
SUPPORTING INFORMATION 

 

ORGINAL ARTICLE  

 

High spatial resolution mapping identifies habitat characteristics of the 

invasive vine Antigonon leptopus on St. Eustatius (Lesser Antilles) 

 

Authors: Elizabeth A. Haber, Maria J. Santos, Pedro J. Leitão, Marcel Schwieder, Pieter 

Ketner, Joris Ernst, Max Rietkerk, Martin J. Wassen, Maarten B. Eppinga* 

 

Received 12 December 2019; revision accepted 17 January 2021. 

 

Corresponding author; e-mail: maarten.eppinga@geo.uzh.ch 

  

mailto:maarten.eppinga@geo.uzh.ch


Supplementary Text 

In the Material and Methods section of the main text, we provide an overview of the 

classification procedure using a Support Vector Machine (SVM). In this Supplementary text, 

we provide further details regarding the following components of the procedure: i) the 

radiometric and atmospheric correction of the WorldView-2 image (part of Step 0 in the main 

text); ii) the selection of the 10 independent, most-explaining variables to be considered 

within the SVM classification (part of Step 2 in the main text); iii) Cross-validation to 

evaluate SVM model performance iv) the post-processing steps that were performed after 

obtaining a Coralita distribution map from the SVM procedure (also part of Step 2 in the main 

text).    

 

RADIOMETRIC AND ATMOSPHERIC CORRECTION OF THE WORLDVIEW-2 IMAGE 

As noted in the main text, this study used a cloud-free image including St. Eustatius that was 

taken on 24 August 2014 by the WorldView-2 satellite sensor (DigitalGlobe Inc., 

Westminster CO, USA). This image was then orthorectified (i.e. removing the distorting 

effects of the satellite’s tilt and elevation differences on the ground) using a high spatial 

resolution Digital Terrain Model (DTM) (Mücher et al. 2014) and user-supplied ground 

control GPS points (see Step 2 in the main text for further details). In addition, a radiometric 

correction was applied to convert radiance values as sensed by the satellite to top of 

vegetation canopy reflectance. Specifically, this was done with the Modtran radiative transfer 

model, using the tropical marine atmospheric definition and condition settings as 

implemented in the ATCOR 2 software (Richter & Schläpfer 2016). The resulting pre-

processed image (i.e. the product after orthorectification and radiometric correction) was 

purchased from a commercial vendor (Geographic Information Management NV, Leuven, 

Belgium). On the resulting image, Coralita patches are already visible in the RGB image, and 



the spectral profile of Coralita is particularly distinct in the Red, Red-edge, and near-infrared 

(NIR1 and NIR2) bands of the WorldView-2 sensor (Fig. S2).  

 

VARIABLE SELECTION PROCEDURE FOR THE SUPPORT VECTOR MACHINE CLASSIFICATION 

We used the multi-spectral WorldView-2 image to derive input variables to test for inclusion 

in the SVM classification. As noted in the main text, these variables included the reflectance 

measured in the 8 spectral bands of WorldView-2, 20 vegetation indices, and 64 texture 

variables (a total of 92 variables).  The 20 vegetation indices were chosen based on their 

reported success to classify vegetation in other studies using WorldView-2 data (Oumar & 

Mutanga, 2013, Nouri et al. 2014, Table S1); these include indices related to chlorophyll 

concentration, water stress, photosynthetic efficiency, and leaf senescence.  Vegetation 

indices were calculated with R package raster (Hijmans et al. 2015). We also included texture 

metrics as inputs to the SVM, which are metrics of landscape heterogeneity.  Measures of 

texture were incorporated into this study for two reasons: (1) the leaves in large Coralita 

patches produce a regular, carpet-like pattern which could be quantified (E.A. Haber pers. 

observation), and (2) including texture variables in vegetation classifications is shown to 

increase the accuracy of classifications (Khatami et al. 2016).  For this aim, we computed 

eight rotation-invariant gray-level co-occurrence matrix (GLCM) texture variables (window = 

3 x 3 pixels) for each of the 8 spectral bands of the WorldView-2 image (Haralick et al. 

