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Lantana Camara L. (LC) invasive species has not been successfully mapped due to inadequate spectral infor-
mation. This study aimed at assessing the performance of leaf-level in-situ hyperspectral data and derived indices
in discriminating LC among co-occurring species during the dry and wet seasons. In addition, the performance of
simulated Sentinel-2 bands, Sentinel-2 derived indices and machine learning algorithms in discriminating it was
explored. Spectrally distinct features for species discrimination were selected using the guided regularized
random forest (GRRF) and their separability quantified with Jeffries—Matusita distance method. We found that
ratio-based and difference indices constructed with first and second-order derivative hyperspectral reflectance
wavelengths perfectly separated LC from co-occurring species in the dry and wet seasons with > 97% of sepa-
rability accuracy. Similarly, a set of derived ratio-based and difference Sentinel-2 indices yielded > 95% and <
80% of LC separability accuracy in wet and dry seasons respectively. The SVM with radial basis function al-
gorithm fitted with selected continuum removed derivative reflectance (band depth) narrow-bands yielded the
highest overall accuracy (OA) of 84% and a Kappa of 0.75 for the dry season while the same algorithm fitted with
selected first derivative narrow-bands yielded an OA of 82% and Kappa of 0.66 for the wet season. Conversely,
the regularized logistic regression yielded the highest performance (OA of 77% and Kappa of 0.62) when fitted
with combined selected Sentinel-2 variables for the dry season while the gradient boosting machine (GBM) fitted
with combined Sentinel-2 variables had the highest performance (OA of 75% and Kappa of 0.51) for the wet
season. These findings have important implications on the upscaling of LC’s derived leaf-level indices to canopy-
level and subsequent LC classification with hyperspectral and Sentinel-2 imagery datasets over heterogeneous
environments.

1. Introduction its allelopathic activity that lead to suppressed growth of other vegeta-

tion (Goncalves et al.,, 2014; Kandwal et al.,, 2009; Ruwanza and

Establishment of alien invasive species in a given habitat brings
changes to the prevailing plant community structures and compositions
(Kandwal et al., 2009). Lantana camara L. (LC) is one of the global alien
invasive species causing habitat transformations in the tropical and sub-
tropical regions where it has been introduced outside its native range of
central and northern South America (Shackleton et al., 2017; Taylor &
Kumar, 2014; Witt et al., 2018). Regional ecological studies have re-
ported on LC’s potential spread across habitats and its negative impacts
on local household livelihoods (Shackleton et al., 2017). It’s negative
impacts may also be exacerbated by changing climatic conditions, for
instance in Nyeri County, Kenya where it has potential to spread to new
habitats (Waititu et al., 2022). LC’s success as an invasive is attributed to

Shackleton, 2016). Forest ecosystems are particularly prone to LC in-
vasions especially in degraded parts where it can easily establish
(Kandwal et al., 2009; Kimothi and Dasari, 2010).

Institutions tasked with monitoring forest ecosystems still lack in-
formation on its absolute spatial distribution for effective management.
Mapping of the species can be done through remote sensing technology
which has become an indispensable tool for mapping of invasive species
since mid-1990 s (Huang and Asner, 2009). However, successful
detection of species of interest is often hindered by limitations in various
remote sensing datasets brought about by tradeoffs made between the
sensor resolutions and the ground image coverage (Bradley, 2014).
Successful mapping of plant functional types e.g., shrubland and
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grassland with medium resolution datasets such as those from Landsat 8
and Sentinel-2 has been achieved (Dube et al., 2020; Ngadze et al.,
2020). However, individual plant species separation may require use of
their unique spectral signature, textural and phenological characteristics
(Bradley, 2014). A high percentage cover of an individual species in an
image pixel guarantees its detection in medium resolution images
although species spectral uniqueness in relation to the surrounding in-
fluences how high the cover should be (Bradley, 2014). A number of
studies have reported the usefulness of hyperspectral datasets in species
discrimination. For example, GroRe-Stoltenberg et al. (2016) demon-
strated the ability to discriminate Acacia longifolia from other species in
a Mediterranean dune ecosystems using hyperspectral vegetation
indices calculated from field hyperspectral data, while Skowronek et al.
(2017) derived distribution maps of invasive bryophyte species, Cam-
pylopus introflexus using field hyperspectral data and airborne hyper-
spectral images. It is hypothesized that if a species has distinct
phenological phases than co-occurring vegetation, it may provide an
opportunity for successful detection (Bradley, 2014; Royimani et al.,
2019). Therefore, collection of seasonal hyperspectral data is recom-
mended since spectral response of plants is influenced by changes in
their biochemical and eco-physiological parameters during the seasons
(GroBe-Stoltenberg et al., 2016). As such, looking at plant’s leaves sea-
sonal spectral reflectance characteristics may provide a basis for their
discrimination from one another (Peng et al., 2019).

Although hyperspectral datasets possess high spectral detail for ob-
ject detection (Royimani et al., 2019) compared to multispectral data-
sets, hyperspectral imagery datasets are not yet freely available for large
scale mapping of invasive species (Ghamisi et al., 2017). Multispectral
imagery datasets such as those from Sentinel-2 sensor provide a global
coverage and requires no purchasing cost thereby becoming popular
alternatives for mapping and monitoring of invasive species e.g., LC
(Dube et al., 2020), Picea abies and Prosopis spp. (Ng et al., 2017), and
Rubus cuneifolius (Rajah et al., 2019). There are also many envisaged
synergies between Sentinel-2 and hyperspectral imagery products for
various applications since its bandwidths have been found to cover more
than half of the identified useful hyperspectral bands in various vege-
tation studies (Transon et al., 2018). A number of studies have utilized
field spectroscopy data and simulated Sentinel-2 bandwidths to retrieve
vegetation spectral characteristics for discrimination e.g., (Mudereri
et al., 2020) as well as specific plant biophysical parameters such as LAI
e.g., (Mananze et al., 2018). To broaden the limited knowledge of LC
detection and mapping, a similar approach can be applied.

