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Abstract: High-resolution airborne imaging spectroscopy represents a promising avenue for mapping 
the spread of invasive tree species through native forests, but for this technology to be useful to 
forest managers there are two main technical challenges that must be addressed: (1) mapping a 
single focal species amongst a diverse array of other tree species; and (2) detecting early outbreaks of 
invasive plant species that are often hidden beneath the forest canopy. To address these challenges, we 
investigated the performance of two single-class classification frameworks—Biased Support Vector 
Machine (BSVM) and Mixture Tuned Matched Filtering (MTMF)—to estimate the degree of Psidium 
cattleianum incidence over a range of forest vertical strata (relative canopy density). We demonstrate 
that both BSVM and MTMF have the ability to detect relative canopy density of a single focal plant 
species in a vertically stratified forest, but they differ in the degree of user input required. Our results 
suggest BSVM as a promising method to disentangle spectrally-mixed classifications, as this approach 
generates decision values from a similarity function (kernel), which optimizes complex comparisons 
between classes using a dynamic machine learning process. 

Keywords: invasive species; strawberry guava; single-class classification; mixture tuned matched 
filtering; biased support vector machine; Carnegie Airborne Observatory 

1. Introduction 

Forest ecosystems invaded by exotic plant species can experience changes on native species 
abundance and richness [1,2], altered ecosystem function [3,4], or economic losses [5]. These and other 
negative impacts of invasion may also vary as landscapes are gradually invaded [6]. Therefore, our 
understanding of changes in ecosystem functioning as invasion progresses, especially at the regional 
scale, depends on spatially-extensive information on species distribution and on accurate assessment 
of invasion dominance or degree of spread. Consequently, effective methods to map, monitor, and 
estimate the gradual spread of invasive plant species (invasion dominance) are needed to further 
understand the impacts of these species and manage their unwanted consequences [7,8]. 

Remote sensing approaches to map invasive plant species have been assessed for different species, 
vegetation types, and sources of remotely-sensed data (reviewed in [9,10]). Most previous plant species 
mapping studies have naturally focused on the upper canopy stratum, as this is the portion of the 
forest most accessible to remote sensing mapping approaches [11]. However, invasive plant species are 
often shade tolerant and may grow beneath the canopy of other trees [12]. From a forest management 
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perspective, it is often extremely important to detect species during the early stages of invasion when 
they might be present only in the forest understory [13]. Despite steady progress in identifying 
forest canopy attributes with satellite or airborne sensors, methodological approaches to accurately 
detect plant species predominantly found in the understory of forests remain poorly developed. 
Therefore, remote detection of such species beneath overlapping tree canopies is a critical bottleneck of 
invasive species mapping techniques. Because understory spectra represent approximately 20% to 
50% of the canopy reflectance, depending on canopy gaps and seasonality [14], the success to detect 
subcanopy plants may rely on remarkable spectral dissimilarities between the focal species and the 
host plant community. 

Since tree species are commonly mixed with other species or are present beneath the forest 
canopy, the measured reflectance of a target species by a remote sensor results from the interactions of 
electromagnetic radiation of multiple constituents [15]. For instance, the near-infrared spectral range 
(800–1300 nm) shows high photon penetration depth in the forest canopy, which helps nadir-viewing 
spectrometers to be sensitive to subcanopy properties [16], and yields mixed spectral signatures from 
different canopy layers. Therefore, spectral unmixing methods are valuable candidates for detection of 
plant species in a spectrally mixed context [17]. Some recent examples include Spectral Angler Mapper 
(SAM; [18]) and Multiple Endmember Spectral Mixture Analysis (MESMA; [19–21]). These have been 
used in species discrimination using these unmixing methods. 

However, in tropical forests, species identification using fully supervised spectral unmixing 
approaches may be hampered by the necessity to collect multiple endmembers (e.g., identification 
of particular spectral signature of a large number of available species or different patterns of canopy 
vertical stratification). As an alternative, partial supervised methods (single-class classification 
approaches) may provide an effective means to overcome such challenges because they require 
collection of training data (endmembers) solely from the focal class. These methods are designed to 
increase detection performance of a single focal class, while reducing the requirement for training data 
collection, often a necessity in multi-class classification methods [22,23]. For example, Mixture Tuned 
Matched Filtering (MTMF) focuses on identifying the presence of a single focal class and only requires 
that training data be collected from the focal class. MTMF is a partial unmixing method that estimates 
subpixel abundance of a single target material [24]. MTMF estimates the similarity between spectra 
from given image pixels and the spectra of a target endmember (pure spectral signature from the focal 
species), estimating subpixel abundance of the target material or the likelihood for the target material 
is present in a given pixel [25]. Although some prior studies have used MTMF to detect invasive 
species [26–29], this technique has been poorly evaluated in ecosystems exhibiting complex canopy 
structure, such as tropical forests. 