1973), resulting in a total of 64 texture variables.  GLCM variables were calculated using R 

package glcm (Zvoleff 2016). The Mean value of the GLCM matrix can differ from the mean 

reflectance value, as reflectance in pixel pairs is considered, and weighed according to the 

frequency of occurrence of those pairs (e.g. Jiang et al. 2016). Homogeneity and angular 

second moment are texture metrics indicating the degree of similarity among neighboring 

pixels (e.g. Wood et al. 2012). In contrast, the texture metrics Dissimilarity and Entropy 



indicate the degree of variation among neighboring pixels, and Correlation indicates how this 

variation changes with distance between pixels (e.g. Wood et al. 2012).    

Although SVMs are non-parametric classifiers, they can still be sensitive to the 

Hughes phenomenon, i.e. decreasing model accuracy with increasing input parameters 

(Waske et al. 2010).  For this reason, and for ease of interpretation and computational 

constraints, we chose to reduce the number of input variables to ten. We used an iterative 

process to select the final input variables to construct the SVM model. In the first step of 

variable selection, we determined which of the combined eight spectral bands of WorldView-

2 and the 20 vegetation indices needed to be removed to ensure sufficient independence of 

input variables (tested with Pearson’s correlation coefficient, Dormann et al. 2013). In cases 

of high collinearity (Pearson’s |r| > 0.7) between two input variables, we aimed to remove the 

variable that would be the least informative to the final SVM. Therefore, we already 

performed a preliminary SVM procedure, the details of which were described in the main 

text. In the preliminary procedure, we ran 200 iterations of SVM models including all the 28 

reflectance and vegetation indices and ranked them according to the resulting average relative 

SVM feature weights (Ustün et al. 2007, Marvin et al. 2016) of each variable. The feature 

weights quantify the contribution of the input variables to the support vectors that best 

separate the two classes in the training data. Subsequently, for each case of high collinearity, 

the variable with the lowest average relative SVM feature weight was removed. This first step 

in the preliminary procedure yielded ten sufficiently uncorrelated (Pearson’s |r| < 0.7) input 

variables. In the second step, we repeated this procedure with the 64 GLCM texture variables. 

This second step yielded eight sufficiently uncorrelated input variables. Lastly, we repeated 

the procedure with the 18 remaining variables from steps one and two and we chose the ten 

highest weighted, sufficiently uncorrelated variables as the final selection of variables to be 

included in the SVM. In the main text, the boxplots were ordered from the variable with the 



highest feature weight (Total Red-edge Slope, TRES, Fig. S6) to the variable with the lowest 

feature weight (the texture metric correlation for Near-Infrared band 1, NIR1, Fig. S6).  

 

CROSS-VALIDATION TO EVALUATE SVM MODEL PERFORMANCE  

As noted in the main text, the performance of a SVM is defined as its ability to 

correctly assign the training data to the Coralita and not-Coralita classes. However, direct 

estimates of performance tend to be overly optimistic, and therefore reduces the 

discriminatory capacity of different tuning runs with varying values of the cost and gamma 

parameters. Cross-validation provides a means to obtain a more accurate evaluation of model 

performance (Pouteau & Collin 2013). Here, we used a ten-fold cross-validation. In practice, 

this means that the training dataset is split into 10 (equally sized) subsets. In one validation 

run, nine of these subsets are used as data to train the SVM, and this trained SVM is ‘tested’ 

on the remaining subset. Quotations are used, as this test is performed on 1/10 of the training 

dataset, rather than the ‘true’ test data used later when determining model accuracy (see main 

text). In the 10-fold cross-validation, this procedure is repeated ten times, so that each subset 

is used nine times as training data and one time as ‘testing’ data. The performance of the 

tuning run (i.e. for a specific set of cost and gamma values) is then measured as the sum of the 

ten tests performed in the 10-fold cross-validation. Thus, through cross-validation, 

performance is measured using data that was not already used in the training stage, reducing 

the risk of overfitting and providing overly optimistic measures of performance.  