As described in literature, successful retrieval of informative spectral
information for species discrimination e.g. that of LC, may involve use of
hyperspectral vegetation indices (HVIs) (Thenkabail et al., 2013), use of
continuum removal of reflectance spectra to enhance the absorptive
strengths in the visible range among vegetation types (Schmidt and
Skidmore, 2003), use of continuum removal derivative reflectance
(Mutanga & Skidmore, 2003) and use of derivative indices to detect
vegetation changes such as plants’ fluorescence emissions (Zarco-Tejada
et al.,, 2003). In addition, features that have the highest frequency of
being statistically different among species need to be selected (Abbasi
et al., 2020; Mureriwa et al., 2016; Prospere et al., 2014; Schmidt and
Skidmore, 2001). Selected spectral features are used as predictor vari-
ables in machine learning algorithms for improved species discrimina-
tion (Abbasi et al., 2020; GroBe-Stoltenberg et al., 2016; Mudereri et al.,
2020; Prospere et al., 2014).

Information on LC’s separability from other species is still very
limited especially within the East African region. An attempt to deter-
mine LC’s spectral response in a forest habitat was conducted in north-
eastern New South Wales, Australia by Taylor et al. (2012) where leaf-
level hyperspectral reflectance measurements were used to select
optimal wavelengths for LC detection as well as evaluating the perfor-
mance of selected bands in classifying LC with Hyperion imagery data-
sets. For the first time, our study is seeking to use leaf-level
hyperspectral measurements, transformed reflectance data, derived
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hyperspectral indices and derived Sentinel-2 spectral variables for LC
discrimination during the dry and wet seasons. To the best of our
knowledge, this approach to discriminating LC has not been examined.
The study is guided by three objectives: (a) To assess spectral discrimi-
nation of LC among co-occurring species using leaf-level in-situ hyper-
spectral data in dry and wet seasons, (b) To explore the potential of
simulated Sentinel-2 wavebands and derived indices in discriminating
LC among co-occurring species in both seasons, and (c) To explore the
potential of machine learning algorithms in LC discrimination using
spectrally significant hyperspectral and Sentinel-2 spectral variables.

2. Materials and methods
2.1. Study area and sampling design

The study was conducted in a one-hectare site located within Mur-
ingato forest in Nyeri county, Kenya (0° 24’ 12" S; 36° 56’ 25" E) (Fig. 1).
The site was identified through purposive sampling based on the
abundance of LC. It consists of a large patch of LC intermixed with
Neonotonia wightii (Wight & Arn.) J.A.Lackey (NW), Cucumis mader-
aspatanus L. (CM) and Ocimum gratissimum L. (OG) as identified in the
sampling locations. On the sampling site’s periphery, to the western and
southern direction, large trees including Croton macrostachyus, Cupressus
lusitanica Mill, and Eucalyptus spp. were noted but not sampled. LC, our
target species, was found in ~ 88% of the total sampled locations fol-
lowed by NW in ~ 28%, CM in ~ 15%, and OG in ~ 6%.

The site was delineated from Sentinel-2 imagery pixels that were
overlaid over the target area (Fig. 1). Five transect lines of 100 m long
oriented in an east — west direction and placed at 20 m systematic in-
tervals were used. The use of line-transect sampling ensured minimal
destruction of plant species on site as no plot was necessary to establish.
In addition, sampling along transect lines ensures capturing of small-
scale heterogeneity of the sampling site (Soubry and Guo, 2021). Pre-
defined sampling points’ locations along the transect lines were marked
on the ground at 8 m systematic intervals using real time kinematic GPS
receivers for subsequent in-situ individual plant leaves’ spectral reflec-
tance measurements. Placing sampling locations at an interval of 8 m
between them ensured that sampled plants leaves came from different
individual plants. Out of the 65 planned sampling locations, only 53
were sampled as some of them fell on bare ground and in inaccessible
locations.

2.2. In-situ hyperspectral reflectance measurement

In-situ leaf-level spectral reflectance measurements were collected on
27th August 2021 and 8th January 2022 during the dry and wet seasons
respectively. We applied a set of standard procedures in field spectros-
copy described in reviewed literature (GroBe-Stoltenberg et al., 2016;
Jiménez and Diaz-Delgado, 2015). Measurements were conducted be-
tween 10:00am and 03:00 pm under sunny conditions. Two portable
field spectroradiometers from Apogee Instruments, Inc (https://www.
apogeeinstruments.com) with 340 nm-820 nm and 635 nm-1100 nm
wavelength ranges were used for spectral reflectance measurements.
The instrument’s reflectance heads had a 25° field of view, a spectra
measurement interval of 1 nm and a wavelength resolution of 3 nm (full
width half maximum). At each sampling location, three to five mature
leaves were randomly selected by eye based on their overall appearance
at the upper canopy (i.e. between 0.05 m — 0.3 m from the top) of target
species, detached from the plant, placed on a black cardboard (Carter
and Knapp, 2001; Mureriwa et al., 2016) and their upper-side reflec-
tance measurements taken immediately with both spectroradiometers
at ~ 5-10 cm above the leaf (depending on leaf size) in a downward-
facing position. Leaves’ biochemical traits including nitrogen, chloro-
phyll (a, b), carbon and equivalent water thickness have been found to
vary across the different vertical canopy profiles and in turn influence
their spectral reflectance (Gara et al., 2018). We chose to analyze the
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Fig. 1. Site location and sampling layout design. The background image is a true color composite of Sentinel-2 bands 4, 3, and 2 with 10 m x 10 m pixel size acquired

on 13th January 2022.

spectra of sunlit top canopy leaves so as to allow for identification of key
wavebands for discrimination among the species leaf reflectance cor-
responding to the top canopy. Before spectral reflectance measurements,
the instrument was set to average three measurements of each leaf
before recording of the final reflectance measurement. The instruments
were regularly calibrated with a white reference panel (Diffuse reflec-
tance target — 99%R) for radiometric corrections during field measure-
ments since illumination conditions in the field change from time to
time. A measurement of dark reference using a black cap (provided with
the instrument) was taken to correct for internal spectroradiometer dark
current noise during calibrations (Jiménez and Diaz-Delgado, 2015).

2.3. Spectra data processing

2.3.1. Data preparation

Spectral reflectance data processing was done using the “hsdar” R
package (Lehnert et al., 2019) in R Statistical software (R Core Team,
2021). Steps taken in the processing and analysis of reflectance data are
illustrated in Fig. 2.

