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Abstract

Globally, subtropical forests are rich in biodivigrsHowever, the native biodiversity of these fte

is threatened by the presence of invasive specsasChromolaena odorata which thrives in forest
canopy gaps. Our study explored the utility of Vidiiew-2 data, an 8-band high resolution (2 m)
imagery for mapping the probability Gf odorata occurrence (presence/absence) in canopy gaps of a
subtropical forest patch, the Dukuduku Forest, SoMfrica. An integrated modelling approach
involving the WorldView-2 bands and ancillary eronimental data was also assessed. The results
showed a higher performance of the environmental daly model (deviance @° = 0.52,p < 0.05,

n = 77) when compared to modelling with WorldView2getation indices such as the enhanced
vegetation index (EVI), simple ratio indices (SRR red edge normalized difference vegetation
index (NDVIr) D* = 0.30,p < 0.05,n = 77). The integrated model explained the highest
presence/absence variance @f odorata (D® =0.57, i.e. 57%). This model was used to derive
probability map indicating the occurrence of invasspecies in forest gaps. A 2 x 2 error matrix
table and the receiver operating characteristic@QRQurves derived from an independent validation
dataset rf = 38) were used to assess the mapping accuragy-oAmately 87% of canopy gaps
containingC. odorata were correctly predicted at probability threshofdoetween 0.2 and 0.3. The
derived probability map of. odorata occurrence will assist management in prioritiziagget areas

for eradication of the species.

Keywor ds: forest management, remote sensing, invasive apdeiOC curve, mapping accuracy

I ntroduction

Tropical forests cover approximately 6 % of theakddind surface, and are important to the survival
of many faunal and floral life-forms\(WF 2013. These forests also play a major role in the glob
climatic system, acting as carbon sinkslingen and Alig 20QGand in water and nutrient cycling
(Skole and Tucker 199Bousquet et al. 2000Additionally, they provide ecological servicesthe
nearby communities in the form of harvested timioeedicinal, food and wood craft84lee 1989;
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Cunningham 2001 However, their sustainability is threatened iy &nthropogenic activities such as
settlement expansion, agriculture, industrial aioéis, climate change and invasive speciesu(cade
1889; Geldenhuys 1989

One of the world’s most noxious alien plant€teomolaena odorata (triffid weed, Fig.1), a shrub
species that is indigenous to North and Central dgagand is invasive in more than 23 countries
globally. The invasiveChromolaena odorata (here onwards referred to & odorata) has an
allelopathic effect that inhibits the indigenousgl species recruitmenGodall and Zachariades,
2002; Sahid and Sugau, 1998y changing the chemical composition of soil emmeath its canopy in
indigenous forestsdé Rouw 199). C. odorata thrives in habitats that receive sufficient sunijgh
ruderal environments, close to water courses aridrast or road marginsigshi et al. 2006 The
habitat preference is facilitated by the fact t@aromolaena species requires sufficient light and
moisture, and as such, wide open areas serve iasabpiches for its establishment and seed dispersa
(Witkowski and Wilson 200)L Its tap-root system allows for deeper peneimatnto the substrate
which gives it a competitive advantage over theveaseedlings Awanyo et al. 201)L In tropical
forests, this species invades the indigenous vegettirough forest gaps, which may be created by
tree fall Kupfer and Runkle 1996 any catastrophic evenBiokaw 1982; Whitmore 1989 or
selective timber harvestinG(arez et al. 1998The control and eradication of these invadegsires
accurate mapping of forest gaps and modelling #tené of invasion in such gapkg Maitre et al.
1996; Underwood et al. 2003 Mapping the extent of invasive species maysagerest managers,
conservation practitioners and all the relevarkedtalders to comprehend the extent of invasion and
to allocate limited resources for the species egditin programmes:yers 2004

