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Highlights
¢ The yellow band of WorldView-2 image significantly improves spectral discrimination of savannah

tree species.

¢ The transition to senescence phenological period is the most ideal for discriminating tree species
in African savannah.

¢ Multi-phenology data improves tree species classification using multispectral data alone.

Abstract

Biodiversity mapping in African savannah is important for monitoring changes and ensuring
sustainable use of ecosystem resources. Biodiversity mapping can benefit from multi-spectral
instruments such as WorldView-2 with very high spatial resolution and a spectral configuration
encompassing important spectral regions not previously available for vegetation mapping. This study
investigated i) the benefits of the eight-band WorldView-2 (WV-2) spectral configuration for
discriminating tree species in Southern African savannah and ii) if multiple-images acquired at key
points of the typical phenological development of savannahs (peak productivity, transition to
senescence) improve on tree species classifications. We first assessed the discriminatory power of
WV-2 bands using interspecies-Spectral Angle Mapper (SAM) via Band Add-On procedure and tested

1|Page

This article was published in JAG:
http://www.sciencedirect.com/science/article/pii/S0303243417300181



the spectral capability of WorldView-2 against simulated IKONOS for tree species classification. The
results from interspecies-SAM procedure identified the yellow and red bands as the most statistically
significant bands (p = 0.000251 and p = 0.000039 respectively) in the discriminatory power of WV-2
during the transition from wet to dry season (April). Using Random Forest classifier, the classification
scenarios investigated showed that i) the 8-bands of the WV-2 sensor achieved higher classification
accuracy for the April date (transition from wet to dry season, senescence) compared to the March
date (peak productivity season) ii) the WV-2 spectral configuration systematically outperformed the
IKONOS sensor spectral configuration and iii) the multi-temporal approach (March and April
combined) improved the discrimination of tress species and produced the highest overall accuracy
results at 80.4%. Consistent with the interspecies-SAM procedure, the yellow (605nm) band also
showed a statistically significant contribution in the improved classification accuracy from WV-2.
These results highlight the mapping opportunities presented by WV-2 data for monitoring the
distribution status of e.g. species often harvested by local communities (e.g. Sclerocharya birrea),

encroaching species, or species-specific tree losses induced by elephants.

Keywords: tree species discrimination, conservation, savannah, WorldView-2, phenology, yellow
band

1. Introduction

Trees in African savannahs provides multiple essential resources to rural and peri-urban populations
e.g. fuelwood, building material and non-timber products, such as fruits, barks and roots (Shackleton
et al. 2007; Bruschi et al., 2014; Schlesinger et al. 2015) and often act as a safety net against
increased poverty and food insecurity for the poorest communities (Djoudy et al 2015). Monitoring
savannah tree biodiversity remains critical in order to ensure that resource use or disturbances, e.g.
impact of elephants in protected areas, remains within the resilience limits of the ecosystem (Druce
et al. 2008; Asner et al. 2009). Tree species abundance, distribution, and richness in savannah
landscapes are impacted by land use conversion, e.g. to urban or agricultural lands, (Schlesinger et
al. 2015), land management (Wessels et al. 2011; Nacoulma et al. 2011), disturbance regimes, e.g.
fire, herbivory (Shackleton et al. 1994; Mudongo et al. 2016), and climate change (Stevens et al.
2014). African savannahs, as other ecosystems of the earth, are subjected to high pressure from
humans and the burden remains with conservation authorities to maintain biodiversity and ensure

sustainable use of biodiversity (Asner et al. 2009).

One key challenge is the lack of large scale information on tree species distribution upon which
management decisions can be based to conserve biodiversity (Asner et al. 2009). The success of
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biodiversity management depends on the availability of up-to-date and spatially detailed
assessments of species richness and distribution over large geographic areas (Turner et al. 2003).
Spaceborne remote sensing serves as a major source of data for monitoring the Earth ecosystems
especially due to its extensive spatial coverage and revisit capacity (Foody et al. 2005; Nagendra,
2001). Traditional multispectral imagery (e.g. Landsat) dominated by mixed pixels, especially in
heterogeneous landscapes, and typically of poor spectral resolution (small number of bands <10,
typically with large bandwidths, bands not strategically placed across the electromagnetic spectrum
for optimally capturing biochemical composition of plants) are generally suitable for mapping broad
vegetation communities from regional to landscape scales (Nagendra and Rocchini, 2008). For
instance, these systems are particularly efficient in mapping species in regions dominated by stands
of planted commercial species or semi-managed forests with low species diversity (Nagendra and

Rocchini, 2001).

