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Plant functional traits (PFTs) underpin ecosystem processes and therefore ecosystem service provision. If PFTs
are possible to detect and discriminate spectrally, then it may be possible to use remote sensing applications to
map ecosystem processes or services within and across landscapes. As a ﬁrst step towards this application, we
explored whether functional groups of 22 dominant South African wetland species were spectrally separable
based on their PFTs. We measured 23 biochemical and morphological PFTs in combination with spectra from
350 to 2349 nm using a handheld radiometer. First, we evaluated the possibility of accurately predicting morphological and biochemical PFTs from reﬂectance spectra using three approaches: spectrum averaging, redundancy analysis (RDA), and partial least squares regression (PLSR). Second, we established whether functional
groups and species were spectrally distinguishable. We found seven PFTs to be important in at least two of the
three approaches: four morphological and three biochemicals. Morphological traits that were important were
leaf area (PLSR: r2 = 0.40, regression: r2 = 0.41), speciﬁc leaf area (r2 = 0.67), leaf mass (r2 = 0.43, r2 = 0.38),
and leaf length/width ratio (r2 = 0.62). Biochemical traits that play a role in the structural composition of
vegetation, like lignin content (r2 = 0.98, r2 = 0.54), concentration (r2 = 0.45) and cellulose content (r2 = 0.57,
r2 = 0.49), were found to be important by at least two of the analyses. Three other traits were important in at
least one of the analyses: total biomass (r2 = 0.56), leaf C/N ratio (r2 = 0.99), and cellulose concentration
(r2 = 0.76). Redundancy analysis suggests that there is a large percentage (52%) of the spectrum not explained
by the PFTs measured in this study. However, spectral discrimination of functional groups, and even species,
appears promising, mostly in the ultraviolet A part of the spectrum. This has interesting applications for mapping
PFTs using remote sensing techniques, and therefore for estimating related ecosystem processes and services.

1. Introduction
Plant functional traits (PFTs) are those characteristics of a plant that
may both respond to (response traits), and shape (eﬀect traits) their
environment (de Bello et al., 2010; Tilman, 2001). It has been suggested
that PFTs are the key ecological attributes by which organisms and
communities aﬀect ecosystem processes and functioning (Díaz et al.,
2007; Lavorel et al., 2007). For example, PFTs such as leaf dry matter
content (LDMC) and speciﬁc leaf area (SLA) underpin soil fertility
among others, whereas canopy size and architecture underpin climate
and water regulation (Díaz et al., 2007). Since ecosystem processes are
known to underpin ecosystem service provision, it is potentially possible to use PFTs to understand ecosystem service supply in ecosystems.
Therefore mapping functional groups, species clustered according to
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PFTs, could potentially be used in mapping ecosystem services. Plant
functional traits also determine the optical properties of plants, which
can have important implications for remote-sensing applications.
Canopy reﬂectance is determined by leaf, stem, and litter optical
properties as well as attributes of canopy structure (Ali et al., 2015;
Asner, 1998; Ross, 1981). There has been much research on trees at
each of these scales, both deciduous (Asner and Martin, 2008; Baltzer
and Thomas, 2005) and coniferous (de Marín et al., 2016), and less
research on herbaceous species (Roelofsen et al., 2014). Herbaceous/
understory vegetation presents an interesting case due to lower coherence of chemistry-reﬂectance relationships as a result of often not
being in direct sunlight (Roelofsen et al., 2014). There is a need for
more research on the link between PFTs and reﬂectance spectra for
other ecosystem types, such as shrublands, grasslands and wetlands,
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Fig. 1. (Left) The catchments of the three study palmiet wetlands, located within the Cape Floristic Region of South Africa (shown in green). (Right) The Kromme Palmiet wetland,
showing the patchy nature of the vegetation communities (light gray and dark green), with the two main plant communities indicated and described.

conventional functional types or groups (e.g. growth form), and not on
speciﬁc functional types derived from trait data. In addition, most research has been concentrated in Europe and the Americas. There is a
need to examine relationships between traits and spectra in African
ecosystems, particularly wetlands (Adam et al., 2010).
We analysed PFTs and spectra of dominant species in a South
African palmiet wetland system to determine whether any relationships
could be used to map functional groups. Wetlands are key ecosystems
where understanding ecosystem function, and quantifying ecosystem
services, are important for society (Rebelo et al., 2015). Wetlands are
also extreme environments that have distinct community patterns, such
as monospeciﬁc dominance in patches, making them interesting and
important case study systems (Sieben, 2012). We ask two main research
questions: can plant (or canopy)-level reﬂectance be used to predict
morphological and biochemical PFTs in wetland vegetation? and; are
wetland communities spectrally distinguishable (by functional groups,
species)? If clear relationships exist between PFTs and spectra of these
wetland species, then it may be possible to use hyperspectral methods
to map ecosystem service hotspots in these wetlands.