Conventionally, identification of invasive speciesdone using ground-based survegsdkland et
al. 1996; Scott et al. 20nZThis involves identifying species at habitatattare accessible, usually at
the forest edges and in the proximity to roadsattls Edwards et al. 2007Although the collected
environmental data (such as distance from road$agdt edges) are still useful in species preaficti
(Hirzel and Guisan 20Q2the success of using environmental data colfettteough traditional field
surveys is hampered by the amount of time and teféguired for collectionGu and Swihart 2004;
Margules and Pressey 2Q00Additionally, a major drawback of employingltiesurveys is that they
are inefficient in larger areas and in areas watfslaccessible terrailuiner et al. 2003 while it is
impossible to visit all forest gaps in indigenouvgptcal forests. To mitigate this problem, remote
sensing technology is increasingly being employedaarapid and cost-effective alternative for
mapping invasive species in their habitaisderwood et al. 2003; Joshi et al. 2DO0Remote sensing
technology provides spatial vegetation cover oaegd geographical areas. This technology has been
successfully used for actual canopy cover mappingasive species that dominate the canopy
(Asner et al. 2008Harding and Bate 1991 In instances where the invasive species’ spectra
signature does not dominate the canopy, the prigtatbomapping approach has been adopfedbi(i
et al. 20061 aba et al. 2004

Few studies have been conducted to map the prdpadfiloccurrence of non-canopy dominating
invasive species using remote sensing and envinotaindata in indigenous forests. For example
Joshi et al. (200Gntegrated Landsat ETM+ imagery with environmeilatia to map the probability
of occurrence ofC. odorata in south central Nepal forest. However, remotessgndata such as
Landsat, SPOT or IKONOS consist of spectral bandese signal tend to saturate in high canopy
vegetation i.e. leaf area index (LAI) greater thiaree Knipling 1970; Mutanga and Skidmore 2004
Subtropical forest gaps are usually characterised bigh LAI. The development of new generation
high spatial resolution satellites such as Rapidiymeters) and WorldView-2 (2 meters) has opened
opportunities for improved characterisation of wagen in a high LAl environmerf§amoelo et al.
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2012; Mutanga et al. 2012; Ozdemir and Karnieli)01The red edge band (700-725 nm) present in
RapidEye and WorldView-2 has been shown to mininthee signal saturation problem common in
traditional sensors, thereby improving the predittf chlorophyll, nitrogen and vegetation biomass
(Ramoelo et al. 20312Mutanga et al. 2012; Cho et al. 2013n remote sensing, the “red edge” is the
region of abrupt change in the leaf reflectancevbeh 680 and 780 nm due to the combined effect of
strong chlorophyll absorption in the red and highectance in the near-infrared wavelength reggiltin
from internal scattering in the spongy mesophilibi(er et al. 1988 Could the presence of the red-
edge band in WorldView-2 enhance the ability ofdoicgng the occurrence of invasi¥ odorata in
forest canopy gaps?

Ancillary environmental data such as distance froads/trails, distance from rivers, distance from
forest edges that have been used to predict thebdison of speciesHranklin 1995; Yang et al.
200§ Vaclavik and Meentemeyer 2Q09lasocha and Skidmore 201dan be easily generated from
remote sensing imagery. The question is: Can thegiation of ancillary environmental data with
WorldView-2 data increase the accuracy of predictine probability of occurrence of invasi@
odorata in forest canopy gaps? We used Dukuduku CoastaisFof KwaZulu-Natal province, South
Africa as a case study to test the afore-mentioaeslimptions. Mapping the occurrence of the
invasive species in forest canopy gaps rather tteactual cover is important sin€& odorata
occupies the canopy gaps mixed with other speagespposed to growing understorey due its light,
space and soil moisture requiremehitshi et al. 2006

Capitula

Inflorescence

Flewering branch

Flowering stem

Fig. 1Schematic representation ©firomolaena odorata morphology(Source: Joshi et al. 2006)

Sudy area

This study was undertaken in Dukuduku forest, Hrgdst remaining patch of subtropical coastal
forest in KwaZulu-Natal, South Africa (28°38'33"8&32°31'67"E). Fig. 2. The study area has an
area of about 3172.43 hectares. On the westernthigldorest is surrounded by the sugar plantation
farms and theé=ucalyptus plantations, while on the eastern side are villages practise subsistence
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farming. The climate of KwaZulu-Natal is subtragicwith high summer precipitation and high
temperatures of over 33°C (between September anf).Apinters are generally cooler (below 8°C),
with the annual sea surface temperature of 15°€.arba receives annual rainfall of about 1 600 mm
(Luwum 2003.

32°10'30'E 32°14'20"E 32°1810"E 32°22'0'E 32°25'50'E
1 L ! L L L N 1 1

F28°15'5"S

-28°17'0"S

28°18'55"S

t28°2050"S

28°22'45"S

-28°24'40"S

-28°26'35"S

-28°28'30"S

-28°30'25"S

-28°32'20"S

Fig. 2 The location of the Dukuduku forest in KwaZulu-BlatSouth Africa.

