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Abstract: The leaf economic spectrum (LES) describes a set of universal trade-offs between leaf
mass per area (LMA), leaf nitrogen (N), leaf phosphorus (P) and leaf photosynthesis that influence
patterns of primary productivity and nutrient cycling. Many questions regarding vegetation-climate
feedbacks can be addressed with a better understanding of LES traits and their controls. Remote
sensing offers enormous potential for generating large-scale LES trait data. Yet so far, canopy
studies have been limited to imaging spectrometers onboard aircraft, which are rare, expensive
to deploy and lack fine-scale resolution. In this study, we measured VNIR (visible-near infrared
(400–1050 nm)) reflectance of individual sun and shade leaves in 7 one-ha tropical forest plots located
along a 1200–2000 mm precipitation gradient in West Africa. We collected hyperspectral imaging
data from 3 of the 7 plots, using an octocopter-based unmanned aerial vehicle (UAV), mounted with
a hyperspectral mapping system (450–950 nm, 9 nm FWHM). Using partial least squares regression
(PLSR), we found that the spectra of individual sun leaves demonstrated significant (p < 0.01)
correlations with LMA and leaf chemical traits: r2 = 0.42 (LMA), r2 = 0.43 (N), r2 = 0.21 (P), r2 = 0.20
(leaf potassium (K)), r2 = 0.23 (leaf calcium (Ca)) and r2 = 0.14 (leaf magnesium (Mg)). Shade leaf
spectra displayed stronger relationships with all leaf traits. At the airborne level, four of the six leaf
traits demonstrated weak (p < 0.10) correlations with the UAV-collected spectra of 58 tree crowns:
r2 = 0.25 (LMA), r2 = 0.22 (N), r2 = 0.22 (P), and r2 = 0.25 (Ca). From the airborne imaging data,
we used LMA, N and P values to map the LES across the three plots, revealing precipitation and
substrate as co-dominant drivers of trait distributions and relationships. Positive N-P correlations
and LMA-P anticorrelations followed typical LES theory, but we found no classic trade-offs between
LMA and N. Overall, this study demonstrates the application of UAVs to generating LES information
and advancing the study and monitoring tropical forest functional diversity.
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1. Introduction

Plant functional traits refer to specific features about a plant’s morphological and physiological
characteristics that determine factors such as its preferred environment, growth rate, life strategy,
dispersal ability and tolerance of pests and hazards [1]. As plant traits tend to represent fundamental
trade-offs that determine a species’ ecological performance, there is currently much interest in using
plant traits to link species richness to functional diversity to better understand the influence of
biological communities on ecosystem function [2–6] and improve predictions of ecosystem response to
environmental change [7–9].

Leaf traits demonstrate a direct link to ecosystem function via the Leaf Economic Spectrum (LES).
The LES describes an axis of six main leaf traits (leaf mass per area (LMA), leaf nitrogen (N), leaf
phosphorus (P), leaf longevity, photosynthetic rate, and dark respiration rate) that covary in predictable
ways and underpin plant resource acquisition–defence tradeoffs [10,11]. On one end of the spectrum,
species opt for a quick return on investments by producing ‘cheap’, short-lived leaves with high
N and P concentrations that facilitate high photosynthesis rates and fast growth. These species are
commonly found in high-fertility environments where short lived leaves from abscission and herbivory
maintain relatively fast rates of nutrient cycling [12,13]. On the other end of the spectrum, species
located in lower-precipitation and -nutrient regimes tend to trade rapid growth for persistence and
invest in tough, well-protected leaves, with higher LMA values and lower N and P concentrations.
They produce leaves that can better withstand herbivory and physical hazards, leading to increased
leaf longevity and a lower rate of nutrient cycling [14,15]. The LES has been shown to be a good
indicator of plant performance [16,17], with a species’ position on the spectrum describing the plant’s
overall strategy (quick growing but ephemeral versus slow growing but enduring). Importantly, this
spectrum has been shown to operate similarly across a wide variety of species and biomes, with
important implications for global dynamic vegetation and climate models [18].

Despite the fact that functional traits have been found to form the basis of a more quantitative
and predictive ecology, a major limitation to this research has been a lack of spatially extensive trait
data [19]. This lack of trait data is particularly severe in tropical forests [20]. Tall trees, high species
diversity and the labour-intensive nature of collecting trait data, combined with the inaccessibility
of many tropical regions, means measuring and monitoring functional traits in tropical areas is a
time-consuming and expensive process. Yet tropical forests comprise 40–50% of the total carbon in
terrestrial vegetation [21–23], store a third of global soil carbon [24] and currently absorb around 18%
of human CO2 emissions [25]. Thus, determining the functional diversity of tropical forest canopies is
critical to predicting future climate–biosphere interactions, as a small perturbation in the net balance
of tropical forest carbon cycling would have significant climate implications.

Remote sensing offers enormous potential for generating large-scale trait data. Using high-resolution
spectroscopy (VNIR (400–1100) or VSWIR (400–2500 nm)) to measure plant foliar traits has a long scientific
record [26,27]. Specific spectral absorption features have been directly linked to a leaf’s concentration
of cellulose, lignin, chlorophylls, N, starch, oil, proteins and water (see Curran [28] for a well-known
synthesis). For example, the measurement of N, bound in chlorophyll and proteins, is associated with
the bandwidths between 460–480, 650–670 and 1510–1600 nm [29,30], while LMA can be indirectly
estimated using variations in leaf thickness and leaf water content expressed across the 700–1300 nm
range [31–33].

In the last decade, significant headway has been made in the remote sensing of tropical forest
leaf traits, both at the individual leaf level and at the canopy level [34]. Relationships between spectra
and foliar traits have been developed using partial least squares regression analysis (PLSR). The PLSR
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technique is useful because it does not focus on a small number of wavelengths but uses the entire
leaf spectral continuum in its analysis. It is designed to handle situations where the number of
predictor variables (e.g., 101 spectral bands) is higher than the number of observations, avoiding
earlier problems of collinearity and statistical overfitting [35,36]. Using PLSR, relationships have also
been found between leaf spectra and macronutrients, such as P, K, Ca and Mg, that have no direct
expression in the VNIR or VSWIR, but often demonstrate correlations with other traits [20,37–40].