and particularly for African systems (Adam et al., 2010).
Leaves are optically interesting since plant species have diﬀerentially evolved unique properties to both optimise energy capture from
the sun while minimizing sun damage and water loss. Leaf traits can
inﬂuence their optical properties and the importance of speciﬁc traits in
doing so varies within a species (Poona and Ismail, 2013), among
growth forms (Klančnik et al., 2012) and between species (Klančnik
et al., 2014b; de Marín et al., 2016). Diﬀerent PFTs also aﬀect diﬀerent
regions of the spectrum, for example the cuticle aﬀects reﬂection and
absorption in the visible and ultraviolet (UV) ranges (Krauss et al.,
1997), whereas leaf thickness aﬀects reﬂection and transmittance in the
near-infrared (NIR) range (Knapp and Carter, 1998). Leaf pigments
have been shown to aﬀect the visible part of the spectrum (Asner and
Martin, 2008; Klančnik et al., 2015a; Ustin et al., 2009; Zhang et al.,
2008).
There has been much research on the use of leaf reﬂectance to
predict PFTs, both biochemical (Carter and Spiering, 2002; Castro and
Sanchez-Azofeifa, 2008; Klančnik et al., 2015b; de Marín et al., 2016;
Roelofsen et al., 2014; Serbin et al., 2014; Van Cleemput et al., 2018;
Zhang et al., 2008) and anatomical/morphological (Klančnik et al.,
2015b; de Marín et al., 2016). At the leaf scale, speciﬁc leaf area (SLA),
an index of leaf density, has been shown to be highly correlated
(r2 = 0.90) with the NIR and short-wave infrared (SWIR) part of the
leaf spectrum for tropical forests (Asner and Martin, 2008), and coniferous trees (Lukeš et al., 2013), but poorly related (r2 = 0.26) for
herbaceous species (Roelofsen et al., 2014). Leaf dry matter content
(LDMC) is well correlated with reﬂectance (r2 = 0.67), even for herbaceous species (Roelofsen et al., 2014). Other studies have found
biochemical traits to be more important for explaining spectral variation in aquatic plants, and morphological traits more important for
terrestrial plants (Klančnik and Gaberšcik, 2016). Speciﬁcally trichome
density and the thickness of the epidermis were most important in inﬂuencing the reﬂectance spectra of wetland species (Klančnik et al.,
2015b). For aquatic plants, chlorophyll a and b and SLA cumulatively
explained 60% of the reﬂectance spectra (Klančnik et al., 2015b). More
plastic PFTs, such as nutrients in plant tissues also aﬀect reﬂectance
(Asner and Martin, 2008; Baltzer and Thomas, 2005; Lukeš et al., 2013;
Roelofsen et al., 2014; Serbin et al., 2014), as does tissue water content,
particularly in the NIR region (Asner and Martin, 2008; Sims and
Gamon, 2003).
It is important to establish the key PFTs inﬂuencing reﬂectance at
various scales in diﬀerent ecosystems, and whether functional groupings of species can be used to simplify this information (Roth et al.,
2016). To date, most research of this nature has focussed on broad,

2. Methods
2.1. Study wetlands
South African palmiet wetlands are small valley-bottom systems
underlain by 0.5–8 m of peat and occurring throughout the Cape
Floristic Region of South Africa, a biodiversity hotspot (Job, 2014;
Nsor, 2007). Due to their position in important strategic water-providing catchments in South Africa (Nel et al., 2011), and their peat
accumulation, they are thought to provide important ecosystem services to society (Rebelo et al., 2015). Palmiet wetlands are so named
after the species that dominates them: Prionium serratum, or Palmiet,
thought to be an ecosystem engineer (Sieben, 2012). However other
plant communities occur within these wetlands, giving them a patchy
appearance that may be possible to classify using hyperspectral remotesensing techniques. In this study, dominant species were determined
from vegetation surveys in three palmiet wetlands: Theewaterskloof,
Goukou and Kromme (Fig. 1). In places the wetlands have become invaded by alien weeds, such as Bramble (Rubus fruticosus), as well as
trees such as Black Wattle (Acacia mearnsii). These palmiet wetlands
typically occur at elevations of 100–400 masl, with mean annual precipitation ranging from ± 614 mm (Kromme) to ± 600–1000 mm
(Goukou) to ± 1600–2000 mm (Theewaterskloof) (Job, 2014; Midgley
et al., 1994; Rebelo et al., 2006).
26
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Fig. 2. Illustrative ﬁgure showing the spectral population of six example species (one for each spectral group (SG1-6)). The solid line indicates the mean spectrum, whereas the shaded
zone represents variation (standard deviation).

4 h. This dissolved biogenic silica was then spectrophotometrically
analysed on a Thermo IRIS inductively coupled plasmaspectrophotometer (ICP; Thermo Fisher, Franklin, MA, USA). Plant lignin
and cellulose content were measured using the Van Soest method (Van
Soest, 1963). Summary statistics are shown for each of the continuous
PFTs in Table S4.

