixed vegetation stands based on a vegetation map provided by the De-
partment of Visitor Management and National Park Monitoring, Bavarian
Forest National Park (Silveyra Gonzalez et al., 2018). Our sample plots
were mainly located within the belt transects designed for biodiversity
research (Bässler et al., 2009) (Fig. 1). In the field, we navigated to the
sampling sites using a hand-held Global Positioning System (GPS). At each
sampling site, a north-oriented plot of 900m2 (30m×30m) was de-
marcated. We then used a Leica GPS 1200 to measure the precise centre
location of each plot (at sub-meter accuracy after post-processing).
Within each plot, the following forest structural variables were

measured: stem density, crown diameter, canopy closure and stand
height (Table 1) and leaf area index. LAI was measured using a Li-Cor
LAI- 2200 plant canopy analyzer. Each plot level LAI was computed
based on three reference samples of above canopy radiation (above
canopy readings) measured in a nearby open area and five below ca-
nopy readings were measured within the plot. Fig. 3 shows seasonal
variation in LAI for all the sampled plots. Stem density per hectare was
determined based on the number of trees with each plot. The height of
each tree was estimated using a Nikon Forestry 550 hypsometer.
We then separately collected foliar samples from the exposed upper

and shaded lower canopy of each sampled tree. In total, we collected 1
104 leaf samples across the three seasons. A cross bow was used to
shoot sunlit leaf samples from the top one meter upper canopy (Gara
et al., 2019; Ali et al., 2016), whilst an extendable pair of secateurs was
used to clip leaf samples from the lowest living branch (Atherton et al.,
2017; Arellano et al., 2017). Within each plot, sampling was performed

on five trees with a diameter at breast height greater than 10 cm. We
labelled the trees to enable identification during subsequent seasonal
field measurements. Immediately after collecting the samples, we
measured leaf chlorophyll using CCM -300 chlorophyll content meter
(Opti-Sciences, 2011). We then wrapped the leaf and needle samples
with moist paper towels and zip-locked them in polythene bags. The
samples were then transported to the laboratory in a cooler with ice
packs within 6 h of collection (Atherton et al., 2017).
Leaf mass per area (LMA, g/cm2), leaf carbon (Carbon, g/cm2), ni-

trogen (N, g/cm2) and SLA (cm2/g) were measured in the laboratory.
LMA and SLA were retrieved from fresh weight and leaf area, as out-
lined in Gara et al. (2018b). Leaf nitrogen and carbon were determined
using the Perkin Elmer 2400 elemental analyzer. Mass-based carbon
and nitrogen obtained from elemental analysis were converted to area-
based by multiplying by LMA (Wang et al., 2015). Further details on the
laboratory procedure and analysis are provided in Gara et al. (2018a).

2.3. Determining plot-level leaf trait

Determining mean leaf trait per plot for a mono-species stand is rela-
tively straightforward compared to a multi-species stand. The mean leaf

Fig 2. An example hemispherical photographs depicting phenology changes in vegetation across the three seasons in Bavarian Forest National Park.

Table 1
Statistics of canopy structural parameters for sampled plots.

Min Max Mean SD

Stem density (n/ha) 200 1333 546 232.6
Crown diameter (m) 1.45 9.3 4.43 1.84
Tree height (m) 9.63 49.78 24.4 7.52
DBH (cm) 3.19 92.36 11.83 8.53
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traits of a mono-species plot is determined by merely averaging leaf trait
content of collected samples. However, for a multi-species plot, there is a
need to determine a weighted mean leaf trait content relative to the
abundance or foliage biomass of each species within a plot (Homolová
et al., 2013). This approach caters for the wide variation in leaf traits
content between species within stands. In this study, we computed the
plot-level mean trait for the multi-species plots following a procedure
described by Wang et al., 2018. The procedure was executed to determine
the mean leaf traits content for both sunlit and shaded leaf traits. Essen-
tially, we calculated foliage biomass of each tree species within each plot
as a function of diameter at breast height (DBH) using established allo-
metric equations reported by Widlowski et al (2003) for similar European
temperate ecosystem as Bavaria Forest National Park. The mean leaf trait
content for each plot (LTplot) was weighted relative to the fraction of fo-
liage biomass of each species (Eq. (1)).

=
=

LT LT fLAIplot
i

n

i i
1 (1)

where LTi is the average leaf trait for species i within a plot, fLAI is the leaf
area fraction of species i and n is the number of species.
The foliage biomass fraction was computed using the following

formula (Eq. (2))

=
=

fLAI
fBio SLA

fBio SLAi
i i

i
n

i i1 (2)

ƒBio the foliage biomass fraction of species i and SLA is the average
specific leaf area for species i

2.4. Canopy traits expression

In this study, we explored two canopy trait expressions, i.e. top-of-
canopy expression and weighted canopy trait. Top-of-canopy expression
multiplies leaf trait content of samples collected from the sunlit upper
canopy with total canopy LAI. The weighted canopy trait computes ca-
nopy trait value for each field plot as the weighted sum of LAI and leaf
traits for the sunlit and shaded canopy (weighted canopy trait Eq. (3)).

=
LAI trait

i
i i

1,2 (3)

where 1 and 2 represent sunlit and shaded canopy layers respectively, and
the trait is leaf traits for each canopy layer
To execute the weighted canopy trait expression, we partitioned the

total canopy LAI into sunlit fraction and shaded fraction following
mathematical formulae (Eqs. (4) and (5)) following previous studies
(Chen Jing et al., 2012; Sprintsin et al., 2012; Wu et al., 2017).

