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Effects of Canopy Structural Variables on Retrieval
of Leaf Dry Matter Content and Specific Leaf Area

From Remotely Sensed Data
Abebe Mohammed Ali, Roshanak Darvishzadeh, Andrew K. Skidmore, and Iris van Duren

Abstract—Leaf dry matter content (LDMC) and specific leaf
area (SLA) are two important traits in measuring biodiver-
sity. To use remote sensing for the estimation of these traits,
it is essential to understand the underlying factors that influ-
ence their relationships with canopy reflectance. The effect of
canopy structures—particularly stem density (SD), leaf area index
(LAI), stand height (SH), crown diameter (CD), and average
leaf angle (ALA)—on the relationship between LDMC and SLA
with the canopy reflectance were investigated using a canopy
reflectance dataset simulated by the invertible forest reflectance
model (INFORM) radiative transfer model. The parameteriza-
tion of the model was based on the range of the field parameters
collected in the Bavarian National Park in July 2013 and the con-
figuration of the HYSpex hyperspectral sensor. Strong correlations
were observed between the two leaf traits and indices derived
from simulated canopy spectra in the NIR and SWIR region (R2

values of 0.87 for LDMC and 0.85 for SLA). Among the tested
HYSpex wavelengths, the bands most sensitive to variation were
2298.69 nm for LDMC and 2280.71 nm for SLA. The effects
of the stated structural variables on the relationships were best
controlled by the modified normalized difference (mND) vegeta-
tion index (VI): ([R2275 − R1920]/[R2275 + R1920 − 2 ∗
R1520]). The structural variables that most affected the relation-
ship were forest SD and CD. The modeling results suggest that
the spectral variation due to changes in LDMC and SLA is best
captured for stands with SD > 400 trees/ha and CD ≥ 5 m.
The influence of LAI and SH on the relationships can be greatly
reduced using VIs. We conclude that LDMC and SLA can be
accurately estimated from canopy reflectance, irrespective of the
heterogeneity of structural variables, providing that canopy cover
exceeds 50%.

Index Terms—Canopy structural variables, invertible forest
reflectance model (INFORM), leaf dry matter content (LDMC),
leaf traits, radiative transfer, specific leaf area (SLA).

I. INTRODUCTION

L EAF DRY matter content (LDMC) and specific leaf area
(SLA) are two fundamental functional traits in biodiver-

sity. LDMC is the ratio of the dry mass of a leaf to its fresh
mass expressed in mg/g. It reflects plant growth rate [1], carbon
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assimilation, and resource usage and availability [2], whereas
SLA is the ratio of leaf area to leaf dry mass, usually expressed
in cm2/g [3]. SLA links plant carbon and water cycles, and
provides information on the spatial variation in photosynthetic
capacity and leaf nitrogen content (e.g., 4, 5, and 6). SLA is also
indicative of plant physiological processes such as light capture,
growth rates, and life strategies of plants [4]. Leaf traits are gen-
erally correlated with each other [7]–[9]. As a result, LDMC
and SLA are interdependent, and have been used to estimate
(or predict other ecological indicators, such as leaf thickness
[10]–[12], relative growth rate [13], and soil fertility [14]. They
are increasingly used to investigate community structure and
ecosystem functioning [15]–[19]. Since the focus of biodiver-
sity research is shifting from species diversity to functional
diversity [20], accurately measuring these traits is therefore of
prime importance.

Plant functional traits can be retrieved from remotely sensed
data using either statistical (inductive) approaches or physi-
cally based models (deductive approaches) [21]. The statisti-
cal approaches investigate the relationship between vegetation
variables and their spectral reflectance or some derivative of
reflectance. Vegetation indices (VIs) are the most common sta-
tistical methods utilized, due to their simplicity. An alternative
is to use radiative transfer models (RTM) or so-called physi-
cal models, which mimic the transfer and interaction of solar
radiation inside the canopy and simulate the reflectance of a
given canopy (specific situation). They offer an explicit con-
nection between the vegetation variables and traits and the
canopy reflectance [22]. Although remote sensing is a fast and
cost-effective alternative, acquiring information on functional
traits is still mainly restricted to field observation, which is
labor-intensive and time-consuming. In particular, hyperspec-
tral remote sensing (often called imaging spectroscopy) has
the advantage of providing detailed and continuous spectral
information which can be potentially used for measuring plant
functional traits (e.g., [23], [24]–[27]).

Over the last four decades, several statistical methods and
RTMs have been developed to estimate biochemical and bio-
physical variables at leaf and canopy levels, using hyperspectral
data (e.g., [28], [29]–[31]). Both approaches have been applied
to estimate vegetation biophysical and biochemical variables
from remotely sensed data (e.g., [32]–[34]) and they have also
been compared in terms of their efficacy in estimating vegeta-
tion variables in grasslands from hyperspectral imagery [35].