2.2. Study design
Species composition data were obtained from 39 plots in the three
diﬀerent palmiet wetlands. Plots were arranged on seven transects
(100–200 m) along cross sections through the wetlands, with six plots
(3 × 3 m) placed between 20 and 50 m apart, yielding a total of 36
plots. In the Goukou wetland, three extra plots were added to fully
capture variation in plant communities. Species and their relative
abundances were recorded in each plot, using the Braun-Blanquet Scale
(Mueller-Dombois and Ellenberg, 1974). Dominant species were deﬁned as those making up > 25% cover in any plot. The resultant 22
species are listed in Table S1, Fig. S1. Ten mature specimens from each
dominant species were collected from their wetland of origin for measurement of PFTs at the respective ﬁeld station or in the lab (depending
on the trait). Traits were collected once for each species from random
specimens in the ﬁeld (maximum abundance approach, Carmona et al.,
2015). Extra specimens were collected from one of the three sites for
each species (Table S1).

2.4. Reﬂectance measurements
Plant canopy spectra were measured in the ﬁeld in November 2015
(spring) under clear sky conditions within 2 h of local solar noon.
Phenology has been shown to be valuable in discriminating wetland
species (e.g. reed beds) and spring is the season in which interspeciﬁc
phenological distinctions are generally at their greatest (Ouyang et al.,
2013; Tuominen and Lipping, 2016). All reﬂectance measurements
were taken with a portable ASD Fieldspec Pro (ASD Inc., Boulder, USA).
The probe was held at a constant distance of 60 cm above the surface
(25° FOV; diameter 26.59 cm), keeping the sensor perpendicular to the
angle of the sun. Live (wet) specimens from each species were arranged
on a large matt black (non-reﬂective: uniform < 5% reﬂectance across
the 350–2500 nm range) surface (1.5 × 2 m), with leaves facing upwards (adaxial surface up) where possible. This measurement set-up
allowed us to measure the reﬂectance of individual plant species
without background contamination originating from soil or other plant
species. This set-up thus allowed us to make a one-on-one comparison
between reﬂectance and PFTs. It is acknowledged that the spectral effects of 3D canopy structure (i.e. volume scattering eﬀects) were not
fully captured with this set-up. Since this study focussed primarily on
leaf traits, this is not expected to present any problems.
Twenty spectral signatures were collected for each species. There
were two cases where data had to be excluded due to equipment problems (see Table S1 for details). Between readings for each species, the
ASD was optimised using a spectralon (Spectralon®, Labsphere, North
Sutton, USA) and white reference measurements were captured. Spectra
were collected over the range of 350–2500 nm with 1 nm intervals. ASD

2.3. Plant functional traits
We measured 23 PFTs, each selected as they were predicted to have
a link to at least one wetland ecosystem service (Table S2). Deﬁnitions
and methods for the measurements of each PFT are given in Table S3;
and for all commonly used PFTs we used the standardised protocol for
measurements (Pérez-Harguindeguy et al., 2013). Of the PFTs measured, 16 were morphological/anatomical, and seven were biochemical
in nature (Table S3). For biochemical traits, samples were cleaned,
dried at 70 °C for 48 h, ground and homogenised using a mill to 0.5 mm
particles. Total carbon and total nitrogen were determined by total
combustion of 5 mg of each sample on a Flash 2000 CN-analyzer
(Thermo Fisher Scientiﬁc). To determine plant silicon content, we used
a procedure for extracting biogenic silica (Schoelynck et al., 2010),
which involved incubating a 25 mg sample of dried plant material in a
0.1 m Na2CO3 mixture which was placed in a water bath at 80 °C for
27
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binary ﬁles were ﬁrst converted to ASCII reﬂectance ﬁles using
ViewSpecPro and subsequently post-processed to remove data in the
water absorption bands at 1350–1460 nm and 1790–2000 nm as well as
noise at 2350–2500 nm. A sub-set of the spectral measurements (one
species from each of the six spectral groups; Table S8) and their variance (standard deviation) are displayed (Fig. 2).

of determination r2 which compares observed and predicted values for
the calibration and validation phases.
(ii) Discriminating wetland communities
To determine at what level wetland communities are spectrally
distinguishable, we compared the eﬀectiveness of discriminating individual species with that of discriminating functional groups. We determined functional and spectral groups of the 22 dominant species
using two-step cluster analysis in SPSS (SPSS, 2001), which is able to
handle both categorical and continuous data. All variables were standardised and the log-likelihood distance measure was applied for PFTs,
and the Euclidean distance measure for spectra. The threshold for
number of functional and spectral groups was determined using a Kmeans partitions comparison and Calinski criterion, as well as a Scree
plot in R (Table S7). The importance of various PFTs in inﬂuencing the
functional groups was assessed using a predictor analysis in SPSS. To
assess how well functional groups and species could be discriminated,
we used two approaches.
Firstly we compared functional groups and species to spectral
groups generated using reﬂectance spectra, in a confusion matrix and
assessed coherence. We did this by estimating “spread” of functional
groups throughout the spectral groups. If each functional group corresponded with its distinct spectral group, we would expect to see low
spread in the confusion matrix, i.e. only 6 out of the 36 blocks in the
grid would be occupied (6 blocks occupied is the minimum). However a
poor agreement (high spread), could mean that 22 of the 36 blocks
were occupied (22 species is the maximum). Therefore discrimination
accuracy (DA) was calculated by expressing the number of occupied
blocks scaled between 0 and 16 (n) as a percentage, and inverting it;
i.e.: DA = 100 − (100n/16). Secondly the spectral separability between each functional group and among species was calculated using
the M-Statistic for four parts of the spectrum: visible (400–700 nm), NIR
(700–1000 nm), short-wave infrared (SWIR) (1000–2349 nm), and the
total measured spectra (350–2349 nm). The M-Statistic is calculated by
dividing the diﬀerence of the means of spectra of the two species or
functional groups being compared, by the sum of their standard deviations (Kaufman and Remer, 2002). In the case of species, each species was compared with an average of all other species. A value of
M < 1 signiﬁes that the distributions signiﬁcantly overlap and the
ability to discriminate the two groups is poor, whereas a value of
M > 1 signiﬁes that there is little overlap and the ability to discriminate the two groups is good.