=
× ×( )

LAI
k SZA

1 exp

/cos( )sun

k LAI
SZAcos( )

tot

(4)

=LAI LAI LAIshade tot sun (5)

where k= extinction coefficient, Ω is clumping index, SZA is solar
zenith angle, LAItot is canopy total LAI, LAIsun is the sunlit fraction,
LAIshade is the shaded fraction. We used an extinction coefficient of 0.7,
0.5 and 0.6 for broadleaf, conifer and mixed plots respectively fol-
lowing Chen Jing et al., 2012. The clumping index for each plot was
measured using an LAI 2200 canopy analyzer (Fang et al., 2018) re-
stricted to a 45° view cap to eliminate the influence of the operator
(Darvishzadeh et al., 2019). Although LAI-2200 canopy analyzer has
been reported to overestimate clumping index, Chianucci et al. (2015)
demonstrated that LAI-2200 canopy analyzer fitted with a 45° view cap
(identical to the one used in field data collection for this study) can
generate a clumping index comparable to digital hemispherical pho-
tographs. Moreover, if overestimation of the clumping index exists, it
was relative for all plots across the growing season as the same same
instrument was used across plots and seasons. The solar zenith angle
was extracted from the Sentinel-2 MSI metadata.

2.5. Satellite imagery data and preprocessing

Geometrically corrected top of atmosphere reflectance data of
Sentinel-2 Multi-spectral Instrument (MSI, Level 1C) were downloaded
from the Copernicus Open Access Hub. We downloaded Sentinel-2
images that coincided with the field data collection, as shown in
Table 2. The multi-spectral instrument on board Sentinel-2 MSI data
consists of 13 spectral bands spanning from the visible through the NIR
to SWIR at a spatial resolution ranging from 10 to 60m and a swath
width of 290 km. Atmospheric correction was performed using Sen2Cor
module in Sentinel Application Platform (SNAP). After atmospheric
correction, we resampled the 20m spatial resolution bands (bands 5, 6,
8A, 11 and 12) to 10m using the nearest neighbour analysis. In this
study, bands 1 (coastal aerosol), 9 (water vapour), and 10 (SWIR cirrus)
designed for atmospheric analysis were not used for analysis. For the
spring and autumn images, we used the output of the Sen2Cor’s Scene
Classification to mask out pixels classified as saturated or defective,
cloud shadow, medium to high cloud probability and thin cirrus.
After pre-processing Sentinel-2 data for each season, we computed a

number of vegetation indices, as shown in Table 3. These vegetation
indices were selected guided by their performance in estimating of leaf
traits as reported in previous studies (Main et al., 2011; Stagakis et al.,
2010; Chemura et al., 2018). To harmonize spatial scales of canopy
traits values measured in the field against satellite data, we extracted
the reflectance of a plot as the average of nine (3×3) pixels centered
on the plot center.

2.6. Correlation analysis between Sentinel-2 bands and canopy traits

Prior to modelling canopy traits using the Random Forest algorithm,
we used Pearson’s Correlation Coefficient to examine correlations be-
tween Sentinel-2 reflectance data and canopy traits estimated from the

Fig 3. Seasonal variation in LAI across the three seasons.

Table 2
Field sampling and Sentinel-2 MSI acquisition dates for each season.

Season Field sampling dates Imagery acquisition date

Spring 17 May - 16 June 2017 13 June 2017
Summer 14 July - 14 Aug2017 13 July 2017
Autumn 14 Sept - 14 Oct 2017 26 Sept 2017
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two canopy expressions. The correlation analysis explores how the ca-
nopy traits estimated from the two canopy expressions relate to the
satellite data.

2.7. Modelling canopy traits using Sentinel-2 data

A machine learning algorithm, Random Forest (RF) validated using
repeated k-fold cross-validation procedure was used to examine the
effect of canopy traits expression on model performance and prediction
accuracy. In this study we used the powerful machine learning RF al-
gorithm because (i) it is more stable and equipped to handle collinear
datasets such as satellite dataset (Shi et al., 2018) (ii) it generates an
error matrix for internal validation and allow assessing the importance
of each predictor variable (Rodriguez-Galiano et al., 2012; Breiman,
2001) (iii) it is computationally efficient and has been used widely in
vegetation spectroscopy (Ramoelo et al., 2015; Mutanga et al., 2012;
Yan and de Beurs, 2016). RF employs an iterative bagging technique in
which the number of trees (ntree) are independently constructed using a
subset randomly selected from the training samples (Breiman, 2001).
The respective nodes are partitioned based on the best performing input
variables (mtry). To select the best ntree and mtry values that predict
canopy traits with the lowest RMSE, we optimized the RF models based
on the cross-validated RMSE. We tested ntree from 500 to 2500 at 500
intervals, while a mtry of 1–10 was assessed for models independently
developed using vegetation indices and Sentinel 2 spectral bands as co-
variates. For models that combined bands and vegetation indices as
predictors variables, a mtry of 1–20 was evaluated.
The k-fold cross-validation procedure was used to randomly parti-

tion the dataset into ten equal blocks. For each model run, k-1 of the
folds were used to calibrate the model while the other fold was reserved
as ‘out of bag’ to estimate the prediction error and compute a variable
importance vector. This procedure was repeated 10 times until all data
partitions were exhaustively used for both calibration and validation
data. To eliminate bias on the estimate based on the composition of
each partition, we repeated the k-fold data resampling procedure 10
times. Therefore, 100 models (10-fold cross-validation repeated 10
times) were simultaneously calibrated and validated using this proce-
dure. The final model was thus a mean of the 100 models. The robust
Mean Decrease Accuracy (%IncMSE) which estimates the increase in
the mean square error of prediction when a variable is permuted whilst
other remain invariant was used to assess the importance of predictor
variable (Breiman, 2001). We used the magnitude of the %IncMSE to
determine the minimum number of variables in the RF model. The most
important predictor variable yield high values of %IncMSE. The re-
dundant and less important variables that did not significantly affect
the accuracy of the prediction were thus eliminated in the optimized
model (Chemura et al., 2018).