However, when the observational scale moves from leaf to
canopy scale, the relationship between reflected radiation and
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leaf traits tends to weaken [36]. The scattering and absorption
properties caused by leaf traits are then confounded by
soil, nonphotosynthetic vegetation (litter, bark, and branches),
stem characteristics, canopy structure, and shadows [37]–[39].
Indices that have originally been designed at leaf scale are
particularly likely to suffer from these additional heterogene-
ity factors when used at canopy (i.e., larger) scale [36], [38],
[40]. Therefore, understanding the impact of these factors on
canopy reflectance is a crucial first step toward accurately esti-
mating the desired vegetation variables using remote-sensing
approaches. Sensitivity analysis enables the investigation of the
influence of the targeted variable and the confounding factors
on canopy reflectance. This, in turn, gives information on the
potential to successfully retrieve variables by using statistical
or RTM inversion methods from remotely sensed data [41].

Several studies have attempted to examine the sensitivity
of RTMs and VIs in quantifying biochemical variables. The
effect of soil types and soil properties on canopy reflectance
is well documented in the literature [42]–[46]. Asner [47]
revealed LAI and leaf angle distribution as the dominant deter-
minants of canopy reflectance if canopy closure (CC) and soil
effect are controlled. A study by Barton and North [48] has
concluded that the positive correlation between photochemi-
cal reflectance index and photosynthetic light use efficiency is
influenced by solar zenith, leaf area index (LAI), leaf angle
distributions, and soil types when using photochemical mod-
els. Bowyer et al. [49] compared the performance of local
and global sensitivity analysis methods in determining the
sensitivity of reflectance data to the input parameters of the
PROSPECT and GeoSAIL RTMs. Bannari et al. [50] analyzed
the sensitivity of Chlorophyll Indices to Soil Optical Properties
and demonstrated that chlorophyll indices are less sensitive to
changes in soil optical properties and can be used for a better
estimation of chlorophyll content in a sparse crop cover envi-
ronment. The influences of nonphotosynthetic vegetation and
CC on chlorophyll [51] and LAI retrieval [52] have also been
investigated for various canopy situations using single bands
and VIs on an RTM-simulated dataset. A recent study by Xiao
et al. [53] using Prospect_5 and 4SAIL RTM at different levels
reported the sensitivity of reflectance to the variation in vegeta-
tion variables such as leaf chlorophyll content, leaf mass area,
leaf water content, LAI, and vegetation fractional cover. Review
of the literature revealed that there have not been many studies
involving stem density (SD) and stand height (SH). Therefore,
more studies need to be conducted to examine the effect of these
structural variables on canopy reflectance.

Although LDMC and SLA are keystone ecological param-
eters, the efforts made to estimate these parameters from
remotely sensed data are rare. It is only recently that a study at
leaf scale using the PROSPECT model has shown that LDMC
and SLA can be accurately estimated from remotely sensed data
and has recommended upscaling and extension of the inver-
sion to the canopy scale [54]. To our knowledge, no study has
examined the impact of canopy structural variables on the esti-
mation accuracy of LDMC and SLA from remotely sensed data.
Therefore, here, we investigated the influence of key canopy
structural variables such as single-tree LAI (LAIs), SD, SH,
crown diameter (CD), and average leaf angle (ALA) on LDMC

and SLA retrieval using an RTM. Specifically, three aims were
addressed. 1) It was examined whether there is a significant
canopy reflectance variation due to changes in LDMC and SLA
content. 2) The performance of selected wavelengths and sev-
eral VIs in retrieving LDMC and SLA under various canopy
situations was evaluated. 3) The stand-specific impact of LAIs,
SD, and SH on the estimation of LDMC and SLA was assessed
in detail.

II. METHODOLOGY

A. Test Site and Field Data

The sensitivity of canopy reflectance to the desired plant
functional traits and confounding structural variables was ana-
lyzed based on RTM simulation of the mixed mountain forest of
the Bavarian Forest National Park. The park is located in south-
eastern Germany along the border with the Czech Republic
(49◦ 3′ 19′′ N, 13◦ 12′ 9′′ E). Elevation varies from 600 to
1473 m above sea level. The climate of the region is temper-
ate, with high annual precipitation (1200–1800 mm) and low
average annual temperature (3 ◦C–6 ◦C). Heavy snow cover is
characteristic of the area in winter. Spodosols are the predom-
inant soil type at lower altitude (below 900 m asl), whereas at
high altitude (above 900 m asl), spodosols and brown podzolic
soil predominate. The soils in the area are naturally acidic and
low in nutrient content [55]. The natural forest ecosystems of
the Bavarian Forest National Park vary with altitude: there are
alluvial spruce forests in the valleys, mixed mountain forests
on the hillsides, and mountain spruce forests in the high areas.
The dominant tree species include European beech (Fagus syl-
vatica), Norway spruce (Picea abies), and Fir (Abies alba). In
the mixed mountain forests, Sycamore maple (Acer pseudopla-
tanus L), Mountain ash (Sorbus aucuparia L), and Goat willow
(Salix caprea) are also found [56].