2.5. Analysis
Analysis was carried out in two stages; ﬁrst, plant-level reﬂectance
was assessed for use in predicting morphological and biochemical PFTs,
and second, wetland communities were assessed to determine whether
they are spectrally distinguishable, and to what level (functional
groups, species). Dimension reduction methods were applied in the ﬁrst
two analyses, as opposed to preservation of the original spectral resolution, so as to improve compatibility when scaling-up to hyperspectral reﬂectance measurements; a possible next step (e.g. see Roth
et al., 2015).
(i) Predicting morphological and biochemical traits from reﬂectance
To determine whether it was possible to predict morphological and
biochemical PFTs from plant reﬂectance spectra, we ﬁrst used an approach similar to that of Knapp and Carter (1998) to relate spectra to
PFTs by reducing the spectrum to four average reﬂectance values:
visible (400–700 nm), NIR (700–1000 nm), SWIR (1000–2349 nm), and
the total measured spectra (350–2349 nm). Simple regression analyses
in R were used to determine the relationships between the averaged
spectra and PFTs. Second, we performed a redundancy analysis (RDA)
using the “Vegan” package in R to determine whether the reﬂectance
spectra (response variables) could be explained by various PFTs (explanatory variables). For this analysis, the reﬂectance spectra were divided into 11 categories and averaged: the four categories listed above
(visible, NIR, SWIR and total) as well as part of the ultraviolet A (UV-A)
(320–399 nm), violet (400–424 nm), blue (425–491 nm), green
(492–575 nm), yellow (576–585 nm), orange (586–647 nm), and red
(648–699 nm). All variables were standardised for the analysis, and
categorical PFT data were excluded. Forward selection of explanatory
variables was used to avoid co-linearity between variables (threshold:
r2 > 0.7). Variable inﬂation factors (VIFs) of > 10 were used to exclude other collinear variables to obtain the most parsimonious RDA.
The signiﬁcance of the RDA was assessed using an ANOVA-like permutation test for RDA in R, with 1000 permutations (Legendre et al.,
2011).
Lastly we performed a partial least squares regression (PLSR) using
the “pls” package (Mevik and Wehrens, 2007) and “autopls” code
(Feilhauer et al., 2010) in R to determine which PFTs could be predicted from the reﬂectance spectra. The advantage of PLSR over other
types of regression is its ability to deal with a high number of predictors
(in this case spectral bands) relative to a low number of observations
(i.e. each PFT) as well as handle collinearity of these predictors. We
performed PLSR for each of the 14 measured continuous PFTs, which
were log transformed, using the entire spectrum, as well as using parts
of the spectrum: UV-A, visible, NIR and SWIR. Collinearity of spectral
bands is dealt with by transferring information content to independent
latent variables (lv) which are optimised to represent the response
variable. In each model, the number of latent variables was chosen so as
to minimise the root mean square error (RMSE) using leave-one-out
(LOO) cross-validation. Each ordination axis was modelled separately
(calibrated) and then validated, and regression coeﬃcients were calculated in each case, and predictors are left out iteratively until an
optimum was reached. Backward selection of predictors was used to
further optimise the model by a combination of removing correlated
bands and jack-kniﬁng. All other settings were left at the default, following the method of Feilhauer et al. (2010). Model accuracy is expressed by both the root mean square error (RMSE) and the coeﬃcient

3. Results
3.1. Predicting morphological and biochemical PFTs from spectral
reﬂectance
Only four PFTs showed reasonably strong relationships with various
parts of the spectrum. Biochemical traits such as cellulose and lignin
content were reasonably well correlated with the NIR part of the
spectrum (Fig. 3; Table S5). Morphological traits, such as leaf area and
mass, on the other hand correlated more weakly with the total reﬂectance spectrum.
An RDA analysis suggested that four PFTs were most important in
explaining reﬂectance spectra of the 22 dominant wetland species investigated: leaf area, the leaf length/width ratio, SLA and lignin concentration (Fig. 4). Together these PFTs explained 48% of the variation
in the spectra. Of these PFTs, only one was biochemical, suggesting that
of the PFTs measured, morphological traits exerted more inﬂuence on
the reﬂectance spectra. Leaf area and leaf length/width ratio were
strongly positively correlated with reﬂectance, whereas SLA and lignin
concentration were weakly negatively correlated.
When considering the entire reﬂectance spectrum, only one of the
14 continuous PFTs investigated using PLSR was predicted from the
28
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Fig. 3. The relationship between the log10 transformation of four key morphological (leaf area, leaf mass) and biochemical (cellulose content, lignin content) plant functional traits and
the log10 transformation of averaged sections of the reﬂectance spectra (NIR: 700–1000 nm, Total: 350–2349 nm) for 22 South African wetland species.