The raw spectra data were filtered using a Savitsky-Golay filter with
a length of 25 nm to eliminate random noise in the leaves’ spectral
response curves arising from lack of full control of the field measurement
environment (Prospere et al., 2014). In addition, since hyperspectral
sensors suffer from low signal to noise ratios, noise reduction from
measured high spectral resolution curves is a critical component (Leh-
nert et al., 2019). The Savitsky-Golay filter works by fitting a polynomial
function that eliminates small differences between neighboring bands
(mainly from measurement inaccuracy) (Lehnert et al., 2019). Spectral
reflectance narrow-bands below 400 nm and above 1050 nm were also
masked and excluded from subsequent analysis due to errors. Spectral
Angle Measure (SAM) (Dennison et al., 2004) and Spectral Information

Divergence (SID) (Chang, 1999) were used for spectra similarity analysis
to identify and remove outliers and by that obtain spectrally similar
species spectra necessary for choosing the best species discrimination
bands (Jiménez and Diaz-Delgado, 2015). Table 1 gives details of
sampled species.

2.3.2. Spectral reference datasets

Seven spectral reflectance datasets namely filtered (R), first deriva-
tive (D), second derivative (S), continuum removed reflectance - band
depth (CRR_bd), continuum removed reflectance - band depth ratio
(CRR_ratio), continuum removed derivative reflectance - band depth
(CRDR_bd), and continuum removed derivative reflectance - band depth
ratio (CRDR ratio) were created using the “hsdar” R package (Lehnert
et al., 2019). Differences in the sun’s illumination angles and conditions
on the plant materials only affect the reflectance but not the absorption
features which are enhanced through transforming spectra by
computing derivatives and continuum removal (Erudel et al., 2017;
Ferwerda and Skidmore, 2007). Continuum removal normalizes and
enhances location of individual absorption features (Clark and Roush,
1984). We calculated the continuum removal using a convex hull fitted
over the top of a spectrum, utilizing straight line segments that connect
local spectra maxima (Mutanga & Skidmore, 2003; Schmidt & Skid-
more, 2001). Continuum removed curves values range from zero to one
and shows the enhanced absorption pits.

2.4. Extraction of absorption features

Using “hsdar” package (Lehnert et al., 2019), individual absorption
features identified in Curran et al, (2001), Mutanga et al. (2005),
Mutanga and Skidmore (2004) and Peng et al. (2019) studies were
extracted from continuum removed spectra so as to ensure
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comparability of individual absorption features among study species as
suggested by Mutanga and Skidmore (2003). Individual absorption
features were isolated around their center wavelengths to ensure
comparability of their absorption character (Lehnert et al., 2019). The
size of the areas under the curve of the extracted individual absorption
features were extracted for assessment of species characteristics (Meyer
and Lehnert, 2018). Statistical differences of the size of absorption
features between paired species were determined with a Welch’s t-test
with a significance alpha level p = 0.05 and Bonferroni adjustments. We
tested the null hypothesis that there was no significant difference in the
means of area under the curve of specific absorption features of paired
species (p > 0.05) versus the alternative hypothesis that there were
statistically significant differences between the means of area under
curve of specific absorption features of paired species (p < 0.05).

2.5. Resampling of hyperspectral reflectance to Sentinel-2 sensor
wavebands

Using the spectralResampling” function in “hsdar” package, the
filtered spectra were resampled to simulate Sentinel-2 sensor wave-
bands. Simulation was achieved by using predefined spectral response

function of the Sentine-2 sensor (Lehnert et al., 2019). Sentinel-2
wavebands that covered the spectra data wavelength range (340 —
1100 nm) were resampled i.e. Sentinel-2 bands 1 to 9.

2.6. Calculation of hyperspectral and multispectral vegetation indices

Hyperspectral vegetation indices provided in “hsdar” package plus
additional hyperspectral indices given in Erudel et al. (2017), Liang
et al. (2016), and Mudereri et al. (2020) were computed using the
filtered spectra dataset. In addition, hyperspectral band ratio-based
indices namely simple ratio indices (SR), normalized difference ratio
indices (NRI), difference indices (D) and inverse difference indices (ID))
were constructed using GRRF selected narrow-bands and computed
using the formulas given in Table 2. Using selected bands ensured that
only spectrally distinct bands were considered in the ratio-based and
difference indices. Eighty-five Sentinel-2 vegetation indices (VIs)
selected from the online index database (https://www.indexdatabase.
de) were computed using the resampled Sentinel-2 bands. In addition,
all possible Sentinel-2 bands ratio-based and difference indices were
computed as in the case of hyperspectral indices described above.
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Table 1
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Description of study species and the number of sampled spectra for the dry and wet season. Letter (a) represents, 340 — 840 nm and (b), 635 — 1100 nm wavelength

ranges. Species photos were obtained during field survey.

Species  Functional Species photo wavelength range Season  No. of sampled No. of raw No. of spectra retained after
group (nm) locations spectra similarity test
LC Ornamental (a) dry 41 139 116
shrub (b) 41 139 116
(a) wet 47 216 210
(b) 47 219 212
NW Climbing herb (a) dry 15 66 55
(b) 14 64 56
(a) wet 15 75 75
(b) 15 75 75
CM Climber or (a) dry 10 44 33
trailer ®) 11 52 43
(a) wet 8 38 38
(b) 8 39 39
oG Perennial herb (a) dry 3 11 11
(b) 3 12 12
(a) wet 3 12 12
(b) 3 13 13
Table 2 2015). The method streamlines the backward elimination procedure for
able

New ratio-based and difference indices developed for LC discrimination among
other species (adopted from Song and Wang (2022)). ; and A; represent
reflectance wavelengths from respective spectral datasets described in section
2.3.2.