Additionally, the Biased Support Vector Machine (BSVM) [30] is another single-class classification 
approach that has been successfully used to identify focal plant species in the upper canopy, including 
in tropical forests [23,31]. BSVM has the same general architecture as the binary SVM, but the labeled 
training data used in BSVM come only from the focal class (detailed description available in [31]). 
Although the BSVM algorithms create binary Boolean classes (i.e., a given pixel may belong or not to 
the focal class), they compute decision values from support vectors, indicating the degree of similarity 
between classes [32]. These decision values have rarely been explored for their potential use in focal 
species mapping with remote sensing (however, see [33]). The ability of BSVM to perform complex 
comparisons between classes in a dynamic machine learning process may be useful in quantifying 
the spectral separability of classes. Consequently, BSVM is a strong candidate technique that seems to 
be particularly well adapted for detecting the presence of a single invasive tree species in spectrally 
mixed contexts, such as in canopies of tropical forests. 

The invasive tree species, Psidium cattleianum, commonly called strawberry guava, is a critically 
important example of an invader that initially grows in the forest understory. During early stages 
of its invasion, P. cattleianum is primarily found in the understory, with crowns that are overtopped 
by, and mixed with, a large diversity of crowns of other tree species [34]. By the time P. cattleianum 
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attains upper-canopy position with fully exposed crowns, it is often well established as the dominant 
or co-dominant tree in the forest stand. This growth pattern is exhibited by many invasive tree 
species, and thus detection of invaders in the understory, before maturity, is a key challenge for their 
effective management. 

We aimed to advance remote sensing methods for monitoring invasive species that grow in 
the subcanopy of tropical forests by comparing the performance of two contrasting single-class 
classification methods: BSVM and MTMF. We evaluated BSVM and MTMF in mapping P. cattleianum 
relative canopy density, that is the proportion of the canopy volume occupied by the focal species, 
in a lowland Hawaiian forest. We implemented the BSVM and MTMF methods using two different 
classification strategies, a volumetric and a threshold approach. In the volumetric approach, we 
used the subpixel values of the classifier outputs as a direct estimate of the relative canopy density 
of P. cattleianum. In the threshold approach, we discretized the continuous subpixel outputs into 
presence/absence of the focal species, and then we estimated the relative canopy density of the focal 
species. Through this analysis, we were able to identify effective methods for mapping invasive trees 
even when they are partially obscured from remote sensing measurements because of overstory trees. 

2. Materials and Methods 

2.1. Study Site 

Our study was conducted in the Wao Kele O Puna Forest Reserve (WKOP), located on the 
southeast side of Kilauea Volcano on the Island of Hawaii (Figure 1). Mean annual precipitation is 
approximately 3500 mm¨ yr ´1 and mean annual temperature is 25 ˝C. WKOP encompasses the last 
remaining large region of lowland native rainforests in the State. Although the diversity of plant 
species in the Hawaiian tropical forests is much lower than other tropical regions, the history of biotic 
invasion throughout Hawaii, and in WKOP in particular, has resulted in a complex mosaic of forest 
structure and composition [35]. In WKOP, Metrosideros polymorpha ('ohi'a lehua) is the dominant tree 
species ranging in height from 10–20 m. Other native tree species reaching 10–20 m included Psychotria 
hawaiiensis, Diospyros sandwicensis, Ilex anamola. Native species reaching 5–10 m included, among 
others, Cibotium glaucum, Antidesma platyphyllum, and Cheirodendron trigynum. The invasive species, 
P. cattleianum, is prevalent in the 5–10 m height range. This invasive species may occur as both a 
subcanopy tree or as a dominant tree stand. Due to its strong competitive capacity and opportunistic 
colonization of disturbed areas, P. cattleianum is now recognized as one of the most serious threats 
to native ecosystems of Florida, Puerto Rico, Reunion, Mauritius, Guam, Cook Islands, Fiji, French 
Polynesia, Palau, Samoa and Norfolk Island [12,36,37]. P. cattleianum was introduced in Hawaii in the 
early 1800’s [38], and has invaded approximately 384,000 hectares of native forest [39]. In WKOP, this 
species occurs at a wide range of dominance levels. 