Table 1
Model performance parameters for partial least squares regression (PLSR) of predicting
plant functional traits from reﬂectance spectra of 22 South African wetland species for the
total measured spectra. Abbreviations: nlv is the number of latent variables, r2, the
coeﬃcient of determination, is given for model calibration and validation, as is RMSE: the
root mean square error. Shaded cells show r2 (calibration) values of > 0.40. Results for
the four separate parts of the spectra (UV-A, visible, NIR, SWIR) are shown in Table S6.
Plant functional traits

nlv

r2cal

r2val

RMSEcal

RMSEval

Shoot length

2

0.16

–0.42

0.47

0.61

Stem diameter

2

0.16

–0.08

0.66

0.75

Total biomass

2

0.16

–0.06

1.26

1.42

Leaf length/width ratio

2

0.31

0.01

0.50

0.60

Leaf dry mass

2

0.43

0.16

0.90

1.09

Morphological
traits

Leaf area

2

0.39

0.20

0.65

0.74

Specific leaf area (SLA)

2

0.19

–0.22

0.57

0.70

Leaf C/N ratio

5

0.61

0.35

0.14

0.17

Si concentration

2

0.25

–0.05

0.61

0.72

Si content

2

0.37

–0.30

1.09

1.56

Cellulose concentration

2

0.41

0.22

0.09

0.10

Cellulose content

1

0.57

0.49

0.72

0.77

Lignin concentration

1

0.38

0.23

0.27

0.30

Lignin content

7

0.98

0.91

0.13

0.27

Biochemical

Fig. 4. The RDA plot presenting the strength of associations between anatomical and
biochemical parameters and diﬀerent regions of the reﬂectance spectra for 22 South
African wetland species. Eigenvalues for the ﬁrst two axes were 4.77 and 0.41 respectively, and only the ﬁrst axis was signiﬁcant. Species abbreviations are given in black (see
Table X3 for full names). The various regions of the spectrum are given in red.
Abbreviations for the most important plant functional traits inﬂuencing the model are
given in blue: LA: leaf area (mm2), SLA: speciﬁc leaf area (mm2/mg), LeafLWRatio: leaf
length-width ratio and Lignin: lignin concentration (%). (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this
article.)

traits

relationship (high information content). Leaf C/N ratio was predicted
with average accuracy (r2cal = 0.61), and three other PFTs (cellulose
content, concentration and leaf dry mass) were weakly predictable from
the reﬂectance spectra (r2cal = 0.57, r2cal = 0.41, and r2cal = 0.43 respectively). The UV-A was the best part of the spectrum in predicting
both biochemical and morphological PFTs for these wetland species in

reﬂectance spectra with high accuracy, and this was lignin content
(r2cal = 0.98) (Table 1, Fig. 5). However this model also had the highest
number of latent variables (7), suggesting a complex, non-linear
29
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Fig. 5. Observed and predicted plant functional trait values from reﬂectance spectra using partial least squares regression (PLSR) for 22 South African wetland species. The coeﬃcient of
determination (r2) is given for both model calibration (○) and validation (●). Plant functional traits (all log10 transformed) are: (a) lignin content, (b) C/N ratio, (c) cellulose content, and
(d) leaf dry mass.

those shown to be predictable from the reﬂectance spectrum.
The ten most important reﬂectance spectra driving spectral groupings were all in the range 530–615 nm, the visible (green, yellow, orange) part of the electromagnetic spectrum, suggesting that photosynthetic pigments are the most important PFTs determining spectral
separability of species. Interestingly spectral group 5 corresponds well
to functional group 6, containing two species in common: the ecosystem
engineer P. serratum and Wachendorﬁa thyrsiﬂora (both broad-leaved
species).
A confusion matrix comparing functional and spectral groups suggests that there is not high coherence between functional groups and
spectral groups, with 37.5% overall discrimination accuracy (Table 2).
The large spectral group (1), for example, is composed of 6 diﬀerent
functional groups. Speciﬁc functional groups (3 and 6) are marginally
distinguishable spectrally (functional groups split into only two spectral
groups in each case).