Type of index Formula
Difference Indices (D) M=
Simple Ratio Indices (SR) i/ N

Normalized Difference Ratio Indices (NRI)
Inverse Difference Indices (ID)

i =N/ i+ 2y)
A/ W-A/n

2.7. Selection of spectrally significant features

Unique spectral features were selected using the GRRF method
which was implemented in the “RRF” package (Deng, 2013) and R
statistical software. Although other feature selection methods exist in
literature, the GRRF method is able to identify features that produce
better performance in classification and regression tasks (Izquierdo-
Verdiguier and Zurita-Milla, 2020; Mureriwa et al., 2016). GRRF is
regarded as an enhanced regularized random forest (RRF) where rela-
tive importance scores from ordinary random forest (RF), the mean
decrease in Gini Index, is used to guide the feature selection process
(Deng and Runger, 2013). The advantage of using the mean decrease in
Gini Index is that, the statistic is non-parametric and assumes no theo-
retical parametric distribution (Cdnovas-Garcia and Alonso-Sarria,

determination of variable importance (Mureriwa et al., 2016) and
returns a set of uncorrelated and representative features (Izquierdo-
Verdiguier and Zurita-Milla, 2020; Mudereri et al., 2020). Moreover,
GRRF does not require a priori features to be selected or setting of a
threshold of feature importance, but rather, make use of a regularization
parameter for feature selection (Izquierdo-Verdiguier and Zurita-Milla,
2020). The regularization parameter (coefReg) depends on the
normalized RF feature importance scores (impRF) and a gamma value
(regularization constant) as indicated in equation (1) (normalizing RF
feature importance score) and equation (2) (weighted average of
normalized feature importance score).

imp = impRF | (max(impRF)) @

coefReg = (1 — gamma) + gamma*imp 2

Selected gamma values in equation (2) vary between 0 and 1. If
values closer to 1 are chosen, higher penalties are executed leading to
few features being selected and vice versa. Gamma values chosen in our
feature selections varied between 0.5 and 1 so as to ensure at least two or
more (n > 2) features were selected for every spectral reference dataset.

2.8. Species separability analysis

The degree of interclass spectral differences associated with GRRF
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selected features were quantified using Jeffries-Matusita (J-M) distance
index (Adam and Mutanga, 2009; Canovas-Garcia and Alonso-Sarria,
2015; Vaiphasa et al., 2005). The J-M distance between a pair of prob-
ability functions measures the average distance between the two class
density functions (Schmidt and Skidmore, 2003). The J-M distance
values for both single-band and multi-band spectra were computed
using the “spectral.separability” function of the “spatialEco” R package
developed by Evans and Murphy (2021). The function calculates the JM
distance using equations (3) and (4).

IM;; = sqrt(Zx(l - e’BH"’)) 3)

1 -1 1 cov; + covj) /2
BH;; = g(ﬂi —Hj)T(CUVFI - "0";1) (i =) 5l (M)

2covicov;

fom

i

4

where JM;; is the J-M distance between spectra bands i and j. BH;; is the
Bhattacharyya distance between i and j, which was calculated using the
mean (y;) and covariance (cov;) of the selected band spectra.

The J-M distance values range from 0 as the lower bound and /2
(~1.414) as the upper bound. The upper bound value of ~ 1.414 implies
complete separability between class pairs i.e. 100% separability accu-
racy and while decreasing J-M values towards 0 implies diminishing
separability (Adam and Mutanga, 2009; Ouyang et al., 2013). The J-M
distance value tends to saturate when optimal number of spectral fea-
tures has been achieved (Adam and Mutanga, 2009; Dalponte et al.,
2013). We used a J-M distance value of > 1.3718 (i.e. > 97% separa-
bility accuracy) suggested by Adam & Mutanga (2009) to indicate a
perfect separability between species class pairs.

2.9. Species discrimination using machine learning algorithms

Five machine learning algorithms namely gradient boosting machine
(GBM) (Greenwell et al., 2020), RF (Liaw and Wiener, 2002), SVM with
radial basis function kernel (SVMRadial) (Karatzoglou et al., 2022),
SVM with linear kernel (SVMLinear) (Karatzoglou et al., 2022), and
regularized logistic regression (regLogistic) (Helleputte, 2021) were
used for species classification. GRRF selected features were used as
predictor variables instead of all of the original variables. Doing so has
been shown to improve species classification accuracies (Izquierdo-
Verdiguier and Zurita-Milla, 2020; Pal and Foody, 2010). Machine
learning classification models were built using “caret” Package (Kuhn,
2008) and R statistical software. We used a 10-fold cross-validation
repeated 5 times, scaled and centered predictor variables prior to
model fitting and used a tune length of 10 to determine model hyper-
parameters. Other than these parameters, the rest of tuning parame-
ters were retained for all algorithms as provided in the caret package
(Kuhn, 2020). All models were fitted using the same set of training
spectra dataset (70%) and evaluated using the remaining (30%) spectra
dataset. These two sets of balanced spectra datasets were generated
randomly within each class using the “createDataPartition” function of
“caret” package (Kuhn, 2020). The random seed number used for the
dataset partition was also used for model fitting so as to facilitate model
performance comparison. Model performances were assessed with
boxplots of overall accuracy (OA) and Kappa statistics. Kappa statistics
was appropriate for our imbalance multi class datasets (Kuhn, 2008) and
its values were interpreted using a classification scheme provided by
Landis and Koch (1977). We assessed whether there were significant
differences in performance of machine learning models at 95% confi-
dence interval using McNemar’s test (Foody, 2004). McNemar’s test was
appropriate since the spectra data used to build machine learning clas-
sification models did not follow any specific distribution and that clas-
sification models were based on similar data samples (Ramezan et al.,
2019). The test was implemented in R software by first creating a con-
tingency table from extracted class instance predictions of the 30% test
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dataset per classification model using the “extractPredictions” function in
hsdar package. Contingency table was in the form described in Table 3.

3. Results
3.1. Species spectral response

The species mean spectral reflectance curves are given in Figs. 3 and
4. Other than the OG species curves that showed higher reflectance
magnitude in the dry season and lower magnitude in the wet season, the
rest of the species curves were relatively similar. The species reflectance
curves peak in the green-red region (~550 nm) of the spectrum corre-
sponded to the resampled Sentinel-2 band 3 (green) and the depression
at ~ 680 nm corresponds to Sentinel-2 band 4 (red) and Sentinel-2 band
5 (Red-edge 1). Reflectance values near ~ 680 nm depression showed
distinct variations among the four species during the wet season with the
lowest reflectance magnitude being for OG while the highest for NW.
These variations in the species reflectance magnitudes during the wet
conditions were also consistent in the blue region (Fig. 4a) and the
green-red region (Fig. 4b). The spectral reflectance gradients in the red-
edge region among the species were not visually different for the wet
season although a slight difference in the OG curve was noted (Fig. 4c).