2.2. Remote Sensing Data 

Imaging spectrometer data for the study area were acquired using the Carnegie Airborne 
Observatory Beta system (CAO) with an Airborne Visible and Infrared Imaging Spectrometer 
(AVIRIS; [40]). The imagery was collected in January 2007 and covered 8873 ha of WKOP forest 
reserve (Figure 1). The CAO was flown at an altitude averaging 2.4 km above ground level (a.g.l.), 
providing spectroscopic measurements at 2.4 m spatial resolution. The CAO Visible-to-Shortwave 
Infrared (VSWIR) imaging spectrometer measures spectral radiance in 427 channels spanning the 
380–2510 nm wavelength range in 5 nm increments with nominally 6 nm spectral response function 
(full-width at half-maximum). Additional detector rows are used to monitor the instrument dark 
signal levels. These spectral data were radiometrically and atmospherically calibrated in the laboratory 
following flights using ACORN 5LiBatch (Imspec LLC) model, and a MODTRAN look-up table [40]. 
Water absorption bands near 1450 nm and 1950 nm were removed, resulting in 161 spectral bands 
for analysis. We were interested in examining only leafy, well-lit vegetation; thus, prior to analysis, 
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we filtered the imagery to include only pixels with a normalized difference vegetation index greater 
than 0.75 and mean near-infrared (850–1050 nm) reflectance greater than 20%. These leafy pixels 
represent a controlled set of reflectance signatures that, theoretically, should be most indicative of 
surfaces containing vegetation. 
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Figure 1. False color composite map derived from Carnegie Airborne Observatory (CAO) Beta 
system of the Wao Kele O Puna Forest Reserve on the Island of Hawaii. (a) Island of Hawaii (black to 
white represents a gradient of elevation from sea level to 4200 m; red star indicates the location of 
WKOP reserve); (b) Study area and field sites (asterisks represent the spatial distribution of the 16 
surveyed sites); (c) Zoom image showing the plot distribution (white points) within each site. 

2.3. Field Sampling 

We collected two independent field datasets in WKOP: the training and the validation datasets. 
The training dataset was used to develop the classification models (MTMF and BSVM) to estimate P. 
cattleianum relative canopy density (invasion dominance), and the validation dataset was used to 
evaluate the performance of the classifier outputs (Figure 2). 

For the training dataset, we identified 50 fully-sunlit exposed crowns of P. cattleianum trees. 
These trees were selected based on the accessibility of the plants in the ground and for the inclusion 
of P. cattleianum from different substrate types (lava flow ages), elevations (ranging from 300 m to 
600 m above sea level), and flight lines. Each of these 50 P. cattleianum crowns was geo-located in the 
field based on differentially-corrected GPS (Leica GS-50; Leica Geosystems Inc., St. Gallen, 
Switzerland). These locations were used to extract from the CAO-AVIRIS a corresponding pixel 
related to each of the 50 P. cattleianum crowns. We selected one pixel per plant individual because P. 
cattleianum crowns are small as about 3–4 m in the study area. 

For the validation dataset, we collected data on the relative canopy density of P. cattleianum 
within 52 circular plots (18-m radius) located at 16 sites (Figure 1). These sites were selected based on 
accessibility and to sample as fully as possible the spectral heterogeneity of the imagery, likely also 
encompassing a wide range of vegetation types. We distinguished potential differences in 
vegetation composition and invasion dominance in the study area by assuming that spectral 

Figure 1. False color composite map derived from Carnegie Airborne Observatory (CAO) Beta system 
of the Wao Kele O Puna Forest Reserve on the Island of Hawaii. (a) Island of Hawaii (black to white 
represents a gradient of elevation from sea level to 4200 m; red star indicates the location of WKOP 
reserve); (b) Study area and field sites (asterisks represent the spatial distribution of the 16 surveyed 
sites); (c) Zoom image showing the plot distribution (white points) within each site. 

2.3. Field Sampling 

We collected two independent field datasets in WKOP: the training and the validation datasets. 
The training dataset was used to develop the classification models (MTMF and BSVM) to estimate 
P. cattleianum relative canopy density (invasion dominance), and the validation dataset was used to 
evaluate the performance of the classifier outputs (Figure 2). 

For the training dataset, we identified 50 fully-sunlit exposed crowns of P. cattleianum trees. These 
trees were selected based on the accessibility of the plants in the ground and for the inclusion of 
P. cattleianum from different substrate types (lava flow ages), elevations (ranging from 300 m to 600 m 
above sea level), and flight lines. Each of these 50 P. cattleianum crowns was geo-located in the field 
based on differentially-corrected GPS (Leica GS-50; Leica Geosystems Inc., St. Gallen, Switzerland). 
These locations were used to extract from the CAO-AVIRIS a corresponding pixel related to each of 
the 50 P. cattleianum crowns. We selected one pixel per plant individual because P. cattleianum crowns 
are small as about 3–4 m in the study area. 
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For the validation dataset, we collected data on the relative canopy density of P. cattleianum 
within 52 circular plots (18-m radius) located at 16 sites (Figure 1). These sites were selected based on 
accessibility and to sample as fully as possible the spectral heterogeneity of the imagery, likely also 
encompassing a wide range of vegetation types. We distinguished potential differences in vegetation 
composition and invasion dominance in the study area by assuming that spectral variation within 
the imagery reflects changes in vegetation structure and composition [41]. We performed a principal 
components analysis (PCA) on the imagery, and used the first three PC bands to create a composite 
RGB image. We selected field sites for the validation dataset based on a visual differentiation of 
contrasting colors (representing contrasting vegetation types) within the image, while being dispersed 
throughout the study area. This putative vegetation classification was useful as an initial vegetation 
survey due to the very difficult access to the study area (dense vegetation with many crevasses and 
hazardous holes due to seismic and volcanic activities). 
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volumetric and threshold approaches. The volumetric approach averages classifier outputs within 
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the last stage, a validation procedure compares field data and remote sensing estimates. 