A field campaign was conducted between July 11 and August
23, 2013. The study area was stratified into broadleaf, conifer,
and mixed forest stands. Considering the nature of the forest
heterogeneity, time, and cost constraints, 26 plots (8 broadleaf,
6 conifer, and 12 mixed stands) were randomly selected within
each forest stand. Each plot was square, with sides 30 m
long. At each plot, leaf samples were collected and struc-
tural variables were measured. The collected leaf samples were
transported to a laboratory. For every sample, LDMC, SLA, leaf
mass per area (Cm), and leaf water content (Cw) were com-
puted from samples fresh and oven-dried mass at 65 ◦C for
48 h. The leaf samples’ hemispherical reflectance and trans-
mittance from 350 to 2500 nm with 1-nm spectral resolution
were also measured using a FieldSpec3 portable spectrora-
diometer equipped with an integrating sphere manufactured by
Analytical Spectral Devices, Inc. (ASD), USA; see [54] for
details of the leaf samples’ physical variables and spectral mea-
surements. The measured forest structural variables were LAI,
SD, CC, CD, SH, and ALA. LAI and ALA were computed
from hemispherical photographs taken in each plot by using
CIMES-FISHEYE software [57]. SD was recorded as num-
ber of trees per hectare, based on the number of trees in each
plot. CC was estimated by averaging five observations in a plot,
using a crown densiometer. CD and SH were calculated from
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TABLE I
SUMMARY STATISTICS OF THE MEASURED LEAF (n = 137) AND CANOPY STRUCTURAL VARIABLES (n = 26) IN BAVARIAN FOREST, LEAF MASS PER

AREA (Cm), LEAF WATER CONTENT (Cw), LEAF DRY MATTER CONTENT (LDMC), SPECIFIC LEAF AREA (SLA), LEAF AREA INDEX (LAI), STEM

DENSITY (SD), CANOPY CLOSURE (CC), CROWN DIAMETER (CD), AND STAND HEIGHT (SH)

mean CD and mean height of five trees randomly selected in
each plot. The CD of each tree was determined by averaging
two perpendicular projected distances on the ground. The total
height of each tree was estimated by using a Nikon Forestry 550
laser rangefinder. The measured physical and structural vari-
ables from the field are summarized in Table I. During the field
campaign, the spectral reflectance characteristics of understory
vegetation and ecosystem elements in the forest floor such as
bark, litter, mosses, and lichens were also measured by using
the ASD field spectroradiometer coupled to a high intensity
contact probe.

B. Canopy RTM Selection

A large variety of canopy RTMs is currently available and a
recent comparison is presented by Widlowski et al. [58]. There
are four broad categories of canopy reflectance models: 1) the
one-dimensional (1-D) or turbid media models (e.g., the SAIL
[59]); 2) geometric optical models (e.g., GOST [60]; 3) Monte
Carlo ray tracing three-dimensional (3-D) models (e.g., DART
model [61]), which stochastically calculate photon trajectories
within turbid or geometric canopies; and 4) hybrid models
(e.g., GEOSAIL [62]), which combine elements of the turbid
medium, the geometric optical, and the ray tracing models.

The canopy RTM should be adjustable to canopy composi-
tional variability. It is crucial to select a model that is capable
of accurately representing the complex forest structure with
minimal input requirements to build scenes of a forest canopy.
Simple turbid medium (1-D) RTMs are unlikely to be able
to account for changes in structural composition. Geometric
optical models simulate bidirectional reflectance as a purely
geometric phenomenon by considering the shape of objects,
their count densities, and patterns of placement as driving vari-
ables, but do not count the interaction between elements due to
multiple scattering among leaves and individual canopies [63].
Ray-tracing models and hybrid models that have 3-D function-
alities are expected to be better equipped to simulate the radia-
tive transfer fluxes within a heterogeneous canopy, but often
the amount of a priori knowledge needed to build the descrip-
tion of a canopy can be a limiting factor. Among the hybrid
models, the invertible forest reflectance model (INFORM) [28],
[64] seems to be particularly suitable with respect to linking
canopy variables to reflectance data while preserving simplicity
in generating scenes.

INFORM is a combination of the forest light interaction
model [65] and SAIL [59] canopy RTMs with the PROSPECT

[29] leaf RTM. INFORM is parameterized by leaf parameters,
such as Cm, Cw, and chlorophyll content; canopy parame-
ters, such as SD, LAIs, and SH; and external parameters, such
as sun zenith (θs) and sun azimuth angle (Ψ), and simulates
canopy spectral reflectance of forest stands between the 400-
and 2500-nm wavelengths. Unlike the 3-D RTMs, the outputs
of INFORM are not simulated images. It provides spectral sig-
natures on top of a canopy under well-specified conditions.
In other words, the simulated spectra are independent of spa-
tial resolution. The influence of the structural variables on
LDMC and SLA retrieval was investigated on simulated data
using the coupled leaf and canopy RTM-INFORM. All possi-
ble canopy structural compositions of LAIs, SD, SH, CD, and
ALA that may occur in the test site were considered during the
simulation.

