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Abstract
Geographic Modeling with One-Class Data
by
Wenkai Li
Doctor of Philosophy in Environmental Systems
University of California, Merced, 2013
Professor Qinghua Guo, Chair

Geographic modeling refers to spatially explicit modeling of the probability of
presence for a specific geographic event. The problem of geographic one-class data
(GOCD) is that absence data are often not available or are difficult to obtain, which
challenges traditional statistical modeling methods because these methods require both
presence and absence data. Therefore, the objective of this research is to address the
challenges raised by GOCD, and develop effective techniques for modeling the spatial
distributions of geographic events using GOCD. A novel presence and background
learning (PBL) algorithm was developed to model the probability of presence conditional
on predictor variables, and a novel accuracy assessment method was developed for model
selection, threshold selection, and model evaluation. These methods require presence–
background data, without requiring absence data, and hence they are appropriate for
GOCD. To investigate their effectiveness, the novel PBL and accuracy assessment
methods were applied in ecological niche modeling using simulated datasets, and oneclass remote sensing classification using real datasets. Experimental results show that the
PBL method is successful in modeling the conditional probability of presence, and it can
produce high classification accuracy, outperforming existing methods such as the oneclass support vector machines and maximum entropy; the new accuracy assessment
method performs similarly to the traditional F-measure that requires both presence and
absence data, and it shows promise in model selection, threshold selection, and accuracy
assessment. Finally, I conclude that the proposed methods are promising for addressing
the major challenges raised by GOCD. Because they do not require absence data, the
proposed methods will have important applications in geographic modeling with GOCD.

xv

Chapter 1 Introduction
1.1 Geographic One-Class Data (GOCD)
With the development of global positioning system (GPS), geographic
information system (GIS), and remote sensing technology, together with increasing
computational power, the amount of geospatial data (e.g., remotely sensed data, global
species data, and spatially explicit public health data) has increased dramatically over
recent years (Armstrong, 2000). These geospatial data provide unique opportunities for
studying the interactions between human and earth systems at different scales, from the
landscape to global scale. There is a number of geospatial data that only record the
location information of a specific geographic event; however, information about absences
of the event is not recorded. Examples include: 1) the Global Biodiversity Information
Facility (GBIF, available at www.GBIF.org), an international initiative focused on
making millions of biodiversity data available for scientific research, conservation and
sustainable development (Edwards et al., 2000; Yesson et al., 2007); 2) geo-referenced
public health data and plant/animal disease data, such as the occurrence of cancer cases,
N1H1 flu cases, and Western Niles cases; 3) natural hazards such as wildfires, landslides,
and earthquakes; 4) transportation accidents; and 5) crime localities. These data only
contain the locations of the presence of geographic phenomena. The collection of absence
data is often unreliable because areas that have not been confirmed can be due to the fact
that the event has not been sampled or reported at those locations; or, those locations are
potential distribution areas but the event has not spread to such areas (Guo et al., 2011).
For example, field ecologists record where a species (e.g., bird) occurs, but normally do
not collect data in areas where the species has not been observed. This presence-only
problem is very common for many other geographic data. In this research, we refer to
these types of geospatial data as geographic one-class data (GOCD) (Guo et al., 2011).
A common question regarding GOCD is to predict where a specific geographic
event can occur given the observed occurrence information of the event. It can be
difficult to answer this question by physical modeling because the driving forces of the
event can be very complicated and thus not well understood. By contrast, statistical
modeling is simpler to establish the relationship between the occurrence of the event and
predictor variables. Therefore, this research focuses on statistical modeling, and
geographic modeling refers to spatially explicit modeling of the probability of presence
for a specific geographic event. For example, provided the locations of observed species
occurrences, can we predict the spatial distribution of the species (Zaniewski et al., 2002);
provided the locations of confirmed disease cases, can we predict the potential areas
where the disease can occur (Guo et al., 2005); provided the observed locations of a
landslide, where are the potential areas in which a landslide may occur (Carrara et al.,
1999); in one-class remote sensing classification, given a number of training samples
from the target class, can we predict the class probability for each pixel in the whole
image (Byeungwoo and Landgrebe, 1999; Li and Guo, 2010)? As can be seen, the GOCD
are very common in many fields, however, in this research I mainly focus on two fields:
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ecological niche modeling and one-class remote sensing classification, both of which will
be introduced in the following.
1.2 Ecological Niche Modeling and Species Distribution Modeling
Ecological niche modeling and species distribution modeling are important
techniques for understanding the statistical relationship between species occurrences and
environmental variables (e.g., temperature, precipitation, elevation, and slope), and they
are widely used to interpolate or extrapolate species distributions by relating observed
species locations to relevant environmental variables (Elith et al., 2006; Pearce and
Boyce, 2006). For convenience, “ecological niche modeling” (ENM) also refers to the
related “species distribution modeling” hereafter. With the increasing availability of
geospatial data (Graham et al., 2004; Wieczorek et al., 2004), ENMs have gained much
attention for a wide variety of ecological applications (Chapman, 2005; Guisan and
Thuiller, 2005; Pearce and Boyce, 2006). For example, they have been used to study
potential distributions of invasive species (Peterson and Holt, 2003; Guo et al., 2005;
Thuiller et al., 2005; Broennimann et al., 2007), responses of species distributions to
climate change (Kueppers et al., 2005; Broennimann et al., 2006; Pearman et al., 2008),
conservation planning (Faith et al., 2001), and biodiversity assessment (Feria and
Peterson, 2002; Chefaoui et al., 2005).
Traditional statistical methods for ENM require that both presence and absence
data are available. However, information on species absence is usually difficult to obtain
or is unreliable in practice (Hirzel et al., 2001; Elith et al., 2006). To address the
presence-only problem, researchers have proposed a wide variety of ENM techniques,
including ecological niche factor analysis (ENFA) (Hirzel et al., 2002), BIOCLIM
(Busby, 1986), DOMAIN (Carpenter et al., 1993), linear, multivariate and logistic
regression (Fonseca et al., 2002), generalized linear modeling (GLM) and generalized
additive modeling (GAM) (Guisan et al., 2002), discriminant analysis (Manel et al.,
1999), classification and regression tree analysis (Fabricius and De'ath, 2001), genetic
algorithms (Stockwell, 1999), artificial neural networks (Spitz and Lek, 1999), one-class
support vector machine (OCSVM) (Guo et al., 2005), and maximum entropy (MAXENT)
(Phillips et al., 2004).
In general, existing methods to address the presence-only problem fall into three
categories: 1) generating “pseudo” absence data by sampling points outside the boundary
of presence-only data, and fitting a traditional two-class model (Graham et al., 2004); 2)
applying a strict presence-only model, such as DOMAIN and OCSVM (Carpenter et al.,
1993; Hirzel et al., 2001; Guo et al., 2005); and 3) fitting models using presence and
background data (Keating and Cherry, 2004; Elith et al., 2006; Phillips et al., 2006; Ward
et al., 2009). Note that the background data points are sampled from the whole study area.
The presence/absence label at the background locations is unknown, but the
envrionmental variables at these locations can be extracted using GIS techniques.
Studies demonstrate that methods in the third category perform best, because they
can take advantage of an additional type of genuine data (i.e., background data) as well as
presence data (Castelli and Cover, 1996; Elith et al., 2006; Ward et al., 2009). These
methods have been shown to be useful in their ability to predict indices of relative
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suitability for many species, but they are still not able to predict the actual probability of
presence given environmental variables (Elith et al., 2006). For example, the prediction
produced by MAXENT is the density of environmental variables conditional on species
presence, rather than the probability of the presence conditional on environmental
variables, so it is difficult to find the appropriate threshold when binary predictions are
required (Phillips et al., 2006). Models fitted directly from presence and background data
suffer from the problem of “contaminated controls”: a background location may actually
be a presence (case) location, so it is not guaranteed to be a true control location (Keating
and Cherry, 2004; Pearce and Boyce, 2006).
Therefore, it remains a challenge to correctly model the probability that a species
occurs conditional on environmental variables, given only presence and background data.
For many ecological applications it is more useful to know the actual probability of
presence than merely a relative index of habitat suitability in geographic space. Habitat
suitability predicted by traditional presence-only models is not necessarily equal or
proportional to probability of presence, and the range of prediction values can vary
significantly depending on the training data (Liu et al., 2005a). For example, a regression
model fitted from the same presence locations, but different numbers of background
locations, can predict different indices of suitability at the same location, which makes it
difficult to interpret or compare the prediction results. In the case where binary prediction
is required (e.g., for conservation and environmental management), it is difficult to
choose the optimal threshold if the prediction is not a calibrated actual probability.
Therefore, it is important to develop novel methods that can correctly model the
probability of presence without requiring absence data.
1.3 One-Class Remote Sensing Classification
Remote sensing has been widely used in a variety of urban and environmental
applications, such as monitoring land use change, measuring air and water quality, and
mapping vegetation (Jensen, 2006). Classification is an important tool in analyzing
remote sensing data. Traditionally, all land types in an image are exhaustedly classified
by remote sensing classification methods. In some cases, however, we may only be
interested in classifying a specific land type without considering other types (Byeungwoo
and Landgrebe, 1999; Foody et al., 2006). For example, if the objective of a project is to
map urban areas from remote sensing data, we may not be interested in labeling forests
and agricultural land in the image. This problem is referred to as one-class classification.
The specific land type of interest is defined as positive class, and other land types are
defined as negative class. All the pixels to be classified are referred to as unlabeled data.
In other words, one-class remote sensing classification seeks to extract the positive class
from an image given only positive training data (Li et al., 2011b).
Supervised classification methods are commonly applied in remote sensing
classification. In one-class classification, however, direct application of traditional
supervised classifiers is problematic because these methods require training data sampled
from all classes that occur in the image (Muñoz-Marí et al., 2007a). This will increase the
classification cost since training data are usually collected by manual labeling, which is
very labor-intensive and time-consuming, particularly when high spatial resolution
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images are used. Therefore, it is necessary to develop one-class classifiers that do not
require negative training data.
Researchers have developed different one-class classifiers in the literature. The
class of interest is accepted as the target, whereas other classes are rejected as outliers,
and the classifier requires only positive (target) data for training. For example, the
Gaussian model assumes that the target data are derived from a Gaussian distribution
(Tax, 2001). A number of training data are used to estimate the Gaussian distribution, and
the label of unknown data can be determined by choosing a probability threshold.
However, assuming a unimodal and convex model of the data can sometimes be overly
rigid and inappropriate, and the probability threshold is difficult to determine (SanchezHernandez et al., 2007). The OCSVM method developed by Schölkopf et al. (2001) is
another commonly used one-class classifier. Given a number of training points, OCSVM
tries to find a hypersphere to separate the training data from the origin with maximum
margin in a multi-dimensional space. This method has shown promise in document
classification, texture segmentation, image classification, and ecological modeling
(Manevitz and Yousef, 2001; Tax and Duin, 2002; Guo et al., 2005; Foody et al., 2006;
Muñoz-Marí et al., 2007a). Muñoz-Marí et al. (2007b) compared several methods
including the Gaussian, mixture of Gaussians, k-nearest neighbour (k-NN) and OCSVM,
and concluded that OCSVM generally provides better results compared to other methods.
However, a drawback of this method is that its outcome is sensitive to free parameters
that are difficult to tune (Manevitz and Yousef, 2001).
Aside from the labeled samples, unlabeled data are also helpful for the
construction of classifiers (Castelli and Cover, 1996; Kothari and Jain, 2003; Liu et al.,
2003; Elkan and Noto, 2008). Learning algorithms that can combine labeled and
unlabeled data for classifier training appear increasingly in the literature (Castelli and
Cover, 1996; Kothari and Jain, 2003; Liu et al., 2003; Dundar and Landgrebe, 2004;
Vatsavai et al., 2005; Wu, 2006; Elkan and Noto, 2008; Ward et al., 2009; Li et al.,
2011a). Basically, the classifier is trained by a training dataset that includes a small set of
labeled data and a large set of unlabeled data. One family of these methods is to build
classifiers such as support vector machines (SVMs) iteratively until the defined
convergence criterion is reached (Yu et al., 2004; Yu, 2005; Bruzzone et al., 2006). Some
of these methods have been successfully applied in one-class remote sensing
classifications. For example, the transductive SVM (TSVM) was applied to classify
Landsat 5 Thematic Mapper and hyperspectral data (Bruzzone et al., 2006; Bruzzone and
Marconcini, 2006; Chi and Bruzzone, 2007). Marconcini et al. (2009) pointed out that
semisupervised SVMs with composite kernel functions for simultaneously taking into
account spectral and spatial information can increase the classification accuracy.
Bruzzone and Persello (2009) proposed a novel context-sensitive semisupervised SVM
classifier to address the problems raised by mislabeled patterns in the training set. Other
semisupervised methods such as the semisupervised SVM based on unsupervised
clustering, mean map kernel, and composite kernel (Gómez-Chova et al., 2010),
multiobjective genetic SVM (Ghoggali et al., 2009), graph-based methods (Camps-Valls
et al., 2007), semisupervised SVM based on cluster kernels (Tuia and Camps-Valls,
2009), semisupervised kernel-based fuzzy C-means algorithm (Liu et al., 2008),

5

Laplacian SVM (Gómez-Chova et al., 2008), and weighted unlabeled sample SVM (Liu
et al., 2005b) have also been applied in remote sensing classification.
Although existing semisupervised learning methods usually provide good
performance by incorporating unlabeled data into the training set, they have some
drawbacks that can preclude their adoption by the nonexpert user, including too many
free parameters and complicated model selection procedures (Tuia and Camps-Valls,
2009). For example, it is difficult to determine the number of iterations for TSVM
(Bruzzone and Marconcini, 2006). Furthermore, most of these methods still required
labeled negative examples for classifier training. There is another family of learning
algorithms that enable classifiers to be trained from positive and unlabeled data, without
requiring labeled negative data, such as the biased SVM (Liu et al., 2003) and the
positive unlabeled learning algorithm (PUL) (Elkan and Noto, 2008; Garg and
Sundararajan, 2009). The unlabeled set is regarded as weighted positive and weighted
negative data during biased SVM training; however, there is no direct approach to set up
the optimal weights, and the trial and error approach usually requires significant
computation (Elkan and Noto, 2008). The PUL method shows promise in one-class
remote sensing classification (Li et al., 2011b), but it is still not able to correctly predict
the posterior probability of the positive class when the training data are collected in a
case–control sampling approach, which is very common for GOCD (Li et al., 2011a).
1.4 Model Selection, Threshold Selection, and Accuracy Assessment
The output of statistical models is usually sensitive to some free parameters. For
example, the Gaussian radial basis function (RBF) kernel width and the rejection fraction
can have significant effects on the classification accuracy of OCSVM (Manevitz and
Yousef, 2001). In this research, model selection is defined as selecting the best free
parameters for a model. In ENM, the original output of many modeling methods like
DOMAIN (Carpenter et al., 1993), GLM/GAM (Guisan et al., 2002), and MAXENT
(Phillips et al., 2004) is a continuous relative index of habitat suitability, so it is necessary
to select an appropriate threshold when binary prediction is required (e.g., for
conservation and environmental management or for comparing against observed presence
records). Apparently, it is important to carefully select the appropriate model parameters
and threshold in order to produce high prediction accuracy, and an objective approach for
model/threshold selection is to select the value that can maximize the accuracy on an
independent validation dataset (Chang and Lin, 2001; Hsu et al., 2003; Liu et al., 2005a).
In addition, the prediction accuracy of statistical models needs to be evaluated on an
independent test dataset, since the value of a model depends on the accuracy of its
outputs (Foody, 2011). Therefore, an appropriate accuracy assessment method is very
important in geographic modeling.
The accuracy assessment methods for binary models have been reviewed and
discussed in the literature (Congalton et al., 1983; Congalton, 1991; Stehman, 1996;
Fielding and Bell, 1997; Congalton, 2001; Foody, 2002; Allouche et al., 2006; Foody,
2008; Lobo et al., 2008; Foody, 2010; Foody, 2011; Liu et al., 2011). Basically, the
prediction accuracy is evaluated using an independent dataset. By comparing the model
prediction against the observation data, we can create a binary confusion matrix that
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cross-tabulates the predicted and observed presence–absence labels. Two types of errors
can be quantified from the confusion matrix: commission (false presence) and omission
(false absence), both of which should be considered in accuracy assessment (Fielding and
Bell, 1997; Ottaviani et al., 2004; Foody, 2011). There are many accuracy measures that
can combine the commission and omission errors, such as the overall accuracy, kappa
statistic, true skill statistic, and F-measure (van Rijsbergen, 1979; Congalton, 1991;
Fielding and Bell, 1997; Foody, 2004b; Liu et al., 2011), all of which require that both
presence and absence data are available.
However, a common problem in geographic modeling is that only labeled
presence and unlabeled background data are available, whereas labeled absence data are
unavailable or unreliable in many real-world applications (Hirzel et al., 2001; Elith et al.,
2006; Lobo et al., 2010). This GOCD problem challenges most existing accuracy
assessment methods that are derived from the confusion matrix (Boyce et al., 2002), as
the omission error can be calculated using the observed presence data, but the
commission error cannot be calculated without absence data. Therefore, new methods for
accuracy assessment without requiring absence data should be developed.
1.5 Study Objective
In summary, the major challenges of geographic modeling with one-class data lie
in that absence data are often not available or are difficult to obtain. As a result, model
building, model selection, threshold selection, and accuracy assessment are difficult in
geographic modeling with GOCD. Therefore, the objective of this research is to address
these challenges and develop effective techniques for modeling the spatial distribution of
geographic events with GOCD. Specifically, this research focuses on the following two
topics:
1) Model building: without absence data, can we model correctly the probability of
presence conditional on predictor variables? A novel presence and background
learning (PBL) algorithm was developed to model the probability of presence using
GOCD. The required training dataset is a combination of presence and background
data, which is referred to as presence–background data. To investigate its
effectiveness, the PBL algorithm was applied in two case studies: ENM using
simulated species datasets, and one-class remote sensing classification using real
datasets.
2) Accuracy assessment: without absence data, how can one evaluate the prediction
accuracy of models. A novel accuracy assessment method that does not require
absence data was developed. The effectiveness of the new method in model selection,
threshold selection, and accuracy assessment was investigated in two case studies:
ENM using simulated species datasets, and one-class remote sensing classification
using real datasets.