Image acquisition and pre-processing

WorldView-2 image (acquired on 01 December 201@h\8ispectral bands and at a 2 meter spatial
resolution was used for the delineation of foregigy The delineated forest gapsy( 3 were derived
from WorldView-2 data using object-based image ysial (OBIA), with a 93.69% overall accuracy
(Malahlela et al. in revie)y The image was geo-referenced to Universal ense Mercator (WGS
84), mosaicked and clipped to the study area. ifegery was geometrically corrected by the
supplier (geolocation accuracy < 3.5m CE90, asifipdcby Digital Globe), and the atmospheric
correction was done using the AtCOR 2/3 softwarstrithuted by ReSe® Applications. The
atmospheric correction was based on the MODTRANGdslute, which is a ‘narrow band model’
atmospheric radiative transfer code — with spectiage of between 0.2 to 100 pBe(k et al. 1998
The atmospheric conditions specified in the AtCGRvgare for this image processing was the
‘tropical rural’ conditions due to the nature oétstudy area.
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Fig. 3 Delineated forest gaps comprising of non-veget@ipger) and vegetated (lower) gapsa(ahlela et
al. in review).

Field data collection

Field data were collected on two occasions andfiardnt seasons (July and October 2011) because
of logistical constraints. The data collected uigld the location of forest canopy gaps (usingaVist
eTrex ™ GPS, with maximum spatial accuracy of 4 m), as aslthe presence/absence of invasive
species Chromolaena) in forest gaps. The collection of the data followeetine transect method. A
total of 13 line transects were visited acrossftinest, each with the minimum length of about 1 km.
A simple random sampling technique was applied,re/iees were randomly pre-selected to cover
most parts of the forest. In total, 115X 115) forest gaps were visited in the field. Wedi&/3 ( =
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77) of the data to construct a logistic regressiwdel while 1/3 f = 38) of the data was used to
validate the model.
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Fig. 4 Schematic representation of workflow followed dgringistic regression modelling.

Data analysis

The relationship betweed. odorata presence/absence, environmental data and remamgetata
was modelled in logistic regression as showhim 4. A logistic regression was conducted for 3 sets
of variables, i.e. (a) environmental variables ofilyable 1), (b) spectral variables only and (c)
combined environmental and remote sensing variablastepwise logistic regressioraple 1.
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Tablel

Ancillary environmental variables and WorldView-2 data variables used for modelling

Variable

Processing

Layer

Elevation
(ELEV.)

Aspect
(ASPECT)

Canopy gaps
characteristics (size and
perimeter)
(GAPSIZE,
PERIMETER)

Distance from roads
(RDDIST)

The digital elevation model (DEM) layer|
was generated from the 15 meter conto
lines of the study area

Generation of the DEM is based on th
algorithm ANUDEM, which calculates
values on a regular grid of a discretise]
smooth surface fitted to a large number
irregularly spaced elevation data pointg
contour line data and stream line daf
(Hutchinson 1996).

Aspect layer was generated from a 1
meter DEM with the help of Spatial
Analyst tool in ArcGIS software

Gap size and gap perimeter layers we

generated from the WorldView-2 deriveq \

delineated forest canopy gaps. Fore
canopy gaps were delineated in objed
based image analysis using the modifig
plant senescence index (Merzlyak et &
1999). This technique yielded the highes
accuracy of 93.69% when compared f
pixel-based classification, and therefor
the results were used to derive forest g4

size and perimeter.

Distance from roads was generated from
road dataset in ArcGIS. The distancq
from roads were calculated from the foreq
gaps to the closest roads/paths. TH
forest’s boundaries are mainly the mai
roads (national tar roads) and the gravi
roads created for demarcating agricultur
plantations. Distances were measured

meters (M)

T vnun
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Distance fromrivers ~ The distance from river map was derive

(RVDIST) from river and streams dataset of the stuc‘;*w % '

area. The generation of this map was do
in ArcGIS. The distance was calculate

Jpoe %
from the nearest stream to the forest gap 48 J

determine the influence of rivers to thd o
distribution of invasive species. Thq / /“‘E '''''' B
distances were measured in meters (m). y &
AVR®, &
<«
Vegetation indices Two sets of vegetation indicesentested See table 2

for the regression. These sets are (i)
indices that are commonly derived from
conventional sensors, and (ii) indices that
can be derived from WorldView-2

imagery. A total of seven (7) vegetation
indices were tested for this study (Table 8).