At each of the 16 sites, one to five circular plots were established by delineating an 18-m buffer 
distance around a central point and the tree species were identified, which further indicated that P. 
cattleianum occurred in the plots with a large range of invasion dominance. In these plots, we 
surveyed the P. cattleianum relative canopy density as the proportion of the canopy volume of all 
vegetation within a plot represented by P. cattleianum. We assessed the canopy volume as the 
summed canopy cover in six vertical or height layers (Figure 3). These six vertical layers were 
defined as ground (<1 m from the ground), shrub (1–2 m above ground), H1 (2–5 m above ground), H2 
(5–10 m), H3 (10–20 m), and H4 (>20 m). Using a modified Braun-Blanquet method, two field 
workers independently estimated the proportional area of each vertical layer occupied by the total 
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unique cover value. We calculated the P. cattleianum relative canopy density within each circular plot 

Figure 2. Methodological framework. Field data were used to identify spectral endmembers of the 
focal species in a high-resolution image (the training dataset). The endmembers were used as training 
data in two independent classification methods: Biased Support Vector Machine (BSVM) and Mixture 
Tuned Matched Filtering (MTMF). These methods were performed using both volumetric and threshold 
approaches. The volumetric approach averages classifier outputs within circular plots. The threshold 
approach uses threshold values to reclassify outputs as presence/absence and then generates the 
proportional cover area of the focal species within plots. In the last stage, a validation procedure 
compares field data and remote sensing estimates. 

At each of the 16 sites, one to five circular plots were established by delineating an 18-m buffer 
distance around a central point and the tree species were identified, which further indicated that 
P. cattleianum occurred in the plots with a large range of invasion dominance. In these plots, we 
surveyed the P. cattleianum relative canopy density as the proportion of the canopy volume of all 
vegetation within a plot represented by P. cattleianum. We assessed the canopy volume as the summed 
canopy cover in six vertical or height layers (Figure 3). These six vertical layers were defined as ground 
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(<1 m from the ground), shrub (1–2 m above ground), H1 (2–5 m above ground), H2 (5–10 m), H3 
(10–20 m), and H4 (>20 m). Using a modified Braun-Blanquet method, two field workers independently 
estimated the proportional area of each vertical layer occupied by the total vegetation community 
(combining all plant species together) and separately for P. cattleianum. Canopy cover values for each 
vertical layer were defined after both team members agreed on a unique cover value. We calculated 
the P. cattleianum relative canopy density within each circular plot as the summed proportion of 
P. cattleianum cover in the six vertical layers divided by the summed proportion of all vegetation 
cover in the same vertical layers. Braun-Blanquet sampling procedure provides reliable plant cover 
estimates that are comparable to other sampling schemes [42]. This methodology depends on visual 
plant cover observations. Therefore, it is likely to show biases within intermediary plant cover 
values [42]. To minimize these problems, we used a team of two field workers that independently 
walked throughout the plots and agreed on a unique cover value. Damgaard [43] also highlights 
that additional attention should be taken using Braun–Blanquet sampling procedure if the species 
are highly spatially aggregated within-sites, as it may cause biases in the data analysis. A global 
positioning system (GPS) location was collected at the center of each circular plot, which was used to 
transfer the plot locations to the remotely sensed imagery and extract the corresponding CAO-AVIRIS 
pixels for each plot. Both the field and remotely sensed data at the plot level were then related as 
described in Section 2.4. 
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Figure 3. Schematic of field data collection (canopy volumetric density) using six vegetation 
height layers. 

2.4. P. cattleianum Classification and Validation 

Using the training dataset, we created classification models to quantify P. cattleianum relative 
canopy density using the MTMF and BSVM methods (Figure 2), as described in detail below 
(Sections 2.4.1 and 2.4.2). Each of these methods produce a continuous output variable that scales with 
the spectral similarity to the target class (here, P. cattleianum). Therefore, we tested the relationships 
between these continuous classifier outputs and P. cattleianum relative canopy density of the validation 
datasets, which we call the volumetric approach (Figure 2). We also converted the continuous outputs 
of MTMF and BSVM to binary variables indicating P. cattleianum presence or absences, which we 
call the threshold approach (Figure 2). Each model was applied to the imagery and the relative 
canopy density of P. cattleianum was estimated for each of the field plots in the validation dataset. 
In both volumetric and threshold approaches, the dominance of the focal invasive plant was assigned 
at the plot scale (i.e., circular polygons of 18 m radius), with each plot containing approximately 
176 pixels from the CAO-AVIRIS imagery. All pixels within the reference field plots (Section 2.3) 
were integrated as a unique value of relative canopy density of the focal species (see Sections 2.4.1 
and 2.4.2). Therefore, accuracy was evaluated at the plot scale using the R2 and the root mean square 
error (RMSE) of the relationship between the continuous remote sensing estimates and the plot-based 
data of P. cattleianum relative canopy density. As an alternative assessment of estimation accuracy in 
the volumetric approach, we randomly selected 70% of the field circular plots and their related remote 
sensed estimates to build a predictive logarithmic regression model. We then used this regression 
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model to predict the P. cattleianum relative canopy density of the remaining 30% of the validation plots. 
We repeated this random selection of plots (70% to build the logarithmic model and 30% to assess 
prediction accuracies) 100 times and calculated the mean and standard deviation of the RMSE to assess 
the prediction accuracies. We performed this alternative assessment of accuracy in the volumetric 
approach when the direct outputs from the classifiers (MTMF and BSVM) did not fit a 1:1 relationship 
with the field data of the circular plots. 