On the other hand, hyperspectral sensors sample the electromagnetic spectrum into several tenths
or hundreds of contiguous bands, allowing the capture of the biochemical composition of plants
which is closely linked to species identity (Asner and Martin, 2009). Typically mounted on field or
airborne platforms these systems provide sub canopy pixel size and can retrieve tree species at
single crown scale. Although they can image a very high number of bands, most bands are highly
correlated and a few information-rich spectral regions, linked to leaf pigment and other biochemical
properties, are more relevant for species discrimination (Sobhan, 2007). High spatial resolution
hyperspectral systems have been reported to be an efficient approach for tree species mapping in a
variety of biomes or ecosystems (Asner et al. 2008; Oldeland et al. 2010; Naidoo et al. 2012; Higgins
et al. 2014). However, airborne hyperspectral tools are not widely available, especially for

inventories and management applications.

The recent advancement in spectral configuration and spatial resolution of spaceborne multispectral
sensors has presented new opportunities for detailed examination of biodiversity (Pu and Landry,
2012; Nagendra and Rocchini, 2008). WorldView-2 fills an important gap between the above-
mentioned scales. It possesses new, strategically important bands for vegetation mapping e.g.
yellow, red-edge (Darvishzadeha et al. 2008; Mutanga and Skidmore, 2007) compared to well-known
sensors such as Quickbird or IKONOS, and a spatial resolution (<2m) compatible with the detection
of single crowns. For instance, Pu and Landry (2012) reported significantly improved classifications of
seven urban tree species with WorldView-2 compared to IKONOS and attributed this improvement
to the better spatial resolution (4 to 2m) and spectral configuration of the instrument. Cho et al.
(2015) mapped with 90% accuracy dominant tree species in protected subtropical coastal forests in
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South Africa. Both studies noted that the additional yellow, red-edge and NIR-2 bands on
WorldView-2 sensor enhance our ability to spectrally discriminate tree species. Moreover, Cho et al.
(2012), using simulated WorldView-2 data from airborne CASI-like hyperspectral data, argued that
2m spatial resolution of WorldView-2 image should be suitable for mapping tree canopy greater
than 6m in diameter in South African savannahs. These developments in spatial and spectral
resolution are pushing the boundary beyond vegetation community mapping and provide
opportunities for mapping vegetation at crown scale and species-level, thus enhancing the utility of

multispectral data.

Remote sensing spectral data are used to assess species diversity because tree spectral signatures
are linked to their biochemical and biophysical attributes (Nagendra 2001; Asner and Marin 2009;
Cho et al. 2012, 2010). For instance, the yellow and/or red-edge regions are sensitive to subtle
differences in carotenoid and chlorophyll pigments amongst species, and therefore they are useful
for enhancing tree species discrimination (Pu and Landry, 2012; Cho et al. 2012). However, at the
same time high intra-species spectral variability weakens the assumption of unique spectral
signature for each species, and this calls for innovative classification approaches (Cho et al. 2010).
High intra-species spectral variability has been observed in southern African savannah setting and it
originates partly from differences in within-species phenology, possibly linked to tree size, soil type,
landscape position, and climatic conditions across the landscape (Archibald and Scholes 2007; Cho et

al. 2010; Naidoo et al. 2012).

Recent studies have resorted to redesigning spectral libraries that account for intra-species
variability in the spectral discrimination of tree species (Cho et al. 2010; Cochrane et al. 2000). Cho
et al. (2010) proposed a protocol for the application of the Spectral Angle Mapper (SAM) using
multiple-endmembers and achieved higher overall accuracy compared to conventional SAM.
Alternatively time-series data covering different periods during phenological cycle can be used to
enhance tree species discrimination (Hill et al. 2010; Gilmore et al. 2008; Key et al. 2001).
Phenological changes occur throughout the growing season at different rates amongst species and
data that captures these changes amplify the spectral variability between deciduous species in
relation with intra-species variability (Hill et al. 2010; Key et al. 2001). This makes a multi-temporal
approach towards tree species mapping in the savannah environment a topical research question.
The aim of this research was to assess if i) WorldView-2 spectral configuration helps discriminating
tree species in a southern African savannah environment and if ii) multiple-images acquired at key
points of the typical phenological development of savannahs further improve on tree species
classifications.
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2 Study area
The study site is situated between longitude 31°21’18.66” to 31°31’01.61”E and latitude