Similarly, using PLSR and spectroscopy, it has been found that ‘higher-order’ foliar traits,
such as photosynthesis and respiration, can be predicted with a high degree of accuracy and
precision [33]. Globally, the largest fraction of net primary productivity (NPP: 30–40%) is thought to
occur in tropical forests [41–43]. Yet there are fears that, in the Amazon at least, this value may be
decreasing [44]. Satellite-based techniques for measuring tropical NPP have attracted recent criticism,
as they demonstrate little spatial or temporal agreement with plot-based values [45]. Thus, UAV-based
spectroscopy may offer a new approach for estimating NPP across small-scale tropical forest areas.

This paper aims to investigate the use of UAVs for the mapping and monitoring of tropical
forest canopy traits. Using a similar method to leaf spectroscopy, airborne hyperspectral imaging
spectrometers measure solar radiation REFLECTED from the forest canopy at numerous narrow
wavelengths, producing estimates of canopy foliar traits at scales unachievable via field and lab
approaches [46–48]. In the last ten years, developments and improvements in UAVs, together with
the miniaturization of sensing technologies, has opened up previously unavailable opportunities for
remote sensing. In comparison to aircraft, UAVs are accessible to a wide array of researchers, they can
operate at short notice without a planned schedule, and provide high spatial and spectral resolution
data at low cost. Although their flight duration is much shorter than that of an aircraft, limiting their
area of data collection, they can fly slower, at much lower altitudes, and thus acquire higher spatial
and temporal resolution data [49]. Using UAVs to map and monitor tropical forest canopy traits
would have distinct advantages over aircraft in that they would (i) enable a wider proportion of the
research community to quantify canopy traits, increasing spatial coverage and innovation in this area,
(ii) facilitate the swift upscaling of field study results to the immediate geographic area, (iii) be able to
be deployed quickly after a disturbance event, such as a drought or fire, to measure its effects, (iv) be
able to be deployed on multiple occasions over a short time period to monitor temporal changes, and
(v) assist in a wide range of conservation related projects and programmes and promote an interest in
plant traits outside of the academic community [50,51].

Using data collected across a tropical forest precipitation gradient in West Africa, this study seeks
to answer the following questions:

(i) Can high-resolution VNIR spectroscopy predict LMA, N, P, K, Ca and Mg in sun and shade
leaves at the individual leaf level? While sun leaves have received a lot of attention in remote
sensing studies due to their natural prominence in airborne imaging data, shade leaves (those
located under the canopy in the understory) constitute the majority of tropical forest foliage and
are known to have a strong influence on canopy spectral signatures in the near-infrared (NIR).

(ii) Can the same foliar traits be quantified with similar accuracy and precision at the tree crown
level using UAV-collected hyperspectral imagery?

(iii) Can UAV-collected hyperspectral imagery be used to map these leaf traits across forest plots?
(iv) Does the spatial distribution of traits and their relationships subscribe to general LES theory?

2. Materials and Methods

2.1. The Study Sites

Data collection was carried out at three sites across a precipitation gradient in Ghana: Ankasa
Conservation Area, Bobiri Forest Reserve and Kogyae Strict Nature Reserve (Figure 1). The three study
sites form part of the Global Ecosystems Monitoring network (GEM: gem.tropicalforests.ox.ac.uk),
which is a long-term effort to measure and monitor forests and their response to climate change.

gem.tropicalforests.ox.ac.uk
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Figure 1. Map showing the major ecological zones of Ghana and location of research sites (Ankasa 
Conservation Area, Bobiri Forest Reserve and the Kogyae Strict Nature Reserve). Within each site, 
the one-ha study plots are outlined. Satellite photographs taken from Google Earth with permission. 

Ankasa is located in south-west Ghana, in tropical wet evergreen forest and receives over 2000 
mm of rain a year, spread over two rainy seasons—April to July and September to November. Soils 
are loamy, highly weathered, acidic, and high in aluminium [52]. Data were taken from two 1-ha 
forest plots; Ankasa 01 located on mature upland soils and Ankasa 03 located in low riverein forest 
that is periodically inundated during the rainy season. See Table 1 for more details. 

Bobiri is located in moist semi-deciduous forest and receives an annual precipitation of 
approximately 1500 mm, spread over the same two rainy seasons described above. Soils in Bobiri are 
similarly loamy but less acidic than in Ankasa, and unusually high in base cations. Data were taken 
from two 1-ha forest plots (Bobiri 01 and Bobiri 02). Bobiri 01 is located within the Strict Nature 
Reserve with no record of logging. According to Forest Commission (FC) records, Bobiri 02 was last 
(very lightly) logged in 1959. This comprised of 1–2 stems per hectare, which was rigorously 
enforced by the FC. 

Kogyae is located in the transitional forest zone, with an average rainfall of 1200–1300 mm. To 
reflect the full extent of the forest–savannah transition landscape, data were taken from three 
plots—Kogyae 02 located in dry forest, Kogyae 04 located in forest-savannah transition and Kogyae 
05 located in woody savanna. Soils in Kogyae are sandy with low water and nutrient retention 
properties. Similarly to Bobiri, they are high in base cations, either due to local depositional features 
or Saharan dust deposits, transported during the Harmattan winds [53]. 
  

Figure 1. Map showing the major ecological zones of Ghana and location of research sites (Ankasa
Conservation Area, Bobiri Forest Reserve and the Kogyae Strict Nature Reserve). Within each site,
the one-ha study plots are outlined. Satellite photographs taken from Google Earth with permission.

Ankasa is located in south-west Ghana, in tropical wet evergreen forest and receives over 2000 mm
of rain a year, spread over two rainy seasons—April to July and September to November. Soils are
loamy, highly weathered, acidic, and high in aluminium [52]. Data were taken from two 1-ha forest
plots; Ankasa 01 located on mature upland soils and Ankasa 03 located in low riverein forest that is
periodically inundated during the rainy season. See Table 1 for more details.