C. INFORM Parameterization and Forest Reflectance
Simulation

The structural variables (SD, LAIs, SH, CD, and ALA)
addressed in this study were among the main structural com-
ponents that greatly vary throughout the forest stands in the
Bavarian Forest National Park. To study the effect of the con-
founding factors, a relationship should be established between
the confounding variables with LDMC and SLA (hereafter
referred to as “the two leaf traits”) for any given canopy struc-
ture or composition that could occur in the test site. Thus,
INFORM was parameterized on the basis of Bavarian National
Park Forest leaf and stand characteristics. The model input
parameters, Cm, Cw, LAIs, SD, SH, CD, ALA, θs, and Ψ were
generated using a uniform distribution based on the available
range of the ground-truth data (Table I).

Other leaf, canopy, and external input parameters were
fixed to average values based on the ground-truth data, sen-
sor (HYSpex) specification, and previous studies [54]. In
INFORM, LAI is represented by LAIs. Hence, the range for
LAIs was estimated by computing LAIs from LAI and CC
as LAIs = LAI/CC. For every combination of input param-
eters, LDMC and SLA were indirectly calculated from Cm and
Cw as LDMC = Cm/(Cm +Cw) and SLA = 1/Cm (see [54]
for details). The input parameter values used for forest canopy
reflectance simulation with INFORM are presented in Table II.

The simulation was done without the presence of atmosphere
on top of the canopy. Bare soil occurred extremely rarely on the
forest floor. Hence, the field spectra of understorey vegetation
and the forest floor elements were averaged and used as a fixed
background reflectance during the simulation.
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TABLE II
INPUT PARAMETERS USED DURING INFORM SIMULATION BASED ON FIELD OBSERVATION AND PREVIOUS STUDIES

*Fixed based on previous studies.

The shortwave-infrared region is reported as the most sensi-
tive region for retrieving parameters related to dry matter [23],
[66]–[68]. This region also avoids the need to measure leaf pig-
ments for model calibration and validation, since they have no
impact on the selected range spectral signature [66]. Therefore,
the forest canopy spectral reflectance was simulated in 309
spectral wavelengths (800–2500 nm) corresponding to the near-
infrared (NIR) and shortwave-infrared (SWIR) band settings
of the HYSpex system developed by the Norwegian company
Norsk Elektro Optikk. The HYSpex system comprises two
imaging spectrometers with spectral ranges of 400–1000 and
1000–2500 nm and up to 416 spectral channels at high spatial
resolution. The HYSpex system records radiance data in con-
tiguous bands at a spectral resolution of 3.7 nm for 400–992 nm
spectral range (sensor 1) and 6 nm for 968–2498 nm spectral
range (sensor 2). It has a spatial resolution of 1.6 m for sensor 1
and 3.3 m for sensor 2. The HYSpex instrument was flown over
the study site on board a Cessna 208B Grand Caravan at average
altitudes of 3006.5 m above sea level on July 22, 2013 between
9:00 and 11:15 local time. The German earth observation center
has successfully tested the system and made it available to the
remote-sensing community [69]. The solar zenith and azimuth
angles were set close to the range of the Bavarian National Park
overflight settings and the view zenith angle was set at nadir.

D. Confounding Factors Affecting LDMC and SLA Retrieval

Using the INFORM model, a total of 8 108 100 for-
est canopy spectra (6 Cm×6 Cw×13 LAIs×11 SD× 7 SH×
5 CD× 5 ALA× 4 θs × 3 Ψ) were simulated and used for
the subsequent analysis of the contribution of each targeted
variable to the spectral signal at stand scale. The analysis
attempted to evaluate the suitability of imaging spectroscopic-
based approaches for estimating LDMC and SLA. Several VIs
based on a previous study by le Maire et al. [70], who evalu-
ated the performance of different types of VIs for leaf mass per
area retrieval in a forest canopy, were used and assumed to be
sensitive to LDMC and SLA. These indices and their individual
wavelengths were adjusted to the HYSpex band configurations
(Table III).

TABLE III
VEGETATION INDICES USED FOR THE SENSITIVITY ANALYSIS OF LDMC
AND SLA AGAINST THE CONFOUNDING FACTORS (LAIS , SD, AND SH)

The indices are those studied in le Maire et al. [70].
NB: All the HYSpex bands involved in the indices calculation were also indi-
vidually tested for their sensitivity to the two leaf traits and confounding factors
analysis.

The effects of confounding factors on LDMC and SLA were
analyzed by studying how the variations in the confounding fac-
tors change the relationship between the two leaf traits and the
spectral bands or spectral indices. To test which of the input
parameters (the two leaf traits, LAIs, SD, SH, CD, or ALA)
determines most of the spectral variation in the forest canopy
spectra simulations at various sun zenith and azimuth angles,
we used analysis of variance (ANOVA) to decompose the total
variance into terms related to the individual factors. First, the
sensitivity of the simulated spectra for the variation in the two
leaf traits and different combinations of the confounding fac-
tors was tested for its statistical significance, using an F-test.
ANOVA computes the variance as the sum of squared devia-
tions. In our case, the sum of squares of the simulations was
partitioned into a sum of squares related to the overall mean, a
sum of squares related to the treatment effects, and a residual
sum of squares.