the season studied (spring) (Table S6). All other parts of the spectrum
were unimportant in predicting morphological traits, with the exception of the SWIR for predicting total biomass. In predicting biochemical
traits: the visible, NIR and SWIR parts of the spectrum were important
in predicting lignin and cellulose, and the visible part of the spectrum
was additionally important for predicting C/N ratios (Table S6).
Overall, the results suggest that there are ten PFTs of those measured that inﬂuence optical properties to some degree: ﬁve morphological traits (leaf area, leaf mass, SLA, leaf length-width ratio, total
biomass) and ﬁve biochemical traits (lignin concentration, lignin content, cellulose concentration, cellulose content, C/N ratio).
3.2. Discriminating wetland communities
For both functional and spectral groups, K-means partitions and
scree plots indicated that the optimal number of groupings was six. For
functional groups, species were relatively well spread, with an average
of four ( ± 1.3) species per group (Table S7). Spectral groups were less
well spread, with one large group containing nine species (Table S8).
The ten most important PFTs driving functional groups were (in decreasing order of importance): cellulose content, leaf area, leaf orientation, leaf type, leaf length-width ratio, lignin content, C/N ratio,
rooting type, woodiness and clonal strategy. Functional groups seem to
make sense ecologically, and the six groups can be broadly described as:
(1) woody species with small simple leaves with medium surface area
and medium cellulose content, (2) woody species with larger simple
leaves with smaller surface area and low cellulose content, (3) ferns;
with pinnatiﬁd leaves (low leaf area), and low cellulose content, (4) less
woody species with no true leaves, and medium cellulose content, (5),
herbaceous species (non-woody) with long broad leaves (high area) but
low cellulose content, and (6) herbaceous species (non-woody) with
long broad leaves (high area) but high cellulose content. The two most
important PFTs: cellulose content and leaf area, correspond well with

Table 2
Confusion matrix displaying the spectral separability of functional groups. The numbers
in the matrix represent number of species.

Spectral group

30

1

2

1

2

2

2

2

2

Functional

3

1

1

group

4

2

5

1

6

1

3

4

5

6

1

1

1

1
1

1
2
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Table 3
The M-Statistic for ﬁve sections of the spectrum for comparisons between each of the six functional groups of South African wetland species. A value of M < 1 signiﬁes that the
histograms signiﬁcantly overlap and the ability to discriminate the two regions is poor, whereas a value of M > 1 (highlighted in table) signiﬁes that there is little overlap and the ability
to discriminate the two regions is good.

Functional

UV-A

Visible

NIR

SWIR

Total

group

(350–400 nm)

(400–700 nm)

(700–1000 nm)

(1000–2349 nm)

(350–2349 nm)

FG1-2
FG2-3
FG3-4
FG4-5
FG5-6
FG1-3
FG1-4
FG1-5
FG1-6
FG2-4
FG2-5
FG2-6
FG3-5
FG3-6
FG4-6

0.61
1.70
2.20
0.91
3.10
2.30
0.09
1.05
4.50
0.65
1.56
5.00
2.96
6.28
4.17

0.32
0.47
0.33
0.63
0.12
0.18
0.17
0.82
0.96
0.14
0.53
0.66
0.92
1.06
0.77

0.07
0.21
0.21
0.30
0.37
0.14
0.07
0.22
0.56
0.01
0.30
0.65
0.06
0.40
0.65

0.04
0.04
0.07
0.13
0.02
0.00
0.07
0.20
0.21
0.03
0.16
0.17
0.19
0.20
0.15

0.02
0.01
0.02
0.12
0.05
0.01
0.04
0.15
0.20
0.01
0.13
0.18
0.13
0.18
0.17

Table 4
The M-Statistic for ﬁve sections of the spectrum for comparisons between each of the 22 South African wetland species. A value of M < 1 signiﬁes that the histograms signiﬁcantly
overlap and the ability to discriminate the two species is poor, whereas a value of M > 1 (highlighted in table) signiﬁes that there is little overlap and the ability to discriminate the two
species is good. In each case the species listed was compared with all other species together.

Species

UV-A (350–
400 nm)

Visible (400–
700 nm)

NIR (700–
1000 nm)

SWIR (1000–
2349 nm)

Total (350–
2349 nm)
0.10

Acacia mearnsii

2.40

0.16

0.44

0.10

Carpha glomerata

0.83

0.07

0.24

0.09

0.08

Cliffortia odorata

1.25

0.04

0.45

0.14

0.13

Cliffortia strobilifera

0.19

0.45

0.50

0.20

0.17

Cyperus thunbergii

1.58

0.50

0.22

0.13

0.11

Elegia asperiflora

0.48

0.52

0.27

0.21

0.15

Epischoenus gracilis

1.46

0.13

0.44

0.21

0.17

Helichrysum
helianthemifolium

0.03

0.07

0.42

0.04

0.02

Helichrysum
odoratissimum

1.14

0.15

0.81

0.22

0.20

Isolepis prolifera

0.60

0.31

0.35

0.26

0.18

Juncus lomatophyllus

1.37

0.29

0.61

0.19

0.18

Laurembergia repens

4.67

0.86

1.11

0.43

0.38

Psoralea aphylla

2.25

0.07

0.34

0.03

0.05

Pteridium aquilinum

4.42

0.75

0.04

0.14

0.10

Pennisetum macrourum

0.78

0.90

0.63

0.39

0.30

Psoralea pinnata

3.44

1.09

0.96

0.33

0.31

Prionium serratum

6.20

0.97

0.93

0.29

0.28

Restio paniculatus

3.15

0.85

0.38

0.07

0.02

Rubus fruticosus

3.99

0.68

0.27

0.04

0.04

Searsia angustifolia

2.17

0.52

0.12

0.08

0.07

Todea barbara

1.43

0.37

-0.15

0.03

0.01

Wachendorfia thyrsiflora

4.70

0.78

0.63

0.17

0.18

4. Discussion

According to the calculated spectral separability index (M-Statistic),
most of the functional groups are best discriminated in the UV-A part of
the spectrum (Table 3). The only exception is functional group 3 (ferns)
and 6 (broad-leaved species) which are additionally separable using the
visible part of the spectrum. Only two of the functional groups were
problematic to separate, and these were functional groups 1 and 4.
Sixteen out of the 22 species were highly spectrally distinguishable,
mainly in the UV-A part of the spectrum (Table 4). Only three species
were a challenge to discriminate from the rest: Cliﬀortia strobilifera,
Elegia asperiﬂora, and Helichrysum helianthemifolium. Laurembergia repens was additionally spectrally distinct from the other species in the
NIR part of the spectrum, and Psoralea pinnata in the visible.