 

POST-PROCESSING PROCEDURE OF THE OBTAINED CORALITA DISTRIBUTION MAP 

Several post-processing steps were employed after the classification to prepare the 

map for further statistical analysis.  A majority filter was applied to the final map to remove 



isolated pixels in the classification.  Then the classification map was generalized to remove 

patches smaller than 16 contiguous pixels.  Sixteen pixels corresponds to 64 square meters, 

which we consider the size of an established patch of Coralita; since Coralita spreads clonally, 

the larger the size of a patch, the older the patch is predicted to be (but see De Witte & 

Stöcklin, 2010).  Choosing this patch size aims to lessen the chance that a newly-established 

or transient patch is included in the map.  If such patches were included, they could introduce 

errors in the classification given that there is a delay of almost a year between the time of 

image capture and the time of the ground survey.  Post-processing of the SVM classification 

was done in ArcGIS v 10.3 using the Majority Filter, Region Group, Set Null, and Nibble 

tools (ESRI 2014). 

  



LITERATURE CITED IN SUPPLEMENTARY TEXT 

CARTER, G. A. 1994. Ratios of leaf reflectances in narrow wavebands as indicators of plant stress. Int. J. Rem. 

Sens. 15(3): 697-703. 

COOPS, N. C., C. STONE, D. S. CULVENOR, and L. CHISHOLM. 2004. Assessment of crown condition in eucalypt 

vegetation by remotely sensed optical indices. J. Env. Qual. 33(3): 956-964. 

DORMANN, C. F., J. ELITH, S. BACHER, C. BUCHMANN, G. CARL, G. CARRÉ, J. R. G. MARQUÉZ, B. GRUBER, B. LAFOURCADE, P. J. 

LEITÃO, T. MÜNKEMÜLLER, C. MCCLEAN, P. E. OSBORNE, B. REINEKING, B. SCHRÖDER, A. K. SKIDMORE, D. ZURELL, and 

S. LAUTENBACH. 2013. Collinearity: A review of methods to deal with it and a simulation study evaluating 

their performance. Ecography (Cop.). 36: 027–046. 

FILELLA, I., T. AMARO, J. L. ARAUS, and J. PEÑUELAS. 1996. Relationship between photosynthetic radiation‐use 

efficiency of barley canopies and the photochemical reflectance index (PRI). Physiol. Plantar. 96(2): 211-

216. 

GAMON, J. A., and J. S.  SURFUS. 1999. Assessing leaf pigment content and activity with a reflectometer. New 

Phytol. 143(1): 105-117. 

GAO, B. C. 1996. NDWI—A normalized difference water index for remote sensing of vegetation liquid water 

from space. Rem. Sens. Environ. 58(3): 257-266. 

GITELSON, A. A., M. N. MERZLYAK, and H. K. LICHTENTHALER. 1996. Detection of red edge position and chlorophyll 

content by reflectance measurements near 700 nm. J. Plant Physiol. 148(3-4): 501-508. 

GITELSON, A. A., Y. ZUR, O. B. CHIVKUNOVA, and M. N. MERZLYAK. 2002. Assessing Carotenoid Content in Plant Leaves 

with Reflectance Spectroscopy. Photochem. Photobio. 75(3): 272–281. 

HARALICK, R. M., K. SHANMUGAM, and I. DINSTEIN. 1973. Textural Features for Image Classification. IEEE Trans. Syst. 

Man, Cypernetics 3: 610–621. 

HIJMANS, R. J., J. VAN ETTEN, J. CHENG, M. MATTIUZZI, M. SUMNER, J. A. GREENBERG, O. P. LAMIGUEIRO, A. BEVAN, E. B. 

RACINE, and A. SHORTRIDGE. 2015. Package “raster”: Geographic Data Analysis and Modeling. 242.  

HORLER, D. N. H., M. DOCKRAY, and J. BARBER. 1983. The red edge of plant leaf reflectance. Int. J. Rem. Sens. 4(2): 



273-288. 