To test whether a specific band (or index) is sensitive to the
two leaf traits, the F-statistic for LDMC and SLA was used. To
test the sensitivity for the two leaf traits relative to the factors
(LAIs, SD, SH, CD, and ALA), an F-statistic was calculated
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by dividing the mean square related to the two leaf traits by
the mean square related to each of the factors. The best spec-
tral band (index) for LDMC and/or SLA estimation is the one
that has the largest calculated F-value. Pairwise multiple com-
parison tests were then done for the spectral bands and spectral
indices with a significant F-test result, using the least significant
difference (LSD), which is the widely used post hoc analysis,
to determine which values of a given factor differ significantly
from each other. Coefficients of determination (R2) between the
two traits and each of the selected spectral bands (index) were
also computed and used for evaluating the correlation strength
of the HYSpex canopy reflectance (indices) to the two leaf
traits.

Second, the LDMC and SLA effects on the spectral band
or spectral index with high significance value were further
analyzed for each combination of confounding variables. The
two traits’ variations were plotted against the best-performing
bands and indices in the F-test, and the effect of each selected
structural variable was examined individually, keeping all other
variables constant. The relationship between the two leaf traits’
variation and the reflectance was measured by means of local
sensitivity analysis.

We chose the local sensitivity analysis method because the
model simulation was run by varying the two leaf traits and
the five confounding variables at variable solar zenith and
azimuth angles, keeping all other parameters constant as shown
in Table II. In the other sensitivity analysis method (global sen-
sitivity analysis), all the input parameters vary simultaneously
[49]. From the results yielded by local and global sensitivity
analyses, it appears that these analyses alter the magnitude of
the importance of the factors under investigation [49]. Slopes
of relationships between the leaf traits and the structural vari-
ables were used to measure the sensitivity of the selected index
for variation in the two leaf traits. The derivative (∂y/∂x) was
computed from the relationship between the two leaf traits’ con-
tent (x variable) and VI (y variable) for every combination of
the two leaf traits’ intervals and confounding variables from the
INFORM-generated reflectance spectra. The average slope was
then calculated as the derivative averaged over all intervals for
a stand-specific situation. The steeper the slope, the more accu-
rate is the estimation of the two leaf traits. Thus, the average
slope was considered as a stand-specific indicator of the two
leaf traits’ detectability.

Third, the combined effects of the confounding factors on
the two leaf traits were investigated by pairing up two fac-
tors at a time, while other variables were kept constant at the
observed average value in the test site. For instance, the com-
bined effect of LAIs and SD was evaluated by keeping SH,
CD, and ALA values at their averages in the test site. For
simplicity, the steps were only repeated for possible combi-
nations of LAIs, SD, and H confounding factors. Plotting the
average slopes for each of these paired combinations provided
three scenarios of canopies that might occur in heterogeneous
forest. The sensitivity analysis was finalized by establishing a
link between the modeling results and structural information
measured in the Bavarian National Park mixed mountain forest
canopies.

Fig. 1. Simulated reflectance at (a) leaf scale and (b) canopy scale as simu-
lated by INFORM using the input parameters presented in Table II. The dashed
lines show the mean and the shaded areas show the ranges of the simulated
reflectance.

III. RESULTS

A. Spectral Variation Due to LDMC and SLA

Before testing the strength of spectral variation caused by
the two leaf traits, we checked the trend of reflectance variation
when the scale moves from leaf to canopy level. Fig. 1 shows
how the mean and standard deviation (std) of the simulated
reflectance shifts with upscaling. Upscaling from leaf to canopy
level increased the spectral variation in the NIR region and
diminished the spectral variation in the SWIR region. The over-
all spectral variation at canopy level (std of 12.14%) is lower
than the leaf scale (std of 15.39%). Nonetheless, strong corre-
lations between the two traits and canopy reflectance (indices)
were observed (see Tables IV and V).

The canopy scale reflectance was further evaluated using the
F-test to ascertain whether the spectral variation due to LDMC
and SLA in the presence of canopy confounding factors is sig-
nificant. The results from single-band tests are summarized in
Table IV. The larger the F-test value, the more assurance that
the band is more sensitive to LDMC and/or SLA than the
other factors, meaning that the impact of the structural vari-
ables variation is much less than that of LDMC and/or SLA
variation. Among the selected HYSpex wavelengths, the band
at 2298.69 nm was the most sensitive band for variation in
both LDMC and SLA. The band at 2280.71 nm also showed
strong correlation to variation in SLA. The selected bands
showed stronger correlation with LDMC than SLA. A substan-
tial amount of influence on spectral variation originated from
the structural variables SD, CD, and ALA and the least disturb-
ing effect came from LAIs and SH. The F-test (lower values)
indicated that the confounding factors are more influential at
shorter than at longer wavelengths.
R2 and F-test evaluation results of the VIs are presented

in Table V. In most cases, the R2 and the calculated F-test
values of indices are much higher than the single bands.
Among the tested VIs, the modified normalized difference
(mND) (R2274.71−R1921.01)/(R2274.71+R1921.01− 2∗
R1519.34) and the modified simple ratio (mSR) (R2274.71−
R1921.01)/(R1921.01− R1519.34) indices are the two best
suitable indices for both LDMC and SLA. However, like the
single bands, the selected indices were also influenced by the
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TABLE IV
R2 AND ANOVA F-TEST VALUES CALCULATED FOR TESTING HYSPEX SINGLE WAVELENGTHS (BANDS) SENSITIVITY FOR LDMC AND SLA