2.4.1. Mixture Tuned Matched Filtering 

In the MTMF [24], the reflectance data from the imagery were first transformed by applying 
minimum noise fraction (MNF) analysis to the data. This data reduction transformation attempts to 
maximize the spectral variance within a few bands and eliminate bands that are noise dominated [44]. 
We used the MNF bands as input in the classification. MTMF also requires pure endmembers as 
reference of the target spectral signature (i.e., P. cattleianum). We therefore used the arithmetic mean 
of the reflectance of the 50 P. cattleianum pixels from the training dataset. Defining the endmember 
from the average spectra of the training dataset (as in [18,29,45]) partially accounted for the spectral 
variability of P. cattleianum trees growing with varying canopy structure, ambient illumination, and at 
different elevation or substrate characteristics [18]. 

The MTMF produced two different images as outputs: the matched filtering (MF) and the 
infeasibility [24]. MF values normally range between 0 and 1, where low values represent background 
(no target class) and high values contain a fractional target component [45]. Infeasibility values indicate 
the likelihood that the classified pixel is a false positive [24]. A few pixels received MF values outside 
the nominal 0–1 range, and we set values >1 to 1 and values <0 to 0. Based on the geographic location 
of known P. cattleianum and on the range of infeasibility values of these trees, we filtered the MF values 
for infeasibility values of 0–30. Hereafter, we refer to the filtered MF values as SGuavaMF. MTMF 
method was performed in the Environment for Visualizing Images (ENVI 4.8; Excelis Corp., Boulder, 
CO, USA). The MTMF model was applied to all pixels satisfying our well-lit vegetation thresholds in 
the imagery. 

For the MTMF volumetric approach, we estimated P. cattleianum relative canopy density by 
averaging values of SGuavaMF for pixels within the validation plots (Figure 3). We were also interested 
in the MTMF threshold approach because previous studies found that spectral unmixing analyses, 
including MTMF, have a tendency to underestimate fractional cover of a target class within pixels. As a 
result, it has been suggested that classifier outputs should be interpreted as the likelihood that a target 
material is contained within a given pixel instead of fractional cover [25,46]. Therefore, our SGuavaMF 

was assumed to scale with the likelihood of P. cattleianum presence with low values indicating lower 
likelihood and high values indicating higher likelihood. We reclassified these continuous outputs 
(SGuavaMF) as a binary “presence/absence” indicator variable of P. cattleianum. Because we did not 
know the best threshold value to separate presence and absence, we tested five different threshold 
values of SGuavaMF: 0.75, 0.5, 0.25, 0.10, or 0.05 [47]. We thus produced five different estimates of 
invasion dominance based on these threshold values. In each of these estimates, we determined the 
P. cattleianum relative canopy density as the proportion of pixels classified as “presence” within the 
validation plots. 

2.4.2. Biased Support Vector Machine 

Biased support vector machine (BSVM) is a partially supervised classification [30], consisting of a 
binary classifier that finds the optimal separation between two classes in a transformed hyperspace. 
However, as stated before, in BSVM the only labeled training data used come from the focal class 
(P. cattleianum). The P. cattleianum training data were contrasted against a random selection of 5000 
“background” pixels from the total pool of pixels meeting the NDVI and NIR reflectance filters 
described above. The BSVM model was tuned using a grid search over the following values for 
three parameters: γ {e ´7, e ´6, . . . , e ´0}, wc {0.01, 0.02, . . . , 0.1, 0.15, . . . , 0.6}, and C {e5, e6, . . . , e15}. 
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The γ parameter determines the width of the kernel function used to transform the feature space, wc 

parameter defines the relative cost of errors occurring within the “focal” or the “background” class, 
and the C parameter determines the penalty associated with misclassification errors [30]. Because the 
“background” class may contain samples from the focal class (P. cattleianum), the potential models 
are more penalized with the cost parameter C for errors occurring within the labeled focal class than 
for errors within the “background” class. We built a model for each combination of values of model 
parameters (γ, wc, C), and calculated the model performance via the r2/P[ƒ(x) = 1] criterion proposed 
by [48], where r is the sensitivity of the focal class (recall accuracy) and P[ƒ(x) = 1] is the probability 
that a sample is assigned to the focal class. The optimal combination of the BSVM model parameters 
was identified as the model with higher performance via the r2/P[ƒ(x) = 1] criterion. We built the 
BSVM models in R [49] using the package “e1071” [50]. 