HUETE, A., K. DIDIAN, M. TOMOAKI, E. RODRIGUEZ, X. GAO. and L. G. FERREIRA. 2002. Overview of the Radiometric and 

Biophysical Performance of the MODIS Vegetation Indices. Rem. Sens. Environ. 83(1-2):195-213. 

JIANG, D., M. HAO, M., and J. FU. 2016. Monitoring the coastal environment using remote sensing and GIS 

techniques. In M. Marghany (Ed.) Applied studies of coastal and marine environments. pp. 353–383, 

Intech, Rijeka, Croatia. 

KAUFMAN, Y. J., and D. TANRE. 1992. Atmospherically resistant vegetation index (ARVI) for EOS-MODIS. IEEE trans. 

Geosc. Rem. Sens. 30(2): 261-270.  

KHATAMI, R., G. MOUNTRAKIS, and S. V. STEHMAN. 2016. A meta-analysis of remote sensing research on supervised 

pixel-based land-cover image classification processes: General guidelines for practitioners and future 

research. Remote Sens. Environ. 177: 89–100.  

MACCIONI, A., G. AGATI, and P. MAZZINGHI. 2001. New vegetation indices for remote measurement of chlorophylls 

based on leaf directional reflectance spectra. J. Photochem. and Photobiol. 61(1-2): 52-61. 

MARVIN, D. C., G. P. ASNER, and S. A. SCHNITZER. 2016. Liana canopy cover mapped throughout a tropical forest 

with high-fidelity imaging spectroscopy. Remote Sens. Environ. 176: 98–106. 

MERZLYAK, M. N., A. A. GITELSON, O. B. CHIVKUNOVA, and V. YU. RAKITIN. 1999. Non‐destructive optical detection of 

pigment changes during leaf senescence and fruit ripening. Physiol. Plantar. 106: 135–141. 

MÜCHER, S., D. JONKER, J. STUIVER, H. KRAMER, and E. MEESTERS. 2014. Production of Digital Terrain Models for the 

Dutch Caribbean. Alterra Report 2569, Wageningen, The Netherlands. 

NOURI, H., S. BEECHAM, S. ANDERSON, and P. NAGLER. 2014. High Spatial Resolution WorldView-2 Imagery for 

Mapping NDVI and Its Relationship to Temporal Urban Landscape Evapotranspiration Factors. Remote 

Sens. 6: 580–602. 

OUMAR, Z., and O. MUTANGA. 2013. Using WorldView-2 bands and indices to predict bronze bug (Thaumastocoris 

peregrinus) damage in plantation forests. Int. J. Remote Sens. 34: 2236–2249.  

PEÑUELAS,  J., F. BARET, and I. FILELLA. 1995. Semi-empirical indices to assess carotenoids/chlorophyll a ratio from 

leaf spectral reflectance. Photosynthetica. 31(2): 221-230. 



PEÑUELAS, J., J. PINOL, R. OGAYA, and I. FILELLA. 1997. Estimation of plant water concentration by the reflectance 

Water Index WI (R900/R970). Int. J. Rem. Sens. 18(13): 2869-2875. 

POUTEAU, R. and A. COLLIN. 2013. Spatial location and ecological content of support vectors in an SVM 

classification of tropical vegetation. Rem. Sens. Lett. 4(7): 686-695. 

RICHTER, R., and D. SCHLÄPFER. 2016. Atmospheric/Topographic Correction for Satellite Imagery (ATCOR-2/3 user 

guide, v.9.0.2). 

SOMERS, B., and G.P. ASNER. 2012. Hyperspectral time series analysis of native and invasive species in Hawaiian 

rainforests. Rem. Sens. 4(9): 2510-2529. 

SOMERS, B., and G.P. ASNER. 2013. Invasive species mapping in Hawaiian rainforests using multi-temporal 

Hyperion spaceborne imaging spectroscopy. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 6(2): 351-359. 

TUCKER, C. J. 1979. Red and photographic infrared linear combinations for monitoring vegetation. Rem.  Sens. 

Environ. 8:127-150. 