VARIATION AGAINST THE CONFOUNDING VARIABLES

ns—not Significant at P = 0.01. The degrees of freedom were 34(LDMC), 5(SLA), 12(LAIs), 10(SD), 6(SH), 4(CD), and 4(ALA).
The R2 column indicates the correlation between the two leaf traits and canopy spectra at the specified wavelength. The column headed
LDMC provides the variations caused by LDMC against the total variance of the confounding variables tested, whereas columns LDMC/LAIs,
LDMC/SD, LDMC/SH, LDMC/CD, and LDMC/ALA show the calculated F-test values caused by LDMC variance against the variance caused
by each factor, and the same goes for SLA.

TABLE V
R2 AND ANOVA F-TEST VALUES CALCULATED FOR TESTING HYSPEX-DERIVED VEGETATION INDICES SENSITIVITY FOR LDMC AND SLA

VARIATION AGAINST THE CONFOUNDING VARIABLES

ns—not significant at P = 0.01. The degrees of freedom were 34(LDMC), 5(SLA), 12(LAIs), 10(SD), 6(SH), 4(CD), and 4(ALA).
The R2 column indicates the correlation between the two leaf traits and the specified indices. The column headed LDMC provides the variations
caused by LDMC against the total variance of the confounding variables tested, whereas columns LDMC/LAIs, LDMC/SD, LDMC/SH, LDMC/CD,
and LDMC/ALA show the calculated F-test values caused by LDMC variance against the variance caused by each factor, and the same goes for SLA.

confounding variables. The influence of CD was even higher
for LDMC than for SLA. In five of the six indices tested, the
variation due to LDMC was not significant (at P = 0.01) over
that of the variation due to CD. Along with CD, SD was the
perturbing structural variable that weakens the relationship
between the indices and the two leaf traits.

B. Relationships Between LDMC and SLA, With Single Bands
and VIs

In the previous section, single bands and VIs that were highly
sensitive to LDMC and SLA variation were presented. Fig. 2

presents the results from the structural variables effect on the
relationship between the two leaf traits with the highly sensitive
bands (2298.69 nm for LDMC and 2280.71 nm for SLA). The
relationships were set up by varying one confounding variable
at a time and fixing the others at an average value for the test
site (LAIs = 5.5; SD = 800 trees/ha; and SH = 23m, CD =
5.4m, and ALA = 500). The high R2 values of Fig. 2(a),
(c), and (e) reveal that the relationship between LDMC and
reflectance at 2298.69 nm is little affected by variations in
LAIs, SH, and ALA compared to SD and CD. An increase in
SH values decreases the reflectance linearly. Lower LAIs (<3)
and lower SH (<18m) values have greater impact than higher
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LAIs (>4) and SH (>23m) on the inverse linear relationship
between reflectance and LDMC. The LSD post hoc compari-
son (p = 0.01) revealed that LAIs ≥ 6.5 and SH ≥ 30 have no
significant impact on the relationship of LDMC and reflectance
at 2298.69 nm.

Similarly, it can be observed that LAIs, SH, and ALA vari-
ations have less effect on the relationship between SLA and
reflectance at 2280.71 nm [Fig. 2(f), (h), and (i)]. LAIs ≥ 6
and SH ≥ 30 did not show significant impact on the relation-
ship between SLA and reflectance at 2280.71 nm for the LSD
test (p = 0.01). It is evident that the greatest influence on both
relationships arises from SD and CD [Fig. 2(b), (e), (g), and (i)].

At lower SD (<400 trees/ha) and CD (≤3) values, almost all
variations in reflectance originate from the confounding factors,
and the bands were almost insensitive to variations in LDMC
and SLA. In addition, the impact of SD, CD, and ALA increases
with decreasing LDMC concentration, and vice versa for SLA.
In contrast, the impact of SH followed a uniform pattern for all
values of the two leaf traits.

Compared to single bands, the structural variables effect on
the relationships between LDMC and SLA with the mND index
was greatly condensed (see Fig. 3). The influence of LAIs,
SH, and ALA variations is minimal [Fig. 3(a), (c), (e), (f),
(h), and (j)]. The LSD test (p = 0.01) showed that LAIs ≥ 5
and SH ≥ 13m have no significant effect on the relationship
between LDMC and SLA and the mND index. However, for SD
and CD, the slope of the relationships rapidly declined when
the SD and CD values dropped below 400 trees/ha and 3 m,
respectively [Fig. 3(b), (d), (g), and (i)].