Chapter 2 Statistical Modeling of Geographic Events
2.1 Definition
Space is the extent in which objects and events occur (Space, 2009). The extent
and dimension (D) of space can be infinite. In this research, geographic space is defined
as the geographic extent of the study area on the earth’s surface, and it is finite and 2-D
under geographic projection. Feature space is an abstract space where each sample is
represented as a point in n-D space, and each dimension of the space describes a specific
attribute of the sample (Fukunaga, 1990). Similar samples can be apart in geographic
space, but they share some common attributes and hence tend to be close together in
feature space, which allow for pattern recognition. The dimension of feature space is
determined by the number of features (also named variables) that are used to describe the
patterns. With GIS, we can digitize the features into different layers of images, which can
be overlaid and displayed in the same geographic space. Location refers to the position in
space, so it can be used to relate the geographic and feature spaces (Figure 2.1). If we
know the position in the geographic space, the position in feature space can be
determined by extracting the corresponding values of underlying digital layers, but not
usually vice versa because a point in feature space can correspond to multiple points in
geographic space (Guo et al., 2011).

(a)
(b)
Figure 2.1 2D Geographic space and 3D feature space. Dots indicate the locations of
occurrence in geographic space (a) and feature space (b).
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There may be multiple patterns in the feature space, and each pattern is referred to
as a class. For example, in remote sensing image classification, there are different land
types such as urban areas, vegetation, soil, and water; in ENM, locations can be grouped
into two classes: presence (where the habitat is suitable for a species to occupy) and
absence (where the habitat is unsuitable for a species to occupy). In this study, the pattern
of interest is defined as presence or positive class (y = 1), whereas other patterns are
defined as absence or negative class (y = 0). For these two classes, the terminologies
"positive–negative" are commonly used in the remote sensing literature, whereas
"presence–absence" are commonly used in ENM literature.
In geographic modeling, we make an assumption that the geographic event of
interest (y = 1) is controlled by a set of predictor variables (denoted as x). For example,
the distribution of a species is controlled by temperature, precipitation, topography, soil
and distances from fires (Pearson and Dawson, 2003); natural hazards are dependent on a
set of natural and human induced environmental factors (Carrara et al., 1999); the label of
pixels are determined by the spectral and textural information (Li and Guo, 2010).
Therefore, the objective is to estimate the probability of presence of specific events
conditional on predictor variables, which can be defined as a probability model Pr(y = 1 |
x).
Samples are required to establish the statistical model Pr(y = 1 | x). A sample is a
geographic location associated with predictor variables x. A sample is labeled (s = 1) if its
class is explicitly known, and unlabeled (s = 0) if its class is unknown. Note that y
denotes the class of the sample (presence or absence), whereas s denotes whether a
sample is assigned with a label or not. One unique aspect of geographic studies is that the
geographic space is finite and defined, thus a large number of unlabeled data can be
sampled from the study site. Obviously, collecting unlabeled data is much easier and of
lower cost than labeled data since no manual interpretation is required.
Normally, if we have a training dataset consisting of presence and absence data, we
can train a binary classifier to predict Pr(y = 1 | x). With GOCD, however, training
samples from the absence class are not available. The available training dataset consists
of labeled presence and unlabeled background data. None of the absence data are labeled.
Hence, we can infer that y = 1 if s = 1, but either y = 1 or y = 0 can be true if s = 0. A
number of examples sampled from the distribution that consist of labeled (x, s = 1) and
unlabeled (x, s = 0) examples are called a non-traditional training dataset, compared to a
traditional training dataset that consists of presence (x, y = 1) and absence (x, y = 0)
examples (Figure 2.2). Therefore, our goal is to predict where the presence class (y = 1) is
likely to occur in the geographic space from the GOCD (x, s), in which only presence
(and hence labeled) and unlabeled examples are available. For some one-class
classification methods (e.g., OCSVM) the unlabeled data are removed from the training
dataset.
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Figure 2.2. The traditional and non-traditional training datasets.
Figure 2.3 shows the flowchart of geographic modeling using GOCD. First, a
number of observation data are collected. A random sampling approach is usually
required for both model building and accuracy assessment (Stehman, 1996; Foody, 2002;
Pal and Mather, 2005). The collected data are then further split randomly into three
independent subsets: training, validation, and test datasets. The training dataset is used to
train the model and establish the statistical relationship between the observation data and
predictor variables. For most modeling methods, there are some free parameters and
thresholds that can significantly affect the predictive accuracy, so an independent
validation dataset is required to tune the free parameters and thresholds (model/threshold
selection). Additionally, an independent test dataset is needed to evaluate the
performance of the model. Methods for model building and accuracy assessment will be
described in the following sections.
After the model is built, users can apply the model to the whole geographic space:
given the coordinates of a specific location (pixels), users can extract the predictor
variables from the digital layers and hence estimate the probability of presence Pr(y = 1 |
x) at individual locations (pixels). For example, Figure 2.4a shows the training samples
from the urban class; Figure 2.4.b shows the predicted continuous probability of the
urban class (soft classification) for each pixel; Figure 2.4c shows the binary classification
of the whole image after applying a threshold (hard classification). In ENM, users can
build a model from the observed species occurrence data (Figure 2.5a), and predict the
habitat suitability map (Figure 2.5b). After thresholding the suitability map, we can
obtain the predicted map of species presence–absence distribution (Figure 2.5c). If future
predictor variables are provided, then the model can predict the future distribution of the
species.
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Figure 2.3. A flowchart of geographic modeling.

(a)

(b)

(c)

Figure 2.4. The aerial photograph overlaid with samples (purple circles) from the urban
class (a), predicted probability for urban class (b), and binary classification (c).
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(a)

(b)

(c)

Figure 2.5. Observed presence (red circles) (a), predicted probability of presence (b), and
predicted presence–absence of a simulated species (c).
2.2 Existing Modeling Methods
Previously, researchers have proposed many modeling methods to address the
one-class classification problem in related fields. Here we only briefly introduce two
methods: OCSVM and MAXENT, since the former is widely used in one-class remote
sensing classification and the latter is widely used in ENM (Phillips et al., 2004;
Sanchez-Hernandez et al., 2007; Li and Guo, 2010).
2.2.1 One-Class Support Vector Machine (OCSVM)
Given l training data points (xi, s = 1) where i = 1, 2…l, OCSVM tries to find a
hypersphere as small as possible to contain the training data points in a multi-dimensional
space. There may be a small fraction of outliers in the training dataset, which is denoted
by a slack variable ( ξ i ). Hence, the model aims to:
Min R 2 + 1

vl

∑ξ

(2.1)

i

i

Subject to: ( xi − c)T ( xi − c) ≤ R 2 + ξ i , ξ i ≥ 0 for all i ∈ [1,2,..., l ]
(2.2)
where c and R are the centre and radius of the sphere, respectively, T is the matrix
transpose operator, and v ∈[0, 1] indicates the trade-off between the volume of the sphere
and the number of outliers rejected. A larger value of v results in a smaller sphere with
more training points rejected. The parameter v can be roughly explained as the percentage
of outliers in the training dataset (Schölkopf et al., 2001). The optimization problem can
be solved using the Lagrangian relaxation:
L ( R , ξ , c, a i , β i ) = R 2 +

{

}

l
l
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−
+
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β iξ i
∑ i ∑
∑
i
i
i
i
vl i =1
i =1
i =1

(2.3)

where ai and β i are Lagrange multipliers with the constraints: ai ≥ 0 and β i ≥ 0 . Setting
the partial derivatives of L with respect to R, ξ i , and c equal to 0, we have:
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l

∑a
i =1

=1

i

(2.4)

1
vl

(2.5)

c = ∑ ai xi

(2.6)

0 ≤ ai ≤
l

i =1

Substituting equations (2.4)–(2.6) into equation (2.3), we obtain the dual problem:
Min ∑ ai a j ( xi ⋅ x j ) − ∑ ai ( xi ⋅ xi )
(2.7)
i, j

i

1 l
,
(2.8)
ai = 1
vl ∑
i =1
To determine whether or not an unlabeled data point (x, s = 0) is within the sphere, we
can calculate the distance between the point and the centre c using equation (2.9):
(2.9)
( x ⋅ x) − 2∑ ai ( x ⋅ xi ) + ∑ ai a j ( xi ⋅ x j ) ≤ R 2

Subject to: 0 ≤ ai ≤

i

So far, the data are assumed to be spherically distributed, which is not usually the
case in reality. To relax this assumption and to capture non-linearity such as a multimode distribution, the inner product in equation (2.9) can be replaced with the kernel
function K(xi, xj):
(2.10)
K ( x, x ) − 2∑ a i k ( x, x i ) + ∑ a i a j K ( x i , x j ) ≤ R 2
i, j

i

The Gaussian kernel has been commonly used for OCSVM (Tax and Duin, 1999;
Schölkopf et al., 2001):
K ( xi , x j ) = e

−|| xi − x j ||2 / S 2

(2.11)
where S is the kernel bandwidth. Noted that the OCSVM method described above was
proposed by Tax and Duin (1999). More details about OCSVM can be found in Tax and
Duin (1999) and Schölkopf et al. (2001).
2.2.2 Maximum Entropy (MAXENT)
Entropy is a fundamental concept in information theory that measures how much
choice is involved in the selection of an event (Shannon, 1948). A random variable with a
uniform distribution has higher entropy than one with a non-uniform distribution, and
hence the maximum entropy configuration corresponds to an equal distribution of
probabilities across all possible states of the variable (Bishop, 2006). The principle of
maximum entropy indicates that the distribution model that satisfies any given constraints
should be as uniform as possible or of maximum entropy, which agrees with everything
that is known without assuming anything that is not known (Jaynes, 1990).
Basically, MAXENT aims to estimate the probability distribution of presence
class, denoted as π, over a finite set X (all of the pixels in the study area). The individual
elements of X are pixels, denoted as x. Each pixel x is assigned a probability π(x), and
these probabilities sum to one. The constraints on the probability distribution π are
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represented by a number of features (predictor variables) f1, …, fn on X. The expectation
of the feature fj under π is denoted as π [ f j ] = ∑ π (x ) f j (x ) .
x∈X

A number of presence data points (xi, s = 1), where i =1, 2…m, are sampled
independently from X. The corresponding empirical distribution is estimated as:
{1 ≤ i ≤ m : xi = x}
(2.12)
π~(x ) =
m
The empirical average of fj under π~ is estimated as:
1 m
(2.13)
π~ f j = ∑i=1 f j (xi )
m
Hence, π~[ f j ] is an estimate of π [ f j ] . The aim is to seek a probability distribution πˆ (an
estimate of π), subject to the constraint that the expectation of each feature fj under πˆ
equals to its empirical average:
(2.14)
πˆ[ f j ] = π~[ f j ]
There are many distributions satisfying these constraints, and the one that as
the maximum entropy will be selected. The entropy of πˆ is defined as:
(2.15)
H (πˆ ) = − ∑ πˆ (x ) ln πˆ (x )

[ ]

x∈X

where ln is the natural logarithm operator.
According to the convex duality (Della Pietra et al., 1997), the probability
distribution πˆ estimated by MAXENT is exactly equal to the Gibbs probability
distribution that maximizes the likelihood of the m sample points. More details about
MAXENT are provided in (Phillips et al., 2004; Phillips et al., 2006).
2.3 Existing Accuracy Measures
The predictive accuracy of models is evaluated using a test dataset that is
independent from the training dataset (Fielding and Bell, 1997). Note that the test dataset
should include both presence and absence data that are randomly sampled from the
population. By comparing the observations against predictions, a 2 × 2 confusion matrix
can be created to cross-tabulate the predicted and observed presence–absence labels
(Table 2.1). Let y = 1 denote observed presence and y = 0 observed absence; let y' = 1
denote predicted presence and y' = 0 predicted absence. True positive (TP) indicates the
number of correctly predicted presences, and true negative (TN) the number of correctly
predicted absences. The commission error is quantified by false positive (FP), the
number of absences falsely predicted as presences, and the omission error is quantified by
false negative (FN), the number of presences falsely predicted as absences.
There are many accuracy measures that can be derived from the confusion matrix,
which are described in the following.
TP
p=
(2.16)
TP + FP
TP
r=
(2.17)
TP + FN
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TABLE 2.1. A CONFUSION MATRIX FROM PRESENCE–ABSENCE DATA
Reference
Prediction
y=1

y=0

TP

FP

(true positive)

(false positive)

FN

TN

(false negative)

(true negative)

y' = 1

y' = 0
y = 1: observed presence; y = 0: observed absence;
y' = 1: predicted presence; y' = 0: predicted absence.
The measure precision (p) is inversely related to the commission error, and recall (r) is
inversely related to the omission error. Note that p is also known as the positive
predictive value or user's accuracy, and r is also known as the sensitivity or producer's
accuracy. Both commission and omission errors should be considered in accuracy
assessment, as the general aim of modelers is to predict the distribution of geographic
events with low commission and omission errors (Li and Guo, 2013).
There are some accuracy measures that can take the both types of errors into
account, such as overall accuracy (OA), kappa statistic (k), true skill statistic (TSS), and
F-measure (van Rijsbergen, 1979; Congalton, 1991; Fielding and Bell, 1997; Foody,
2004b; Liu et al., 2011), which are defined in the following, respectively.
𝑇𝑃+𝑇𝑁
𝑂𝐴 = 𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
(2.18)
𝑘=

(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)+(𝐹𝑁+𝑇𝑁)(𝐹𝑃+𝑇𝑁)
(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)2
(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)+(𝐹𝑁+𝑇𝑁)(𝐹𝑃+𝑇𝑁)
1−
(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)2

𝑂𝐴−

(2.19)

TP
TN
+
−1
(2.20)
TP + FN FP + TN
p×r
F = (1 + β 2 ) × 2
(2.21)
β × p +r
For the F-measure, users can vary the value of β to weight the two different types of error.
If β > 1, r weights higher than p; if β < 1, then p weights higher than r. With β = 1, the
two types of error are equally weighted, leading to a balanced F (van Rijsbergen, 1979):
p×r
F = 2×
p+r
2 × TP
(2.22)
=
2 × TP + FN + FP
TSS =

(

)