Clear relationships were established between wet-material reﬂectance spectra and certain PFTs of 22 dominant South African wetland species, both herbaceous and woody. These relationships are relatively strong considering that reﬂectance spectra and PFTs were
measured on diﬀerent specimens, suggesting that using reﬂectance
spectra to characterise PFTs in these systems is feasible. This presents
signiﬁcant opportunities for PFT prediction or mapping in these wetland systems, using imaging spectroscopy or hyperspectral remote
sensing techniques.
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such as SLA, but stronger relationships for particular biochemical traits,
such as leaf nitrogen content. In contrast, LDMC, which we did not
measure, was found to be well predicted from reﬂectance and transmittance spectra (Roelofsen et al., 2014). Since our study, as well as
Roelofsen et al. (2014), also only measured leaf/stem spectra, the lack
of 3D information in our spectral measurements may be a cause for the
weak relationships found between spectra (particularly in the NIR) and
certain morphological traits relating to plant size or growth form, such
as biomass, stem diameter and plant height (Ali et al., 2015; Ross,
1981).
Leaf reﬂectance for forest (top of canopy) species however, were
strongly related to morphological traits. For example SLA, or its inverse
(leaf mass per area), were well predicted by reﬂectance spectra for
forest species, with the correlation co-eﬃcient ranging from 0.79 to
0.91 (Asner et al., 2011; Asner and Martin, 2009; Asner and Martin,
2008; Serbin et al., 2014). For carbon containing compounds, such as
cellulose, lignin and photosynthetic pigments, Asner et al. (2011) were
able to successfully project leaf spectra to the canopy level. This suggests that it may well be possible to map these traits at an ecosystem
scale using remote-sensing techniques. Scaling-up these relationships
from leaf level measurements to canopy level, using airborne or satellite
sensors, is known to present challenges (Asner and Martin, 2008; Li
et al., 2014), particularly in wetlands (Adam et al., 2010). This is largely due to the typically high species richness, spatial heterogeneity
(leading to background contamination) and complex 3D canopy structure of wetlands (Adam et al., 2010; Silva et al., 2008). It is also a
challenge to ﬁnd a sensor that covers the necessary area, but has high
enough spectral, spatial and temporal resolutions (Adam et al., 2010).
However, palmiet wetlands may be an ideal study ecosystem for this,
due to their small size and low spatial heterogeneity (dominated mainly
by dense stands of one species, P. serratum).
This study investigated relatively few plant species (22) relative to
previous studies (e.g. 35 in Roelofsen et al. (2014) and hundreds of
samples in other studies (Asner et al., 2011; Serbin et al., 2014)). The
reason for this low number of species is the high level of monospeciﬁc
dominance in these wetland communities. A low number of species
limits the power of the PLSR models, therefore in more diverse systems
including more species may reveal more clear relationships. Overall our
results suggest that it may be possible to use spectroscopic methods to
quantify certain PFTs, including certain morphological traits (leaf area),
structural components (lignin, cellulose) and nutrients (C/N ratio) in
South African wetlands, based on information from dominant species.
However it is also possible that species, or functional groups, should be
distinguishable within wetland communities, based on the ﬁndings that
certain PFTs are related to reﬂectance spectra, despite intra-speciﬁc
variation.