C. Implications for the Detectability of LDMC and SLA From
Remotely Sensed Data

The slope of the relationships between the leaf traits and
mND index was used as a measure of detectability to exam-
ine how varying two confounding variables at a time affects
the accuracy of LDMC and SLA retrieval. The results obtained
were linked to the actual stand properties of the Bavarian
National Park Forest to study for which forest stands (broadleaf,
conifer, or mixed) the detectability of the two leaf traits was
most affected by the different combinations of the structural
variables.

The detectability of LDMC by using the mND index and
structural information derived from the broadleaf, conifer, and
mixed stands of the test site is illustrated in Fig. 4. As can be
observed from the figure, the greater the slope, the higher is the
detectability of the two leaf traits. In terms of LAIs and SH,
all three stand types have nearly optimal conditions for retriev-
ing canopy LDMC and SLA. They all have LAIs above 3.5
and SH above 13 m [Fig. 4(b)]. The ranges of the structural
information of broadleaf (purple), conifer (light green), and
mixed (blue) stands of the Bavarian National Park Forest were
plotted in the form of boxes. The light green boxes in Fig. 4(a)–
(c) demonstrated that the conifer structural information is better
for the leaf traits estimation than the other stands. By contrast,
the purple and blue boxes in Fig. 4(a) and (c) revealed that the
broadleaf and mixed stands (particularly some of the broadleaf
stands) have very low SD values, which could significantly

weaken the relationship between the traits and spectral variation
at canopy scale.

IV. DISCUSSION AND CONCLUSION

Variations in forest canopy structures play an important
role in retrieving biochemical and biophysical variables from
canopy reflectance, yet the relative importance of each struc-
tural variable on the retrieval of LDMC and SLA from canopy
reflectance has not been adequately addressed. The sensitivity
of canopy reflectance in the NIR and SWIR spectral range to the
variation in the two leaf traits and canopy structural variables
were explored in this paper using a local sensitivity method with
the simulated dataset from the INFORM model. Comparison of
simulated reflectance at leaf and canopy scale indicated that the
spectral variation at canopy level is lower than that at leaf level,
due to the structural variables effect. The canopy reflectance
reacts differently in the NIR and SWIR region for structural
variables variation. From Fig. 1, it can be inferred that structural
variables suppress canopy reflectance across the NIR and SWIR
spectral region, but still there is a significant spectral variation
that could be used to estimate the leaf traits.

Our R2 and F-test results showed the presence of signifi-
cantly strong correlations between the variation in the two leaf
traits and canopy reflectance (Tables IV and V). The F-test
result also indicated the greater suitability of longer wave-
lengths compared to shorter wavelengths for assessing both
LDMC and SLA at canopy scale. Specifically, the contribu-
tion of the two leaf traits on the variability of forest canopy
reflectance in the SWIR region of the spectrum is immense. In
many cases, R2 and the calculated F-statistics value is much
higher in VIs (Table V) than in single bands (Table IV), which
confirms that VIs outperform single bands in correlating leaf
traits to canopy reflectance. This is because more spectral infor-
mation is involved (especially from different regions of the
spectrum) when using VIs than when using information from a
single band. This result is in agreement with Verrelst et al. [51]
and Malenovský et al. [52], who studied the effect of woody
elements on forest chlorophyll content retrieval. Several non-
significant F-test values were observed when the sensitivity of
the canopy reflectance was tested for the variation in the two
leaf traits against the structural variables. Predominantly, SD
and CD variations influenced the relation between LDMC to
both single bands and VIs. Large F-test calculated values were
observed in the SWIR, which point out both LDMC and SLA
being more detectable in the SWIR of the spectrum than in the
NIR investigated in this study (data not shown). Asner et al.
[23], le Maire et al. [70], and many others also reported the
suitability of the SWIR region for the retrieval of biochemical
and biophysical variables such as leaf mass per area and water
content.

The five structural variables (LAIs, SD, SH, CD, and ALA)
examined in this study perturbed canopy reflectance at all sin-
gle bands tested, but the greatest influence was observed for
SD and CD, followed by ALA (Fig. 2). Unlike SH, the influ-
ence of LAIs, SD, CD, and ALA varies with LDMC and
SLA concentrations. This may be due to the confounding vari-
ables interaction with the two leaf traits. The F-test analysis on
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Fig. 2. Relationship between LDMC and the 2298.69-nm band, and SLA and the 2280.71-nm band, for a range of: (a) and (f) LAIs; (b) and (g) SD; (c) and
(h) SH; (d) and (i) CD; and (e) and (j) ALA with fixed values set to LAIs = 5.5, SD = 800 trees/ha, SH = 23m, CD = 5.4m, ALA = 50◦, θs = 32◦, and
Ψ = 153.