USTÜN, B., W. J. MELSSEN, and L. M. C. BUYDENS. 2007. Visualisation and interpretation of Support Vector 

Regression models. Anal. Chim. Acta. 595: 299–309.  

WASKE, B., S. VAN DER LINDEN, J. A. BENEDIKTSSON, A. RABE, and P. HOSTERT. 2010. Sensitivity of Support Vector 

Machines to Random Feature Selection in Classification of Hyperspectral Data. IEEE Trans. Geosci. 

Remote Sens. 48: 2880–2889.  

DE WITTE, L. C., and J. STÖCKLIN. 2010. Longevity of clonal plants: Why it matters and how to measure it. Ann. Bot. 

106: 859–870. 

WOOD, E. M., A. M. PIDGEON, V. C. RADELOFF, and N. S. KEULER. 2012. Image texture as a remotely sensed measure 

of vegetation structure. Rem. Sens. Env. 121: 516-526. 

ZVOLEFF, A. 2016. Package ‘glcm’: Calculate Textures from Grey-Level Co-Occurrence Matrices (GLCMs).  

 

  



Table S1 

Table S1: Vegetation Indices tested as inputs to SVM  

Index Name Abbrev. Formula WorldView-2 bands Reference 

Normalized 
Difference 
Vegetation 
Index 1 

NDVI 
NIR1, 
Red 

𝑁𝐼𝑅1 − 𝑅𝑒𝑑

𝑁𝐼𝑅1 + 𝑅𝑒𝑑
 

𝐵7 − 𝐵5

𝐵7 + 𝐵5
 

(Nouri et al. 

2014) 

Normalized 
Difference 
Vegetation 
Index 2 

NDVI 
NIR2, 
Red-
edge 

𝑁𝐼𝑅2 − 𝑅𝑒𝑑𝐸𝑑𝑔𝑒

𝑁𝐼𝑅2 + 𝑅𝑒𝑑𝐸𝑑𝑔𝑒
 

𝐵8 − 𝐵6

𝐵8 + 𝐵6
 

(Nouri et al. 
2014) 

Normalized 
Difference 
Vegetation 
Index 3 

NDVI 
NIR2, 

Yellow 

𝑁𝐼𝑅2 − 𝑌𝑒𝑙𝑙𝑜𝑤

𝑁𝐼𝑅2 + 𝑌𝑒𝑙𝑙𝑜𝑤
 

𝐵8 − 𝐵4

𝐵8 + 𝐵4
 

(Nouri et al. 

2014) 

Normalized 
Difference 
Vegetation 
Index 4 

NDVI 
Red-
edge, 

Coastal 

𝑅𝑒𝑑𝐸𝑑𝑔𝑒 − 𝐶𝑜𝑎𝑠𝑡𝑎𝑙

𝑅𝑒𝑑𝐸𝑑𝑔𝑒 + 𝐶𝑜𝑎𝑠𝑡𝑎𝑙
 

𝐵6 − 𝐵1

𝐵6 + 𝐵1
 

(Nouri et al. 
2014) 

Normalized 
Difference 
Vegetation 
Index 5 

NDVI 
Red-
edge, 
Red 

𝑅𝑒𝑑𝐸𝑑𝑔𝑒 − 𝑅𝑒𝑑

𝑅𝑒𝑑𝐸𝑑𝑔𝑒 + 𝑅𝑒𝑑
 

𝐵6 − 𝐵5

𝐵6 + 𝐵5
 

(Nouri et al. 
2014) 

Normalized 
Difference 
Water Index 

NDWI 𝑅860𝑛𝑚 − 𝑅1240𝑛𝑚

𝑅860𝑛𝑚 + 𝑅1240𝑛𝑚
 

𝐵7 − 𝐵8

𝐵7 + 𝐵8
 

(Gao 1996) 

Water index WI 𝑅900𝑛𝑚

𝑅970𝑛𝑚
 

𝐵7

𝐵8
 

(Peñuelas 
et al. 1997) 

Carter stress 
index 

CSI 𝑅695𝑛𝑚

𝑅760𝑛𝑚
 

𝐵5

𝐵7
 

(Carter 
1994) 