4.1. Relationships between leaf traits and spectra
There was some commonality between the results of the three approaches used to explore PFT/reﬂectance relationships: regressions,
RDA and PLSR. However, no PFT was found to be consistently related to
reﬂectance spectra in all three analyses. Of the ten traits found to be
relatable to the spectrum, ﬁve were morphological (total biomass, leaf
length/width ratio, speciﬁc leaf area, leaf dry mass, leaf area) and ﬁve
biochemical (leaf C/N ratio, cellulose concentration, cellulose content,
lignin concentration, lignin content). Seven PFTs were found to relate
to the spectrum in at least two independent analyses: four morphological traits (leaf length/width ratio, speciﬁc leaf area, leaf dry mass, leaf
area) and three biochemical traits (cellulose content, lignin concentration and lignin content).
Leaf area was strongly, positively correlated with reﬂectance
spectra, though according to the regression results the entire spectrum
was important – no particular region stood out. Speciﬁc leaf area was
found to be an important PFT by the RDA and PLSR methods. For the
RDA, SLA showed a weak negative relationship with reﬂectance
spectra, especially in the NIR region, whereas for the PLSR, SLA was
reasonably well predicted by the UV-A part of the spectrum. Other
studies, for example on aquatic and wetland plants, have shown SLA to
be strongly positively correlated with reﬂectance spectra (Klančnik
et al., 2014a, Klančnik et al., 2015b). One possible reason for this weak
relationship between SLA and reﬂectance spectra in the NIR region
could be the loss of 3D information as a result of our measurement setup (Ali et al., 2015; Ross, 1981). On the other hand, other studies have
successfully found relationships between spectra and traits such as SLA
and LDMC using only leaf level spectra, without any information on
plant architecture/canopy structure (Ali et al., 2015).
Structural components, lignin and cellulose content, were also
shown to be important by two analyses (the regressions and PLSR),
corresponding especially with the NIR portion of the spectrum. A study
on northern temperate and boreal tree species identiﬁed lignin and
cellulose to be PFTs that scale well in reﬂectance-trait models (leaf to
canopy scale (Serbin et al., 2014)). Three other PFTs were also found to
be important by two of the three analyses: leaf mass, leaf length/width
ratio, and lignin concentration. Another three PFTs were found to be
important by only one of the three analyses: total biomass, cellulose
concentration and the C/N ratio. Overall the RDA analysis suggests that
there is a large fraction (over half) of the variation in the spectra not
explained by the PFTs measured in this study. This has implications for
future ecological studies with remote-sensing application: important
PFTs to measure may include photosynthetic pigments, or correlates,
such as leaf thickness. There have been several studies investigating the
importance of biochemical leaf traits in explaining reﬂectance spectra
speciﬁcally. These studies suggest that chlorophyll a and b, together
with SLA account for most of the spectral variability in aquatic plants
(Klančnik et al., 2014a), as well as trichome length, leaf mass and anthocyanin content per dry mass (Klančnik et al., 2012). For wetland
species, total mesophyll and spongy tissue thickness were found to be
important as well as leaf prickle hair properties and epidermal thickness
for monocots, and leaf thickness and SLA for dicots (Klančnik and
Gaberšcik, 2016). Other factors such as epiphyton and siliciﬁed structures were also shown to aﬀect reﬂectance spectra in macrophytes
(Klančnik et al., 2014b; Klančnik et al., 2015a).

4.3. Applications for using PFT-reﬂectance spectra relationships to map
ecosystem service hotspots
It appears feasible to discriminate dominant South African wetland
species using reﬂectance spectra. It appears equally possible to discriminate functional groups, which has interesting implications for
mapping PFTs, as well as related ecosystem functions and services (Díaz
et al., 2007; Lavorel et al., 2011). It has been noted that the way
functional groups are deﬁned inﬂuences discrimination success (Harris
et al., 2015). Therefore if PFTs that explain more of the variation in the
spectra are measured (i.e. optical traits; Ustin and Gamon (2010)),
functional groups may be diﬀerent, and more easily discriminable. Most
of the discrimination power was found to be in the ultraviolet A part of
the reﬂectance spectrum, suggesting that spectral diﬀerences between
functional groups/species are due to mechanisms for sun protection,
diﬀerences in ﬂavonoid concentrations, or diﬀerences in electron
transport during photosynthesis (Kolb et al., 2001; Stirbet and Strasser,
1996). Speciﬁcally for ecosystem service mapping in wetlands using
remote sensing techniques, the PFTs typically measured in the ﬁeld in

4.2. Predicting leaf traits from spectra
Overall biochemical traits were more successfully predicted from
reﬂectance spectra than morphological traits. Expressing biochemical
parameters per leaf mass (content rather than concentration) improved
its predictive ability from the reﬂectance spectrum, similar to ﬁndings
of another study with expressing foliar nutrients per leaf area
(Roelofsen et al., 2014). Measuring only leaf spectra, they found weak
relationships between morphological properties of herbaceous species,
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standard ecological studies should be reviewed.
In this study, the key predictors driving functional groups in South
African wetlands were morphological (e.g. leaf area) and biochemical
(e.g. cellulose content) and even included root traits (e.g. root type).
These PFTs relate to various ecosystem functions, and ultimately inﬂuence ecosystem service provision (Table S2). For example at the
community scale, morphological traits such as stem diameter, biomass,
leaf-length/width ratio, as well as relative amounts of Si, cellulose and
lignin in plant tissues would aﬀect ﬂow dynamics within the wetland;
vegetation diﬀerentially increasing channel roughness by resisting
water during high ﬂow events (Moor et al., 2017; Schoelynck et al.,
2010). This would ultimately impact the ecosystem services water
regulation (ﬂood attenuation) as well as soil retention (erosion control).
Another key example is the eﬀect of biochemical traits such as C/N
concentration, cellulose, lignin and Si content as well as SLA on decomposition within wetlands (Kokaly et al., 2009), which in turn differentially aﬀect ecosystem services such as climate regulation, soil
quality and water puriﬁcation (Moor et al., 2017).
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5. Conclusion
This research on 22 dominant South African wetland species suggests that it is possible to discriminate functional groups, and even
species, based on their reﬂectance spectra, with reasonable accuracy.
This provides an opportunity for further research to build upon these
ﬁndings to attempt to use such functional groups to map ecosystem
processes, or even services, in wetlands.
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