The generalized RF model was developed based on pooled data for
the canopy traits and Sentinel data for all the three seasons. The pooled
data dataset (n=102) was randomly split into model calibration (65%)
and external validation (35%) dataset. To ensure an even distribution of
canopy traits in both the calibration and validation datasets, we sorted
and randomly sampled data from each quartile for each season. Similar
to seasonal models explained above the calibration dataset was in-
ternally validated using repeated k-fold cross-validation, and then the
final model was externally validated on the external data that was never
used in model calibration. Prior to Random Forest modeling the in-
dependent and dependent variable were all mean-centered.
The coefficient of determination (R2), root mean square error

(RMSE) and normalized root mean square error (NRMSE=RMSE/
Range) were used to assess the performance of the Random Forest
models in predicting the canopy traits using the Sentinel-2 reflectance
data. We also computed the percent Bias (pBias) for the generalized
models. pBias measures the tendency of a model to over- or under-es-
timate measured canopy traits. Positive values indicate overestimation
while negative values indicate underestimation. The ideal value of
pBias is 0, with values close to 0 indicate an accurate model. The
Random Forest modelling procedure was performed in R.3.5.1 for
Windows using the classification and regression (caret) package.

3. Results

3.1. Seasonal variability in leaf traits across the vertical canopy profile

The trait content (LMA, Cab, N and carbon) for leaf samples col-
lected from the upper canopy were significantly (α < 0.05) higher
compared with samples collected from the lower canopy throughout the
three seasons (Fig. 4). The variation in leaf traits content between the
upper canopy and lower canopy samples was more prominent in
summer compared to the other seasons. This variation was more dis-
tinctive for the dry matter related leaf traits. Generally, the dry matter
related leaf traits of the upper canopy demonstrated high seasonal
variability compared to lower canopy. As expected, the mean leaf traits
content for summer was significantly higher when compared to other
seasons for all the leaf traits. Leaf chlorophyll content for summer
showed high variability between upper and lower canopy compared to
the other two seasons (Fig. 4).

3.2. Correlation between Sentinel-2 spectral data and canopy traits

The strength of correlation between Sentinel-2 reflectance data and
canopy traits varied between the two canopy traits expressions across
seasons (Appendix A) as well as for the pooled dataset (Fig. 5). Gen-
erally, canopy-level LMA, N and carbon estimated from the weighted

Table 3
Vegetation indices evaluated in this study.

Index Formula S2 bands Reference

Normalized difference Vegetation Index (NDVI) +NIR RE NIR RE( )/( ) B5, B8 Gitelson and Merzlyak, (1994);
Rouse et al., (1973)

Red-edge Chlorophyll Index (CIrededge) NIR RE( / 3) 1 B7, B8 Gitelson et al., (2005)
Corrected Transformed Vegetation Index (CTVI) + +NDVI NDVI( 0.5) 0.5 B5, B8 Perry and Lautenschlager, (1984)
Renormalized NDVI (rNDVI) +NIR R NIR R( )/( ) B4, B8 Gitelson and Merzlyak (1994)
Simplified Canopy Chlorophyll Index (SCCCI) NDVI RE NDVI( 3)/ B5, B7, B8 Barnes et al., (2000)
Sentinel-2 Red-edge Position (SREP)

+
+

705 35
NIR R RE

RE RE
2

2 1

B4, B5, B6,
B8

Frampton et al., (2013)

Inverted Red-edge Chlorophyll Index (IRECI) NIR R RE RE( )/( 2/ 1) B4, B5, B6,
B8

Frampton et al.,(2013)

Modified Chlorophyll Absorption Ratio Index (MCARI) RE R B B B B(( 1 ) 0.2 ( 5 3)) ( 5/ 4) B3, B4, B5 Daughtry et al.,(2000)
Transformed Chlorophyll Absorption in Reflectance Index/

Optimized Soil-Adjusted Vegetation Index (TCARI/OSAVI) + + +
RE RE RE G RE R

NIR R NIR R
3[( 1 3) 0.2( 1 )( 1 / )

(1 0.16)( ) / ( 0.16)
B3, B4, B5,
B7, B8

Daughtry et al., (2000)Rondeaux
et al., (1996)

Global Environmental Monitoring Index (GEMI) n n R R(1 0.25 ) ( 0.125)/(1 )
where n= + + + +NIR R NIR R NIR R[2( ) 1.5 0.5 ]/( 0.5)2 2

B4, B5, B8 Pinty and Verstraete, (1992)
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canopy expression showed a stronger correlation with spectral re-
flectance of all Sentinel-2 bands compared to canopy traits estimated
using the conventional top-of-canopy expression. The difference in
correlation between canopy traits and Sentinel 2 spectral data in
summer was wider from the red-edge 2 (RE2) band to the SWIR bands
through the NIR bands. The SWIR bands and red-edge 1 yielded the
highest correlations (r > −0.5, α < 0.05) with canopy LMA and
carbon estimated using the weighted canopy expression. Canopy ni-
trogen demonstrated a high correlation with the red band and red-edge
1 for the pooled dataset. Canopy N estimated from both canopy ex-
pressions demonstrated poor correlation (−0.25 < r < 0.12) to Sen-
tinel-2 reflectance data in the summer compared to the two other
seasons. LMA and carbon were strongly correlated (r= 0.98,
α < 0.05) and yielded an almost similar result across seasons.
In contrast, canopy chlorophyll estimated based on top-of-canopy

expression exhibited a higher correlation with reflectance throughout
all the Sentinel-2 bands for the pooled dataset. The difference in cor-
relation was greater in the red-edge, NIR and SWIR bands. A similar
observation is also evident for the seasonal correlations between
Sentinel-2 spectral data and canopy chlorophyll, especially in spring
and summer (Appendix A). In summer, canopy chlorophyll exhibited an
increased correlation with Sentinel spectral data, especially with re-
flectance data from red edge bands and NIR (r > 0.5) compared to
spring and autumn.