Bobiri is located in moist semi-deciduous forest and receives an annual precipitation of
approximately 1500 mm, spread over the same two rainy seasons described above. Soils in Bobiri
are similarly loamy but less acidic than in Ankasa, and unusually high in base cations. Data were
taken from two 1-ha forest plots (Bobiri 01 and Bobiri 02). Bobiri 01 is located within the Strict Nature
Reserve with no record of logging. According to Forest Commission (FC) records, Bobiri 02 was last
(very lightly) logged in 1959. This comprised of 1–2 stems per hectare, which was rigorously enforced
by the FC.

Kogyae is located in the transitional forest zone, with an average rainfall of 1200–1300 mm.
To reflect the full extent of the forest–savannah transition landscape, data were taken from three
plots—Kogyae 02 located in dry forest, Kogyae 04 located in forest-savannah transition and Kogyae 05
located in woody savanna. Soils in Kogyae are sandy with low water and nutrient retention properties.
Similarly to Bobiri, they are high in base cations, either due to local depositional features or Saharan
dust deposits, transported during the Harmattan winds [53].
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Table 1. Meteorological, soil and productivity characteristics for the 3 tropical forest study sites located
along a 1200–2000 mm rainfall gradient in Ghana. Ptotal = total soil phosphorus pool. Caex, Mgex,
Kex, Naex, Alex = exchangeable calcium, magnesium, potassium and aluminum concentrations. ±1
standard deviation. Adapted from Moore et al. [52]. See Moore et al. [52] and Gvozdevaite et al. [54]
for more details.

Site Name Ankasa Conservation Area Bobiri Forest Reserve Kogyae Strict Nature Reserve

Latitude (◦) 5.2680 6.6910 7.3012
Longitude (◦) −2.6955 −1.3389 −1.1649
Elevation (m.a.s.l) 114 254 225
Mean annual air temperature (◦C) 25 25.7 26.4
Mean annual precipitation (mm yr−1) 2050 1500 1200
Mean maximum climatological water deficit (mm) −13 −374 −412
Soil pH 4.27 6.05 6.07
Soil N (%) 0.17 0.16 0.06
Soil C (%) 2.61 1.71 0.72
Ptotal (mg kg−1) 147 258 67
Caex 1.34 32.81 18.91
Kex 0.83 1.25 1.09
Mgex 3.45 11.00 6.22
Alex 18.44 0.89 0.02
Sand (%) 63 47 83
Clay (%) 22 29 2
Silt (%) 15 24 15
Leaf photosynthesis rate (µmol m−2 s−1) 5.87 7.75 7.74
Leaf residence time (months) 9–10 4–6 6.5–8
Aboveground coarse wood residence time (months) 99 ± 22.1 39. 65 ± 8.88 40.60 ± 9.08
NPP (Mg C ha−1 yr−1) 13.12 ± 0.79 11.74 ± 0.95 10.19 ± 0.78

2.2. Leaf Trait Sampling

Fieldwork was carried out between October 2014 and March 2015. In Kogyae, leaf traits were
sampled between October and November. In Ankasa and Bobiri, leaf traits were sampled between
December and March. Leaf traits were collected as part of the KWAEEMMA traits campaign (‘Children
of the Forest’ in the local Twi language), a collaboration between GEM and the Forestry Research
Institute of Ghana. For each one-ha forest plot, the most abundant species were chosen that represented
over >55% of the basal area of each plot. From each of these species, the three largest individuals
were sampled (based on diameter at breast height [DBH]). From these trees, six leaves were harvested
from branches cut down by a professional tree climber; three from a sun branch in the upper canopy
located in direct sunlight and three from a branch underneath the main crown located in complete
shade. Leaf spectroscopy and trait measurements were collected for all leaves. Across the seven
plots, this resulted in leaf spectra and corresponding trait measurements for 753 sun and shade
leaves respectively.

Less than 12 h after collection, leaves were scanned using a digital scanner (Canon LiDE 110) to
determine their area and then oven dried at 72 ◦C for three days. LMA was derived by dividing the
leaf’s dry mass (g) by its fresh one-sided area (m2). The dried leaves were then used for chemical
analysis. Leaf chemistry measurements (N, P, K, Ca, Mg) were carried out at Wageningen University
using a mass spectrometer (see Moore et al. [52] for more details). All leaf chemical traits are reported
on a dry mass basis.

2.3. Leaf Spectroscopy Measurements

Hemispheric leaf reflectance measurements were carried out immediately in the field after branch
harvesting. Measurements were taken on the adaxial surface of the leaf, halfway between the petiole
and leaf tip and at the mid-point between the main vein and leaf edge. Care was taken to avoid
large primary or secondary veins. The spectra spanned 750 bands between 325–1075 nm and were
collected using an ASD Fieldspec Handheld 2, with fibre optic cable, contact probe and an illumination
collimator (Analytical Spectral Devices, Boulder, CO, USA). For each leaf, an average of 25 spectra were
taken. Measurements were collected with 136 ms integration time per spectrum. The spectrometer was
optimised and calibrated for dark current and white light after every three measurements. The spectra
were trimmed at the far edges to remove noise, producing a final range of 400–1050 nm. To control
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for outliers, spectra lying more than two standard deviations away from the mean in the visible light
(550 nm), or NIR (900 nm), were flagged and checked.

2.4. Airborne Spectroscopy

The airborne imaging data were collected in the first two weeks of March, 2016. Data were taken
from both Ankasa plots, and Bobiri 02. No airborne data were taken from Kogyae, as it was late dry
season and the trees were mostly leafless.