We were interested in the ability of BSVM to identify the focal species in mixed pixels rather than 
its ability to classify a pixel as either the focal or non-focal class. For this we extracted the continuous 
decision values [51,52] of the best BSVM model selected above, which scale with the degree of spectral 
similarity between a pixel and the focal species. To convert BSVM decision values into probability 
attributes (or degree of certainty), a sigmoidal function is fit to the relationship between the decision 
values and the input data attributes that is equivalent to fitting a logistic regression model to the 
estimated decision values [51,53]. This resulted in a value that we call SGuavaBSVM, which is a number 
between 0 and 1 that indicates the spectral similarity of a pixel to P. cattleianum. 

For the BSVM volumetric approach (Figure 2), we estimated P. cattleianum relative canopy density 
by averaging values of SGuavaBSVM of pixels within the validation plots. For the BSVM threshold 
approach, we reclassified the SGuavaBSVM continuous values as a binary presence/absence indicator 
variable using the same five threshold values that were tested for the MTMF threshold approach. For 
each threshold value, we determined the P. cattleianum relative canopy density as the proportion of 
pixels classified as “presence” within the validation field plots. 

3. Results 

Figure 4 shows maps of the output values of MTMF (SGuavaMF) and BSVM (SGuavaBSVM). 
Overall, MTMF and BSVM methods performed well in estimating P. cattleianum relative canopy 
density (invader dominance). MTMF showed better performance using a threshold mapping approach 
than a volumetric approach, and the opposite occurred with BSVM. The relationship between field 
and remote sensing estimates were slightly better using the MTMF—threshold approach (R2 = 0.86; 
RMSE = 0.9) than BSVM—volumetric approach (R2 = 0.85; RMSE = 0.10). These results indicate the 
capability of remote sensing data to estimate the location of invasive trees in both upper canopy and 
subcanopy positions, and they highlight the potential use of this BSVM as a spectral unmixing method. 

Using the volumetric mapping approach, where the classifier outputs were averaged and directly 
used to estimate P. cattleianum dominance within the canopy and subcanopy, MTMF and BSVM 
produced outputs (SGuavaMF and SGuavaBSVM, respectively) that were positively related to the field 
data collected in different canopy vertical layers (Figure 5). MTMF consistently underestimated 
P. cattleianum dominance (Figure 5a). BSVM overestimated P. cattleianum dominance in plots with low 
invader abundance and underestimated in plots with high invader abundance (Figure 5b). However, 
when we applied a logarithmic regression between field and remotely sensed estimates of relative 
canopy cover (SGuavaMF and SGuavaBSVM), the BSVM method (R2 = 0.85; Table 1 and Figure 5b) 
performed better than MTMF in predicting P. cattleianum dominance using the volumetric approach 
(R2 = 0.83; Figure 5a). 

Using the threshold mapping approach, MTMF and BSVM models yielded different accuracies 
in estimating invasion dominance. The most accurate estimate was obtained by the MTMF method 
(R2 = 0.86 with a threshold value of SGuavaMF > 0.10; Figure 6). This low threshold value indicates that 
P. cattleianum may be present in a given pixel, even when the spectral similarity between this pixel and 
the focal endmember is low. The best estimate of the BSVM using threshold approach was obtained 
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with the threshold of 0.5 (R2 = 0.80; Figure 7). A SGuavaMF threshold of 0.01 overestimated P. cattleianum 
relative canopy density by two-fold, but the same threshold for SGuavaBSVM overestimated relative 
canopy density by about eight-fold in areas with low invasion spread. A threshold of 0.05 also 
showed similar patterns, although the degree of overestimation was lower than models using the 
0.01 threshold. Overall, both types of models (MTMF and BSVM) underestimated relative canopy 
density when threshold values were high. Remote Sens. 2016, 8, 33 9 of 17 
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Table 1. Summary of parameters and suitability of the logarithmic regression models for estimating 
P. cattleianum relative canopy density using the volumetric approach. BSVM = Biased support vector 
machine. MTMF = Mixture tuned matched filtering. Adj. R2 = adjusted coefficient of determination; 
RMSE = root mean square error calculated from the comparison between field and predicted data; 
SD = standard deviation. 