Chapter 3 How to Model the Probability of Presence without Absence
Data?
3.1 The Principle: Learning from Presence and Background Data
As mentioned previously, existing methods are not able to model the probability
of presence without absence data. In this research I have developed a new algorithm to
address this issue. Remember that the goal is to model Pr(y = 1 | x), the probability of the
event of interest being present, conditional on predictor variables.
Let π1 = Pr(y = 1), which is the unconditional probability of presence or overall
prevalence of the event (e.g., species). Also, let π0 = Pr(y = 0) = 1 − π1, f1(x) = Pr(x | y =
1), and f0(x) = Pr(x | y = 0). Note that f1(x) is the density of variables conditional on
presence, whereas f0(x) is the density of variables conditional on absence. By the
definition of conditional probability, we have
Pr ( x, y = 1)
Pr ( y = 1 | x ) =
Pr ( x )
Pr ( x | y = 1) × Pr ( y = 1)
=
Pr ( x | y = 1) × Pr ( y = 1) + Pr ( x | y = 0 ) × Pr ( y = 0 )
f1 ( x )× π 1
(3.1)
=
f1 ( x )× π 1 + f 0 (x )× π 0
Without absence data, traditional statistical learning methods (e.g., neural networks,
GLM, and GAM) cannot build the desired model Pr(y = 1 | x), because the overall
population prevalence π1 and π0, and the density of predictor variables for absence
locations f0(x) cannot be estimated without absence data.
With GOCD, the available training dataset consists of observed presence and
background data. It is assumed that the observed presences are randomly sampled from
all presence locations, and background data are randomly sampled separately from the
whole study area. The observed presence data are labeled and hence denoted as s = 1,
whereas the background data are unlabeled and hence denoted as s = 0. Therefore, if s = 1,
we can infer that y = 1; if s = 0, we do not know whether y = 1 or y = 0. By training a
binary classifier using the presence (x, s = 1) and background (x, s = 0) data, we can
generate a model: Pr(s = 1 | x, η = 1), where η = 1 denotes the presence–background
(case–control) sampling scenario. By definition, we have
Pr ( x, s = 1,η = 1)
Pr (s = 1 | x,η = 1) =
Pr ( x,η = 1)
Pr ( x | s = 1,η = 1) × Pr (s = 1,η = 1)
(3.2)
=
Pr ( x | s = 1,η = 1) × Pr (s = 1,η = 1) + Pr ( x | s = 0,η = 1) × Pr (s = 0,η = 1)
Let p1 denote the number of observed presence data points in the training dataset. Let p2
and n2 denote the numbers of presence and absence contained in the sampled background
data, respectively. Since the background data are random samples of the population, we
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p2
n2
p1
and π 0 =
. In addition, we have Pr (s = 1,η = 1) =
,
p2 + n2
p2 + n2
p1 + p2 + n2
p2 + n2
and Pr (s = 0,η = 1) =
. According to the sampling design and our definitions,
p1 + p2 + n2
Pr(x | s = 1, η = 1) is the density of predictor variables conditional on presence, whereas
Pr(x | s = 0, η = 1) is the density of predictor variables for the whole region.
Mathematically, we have
Pr(x | s = 1, η = 1) = Pr(x | y = 1) = f1(x), and
Pr(x | s = 0, η = 1) = Pr(x) = f1(x)×π1 + f0(x)×π0.
Consequently, equation (3.2) can be rewritten as:
p1
f1 ( x ) ×
p1 + p2 + n2
P(s = 1 | x,η = 1) =
p1
p2 + n2
+ [ f1 ( x ) × π 1 + f 0 ( x ) × π 0 ]×
f1 ( x ) ×
p1 + p2 + n2
p1 + p2 + n2
f1 ( x ) × p1
(3.3)
=
f1 ( x ) × p1 + f1 ( x ) × p2 + f 0 ( x ) × n2
Obviously, the desired model Pr(y = 1 | x) is different from the trained model Pr(s = 1 | x,
η= 1), as shown in equations (3.1) and (3.3). By some manipulation, however, we have
p2
Pr (s = 1 | x,η = 1)
p
f1 ( x ) × p1
×
= 2×
p1 1 − Pr (s = 1 | x,η = 1) p1 f1 ( x ) × p2 + f 0 ( x ) × n2
p2
f1 ( x ) ×
p2 + n2
=
p2
n2
+ f 0 (x ) ×
f1 ( x ) ×
p2 + n2
p2 + n2
f1 ( x )× π 1
=
f1 ( x )× π 1 + f 0 ( x )× π 0
(3.4)
= Pr ( y = 1 | x )
Pr (s = 1 | x,η = 1)
According to equation (3.4), Pr(y = 1 | x) is proportional to
, and they
1 − Pr (s = 1 | x,η = 1)
p
only differ by the constant 2 , which is the ratio of the number of presences among the
p1
p1
background samples to the number of observed presence samples. Let c =
, then
p1 + p2
p2 1 − c
. Therefore, the critical remaining question is how to estimate the constant c,
=
p1
c
which is described in the following.
Let O be a subset of samples that are prototypical presence locations. Here
“prototypical presence” is defined as the location where the event of interest is maximally
likely to occur, i.e., Pr(y = 1 | x) = 1 if x∈O.

have π 1 =
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According to equation (3.1), we have

f1 ( x ) × π 1
= 1 if x∈O, resulting
f1 ( x ) × π 1 + f 0 ( x ) × π 0

in
f0(x) = 0 if x∈O
Substituting equation (3.5) into (3.3), we obtain
Pr (s = 1 | x,η = 1) =

f1 ( x ) × p1
f1 ( x ) × p1 + f1 ( x ) × p2 + 0 × n2

(3.5)

(x∈O)

p1
p1 + p2
=c
This implies that the predicted value Pr(s = 1 | x, η = 1) of any prototypical presence
location (x∈O) is an estimate c. In practice, if there are multiple prototypical presence
locations, a more reliable estimator of c is the average value of Pr(s = 1 | x, η = 1) for all
x∈O:
1
(3.6)
c = ∑x∈O Pr (s = 1 | x,η = 1)
n
where n is the number of prototypical presence locations.
In summary, we can obtain the desired model Pr(y = 1 | x) without absence data,
using the proposed presence and background learning (PBL) algorithm. First, a model
Pr(s = 1 | x, η = 1) is trained from presence (x, s = 1) and background (x, s = 0) data. Then,
we estimate the constant c using equation (3.6), and adjust the trained model to obtain the
desired model using equation (3.7):
Pr (s = 1 | x,η = 1)
1− c
(3.7)
Pr ( y = 1 | x ) =
×
c 1 − Pr (s = 1 | x,η = 1)
Details about this algorithm are provided in Li et al. (2011a).
=

3.2 Case Study 1: Modeling the Probability of Presence of Species without Absence
Data
The objective of this study is to investigate the effectiveness of the proposed PBL
algorithm in ENM. The PBL method is compared against a gold-standard method and a
current state-of-the-art method. The gold-standard method is to train a model with true
presence and true absence data. The state-of-the-art method is the MAXENT (Phillips
and Dudík, 2008). All methods are evaluated with respect to their abilities to predict the
probabilities of presence conditional on envrionmental variables. In real-world
applications of ENM, it is impossible to obtain the true probabilities of species
occurrence. In contrast, the following experiments are designed so that true probabilities
are known (but not available to the methods).
3.2.1 Dataset
In this experiment, PBL and MAXENT models are trained from presence–
background data, whereas the presence–absence model is trained from presence–absence
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data. In reality, it is difficult to obtain true absence data (Elith et al., 2006; Lobo et al.,
2010). In addition, it is impossible to obtain the true probability of presence of species,
which is needed in order to evaluate the models in this study. As Elith et al. (2006)
suggested, simulated data are helpful for theoretical investigations of modeling
techniques. Therefore, we use a virtual species that can be fully controlled quantitatively
and qualitatively (Hirzel et al., 2001).
Several real environmental variables from California were used to simulate a
virtual species, including elevation, annual average temperature and total precipitation. A
random variable was also included to model the stochasticity. The climate data were
extracted
from
the
DAYMET
coterminous
United
States
database
(http://www.daymet.org/). Digital elevation model (DEM) data were obtained from U.S.
Geological Survey (http://www.usgs.gov/). The spatial resolution of these variables is 1
km.
A virtual species was simulated assuming a logistic model (Keating and Cherry,
2004). The true conditional probability of presence is:
Pr ( y = 1 | x ) =

eε ( x )
1 + eε ( x )

(3.8)

where ε(x) is a function of the environmental variables x. In this experiment, we define
ε(x) = β0 +β1x1 +β2x2 +β3x3 +β4x4
(3.9)
where βi is a coefficient and xi refers to a variable. By tuning the coefficient βi, a map was
produced, representing the true probabilities of species occurrence in geographic space
(Figure 3.1). The probability value of each pixel indicates the success rate for one sample
of the binomial distribution (Elith and Graham, 2009). For example, a pixel with a
probability of 0.1 has a 10% chance of being occupied by the species, meaning that the
habitat is less suitable for the species. A random value r on the interval [0, 1] was
generated for each pixel. A pixel was assigned y = 1 if r ≤ P(y = 1 | x) and y = 0
otherwise. The overall population prevalence of the simulated species π1 is 0.18, resulting
in 18% of the pixels in the realized presence–absence map being occupied by the species.
The training data were sampled randomly from the realized presence–absence
map of the simulated species. All methods were trained with varying sample size: 200,
400, 600, 800, and 1000. Note that sample size only refers to the number of presence data
in the training dataset. For PBL and MAXENT, the training dataset also included 5000
random background data points; for the presence–absence model, the training dataset
included a varying number of true absences in proportion to the overall population
prevalence of the species. For example, with a sample size of 1000, the training dataset of
PBL and MAXENT included 1000 true presence and 5000 background data points,
whereas the training dataset of the presence–absence model included 1000 true presence
and 4700 true absence data points. All corresponding environmental variables were
extracted and rescaled into the range [0, 1]. To obtain more reliable comparisons between
methods, ten different random realizations of the training dataset were implemented.
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(a)

(b)

Figure 3.1. A simulated species. (a) True conditional probability map, and (b) histogram
of the probability.
3.2.2 Model Building
The PBL algorithm can be implemented using any binary classifier that can
estimate conditional probability. Previous research has shown that artificial neural
networks can accurately estimate posterior probability (Richard and Lippmann, 1991). In
addition, they are non-parametric models and can fit different types of models. Hence, a
backpropagation (BP) neural network (Hecht-Nielsen, 1989) was applied to model Pr(s =
1 | x, η = 1) from presence and background samples. In order to estimate meaningful
probabilities, the BP network was trained with a mean square error (MSE) objective
function, and the log-sigmoid transfer function was applied so that the output fell
between 0 and 1. To improve the network’s generalization, 25% of the original training
dataset was randomly held out as a validation dataset, and the network was run ten times
with different initial seeds. The best network was used for prediction. In this experiment,
the predicted Pr(s = 1 | x, η = 1) values for all presence locations in the training dataset
were sorted, and those locations whose predicted Pr(s = 1 | x, η = 1) were higher than
50th percentile were regarded as prototypical presences. The average values of Pr(s = 1 | x,
η = 1) of prototypical presences was used to estimate the constant c according to equation
(3.6). Finally, the desired prediction Pr(y = 1 | x) was obtained using equation (3.7). There
were a small number of pixels whose estimated probabilities were larger than one
because the probabilities were obtained in two steps. Such pixels have high suitability for
species occupancy so it is reasonable to cut their probabilities to one.
The presence–absence model, namely PA for convenience, can also be
implemented by any binary classifier that can estimate conditional probability. To
increase comparability between methods, the same BP network structure and training
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procedure of PBL were used to implement PA. The difference lies in that PA was trained
from true presence–absence data, so its prediction is Pr(y = 1 | x) directly.
The MAXENT software (version 3.2.19) was used, which is freely available
online at http://www.cs.princeton.edu/~schapire/maxent. MAXENT provides three types
of output: raw, cumulative, and logistic. The logistic output was used as it provides a
better estimate of probability of presence (Phillips and Dudík, 2008). The same training
dataset of PBL (presence–background data) was used to train MAXENT. User-defined
parameters were set to their default values.
3.2.3 Evaluation
The predicted probability map was compared against the true probability map,
and the agreement was evaluated by a Pearson’s correlation coefficient (COR). The root
mean square error (RMSE) was calculated to assess the prediction accuracy:

∑[
t

RMSE =

i =1

]

2

Pˆ ( y = 1 | xi ) − P( y = 1 | xi )

(3.10)

t

where P̂r( y = 1 | xi ) is predicted probability and Pr(y = 1 | xi) the true probability; t refers
to the total number of pixels in the whole study area, which is 408784 in this study. Note
COR is a scale-independent measure, i.e., scaling the probability estimates by a constant
does not change the value of COR, whereas RMSE is scale-dependent. These two
statistics help to evaluate model’s performance from different perspectives.
The histograms of the predicted probabilities of different methods were also
compared against the histogram of the true probabilities. The similarity between
histograms was measured using the Kullback–Leibler divergence (Kullback and Leibler,
1951):
m
p
(3.11)
d KL = ∑ pi ln i
pi '
i =1
where pi and pi' are the frequencies in bin i of the true histogram and predicted histogram,
respectively, m is the number of bins, and ln is the natural logarithm. pi and pi' should be
m

normalized such that

∑ pi = 1 and
i =1

m

∑ p '= 1 .
i =1

i

The Kullback–Leibler divergence is a

commonly used measure of the difference between two probability distributions (Cha,
2007; Phillips et al., 2009). If the two distributions are identical, the Kullback–Leibler
divergence dKL has a value of 0. A larger value of dKL indicates the two distributions are
less similar.
3.2.4 Results
Figure 3.2 shows the predicted probability maps and histograms produced by
different methods with a sample size of 1000 presence points. Ten random realizations of
the training dataset generate similar results, so only one of them is presented here. The
probability maps and histograms predicted by PA and PBL are very similar to the true
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ones in Figure 3.1. Although the spatial pattern of the probability map predicted by
MAXENT is close to the true probability map, the absolute probabilities and histogram
are quite different from the true values. The probabilities predicted by MAXENT are
biased towards zero and their maximum value is only about 0.8, whereas the maximum
value of the true probabilities is one.
Figures 3.3–3.5 show the behaviors of COR, RMSE, and Kullback–Leibler
divergence of prediction results of different methods with different sample sizes. The
averages and standard deviations of COR, RMSE, and Kullback–Leibler divergence over
ten different random realizations are reported in Table 3.1. All methods produce high
values of COR, with PA performing slightly better than the other two. Generally, the
behaviors of RMSE produced by PA and PBL are similar, with very low values. By
contrast, MAXENT produces relatively high RMSE. Similarly, PA and PBL produce
small Kullback–Leibler divergence whereas MAXENT produces large Kullback–Leibler
divergence. For example, with a sample size of 1000, the average RMSE of PA, PBL,
and MAXENT is 0.0326, 0.0594, and 0.1914, respectively, whereas the average
Kullback–Leibler divergence of PA, PBL, and MAXENT is 0.0006, 0.0013, and 0.6621,
respectively.
PA

PBL

MAXENT

Figure 3.2. Predicted conditional probability maps (top) and histograms (bottom) by
different methods (sample size = 1000).
For COR and RMSE, the standard deviations of all methods are small. For
Kullback–Leibler divergence, the standard deviations of PA and PB are small, but the
standard deviations of MAXENT are large. In addition, as the sample size increases,
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COR obtained from PA and PBL increase whereas RMSE and Kullback–Leibler
divergence obtained from PA and PBL decrease. However, the effect of sample size on
MAXENT is not significant: the MAXENT method does not improve as more training
data are available. Overall, experimental results show that PA and PBL can accurately
predict the conditional probability of presence, with the former performing slightly better
than the latter. By contrast, the predicted probabilities given by MAXENT are less
accurate.

(a)

(b)

(c)

(d)

(e)

Figure 3.3. Pearson’s correlation coefficient (COR) of prediction results by different
methods. (a) Sample size = 200, (b) sample size = 400, (c) sample size = 600, (d) sample
size = 800, and (e) sample size = 1000.
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(a)

(b)

(c)

(d)

(e)
Figure 3.4. RMSE of prediction results by different methods. (a) Sample size = 200, (b)
sample size = 400, (c) sample size = 600, (d) sample size = 800, and (e) sample size =
1000.
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(a)

(b)

(c)

(d)

(e)
Figure 3.5. Kullback–Leibler divergence of prediction results by different methods. (a)
Sample size = 200, (b) sample size = 400, (c) sample size = 600, (d) sample size = 800,
and (e) sample size = 1000.