The airborne imaging data were collected using the WageningenUR HYMSY system—a lightweight
hyperspectral mapping system mounted on an octocopter UAV [55]. The HYMSY is comprised of a custom
made pushbroom spectrometer (450–950 nm, 9 nm FWHM, 25 lines/s, 328 px/line), a photogrammetric
camera, and a miniature GPS Inertial Navigation System. Each plot was covered by between 2–4 flights.
The raw hyperspectral data was processed to reflectance factors using the empirical line method [56] with
the help of a grey reference panel placed on the forest floor near the UAV take-off position. Using the
HYMSY processing chain, each flight produced an RGB orthomosaic at 3 cm resolution, a Digital Surface
Model (DSM) at 20 cm resolution, and a hyperspectral datacube at 50 cm resolution. For more details on
the processing methodology see Suomalainen et al. [55].

Analysis of the hyperspectral datacube was carried out in Environment for Visualizing Images
(ENVI), version 5.3 (Exelis Visual Information Solutions, Boulder, CO, USA). Flight lines over each plot
were stitched together using the ENVI mosaicking tool. All pixels with an NDVI < 0.6 were removed
to screen out non-vegetation [57]. Shadows were removed by masking out all pixels with a maximum
reflectance of less than 0.2 across all wavelengths [58].

Tree crown spectra were manually extracted for each individual tree from which field spectroscopy
and trait measurements had been taken, and that exhibited crowns that lay > 50% in direct sunlit
(Figure 2). Tree crowns were identified using the RGB orthomosaic, which displayed the forest canopy
at high enough resolution to visually distinguish between different trees crowns. The tree crowns
recognizable on the RGB orthomosaic were manually matched to the field-sampled trees by using x,y
coordinates for each tree, species identification, known crown dimensions, and tree height from the
DSM. Overall, this resulted in n = 58 for matched tree canopy spectra across all three plots. Tree crowns
were manually delineated and identified in accordance with Dalponte et al. [59] who found that the
manual identification of tree crowns had a higher accuracy rate than those automatically, or even
semi-automatically, delineated and identified from hyperspectral data. Our method was closely
aligned with Dalponte et al., Leckie et al. and Clark et al. [59–61], who similarly used tree location,
species type, tree height and crown diameter to aerially identify tree crowns.Remote Sens. 2018, 10, x FOR PEER REVIEW  7 of 25 
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Figure 2. (Left) Tree crown spectra extracted from Ankasa 01 with NDVI < 0.6 and shadows masked.
Spectra were only extracted for trees from which field data were taken and that exhibited crowns that
lay > 50% in direct sunlight. (Right) Average plot spectrum extracted from Ankasa 01 with NDVI < 0.6
and shadows masked.
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An average canopy spectrum for each plot was extracted using geo-referenced plot corner
coordinates and the ENVI region of interest tool.

2.5. Spectra–Trait Analyses

To predict leaf traits using the individual sun and shade leaf spectra, we used PLSR analysis.
The PLSR method is effective, as it uses the continuous spectrum as a single measurement, rather
than carrying out a band-by-band analysis and reduces a large predictor matrix (650 spectral bands
between 400–1050 nm) down to a few relatively uncorrelated latent factors [62]. In addition, each
part of the spectrum is weighted to determine its relative importance to predicting the foliar trait.
We generated predictive models for each trait using the PLSregress function in MATLAB (MathWorks
Inc., Natick, MA, USA). To create a completely independent validation dataset, the data was split
70:30 and the PLSR model was calibrated on a randomly selected 70% of the data, with the remaining
30% reserved as an independent testing set. Due to this random component, an average of 30 PLSR
runs was taken for each spectra–trait analysis and the results averaged. To avoid overfitting the
number of latent factors in each analysis, 30-fold cross validation was used on the calibration dataset.
This process iteratively removes one sample from the input data set until the mean square error is
minimized. The PLSR models were evaluated using four main metrics—r2 for both the calibration (cal)
and independent testing (val) datasets, root mean square error (RMSE), and RMSE as a percentage of
the sample mean (%RMSE).

To quantify the airborne spectra–trait relationships, the 58 extracted tree crown spectra were matched
with the field-collected sun leaf trait values and run through the same PLSR analysis described above.

2.6. Mapping Foliar Traits

To create maps of predicted canopy traits for each plot, the predictive models generated from the
airborne spectra–trait PLSR analyses were applied to each pixel of the hyperspectral plot images using
the following formula:

Y = b0

101

∑
i = 1

biR(λi) (1)

where Y is the trait value of interest, b0 is the regression coefficient for the intercept computed from the
PLSR airborne spectra–trait analyses, the bi values are the regression coefficients for nanometers 450
through 950 nm at 5 nm intervals, and R is the reflectance value for each band (λ) of the UAV-collected
hyperspectral data [63]. Regression coefficients were taken from the 5 PLSR models that maximized
the r2 and minimized the RMSE value, and averaged. As models that maximized the r2 did not always
minimize the RMSE (and vice versa), it was found that an average of 5 models performed better than
one model alone. A colour palette was added to the results. This generated, to our knowledge, the first
maps of tropical forest canopy traits produced using UAV-collected spectra. Maps were only created
for 4 out of the 6 leaf traits, as the r2 and RMSE values for K and Mg were considered too weak to carry
forward. The maps of predicted canopy LMA, N and P were combined using an RGB composite to
generate a map of LES trait interactions.

To investigate the accuracy of the leaf trait maps, the average remotely sensed trait value
for each plot was compared with the average field-collected value using r2, RMSE and %RMSE.
The field-collected trait values were weighted using a basal-weighted area and stem-weighted
abundance method, as well as a simple mean [64]. To evaluate trait relationships, the remotely
sensed trait values for all pixels across each plot were analysed using Pearson’s correlation.
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3. Results