3.3. Effect of canopy-level traits expression on model performance

We compared the prediction accuracy of canopy traits estimated
from the two canopy layer expression methods using RF models trained

with reflectance data and vegetation indices from Sentinel-2 spectral
bands. Overall, canopy traits estimated from the weighted expressions
generated lower values of RMSEP for all models developed for canopy
LMA, N and C throughout all the seasons. For example, canopy LMA
was estimated with an error of 120.4 and 144.4 g/cm2 for the weighted
and top-of-canopy, respectively, for spring using the optimized model
(Table 4). In summer, canopy N was estimated with an error of 1.47 and
1.77 g/cm2 for weighted and top-of-canopy, respectively, for the opti-
mized models (Table 5). Canopy carbon was also estimated with an
error of 26 and 29.9 g/cm2 for the weighted and top-of-canopy ex-
pressions for the optimized models (Table 6). All co-variates demon-
strated a similar prediction pattern for the canopy traits estimated from
the two canopy traits expressions.
Generally, the accuracy of estimation for all canopy traits increased

in the order of spring, summer and autumn for all models across sea-
sons. For example, canopy N was estimated with an error of 1.85, 1.47
and 1.03 g/cm2 for spring, summer and autumn, respectively. Canopy
chlorophyll was estimated with an RMSEP of 0.48, 0.37 and 0.34 g/cm2

for spring, summer and autumn respectively. A similar pattern was also
observed for canopy LMA and carbon.
Analysis for the pooled dataset demonstrated that the weighted

canopy expression consistently outperformed the top-of-canopy ex-
pression method using both the internal and the independent external
validation procedure (Table 7). Canopy LMA estimated from the
weighted canopy expression yielded an RMSEP of 66.9 compared to
83.9 g/cm2 obtained for the top-of-canopy expression. A similar pattern
was also observed for canopy N (1.21 and 1.62 g/cm2 for weighted and
top-of-canopy expression respectively) and carbon (31.9 and 41 g/cm2

for weighted and top-of-canopy expression respectively). Chlorophyll

Fig 4. Seasonal variation in field-measured leaf traits across the canopy vertical profile. For each trait, box plots that display a mismatch in letters when paired
indicate significant (α < 0.05) differences based on Tukey’s HSD test i.e box plots with different letter labels indicate significant differences (Meerdink et al., 2016).
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estimated based on top-of-canopy expression yielded higher prediction
accuracy (0.38 g/cm2) compared to canopy weighted expression
(0.47 g/cm2) for the pooled dataset. It is important to note that the
generalized models based on the pooled dataset slightly underestimated
canopy traits content in high canopy traits content stands. This is re-
flected by the shift in the estimated canopy chlorophyll content values
below the 1:1 line (Fig. 6) and confirmed by the marginal negative
pBias values. However, the pBias reported in this study are close to zero
(0) indicating accurate models.
Fig. 7 indicates the significance and ranking of each predictor

variables in modelling canopy traits for each season and for the pooled

data set using the RF technique. It is evident that SWIR bands outranked
other spectral bands in modelling dry matter related to canopy traits.
IRECI consistently ranked higher compared to other vegetation indices.
Generally, the blue reflectance band ranked lowest compared to other
spectral bands for canopy LMA, N and carbon modelling. This result
concurs with correlation analysis observed between the canopy traits
and Sentinel-2 bands in Fig. 5. For canopy chlorophyll, the red edge
bands ranked higher. Generally, vegetation indices outranked spectral
bands in canopy chlorophyll modelling especially in summer and for
the pooled dataset.

Fig 5. Correlation analysis between Sentinel-2 reflectance data and canopy traits for the pooled dataset.

Table 4
Performance of the Random Forest model in modelling canopy traits for the spring season.

Based on the sunlit canopy Weighted canopy

Trait Co-variates R2 (SD) RMSEP (SD) NRMSE (SD) R2 (SD) RMSEP (SD) NRMSE (SD)

LMAc Raw bands 0.66 (0.36) 152.5 (90.62) 0.15 (0.09) 0.63 (0.35) 128.1 (74.4) 0.15 (0.09)
VI 0.64 (0.32) 171.9 (89.57) 0.17 (0.09) 0.63 (0.35) 145.9 (70.8) 0.17 (0.08)
Bands+VI 0.65 (0.34) 159 (89.6) 0.16 (0.09) 0.64 (0.34) 135.3 (67.4) 0.16 (0.08)
Optimized 0.67 (0.34) 144.4 (90.7) 0.14 (0.09) 0.72 (0.33) 120.4 (74.5) 0.14 (0.08)

Cabc Raw bands 0.55 (0.38) 0.55 (0.22) 0.23 (0.09) 0.48 (0.38) 0.57 (0.25) 0.21 (0.09)
VI 0.52 (0.37) 0.52 (0.21) 0.242(0.09) 0.48 (0.36) 0.6 (0.26) 0.22 (0.09)
Bands+VI 0.54 (0.37) 0.56 (0.22) 0.24(0.09) 0.52 (0.35) 0.58 (0.25) 0.21 (0.09)
Optimized 0.60 (0.36) 0.48 (0.22) 0.23 (0.09) 0.52 (0.36) 0.56 (0.26) 0.2 (0.09)