25

TABLE 3.1. AVERAGES AND STANDARD DEVIATIONS OF PEARSON’S CORRELATION
COEFFICIENT (COR), RMSE, AND KULLBACK–LEIBLER DIVERGENCE OVER TEN RANDOM
REALIZATIONS OF EACH TRAINING DATASET
COR

Sample size
PA
200
400
600
800

PBL

RMSE
MAXENT

PA

PBL

Kullback–Leibler divergence
MAXENT

PA

PBL

MAXENT

0.9844

0.9692

0.9751

0.0625

0.0912

0.1952

0.0094

0.0115

0.6017

(0.0084)

(0.0074)

(0.0084)

(0.0198)

(0.0103)

(0.0042)

(0.0158)

(0.0156)

(0.2647)

0.9886

0.9782

0.9801

0.0541

0.0762

0.1909

0.0039

0.0051

0.6292

(0.0067)

(0.0059)

(0.0044)

(0.0155)

(0.0103)

(0.0012)

(0.0052)

(0.0053)

(0.3715)

0.9916

0.9805

0.9804

0.0444

0.0713

0.1917

0.0012

0.0057

0.2734

(0.0065)

(0.0071)

(0.0037)

(0.0168)

(0.0155)

(0.0014)

(0.0021)

(0.0056)

(0.2537)

0.9943

0.9849

0.9769

0.0372

0.0620

0.1917

0.0007

0.0046

0.6745

(0.0046)

(0.0075)

(0.0033)

(0.0132)

(0.0162)

(0.0009)

(0.0004)

(0.0087)

(0.3932)

0.9954

0.9864

0.9783

0.0326

0.0594

0.1914

0.0006

0.0013

0.6621

(0.0044)

(0.0054)

(0.0044)

(0.0136)

(0.0138)

(0.0011)

(0.0007)

(0.0010)

(0.3369)

1000

Values in parentheses are standard deviations.

3.2.5 Discussion
A common aim in ENM is to model the probability that species of interest may
occur, conditional on environmental variables (Segurado and Araújo, 2004; Ward et al.,
2009). Presence–absence models are effective in modeling the probability of presence
(Keating and Cherry, 2004; Elith and Graham, 2009; Ward et al., 2009), but they suffer
from the lack of absence data in practice. Previous studies have found that it is difficult to
accurately model the probability of presence without absence data (Elith et al., 2006;
Elith and Graham, 2009), but the findings in this research show that it is possible. The
novel PBL algorithm shows good potential to model the probability of presence with
presence–background data. Its performance is close to that of a true PA model, and is
significantly better than that of MAXENT. Because PBL aims to model the probability of
presence rather than a relative index of habitat suitability, prediction results are more
comparable across species and across datasets, and more interpretable. In addition, a
meaningful threshold such as 0.5 can be applied to generate binary predictions when
necessary.
Estimation of c is a vital step for the PBL algorithm. As shown previously, the
probability Pr(s = 1 | x, η = 1) of observation at a prototypical presence location is equal
to c, assuming that the probability of presence at such a location is one. In order to apply
the PBL method in practice, we need to identify a suitable set of prototypical presence
locations. These are locations x that have Pr(y = 1 | x) = 1, which is the maximum
possible value of the probability of presence. The probability Pr(y = 1 | x) is an increasing
function of Pr(s = 1 | x, η = 1) so in principle we can use locations for which Pr(s = 1 | x,
η = 1) is empirically maximal as prototypical presence locations. It will always be the
case that one or more geographical locations x exist for which Pr(s = 1 | x, η = 1) is
empirically maximal. However, there will be noise in specific values of Pr(s = 1 | x, η =
1). To reduce the effect of noise, we can use multiple locations whose predicted Pr(s = 1 |
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x, η = 1) are high as prototypical presence locations, and then average their predicted
probabilities to estimate c. In this study, the observed presence locations whose predicted
probability Pr(s = 1 | x, η = 1) are higher than 50th percentile were selected as prototypical
presence locations. Note that the 50th percentile threshold is somewhat arbitrary; it is
sufficient in this study, but can be varied depending on the distributions of the modeled
species. Obviously, the more genuinely prototypical or suitable the selected presence
locations are, the more accurate the estimation of c will be. Because species may occur at
less suitable habitat (Pulliam, 2000), especially mobile species (e.g., birds), not each
observed presence site yields an unbiased estimate of c. In practical applications, we can
classify the observed presences into prototypical and atypical ones using expert
knowledge. All presences are used to fit the model, but only prototypical ones are used to
estimate c. If no expert knowledge exists, researchers can rank the predicted probabilities
of all presence sites, and average the probabilities that are over some percentile threshold.
There is a trade-off between bias and variance: the maximum probability is an estimate of
c with a very large variance, whereas the average probability of all presence sites tends to
underestimate c with a small variance.
In this study, the available training dataset is a combination of observed presence
and background data. This sampling design is also referred to as case–control sampling
with contaminated controls (Lancaster and Imbens, 1996) or use–availability sampling
(Keating and Cherry, 2004). The model Pr(s = 1 | x, η = 1) fitted from such training data
can be interpreted as the conditional probability that a sampled site will be one of the
observed presences (Keating and Cherry 2004). Equation (3.7) is equivalent to
(h / q ) Pr ( y = 1 | x )
derived by Lancaster and Imbens (1996)
Pr (s = 1 | x,η = 1) =
(h / q ) Pr ( y = 1 | x ) + 1 − h
p2
p1
after some manipulation, where h =
and q =
. They provided a
p2 + n2
p1 + p2 + n2
solution to directly estimate the conditional probability of presence (Lancaster and
Imbens 1996), but the method is not recommended for use in practice because a
convergence problem exists and the implementation is difficult (Keating and Cherry 2004;
Ward et al. 2009). Another solution is the expectation-maximization (EM) algorithm
proposed by Ward et al. (2009), but its practical use is limited by an unrealistic
assumption, namely prior information about the population prevalence of the species.
The proposed PBL algorithm in this study provides some improvements over
these methods. It can model the conditional probability of presence without prior
information concerning species prevalence, and its implementation is relatively easy,
making it more useful in practice. Note that PBL is not a specific model but a flexible
framework. It can be used with all binary models that can estimate conditional probability.
This study shows that PBL used with BP networks performs well. The performance of
PBL used with other models needs future investigation.
The PBL algorithm is inspired by the work of Elkan and Noto (2008) where they
proposed a positive and unlabeled learning algorithm (PUL). Positive refers to presence
(y = 1), and “unlabeled” means that y = 1 or y = 0 is unknown. Background data can be
regarded as unlabeled data according to the definition. The PUL requires the following
sampling design: 1) a single set of samples are collected completely at random, 2)
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positive examples are labeled with fixed probability c, and 3) negative examples are
unlabeled. Hence, the trained model Pr(s = 1 | x) has a proportional relationship with the
desired model: Pr(s = 1 | x) = Pr(y = 1 | x) × c. However, this sampling scenario is
difficult to satisfy in ecological studies. It is more common that we have two separate sets
of samples: observed presence data and background data, which are separate case and
control samples. The model Pr(s = 1 | x, η = 1) trained from case–control presence–
background samples is no longer proportional to Pr(y = 1 | x). The definition and
estimation of c in PUL and PBL are similar. The distinctions between the two algorithms
lie in their sampling designs and consequent approaches to obtain the desired model Pr(y
= 1 | x). Generally, PBL is more appropriate than PUL to model presence-only data in
ecological applications.
In this study synthetic data are used to investigate PBL theoretically, and PBL
shows promise in ENM with presence-only data. However, future research is required to
investigate the effectiveness of this new algorithm more comprehensively using real
datasets. Like many other statistical methods, PBL requires that presence and background
data be randomly sampled. It is easy to randomly sample background data, but usually
difficult to randomly sample species presences in the field due to the constraints of
physical accessibility, such as complex terrain, remote areas, dense canopies, etc.
Samples collected in a biased way may result in less accurate predictions (Heckman,
1979; Zadrozny, 2004; Dudík et al., 2005; Smith and Elkan, 2007). Future study should
investigate the effect of sample selection bias and effective strategies for correcting the
spatial bias.
3.2.6 Conclusion
In this study, the proposed presence and background learning algorithm (called
PBL) is shown to be successful in modeling the conditional probability of presence of a
simulated species. The PBL algorithm estimates a constant c using prototypical presence
data, which is then used to convert the trained model to a calibrated probability of
presence. The results provided by PBL are similar to those of a true PA model, and are
significantly better than those of MAXENT. The PBL algorithm is able to model the
conditional probability of presence of species without absence data, so it has many
potential applications in ENM.
3.3 Case Study 2: One-Class Remote Sensing Classification Using PBL
This study aims to investigate the performance of the proposed PBL for one-class
remote sensing classification using real a dataset. The OCSVM and MAXENT are
commonly used one-class classifiers (Phillips et al., 2004; Muñoz-Marí et al., 2007a;
Sanchez-Hernandez et al., 2007; Li and Guo, 2010), so they are also compared with the
proposed PBL in the experiments.
3.3.1 Dataset
The initial dataset is a high resolution aerial photograph acquired in 2004 by a
Leica ADS40 digital camera, with 0.3 m spatial resolution. Three bands are available in
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the image: red (610–660 nm), green (535–585 nm) and blue (430–490 nm). Two scenes
from the aerial photograph were selected so that different land types occur in the image.
The first scene is an area of 350×350 m with 1366561 pixels, located in the city of
Richmond, California (Figure 3.6), which includes houses, roads, trees, grasses, soils and
water. The second scene is an area of 500×500 m with 2778889 pixels, located in the city
of El Cerrito, California (Figure 3.6), which includes houses, roads, trees, grasses and
soils.
In the experiments, the extraction of urban areas (including houses and roads),
trees, grasses, soils, and water are defined as separate examples of one-class classification.
The OCSVM requires only positive data for training, whereas MAXENT and PBL
require positive and background data for training. For all methods, both positive and
negative data are required for evaluation. For each land type extraction, 3000 positive
(the class of interest), 2000 negative (other classes), and 5000 background pixels were
randomly collected by manual interpretation. The training dataset included 1000 positive
and 5000 background pixels, whereas the test dataset included 2000 positive and 2000
negative pixels. For each sampled pixel, 15 features were extracted for classification,
including mean values, variance, homogeneity, contrast and second moment of the R, G,
and B bands. All features were calculated in ENVI software with a 3×3 pixel template,
and then rescaled into the range [0, 1]. In order to obtain statistically reliable results, ten
different random realizations of the training data were implemented for each land type
classification, and the classification results were evaluated using overall accuracy (OA)
and kappa coefficient (k).

Figure. 3.6. Aerial photographs of study areas. Scene one: Richmond. Scene two: El
Cerrito.
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3.3.2 Model Building
Similar to the previous case study, a BP neural network was used to implement
the PBL method. The BP network was trained with a regularized mean square error
(MSE) objective function, and the log-sigmoid transfer function was applied so that the
output fell between 0 and 1. In order to estimate c according to equation (3.6), 25% of the
original training dataset was randomly held out as a validation dataset, and all positive
pixels in the validation dataset were used as prototypical positives. After calibration, a
threshold of 0.5 was applied to generate binary prediction. The output of the BP network
is different depending on individual training episodes. In order to increase the model
reliability, the BP network was trained ten times with different initial seeds; the output of
each episode was similar and consistent, hence they were averaged to generate the final
prediction.
The OCSVM was implemented by LIBSVM – a library for support vector
machines developed by Chang and Lin (2001). Only positive samples were used to train
the classifier, with background samples being discarded. The output of OCSVM is binary
(positive and negative), and hence no threshold is required. A Gaussian RBF kernel
function was used, and there are two important free parameters that need to be tuned: the
RBF kernel width and the rejection fraction. The RBF kernel width γ was tuned in the
range (0,1000] with step 0.1, and the rejection fraction ν in the range (0,1) with step 0.01
(Hsu et al., 2003; Muñoz-Marí et al., 2007a). It should be noted that the training dataset
did not include any negative data, so parameters tuned with only positive data can only
report true-positive rate, and they are difficult to guarantee high accuracy when applied to
a separate test dataset that consisted of both positive and negative. To investigate its best
achievable performance, OCSVM was trained using the whole training dataset and the
free parameters were tuned using the test dataset that consisted of both positive and
negative data.
For MAXENT the same free software MAXENT 3.2.19 was applied (Phillips et
al., 2004). The training dataset with positive and background data were used to train the
model. Note that the logistic output is not a calibrated probability of being positive, but it
is proportional to the conditional probability of being positive (Phillips et al., 2006).
Therefore, a threshold is needed to convert the probabilistic output to binary predictions.
To avoid over-fitting, 25% of the original training dataset was randomly held out for
validation, and the threshold was optimized based on the validation dataset. In this study,
the logistic value corresponding to a 5% omission rate for the validation dataset was
selected as the threshold to make a binary prediction (Pearson et al., 2004). Other userspecified parameters were set to their default values.
3.3.3 Results
Scene one. Figure 3.7 shows the classification maps of scene one for each land
type. In general, PBL provides the best classification results in the extraction of a single
land type from the aerial photograph. Its prediction maps for each land type have good
agreement with the original aerial photograph, especially for the urban areas, grasses and
water. MAXENT also provides relatively good results particularly for urban areas and
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water. By contrast, OCSVM does not perform well in this study, and its classification
maps show more “salt and pepper” effect. Figure 3.8 shows the comparison of k obtained
by different classifiers on ten different random realizations of the training dataset. PBL
generally provides the highest k whereas the k obtained by MAXENT is lower than PBL,
except for water. OCSVM always provides the lowest k. The behaviour of OA is similar
to k and is not presented here. The mean and standard deviation of OA and k over ten
different random realizations are shown in Table 3.2. In general, PBL produces the
highest mean values of OA and k with relatively low standard deviations.
Scene two. Figure 3.9 shows the classification maps of scene two for different land
types. Similar to scene one, the classification map for each land type provided by PBL
shows good agreement with the original aerial photograph, especially for the urban areas
and grasses. MAXENT also produces relatively good classification results for each land
type except for trees. By contrast, OCSVM generates worse classification maps with
more “salt and pepper” effect. Because OA and k result in similar behaviour, Figure 3.10
only shows the comparison of k obtained by different classifiers. The mean values and
standard deviations of OA and k over different random realizations are reported in Table
3.3. In general, PBL provides the highest classification accuracies and is more stable than
other methods. For example, in the classification of urban areas, PBL provides the
highest mean value of k, 0.81 with the standard deviation of 0.01, whereas the mean
values of k obtained by MAXENT and OCSVM are 0.80 and 0.41 with standard
deviations of 0.01 and 0.02, respectively.
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PBL

MAXENT

OCSVM

Figure 3.7. Prediction maps of each land type (scene one). White: positive; black:
negative.
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(a)

(b)

(c)

(d)

(e)

Fig. 3.8. Comparison of kappa coefficient obtained by different classifiers (scene one). (a)
Urban. (b) Tree. (c) Grass. (d) Water. (e) Soil.
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PBL

MAXENT

OCSVM

Figure 3.9. Prediction maps of each land type (scene two). White: positive; black:
negative.
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(a)

(b)

(c)

(d)

Fig. 3.10. Comparison of kappa coefficient obtained by different classifiers (scene two).
(a) Urban. (b) Tree. (c) Grass. (d) Soil.
TABLE 3.2. MEAN AND STANDARD DEVIATION OF OVERALL ACCURACY (OA) AND KAPPA
COEFFICIENT (k) ON TEST DATA (SCENE ONE)
PBL
Class
Urban
Tree
Grass
Water
Soil

MEAN
STDDEV
MEAN
STDDEV
MEAN
STDDEV
MEAN
STDDEV
MEAN
STDDEV

OA
0.90
0.01
0.81
0.01
0.86
0.01
0.94
0.01
0.83
0.01

k
0.80
0.01
0.61
0.02
0.72
0.01
0.87
0.02
0.66
0.01

MAXENT
OA
k
0.89
0.79
0.01
0.02
0.78
0.55
0.01
0.02
0.78
0.57
0.02
0.04
0.97
0.93
0.00
0.01
0.84
0.68
0.01
0.02

OCSVM
OA
k
0.74
0.49
0.01
0.02
0.75
0.51
0.01
0.01
0.76
0.52
0.01
0.01
0.87
0.75
0.01
0.02
0.76
0.51
0.01
0.02
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TABLE 3.3. MEAN AND STANDARD DEVIATION OF OVERALL ACCURACY (OA) AND KAPPA
COEFFICIENT (k) ON TEST DATA (SCENE TWO)
PBL
Class
Urban
Tree
Grass
Soil