3.2. Characteristics of absorption features

Results of significance test of size of absorption features between
species are shown in Figs. 5 and 6. In the dry season, area of absorption
features located in the blue region related to chlorophyll absorption
were significantly different between pairs of OG vs (LC, NW, CM). Area
of absorption features in the green to red-edge regions (495 — 750 nm)
were not significantly different between species in the dry season.
However, there were significant differences in size of absorption fea-
tures between LC vs (NW, CM, OG) in the longer wavelength of red-edge
(760 — 800 nm; related to cell structure reflectance peak) and in the NIR
region (980 — 1000 nm; related to starch content). In the wet season, the
absorption feature located in the NIR region (980 — 1000 nm) was
significantly different for LC vs (NW, CM, OG). Significant absorption
features between LC vs NW were located across the visible (VIS) to NIR
wavelength ranges while those for LC vs CM were located only in the
NIR region. LC vs OG significant absorption features were located in the
red and NIR regions. Areas of absorption features between NW vs OG
were significantly different in the red and red-edge regions while for CM
vs OG were located in the blue and red regions. Significant absorption
features between CM vs NW were located in the blue, green and NIR
regions.

3.3. GRRF selected features

3.3.1. Narrow-bands

A graphical representation of selected narrow-bands for discrimi-
nating among the study species is shown in Fig. 7. Most of these bands
occurred in the VIS wavelength region, a region well known for plant
foliar pigment absorption. However, few narrow-bands appeared in the

Table 3
Contingency table format for McNemar’s significance test.

Classifier model 2 (e.g., RF)

Allocation Correct Incorrect
Classifier Model 1 (e.g., GBM) Correct True/True True/False
Incorrect False/True False/False

Where, True/True is the count of test instances that model 1 and model 2 pre-
dicted correct, True/False is the count of instances that model 1 predicted cor-
rect but model 2 predicted incorrect, False/True is the count of instances that
model 1 predicted incorrect but model 2 predicted correct and False/False is the
count of instances that both models predicted incorrect.
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Fig. 3. Transformed spectral reflectance curves for the (a) dry season and (b)wet season.

blue region. Majority of the bands in the dry season were within the red
and red-edge regions while in the wet season, were within the green and
red-edge regions.

3.3.2. Hyperspectral vegetation indices

Out of 171 computed hyperspectral vegetation indices, 4 were
selected for dry season and 7 for wet season. These indices were those
related to various plant biophysical and biochemical parameters such as
chlorophyll; red-edge inflection point (mREIP) and canopy chlorophyll
Index (CCI), chlorophyll fluorescence variations; derivative indices
(D2), curvature index (CI), photochemical reflectance index (PRI) and
curvature index 2 (CI2), leaf water; normalized difference between
maxima of first derivatives of reflectance at dRE (red edge) and dG
(green) regions (EGFN) and plant reflectance water index (PWI), and
plant stress; double peak index (DPI). A total of 113 and 102 hyper-
spectral ratio-based and difference indices were also selected for the dry
and wet seasons respectively. Ratio-based and difference indices

constructed with transformed narrow-bands featured prominently
among the ones with the highest variable importance in both seasons
(Fig. 8).

3.3.3. Sentinel-2 multispectral features

Three of the multispectral bands, bands 2, 3, and 4 were selected in
both seasons while bands 5, 6 and 8A were selected in the dry season and
bands 5, and 7 in the wet season. Out of 85 Sentinel-2 vegetation indices,
12 were selected in the dry season and 8 in the wet season. From a total
of 120 possible Sentinel-2 bands ratio and difference indices, 35 were
selected as the most important for the dry season and 40 for the wet
season.

3.4. Separability analysis

Results of spectral separability analysis of class pairs are shown in
Table 4. Indices selected for classes separability were exclusively from
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Fig. 4. Spectral reflectance curves of the study species in (a) the blue region (400-500 nm); (b) green-red region (500-700 nm); (c) red-edge region (680-750 nm);
and (d) NIR (750-1100 nm). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

the newly developed hyperspectral ratio-based and difference indices.
These indices consisted of the ones constructed with first and second
derivative bands located in green, red and red-edge regions. Perfect
separability of class pairs in the wet season was achieved after combi-
nation of two or more best performing spectral variables. Narrow-bands
located in the green and red-edge regions contributed more to the
separability of LC vs NW, CM and OG in both seasons. The red region
contributed only to the separation of LC vs CM in the dry season. Sep-
aration of LC vs OG required indices combining narrow-bands in NIR,
green, red-edge and the blue regions. In addition, separation of LC vs
NW and LC vs OG class pairs involved indices combining green, red-
edge, blue and NIR region bands in the wet season.

Results of class separability analysis with Sentinel-2 variables for
both seasons are shown in Table 5. The variables yielded perfect sepa-
rability accuracy (>97%) for the class pairs LC vs OG, NW vs OG and CM
vs OG. Although the class pairs LC vs NW, LC vs CM and NW vs CM were
not perfectly separable in both seasons, separability accuracy of these

classes in the wet season had better separability (>90%) than in the dry
season (<85%).

3.5. Species discrimination using machine learning algorithms

Based on the overall accuracy (OA) and Kappa values, the best per-
forming model was the SVMRadial model fitted with selected CRDR_bd
narrow-bands (OA of 84% and Kappa of 0.75) using the dry season
dataset while the same algorithm fitted with selected first derivative
narrow-bands had an OA of 82% and Kappa of 0.66 using the wet season
dataset (Fig. 9a, b). The regLogistic model fitted with a combination of
all selected Sentinel-2 variables yielded the highest performance (OA of
77% and Kappa of 0.62) followed by SVMRadial model fitted with
selected inverse difference indices (OA of 72% and Kappa of 0.49) and
selected normalized difference ratio indices (OA of 69% and Kappa of
0.47) using the dry season datasets (Fig. 9c). The GBM model fitted with
combined selected Sentinel-2 variables had the highest performance in
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Fig. 5. Significance test of the size of absorption features between species in the dry season.

the wet season (OA of 75% and Kappa of 0.51) followed by GBM model
fitted with selected Sentinel-2 normalized ratio difference indices (OA =
74%, Kappa = 0.49) and GBM model fitted with selected Sentinel-2
simple ratio indices (OA = 73%, Kappa = 0.48) (Fig. 9¢c).