Carotenoid 
reflectance 
index 

CRI 1

𝑅510𝑛𝑚
−

1

𝑅700𝑛𝑚
 

1

𝐵3
−

1

𝐵6
 

(Gitelson et 
al. 2004) 

Plant 
senescence 
reflectance 
index 

PSRI 𝑅678𝑛𝑚 − 𝑅500𝑛𝑚

𝑅750𝑛𝑚
 

𝐵5 − 𝐵2

𝐵6
 

(Merzlyak 
et al. 1999) 

Structure 
insensitive 
pigment index 

SIPI 𝑅800𝑛𝑚 − 𝑅445𝑛𝑚

𝑅800𝑛𝑚 − 𝑅680𝑛𝑚
 

𝐵7 − 𝐵1

𝐵7 − 𝐵5
 

(Peñuelas 
et al. 1995) 

Photochemical 

reflectance 
index 

PRI 𝑅539𝑛𝑚 − 𝑅570𝑛𝑚

𝑅539𝑛𝑚 + 𝑅570𝑛𝑚
 

𝐵2 − 𝐵3

𝐵2 + 𝐵3
 

(Filella et 
al. 1996) 

Simple ratio SR 𝑁𝐼𝑅

𝑅𝑒𝑑
 

 

 

 

 

𝐵8

𝐵5
 

(Tucker 
1979) 



 

Table S1: Vegetation indices chosen to test in SVM model.  Twenty indices were 

chosen as candidate input variables for the SVM classifier based on their use in other 

vegetation classification studies with WorldView-2 imagery.  These indices include 

indices related to pigment, moisture, and red-edge, which are useful in distinguishing 

plant species.  The WorldView-2 bands chosen to calculate the indices are those 

which correspond closest to the wavelength indicated in the index formulae.  For full 

references see Literature Cited in Supplementary Text. B indicates the WorldView-2 band 

number.  

Index Name Abbrev. Formula WorldView-2 bands Reference 

Enhanced 
vegetation 
index 

EVI 2.5

×
𝑁𝐼𝑅 − 𝑅

𝑁𝐼𝑅 + (6 × 𝑅𝑒𝑑) − (7.5 × 𝐵𝑙𝑢𝑒) + 1
 

2.5

×
𝐵8 − 𝐵5

𝐵8 + (6𝐵5) − (7.5𝐵2) + 1
 

(Huete et 
al. 2002) 

Atmospherically 

resistant 
vegetation 
index 

ARVI 𝑁𝐼𝑅 − (2 × 𝑅𝑒𝑑 − 𝐵𝑙𝑢𝑒)

𝑁𝐼𝑅 + (2 × 𝑅𝑒𝑑 − 𝐵𝑙𝑢𝑒)
 

𝐵8 − (2 × 𝐵5 − 𝐵2)

𝐵8 + (2 × 𝐵5 − 𝐵2)
 

(Kaufman & 
Tanre 
1992) 

Datt/Maccioni 
index 

DMI 𝑅780𝑛𝑚 − 𝑅710𝑛𝑚

𝑅780𝑛𝑚 − 𝑅680𝑛𝑚
 

𝐵7 − 𝐵6

𝐵7 − 𝐵5
 

(Maccioni 
et al. 2001) 

Far red to red 
index 

FRRI 𝑅750𝑛𝑚

𝑅700𝑛𝑚
 

𝐵6

𝐵5
 

(Gitelson et 
al. 1996) 

Lower red-
edge slope 

LRES 𝑅710𝑛𝑚 − 𝑅690𝑛𝑚

710 − 690
 

𝐵6 − 𝐵5

0.710 − 0.690
 

(Coops et 
al. 2004) 

Total red-
edge slope 

TRES 𝑅740𝑛𝑚 − 𝑅690𝑛𝑚

740 − 690
 

𝐵6 − 𝐵5

0.740 − 0.690
 

(Horler et 
al. 1983) 

Red-green 
ratio index 

RGI 𝑅[600 − 699]𝑛𝑚

𝑅[500 − 599]𝑛𝑚
 

𝐵5

𝐵3
 

(Gamon & 
Surfus 
2011) 
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FIGURE S1: Location of the northern Caribbean island St. Eustatius, which is part of 

the northern Cenozoic Arc of the Lesser Antilles.     