MEAN
STDDEV
MEAN
STDDEV
MEAN
STDDEV
MEAN
STDDEV

OA
0.90
0.00
0.84
0.01
0.93
0.01
0.86
0.01

k
0.81
0.01
0.68
0.01
0.87
0.01
0.73
0.01

MAXENT
OA
k
0.90
0.80
0.00
0.01
0.82
0.65
0.01
0.02
0.92
0.85
0.01
0.02
0.85
0.70
0.01
0.03

OCSVM
OA
k
0.70
0.41
0.01
0.02
0.77
0.55
0.01
0.01
0.81
0.61
0.01
0.01
0.76
0.51
0.01
0.02

3.3.4 Discussion
Traditional supervised classification methods require both positive and negative
data to train the classifier. However, in many real world applications it is common that
negative data are not available, or they are time-consuming to collect. For example, in
one-class remote sensing classification, the interest is focused on a single class, and the
effort of labeling data will be significantly increased if users have to explicitly label data
belonging to each class in the image. Hence, it is important to develop efficient one-class
classifiers that do not require negative data. In this study, the proposed PBL method
performs best in extracting a single land type from high spatial resolution imagery, which
shows that it is a promising method in one-class remote sensing classification. A major
advantage of the new algorithm is that it enables users to reduce the cost of labeling
training data while maintaining high classification accuracy. This algorithm requires only
positive and background data in the training dataset, without requiring negative data. The
background data consists of both positive and negative pixels, but it is not necessary to
know their true labels. Users can easily collect as many background data as desired from
the background of the image, thus saving the effort of labeling training samples of other
classes.
Although the same BP network is used as the classifier, the outputs of PBL and
traditional BP network are quite different. The difference between these two methods
lies in the training data. Traditional BP is trained from positive and negative data, and the
prediction is the probability of being positive, so a threshold of 0.5 can be applied to
generate binary prediction. For PBL, the network is trained from positive and background
data, and the prediction is the biased class membership as background data are not true
negative data. Therefore, a threshold of 0.5 cannot be applied directly to the biased class
membership. The success of PBL lies in its ability to estimate the constant c from the
validation dataset, which is then used to calibrate the biased membership.
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Without negative data, MAXENT aims to estimate the probability distribution
Pr(x | y = 1) instead of Pr(y = 1 | x) (Phillips et al., 2004; Phillips et al., 2006), so the
typical threshold of 0.5 cannot be applied directly to generate binary classification. In
one-class remote sensing classification, we can interpret the prediction of MAXENT as a
relative index of being positive, where higher values indicate a pixel that is more likely to
be the positive class (Li and Guo, 2010). According to Bayes’ theorem, Pr(x | y = 1) is a
monotonically increasing function of Pr(y = 1 | x), and hence it can correctly rank the
class membership. This means that the binary prediction made by thresholding Pr(y = 1 |
x) can be obtained by thresholding Pr(x | y = 1), although the required thresholds are
different (Phillips and Dudík, 2008). In this study, the threshold is determined based on
the 5% omission rate of validation dataset. Generally, the classification accuracies are
relatively high, especially for the urban areas. The relatively low accuracies of trees and
soils may be attributed to the outliers in the training data. The training data are labeled
through manual interpretation and thus misclassifications are inevitable. The urban areas
are easy to discriminate from other classes by manual interpretation. However, there are
some areas where trees, especially dead trees, and soils are mixed together, which make
them difficult to discriminate from each other. Hence, there may be more outliers in the
training datasets of trees and soils, which degraded the performances of classifiers.
OCSVM is a commonly used method in one-class remote sensing classification.
Previous research indicates that OCSVM generally performs well in one-class
classification of remote sensing data, with relatively high classification accuracy, above
90% in some situations (Foody et al., 2006; Muñoz-Marí et al., 2007a). Some research,
however, shows that OCSVM does not perform well, with an overall accuracy of only 77%
in Muñoz-Marí et al. (2007a). In this study, the experimental results show that OCSVM
does not perform so well, with overall accuracies of 70–80% most of the time. As
OCSVM only uses the positive data and discards the background data, the number of
training data is much smaller than that of PBL and MAXENT. In addition, the outcome
of OCSVM is sensitive to some free parameters that are difficult to tune (Manevitz and
Yousef, 2001; Guo et al., 2005). Furthermore, outliers can also degrade the performance
of OCSVM (Song et al., 2008). Training data are usually labeled through manual
interpretation and thus misclassifications are inevitable. We can tune the rejection
fraction to control the number of rejected outliers, but the true rate of outliers in the
training dataset is always unknown. Therefore, it is reasonable that PBL outperforms
OCSVM in this study.
With GOCD, the available training dataset includes a small set of labeled data and
a large set of unlabeled (background) data. Note that the labeled data are positive only,
but unlabeled data can be both positive and negative. Recent research in machine learning
indicates that in addition to labeled samples, unlabeled samples are also helpful in
building classifiers (Castelli and Cover, 1996). Learning methods that use both labeled
and unlabeled data for classifier training show promise in one-class classification
(Kothari and Jain, 2003; Liu et al., 2003; Elkan and Noto, 2008), and new methods
appear increasingly in the literature of machine learning (Kothari and Jain, 2003; Wu,
2006; Elkan and Noto, 2008). According to the experimental results, PBL and MAXENT,
which use both labeled and unlabeled data, generally produce higher accuracies than
OCSVM, which uses only labeled data.
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The PBL is applied in the present study for the first time to one-class remote
sensing classification, and it provides good classification results. The limitation of this
work is that the new algorithm is only tested using a high spatial resolution aerial
photograph dataset. However, we can expect that it will have good potential in other
remote sensing one-class classification scenarios using different datasets. The reason is
that the PBL is not a specific classifier, but a general learning method for classifiers. All
classifiers that can estimate calibrated probabilities can be used to implement PBL.
Implementation of PBL with a BP neural network is investigated in this study. In future
studies we need to investigate implementation of PBL with other classifiers in different
scenarios. Similar to traditional supervised classification methods, PBL also requires the
random sampling assumption (Stehman, 1996; Foody, 2002; Pal and Mather, 2005),
which is difficult to satisfy and/or verify in some applications. Therefore, future research
is needed to study the effect of biased samples on the performance of PBL, and strategies
to de-bias the training samples.
3.3.5 Conclusion
In this study, the proposed algorithm, learning from positive and background data
(PBL) is successful in one-class classification of high spatial resolution image data. The
PBL algorithm estimates the constant c accurately, which is then used to calibrate the
biased class membership trained from positive and background data. In general, PBL
provides the best results compared to MAXENT, OCSVM. The advantage of this
algorithm is that it can use background data to help build classifiers, and requires only a
small set of positive data to be labeled. Therefore, it can significantly reduce the cost of
labeling training data without losing accuracy.

Chapter 4 How to Assess the Prediction Accuracy of Models without
Absence Data?
4.1 The Principle: Accuracy Assessment Using Presence and Background Data
As mentioned previously, existing accuracy measures such as OA, k, TSS, and F
require that both presence and absence data are available. For example, F is the harmonic
average of precision (p) and recall (r). Obviously, r can be calculated from the observed
presence data, but p cannot be calculated without the observed absence data, leading to
the difficulty of calculating F with GOCD. If we simply use the background data as
absences, the computed F can be misleading because a number of the sampled
background data are actual presences rather than absences. In the following a solution is
proposed to address this problem.
An independent test dataset consisting of observed presence data (denoted as s = 1)
and background data (s = 0) is required. Let us assume that the observed presence data
are randomly sampled from all presence locations, and the background data are randomly
sampled separately, from the whole study region; this is also referred to as case–control
sampling, denoted by η = 1. Again, please note that a background data point (s = 0) can
be either an unknown presence (y = 1) or an unknown absence (y = 0), and s = 1 is
equivalent to y = 1.
With the presence–background data, we can generate a new confusion matrix, as
shown in Table 4.1. Here, we can define the following new statistics:
TP '
p' =
(4.1)
TP '+ FP'
TP '
r' =
(4.2)
TP '+ FN '
TP'
p'
=
p' ' =
(4.3)
1 − p ' FP'
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TABLE 4.1. A CONFUSION MATRIX FROM PRESENCE–BACKGROUND DATA
Reference
Prediction

s=1

s=0

TP'

FP'

(true positive)

(false positive)

FN'

TN'

(false negative)

(true negative)

y' = 1

y' = 0
s = 1: observed presence; s = 0: background data;
y' = 1: predicted presence; y' =0: predicted absence.
Please note that p and r are estimated from the presence–absence data, which are a simple
random sample. In contrast, p', p'', and r' are estimated from the presence–background
data, which are a case–control sample. To differentiate from the presence–absence
sample, here we use η = 1 to denote the case–control presence–background sample. The
statistics p, r, p', and r' have the following probabilistic interpretation:
p = Pr(y = 1 | y' = 1)
(4.4)
r = Pr(y' = 1 | y = 1)
(4.5)
p' = Pr(s = 1 | y' = 1, η = 1)
(4.6)
r' = Pr(y' = 1 | s = 1, η = 1)
(4.7)
Because the observed presence data (s = 1) are random samples of the presence
data (y = 1), we have:
Pr(y' = 1 | s = 1, η = 1) = Pr(y' = 1 | y = 1)
(4.8)
Therefore, r' is an estimate of r:
r = r'
(4.9)
According to the definition of p'', we have
p'
p' ' =
1 − p'
Pr (s = 1 | y ' = 1,η = 1)
=
1 − Pr (s = 1 | y ' = 1,η = 1)
Pr (s = 1, y ' = 1,η = 1) Pr ( y ' = 1,η = 1)
=
1 − Pr (s = 1, y ' = 1,η = 1) Pr ( y ' = 1,η = 1)
Pr (s = 1, y ' = 1,η = 1)
=
Pr ( y ' = 1,η = 1) − Pr (s = 1, y ' = 1,η = 1)
Pr (s = 1, y ' = 1,η = 1)
=
Pr (s = 1, y ' = 1,η = 1) + Pr (s = 0, y ' = 1,η = 1) − Pr (s = 1, y ' = 1,η = 1)
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Pr (s = 1, y ' = 1,η = 1)
Pr (s = 0, y ' = 1,η = 1)
Pr ( y ' = 1 | s = 1,η = 1) × Pr (s = 1,η = 1)
(4.10)
=
Pr ( y ' = 1 | s = 0,η = 1) × Pr (s = 0,η = 1)
Because the background data (s = 0) are random samples of the population, we have
(4.11)
Pr ( y ' = 1 | s = 0,η = 1) = Pr ( y ' = 1)
Substituting equations (4.8) and (4.11) into (4.10), we obtain
=

Pr ( y ' = 1 | y = 1) × Pr (s = 1,η = 1)
Pr ( y ' = 1) × Pr (s = 0,η = 1)
Pr ( y ' = 1, y = 1)
Pr (s = 1,η = 1)
=
×
Pr ( y ' = 1)
Pr ( y = 1) × Pr (s = 0,η = 1)
Pr (s = 1,η = 1)
= Pr ( y = 1 | y ' = 1) ×
Pr ( y = 1) × Pr (s = 0,η = 1)
(4.12)
= p×c
Pr (s = 1,η = 1)
n1
where c =
. The constant c depends on the prevalence
=
Pr ( y = 1) × Pr (s = 0,η = 1) π × n0
π = Pr(y = 1) and the ratio of the number of observed presence (n1) to the number of
sampled background (n0) data points in the test dataset. Therefore,
p = p''/c
(4.13)
If we have prior information on the prevalence π, we can obtain the constant c and
hence an estimator of the precision p = p''/c. Remember that we also have the estimator of
recall r = r'. Therefore, we can calculate the F-measure:
p×r
Fcpb = (1 + β 2 ) × 2
β × p +r
p' '×r '
= (1 + β 2 ) × 2
(4.14)
β × p' ' + c × r '
In real-world applications, the prevalence is usually unknown and hence it has to be
estimated from models. Alternatively, if we remove the constant c from equation (4.14),
we can obtain a proxy of F that does not require the prevalence:
p ' '×r '
Fpb = (1 + β 2 ) × 2
(4.15)
β × p' ' + r '
With β = 1, we obtain:
p ' '×r '
Fcpb = 2 ×
p' '+c × r '
2 × TP '
=
(4.16)
TP '+ FN '+c × FP'
p ' '×r '
Fpb = 2 ×
p' '+ r '
p' ' =

(

)

)

(

(

)
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2 × TP '
(4.17)
TP '+ FN '+ FP'
Mathematically, equation (4.3) cannot be calculated directly if p' = 1 (or FP' = 0). When
p' = 1, the model predicts all background data as absence, so we can simply set Fpb = Fcpb
= 0.
Hereafter, F denotes the F-measure calculated from the presence–absence data
using equation (2.22), and Fcpb denotes the F-measure calculated from the presence–
background data using equation (4.16), both of which estimate the same accuracy; Fpb
denotes the statistic in equation (4.17). The term “Fpb” refers to the proxy of F-measure
based on presence–background data, and “Fcpb” refers to the calibrated proxy of Fmeasure based on presence–background data. Unlike Fcpb, Fpb is not necessarily equal to
F. Because 0 ≤ r = r' ≤ 1 and 0 ≤ p = p''/c ≤ 1, we can infer that that F (and hence or Fcpb)
2×c
]. Additionally, a model will have
is scaled into [0, 1], whereas Fpb is scaled into [0,
1+ c
a high value of F and Fpb when both commission and omission errors are low. Therefore,
Fpb can be used as a proxy of F when the prevalence is unknown.
In summary, we can evaluate a model’s prediction accuracy without absence data.
First, create the modified confusion matrix, where the observed absence data are replaced
by a sample of background data (Table 4.1). Then, calculate Fcpb using equation (4.16)
when the prevalence is available, or Fpb using equation (4.17) otherwise. Details about
this algorithm are provided in Li and Guo (2013).
=

4.2 Case Study 1: Evaluating the New Accuracy Assessment Method Using
Simulated Species Dataset
This study aims to investigate the effectiveness of the proposed Fpb and Fcpb in
accuracy assessment, and the usefulness of Fpb in threshold selection and estimation of
species prevalence. ENMs can provide continuous predictions (species suitability or
probability of species occurrence) or binary predictions (species presence–absence). This
study focuses on assessing the predictive accuracy of binary output, i.e., the agreement
between observation and prediction. DOMAIN, GLM, and MAXENT are wellestablished modeling methods that differ in model performance (Elith et al., 2006), so
they are applied to produce different species presence–absence predictions with different
accuracies. The behaviors of Fpb and Fcpb are compared to those of traditional measures,
including area under the receiver operating characteristic curve (AUC), F, k, and TSS.
Another presence-only measure contrast validation index (CVI) is also compared (Hirzel
et al., 2006). In reality it is difficult to obtain true absence data (Elith et al., 2006; Lobo et
al., 2010), so simulated data are used for a theoretical investigation (Austin et al., 2006;
Zurell et al., 2010).
4.2.1 Dataset
The species was simulated by a logistic model (Keating and Cherry, 2004):
Pr ( y = 1 | x ) =

eε ( x )
1 + eε ( x )

(4.18)
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where Pr(y = 1 | x) is the conditional probability of species presence, and ε(x) is a
function of the environmental variables x, as shown in the following:
ε(x) = β0 + β1x1 + β2x2 + β3x3 + β4x4
(4.19)
where β0, β1, β2, β3, and β4 are coefficients. The environmental predictor variables include
elevation, annual average temperature, and total precipitation in California. A random
variable was also included to model the stochasticity. Californian climate data were
extracted
from
the
DAYMET
coterminous
United
States
database
(http://www.daymet.org/), and digital elevation model (DEM) data were obtained from
the U.S. Geological Survey (http://www.usgs.gov/). The spatial resolution of all variables
is 1 km, and the total number of pixels in the study area is 408784. By varying the
coefficients, six virtual species were generated with different prevalence values (Table
4.2).
TABLE 4.2. THE COEFFICIENTS AND PREVALENCE VALUES OF SIX VIRTUAL SPECIES.
Coefficients
Species

β0

β1

β2

β3

β4

Prevalence

#1

-42.6252

0.0109

0.0239

0.0083

0.0004

0.1727

#2

-34.8484

0.0182

0.0089

0.0082

0.0004

0.2620

#3

-27.2791

0.0142

0.0057

0.0082

0.0003

0.3504

#4

-12.3916

0.0042

0.0014

0.0083

0.0001

0.5793

#5

-7.4919

0.0005

0.0005

0.0083

0.0001

0.6611

#6

10.7162

0.0003

0.0003

0.0083

0.0001

0.7955

The conditional probability of the simulated species at each location indicates the
success rate for one sample of the binomial distribution (Elith and Graham, 2009). A
random value l on the interval [0, 1] was generated for each pixel. A pixel was assigned
presence (y = 1) if l < Pr(y = 1 | x), and absence (y = 0) otherwise, resulting in the realized
presence–absence map (Figure 4.1). To obtain more reliable results, this process was
repeated ten times to generate ten realized presence–absence maps for each species.
From each of the realized presence–absence maps, 1000 presence data points and
5000 background data points were randomly sampled for model training. Similarly, an
independent test dataset consisting of 1000 presence data points and 5000 background
data points was randomly sampled from the presence–absence map. For these data points,
the corresponding environmental variables, including temperature, precipitation, and
elevation, were extracted and rescaled into the range [0, 1] using the following equation:
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xi' =

xi − xi min
xi max − xi min

(4.20)

where xi' is the rescaled variable, ximin and ximax are the minimum and maximum values
for variable xi. In real-world applications, the presence data points are sampled from
within the range of a target species, and the background data points can be randomly
sampled from the digital environmental layers within the designed study area.