Nc Raw bands 0.53 (0.36) 2.04 (0.93) 0.2 (0.09) 0.56 (0.34) 1.93 (1.04) 0.18 (0.1)
VI 0.53 (0.35) 2.22 (0.91) 0.21 (0.09) 0.52 (0.38) 2.15 (1.03) 0.2 (0.1)
Bands+VI 0.53 (0.35) 2.11 (0.91) 0.2 (0.09) 0.56 (0.38) 2.06 (0.95) 0.2 (0.09)
Optimized 0.61 (0.32) 1.97 (0.96) 0.19 (0.09) 0.66 (0.32) 1.85 (1.09) 0.18 (0.1)

Cc Raw bands 0.66 (0.35) 71.2 (41.5) 0.15 (0.09) 0.64 (0.35) 59.82 (35.5) 0.15(0.09)
VI 0.63 (0.34) 80.12 (40.4) 0.17 (0.09) 0.64 (0.35) 68.7 (33.4) 0.17 (0.08)
Bands+VI 0.64 (0.35) 74.43 (40.5) 0.16 (0.09) 0.65 (0.35) 63.46 (31.9) 0.16 (0.08)
Optimized 0.62 (0.35) 67.11 (42.5) 0.14 (0.09) 0.66 (0.34) 57.97 (35) 0.15 (0.08)

R2
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3.4. Mapping seasonal variation in canopy traits

Figs. 8 and 9 show the spatial and temporal variation in canopy
traits mapped using the best performing RF models across the three
seasons. Variations in canopy chlorophyll for the three seasons were
mapped based on top-of-canopy expression, while variations in LMA, N
and carbon were based on canopy traits estimated using the canopy-
weighted expression. A visual inspection of the maps displays seasonal
shifts in canopy traits across the three seasons that confirm to our
knowledge on plant phenological changes. For example, the seasonal
changes in chlorophyll show high chlorophyll content in summer, fol-
lowed by spring and then autumn (Fig. 8). The seasonal shifts displayed
in canopy chlorophyll maps and as well as for canopy LMA, N and
carbon (Figs. 8 and 9) corresponds to the seasonal variability in leaf
traits content observed in Fig. 4.

4. Discussion

This study sought to examine the effect of canopy traits expression
in modelling canopy LMA, Cab, N and carbon content from seasonal
Sentinel-2 multispectral data in a temperate forest. The alternative
canopy traits expression employed in this study capture variation in the

vertical distribution of leaf traits across the canopy differently.

4.1. Variability in in-situ leaf traits across the vertical canopy profile
throughout the growing season

All leaf traits measured in the field demonstrated seasonal dynamics
that also exhibited dependence on the canopy microclimate (Fig. 4).
These dynamics conform to previous studies (Yang et al., 2016; Gara
et al., 2018b) and with our understanding of vegetation physiology
across the canopy vertical profile (Hikosaka, 2005). The seasonal dy-
namics are mainly a result of phenological shifts due to changes in the
photoperiod across the growing season. As expected, all the traits ex-
hibited high content in summer, which coincides with an increase in
diurnal temperature and maximum photoperiod (Behrman et al., 2015).
The wide difference in trait content between lower and upper canopy
leaf samples in summer for all traits can be explained by the manifes-
tation of the shade effect as foliage material of the upper canopy block
and absorb most of the incoming PAR during peak vegetative season.
Until now, very few studies (Yang et al., 2016; Zhang et al., 2007) have
reported phenological dynamics in leaf traits across the canopy vertical
profile in temperate vegetation biomes.

Table 5
Performance of the Random Forest model in modelling canopy traits for the summer season.

Based on the sunlit canopy Weighted canopy

Trait Co-variates R2 (SD) RMSEP (SD) NRMSE (SD) R2 (SD) RMSEP (SD) NRMSE (SD)

LMAc Raw bands 0.55 (0.3) 103.5 (26.2) 0.2 (0.05) 0.64 (0.28) 84.9 (25.3) 0.21 (0.06)
VI 0.52 (0.33) 103.6 (30.6) 0.2 (0.06) 0.62 (0.31) 86.1 (29.2) 0.21 (0.07)
Bands+VI 0.53 (0.32) 103.3 (27.7) 0.2 (0.05) 0.62 (0.32) 85.7 (26.6) 0.2 (0.06)
Optimized 0.57 (0.3) 98.01 (25.6) 0.19 (0.05) 0.64 (0.28) 83 (24.6) 0.19 (0.06)

Cabc Raw bands 0.49 (0.31) 0.46 (0.16) 0.23 (0.08) 0.44 (0.32) 0.45 (0.15) 0.24 (0.08)
VI 0.60 (0.34) 0.4 (0.16) 0.2 (0.08) 0.56 (0.35) 0.39 (0.15) 0.21 (0.08)
Bands+VI 0.59 (0.34) 0.42 (0.16) 0.21 (0.08) 0.5 (0.37) 0.4 (0.17) 0.21 (0.09)
Optimized 0.62 (0.35) 0.37 (0.16) 0.19 (0.08) 0.56 (0.35) 0.38 (0.15) 0.21 (0.08)

Nc Raw bands 0.32 (0.32) 1.97 (0.72) 0.21 (0.08) 0.40 (0.36) 1.55 (0.53) 0.21 (0.07)
VI 0.37 (0.32) 1.83 (0.71) 0.2 (0.07) 0.38 (0.32) 1.52 (0.53) 0.21 (0.07)
Bands+VI 0.36 (0.32) 1.86 (0.68) 0.2 (0.07) 0.42 (0.32) 1.52 (0.62) 0.2 (0.08)
Optimized 0.41 (0.33) 1.77 (0.66) 0.19 (0.07) 0.48 (0.35) 1.47 (0.53) 0.19 (0.07)

Cc Raw bands 0.54 (0.3) 51 (13.2) 0.21 (0.05) 0.63 (0.3) 41.32 (12.55) 0.2 (0.06)
VI 0.51 (0.33) 51.2 (15.3) 0.21 (0.06) 0.63(0.3) 41.62 (14.7) 0.19 (0.07)
Bands+VI 0.52 (0.32) 51 (13.6) 0.21 (0.06) 0.65 (0.28) 41.68 (11.4) 0.2 (0.06)
Optimized 0.57 (0.28) 49.7 (13.4) 0.2 (0.05) 0.65 (0.29) 40.4 (12.81) 0.19 (0.06)

Table 6
Performance of Random Forest models in modelling canopy traits for the autumn season.