24°50°42.61” to 24°59'35.04”S, covering approximately 265km? in the immediate vicinity of the
Kruger National Park, South Africa (Figure 1). It falls in the South African Lowveld within the broader
savannah biome which is characterized by the coexistence of continuous grassy vegetation layer and
discontinuous woody vegetation (du Toit et al. 2003). Granite and gabbro geologies dominate in the
area with vegetation communities defined by these geological structures. Gabbro patches consists of
shallow to moderately deep, dark clay soils with nutritious high-bulk grasses and sparse trees and
shrubs, particularly Acacia spp. Conversely, the granitic substrate consists of nutrient-poor, shallow
to moderately deep sandy soils with gently undulating terrain and it sustains broad-leaved
deciduous tree species upslope while fine-leaved species dominate downslope. Granitic landscapes
are characterized by high species diversity and dominance of Combretum spp. (du Toit et al. 2003;
Eckhardt et al. 2000). The Sabi-region, where this study was carried out, receives an annual average
rainfall of 630 mm. The average annual temperatures revolve around 22°C in the same period and

frost is rare (du Toit et al. 2003; Eckhardt et al. 2000).
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Figure 1. Study area and data collection sites shown as black dots in the lower left image.
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3 Data and Methods

3.1 Remote sensing data and pre-processing
Two WorldView-2 (hereafter called WV-2) satellite images were acquired by DigitalGlobe, Inc., USA

on different dates: i) 19" of April 2012 and ii) 7" of March 2013 to capture different phenological
periods. In southern African savannah March corresponds to the end of the rainy season with tree
canopies exhibiting maximum foliage cover while April constitutes a transition period when canopies
start to senesce (Cho et al. 2010). The WV-2 satellite records very high resolution (VHR) data with a
swath width of 16.4km and a maximum revisit period of 1.1 day. The spatial resolution at nadir is
1.84 m in multispectral and 0.46 m in panchromatic mode. WorldView-2 is amongst the few VHR
multispectral sensors with eight bands situated in the visible and near-infrared regions of the
spectrum: coastal blue (400-450nm), blue (450-510nm), green (510-580nm), yellow (580-625nm),
red (625-690nm), red-edge (705-745nm), NIR-1(770-895nm) and NIR-2(860-1040nm).

The WV-2 images were geometrically and atmospherically corrected. Using PCl Geomatica
OrthoEngine software, Rational Polynomial Coefficients based orthorectification technique with 0™,
first and second order model for sensor orientation was used (Geomatica, 2013). The accuracies of
the orthorectification model were assessed via a leave-one-out cross validation approach with 18
ground control points (GCPs) evenly distributed over the study area and consisting of prominent
land features (e.g. road intersections). A differential GeoExplorer 2008 series GPS was used to record
accurate positions of the GCPs. ATCOR-2 was used for atmospheric correction of the WV-2 images
since the study area is generally flat or exhibit gentle undulating slopes (Richter and Schlapfer,
2012). Prior to image analysis, pixels covered by clouds and cloud shadows were masked out by the

combination of band thresholding and manual digitizing.

3.2 Field data
Field data were collected in April 2012 during the programming period of the WV-2 images. Eight

sites distributed across the study area were sampled purposively to cover varying degrees of tree
cover (low to high tree cover) and the two main geological substrates, gabbro and granite, present in
the study area. In each of these sites, a 100m X 100m plot was set up and all trees with diameter at
breast height greater than 10cm were sampled (N=273). Again, all sampled trees were located using
a high precision GeoExplorer 600 series Global Positioning System (GPS), and the species were
identified. One-second data from the Nelspruit reference station (90km from the study area) were

used to post-process the GPS locations to sub-meter accuracy.

However, some of these points were later found to be located on cloud-covered parts of the image
and were therefore not available for use in the analysis. To compensate for these unavailable

6|Page
This article was published in JAG:
http://www.sciencedirect.com/science/article/pii/S0303243417300181



samples and maintain representativeness of each species of interest additional trees and GPS points
(N=62) collected in the area from previous studies (Naidoo et al. 2012) were added to the tree
species sample. In total 250 trees representing four species of interest were used to train and
validate the classifications. The study focused on four dominant tree species that were encountered
in most sampling sites: Acacia nigrescens (AN), Combretum spp. (Combretum apiculatum,
Combretum zeyheri, Combretum hereroense, Combretum collinum, Combretum molle and) (COM),

Sclerocarya birrea (SB) and Dichrostachys cinerea (DC) (see Table 1).