Figure 4.1. True presence–absence maps of the simulated species and predicted
presence–absence maps by DOMAIN, GLM, and MAXENT. Thresholding method:
maximizing Fpb.
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4.2.2 Model Building
The DOMAIN method (Carpenter et al., 1993) was implemented in Matlab
(version R2009a, MathWorks). The GLM method (Guisan et al., 2002) was implemented
using the built-in function “glmfit” in Matlab. For MAXENT, the free software
MAXENT 3.2.19 was used (Phillips et al., 2006; Phillips and Dudík 2008).
The original training dataset consisted of presence and background data. It was
randomly split into two subsets: 75% for training and 25% for validation. DOMAIN was
trained using presence-only data, but GLM and MAXENT were trained using presence–
background data in the training subset. For all methods, the user-specified parameters
were set to their default values, if there were any.
The raw outputs of all methods are continuous indices of habitat suitability for the
modeled species. As we are interested in presence–absence prediction, we need to select
appropriate thresholds to generate binary predictions. Note that the purpose here was to
generate both good and bad predictions. Two thresholding methods were applied: fixed
omission rate and maximum accuracy (Pearson et al., 2004; Liu et al., 2005a; Peterson et
al., 2008). The former is to select a threshold value that will result in the specified
omission rate for the observed presence data in an independent validation dataset, and the
latter is to select one that will result in the maximum prediction accuracy for the
validation dataset. In order to produce different accuracies ranging from low to high,
three omission rates were arbitrarily selected, including 0%, 25%, and 50%. In addition,
the threshold was tuned in the range [0, 1] with a 0.01 step increment, and the one that
maximizes Fpb or F on the validation dataset was selected. Fpb and F were used as the
accuracy measures, because so far we can derive proxies only for the F-measure, but not
for other accuracy measures (e.g., kappa coefficient) with presence-only data. Please also
note that the validation dataset was split from the original training dataset, and it was
different from the test dataset that was used to evaluate the accuracy of model predictions.
There were 15 models produced from the three modeling methods with five
thresholding methods, namely DOMAIN_0%, DOMAIN_25%, DOMAIN_50%,
DOMAIN_max(Fpb), DOMAIN_max(F), GLM_0%, GLM_25%, GLM_50%,
GLM_max(Fpb), GLM_max(F), MAXENT_0%, MAXENT_25%, MAXENT_50%,
MAXENT_max(Fpb), and MAXENT_max(F). These models were evaluated by the test
dataset that consisted of presence and background data. With simulated data, we can
know the presence–absence labels of the randomly sampled background data, and can
estimate the species prevalence Pr(y = 1) as the percentage of presence data in the
sampled background data. Fpb and Fcpb were calculated from the presence–background
data, without knowing the labels of the background data. CVI was calculated as the
proportion of predicted presences among the observed presence sites minus the
proportion of predicted presences among all the sites (Hirzel et al., 2006). AUC, F, k, and
TSS should be calculated from the presence–absence data that are randomly sampled
from the population, so only the background data in the test dataset were used, with
knowledge of their presence–absence labels. Please note that AUC is thresholdindependent, so the raw continuous outputs of the models were used when calculating
AUC.
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In order to investigate the effect of the number of background data on the value of
Fpb, the number of background data in the test dataset was varied as follows: 500, 1000,
2000, 3000, 4000, 5000, 6000, 7000, 8000, 9000, and 10000. To investigate the
usefulness of Fpb in estimation of species prevalence, the species suitability was
thresholded into binary prediction by the maximizing Fpb approach, and then the species
prevalence was estimated as the proportion of predicted presences among the background
data points in the test dataset. Figure 4.2 shows the flowchart of the experimental design.

Figure 4.2. The flowchart of experimental design.
4.2.3 Results
Figure 4.1 shows examples of predicted presence–absence maps by DOMAIN,
GLM, and MAXENT. Table 4.3 shows three examples of the confusion matrices
produced by DOMAIN, GLM, and MAXENT. The statistics r', p''/c, and Fcpb are close in
value to r, p, and F, respectively. For DOMAIN and GLM, the values of r', p''/c, and Fcpb
are the same as those of r, p, and F, respectively; for MAXENT, the values of r', p''/c, and
Fcpb are 0.9750, 0.9144, and 0.9437, respectively, whereas the values of r, p, and F are
0.9737, 0.9132, and 0.9425, respectively. The Pearson’s correlation coefficient (COR)
between p''/c and p is 0.9742, with a root-mean-square error (RMSE) of 0.0233; the COR
between r' and r is 0.9977, with an RSME of 0.0128; and the COR between Fcpb and F is
0.9882, with an RSME of 0.0171 (see Figure 4.3). These results show that the statistics r',
p''/c, and Fcpb, which are based on presence–background data, can be used to estimate the
statistics r, p, and F, which are based on presence–absence data.
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(a)

(b)

(c)

Figure 4.3. Scatter plots. (a) p''/c vs. p, (b) r' vs. r, and (c) Fcpb vs. F. COR: the Pearson’s
correlation coefficient; RMSE: root-mean-square error. Prior information on species
prevalence is provided. Please see text for equations of the statistics p, r, F, p''/c, r', and
Fcpb.
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Figure 4.4. The average values of AUC, Fpb, Fcpb, F, kappa coefficient, true skill statistic
(TSS), and contrast validation index (CVI) over 10 random realizations for different
models: (a) species #1, (b) species #2, (c) species #3, (d) species #4, (e) species #5, and (f)
species #6. Models 1–15 refer to DOMAIN_0%, DOMAIN_25%, DOMAIN_50%,
DOMAIN_max(Fpb), DOMAIN_max(F), GLM_0%, GLM_25%, GLM_50%,
GLM_max(Fpb), GLM_max(F), MAXENT_0%, MAXENT_25%, MAXENT_50%,
MAXENT_max(Fpb), and MAXENT_max(F) in sequence.
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TABLE 4.3. CONFUSION MATRICES AND STATISTICS GENERATED BY DOMAIN, GLM, AND MAXENT
Reference

y=0
1987

Total

0

1000

s=1

5000

3535

1465

s=0

6000

3535

2465

Total

875

0

875

y=1

4125

3535

590

y=0

5000

3535

1465

Total

1000

25

975

s=1

5000

4067

933

s=0

6000

4092

1908

Total

875

23

852

y=1

4125

4044

81

y=0

5000

4067

933

Total

MAXENT

y=1
1112
3013
1000

GLM

Total
875
3013
5000

DOMAIN

s=0
2987
0
4125

s=0

s=1
1987
3013
875

s=0

1000
3013
6000

s=0

y' = 1
0
5000

Predicti
on

y' = 0
1000

r'=1000/1000 =1

r=875/875=1

r'=1000/1000 =1

r=875/875=1

r'=975/1000=0.9750

p=852/933=0.9132

r=852/875=0.9737

p''/c=0.5110/(1-0.5110)/1.1429=0.9144

p'=975/1908=0.5110
p''/c=0.4057/(1-0.4057)/1.1429=0.5973

Fpb=2*975/(975+25+933)=1.0088

p=875/1465=0.5973

p''/c=0.3348/(1-0.3348)/1.1429=0.4404

Fpb=2*1000/(1000+0+1465)=0.8114

F=2*852/(2*852+23+81)=0.9425

p'=1000/2465=0.4057

Fpb=2*1000/(1000+0+1987)=0.6696

F=2*875/(2*875+0+590)=0.7479

Fcpb=2*975/(975+25+1.1429*933)=0.9437

p=875/1987=0.4404

F=2*875/(2*875+0+1112)=0.6115

Fcpb=2*1000/(1000+0+1.1429*1465)=0.7479

p'=1000/2987=0.3348

n1 = 1000; n0 = 5000; π = 875 / 5000 = 0.1750; c = n1 / (π * n0) = 1.1429

Total

Statistic
s

Fcpb=2*1000/(1000+0+1.1429*1987)=0.6115

y = 1: observed presence; y = 0: observed absence; s = 1: observed presence; s = 0: background data; y' = 1: predicted presence; y' = 0: predicted absence;
n1: the number of observed presence data; n0: the number of background data; π: species prevalence; c: a constant.
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MAXENT

TRUE

Species #1
GLM
BIN

BIN

MAXENT
CON

Species #2

BIN

GLM
CON

TRUE

BIN

DOMAIN
VALU
CON
E

6

0.9066 0.1924 0.1144 0.1746 0.1017 0.1674

0.9098 0.2142 0.1144 0.1610 0.0996 0.1838

0.9375 0.2868 0.1344 0.2734 0.1468 0.2550

0.9364 0.2958 0.1351 0.2444 0.1431 0.2544

0.9559 0.4108 0.1439 0.3668 0.1920 0.3246

0.9592 0.4298 0.1464 0.3984 0.1946 0.3594

0.9591 0.4256 0.1497 0.3692 0.1927 0.3544

TRUE

0.3504

BIN VALUE

MAXENT

CON

Species #3

BIN

GLM
CON

0.9575 0.4046 0.1524 0.3680 0.1970 0.3286

CON

DOMAIN

TABLE 4.4. ESTIMATIONS OF SPECIES PREVALENCE FROM CONTINUOUS OUTPUT (CON) AND BINARY OUTPUT (BIN) OF
DIFFERENT METHODS. THRESHOLDING METHOD: MAXIMIZING Fpb

DOMAIN
VALUE

0.9373 0.3028 0.1378 0.2764 0.1488 0.2544

0.9569 0.3946 0.1481 0.3596 0.1907 0.3584

No. of
repetition
BIN

0.9184 0.2176 0.1171 0.1874 0.0976 0.1866

0.9373 0.2894 0.1392 0.2584 0.1411 0.2710

0.9581 0.3920 0.1452 0.3574 0.1855 0.3242

CON

1
0.9153 0.1990 0.1143 0.1738 0.0970 0.1742

0.9394 0.3156 0.1279 0.2798 0.1374 0.2548

0.9566 0.3226 0.1440 0.3458 0.1920 0.3520

BIN

2
0.9064 0.2160 0.1105 0.1814 0.0952 0.1632

0.9381 0.3296 0.1324 0.2578 0.1505 0.2740

0.9620 0.3214 0.1498 0.3502 0.1937 0.3348

CON

3
0.9139 0.2278 0.1112 0.1546 0.1016 0.1976

0.9373 0.2700 0.1342 0.2816 0.1444 0.2558

BIN

4
0.9142 0.2100 0.1165 0.1734 0.1001 0.1856

CON

5

7

0.9142 0.2162 0.1128 0.1446 0.1040 0.1642

0.9365 0.2564 0.1341 0.2950 0.1458 0.2674

0.9596 0.4354 0.1431 0.3596 0.1938 0.3416

0.9571 0.3902 0.1464 0.3578 0.1903 0.3640

8

0.9145 0.1932 0.1152 0.1776 0.1019 0.1872

0.9370 0.2968 0.1313 0.2896 0.1423 0.2350

0.6078 0.0572 0.2035 0.0188 0.1582 0.0158

0.2620

9

0.9117 0.1906 0.1105 0.1982 0.0957 0.1602

0.6754 0.0369 0.1279 0.0188 0.1173 0.0116

0.9368 0.2880 0.1345 0.2450 0.1469 0.2726

10

0.7398 0.0371 0.0590 0.0149 0.0733 0.0129

0.1727

RMSE
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No. of
repetition
DOMAIN

Species #4
GLM

MAXENT
TRUE

Species #5

BIN

GLM
CON

CON

BIN

MAXENT

TABLE 4.4. (CONTINUED)

DOMAIN
BIN

TRUE

BIN

DOMAIN
VALU
CON
E

Species #6

BIN

GLM
CON

MAXENT

VALU
E

TRUE

6
0.9798 0.5420 0.1628 0.5166 0.3070 0.5846

0.9807 0.5806 0.1597 0.5358 0.3083 0.5710

0.9851 0.7628 0.1622 0.7256 0.3608 0.6356

0.9842 0.6828 0.1666 0.6802 0.3588 0.6766

0.9800 0.6648 0.1573 0.7062 0.4036 0.7858

0.9801 0.8300 0.1601 0.7676 0.4116 0.8150

0.9796 0.8090 0.1637 0.8034 0.4059 0.7922

0.7955

BIN

CON

0.9800 0.6900 0.1674 0.7192 0.4039 0.8046

VALU
CON
E

0.9845 0.6952 0.1708 0.7524 0.3574 0.5776

0.9802 0.7484 0.1592 0.7866 0.4078 0.7996

BIN

0.9820 0.7032 0.1683 0.6198 0.3220 0.5744

0.9835 0.6724 0.1650 0.5814 0.3526 0.5706

0.9803 0.8216 0.1633 0.7740 0.4067 0.8122

CON

1
0.9806 0.5398 0.1622 0.6032 0.3112 0.5986

0.9851 0.7134 0.1665 0.7518 0.3538 0.5844

0.9804 0.7974 0.1586 0.7768 0.4093 0.8090

BIN

2
0.9806 0.5294 0.1654 0.5686 0.3083 0.5662

0.9843 0.7812 0.1603 0.7370 0.3597 0.6502

0.9806 0.7956 0.1656 0.6642 0.4071 0.5934

CON

3
0.9806 0.6304 0.1575 0.5766 0.3082 0.5302

0.9854 0.5762 0.1669 0.8018 0.3606 0.6228

BIN

4
0.9811 0.5312 0.1635 0.5640 0.3121 0.5280

CON

5

7

0.9807 0.5248 0.1594 0.5244 0.3047 0.5784

0.9850 0.6270 0.1600 0.7232 0.3571 0.6626

0.9792 0.8100 0.1561 0.7316 0.4115 0.6748

0.9798 0.8024 0.1595 0.7618 0.3991 0.7722

8

0.9796 0.5896 0.1580 0.6290 0.3043 0.5636

0.9832 0.5770 0.1590 0.6758 0.3530 0.6510

0.1846 0.0572 0.6344 0.0616 0.3888 0.0755

0.6611

9

0.9798 0.5916 0.1582 0.5212 0.3053 0.5752

0.3234 0.0669 0.4971 0.0807 0.3039 0.0486

0.9847 0.6634 0.1624 0.7510 0.3580 0.6544

10

0.4013 0.0538 0.4178 0.0415 0.2702 0.0244

0.5793

RMSE
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For each model, the values of AUC, Fpb, Fcpb, F, k, TSS, and CVI are similar over
10 random realizations. Figure 4.4 shows the average values of different accuracy
measures. In general, the behaviors of Fpb, Fcpb, F, k, TSS, and CVI are more similar to
each other, but the behavior of AUC is significantly different from others. The values of
Fpb are different from those of Fcpb and F, and its maximum value can be higher than 1.
In contrast, the values of Fcpb and F are very close, and are both scaled into [0, 1].
According to Figure 4.5, the range and variation of Fpb decrease as the number of
background data (n0) increases. The pattern of model ranking only changes slightly as n0
increases, and it becomes stable after n0 reaches certain value (e.g., 5000).
Figure 4.6 shows the box plots of F values for different models with different
thresholding methods. Generally, the fixed omission rate thresholding method produces
low prediction accuracy, whereas the maximum accuracy thresholding method produces
high accuracy measured by F. The results produced by maximizing Fpb with presence–
background data and maximizing F with presence–absence data are similar, showing that
the proposed Fpb is useful in threshold selection without absence data.
Table 4.4 shows the estimated species prevalence based on the continuous
predictions and binary predictions of different methods. According to Figure 4.6,
maximizing Fpb can be used as the thresholding method when absence data are not
available, and hence it was applied to produce the binary predictions. For DOMAIN, the
RMSE of the estimation by continuous output is 0.18–0.74, whereas the RMSE by binary
output decreases to 0.04–0.07. For GLM, the RMSE by continuous output is 0.06–0.63,
whereas the RMSE by binary output is only 0.01–0.08. For MAXENT, the RMSE by
continuous output is 0.07–0.39, whereas the RMSE by binary output is only 0.01–0.08.
According to Figure 4.4, MAXENT_max(Fpb) reveals higher predictive accuracy
than DOMAIN_max(Fpb) and GLM_max(Fpb) as indicated by Fpb. Consistently,
MAXENT_max(Fpb) almost provides the most accurate estimate of species prevalence
without absence data, as shown in Table 4.4. Therefore, we can use this estimate of
prevalence to calculate p''/c and Fcpb, assuming that prior information on prevalence is not
available. The COR between p''/c and p is 0.9510, with an RMSE of 0.0374, and the COR
between Fcpb and F is 0.9829, with an RMSE of 0.0224 (see Figure 4.7). Values of p''/c
and Fcpb based on an estimate of the prevalence are slightly less accurate than those based
on the true value of the prevalence.