Based on the sunlit canopy Weighted canopy

Trait Co-variates R2 (SD) RMSEP (SD) NRMSE (SD) R2 (SD) RMSEP (SD) NRMSE (SD)

LMAc Raw bands 0.69 (0.31) 68.7 (30.4) 0.18 (0.08) 0.71 (0.3) 59.3 (25.7) 0.18 (0.08)
VI 0.74 (0.28) 61.5 (28.7) 0.17 (0.08) 0.74 (0.26) 56.3 (21.4) 0.17 (0.06)
Bands+VI 0.71 (0.33) 61.8 (30.4) 0.17 (0.08) 0.76 (0.3) 52.8 (26.2) 0.16 (0.08)
Optimized 0.74 (0.28) 61.2 (28.6) 0.16 (0.08) 0.74 (0.29) 53.6 (24.2) 0.16 (0.07)

Cabc Raw bands 0.51 (0.34) 0.34 (0.11) 0.19 (0.06) 0.56 (0.33) 0.34 (0.11) 0.18 (0.06)
VI 0.45 (0.36) 0.36 (0.12) 0.2 (0.06) 0.51 (0.32) 0.35 (0.13) 0.19 (0.07)
Bands+VI 0.47 (0.33) 0.35 (0.11) 0.19 (0.06) 0.52 (0.33) 0.35 (0.13) 0.19 (0.07)
Optimized 0.5 (0.34) 0.33 (0.1) 0.19 (0.06) 0.58 (0.32) 0.34 (0.11) 0.18 (0.06)

Nc Raw bands 0.65 (0.3) 1.31 (0.72) 0.16 (0.09) 0.68 (0.32) 1.12(0.55) 0.16 (0.08)
VI 0.69 (0.31) 1.23 (0.76) 0.15 (0.09) 0.69 (0.31) 1.06 (0.57) 0.15 (0.08)
Bands+VI 0.7 (0.30) 1.22 (0.78) 0.15 (0.09) 0.69 (0.3) 1.04 (0.59) 0.15 (0.09)
Optimized 0.71 (0.3) 1.21 (0.79) 0.14 (0.1) 0.72 (0.3) 1.03 (0.61) 0.15 (0.09)

Cc Raw bands 0.7 (0.31) 33.51 (15) 0.18 (0.08) 0.72 (0.28) 28.7 (12.7) 0.18 (0.08)
VI 0.74 (0.28) 30.41 (14) 0.16 (0.08) 0.74 (0.27) 27.81 (10.3) 0.17 (0.06)
Bands+VI 0.71(0.32) 30.15 (15.2) 0.16 (0.08) 0.73 (0.3) 26.44 (13.2) 0.16 (0.08)
Optimized 0.74 (0.27) 29.9 (14.1) 0.16 (0.08) 0.74 (0.28) 26.02 (12) 0.16 (0.07)
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4.2. Does canopy traits expression affect the correlation and estimation
accuracy of canopy traits from Sentinel-2 data?

This study presented evidence that dry matter related canopy traits

(LMA, N and carbon) computed from the weighted canopy expression,
which exploits the vertical heterogeneity in leaf traits, correlate well
with reflectance from all Sentinel-2 spectral bands compared to the
conventional top-of-canopy expression throughout the growing season

Table 7
Performance of generalized Random Forest models in modelling canopy traits across all the seasons.

Based on the sunlit canopy Weighted canopy

Internal validation External validation Internal validation External validation

Trait Co-variates R2 (SD) RMSEP (SD) R2 RMSEP NRMSE R2 (SD) RMSEP (SD) R2 RMSEP NRMSE

LMAc Raw bands 0.48 (0.28) 104.4 (25.7) 0.54 82.3 0.17 0.52 (0.24) 90.2 (22.9) 0.68 68.8 0.17
VI 0.45 (0.27) 107.7 (27) 0.49 87.8 0.18 0.5 (0.25) 93.89 (23.9) 0.55 76.9 0.19
Bands+VI 0.49 (0.28) 103.4 (25.2) 0.56 82.4 0.17 0.52 (0.24) 90.5 (21.9) 0.7 62 0.15
Optimized 0.50 (0.28) 101.4 (25.6) 0.54 83.9 0.18 0.55 (0.23) 89.5 (21.6) 0.67 65.9 0.16

Cabc Raw bands 0.45 (0.24) 0.39 (0.09) 0.43 0.45 0.27 0.41 (0.24) 0.396 (0.07) 0.42 0.51 0.28
VI 0.47 (0.27) 0.39 (0.11) 0.46 0.41 0.23 0.46 (0.28) 0.386 (0.09) 0.45 0.49 0.25
Bands+VI 0.46 (0.25) 0.389 (0.01) 0.46 0.42 0.25 0.44(0.26) 0.389 (0.08) 0.43 0.49 0.27
Optimized 0.49 (0.26) 0.37 (0.09) 0.55 0.38 0.19 0.46 (0.27) 0.386 (0.09) 0.47 0.47 0.24