Ancillary environmental variables

Ancillary environmental variables and WorldView-2atd variables were used for modelling.
Ancillary environmental data were used based oir thigortance as factors driving the distribution
of C. odorata as described in the introduction and availabilifyhe ancillary environmental dataset
included digital elevation model (DEM) layer, asp&yer (ASPECT)), distance from roads layer
(RDDIST), distance from rivers layer (RVDIST), gajze layer (SIZE), distance from forest edges
(FSTEDGE) and gap perimeter layer (PERIMETER){e J).

Soectral data

Spectral dataset was processed as vegetation sndide opted to use vegetation indices as
individual bands on their own do not yield any #igance relationships with species occurrence
(Verstraete and Pinty 19R6A number of vegetation indices such as the Nbma@ Difference
Vegetation Index (NDVI), the Red edge Normalizedfé&ence Vegetation Index (NDVIr), the
Normalized Green Vegetation Index (NDVIgr), the ISaljusted Vegetation Index (SAVI), the
modified Plant Senescence Reflectance Index (mRS®M)ple Ratio Index (SRI), the Enhanced
Vegetation Index (EVI), the Normalized Pigment Ghjghyll Index (NPCI), and the Atmospherically
Resistant Vegetation Index (ARVI) were computedrfriVorldView-2 image These indices were
treated individually as separate input variablaspi@diction. These indices fallen into either loé t
two sets, i.e. (i) indices that can be commonlywvaer from conventional sensors such as Landsat, and
(if) indices that can be derived from WorldView+Badgery. A total of eleven (11) vegetation indices
were tested for this study#dble 1and R
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Table2
Vegetation indices selected for the study

Index Formula

Application Reference

NDVI NDV] = £8337Psco

P833tPe60

Traditional index used to monitorJackson et al.(1983)
vegetation vigour, health, vegetation

cover and biomass. Values range from -

1(bare surfaces) to 1(green plants).

NDVIr _ Ps33 — P72s5

NDVIr =
Pe33tTP725

New WorldView-2 index that improves Gitelson and
the detection of vegetation healthMerzlyak (1994)
greenness, and biomass estimation. It is

computed from the red edge band

centered at 725nm, instead of a red band

centered at 660nm as in NDVI. Values

range from -1(bare surfaces) to 1(green

vegetation).

SRI

(various) DPé60

SRI = —

Ps33

Used for mapping vegetation health andsrar (1989)
condition. It is high in very healthy

vegetation and low in stressed vegetation

or non-vegetated areas.

mPSRI Ps60 — P4so

mPSRI =
P725

New WorldView-2 index used for Merzlyak et al.(1999)
detecting of leaf senescence, plant

physiological stress and fruit ripening.

Values range from -1(stressed canopy) to

1(less stressed canopy).

__ P83z ~ Psas

NDVIgr
Pg33 T Psas

NDVIgr

Traditional index that works similarly to Gitelson et al.(1999)
NDVI and additionally measures the
greenness of vegetation.

EVI

P833 — P660 )

EVI =25 (
Pg33 + 6P660 — 7-5Pag0 + 1

The enhanced vegetation index (EVI) ituete et al.(1997)
an 'optimized' index designed to enhance

the vegetation signal with improved

sensitivity in high biomass regions and

improved vegetation monitoring through

a de-coupling of the canopy background

signal and a reduction in atmospheric

influences.

ARVI Ps33 — (2P660 — Paso)

ARVI =
Ps33 + (2P660 — Paso)

An enhancement to the NDVI that isKaufman and Tanre
relatively resistant to atmospheric factor§1996)

(for example, aerosol). It uses the

reflectance in blue to correct the red

reflectance for atmospheric scattering. It

is most useful in regions of high

atmospheric aerosol content, including

tropical regions contaminated by soot

from slash-and-burn agriculture.

NPCI Pe60 — Pa2s

Pe60 T Pazs

NPCI =

The normalized difference pigmentPefuelas et al. (1995)
chlorophyll index (NPCI) was developed

especially for the detection of the

chlorophyll content of crops.