Table 1 The four tree species of interest in the study area.

. - . No. of tree
Tree species  Phenology Significance in local context
sampled
Common tree species in SA savannah which is 20

Sclerocarya Deciduous protected by law. Its fruits are used for beer-
birrea making in local communities and are also a
source of food for wild animals.

Important tree species for many browsers.

Acacia . . . S
. Deciduous Nitrogen-fixing tree which increases grass 60
nigrescens . .
quality underneath its canopy.
Common tree species with high density in
Combretum . granite landscape. Often used for charcoal
Deciduous . 61
spp. and fuelwood production, and for many
medicinal purposes
Dichrostachys . Shrubby t.ree spec':ies.often conside.red asan
cinerea Deciduous encroaching species in savannah with a 62

degrading effect on rangeland quality.

Sources: (Shackleton and Shackleton, 2003; Naidoo et al. 2012).

3.7 Training and validation samples
The training and validation pixel samples were collected using region of interest (ROI) tool in ENVI

4.8. The ROI tool allowed accurate delineation of pixel defining tree canopy. The delineation of ROIs
was guided by the tree GPS points which were overlaid on Worldview-2 image. During the ROls
collection process shaded and tree canopy edge pixels were avoided and only sunlit pixels were

collected to define tree canopy. The number of pixels defining tree canopy varied across species due
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to variation in canopy size amongst tree species. Moreover, the presence of clouds in Worldview-2
image collected in April meant that some GPS points would not be used and this led to uneven
distribution of training and validation pixels between the two dates. Table 2 summarizes the number

of samples used for training and validation corresponding to both dates, April and March.

Table 2 Training and validation data used for tree species classification.

April March
Training Validation Training Validation
pixels pixels pixels pixels
Acacia 119 118 102 108
nigrescens
Combretum 98 110 123 96
spp.
Dichrostachys 112 108 137 113
cinerea
Sclerocarya 123 92 87 103
birrea

3.8 Spectral data analysis
The spectral signatures collected from WorldView-2 images were used to evaluate intra- and inter-

species spectral variability. The evaluation was completed using the Spectral Angle Mapper (SAM).
SAM is a similarity measure that quantifies the level of similarity between two spectra and is
insensitive to illumination-induced differences among spectra. It quantifies the angle between two

spectra s; = Sj1 ...t SiL and Sj = Sjl 'SjL

Y1 Susji
R ) Equation 1

SAM . o. =e . G.) = -1
(s;,5;) = 6(s; 5;) = cos ([Zfﬂsizz]l/z[zlL:lS]gl]

where L is the number of bands. A high angle between spectra indicates that the two species are
spectrally separable (Keshava, 2004). For computing intra-species and inter-species SAM, the angle
between each spectrum within species and between species was computed, respectively. Two data

combinations or scenarios were tested to establish the benefits of the spectral bands pioneered in
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WV-2 and multiple dates in enhancing the spectral separability between species; i) all WV-2 bands
for each date and ii) all WV-2 bands from the two phenological periods combined in a time-series

approach.

In addition, we subjected the individual WV-2 spectral bands to further analysis through the use of
the band-add-on (BAQ) procedure to establish the discriminatory ability of each band. The BAO
procedure is often used on high dimensionality data such as hyperspectral data (Keshava, 2004). This
procedure iteratively selects bands that optimize the angular separation between spectra. The
procedure adds on pairs of bands and selects those with the highest average SAM. The process is
repeated until no band contributes further to the discriminatory power (Keshava, 2004). The BAO
procedure was run on WV-2 bands eight times with one band excluded each time. This enabled the
identification of the spectral bands with the highest discriminatory power for the species in

question.

3.9 Tree species classification
We conducted tree species classification using a Random Forest (RF) algorithm embedded in the

EnMap box (Adelabu et al. 2013). EnMap box is an auxiliary extension operating as a platform-
independent processing environment for remote sensing data. This interactive data language IDL-
based extension is used for classification and regression analysis of remotely sensed data (Adelabu
et al. 2013). RF has been successfully applied to classify plant species using hyperspectral data in
various environments (Lawrence et al. 2006; Immitzer et al. 2012). Chan and Paelinckx (2008) argued
that RF remains the most robust machine learning algorithm due to the introduction of multiple
decision trees, bootstrap aggregation and internal cross-validation concepts which improved the
performance. RF is a tree-based classifier that assembles hundreds of decision trees using random
subsets of training data. These decision trees are evaluated using out-of-bag estimates to establish

the importance of each input (Naidoo et al. 2012; Immitzer et al. 2012; Chan and Paelinckx, 2008).