Model Fitting Parameters Regression Model 

R2 RMSE Equation p-Level 

BSVM 0.85 0.10 (SD = 0.025) 1.1 + 0.58 Ln(SGuavaBSVM) <0.001 
MTMF 0.83 0.14 (SD = 0.019) 0.93 + 0.27 Ln(SGuavaMF) <0.001 

Reflectance of pixels classified as P. cattleianum using different methods (BSVM or MTMF) showed 
distinctive patterns (Figure 8), mainly within the near-infrared (800–1300 nm) spectral range. However, 
classifier outputs from both methods displayed a gradual increase in spectral similarity with the 
P. cattleianum endmembers as the threshold increased, which indicate that both methods are similar, but 
not identical, in measuring the level of spectral correspondence between target pixels and endmembers. 
In Figure 4, the spectra for non-P. cattleianum trees were obtained from five field plots where the tree 
species within these plots comprised 77% of the total number of trees (13 species) found within all 
study plots. Mean reflectance of BSVM outputs overlapped in the near-infrared range when we used 
thresholds between 0.01 and 0.10; however, reflectance of MTMF outputs exhibited a gradual increase 
in this threshold range. Using threshold values between 0.25 and 0.75, the reflectance pattern from 
MTMF and BSVM outputs exhibited greater similarity to P. cattleianum endmembers than when using 
low threshold values (i.e., <0.25). However, MTMF outputs approached the minimum and maximum 
reflectance of the focal species endmembers across a wider spectral range than did the BSVM approach. 
In the visible and shortwave infrared spectral regions (400–700 nm and >1300 nm, respectively), the 
differences between field data and classifier output (BSVM and MTMF) were not as large as in the 
near-infrared range (700–1300 nm). 
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4. Discussion 

Using an airborne high-resolution imaging spectrometer, we successfully detected P. cattleianum 
crowns even when the plant was mixed with other species, a situation that poses challenges to remote 
detection of plant species. MTMF and BSVM enabled us to estimate the proportion of canopy vertical 
layers occupied by Psidium cattleianum (relative canopy density), which helped us to determine areas 
with low to high dominance of this species. Previous studies have also mapped invasive species 
distribution using MTMF (e.g., [18,28]), among others spectral unmixing methods [17,19,21]. However, 
here, we first use this methodological approach to estimate invader fractional abundance within 
different canopy vertical layers. 

To our knowledge, BSVM has not yet been proposed for mapping invasive species or estimating 
crown volumetric density of focal plant species. BSVM and other variants of the support vector 
machine are flexible and distribution-free modeling approaches, which are based on the principles of 
structural risk minimization theory, i.e., a machine learning procedure that balances model complexity 
and efficiency based on the success of fitting the training data [54]. BSVM is a partially supervised and 
non-parametric classification method that researchers have recently increased its use in for remote 
sensing applications [31,33,55]. Our results suggest BSVM as a promising method to disentangle 
spectrally-mixed classifications, as this approach generates decision values from a similarity function 
(kernel), which optimize complex comparisons between classes in a dynamic machine learning process. 

Tropical forests often exhibit complex and vertically stratified canopy structure, with individual 
trees expressing their morphologies (i.e., crown position and volume) in response to life cycle, specific 
environmental conditions, and biological interactions [56]. Thus, the remote detection of overlapping 
and hidden crowns relies on a limited signal in the spectra from material below the canopy [14,57]. Our 
results suggest MTMF and BSVM were sensitive to the subtle spectral signature of P. cattleianum crowns 
present in different vertical canopy layers (Figures 3 and 5). These methods were able to detect the 
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focal species when relative canopy density was as low as 10%–20%. It should be noted that in Hawaii, 
native ohia trees (Metrosideros polymorpha) often constitute the overstory canopy [58]. Structurally, ohia 
trees often exhibit clumped leaves, with significant canopy gaps around one another. This permits 
deeper penetration of light within the canopy [59] and likely aids detection of P. cattleianum growing in 
the subcanopy. 

Although fully supervised classifiers have a demonstrable capability to map tree species in tropical 
forest via high resolution imaging spectrometry, partially supervised methods such as MTMF and BSVM 
may be suitable alternatives because they greatly reduce the amount of training data required [22,31,60]. 
This is important in high-diversity or structurally-complex ecosystems, where species express varying 
spectral signatures under different conditions [34]. Here, we limited the training and validation data 
collection to the focal species, rather than labeling all species or collecting data from all potential 
combinations of overlapping plant species. However, lack of labeled training data may constrain the 
utility and effectiveness of partially supervised methods for assessing commission errors [48]. To 
overcome this limitation, we indirectly assessed the “background” information (non P. cattleianum trees) 
in the validation dataset as the proportion of the canopy volume not occupied by the focal species. 