Nc Raw bands 0.41 (0.26) 1.78 (0.44) 0.25 1.67 0.19 0.39 (0.26) 1.52 (0.36) 0.46 1.23 0.16
VI 0.41 (0.28) 1.81 (0.48) 0.34 1.56 0.18 0.42(0.27) 1.55 (0.42) 0.42 1.26 0.16
Bands+VI 0.40 (0.28) 1.8 (0.46) 0.32 1.55 0.18 0.4 (0.26) 1.53 (0.38) 0.51 1.17 0.15
Optimized 0.42 (0.27) 1.75 (0.46) 0.32 1.62 0.19 0.45 (0.26) 1.49 (0.37) 0.53 1.13 0.14

Cc Raw bands 0.5 (0.28) 49.88 (10.9) 0.55 40.7 0.18 0.55 (0.24) 43.37 (9.89) 0.68 31.3 0.16
VI 0.48 (0.27) 51.73 (10.8) 0.52 40.8 0.18 0.53 (0.24) 44.09 (11.5) 0.59 36.1 0.18
Bands+VI 0.52 (0.28) 49.78 (10.1) 0.56 39.8 0.18 0.54 (0.23) 42.66 (11.3) 0.71 30.7 0.16
Optimized 0.53 (0.27) 49.17 (10.4) 54.5 41 0.18 0.57 (0.23) 41.83 (11.1) 0.68 31.9 0.16

Fig 6. Independent validation for the pooled dataset based on the optimized model.
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Fig 7. Variable ranking and optimization for the prediction of canopy traits across seasons and for the pooled dataset using Sentinel-2 bands and vegetation indices.
The arrow indicates the threshold of the variable selected for the optimized model in descending order.
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(Fig. 5). Additionally, the weighted canopy expression generated a
higher prediction accuracy compared to top-of-canopy expression using
Sentinel-2 spectral data throughout the growing season (Table 4–6).

These observations demonstrate that functional traits of the shaded
layer significantly contribute to top of canopy reflectance measured by
the Sentinel 2 multispectral instrument. Characterizing the canopy

Fig 8. Spatial variation in canopy leaf mass per area and chlorophyll across seasons in Bavarian Forest National Park. The white parts of the map indicate pixels
occupied by clouds and non-vegetative material such as rocks. The zoomed maps enhance visualization of seasonal dynamics in canopy LMA and chlorophyll.
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depth sensed by remote sensing instruments has remained an unsolved
problem in vegetation spectroscopy (Ciganda et al., 2012). Results
presented in this study imply that the Sentinel-2 multi-spectral

instrument senses functional traits deep in the canopy beyond the ex-
posed upper canopy. This observation confirms earlier results by Gara
et al., (2018b) who documented that dry matter related canopy traits

Fig 9. Spatial variation in canopy nitrogen and carbon across seasons in Bavarian Forest National Park. The white parts of the map indicate pixels occupied by clouds
and non-vegetative material such as rocks. The zoomed maps enhance visualization of seasonal dynamics in canopy N and carbon.

T.W. Gara, et al. ISPRS Journal of Photogrammetry and Remote Sensing 157 (2019) 108–123

119



(LMA, N and carbon) upscaled from the top two canopy layers yield
higher accuracy using canopy reflectance measured with a field spec-
trometer. The current study extends this idea to a highly foliated forest
ecosystem and presents results that demonstrate that canopy traits ex-
pression affects the correlation and estimation accuracy of canopy traits
using satellite imagery data across multiple seasons.
In contrast, canopy chlorophyll estimated from top-of-canopy ex-

pression showed a higher correlation with the reflectance of Sentinel 2
bands compared to the weighted canopy chlorophyll. This observation
demonstrates that chlorophyll content from the sunlit foliage material
controls canopy reflectance (Roelofsen et al., 2013). This implies that
most of the incoming PAR is absorbed in the upper canopy. Foliage
material of the upper canopy controls canopy reflectance in the visible
and red-edge spectral regions (Thomas et al., 2008). This observation
relates with the conventional theory that absorption of incident PAR
follow a bell shaped function skewed to the upper canopy (Kropff and
Goudriaan, 1994). This observation also concur with Ciganda et al.,
(2012) who observed that the top eight leaves of maize plants (within
the 1–1.25m from the top of the canopy) provides the most accurate
estimation of canopy chlorophyll content using in-situ canopy hyper-
spectral measurements.
The seasonal differences in the strength of correlation between re-

flectance of Sentinel-2 spectral bands and the two canopy traits ex-
pressions can be explained by changes in leaf traits heterogeneity be-
tween sunlit and shaded leaf samples across seasons. When the
heterogeneity in leaf traits content between sunlit and shaded canopies
is lower (i.e. spring and autumn Fig. 4), the two canopy expressions
naturally yield almost identical canopy trait values and subsequently
display similar correlations patterns with Sentinel 2 data. However, as
the heterogeneity in leaf traits between sunlit and shaded increase, the
canopy traits show higher variation in the strength of correlation with
Sentinel-2 data as evidenced in summer (Appendix A).
Generally, canopy LMA and carbon demonstrated a higher corre-

lation with red-edge 1 and SWIR bands, while canopy N was highly
correlated with red, red-edge and SWIR spectral data. These bands also
ranked higher in the variable importance ranking (Fig. 7). The high
relationship between SWIR and canopy LMA, N together with carbon
concur with Kokaly et al. (2001) who observed that the absorption
feature centered at 2.1 μm broadens with increasing leaf N content.
They report that the changes are a result of two absorption features at
2.055 and 2.172 µm that are positioned on the shoulders of the 2.1 µm
absorption (Kokaly et al., 2009). In this study, SWIR2 ranked higher in
the variable importance and yielded a better correlation with canopy
LMA and carbon compared to SWIR1. This can be explained by the
Sentinel 2 spectral bands configuration. The SWIR2 is centered at
2190 nm and has a wider bandwidth (175 nm) compared to SWIR1,
which is centered at 1610 nm and has a narrow bandwidth of 91 nm
(European Space Agency (2015). The SWIR2 band is also contained
within the wavebands (2100–2300 nm) that Wang et al. (2011) ob-
served to be sensitive to LMA using hyperspectral measurements.
The high prediction accuracy obtained for all canopy traits for the