52

2.0

n0=500
n0=1000

1.6

n0=2000

1.2

n0=3000
n0=4000

0.8

n0=5000

0.4

Values of Fpb

Values of Fpb

2.0

n0=7000

1

2

3

4

5

6

7

8

9

10 11 12 13 14 15

Models

n0=1000
n0=2000

1.2

n0=3000
n0=4000

0.8

n0=5000

0.4

n0=6000

0.0

n0=500

1.6

n0=6000
n0=7000

0.0

n0=8000

1

n0=9000

2

3

4

5

6

7

n0=2000

1.2

n0=3000
n0=4000

0.8

n0=5000

0.4

n0=6000

0.0

n0=7000

5

6

7

8

9 10 11 12 13 14 15

Models

n0=500

1.2

n0=2000
n0=3000

0.8

n0=4000
n0=5000

0.4

n0=6000
n0=7000

0.0

n0=8000

1

n0=9000

2

3

4

5

6

7

8

9

10 11 12 13 14 15

Models

n0=10000

(c)

n0=500

n0=2000
n0=3000

0.8

n0=4000
n0=5000

0.4

n0=6000
n0=7000

0.0
4

5

6

7

8
Models

(e)

9

10 11 12 13 14 15

n0=8000
n0=9000
n0=10000

n0=1000

Values of Fpb

Values of Fpb

n0=1000

3

n0=9000
n0=10000

1.6

n0=500

1.2

2

n0=8000

(d)

1.6

1

n0=9000

n0=1000

Values of Fpb

Values of Fpb

n0=1000

4

n0=8000
n0=10000

1.6

n0=500

1.6

3

10 11 12 13 14 15

(b)

2.0

2

9

Models

n0=10000

(a)

1

8

1.2

n0=2000
n0=3000

0.8

n0=4000
n0=5000

0.4

n0=6000
n0=7000

0.0
1

2

3

4

5

6

7

8
Models

9

10 11 12 13 14 15

n0=8000
n0=9000
n0=10000

(f)

Figure 4.5. The average values of Fpb over 10 random realizations for different models,
with different number of background data (n0) in the testing set: (a) species #1, (b)
species #2, (c) species #3, (d) species #4, (e) species #5, and (f) species #6. Models 1–15
refer to DOMAIN_0%, DOMAIN_25%, DOMAIN_50%, DOMAIN_max(Fpb),
DOMAIN_max(F), GLM_0%, GLM_25%, GLM_50%, GLM_max(Fpb), GLM_max(F),
MAXENT_0%, MAXENT_25%, MAXENT_50%, MAXENT_max(Fpb), and
MAXENT_max(F) in sequence.
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DOMAIN

GLM

MAXENT

(a)

(b)

(c)

(d)

(e)
Figure 4.6. Box plots of the F values for different models with different thresholding
methods: (a) species #1, (b) species #2, (c) species #3, (d) species #4, (e) species #5, and
(f) species #6.
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(f)
Figure 4.6. (Continued).

(a)

(b)
Figure 4.7. Scatter plots. (a) p''/c vs. p, and (b) Fcpb vs. F. COR: the Pearson’s correlation
coefficient; RMSE: root-mean-square error. The information on species prevalence is
estimated by MAXENT with maximizing Fpb as the thresholding method. Please see text
for equations of the statistics p, F, p''/c, and Fcpb.
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4.2.4 Discussion
The problem of presence-only data is a great challenge in ENM with respect to
modeling building and accuracy assessment. Building ENMs without absence data has
been well studied and reported in the literature (Busby, 1986; Carpenter et al., 1993;
Guisan et al., 2002; Hirzel et al., 2002; Guo et al., 2005; Elith et al., 2006; Phillips et al.,
2006; Li et al., 2011a), but accuracy assessment methods without absence data have
rarely been studied (Hirzel et al., 2006). Although many proposed models for presenceonly data (e.g., GLM/GAM and MAXENT) are reported to have high performance,
usually measured by AUC (Elith et al., 2006), it is still necessary to evaluate the
prediction accuracy of such models with an threshold-dependent accuracy assessment
method that does not rely on absence data. The commonly used AUC is a thresholdindependent measure of model performance, and it measures the ability to distinguish
between occupied and unoccupied sites but not the prediction accuracy for presence–
absence models (Lobo et al., 2008; Phillips and Elith, 2010). In addition, when
background data are used in place of absence data, AUC is not truly informative
(Jiménez-Valverde, 2012) and new interpretations are needed (Peterson et al., 2008).
Previously, researchers have used the omission test to evaluate the binary
predictions of models when absence data are not available (Anderson et al., 2002;
Anderson et al., 2003; Phillips et al., 2006). The omission rate is the fraction of observed
presences that are predicted as absences. A good model will have a low omission rate, but
not vice versa (Anderson et al., 2003; Phillips et al., 2006). This method is based on a
one-tailed binomial test to determine whether a model predicts the test localities
significantly better than random (Anderson et al., 2002). However, the method cannot be
used to compare model performance between two algorithms directly, as it is highly
sensitive to the proportional area of predicted presences (Anderson et al., 2003; Phillips
et al., 2006). Phillips and Elith (2010) also proposed a presence-only calibration (POC)
plot, which does not rely on absence data, but measures how well a model estimates the
conditional probability of species presence, and hence is applicable to continuous rather
than binary output.
Another approach for model evaluation with presence-only data is to generate
pseudo-absences from background data and then calculate the standard presence–absence
measures such as F, kappa coefficient, and TSS (Engler et al., 2004; Hirzel et al., 2006).
However, the problem is that the measures calculated in this approach can be misleading
because a number of the background data are actual presences rather than absences. In
this study the proposed Fpb and Fcpb require background data as well, but the background
data are not simply assumed as absence data. As can be seen from the derivations of Fpb
and Fcpb, the fact that background data (s = 0) contain presence (y = 1) and absence data
(y = 0) is taken into account in equation (4.11). From this perspective, the proposed
statistics Fpb (without information on prevalence) and Fcpb (with information on
prevalence) are more informative than the pseudo-absences approach. Based on a
correction factor c and mathematical conversions, this research proves that Fpb is an
effective proxy of F, and Fcpb an unbiased estimate of F, both of which show promise in
assessing the accuracy of binary predictions without absence data. Compared to another
presence-only measure CVI, Fpb has the advantage that both commission and omission
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errors are considered, and they can be weighted differently by tuning the parameter β in
equation (4.15). Currently, we are unable to derive proxy or estimate for other presence–
absence measures (e.g., kappa coefficient and TSS), but it is helpful if we can do so in
future study. As can be seen from the experimental results, different accuracy measures
do not perform exactly the same, so it is necessary to use multiple measures for model
evaluation as they can help us better understand model performance from different
aspects (Elith and Graham, 2009). From this perspective, the proposed Fpb and Fcpb
contribute to complement existing model evaluation methods for presence-only data.
Furthermore, Fpb is helpful in threshold selection. With presence-only data, most
modeling techniques only predict a relative index of suitability rather than the conditional
probability of the presence of the species. The scale of the prediction can vary greatly
depending on the model-building data (Liu et al., 2005a). For example, the predicted
suitability at the same location will be different when the regression model is fit with
different amounts of background data. Consequently, it is difficult to interpret the results
and hence difficult to select an optimal threshold for producing binary predictions. The
new measure Fpb provides a solution for threshold selection. Basically, we can use Fpb to
compare the prediction accuracy resulting from different thresholds, and find the one that
can maximize Fpb on an independent validation dataset.
In addition, this study indicates that Fpb is helpful in estimating species prevalence.
Information on species prevalence is important and has many applications. For example,
with the information on species prevalence, the expectation-maximization (EM)
algorithm proposed by Ward et al. (2009) can predict the calibrated probability of species
presence from presence–background data. The POC plot proposed by Phillips and Elith
(2010) and the Fcpb proposed in this study also require information on prevalence.
Usually, this information is unknown and has to be estimated from the models, but the
problem is that most models trained by presence-only data cannot predict calibrated
probabilities (Elith et al., 2006). Therefore, estimating the prevalence by simply
averaging the continuous prediction is not accurate. With Fpb, we can find the optimal
threshold for binary prediction, and estimate the prevalence as the proportion of predicted
presences among the randomly sampled background points. As shown in this study, this
approach can significantly improve the accuracy of the estimate of prevalence.
Although the proposed Fpb and Fcpb have important applications, they have some
2×c
limitations that users should be aware of. Fpb falls in the range [0,
], and the value
1+ c
of the upper bound depends on the species prevalence and the proportion of background
data in the test dataset. For a specific species, the prevalence is fixed. So, the upper bound
Pr (s = 1,η = 1)
will vary in response to
, the ratio of the number of observed presence
Pr (s = 0,η = 1)
data to the number of background data in the test dataset. Given the same number of
observed presence data, the upper bound is fixed when the same number of background
data is used, but it will decline as the number of background data increases. For different
species, the prevalence can vary as well, but it is usually unknown in reality. Therefore,
Fpb can be used to compare the prediction accuracy between models for the same species,
given the same test data, but it cannot be directly used for different species. In contrast,
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Fcpb falls in the range [0, 1] and can be used for different species. However, the
calculation of Fcpb requires information on species prevalence. One possible solution to
this problem is to estimate the prevalence from models with the help of Fpb, and then
calculate Fcpb, but the uncertainty will affect the confidence in the accuracy assessment
result.
In this study, we assume that the test dataset consists of two subsets: observed
presence data points and background data points, both of which are randomly sampled
separately. The number of background data (n0) is somewhat subjective: if n0 is too small,
the sample size may not be sufficient to represent the population; if n0 is too big, the
range of Fpb decreases so that the difference in accuracy becomes less obvious. A
sensitivity analysis may be required to examine the effect of n0 on Fpb, so that the
appropriate value of n0 can be determined. For example, n0 = 5000 is appropriate in this
study. Another issue is that we can randomly sample the background data from the digital
layers, but the observed presence data are usually collected in a biased way in the field
because of the constraints of physical accessibility such as complex terrain, remote areas,
and dense canopies (Phillips et al., 2009). If the sampled data are biased, two major
issues can be raised. First, Fcpb is not necessarily an unbiased estimate of F if the random
sampling assumption was violated. Second, if the model is trained by biased data, the
uncertainty in prevalence estimated from such a model can be high. These two sources of
uncertainty will propagate into the calculation of Fcpb, and users should be aware that
now the value of Fcpb can be misleading, and extra field-work may be required to collect
new data. Therefore, the sample selection bias problem should be investigated in future
research. Moreover, the prediction errors of models can be spatially aggregated rather
than randomly distributed in space (Lobo et al., 2008; Hanspach et al., 2011). This may
also cause problems for the proposed accuracy assessment method in real-world
applications, and hence they should be investigated in future research.
4.2.5 Conclusion
In this study, two new statistics are investigated for assessing the prediction
accuracy of species presence–absence models without requiring observed absence data.
An independent test dataset consisting of random observed presence data points and
random background data points is required. Based on a confusion matrix, where
background data are used in place of observed absence data, we can derive the statistics
Fpb and Fcpb, both of which show promise in assessing the accuracy of binary prediction.
Additionally, Fpb is useful in threshold selection and estimation of species prevalence.
Because it can address the important and challenging problems raised by presence-only
data, the developed new accuracy assessment method has important applications in ENM.
4.3 Case Study 2: Evaluating the New Accuracy Assessment Method Using Remote
Sensing Dataset
In the previous study, the new accuracy assessment method is applied in ENM
and evaluated by simulated species dataset (Li and Guo, 2013). However, this method has
not been investigated in remote sensing classification. Therefore, the objective of this
study is to apply the new method in remote sensing classification, and investigate its
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effectiveness in model selection, threshold selection, and accuracy assessment, using a
real dataset.
4.3.1 Dataset
The remote sensing data were extracted from two scenes of aerial photograph
acquired by a Leica ADS40 digital camera in 2004, with 0.3 m spatial resolution (Figure
4.8). These two scenes were selected because they include several typical land types. The
first scene is an area of 350×350 m located in the city of Richmond, including houses,
roads, trees, grasses, soils, water, and shadows. The second scene is an area of 500×500
m located in the city of El Cerrito, including houses, roads, trees, grasses, soils, and
shadows.
Let us define the extraction of urban areas (including houses and roads), trees,
grasses, water, soils, and others (including shadows and pixels whose classes are difficult
to determine) as separate examples of one-class classification. For each land type
extraction, the training and test datasets were randomly sampled separately, both of
which included 1000 positive and a number of background pixels. There are six classes in
scene one and five classes in scene two, so the number of background pixels is 6000 for
scene one and 5000 for scene two. In order to obtain statistically reliable results, ten
different random realizations of the sampling procedure were implemented for each land
type classification. For each pixel I extracted 15 features with a 3×3 template in ENVI
software, including mean values, variance, homogeneity, contrast and second moment of
the red, green, and blue bands (Li et al., 2011b). All features were then rescaled into the
range [0, 1].

Figure 4.8. The study sites and the aerial images (0.3 m resolution).
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4.3.2 Model Building
In order to investigate the effectiveness of the proposed method in accuracy
assessment, we need to generate different classification results with different accuracies.
In this study OCSVM and back-propagation artificial neural network (ANN) were used
as the classification methods because they are commonly used in remote sensing
classification (Heermann and Khazenie, 1992; Foody, 2004a; Muñoz-Marí et al., 2007a;
Sanchez-Hernandez et al., 2007; Song et al., 2008; Li and Guo, 2010). I randomly split
the original training dataset into two subsets: 75% for training and 25% for validation.
The training subset was used to train the classifier, and the validation subset was used to
tune the free parameters and thresholds.
I implemented OCSVM by LIBSVM – a library for support vector machines
developed by Chang and Lin (2001). OCSVM was trained by positive data only in the
training subset; the output is binary and hence no threshold is required. However, two
free parameters including Gaussian RBF kernel width γ and the rejection fraction ν
should be carefully tuned (Chang and Lin, 2001; Manevitz and Yousef, 2001). In this
study I arbitrarily set the rejection fraction ν as 0.01, 0.05, 0.1, 0.25, and 0.5, with the
default value of Gaussian RBF kernel width γ. To investigate its effectiveness in model
selection, I additionally used Fpb as the accuracy measure and tuned the parameters in the
following approach (Hsu et al., 2003): γ = 2−4, 2−3, . . . , 210; ν = 0.01, 0.02, . . . , 0.5; and
the parameters that maximize Fpb on the validation dataset were selected. As a
comparison, I also selected the best models that maximize the traditional F-measure.
Note that the validation dataset contained positive and background data. Fpb was
calculated using both the positive and background data, without knowing the labels of the
background data, whereas F was calculated using only the background data, with
knowledge of their positive–negative labels.
I implemented the ANN in Matlab (version R2009a, MathWorks), and trained the
classifier using positive–background data in the training subset. The positive–negative
labels of the background data were unknown to the classifier. I used the regularized mean
squared error objective function, and the log sigmoid transfer function so that the output
fell between 0 and 1. The output of the ANN is different depending on individual training
episodes. In order to increase the model reliability, I trained the network ten times, and
the individual outputs were averaged to generate the final prediction. Because the
sampled background data contain a number of positive data and thus they are not purely
negative, the predicted class membership is biased. As a result, a threshold of 0.5 can be
problematic for binary classification. Similar to OCSVM, I selected the threshold based
on the arbitrary rejection fraction (0.01, 0.05, 0.1, 0.25, and 0.5) and maximum accuracy
(Fpb and F) on the validation dataset. For example, if the rejection fraction 0.01 is used, I
will select a threshold that classifies 1% of the observed positives as negative on the
validation dataset. Please note that the purpose here was not to select the best
classification method, but to generate different classification accuracies ranging from low
to high.
Therefore, 14 models were obtained, namely OCSVM_1%, OCSVM_5%,
OCSVM_10%, OCSVM_25%, OCSVM_50%, OCSVM_max(Fpb), OCSVM_max(F),
ANN_1%, ANN_5%, ANN_10%, ANN_25%, ANN_50%, ANN_max(Fpb), and
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ANN_max(F), respectively. For comparison, the classification results produced by
different models were evaluated by Fpb and Fcpb as well as the traditional kappa
coefficient and F-measure. The test dataset consisted of positive and background data. I
calculated Fpb and Fcpb from the positive–background data, without knowing the labels of
the background data. However, Fcpb requires the prior information on prevalence, which
was estimated from the background data with knowledge of their positive–negative labels.
Similarly, the traditional kappa coefficient and F were also calculated from the
background data, with knowledge of their positive–negative labels.
4.3.3 Results
Figures 4.9 and 4.10 show the behaviors of Fpb, Fcpb, F, and kappa coefficient for
each land type classification. For each model, the values of accuracy measures over 10
random realizations are similar, so I only present their average values here. In general,
the behaviors of Fpb, Fcpb, F, and kappa coefficient are similar, and they all rank the
models by accuracy similarly. The values of Fcpb, F, and kappa coefficient are all scaled
into [0, 1], whereas the value of Fpb can be higher than 1. In all cases, we can observe that
the values of Fcpb and F are almost the same.
The box plots of F values for different models with different model/threshold
selection methods are presented in Figures 4.11 and 4.12. Generally, the classification
accuracies produced by maximizing Fpb and F are similar, and they are higher than those
produced by setting an arbitrary rejection fraction. Although it can produce relatively
high accuracy in some cases (e.g., 25% in Figure 4.12h), selecting model/threshold based
on the fixed rejection fraction approach produces low accuracies in most cases. The
classification maps of each land type based on the best two model/threshold selection
methods are shown in Figures 4.13 and 4.14, and the corresponding confusion matrices
are shown in Tables 4.5–4.8 (only one of the 10 random realizations is presented here).