The inclusion of the covariance structure of endmembers in spectral unmixing methods can 
improve classification accuracy when species display similar spectra [60,61]. BSVM uses the full 
spectral variability of the focal species to generate decision values and to create complex boundaries 
between classes. On the contrary, MTMF uses a static analysis of the endmember spectra (i.e., arithmetic 
mean); therefore, MTMF may not incorporate the full variability of the endmember spectral signatures 
in the classification of target species [60]. In our study area, the spectra of P. cattleianum are strongly 
different from other species [62], which may have minimized potential constrains in the MTMF 
performance to estimate the invader dominance. Because MESMA is a classification method that 
accounts for spectral variability of endmembers on a per-pixel basis when solving spectrally unmixing 
problems [17], this method has the potential to also be tested in future studies using our methodological 
framework. Previous studies have suggested that the efficacy of spectral unmixing methods may 
be species- and site-specific [28], may depend on seasonality [19] or on the source of remote sensing 
data [9,10]. Therefore, we suggest that our methodological approach (i.e., vertically stratified field 
sampling, MTMF-threshold approach or BSVM-volumetric approach) be further evaluated in other 
classification conditions. Our mapping procedures worked well in our study area, a Hawaiian lowland 
tropical forest, where plant species diversity is not as high as in other tropical forests. Future studies 
may elucidate the accuracy of these classification methods in other forests. 

BSVM performed better in detecting P. cattleianum dominance using a volumetric approach 
combined with a logarithmic regression model between field data and classifier outputs (i.e., decision 
values). In contrast, MTMF performed better using a threshold approach, which performs a threshold 
reclassification creating discretizing maps of presence/absence of the focal species in pixels located 
within given plots. It is important to note that the field plot data were needed to model relative 
canopy density from the raw model outputs; thus, these methods were not able to estimate relative 
canopy density from only the spectral endmembers. However, efforts related to these additional steps 
(regression or search for the best threshold) are comparable to other procedures required to determine 
best modeling parameters. It is also important to note that, when P. cattleianum shows full horizontal 
cover in the overstory of a plot, this plot may show higher “relative canopy density” than another 
plot where this invasive species shows full horizontal cover in the understory. A few native species in 
Hawaii grows beneath P. cattleianum, but this invasive species often grows in the subcanopy. Therefore, 
P. cattleianum may only share the canopy volumetric space with other species in the case where this 
invader is growing in the subcanopy, which leads us to assume that these two scenarios represent 
different ecological conditions. 

In the present study, we used an image with fine spatial resolution. Small pixel size may increase 
the occurrence of shadowed crowns and exposed substrate within the canopy area. To minimize 
this problem, we masked our imagery to leafy and well-lit pixels. The contribution of understory to 
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forest reflectance (in nadir viewing) can range between approximately 20% to 50% [14]. Therefore, we 
assumed that the detection of understory flora might be more effective using our masking procedure as 
the sunlight may penetrate deeper in the sub-canopy in well-lit pixels. Pixels not meeting this masking 
requirement for leafy or well-lit conditions were left unanalyzed. The exclusion of these pixels in the 
classification might increase false-negative presence of the focal species, although it does not seem 
to be a problem in areas with low or high invader dominance (Figure 5). Images with coarse spatial 
resolution may show increased spectral mixture among canopies and non-photosynthetic materials 
within pixels. Therefore, small patches of P. cattleianum may become even more diffuse and difficult to 
detect. However, by spatially aggregating fine resolution airborne AVIRIS data, Roth et al. [63] also 
show that coarser spatial resolution images may improve classification accuracies due to a reduction 
of within-class spectral variance of target classes, and accuracy may also increase when coarser pixels 
closely approximate class patch size. This suggests that our methodological framework may work on 
images with coarser pixel sizes when invader dominance is medium to high. 

5. Conclusions 

Management programs for controlling invasive species are in need of methods to map and monitor 
the spread of target plants. Remote species detection using imaging spectroscopy takes advantage of 
the spectral traits produced by biochemical and structural properties of the canopies, but translating 
that to species abundance or degree of infestation in tropical forests requires understanding of spectral 
patterns in a mixed canopy context. We tested different methodological approaches with the aim of 
assessing the subpixel abundance of P. cattleianum based on the presence of the species in different 
canopy vertical layers. When these results were aggregated to the plot level (approximately 1000 m2), 
both MTMF and BSVM approaches were useful in assessing the degree of species invasion across 
the landscape. Our results suggest BSVM as a promising method to disentangle spectrally-mixed 
classifications, as this approach generates decision values from a similarity function. This study 
helps to bridge the gap between remote species detection of plants located in the canopy and in the 
subcanopy using high-resolution imaging spectroscopy, which is critical in the face of the current effort 
to map species over large spatial scales. Future studies that link spatially-explicit estimates of invader 
dominance and climatic conditions may help us to understand how the environment determines 
species abundance in the particular landscapes. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

MTMF: Mixture tuned matched filtering 
BSVM: Biased support vector machine 
CAO: Carnegie Airborne Observatory 
AVIRIS: Airborne Visible and Infrared Imaging Sectrometer 
VSWIR: Visible-to-Shortwave Infrared 
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SAM: Spectral angler mapper 
MESMA: Multiple endmember spectral mixture analysis 
RMSE: root mean square error 
SD: standard deviation 
SGuavaMF: continuous output of the MTMF classificaiton 
SGuavaBSVM: continuous output of the BSVM classification 
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