SAVI Ps30 — Peso

SAVI = (—
Ps30tPeso + 0.5

)*(1+o.5)

Traditional index used also for vegetatioHuete et al. (1997)
monitoring, biomass and vegetation

health. It improves on NDVI by

compensating for soil-background.
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Modd calibration

The datasetn(= 77) was randomly split into 2/ 38) for model calibration. The calibration
dataset was used to train the model for invasieeisp occurrence using the R statistical softwére.
stepwise logistic regression model was used fanplit variables. In stepwise logistic regressem,
attempt is made to eliminate any insignificant &hle from the model before adding a significant one
to the model and to deal with multi-collinear vlfes. We used forward elimination procedure to
select suitable variables in the final modelagel et al. 1999 The choice of the forward stepwise
logistic regression model was dictated by the linarature of the response variable
(presence/absence), its simplicity for embeddinGli& software {ang et al. 2006and its popularity
amongst all other predictive modeldgnel et al. 1999; Aspinall 20)2 Logistic regression is given
by the following equation:

eBot+B1x1+B2X2+Bnxn

= 1+eBotB1x1+B2x2+Bnxn (1)

whereP is the probability of occurrencg, is the explanatory variablg, are the coefficient af,, £,
is the intercept and is the exponent function of the model. The fimmdel goodness of fit was
measured by the deviand®®( which is an analogy to a coefficient of deterniioa (R?) peculiar to
logistic regression modeRpssiter and Loza 20).2TheD? is obtained from the following equation:

DZ _ (residual deviance)

null deviance (2)
Each variable removal or addition from or to a mosldisted as a separate step in the model output.
The model with the highe®§? and lowest Aikaike’s Information Criterion (AIC)as selected as the
most ideal model because it has the besEik(2003.

Mode validation

One-thirds of the datan(= 38) was used for validating the predictive modghe predicted
probabilities ), which ranged from values between 0 and 1, repttesl the increasing probability of
C. odorata presence in forest canopy gaps. A range of thtdsheas explored to determine the
optimum threshold level for predictin@ odorata presence/absence (P/A) in forest gaps. The study
by Manel et al. (1999previously suggested a probability threshold vadfied.5 as the optimum
threshold value for species prediction, although ¥alue may not be ideal in all circumstancesr Fo
this study, we tested probability thresholds of 8.2.9. A 2 x 2 error matrix table (with rows
indicating predicted cases and columns indicatipgeoved cases) was plotted for a threshold value
that yielded the highest mapping accuracy. The av@napping accuracy is defined as the total
number of the correctly predicted test cases tadte number of test samples, and is presented as
percentage Hielding and Bell 1997 The table compares the predicted values (fromotimum
threshold value) with the observed field dat&obdorata distribution.

The area under the ROC (AUC) has been used in aesardies in order to understand the
robustness of the model for a binary classifieggn 1975; Swets et al. 2000; Fawcett 2006; MedCal
2014. The AUC value of 0.5 indicates that the modmumacy is equal to the random prediction,
while the value of 1.0 shows the perfect model(fitldwin 2009. In essence, the AUC has a
guantitative measure on a 0.0 to 1.0 scale, wigHdHowing grading levels:

e < 0.6 indicates a poor model



261 0.6 —0.7 indicates a pass model

262 0.7 -0.8indicates a good model
263 * >0.9 indicates an excellent model
264 Furthermore, the sensitivity and specificity anelyaas performed across the probability range

265 from 0.2 — 0.9. For binary error matrix, sensithvis defined as the proportion of correctly classif
266  presence to the total number of presences in gtestamples. On the other hand, specificity is the
267  proportion of correctly predicted absence to thaltoumber of absence in test samplésifling and
268  Bell 1997.

269  Results
270  Logistic regression

271 The combined environmental and spectral data mexgplained 71 % of the variance in te
272  odorata presence/absence daBf € 0.71,p < 0.05), which was the highest when compared ¢o th
273 spectra data onlyD¢ = 0.30,p < 0.05) and ancillary environmental data orl}f € 0.52,p < 0.05)
274  models. From the integrated stepwise logistic motked of the environmental variables (distance
275  from rivers and distance from roads) were signifiatp < 0.05. These environmental variables have
276 shown negative relationship to the presence/abs#i€eodorata in the forest gaps, @t< 0.05.