autumn season can be explained by the distribution of nutrients within
a given leaf volume during senescence. Experimental studies document
that during senescence, chloroplasts degrade which results in the re-
lease of foliar nutrients like leaf protein and chlorophyll pigments in re-
mobilizable form (Wada and Ishida, 2009). During this process, these
foliar nutrients become uniformly distributed across the leaf volume
(Carrión et al., 2014). The uniformly distributed nutrients freely in-
teract with radiation and can be readily sensed by remote sensing in-
struments. Previous studies also demonstrated that spectral absorption
features, especially in the SWIR spectrum, are obscured by water ab-
sorption (Fourty and Baret, 1998). We therefore, speculate that the low
leaf water content in autumn (results not shown) enhance leaf traits
sensitivity and subsequently improved canopy traits prediction for this
season (Ramoelo et al., 2011).
The generalized models explained 52.57–67.82% variability in

canopy traits across all seasons demonstrating the capability of Sentinel
2 data in capturing seasonal dynamics in leaf traits. Characterizing
seasonal dynamics in leaf traits is essential in improving our under-
standing of ecosystem functions, processes and services. Dynamics in
leaf traits displayed in Fig. 4 matches seasonal fluctuations in canopy
traits observed on the maps (Figs. 8 and 9). For example, the high leaf
chlorophyll content observed in summer in comparison to other seasons
corresponds with the range of canopy chlorophyll observed for the
summer map. A similar pattern can be observed for the other the ca-
nopy traits studied. The matching between leaf traits content and the
mapped canopy traits highlights the capability of Sentinel 2 data in
tracking canopy traits seasonality and ecosystem dynamics.
Although the prediction ability of generalized models are generally

low (R2 < 0.7) for both top-of-canopy and weighted canopy expres-
sions across all traits, it is also important to understand that the per-
formance of a model in predicting foliar traits is adequately assessed by
the model accuracy as represented by the RMSE and NRMSE
(Homolová et al., 2013). The NRMSE and RMSE metrics are better
analytical metrics compared to the prediction ability (R2) of a model
(Townsend et al., 2003). An NRMSE>0.25 is considered a good esti-
mate and sufficient in vegetation biophysical biochemical predictions
from remote sensing data (Asner et al., 2015). Our results demonstrate
higher prediction accuracy of canopy traits from both the weighted and
top of canopy expression approach with the NRMSE<0.25 for all ca-
nopy traits across the growing season.
To the best of our knowledge, no study has explored the effect of

canopy traits expression using multispectral data across the entire
growing season. Furthermore, in this study, we mapped the spatial
patterns of canopy traits repeatedly over space and time. Our study
demonstrated for the first time the capability of Sentinel 2 data to es-
timate canopy LMA and carbon across vegetation pheno-phases.
Previous efforts using Sentinel-2 data have mainly focused on foliar
chlorophyll (Li et al., 2018, Clevers et al., 2017, Delloye et al., 2018,
Vincini et al., 2014) and nitrogen (Chemura et al., 2018, Mutowo et al.,
2018) for single point in time typically at the peak growing season in
agricultural systems. Our study also demonstrated the development of a
generalized model that captures phenological changes in leaf traits
across multiple seasons. This result is important for monitoring eco-
system functions and processes in biodiversity studies and forest man-
agement. With the increasing use of multispectral imagery in estimating
and mapping plants traits, there is a need to standardize field sampling
protocols to ensure that studies are comparable. The general perception
that field sampling is laborious and time-consuming provides an escape
route for limited sampling procedures. Therefore, sampling throughout
the canopy requires more consideration, especially if the accuracy of
estimation and mapping of plant traits is to be further improved.

5. Conclusion

In this study, we examined the effect of canopy traits expression in
modelling canopy traits using Sentinel-2 multispectral satellite data
across the growing season in a temperate forest. Based on the results
obtained in this study, we conclude that:

(i). Canopy traits estimated from the weighted canopy expression that
accounts for the heterogeneity in leaf traits between sunlit and
shaded canopy demonstrated higher correlation and yielded
higher prediction accuracy using Sentinel-2 bands and vegetation
indices across all seasons.

(ii). A generalized model that captures dynamics in canopy traits
across all seasons can be developed using Sentinel-2 spectral data.

(iii). Sentinel-2 multispectral data can be successfully used to map
variability in canopy traits over space and time.

The superiority of the weighted over the top-of-canopy expression
for dry matter related traits indicate an urgent need to improve
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sampling protocols, especially for the dry matter related canopy traits.
Results presented in this study imply that the top-of-canopy expression
often used for leaf pigmentation (such as chlorophyll) estimation yields
considerable error when applied to dry matter related traits. The se-
lection of a canopy expression evidently depends on the class of traits
i.e. dry matter or leaf pigments, the desirable accuracy and the avail-
ability of sampling resources for large scale modelling. Our work fur-
ther demonstrated that Sentinel-2 multispectral data can accurately
monitor the seasonal dynamics of a suite of canopy traits. This study
showed the importance of multispectral instruments in monitoring
ecosystem dynamics across a range of spatial and temporal scales.

However, further research should be performed in the other biomes to
ascertain the validity of results obtained in this study.
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Appendix B. Supplementary material

Supplementary data to this article can be found online at https://doi.org/10.1016/j.isprsjprs.2019.09.005.
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