Two parameters need to be defined when running the RF algorithm, i) the number of bootstrap
iterations and ii) the number of input variables at each node. We tested the bootstrap iterations
from 1 to 1000 and for the input variables we used all eight bands of WV-2. The overall out-of-bag
accuracy first increased abruptly and then remained almost constant beyond 105 RF trees (see
Figure 2). Thus we set the number of bootstrap iterations to 105 and the number of input variables

to eight bands.
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at each node.

Classifications were conducted on WV-2 data independently from April 2012 and March 2013 dates,
and on the combined dataset in a multi-date approach. In addition, the simulated IKONOS band
configuration (blue, green, red, NIR-1) was tested as a benchmark to assess the benefit of the coastal
blue, yellow, red-edge and NIR-2 on the classification performance of WV-2. Classification results
were presented in a confusion matrix and interpreted according to the overall accuracy, the user’s
and producer’s accuracy for each species. The McNemar test was used for comparing classification
accuracies achieved with different band combinations. The McNemar test is a parametric test based
on confusion matrices. The McNemar test employs a z-score (Equation 2) to quantify the difference

between two classifications.

7 = (fiz—f21—1)
Vf12+/21)

Equation 2

where f;, denotes the number of instances that were wrongly classified with all WV-2 bands but
correctly classified when one band is excluded from WV-2, and f,; denotes the number of instances
that were correctly classified with all WV-2 bands but wrongly classified when one band is excluded
from WV-2. This test was preferred because it does not require independence of the sample
datasets used for the two classifications (Bostanci and Bostanci, 2013), as it is the case for other
tests such as the Kappa test (Foody, 2004). The classifications used the same samples as to avoid

differences induced by sampling variability.
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4 Results

4.1 WV-2 discriminatory power for tree species
Generally, the tree canopy spectra for each species exhibited similar levels of intraspecies-SAM in

both April and March datasets (Figure 3). However, the average intraspecies-SAM were slightly
higher in March compared to April data with the exception of Acacia nigrescens. Acacia nigrescens
had the highest intra-species variability in April data and this was linked to the geological formation
in which the species was found. Acacia nigrescens sampled on gabbro soils often showed higher
reflectance in the green, and yellow to red regions, compared to those sampled on granite soils
(Figure 4; difference statistically significant, p= 0.025873 using one-way analysis of variance for
average reflectance in these three bands). In March data Dichrostachys cinerea showed the highest

intra-species variability while Combretum spp. showed the lowest intra-species variability in both

dates.
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Figure 3 Intraspecies-SAM. Left: April data, and Right: March data.

The April date achieved a higher interspecies-SAM than March (p = 0.000558, f = 12.01; using one-
way analysis of variance) (see Figure 5). Therefore, tree species are more separable in April during
the transition period to senescence than in March, and the former season appears to be the most
suitable for discriminating tree species using WorldView-2 data. Acacia nigrescens and Combretum
spp. were the most spectrally separable species in both dates. Dichrostachys cinera and Sclerocharya
birrea were the least spectrally separable species in April while Acacia nigrescens and Sclerocharya
birrea were the least spectrally separable in March. The time-series data achieved the highest
interspecies-SAM compared to individual dates (p = 0.016646938, f = 8.24) (see Figure 5). When
considering March and April data together Acacia nigrescens and Combretum spp. remained the
most separable pair of species, while the least separable was found to be Dichrostachys cinera and

Combretum spp.
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Figure 4 Spectral reflectance of Acacia nigrescens found on different geological background. Left: Acacia
nigrescens found on gabbro soil, Right: Acacia nigrescens found granite soil.