Figure S2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE S2: Illustration showing a RGB image from the orthorectified and 

atmospherically corrected WorldView-2 image including the northern Caribbean island 

St. Eustatius. Also, a number of spectral profiles of Coralita and characteristic not-

Coralita pixels are shown, highlighting that the spectral profile of Coralita is particularly 

distinct for the Red, Red-edge and near-infrared bands (NIR1 and NIR2) of the 

WorldView-2 sensor.  

  



Figure S3 

 

FIGURE S3: Analysis of the cumulative variance of mean pixel values for the 50 SVM 

probability maps.  Shown are cumulative mean variance values for 10 of the 1000 

tested pixels.  The cumulative mean variances decline sharply as additional 

probability maps are added to the cumulative average probability.  After 15 maps, the 

cumulative mean variance approaches zero, and continues to decline as the rest of 

the 50 maps are added to the cumulative average probability.    



Figure S4 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE S4: Convergence of optimal probability thresholds.  The optimal probability 

threshold value from the ROC curve was calculated and plotted for each cumulative 

average probability map (mean of 20 randomized iterations shown as black line with 

shaded gray SE).  The optimal probability threshold converges as more SVM 

probability maps are added to the cumulative average.  The optimal threshold value 

of the 50th cumulative probability map (P = 0.4432) was chosen as the cutoff 

threshold for determining if a pixel is classified as Coralita.  



Figure S5 

 

 

 

 

 

 

 

 

 

 

 

FIGURE S5: A detailed methods flowchart showing the steps involved in the Support 

Vector Machine learning approach, and the accuracy assessment of the resulting 

classification. Steps 0-3 yielded the first goal of the study, i.e. a high resolution map 

showing the distribution map of the invasive vine Coralita on St. Eustatius. Step 4 

consisted of testing the association between Coralita presence and several 

environmental variables.   



Figure S6 

 

FIGURE S6: Relative average SVM feature weights for the ten highest-weighted non-

collinear selected input variables included the SVM classification model.  Error bars 

show the standard error.  The variable Total Red-edge Slope (TRES) has the highest 

relative average feature weight, being almost twice as large as the second-highest 

variable (Red-edge GLCM mean).  See Tables 1 and S1 for definitions of the 

variables.  



Figure S7 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE S7: Map of the distribution of Coralita and the location of roads on St. 

Eustatius.  The majority of locations where Coralita is dominant (shown in pink) tend 

to be close to roads, with a few exceptions.  Some of the largest Coralita patches 

occur directly adjacent to roads, especially the patches in locations where road 

density is the highest (inset a).  Another concentration of dominant Coralita cover is 

located adjacent to the road from the northern coast of the southern half of the island 

around to the southeastern part of the island (inset b).    



Figure S8 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE S8: Map of the distribution of Coralita and the percent rise slope on St. 

Eustatius. Most of the dominant Coralita cover (indicated in pink) occurs on flat to 

moderate slopes (< 10.7% rise).  Coralita is also present on the cliffs going down to 

Lower Town and the Harbor (inset a), which are prone to erosion.  



Figure S9 

 

FIGURE S9:  Map of the distribution of Coralita and the Topographic Wetness Index 

(TWI).  Areas with dominant Coralita cover (shown in pink) are generally found in 

proximity to locations with a higher TWI value (TWI > 20).   



Figure S10 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE S10: Map of the distribution of Coralita and the location of drainage 

channels.  Coralita is found closer to drainage channels than expected at random.  

Several locations on the island show a striking pattern of Coralita occurrence 

following the drainage channels.  Inset a shows Coralita occurrence curving with the 

drainage channel in the valley below Signal Hill on the west side of the island.  Inset 

b shows Coralita occurrence following drainage channels below the Botanical 

Gardens on the east side of the island.   

 