277

278 Table3

279  The results of three logistic regression modelsthed significant (shown by * and °) and non-sfgaint
280 variables.

281
Data Source  Predictor Estimate Std. Error zvalue p value
(Intercept) 5.9560 2.2394 2.2660 0.007 **
Environmental Distance from rivers - 0.0059 0.0023 -2.601 0.609
Variables Distance from roads -0.0033 0.0014 - 2.400 0.016 *
(D*=0.52) Elevation - 0.0230 0.0334 - 0.689 0.490
Aspect 0.0029 0.0051 0.582 0.561
Gap Size 0.0275 0.0200 1.372 0.169
Distance from edges -0.0013 0.0013 - 0.982 0.326
Gap perimeter - 0.0509 0.0363 -1.401 0.161
(Intercept) - 273.080 273.274 - 0.999 0.317
NDVIgr 14.506 14.632 0.991 0.322
SRl r 803.929 380.604 2.112 0.035*
SRI_IR -1.900 1.021 -1.861 0.063
WorldView-2 SRI re - 281.530 143.338 -1.964 0.050 *
Variables NDVIr - 361.554 190.469 -1.898 0.058
(D?=0.30 ) mPSRI - 347.555 163.974 -2.120 0.034 *
' SAVI 1861.780 1066.201 1.746 0.081
NDVI - 1907.697 1460.870 - 1.306 0.192
ARVI - 322.005 192.147 -1.676 0.093
NPCI 10.572 21.089 0.501 0.616
EVI - 0.986 4,297 -0.229 0.819
(Intercept) 114.600 62.26 1.840 0.066
Combined D@stance from rivers - 0.0200 0.0100 -2.121 0.633
Model Distance from roads -0.0100 0.0000 -2.225 0.026 *
(D?=0.57) NDVIr - 38.110 24.770 -1.538 0.123
' SAVI - 76.920 42.190 -1.823 0.068

mPSRI - 291.80 167.70 -1.740 0.081
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300

301

302

303

304

305

306

307

308

309

310
311

312

313
314

NDVIgr 68.910 51.750 1.823 0.183

EVI -19.000 10.780 -1.763 0.078
Elevation -0.0900 0.0500 -1.922 0.050
Sgnificance codes. (), 0.1 (*), 0.05 (**), 0.01 (***), 0,001

The elevation was the only environmental variablthwva significant negative relationship to the
presence/absence of invasive speges 0.05). Additionally, from this model, three ofetispectral
data variables (mPSRI, SAVI and EVI) were significatalpha < 0.1. All of the vegetation indices
have shown negative correlation to the invagivexdorata presence/absence in forest gaps. On the
other hand, the NDVIgr showed a positive relatigmsb the presence/absence dat&obdorata in
forest gapgTable 3. The results from environmental data-only mdule shown that the intercept
(p < 0.01), distance from roads € 0.01), and distance from roads/paths (0.05) were significantly
correlated to species presence/absence. Amongt@emental data only model, the distance from
rivers was the most significant positive variabtepa< 0.01. Amongst WorldView-2 data only
model, six of the variables were significant, witd Simple Ratio Index (SRI_r, computed from
red/NIR1), the red edge Simple Ratio Index (SRl c@mputed from red edge/NIR1) and mPSRI
were significantly correlated to the species presfbsence in the forest gapgpat 0.05.Figure5
shows the predicted probability of occurrence ghsive species across the delineated forest gaps.

Overall, the integrated step-wise logistic regr@ssnodel has shown an improvement of over 36%
compared to environmental variables only.
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Fig. 5 A predicted probability map indicating the occmee of Chromolaena odorata in delineated forest
gaps at the Dukuduku forest.

Model validation

The predictive model (binary outcome value rangd.6f — 1.0) was validated using probability
threshold values as showntizble 4 The highest prediction accuracies were obtaatetthreshold
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range between 0.2 and 0.3 (both at 87%). The bigtensitivity rates (defined as the proportion of
correctly classified presence to the total numidepresences in the test samples) were observed at
similar threshold range (87%). The highest spéatyfiates (specificity is the proportion of corrgct
predicted absence to the total number of absendesinsamples) were obtained at the threshold
values of 0.8 and 0.9 (both at 86%jg|ding and Bell 1997 The 2 x 2 error matrix table for a
probability threshold of 0.2 and 0.3 is showridhle 5

Table4
Statistics for evaluating model performance acpwvebability threshold values