The BAO procedure results identified the yellow (605 nm) and red (660 nm) bands as the most
influential bands in the species discriminatory power of the WV-2 data captured during the
senescing phenological period. ANOVA results are presented in Table 3 below. Using the
interspecies-SAM results from the eight WV-2 band combination as a benchmark, the exclusion of
either of the two bands significantly decreased the interspecies-SAM (p = 0.000251 and p = 0.000039
respectively). Meanwhile, the exclusion of NIR-1 (835 nm) and NIR-2 (960 nm) bands individually,
from the WV-2 band combination increased the interspecies-SAM and the increase in spectral angle
was statistically significant (p=0.0000928 and p = 0.000232 respectively). The exclusion of the red-
edge (725 nm) showed insignificant changes (p=0.145717) on interspecies variability. The exclusion
of coastal (425 nm), blue (480 nm) and green (545 nm) bands did not impact significantly on the

interspecies-SAM.

In March, which represents the peak of productivity season, the BAO procedure identified blue
(480nm), green (545nm), yellow (605nm) and red (660 nm) bands as the most important bands for
discriminating tree species. ANOVA results are presented in Table 4 below. Yet again, using
interspecies-SAM results from the eight WV-2 band combination as a benchmark, the exclusion of
the blue, green, yellow and red bands individually from the WV-2 band combination led to a
significant decline in interspecies-SAM (p < 0.05). Comparable with April data, the individual
exclusion of NIR-1 (835nm) and NIR-2 (950nm) significantly increased interspecies-SAM
(p=0.0000351 and p=0.0000402 respectively). The exclusion of coastal (425nm) and red-edge
(725nm) bands individually did not show any statistically significant changes on the interspecies-

SAM.
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Table 3 ANOVA results: interspecies-SAM observed with stepwise exclusion of WV-2 bands via
BAO procedure April date.

WV-2 band excluded F-stats P-value F crit
Coastal blue 0.645458 0.422004 3.854299
Blue 2.877105 0.090276 3.854299
Green 2.957948 0.085883 3.854299
Yellow 13.53715 0.000251 3.854299
Red 30.80934 0.0000399 3.854299
Red-edge 2.121077 0.145717 3.854299
NIR-1 15.45058 0.0000928 3.854299
NIR-2 46.11867 0.0000232 3.854299

Table 4 ANOVA results: interspecies-SAM observed with stepwise exclusion of WV-2 bands via
BAO procedure March date.

WV-2 band excluded F-stats P-value F crit

Coastal blue 1.676775 0.195719 3.852852
Blue 4.964416 0.026145 3.852852
Green 8.085053 0.004574 3.852852
Yellow 18.45811 0.0000195 3.852852
Red 37.88875 0.000117 3.852852
Red-edge 0.845914 0.357982 3.852852
NIR-1 30.99207 0.0000351 3.852852
NIR-2 44.81688 0.0000402 3.852852

4.2 Tree classification: WV-2 and multi-phenological data

Consistent with the interspecies-SAM results, the April date achieved higher classification accuracy
than the March date (see Table 5). Producer’s and user’s accuracies for Combretum spp., Acacia
nigrescens and Dichrostachys cinerea were all above 70% in April (see Table 5). Only the producer’s
accuracy for Sclerocharya birrea was particularly low for both dates due to spectral confusion with
Combretum spp., Acacia nigrescens and Dichrostachys cinerea. Low producer’s accuracies for Acacia
nigrescens and Dichrostachys cinerea were also observed in March. The time-series data improved
producer’s and user’s accuracies of all species including that of Sclerocharya birrea and
Dichrostachys cinerea which are difficult to discriminate using spectral data alone (Naidoo et al.
2012), and were also difficult to discriminate with single dates. Sclerocharya birrea and
Dichrostachys cinerea produced the lowest interspecies-SAM in both April and March dates.

However the spectral separability was improved with multi-date data (see figure 5). The time-series
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data achieved the highest overall classification accuracy (see Table 5) and this was consistent with

interspecies-SAM results.

Table 5 Producer’s and user’s accuracies from single Worldview-2 data and time-series data.