3.1. Variation in Leaf Traits and Spectral Properties

Average leaf spectra across Ankasa, Bobiri and Kogyae (Figure 3) demonstrated a very similar
shape, magnitude and range, with reflectance peaking in the NIR (700–1075 nm). The spectra showed
little difference between sun and shade leaves (Figure 3a,b). Across Ankasa 01, Ankasa 03 and Bobiri
02, the UAV-collected spectra demonstrated a similar shape to the individual leaf level spectra, but
with significantly lower reflectance in the visible and NIR regions (Figure 3c–e). The variation in
spectra was significantly higher for the UAV-collected spectra (Figure 3f).
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Figure 3. (a,b) Mean, maximum and minimum leaf reflectance spectra of all field-collected sun and 
shade leaves for Ankasa (green), Bobiri (blue) and Kogyae (red). (c–e) Mean, maximum and 
minimum UAV-collected spectra for Ankasa 01 (bright green), Ankasa 03 (dark green) and Bobiri 02 
(blue). The corresponding mean, maximum and minimum field-collected sun leaf spectra for the plot 
is shown in black for comparison purposes. (f) Mean coefficient of variation of field-collected sun 
and shade leaves for Ankasa, Bobiri and Kogyae represented by dashed lines. Mean coefficient of 

Figure 3. (a,b) Mean, maximum and minimum leaf reflectance spectra of all field-collected sun and
shade leaves for Ankasa (green), Bobiri (blue) and Kogyae (red). (c–e) Mean, maximum and minimum
UAV-collected spectra for Ankasa 01 (bright green), Ankasa 03 (dark green) and Bobiri 02 (blue).
The corresponding mean, maximum and minimum field-collected sun leaf spectra for the plot is shown
in black for comparison purposes. (f) Mean coefficient of variation of field-collected sun and shade
leaves for Ankasa, Bobiri and Kogyae represented by dashed lines. Mean coefficient of variation of the
UAV-collected spectra for Ankasa 01, Ankasa 03 and Bobiri 02 represented by solid lines. The colours
follow the same colour key above.

3.2. PLSR Analyses

In the individual sun leaf PLSR analyses, all leaf traits demonstrated a significant (p < 0.01)
relationship with the leaf reflectance spectra (Table 2). When tested on the independent dataset, LMA
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and N demonstrated moderate correlations with the leaf spectra (r2 = 0.42 and 0.43 respectively)
and relatively high prediction accuracies of RMSE = 22% and 24%. P and K demonstrated weak but
significant correlations with the leaf spectra (r2 = 0.21 and 0.20) and moderate prediction accuracies of
RMSE = 34% and 43% respectively. Ca and Mg displayed both weak correlations (r2 = 0.23 and 0.14)
and low predictive accuracies (RMSE = 60% and 45%).

Shade leaves displayed much stronger spectra–trait correlations than sun leaves, with all traits
showing an increase in r2-val values (Table 2). In some cases these increases were marked, for example
LMA r2-val increased from 0.42 to 0.55 and P increased from 0.21 to 0.33. RMSE values decreased
slightly for LMA and N and otherwise increased or stayed the same for shade leaves.

The bandwidths most significant for predicting foliar traits differed between sun and shade leaves.
For sun leaves, 500–700 nm was the most important region for predicting LMA and N. For shade
leaves, the NIR was the most important region for predicting LMA and N, with a strong signal at
700 nm for N (Figure 4. See Figure A1 for shade leaf graphs). Spectral weightings for P mirrored N.
Spectral weightings for K, Ca and Mg showed a combination of weightings across the visible, red-edge
and NIR regions, indicating that correlations with both LMA and N contributed to their estimates.

When the PLSR analyses were carried out using UAV-collected tree crown spectra, all spectra-trait
relationships decreased in strength compared to the individual leaf analyses, with the exception of
P and Ca. (Table 2). For LMA, N, K and Mg, the tree crown spectra were able to predict 5–21% less
of the variance between average tree crown trait values than at the individual leaf level. Overall,
the tree crown spectra were able to predict LMA, N, P and Ca at p < 0.10. Using UAV-collected spectra,
the weightings showed that the NIR region was the most important part of the spectrum for predicting
every trait (Figure 4).
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Table 2. PLSR results for (i, ii) individual sun and shade leaf spectra. n = 753 for sun and shade leaves respectively. (iii) UAV-collected tree crown spectra. n = 58
for UAV-collected tree crown spectra. RMSE = Root mean square error. r2-cal represents the 70% of data used to create the empirical model and r2-val the 30%
of data upon which the model was tested. The level of significance (p) is indicated (* p < 0.10; ** p < 0.05; *** p < 0.01). Results are the average of 30 model runs.
All field-collected data is reported on a dry mass basis.

Leaf Type Sun Shade UAV-Collected Spectra

Spectral Range
and Resolution

Individual Leaves
(400–1050 nm)
1 nm FWHM

Individual Leaves
(400–1050 nm)
1 nm FWHM

Tree Crowns
(450–950 nm)
9 nm FWHM

Mean ± 1
Std RMSE %RMSE R2-cal R2-val

Mean ± 1
Std RMSE %RMSE R2-cal R2-val

Mean ± 1
Std RMSE %RMSE R2-cal R2-val

LMA (g m−2) 102 ± 35 21.13 22 0.60 *** 0.42 *** 89 ± 33 19.44 20 0.70 *** 0.55 *** 98 ± 20 17.43 18 0.45 *** 0.25 *
N (%) 2.05 ± 0.63 0.48 24 0.78 *** 0.43 *** 2.07 ± 0.64 0.47 23 0.83 *** 0.48 *** 2.15 ± 0.65 0.54 25 0.38 *** 0.22 *
P (%) 0.12 ± 0.05 0.04 34 0.64 *** 0.21 *** 0.12 ± 0.05 0.05 38 0.83 *** 0.33 *** 0.10 ± 0.04 0.03 32 0.38 *** 0.22 *
K (%) 0.89 ± 0.49 0.41 43 0.43 *** 0.20 *** 1.03 ± 0.55 0.48 51 0.52 *** 0.20 *** 0.91 ± 0.44 0.41 44 0.25 * 0.15
Ca (%) 1.39 ± 1.98 0.89 60 0.50 *** 0.23 *** 1.57 ± 1.11 0.94 63 0.66 *** 0.28 *** 0.87 ± 0.66 0.56 64 0.43 *** 0.25 *
Mg (%) 0.34 ± 0.17 0.16 45 0.37 *** 0.14 *** 0.38 ± 0.19 0.18 48 0.45 *** 0.16 *** 0.31 ± 0.18 0.18 57 0.19 0.09
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Figure 4. (a, left) Relationships between measured and predicted leaf traits using individual sun
leaf reflectance spectra and PLS regression analysis. n = 753. Blue line = r2-cal regression line. Red
line = r2-val regression line. RMSE and r2-val values displayed on graph. (a, right) PLSR spectral
weightings for each leaf trait. Deviation from 0 indicates the parts of the spectrum that most strongly
influence the empirical model. (b) The same as (a), but using UAV-collected reflectance spectra of 58
tree crowns.
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3.3. Mapping Foliar Traits Using UAV-Collected Hyperspectral Data