Individual class producer’s accuracy (PA) and user’s accuracy (UA)

shown in Tables 6, indicated that LC class had the highest PA and UA of
> 80% in both seasons. The CM class performed better in the dry season
(PA:67%, UA:86%) while NW class performed better in the wet season
(PA:82%, UA:78%). Although, OG’s class UA in the dry season was
100%, both errors of omission and commission were 100% regardless of
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Fig. 6. Significance test of the size of absorption features between species for the wet season.

the classifier used for the wet season.

Performance comparison of paired machine learning algorithms
using test hyperspectral datasets showed that all models were not
significantly different (p > 0.05) from each other except for the
SVMRadial vs RF using CRDR_bd narrow-bands (p < 0.05) in the dry

10

season and GBM vs regLogistic using combined Sentinel-2 variables in

the dry season (Table 7).
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Fig. 7. Graphical representation of selected narrow-bands for the dry season (a) and for the wet season (b) divided into wavelength ranges: blue (400-495 nm), green
(495 - 600 nm), red (600 — 680 nm), shorter wavelength of red-edge (680 — 750 nm), longer wavelength of red-edge (750 — 780 nm) and the NIR (780 — 1100 nm).
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

4. Discussion

A number of studies have successfully demonstrated the use of
spectral signatures in discriminating vegetation species (Erudel et al.,
2017; GroBe-Stoltenberg et al., 2016; Prospere et al., 2014; Schmidt and
Skidmore, 2001). Usually, where plants’ spectral signatures show
considerable differences, discrimination among them is possible (Jain
and Singh, 2003). In other words, species discrimination is realized
where spectral variations between species is greater than that within
species (Erudel et al., 2017; Prospere et al., 2014; Schmidt and Skid-
more, 2001).

In our current study, we have identified potential spectrally signifi-
cant features for discriminating LC from co-occurring species using in-
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situ leaf-level hyperspectral datasets and resampled Sentinel-2 multi-
spectral datasets.

4.1. Absorption features

The results of absorption features indicating significant differences
between LC vs (NW, CM, OG) in the NIR region (980 — 1000 nm; related
to starch content) and in the longer wavelength of red-edge (760 — 800
nm; related to cell structure reflectance peak) indicate possible differ-
ences of the arrangement of cells within the LC mesophyll layer versus
other species layers (Ollinger, 2011).

The chlorophyll absorption around 470 nm (Curran et al., 2001)
explains the significant differences of the absorption features in the blue
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Fig. 8. Hyperspectral ratio-based and difference indices with the highest variable importance score for the dry (a) and wet season (b). The y axis shows hyperspectral
bands i and j substituted in the ratio-based and difference indices formulas e.g. in R (1046, 1038), band i is 1046 and band j is 1038_R, filtered reflectance; D, first
derivative reflectance; S, second derivative reflectance; crr, continuum removed reflectance; crdr, continuum removed derivative reflectance; bd, band depth; ratio,

band depth ratio.

region between OG vs (LC, NW, CM) in dry season. Low chlorophyll in
leaves translates to high reflectance in the blue and the red regions and
vice versa. The influence of water content in the leaf’s spectra measured
in wet season is revealed in the identified significant absorption features
in the green and red wavelength regions. Wavelengths near green peak
(~550 nm) and red-edge (~730 nm) are correlated with leaves water
content (Ng et al., 2007).

4.2. GRREF selected features

The spectral differences are usually as a result of varying leaf
structural parameters e.g. leaf thickness, leaf pigment content and
macronutrient content. Most of the selected spectrally significant
hyperspectral bands are particularly in the green and red-edge regions
for the wet season and in the red and red-edge regions for the dry season.
Although no leaf biochemical properties were determined in this study,
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it is likely that selected significant wavelengths were as a result of var-
iations of leaf macronutrient contents e.g. nitrogen and other leaf
properties such as chlorophyll content and water content among the
study species. Mutanga et al. (2004) indicated that there is a direct
relationship between absorption bands in the visible region and the ni-
trogen content in the leaves. The red-edge region is considered impor-
tant in calculating vegetation indices for vegetation studies (Mudereri
et al., 2020; Odindi et al., 2016). Furthermore, the characteristic of red-
edge region is said to be related to canopy biomass or LAIL and leaf
chlorophyll content (Mutanga & Skidmore, 2004).

4.3. Separability analysis

Significantly different spectral variables selected as potential can-
didates to discriminate among species are not necessarily variables that
maximize the classification between species class pairs (Schmidt &
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Spectral variables maximizing separability between species class pairs for the dry and wet seasons. Hyperspectral variables highlighted in bold were among those with

highest variable importance shown in Fig. 8.

Class pair Index type Formula of hyperspectral variable Wavelength region J-M value Separability accuracy (%) Season

LC vs NW NRI S701 —Ss20/S701 + Ss29 Green, Red-Edge 1.4000 99.00 Dry
D 1/Dego —1/Dss7 Green, Red-Edge 1.3905 98.33 Wet
D 1/Daso —1/D792 Blue, NIR

LC vs CM SR Ds37/Degs Green, Red 1.3955 98.68 Dry
D 1/D737 —1/Degs Red-Edge, Red
NRI Ds37 —Degs /Ds37 + Dees Green, Red
ID 1/Deso —1/Dss7 Green, Red-Edge 1.3820 97.72 Wet
D 1/Ds3s —1/Degz Green, Red-Edge
ID 1/Dg9o —1/Dsos Green, Red-Edge

LC vs OG Band CRR_ratiog)2 NIR 1.4142 100.00 Dry
NRI D795 —D460 /D792 + Daeo Blue, NIR 1.3846 97.90 Wet
SR S704/Ss35 Green, Red-Edge

NW vs CM NRI 8701 —Ss520/S701 + Ss29 Green, Red-Edge 1.4098 99.68 Dry
NRI Dss7 —Dos2 /Dss7 + Dosa Green, NIR 1.3846 97.87 Wet
NRI Se602 —Ss75/S602 + Ss75 Green, Red
D 1/Daso —1/D792 Blue, NIR
NRI S510 —S704/S510 + S704 Green, Red-Edge

NW vs OG NRI S701 —Ss20/S701 + Ss29 Green, Red-Edge 1.4020 99.14 Dry
NRI D793 —D4e0 /D792 + Daco Blue, NIR 1.3844 97.89 Wet
NRI Dysy —D764/Dosz + D7ea Red Edge, NIR

CM vs OG Band CRR _ratiog) 2 NIR 1.4142 100.00 Dry
NRI S792 —S460/S792 + Saso Blue, NIR 1.3864 98.03 Wet
NRI Sos2 —S764/Sos2 + S764 Red Edge, NIR

Table 5

Separability accuracies between class pairs using Sentinel-2 spectral variables.