April data March data Time-series data
Classes | Producer's User's Producer's User's Producer’s User’s
accuracy accuracy | accuracy accuracy | accuracy accuracy
Com 94.50% 86.60% 83.60% 81.40% 96.50% 100%
AN 79.60% 74.00% 65.20% 76.20% 95.00% 80.80%
SB 44.50% 69.40% 55.40% 68.00% 66.60% 61.50%
DC 81.40% 72.10% 79.60% 61.80% 60.00% 77.70%
Overall 76.4% 72.9% 80.4%
classification
accuracy

4.3 Comparison between WV-2 and simulated IKONOS
The WV-2 band combination achieved a significantly higher classification accuracy compared to the

classification based on simulated IKONOS bands (McNemar test, z,,= 5.833; z.;: = 3.841) (see Table
6). To further investigate the benefits of the new bands featuring in WV-2 (coastal, yellow, red-edge
and NIR-2) we ran a set of classifications excluding these bands one by one only for the April date.
The following overall classification accuracies were obtained and, consistent with the BAO
procedure, decreased from 76.4% with all WV-2 bands: 70.3% without coastal band centred at
425nm (significant, McNemar test, z.,= 4.269; z.;; = 3.841), 69.6% without yellow band centred at
605nm (significant McNemar test, z.,,= 4.269; z.;; = 3.841), 70.7% without red-edge band centred at
725nm (non-significant McNemar test, z,,= 3.252; z.;: = 3.841) and 70.3% without NIR-2 band

centred at 950nm (non-significant McNemar test, z.,.= 3.608; z.,;; = 3.841).

Table 6 Producer's and user's accuracy from WV-2 and simulated IKONOS.

WV-2 IKONOS

Producer's User's Producer' User
Classes accuracy accuracy accuracy  accuracy
Com 94.50% 86.60% 82.88% 90.00%
AN 79.60% 74.00% 70.10% 66.66%
SB 44.50% 69.40% 52.08% 51.02%
DC 81.40% 72.10% 61.70% 59.18%
Total
Overall Accuracy  76.40% 67.33%
Overall Kappa 68.30% 56.44%
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Figure 6 presents a species maps produced using the April date which had the higher classification
accuracy. The species maps are consistent with our field knowledge, Combretum species dominating
in the granite soils while Acacia nigrescens dominate on gabbro soils. The distribution of

Sclerocharya birrea was underestimated due to misclassification with other species.

mm DiCi ["\/] Granite N
ScBI /] Gabbro
0 2 + 8 Kilometers

Figure 6 Tree classification map produced with April date.

16 |Page

This article was published in JAG:
http://www.sciencedirect.com/science/article/pii/S0303243417300181



5. Discussion
High interspecies spectral variability and low intraspecies spectral variability is the key requirement

for successful classification of tree species (Castro-Esau et al. 2006). This necessitates the
identification of the phenological period at which the spectral variability between species is high.
The results of this study identified April as the best single date compared to March for tree species
discrimination in southern African savannah. The month of April is a transition phase from full green
canopy to senescence (Cho et al. 2010), prior to leaf shedding, when differences in leaf pigments are
maximized. In addition, phenological changes vary between species (Gilmore et al. 2008) and are

more pronounced during transition periods compared to periods of peak or low productivity.

Optimal phenology enhances spectral discrimination of tree species (Hill et al. 2010; van Deventer et
al. 2013). Combretum spp had the highest producer’s and user’s accuracies compared to other
species and this may be attributed to its distinct phenology. When WV-2 image was collected in April
2012, Combretum spp was still very green while others were towards senescence stage, hence it was
easily discriminated from other species with very minimal misclassification. Acacia nigrescens in
particular was at an advanced senescence stage and the two species (Acacia nigrescens and
Combretum spp) had the highest interspecies-SAM, and consequently lower misclassification
between them. Sclerocharya birrea had the lowest producer’s accuracy, and since it was often
confused with Dichrostachys cinerea and Combretum spp, the lower producer’s accuracy may be
associated with the general misclassification of tall trees as short trees observed by Cho et al. (2012).
Moreover, a study by Naidoo et al. 2012 had used a hybrid approach where hyperspectral data was
combined with LiDAR data to improve the classification accuracy of Sclerocharya birrea. However,
the financial cost associated with such approach remains prohibitive. It also necessitates sound

technical expertise which may not be readily available in developing countries.