Probability Threshold

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Prediction

Accuracy 0.87 0.87 0.84 0.84 0.84 0.82 0.82 0.79
(%)

Sensitivity 0.87 0.87 0.84 0.84 0.84 0.81 0.81 0.77
(%)

Specificity 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86
(%)

Table5

Predicted outcomesy)( from logistic regression oiChromolaena odorata vs. the observed field data at
probability threshold of 0.2 and 0.3 € 0.3)

Predicted Occurrences

Presence Absence Total
Observed Presence 27 4 31
Occurrences
Absence 1 6 7
Total 28 10 38

The robustness of the model (curve) was also meddwy the Area Under the Curve of receiver
operating characteristic (ROC) curve (Fig. 6). Vaéidation dataset yielded an AUC of 0.89pat
0.001, which shows that the model used for premtictvas significant. The diagonal line in the model
represents the strategy of randomly guessing & ¢fasvcett 2005 If the curve bends towards or
below the diagonal line (decreasing sensitivity} ihdicates a poor model. A good model is the one
whose curve bends towards the north-western diredf the plot Fawcett 2006 Our ROC shows
that our curve bends towards the north-westerrctiine, and hence an AUC of 0.89.
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Fig. 6 The ROC curve derived from validation dataset 38) across different probability thresholds. The
dotted line indicates a line of no-discriminatisari{dom guess) while the red line indicates seisitand
specificity of model across different thresholdues.

Discussion

The findings of the study suggest that there islationship between WorldView-2 spectral bands
and the presence/absence of invastveodorata (Table 3). The model that combined the
environmental variables and spectral variablesdgi@l the highest prediction accuracy, which
underscores the importance of such variables iptadiction ofC. odorata in forest gaps@zdemir
and Karnieli 201} (Fig. 7). This integration is necessary since tbeir own, the ancillary
environmental variables or WorldView-2 data do wigtid prediction accuracies greater than 60%.
The general trend depicted by the predictive mathelws that the probability of occurrence @f
odorata tends to increase in forest gaps that are lesdategethan those that are densely vegetated.
This trend is supported by observing the predicthazlel’s spectral estimates of the NDVIr, mPSRI,
SAVI and EVI, most of which are significantly colaited with the presence and absence data. of
odorata. A negative estimate of red edge band (used tqputerNDVIr) means that the presence of
C. odorata decreases with increasing density of vegetationarasncrease in reflectance at this
spectral region (705 — 745 nm) is associated wiitreilases in vegetation densities or biomass
(Knipling 1970. Similar findings were achieved byshi et al. (2006who observed tha. odorata
does not thrive in densely vegetated forest afBais. characteristic is very important to this ingad
in that it satisfies the light requirement of thgesies in question. These findings show that ¢ake r
edge is significant in mapping the probability cEorrence ofC. odorata.

Previous studies have highlighted that the planeseence reflectance index (PSRI, from which
mPSRI was derived) is sensitive for detecting seingdeaves and to detect physiological stress at
different developmental stages of plantée(zlyak et al 1999; Pefuelas et al 1994; Hatfieiul
Prueger 2010 In the same light the mPSRI (which uses blueraddedge band, instead of green and
NIR) indicated that increase in plant stress inetated forest gaps increases the probabilitg.of
odorata presence. This is true when observing the negaenate of mPSRI (-291.80,< 0.08)
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since a negative estimate indicates the stresggetated area, while the positive estimate indicates
less stressed vegetated arddsr¢lyak et al 1999 The enhanced vegetation index (EVI) has long
been used to assess vegetation biomass in differemes, and it is already established that inereas
in EVI values is associated with increase in thesig of vegetationHuete et al 1997 Conversely,

our study has found that decreases in EVI valuasssciated with the probability of invasive spgscie
presence in forest gaps, which is an indication léss vegetated forest gaps are prone to invasion
than their vegetated counterparts. These findings especially true considering the negative
correlation between invasive species distributiod 8AVI, which is known to improve on NDVI by
compensating for soil backgrounduete et al. 1997
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Fig. 7 Model accuracy comparison amongst enviroriatatata-only model (Envir), WorldView-2 data-only
(WV-2) and a combined environmental and WorldViewaa model (Comb).