Values in bold indicate separability accuracy of > 97%.

Season  Index type Sentinel-2 predictor variables Wavelength region Class pair J-M value and Separability accuracy (%)
Dry NRI band, —bands /bands + bands Red, Green LC vs NW 1.1029 (77.99%)
NRI bandg —bandg /bands + bandg Red-Edge_2, NIR LC vs CM 1.1200 (79.19%)
SR bands /band, Red, Green LC vs OG 1.4139 (99.98%)
SR band; /bands Red-Edge_2, Red-Edge_3 NW vs CM 1.1202 (79.21%)
D band, —bands Red, Green NW vs OG 1.4130 (99.92%)
D bandg —bands Red-Edge_2, NIR CM vs OG 1.4127 (99.89%)
D 1/bands —1 /bande Red-Edge_2, NIR
D 1/bands —1 /bandsa Nir, Narrow Nir
MCARI/MTVI2 (Za.nds) ((bands — bandy) — 0.2(bands — bands) ) Green, Red, Red-Edge_1, NIR
andy
1 1.2(bandg — bands) — 2.5(band4 — bands)
\/(2*bands +1)? ~ (6*bands — 5vbandy ) — 0.5
Wet Band band; Blue LC vs NW 1.3567 (95.94%)
mSR bandg —band; /band, + band; Coastal Aerosol, Red, NIR LC vs CM 1.3400 (94.75%)
NRI bands —band; /bandg + band; Red-Edge_3, NI LC vs OG 1.4106 (99.74%)
SR band; /bands Red-Edge_3, NI NW vs CM 1.3157 (93.04%)
D bandg —band; Red-Edge_3, NIR NW vs OG 1.4138 (99.97%)
D 1/bands —1/band; Coastal Aerosol, Red CM vs OG 1.4109 (99.77%)
D 1/band; —1/band, Blue, Red-Edge 3
D 1/bands —1/bands Green, Red-Edge_1
D 1/bandg —1/band; Red-Edge_3, NIR
SR bandy /bands Water Vapor, Red-Edge_1

*MCARI, Modified Chlorophyll Absorption in Reflectance Index; MTVI2, Modified Triangular Vegetation Index 2; mSR, Modified Simple Ratio.

Skidmore, 2003). Results of the most important variables in Fig. 8 and
our separability results presented in Table 4 concurs with this observa-
tion. Notably, perfect separability of species class pairs is achieved by
hyperspectral indices combining derivative narrow-bands especially
those located in the red-edge region. Derivative spectra resolve over-
lapping species spectra for clear separability features identification
(Taylor et al., 2012). Indices selected for perfect separability of LC
combines narrow-bands located within the green and red-edge region
which are consistent with those selected by Taylor et al. (2012).
Hyperspectral indices combining derivative reflectance bands in the red-
edge have the ability to detect subtle changes in plants due to fluores-
cence emissions (Zarco-Tejada et al., 2003). In addition, the usefulness
of derivative spectra has been demonstrated in a number of studies e.g.,
Arun Prasad & Gnanappazham (2014) where they indicated that Rhi-
zophoracea mangroves were discriminable with derivative spectra while

in the work of Song & Wang (2022), a newly developed difference
spectral index (R;; — R;2) combining first derivative spectra at 540 nm
and 1396 nm wavelengths was used to assess the ratio of chlorophyll/
carotenoid in cool temperate deciduous forests. Sims and Gamon (2002)
also highlighted the advantage of indices combining first derivative
spectral wavelengths in estimating leaf pigment properties. In the dry
season, the normalized difference ratio indices (S7g1 - Ss29) / (S701 +
Ss29) constructed with second derivative spectral bands located in the
green and red-edge regions separates three class pairs namely LC vs NW,
NW vs CM and NW vs OG in the dry season. This spectral index is
constructed with wavelengths located slightly below (~550 nm) or
above the chlorophyll absorbance in the red-edge region (~700 nm)
which are correlated with chlorophyll content prediction (Sims and
Gamon, 2002). The chlorophyll content between these species during
the dry season is therefore likely to be significantly different.

13
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Fig. 9. Model performance of machine learning algorithms and selected hyperspectral (a, b) and Sentinel-2 multispectral (c, d) variables, ordered from the first to the

tenth best performing model, for the dry and wet seasons.

Table 6
Model evaluation accuracies obtained from the 30% hyperspectral test datasets. Accuracies of > 70% are highlighted in bold.
Season Dry Wet
Algorithm SVMRadial SVMRadial SVMLinear SVMRadial SVMRadial GBM
Selected narrow-bands CRDR_bd CRDR _ratio CRDR_bd 1st derivative CRDR_bd 1st derivative
PA UA PA UA PA UA PA UA PA UA PA UA
Species CM 67% 86% 56% 71% 44% 67% 45% 71% 27% 100% 55% 67%
LC 82% 97% 88% 91% 88% 94% 97% 88% 94% 84% 94% 87%
NwW 88% 56% 81% 68% 81% 57% 82% 78% 86% 76% 77% 81%
oG 33% 100% 100% 100% 33% 100% 0% 0% 0% 0% 0% 0%
OA 79% 82% 77% 85% 82% 83%

Separability between LC vs OG and CM vs OG maximized by the
CRR _ratiog;onm may signify differences in the light scattering effects of
OG leaves at ~ 800 nm as a function of the species leaf internal struc-
tures (Sims and Gamon, 2002). In the wet season, it is noted that the
index, (D792 — D4go / D792 4+ Da4gp), combining blue-green edge and NIR
bands, contains useful spectral information for separability of OG vs LC,
NW and CM in the wet season. Such blue normalized difference vege-
tation index correlates to leaf area index (Lukas et al., 2022). The lack of
the same set of predictor variables to separate LC from co-occurring
species for both seasons alludes to its seasonal spectral variability. It is
therefore important to consider such variations when mapping LC
invasions.