Overall the high interspecies-SAM variability in April is linked to differential drying and senescing
patterns in the landscape, controlled by rainfall patchiness and soil variability along catenas. In
contrast, the March data centred on the peak productivity and wet period (higher moisture level in
the landscape) captured minor differences in tree phenological states, which are associated with
lower interspecies separability (Cho et al. 2012). These observations support the assertion made by
Hill et al. (2010) that the ability to discriminate tree species is higher with data captured at the start
or the end of the growing season than mid-summer, which is reported to have low interspecies
separability. High interspecies variability as observed from April data mitigates the effect of
intraspecies variability. For instance Acacia nigrescens, which had high intraspecies-SAM, was
classified with high producer’s and user’s accuracies.
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Nonetheless, the highest tree species discrimination was achieved with time-series data because it
captured phenological change between species across images (Hill et al. 2010). The time-series
approach used here enhanced interspecies variability and improved the producer’s and user’s
accuracies of all tree species. These improvements support the literature (Hill et al. 2010; Gilmore et
al. 2008), that spectral variability amongst species is enhanced when using time-series data due to
variation in the rate of the phenological changes between tree species (Hill et al. 2010; Gilmore et al.
2008). Heidi et al. (2013) also documented an improved tree species discrimination using multi-
seasonal data in iSimangaliso wetland, South Africa. It is therefore consistent with the literature that
our time-series data capturing these phenological changes have shown the highest interspecies-

SAM.

The comparative analysis of classification results from WV-2 and IKONOS showed a statistically
significant difference, with higher classification accuracies produced with WV-2. This can be
attributed to the improved spectral configuration of WV-2. The yellow (605 nm) and coastal blue
bands (425 nm) in particular, were found to have a significant influence on the species
discriminatory ability of WV-2, compared to the red-edge and NIR-2 bands during the April period.
The contribution of the yellow band may be reinforced by the phenological period at which the April
image was acquired. The transition towards senescence period is characterized by a growing
concentration of carotenoid (Gitelson et al. 2002; Zur et al. 2000), which is detectable in the yellow
region, prior to leaf shedding. This finding was previously reported by Cho et al. (2012), who noted a
higher influence from the yellow band on the performance of tree species classification using WV-2
data simulated from airborne hyperspectral data, also during the senescence period and in the same
region. In addition, Pu and Landry (2012) observed improved tree species classification in an urban
context in Florida, USA using WV-2 data and attributed it to the addition of the yellow, red-edge and
NIR-2 bands. Overall, the study noted a consistent decline in overall classification accuracy when
removing individually each additional WV-2 bands, and a significant contribution of the yellow and
NIR-2 bands to interspecies spectral variability, suggesting the importance of all four additional

bands in the overall performance of WV-2 image over IKONOS.

The approach proposed here demonstrates good prospect for community-scale vegetation mapping
in southern African savannah, e.g. broad versus fine leaves species. For instance, broad leaves
species such as Combretum spp are particularly targeted by elephants, and are a concern for
conservation (Baxter et al. 2003; Druce et al. 2008). In addition, the improved discrimination of
Sclerocharya birrea from Dichrostachys cinerea with time-series data, provides an opportunity to
establish and monitor the distribution of Dichrostachys cinerea, which is a problematic bush

18| Page

This article was published in JAG:
http://www.sciencedirect.com/science/article/pii/S0303243417300181



encroachment species. Dichrostachys cinerea is often confused with Sclerocharya birrea, thus

undermine the effort to monitor its distribution.

6. Conclusion
The findings of this study demonstrate the benefits of the eight-band WV-2 spectral configuration

for tree species classification. We conclude that the classification accuracy of key tree species in
African savannah is improved using WV-2 images compared to a more traditional IKONOS-like blue,
red, green, NIR spectral configuration. Improvement in classification accuracy demonstrates the
spectral benefits of the new bands pioneered on the WV-2 sensor. The yellow band (605 nm) and
coastal band (425 nm) in particular were statistically significant in their contribution towards
improved tree species classification. Moreover, the use of multiple images acquired at key points of
phenological development of savannah tree species improved tree species classification beyond
what can achieved using individual dates. Each tree species achieved higher user’s and producer’s
accuracies including Sclerocharya birrea and Dichrostachys cinerea, which were reported by Naidoo
et al. (2012) as particularly spectrally confused. Importantly, the multi-temporal approach revealed
that the transition period from green canopy to senescence provides better opportunity for tree
species mapping in southern African savannah than the peak productivity period. Future research
that aims to classify savannah vegetation according to dominant tree species or species functional
types (deciduous or evergreen) may benefits from these findings. Furthermore, future studies on the
spectral significance of the additional WV-2 bands should use data acquired during the leaf-up
period to document their importance throughout the growing season. Overall, the study highlights
the opportunities available to biodiversity conservation managers for monitoring the distribution of
e.g. encroaching species (e.g. Dichrostachys cinerea), economically viable tree species used by local

communities (e.g. Sclerocharya birrea) and species-specific tree losses induced by elephants.
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