The maps of predicted leaf traits (Figure 5) display similar trait values for Ankasa 01 and Ankasa
03. In Bobiri 02, the maps display much higher N, P and Ca values than in Ankasa. All results were
supported by the field-collected values (Table 3), the one exception being lower LMA in Ankasa 01,
which was not found in the weighted field samples.
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Table 3. Average predicted foliar traits (bold) for three one-ha tropical forest plots. Calculated using
UAV-collected hyperspectral data and PLSR analysis. Field-collected trait values are shown for comparison
purposes. The field-collected data have been weighted using three methods: basal-area-weighting,
stem-abundance-weighting and no weighting. The root mean square error (RMSE), percentage root mean
square error (%RMSE) and r2 values of predicted vs. field-collected traits are shown for each method of
weighting. (n = 3). The level of significance (p) is indicated (* p < 0.10; ** p < 0.05; *** p < 0.01). Significant
differences (p < 0.01) between the predicted trait values of each plot are denoted using the letters a–c Where
necessary, values have been rounded to two decimal places.

Predicted Trait (Bold) vs.
Field-Collected Value

Plot Statistics

Ankasa 01 Ankasa 03 Bobiri 02 RMSE %RMSE R2

Field-sampled basal area (%) 63 56 61
LMA (g m−2) 90 ± 19 a 100 ± 24 b 98 ± 20 c - - -

Basal-area-weighted 102 101 94 7 8 0.19
Stem-abundance-weighted 101 101 92 7 8 0.11

Unweighted 97 101 100 6 5 1 ***
N (%) 1.97 ± 0.64 a 1.74 ± 0.76 b 2.93 ± 0.50 c - - -

Basal-area-weighted 2.06 1.93 2.74 0.16 7 1 ***
Stem-abundance-weighted 2.00 1.89 2.81 0.11 11 1 ***

Unweighted 1.91 2.03 2.45 0.33 15 0.85
P (%) 0.07 ± 0.02 a 0.07 ± 0.02 b 0.08 ± 0.02 c - - -

Basal-area-weighted 0.09 0.10 0.15 0.05 74 0.98
Stem-abundance-weighted 0.09 0.10 0.15 0.05 74 0.98

Unweighted 0.08 0.10 0.13 0.04 62 0.84
Ca (%) 1.20 ± 0.36 a 1.34 ± 0.48 b 1.87 ± 0.50 c - - -

Basal-area-weighted 0.72 0.74 1.82 0.45 30 0.97
Stem-abundance-weighted 0.73 0.73 1.88 0.45 30 0.96

Unweighted 0.71 0.86 1.54 0.44 44 1 ***

Similarly to Asner et al. [64], this study finds that, in general, the method for weighting the field
data (basal-area-weighted, stem-abundance-weighted or unweighted mean) had very little effect on
the strength, magnitude or direction of the relationships with the UAV data (Table 3). One exception
was LMA, where an unweighted mean resulted in an r2 value of 1, compared to 0.19 and 0.11 for the
basal-area-weighted and stem-abundance-weighted mean respectively. Aside from LMA, however, all
field-based trait values showed positive relationships with the remotely sensed plot predictions, with
r2 values ranging from 0.84–1.

3.4. Leaf Economic Spectrum Trait Interactions

The RGB composite of predicted LMA, N and P showed that the majority of trees in Ankasa
01 and Ankasa 03 fall on the ‘slow growing but enduring’ end of the LES (Figure 6). The general
hue of both plots is dark blue to purple, representing high LMA, low N and varying P. In contrast,
the majority of trees in Bobiri fall on the ‘live fast die young’ end of the LES, with the plot displaying a
general yellow hue, representing low LMA, high N and high P. Within this generality, however, there
are still some diverse trait strategies, with prominent tree crowns in Ankasa displaying low LMA, low
N and high P, and clusters of foliage in Bobiri displaying high LMA, high N and low P.

At the individual pixel level, no plot displayed a significant relationship between LMA and N
values (Figure 7). All plots displayed a significantly positive correlation (p < 0.01) between N and P
values (r2 = 0.63, 0.59, 0.44), and a significantly negative correlation between LMA and P values, with
Bobiri 02 displaying a comparatively strong relationship of r2 = 0.26. All plots displayed significantly
positive correlations between LMA and Ca, and inverse relationships between N and Ca, and P and Ca.
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Figure 6. RGB composite of LES trait interactions (red = P, green = N, blue = LMA). Produced using
the maps of predicted canopy LMA, N and P in Figure 4. Black areas represent shadows or areas with
an NDVI < 0.6. In the Venn diagram, the continuous rgb colour scheme is shown as discrete categories
for ease of interpretation. Pixel resolution = 0.5 m.
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Figure 7. Relationship between LMA–N and LMA–P for each pixel of Figure 6. Colour as a function of
Ca. R2 values are shown on the graphs with the level of significance (p) indicated (* p < 0.10; ** p < 0.05;
*** p < 0.01). n = 34789 for Ankasa 01. n = 32807 for Ankasa 03. n = 19014 for Bobiri 02. These graphs
are based on the remotely sensed values, not field-collected data.