61

(a)

(b)

(c)

(d)

(e)
(f)
Figure 4.9. Average values of Fpb, Fcpb, F, and kappa coefficient over 10 random
realizations for different models (scene one): (a) Urban, (b) Tree, (c) Grass, (d) Water, (e)
Soil, and (f) Others.
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(a)

(b)

(c)

(d)

(e)
Figure 4.10. Average values of Fpb, Fcpb, F, and kappa coefficient over 10 random
realizations for different models (scene two): (a) Urban, (b) Tree, (c) Grass, (d) Soil, and
(e) Others.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

Figure 4.11. Box plots of the F values for different classifiers with different
model/threshold selection methods (scene one). (a)–(b) Urban. (c)–(d) Tree. (e)–(f) Grass.
(g)–(h) Water. (i)–(j) Soil. (k)–(l) Others.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)
Figure 4.12. Box plots of the F values for different classifiers with different
model/threshold selection methods (scene two). (a)–(b) Urban. (c)–(d) Tree. (e)–(f) Grass.
(g)–(h) Soil. (i)–(j) Others.
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OCSVM_ max(Fpb)

OCSVM_max(F)

ANN_ max(Fpb)

ANN_max(F)

Figure 4.13. Classification maps of each land type (scene one). (a) Urban, (b) Tree, (c)
Grass, (d) Water, (e) Soil, and (f) Others. White: positive; black: negative.
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OCSVM_ max(Fpb)

OCSVM_max(F)

ANN_ max(Fpb)

ANN_max(F)

Figure 4.14. Classification maps of each land type (scene two). (a) Urban, (b) Tree, (c)
Grass, (d) Soil, and (e) Others. White: positive; black: negative.
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TABLE 4.5. CONFUSION MATRICES AND STATISTICS GENERATED BY OCSVM (SCENE ONE). MODEL SELECTION METHOD:
MAXIMIZING Fpb AND F

Total
2073

y=1

2243

1220

y=0

6000

2707

3293

Total

1000

53

947

s=1

6000

1979

4021

s=0

7000

2032

4968

Total

2537

166

2371

y=1

3463

1813

1650

y=0

6000

1979

4021

Total

Reference

s=0
4132
464
3463

Maximizing F

s=1
3293
2868
2537

Maximizing Fpb

Classificatio
n
839
2707
7000

s=0

y' = 1
161
6000

s=0

y' = 0
1000

kappa = 0.4470

F=2*2073/(2*2073+464+1220)
=0.7111

Fcpb=2*947/(947+53+0.3942
*4021)=0.7327

Fpb=2*947/(947+53+4021)
=0.3772

kappa = 0.4249

F=2*2371/(2*2371+166+1650)
=0.7231

n1 = 1000; n0 = 6000; π = 2537 / 6000 = 0.4228; c = n1 / (π * n0) = 0.3942

Total

Fpb=2*839/(839+161+3293)
Statistics =0.3909
Fcpb=2*839/(839+161+0.3942
*3293)=0.7302

y = 1: observed positive; y = 0: observed negative; s = 1: observed positive; s = 0: background data;
y' = 1: classified positive; y' = 0: classified negative;
n1: the number of observed positive data; n0: the number of background data; π: class prevalence; c: a constant.
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TABLE 4.6. CONFUSION MATRICES AND STATISTICS GENERATED BY ANN (SCENE ONE). THRESHOLD SELECTION METHOD:
MAXIMIZING Fpb AND F

Total
2276

y=1

3099

364

y=0

6000

3360

2640

Total

1000

86

914

s=1

6000

3203

2797

s=0

7000

3289

3711

Total

2537

195

2342

y=1

3463

3008

455

y=0

6000

3203

2797

Total

Reference

s=0
3526
261
3463

Maximizing F

s=1
2640
3474
2537

Maximizing Fpb

Classificati
on
886
3360
7000

s=0

y' = 1
114
6000

s=0

y' = 0
1000

kappa = 0.7877

F=2*2276/(2*2276+261+364)
=0.8793

Fcpb=2*914/(914+86+0.3942
*2797)=0.8694

Fpb=2*914/(914+86+2797)
=0.4814

kappa = 0.7810

F=2*2342/(2*2342+195+455)
=0.8781

n1 = 1000; n0 = 6000; π = 2537 / 6000 = 0.4228; c = n1 / (π * n0) = 0.3942

Total

Fpb=2*886/(886+114+2640)
Statistics =0.4868
Fcpb=2*886/(886+114+0.3942
*2640)=0.8684

y = 1: observed positive; y = 0: observed negative; s = 1: observed positive; s = 0: background data;
y' = 1: classified positive; y' = 0: classified negative;
n1: the number of observed positive data; n0: the number of background data; π: class prevalence; c: a constant.
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TABLE 4.7. CONFUSION MATRICES AND STATISTICS GENERATED BY OCSVM (SCENE TWO). MODEL SELECTION METHOD:
MAXIMIZING Fpb AND F

Total
542

y=1

3249

653

y=0

5000

3805

1195

Total

1000

535

465

s=1

5000

3862

1138

s=0

6000

4397

1603

Total

1098

561

537

y=1

3902

3301

601

y=0

5000

3862

1138

Total

Reference

s=0
1668
556
3902

Maximizing F

s=1
1195
4332
1098

Maximizing Fpb

Classificati
on
473
3805
6000

s=0

y' = 1
527
5000

s=0

y' = 0
1000

kappa = 0.3162

F=2*542/(2*542+556+653)
=0.4727

Fcpb=2*465/(465+535+0.9107
*1138)=0.4567

Fpb=2*465/(465+535+1138)
=0.4350

kappa = 0.3307

F=2*537/(2*537+561+601)
=0.4803

n1 = 1000; n0 = 5000; π = 1098 / 5000 = 0.2196; c = n1 / (π * n0) = 0.9107

Total

Fpb=2*473/(473+527+1195)
Statistics =0.4310
Fcpb=2*473/(473+527+0.9107
*1195)=0.4530

y = 1: observed positive; y = 0: observed negative; s = 1: observed positive; s = 0: background data;
y' = 1: classified positive; y' = 0: classified negative;
n1: the number of observed positive data; n0: the number of background data; π: class prevalence; c: a constant.
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TABLE 4.8. CONFUSION MATRICES AND STATISTICS GENERATED BY ANN (SCENE TWO). THRESHOLD SELECTION METHOD:
MAXIMIZING Fpb AND F
Reference

s=0
2104

Total

130

968

y=1

3902

3653

249

y=0

5000

3783

1217

Total

1000

155

845

s=1

5000

3910

1090

s=0

6000

4065

1935

Total

1098

182

916

y=1

3902

3728

174

y=0

5000

3910

1090

Total

Maximizing F

s=1
1217
3896
1098

Maximizing Fpb

Classification
887
3783
6000

s=0

y' = 1
113
5000

s=0

y' = 0
1000

F=2*916/(2*916+182+174)
=0.8373

Fpb=2*845/(845+155+1090)
=0.8086

F=2*968/(2*968+130+249)
=0.8363

Fpb=2*887/(887+113+1217)
=0.8002

Fcpb=2*845/(845+155+0.9107 kappa = 0.7917
*1090)=0.8481

n1 = 1000; n0 = 5000; π = 1098 / 5000 = 0.2196; c = n1 / (π * n0) = 0.9107

Total

Statistics

Fcpb=2*887/(887+113+0.9107 kappa = 0.7871
*1217)=0.8414

y = 1: observed positive; y = 0: observed negative; s = 1: observed positive; s = 0: background data;
y' = 1: classified positive; y' = 0: classified negative;
n1: the number of observed positive data; n0: the number of background data; π: class prevalence; c: a constant.
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4.3.4 Discussion
According to the experimental results, the proposed accuracy assessment method
shows promise in one-class remote sensing classification because negative data are not
required. In the literature, previous research mainly focuses on one-class classification
methods (Muñoz-Marí et al., 2007a; Muñoz-Marí et al., 2007b; Sanchez-Hernandez et al.,
2007; Li and Guo, 2010; Li et al., 2011b), but there is little research studying the
accuracy assessment for one-class data. As mentioned previously, an appropriate
accuracy measure is important with respect to model selection, threshold selection, and
model evaluation. Although we can quantify the omission error using labeled positive
data, the commission error cannot be quantified without labeled negative data. Therefore,
traditional accuracy measures such as kappa coefficient and F are not applicable in oneclass classification. From this perspective, this work contributes to address important
challenge in one-class remote sensing classification.
Obviously, a model with low omission error does not necessarily produce good
classification result (Anderson et al., 2003). For example, a null model predicting all
pixels as positive will produce no omission error, but its kappa coefficient will be 0. To
prevent over-prediction, researchers have used the fixed rejection fraction approach for
model/threshold selection (Pearson et al., 2004; Li and Guo, 2010). For example, Li and
Guo (2010) used labeled positive data to train a maximum entropy model, and selected
the threshold that rejected 5% of the labeled positive data on an independent validation
dataset. However, this fixed rejection fraction approach is arbitrary and hence not robust,
as shown in the experimental results. In some studies, researchers trained the classifier
using positive-only data, but they had to additionally label a number of negative data for
model selection (Muñoz-Marí et al., 2007a; Muñoz-Marí et al., 2007b; SanchezHernandez et al., 2007; Li et al., 2011b). With the proposed accuracy assessment method,
we are now able to tune free parameters and select the optimal threshold without relying
on negative data.
Normally, we can train a traditional binary classifier using positive–negative data,
and generate the posterior probability (membership) of the target class. Without negative
data, we can still train the classifier using positive–background data, but the output is the
biased membership rather than posterior probability of the target class. The scale of the
membership can vary greatly depending on the number of background data used for
training, and thus it is difficult to select an appropriate threshold for binary predictions
(Liu et al., 2005a; Li et al., 2011a). Although the membership produced by positive–
background data is biased, it is a monotonically increasing function of the probability of
being positive and hence it can correctly rank the posterior probability (Lancaster and
Imbens, 1996; Keating and Cherry, 2004; Li et al., 2011a). This means that thresholding
the biased membership and posterior probability can produce similar binary classification
results, although the threshold values will be different. As shown in this study,
thresholding the biased membership based on the maximizing Fpb approach can generate
high classification accuracy. Therefore, traditional binary classifiers such as ANN,
support vector machines, and random forests can be applied with the proposed statistic
Fpb in one-class classification, without requiring negative data. Compared to other oneclass classifiers (e.g., OCSVM), the benefit of this positive–background classification
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approach is that the accuracy can be improved by incorporating background data in
model building (Castelli and Cover, 1996; Lee and Liu, 2003; Elkan and Noto, 2008; Li
et al., 2011b).
On the other hand, the proposed method has some weaknesses that users should
be aware of. First, the proposed statistic Fcpb is an unbiased estimate of F, falling in the
range [0, 1]. However, it requires the prior information on prevalence, which cannot be
estimated from the samples if negative data are not available. Users can provide an
estimate of prevalence, but the uncertainty will propagate into Fcpb, leading to a biased
estimate of F. Second, Fpb does not require prior information on prevalence, but it falls in
2×c
the range [0,
]. Remember that the value of c depends on the class prevalence π =
1+ c
Pr(y = 1) and the ratio of the number of positive (n1) to the number of background (n0)
data points in the test dataset. Given the same test dataset, the upper bound of Fpb will
vary in response to the class prevalence. Therefore, Fpb can be used to compare the
classification accuracies of the same land type extraction, but it cannot be directly used to
compare the classification accuracies of different land types extractions. For example, if
we use the same test dataset to evaluate the classification result for urban extraction, a
higher value of Fpb indicates higher accuracy because the upper bound of Fpb is now fixed.
However, if we are comparing the classification results of urban and tree extractions, a
higher value of Fpb does not necessarily indicate higher accuracy because the upper
bounds of Fpb can be different for the two classes. By contrast, Fcpb and F do not have
this limitation because they are scaled into [0, 1]. In one-class remote sensing
classification, users usually compare the accuracies for the same land type classification
using the same test dataset. This satisfies the requirement of Fpb and hence it is sufficient
in model selection, threshold selection, and model evaluation.
4.3.5 Conclusion
In this study, the new accuracy assessment method that does not require labeled
negative data is investigated in one-class remote sensing classification. An independent
test dataset consisting of randomly sampled positive data points and randomly sampled
background data points is required. Based on a modified confusion matrix, where
background data are used in place of observed negative data, we can derive the statistics
Fpb and Fcpb. Fpb is an effective proxy of F, and it is sufficient in model selection,
threshold selection, and model evaluation. However, when prior information on class
prevalence is available, Fcpb is preferable because it is an unbiased estimate of F. Because
negative data are not required, the new accuracy assessment method has important
applications in one-class remote sensing classification.

Chapter 5 Conclusion
In geographic modeling, the major problem with geographic one-class data
(GOCD) is that absence/negative data are not available, which challenges traditional
statistical modeling methods. In this dissertation I develop novel methods to address
several major challenges in geographic modeling with GOCD, including modeling
building, model selection, threshold selection, and accuracy assessment.
A presence and background learning algorithm (PBL) is developed to model the
conditional probability of presence of geographic event. The PBL method requires a
training dataset that contains presence and background data, without requiring absence
data. It estimates a constant c using prototypical presence data, which is then used to
calibrate the trained model Pr(s = 1 | x, η = 1) into the desired model Pr(y = 1 | x). In this
dissertation the PBL method shows promise in modeling the conditional probability of
presence of a simulated species without absence data; it is also successful in one-class
remote sensing classification.
A new accuracy assessment method that does not require absence data is
developed for GOCD. An independent test dataset consisting of presence and background
data is required. Two new statistics Fpb and Fcpb are derived based on a modified
confusion matrix, where background data are used in place of observed absence data.
Using a simulated species dataset and a real remote sensing dataset, I show that the new
method is effective in model selection, threshold selection, and model evaluation with
GOCD.
Because they can successfully address the important and challenging problems
raised by GOCD, the proposed methods will have important applications in geographic
modeling. In this dissertation I only investigate their applications in ecological niche
modeling and one-class remote sensing classification. In the future we need to evaluate
the new methods using more case studies from different fields, such as public health and
natural hazards. In addition, the problems of sample selection bias, spatial autocorrelation,
and uncertainty are not investigated in this dissertation, so they should be studied in the
future.
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