4.4. Machine learning discriminant analysis

As expected, our results show higher accuracies in species classifi-
cation using selected hyperspectral variables compared to the resampled
Sentinel-2 variables. In addition, our study shows that performance of
machine learning algorithms is directly influenced by the predictor
variables used. The svmRadial produces a high performance when fitted
with CRDR_bd and 1st derivative narrow-bands while the regLogistic
and GBM performs substantially well (Kappa of 0.61 — 0.80) when fitted
with combined and Sentinel-2 NRI indices respectively. High perfor-
mance by svmRadial concurs with findings of Grole-Stoltenberg et al.
(2016) that showed svmRadial outperformed RF model in distinguishing
Acacia longifolia from surrounding vegetation at leaf-level. However, the
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Table 7
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McNemar’s test results from comparison of model performance using best performing selected hyperspectral and Sentinel-2 variables. *indicate significant result at

95% confidence interval (p < 0.05).

Hyperspectral variables

Sentinel-2 variables

Season dry wet

dry wet

Selected predictor variables CRDR_bd narrow-bands

1st derivative narrow-bands

Combined variables NRI indices

Paired models Chi-square p-value Chi-square p-value Chi-square p-value Chi-square p-value
SVMRadial vs GBM 3.05 0.081 3.273 0.070 1.500 0.221 0.050 0.823
SVMRadial Vs RF 4.00 0.046* 0.571 0.450 0.000 1.000 0.050 0.823
SVMRadial vs SVMLinear 0.00 1.000 0.900 0.343 0.000 1.000 0.842 0.359
SVMRadial vs regLogistic 23.05 0.081 0.900 0.343 0.571 0.450 1.389 0.239
GBM Vs RF 0.17 0.683 0.900 0.343 0.571 0.450 0.000 1.000
GBM vs SVMLinear 1.75 0.186 0.267 0.606 0.444 0.505 0.308 0.579
GBM vs regLogistic 0.00 1.000 0.267 0.606 5.143 0.023* 0.563 0.453
RF Vs SVMLinear 2.89 0.089 0.000 1.000 0.000 1.000 0.364 0.546
RF Vs regLogistic 0.10 0.752 0.000 1.000 1.500 0.221 0.750 0.386
SVMLinear vs regLogistic 1.88 0.170 0.000 1.000 2.250 0.134 0.000 1.000

RF model provided optimal results when canopy-level hyperspectral
data was used in that study. Both svmRadial and RF algorithms are less
sensitive to high dimensional phenomena in hyperspectral datasets
(GroBe-Stoltenberg et al., 2016). Mudereri et al. (2020) found RF and
GBM to be the best performing algorithms in classifying striga weed
infestation classes using canopy-level hyperspectral and resampled
Sentinel-2 data. High classification performance by regLogistic when
fitted with combined Sentinel-2 variables can be attributed to the high
spectral information provided by the high number of combined Sentinel-
2 variables. This suggests that combining important Sentinel-2 predictor
variables should be considered when discriminating LC among other
species otherwise fewer variables may lack enough spectral information
to discriminate it among other species and hence poor performance by
machine learning algorithms (Royimani et al., 2019). Although regLo-
gistic has been reported as the best in classifying cyperus esculentus
among similar weeds using hyperspectral datasets (Lauwers et al.,
2020), our study shows it does perform well with Sentinel-2 datasets.
McNemar’s test show that performance of algorithms used in this study
do not significantly differ from one another using both hyperspectral
and Sentinel-2 datasets. This suggests on the robustness of these algo-
rithms in classification of LC species from co-occurring species using
selected hyperspectral and Sentinel-2 predictor variables.

4.5. Limitations

Although a number of spectrally significant features were developed
for perfect separation of LC from co-occurring species in both dry and
wet seasons, there were some limitations of this study. It is well known
that vegetation reflectance is influenced by several traits including leaf
water content, leaf biochemicals and other components of the plant
structure (Ollinger, 2011). However, this study was not able to relate the
identified spectral features with specific leaf traits. Possible changes in
leaf bio-chemicals in the dry and wet season could explain the differ-
ences noted in selected features for LC’s separation in the two seasons.
Furthermore, this study did not assess reflectance properties of other
plants’ canopy components such as stem/branches. Canopy-level
reflectance consists of the plant’s stem, branches and leaf distribution
and their orientation. However, it is still challenging to determine the
leaf orientation in a canopy and instead leaf angle distribution defined
for aggregated plant functional groups is often used (Ollinger, 2011).
Nevertheless, our interest was on the sunlit upper canopy leaves for LC
discrimination. Since we envision mapping of LC with hyperspectral and
multispectral imagery datasets as the next step, it would be important to
determine whether the leaf-level spectral indices derived in this study
can be scaled up to plant’s canopy-level and plant’s community-level. In
addition, it would be important to assess whether the said indices can be
replicated in different forest environments.

15

5. Conclusions

The LC’s leaf spectral separability among co-occurring species in dry
and wet seasons has not been adequately documented. This study
examined in-situ leaf-level hyperspectral data and simulated Sentninel-2
wavebands to select spectrally significant features for discrimination of
LC among co-occurring species. Findings of this study demonstrate the
potential of hyperspectral variables and Sentinel-2 multispectral vari-
ables for discrimination of LC among co-occurring species in both dry
and wet seasons. Derived LC’s separability indices were those con-
structed with transformed narrow-bands suggesting on the importance
of transforming hyperspectral reflectance measurements to enhance
detection of subtle leaf spectral variations among plant’s species. The
fact that different sets of spectral indices were selected for LC’s sepa-
rability during the dry and wet seasons suggests on LC’s leaves’ seasonal
spectral variations. These results are encouraging for future work on LC
classification and mapping with multispectral and hyperspectral images.
Further research is warranted so as to assess whether the developed leaf-
level spectral indices can be scaled up to canopy-level and to the entire
plants’ community-level in a similar and/or a variety of environments.
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