4. Discussion

This study demonstrates the potential of using leaf spectral properties and UAVs to scale up from
individual leaves to landscapes. Calibrated on a field campaign that measured the trait values of
753 sun leaves, we used UAV-collected VNIR hyperspectral data to map LMA, N, P and Ca across
three hectares of diverse tropical forest, revealing patterns of trait variation both between and within
forest sites. While this study limited itself to analysing interactions between LES traits and validating
the methodology, it demonstrates the potential of UAV-collected spectra for scaling up similar leaf
trait-based work. For example, LMA and leaf chemical traits have been shown to be good indicators
of canopy phylogeny [65,66], invasive species [50], decomposition rates [67,68], soil fertility [69] and
drought tolerance [15].

When compared to the individual leaf spectra, the UAV-collected spectra displayed a similar
shape, but lower reflectance in the visible and NIR regions (Figure 3). This is to be expected. Increased
leaf area index and variable leaf angle distribution in the canopy causes multiple scattering and the
increased absorption of light compared to single leaves. The UAV-collected spectra also displayed
significantly higher variation than the hand-collected spectra. This is almost certainly due to the far
higher number of spectra pixels recorded across each plot—34,789 pixels across Ankasa 01, compared
to 352 hand-collected leaf spectra. While only healthy, mature sun and shade leaves were measured by
hand, the UAV captured all visible sun foliage across the plot, including leaves of different ages, health
and species. Leaf age has been shown to have a significant effect on spectral properties [70], as has leaf
health [71,72]. The individual sun and shade leaf spectra were collected from 60 species representing
27 families across the three plots. While these species represented >55% of the basal area of each plot,
there were a total of 130 species from 51 families present across the three plots, contributing to far
higher spectral variation in the UAV spectral data.

Significant relationships were found between LMA, N, P, K, Ca, Mg and leaf reflectance spectra
at the individual leaf level (Table 2). These were strongest for the directly estimated traits of LMA
and N. The covariate relationships found between LMA, N and the indirectly expressed nutrients
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are discussed in more detail below. Results were slightly lower than those found by Asner et al. [37],
who used a very similar spectral range and method, but a much larger and more diverse sample size,
suggesting that high ecological variety drives stronger PLSR relationships.

Across all traits, shade leaves demonstrated much stronger spectral relationships than sun leaves
(Table 2). In the spectroscopy literature, shade leaves are chronically understudied. Among the few
studies that include shade leaves in their analysis however, this finding does not appear to be unique.
Using PLSR to predict leaf age in a Peruvian and Brazilian forest, Wu et al. [73] found that on a
species-by-species basis, shade leaves predicted 5–27% more of the variance in LMA than sun leaves
and 6–28% more of the variance in leaf water content.

The higher performance of shade leaves may be linked to their structure. To increase light capture
efficiency, shade leaves are thinner, possess fewer cells per leaf area than sun leaves and have palisade
cells of roughly equal dimensions that concentrate chloroplasts in a dense layer on the leaf’s adaxial
surface. In contrast, sun leaves are thicker, with multiple mesophyll layers and columnar palisade
cells to allow light to pass through vacuoles and the spaces between cells and reach chloroplasts in the
spongy mesophyll [74,75]. Thus, a beam of light penetrating a sun leaf has more cell–wall–air interfaces
to pass through and a longer path length, increasing the probability of being scattered and absorbed,
and potentially decreasing the signal-to-noise ratio of the reflectance spectra. The fact that shade
leaf–trait relationships are equal or stronger than sun leaf–trait relationships is important, because
shade leaves constitute the majority of tropical foliage and influence canopy spectral signatures in the
NIR—hence, their spectral contribution will assume greater importance when the spectral range of the
UAV-collected data is extended up to 2500 nm.

Scaling up to the airborne level, LMA, N, P and Ca demonstrated a significant (at p < 0.10)
relationship with the UAV-collected tree crown spectra (Table 2). These relationships were generally
lower than those at found at the individual leaf level. This may be due to several reasons. Firstly,
the PLSR analyses were carried out with a much smaller sample size of tree crowns—58 tree crowns
vs. 753 individual leaves. Although PLSR analyses have been carried out with similar sample sizes
(e.g., [33]), results have been shown to improve with increasing sample size, until stabilization is
reached at n = 1000 [37]. Secondly, the airborne canopy data were collected 52–64 weeks after the
field collection campaign. Interannual variability of leaf traits has been found to be low for LMA
and leaf nutrient values collected at the same time of year or in the same season [76–78]. Yet, when
the airborne canopy data were collected, tree crown trait values may still have altered slightly from
their field-collected values. As the PLSR method works by calibrating and predicting values based
on spectral variability, slight inaccuracies in crown trait values would weaken the PLSR results.
It is important to note that we do not list these factors to undermine the study, but rather to give
further confidence in its results. The fact that, notwithstanding these limitations, we found significant
spectra–tree crown relationships for 4 out of 6 traits, supporting the value of using UAVs to estimate
canopy traits.

In addition to the factors above, we hypothesize that the largest improvements in airborne
spectra–trait relationships will be made when the SWIR (700–2500 nm) region is included in the
canopy spectra measurements. Using the full VSWIR range has been shown to significantly increase
spectra–trait relationships [37,79–81], as the majority of traits have significant expressions in the
short-wave infrared spectrum. Airborne hyperspectral sensors covering the full 400–2500 nm range
are commercially available [82]. Alternatively, combining information from multiple hyperspectral
sensors is possible [83], and would also provide all the relevant bands. Experimenting with the
expanding field of nonlinear transformation methods (often referred to as machine learning algorithms)
may also improve retrieval rates [84], although in this study PLSR was used as it offers a more
transparent, physical approach to quantifying spectra-trait relationships and facilitates comparisons
with similar studies.

At the whole plot level, the UAV-predicted plot averages showed good agreement with
field-collected values (Table 3). With the exception of LMA, basal area- and stem-abundance weighting
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of field-collected traits generally demonstrated similar or higher r2 values, and similar or lower %RMSE
values, than the unweighted means. This supports the use of weighting field data when calibrating or
validating remotely sensed variables. Despite the fact that few regression models were statistically
significant, this is more likely due to the extremely small sample size (3 data points) than to a lack
of agreement between the field-collected and remotely sensed values. Weighted LMA was the only
field-collected trait not to demonstrate a positive relationship with the remotely sensed canopy values.
However, unlike N, P or Ca, variations in LMA were small between the three sites. The remotely
sensed values demonstrated an uncertainty of 19–24 g m2—larger than the variation observed between
the three sites. Thus, it is unsurprising that the field and remote sensing approaches do not agree on a
mean LMA trend for these 3 plots—greater LMA variation is required.