Fig. 3. Relationship between LDMC, SLA, and the mND index for a range of: (a) and (f) LAIs; (b) and (g) SD; (c) and (h) SH; (d) and (i) CD; and (e) and
(j) ALA with fixed values set to LAIs = 5.5, SD = 800 trees/ha, SH = 23m, CD = 5.4m, ALA = 50◦, θs = 32◦, and Ψ = 153.

the interaction effects of the five confounding factors against
LDMC and SLA concentration variation showed significant dif-
ferences for the interaction of LAIs, SD, CD, and ALA with
the two traits at α = 0.01. Comparison of results from single
bands (Fig. 2) and VIs (Fig. 3) gives an insight into how VIs
yield robust estimations of leaf traits, irrespective of the struc-
tural variables influence. The mND VI was able to avoid much

of the influence of all the five structural variables, except in a
few cases of low SD and CD conditions. This indicates that the
influence of the five structural variables on the two leaf traits’
retrieval using remotely sensed data can be greatly minimized
by spectral derivatives such as using VIs. The post hoc test
confirmed that higher values of LAIs (≥ 5) and SH (≥ 13m)
have no impact and can be ignored in parameterizing RTM.
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Fig. 4. Average slopes derived from the relationship between mND index and LDMC for three specific combinations of the structural variables. (a) LAIs and SD;
(b) LAIs and SH; and (c) SH and SD with fixed variables set at average test site values. The three boxes in each subfigure show the structural information range
of broadleaf (purple), conifer (light green), and mixed (blue) stands of the Bavarian National Park Forest.

Nevertheless, the correlation between the two leaf traits and
canopy reflectance (single bands or mND index) may decline
or vanish as long as the forest is sparsely populated (SD <
400 trees/ha) with medium or small tree CD. Fig. 2(b), (c),
(g), and (i) noticeably demonstrate that the correlation might
be weakened in sparsely populated forest stands. This suggests
that high estimation accuracy of the two leaf traits is to be
expected for vegetation with high SD (>400 trees/ha) or CC.
This finding confirms the result of a study [71], which sug-
gested that for reliable retrieval of vegetation variables, the CC
should be at least 30%.

An early study by Asner et al. [40] and Asner [47] revealed
that in addition to the tremendous influence of CC, LAI is a
major driver of canopy reflectance. A sensitivity analysis by
Xiao et al. [53] also showed that the sensitivity of canopy
reflectance to variation in equivalent water thickness (Cw) and
leaf mass per area (Cm) is obscured mainly by LAI in the
NIR and SWIR region. Our study supports these findings, but
also demonstrates that if single bands are used instead of VIs
(Fig. 2), SH, CD, and ALA could also perturb the relation-
ship between the variation in the two leaf traits and canopy
reflectance. Therefore, for accurate estimation of LDMC and
SLA, it is important to use spectral derivatives such as VIs

or adopt various inversion strategies other than sensitive single
wavelengths.

As depicted in Fig. 4, except for a few extremely low val-
ues of the structural variables, the slope between LDMC and
the mND index is greater than 5× 10−4, and even greater
slope values (>2× 10−3) were observed for the relationship
between SLA and mND (not shown here). This reaffirms the
detectability of the two leaf traits when using mND index. From
the three stand structural combination templates, we may con-
clude that the most important structural factors determining the
detectability of the two leaf traits are SD and CD.

In a nutshell, our results have demonstrated: 1) the presence
of a strong relationship between the two leaf traits’ variation
and canopy reflectance; 2) the existence of significant canopy
reflectance disturbance from SD, LAIs SH, CD, and ALA;
3) the capability of VIs to correct confounding effects of canopy
structural heterogeneity originating from these structural vari-
ables; and 4) the promising detectability of the LDMC and SLA
of the test site from hyperspectral data. However, it is worth
mentioning that, in our analysis, we investigated the influence
of only five structural variables (SD, LAIs SH, CD, and ALA).
The background was represented by an average value for all
elements in the understory. Other input parameters except solar
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zenith and azimuth angle were set at average values. These
choices, along with our choice of wavelengths, Vis, and the
INFORM model for simulation, might have biased our results.
For instance, in low SD stands, the background reflectance may
contribute to the variation in the reflectance related to the two
leaf traits if the understory is green vegetation. It can also act as
an additional confounding factor if the forest floor is litter, bare
soil, and/or lying wood [51]. The INFORM model simulates
top of canopy reflectance based on certain input parameters
by assuming that the forest canopy is fully occupied by green
leaves. The simulated result could be biased if there is a signif-
icant amount of woody material or litter in the canopy. In this
study, only specific spectral bands from the HYSpex available
spectral regions were investigated. However, utilizing other
spectral bands may provide useful information to distinguish
subtle spectral variations due to LDMC and SLA. Therefore,
further research is required to understand how structural vari-
ables (other than LAIs, SD, SH, CD, and ALA), the presence
of nonphotosynthetic materials in the canopy, background com-
position, and illumination and viewing positions affect the rela-
tionship between the leaf traits (LDMC and SLA) and canopy
reflectance in the NIR–SWIR region. The present study inves-
tigated the retrieval of the two leaf traits based on the spectral
features and the indices developed for leaf mass per area, but
additional study is recommended to discover spectral features
and VIs that are specifically sensitive to LDMC and SLA, so
that these can be accurately mapped using remotely sensed data.
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