The environmental variables such as distance frivers/streams and aspect were found to be
negatively significant in determining the presermtel absence of. odorata occurrence. The
implication is that as one advances closer to theass, the probability of findin€. odorata
increases, and this is in line with the findingsJmghi et al. (2006andVan Gils et al. (2006yvho
found areas closer to roads and edges to be nketg lhvaded byC. odorata. The tap root system of
this species gives it a competitive advantage wxager and ensures its stability in invaded habitats
The results also showed that the probability oasive species occurrence increases with the decreas
in elevation. This is true since in troposphere iacrease in elevation results in decrease in
temperature, and thereby inhibiting the occurrenteplant species that are adapted to warmer
conditions. Additionally, one is more likely tmdl invasive species in north facing slopes, themn t
south facing slopes, as showniable 3 This is due to the fact that north-facing slopeghe
southern hemisphere are warmer than south-facmgeslfAdams 201) The species triumphs in
areas that are open, with appropriate light anghéature ranges of between 20 - 37°C, and hence the
increase in slope direction (towards the northyaases probability of finding. odorata (Gareeb
2007). Our study also highlighted that invasi@e odorata prefers forest gaps that are closer to the
streams due to their competitive nature for water essential mineral resources. This trend isnie li
with the findings byGoodall and Zacharias (200@ho observed that this invasive species prefers
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forest margins and is often found along rivers weans. Roads and forest edges serve as the
alleys/corridors through which the seeds of thiscegs are dispersed, especially considering the fac
that they require wind as a dispersal mechanismti@nwhole, the pattern of the probability of
occurrencef(g. 5) indicate thaiC. odorata is less likely to occur in pristine forest thantire areas
that are open, such as closer to the roads oe @&dbes of fores¢shi et al. 2006

Management of invasive species

The management of invasive species suck.aadorata has been debated in different countries,
globally. For exampléierren-Gemill (1991gescribed the need to contl odorata due to its high
frequency of occurrence in invaded fallow site$\iast Africa. From the conservation point of view,
management and control priority should be focusethe species’ habitat and future distribution of
speciesRowe 1992)and not solely on the degradation levels causethigyspecies@oodall and
Erasmus 1996 Mapping the probability of occurrence of invasispecies in its potential habitats
(forest gaps) is crucial to the management geawdrds eliminating such specidhe output maps
serve as a guideline to fieldworkers and forestagars for the identification of probable habitdts o
C. odorata and for man-power recruitment.

Fig. 8 Probability maps are crucial to the managementwsive species. In these picture frames the
researcher (Primary author of this paper) pregéetprobability maps to the field workers who were
tasked to eradicate invasi@hromolaena odorata in across the forest.

In South Africa, for example, there are projectst thre aimed at eradicating invas@eodorata in
the coastal forests, such as the Dukuduku forfestd), where field workers are assigned to walk
randomly through the forest to eradicate visiblagive species. The modeling of invasive species
probability of occurrence could potentially asaiseliminating the random search of invasive specie
by providing key indications of areas of high proitity of occurrence. Additional environmental
data variables such as mean annual temperatupipmgon, soil data (pH, texture, moisture), abul
potentially improve the prediction power of the rabdrhe application of predictive models such as
Maxent has also shown to increase the predicticaracy of species presence/absence data but has
not been used for the studya(mar and Stohlgren, 2009
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3.6 Conclusion

The additional bands present in WorldView-2 banudsdases the capability of the sensor in the
mapping of the probabilityC. odorata presence/absence in subtropical forest canopy gdies
compared to ancillary environmental variables. Thproved accuracies are derivable when using
WorldView-2 data products such as vegetation irglidde environmental data-only model explained
about 52% of the presence/absence of invaSiedorata presence or absence in forest gaps. The
final combined model of WorldView-2 spectral datadaancillary environmental data increased
predictive model accuracy to 719%% = 0.71; WorldView-2 data added) from 52 9®D{ = 0.52;
environmental data only), which emphasizes the g of integrating WorldView-2 with the
ancillary environmental data for invasive specieapping. From the selected model, all other
vegetation indices have shown the expected pattethe distribution ofC. odorata in forest gaps,
except the green normalized difference vegetatiotlex (NDVIgr), which has shown to be
insignificantly positively related to invasive spexin forest gaps. Although this variable contrésl

to the model, its implication to invasive specieswrence is subject to further investigation.
Exploring the indices centered on new bands of WAG2h as coastal band, yellow band and near-
infrared-2 could potentially increase the accuraicgrediction, rather than red edge-centric analysi
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