The fact that the UAV-collected data were able to quantify average trait values for each plot
represents an important step in scaling up these results. One-ha tropical forest study plots are not
always representative of their host landscapes [64,85]. Thus, while UAVs could be calibrated on field
results collected from smaller study sites, their greatest asset in is mapping these values over larger
areas, where field-collection is impractical.

Across the three sites, the observed three-way interaction between LMA, N and P supports the
proposal of a multi-trait LES, sensitive to climatic and edaphic constraints [48,86,87]. From the RGB
composite, it can be seen that Ankasa 01 and Ankasa 03 generally display high LMA, low N and low P
values, while Bobiri 02 generally exhibits low LMA, high N and high P values. This is almost certainly
due to the strong rainfall gradient found across West Africa. While increasing precipitation is generally
associated with more favourable conditions and trait trade-offs that favour fast growth and short
mortality, at high precipitation rates (over 2000 mm), nutrient gradients have been found to interact
with precipitation gradients. High precipitation causes soil nutrient leaching, promoting the selection
of species for traits on the persistent end of the economics spectrum [88–90]. Evergreenness has been
found to be a response to the relatively low nutrient availability in very wet tropical forest, as increased
leaf longevity is an effective nutrient conservation mechanism, resulting in a longer photosynthetic
season and a reduced demand on the amount of soil nutrients required to replace leaves [91–93].
Hence, with their weathered tropical soils promoting the growth of evergreen species, Ankasa 01 and
Ankasa 03 demonstrate high LMA values, high leaf longevity (9–12 months) and lower N, P and Ca
values. These leaf strategies are not limited to plant foliage, but are mirrored by the tree’s overall
performance. According to the carbon cycling data for the plots, Ankasa demonstrates high wood
residence rates (99 ± 22.1 years in Ankasa 01) and lower NPP (13.3 ± 0.6 Mg C ha−1 year−1: all data
from Moore et al. [52]. See Table 1).

In contrast, the RGB composite shows that the most common trait strategy in Bobiri represents
the ‘live fast die young’ end of the LES spectrum. Here, lower mean annual rainfall reduces soil
leaching rates, while still providing enough water for fast growth. Photosynthetic rates in Bobiri 02
are correspondingly higher, with an average Asat rate of 7.92 µmol m−2 s−1, compared to an average
of 5.65 for Ankasa 01 [54]. Richer soils support a higher number of deciduous tree species—if the
resources to build new organic matter are there, there are no constraints to adopting higher rates of leaf
production throughout the year. Thus, leaf longevity in Bobiri is lower than in Ankasa (5–6 months),
along with wood residence rates (32 ± 7.16 years), while NPP is higher (16.7 ± 0.6 Mg C ha−1 year−1:
all data from Moore et al. [52]. See Table 1).

In contrast to the majority of leaf trait studies, our findings were unique in that we did not find a
significant relationship between LMA and N across any of the three plots. Here, these relationships are
based on the remotely sensed data, yet the same has been found in the field-data [54]. This is probably
due to the small spatial distribution of our data. While most studies analysing LMA–N interactions
collect data over environmental gradients [94–97], our study focused on trait interactions within fairly
homogenous one-ha plots. Thus, while LMA and N values may respond to similar environmental
variables over wider areas, under more constant environmental conditions, they appear to be ordered
by different controls and do not correlate at the individual leaf level.
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Significant relationships were found between all other traits. Bobiri 02 displayed a comparatively
strong relationship between LMA and P (r2 = 0.26), supporting research that finds, when soil P is high,
phylogeny exerts a stronger control on foliar P than when soil P is limited [66,87]. As both Ankasa sites
also display relatively high soil P values compared to many Amazonian soils, a phylogentic ordering
of P along the same lines as a phylogenetic ordering of LMA may explain why significant relationships
were also found between LMA and P at these sites. As widely reported in the LES literature, N and P
exhibited strongly positive relationships in each plot, lending weight to the idea of a stoichiometric
link between N and P [86,95,98]. LMA and Ca also demonstrated significantly positive relationships in
each plot, probably due to the role of Ca in foliar cell wall development [99]—as LMA increases, more
Ca is required.

Overall, our results support the use of a multi-trait LES incorporating P and Ca values [11,51].
In accordance with Asner et al. [48], we find that environmental filters generate more diverse plant
trait strategies than be captured by a universal leaf LMA–N relationship and caution against using
simple N–LMA tradeoffs to analyse ecosystem function.

5. Conclusions

In this study, we show that LMA and multiple leaf chemical traits can be retrieved from individual
leaf and plot level spectra using hand-held instruments and UAVs. Retrieval of foliar traits at the tree
crown level was weaker. The next steps are to mount both a VNIR and SWIR sensor onto a UAV to increase
trait estimation accuracy and attempt to expand the range of quantifiable traits. The next generation of
hyperspectral satellites—EnMAP, FLEX, HISUI, HyspIRI, PRISMA, SHALOM [100–105]—will be critical
in providing global coverage and monitoring of functional diversity. In the meantime, developing cheaper
and easier ways to map leaf traits in tropical forests will provide invaluable data for understanding LES
traits and their interactions, as well as helping to inform the next generation of dynamic vegetation and
climate models [18,106].
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Figure A1. (left) Relationships between measured and predicted leaf traits using shade leaf reflectance
spectra from Figure 2 and PLS regression analysis. n = 753. Blue line = r2-cal regression line. Red
line = r2-val regression line. RMSE and r2-cal values displayed on graph. (right) PLSR spectral
weightings for each leaf trait. Deviation from 0 indicates the parts of the spectrum that most strongly
influence the empirical model.
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