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Abstract 

 

Information on spatial variation of geographic phenomena is essential to many 

environmental modeling efforts and geographic decision making. Predictive mapping is a 

framework for mapping geographic phenomena (e.g., soil, species habitat suitability) 

whose spatial variation is not directly observable but is highly related to, and thus can be 

inferred from, their environmental covariates. Establishment of the covariation 

relationships between the target geographic phenomenon and its environmental covariates 

is the key for predictive mapping. The relationships are usually derived from representative 

field samples that capture well the spatial variation of the covariates and the geographic 

phenomenon. Such representative samples are often obtained through well-designed 

geographic sampling (e.g., random sampling, stratified random sampling, systematic 

sampling, etc.). 

Volunteered geographic information (VGI), referring to geographic information created by 

volunteer citizens, has the potential of providing field samples at low cost for predictive 

mapping over large areas. However, there is no sense of geographic sampling design in the 

provision of samples through VGI. Due to the opportunistic nature of the voluntary 

observation efforts, VGI observations usually are concentrated more in some geographic 

areas than others (i.e., spatial bias). Due to the spatial bias, field samples consisting of 

observations from VGI (VGI-based samples hereafter) might not be representative. As a 

result, the accuracy of predictive mapping using VGI-based samples might be 

unsatisfactory.  
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This dissertation proposes a representativeness directed approach to spatial bias mitigation 

in VGI-based samples for predictive mapping. First, sample representativeness in this 

study is defined as the “goodness-of-coverage” of the samples in the covariates space, 

which in turn is measured by the similarity between the probability density distribution of 

the samples in the covariates space (i.e., sample distribution) and the probability density 

distribution of all mapping units (raster cells) within the study area (i.e., population 

distribution). Spatial bias is then mitigated by reweighting the samples towards increasing 

sample representativeness (i.e., decreasing spatial bias). The optimal sample weights that 

maximize sample representativeness are determined through an optimization procedure 

based on genetic algorithm. Under the optimal sample weights, samples over-representing 

the fair-share of their environmental niche are weighted less than samples under-

representing their environmental niche. Manifested in the geographic space, spatially 

clustered samples are weighted less than sparsely distributed samples. Finally, samples 

weighted with the optimal weights are used to train predictive models for mapping spatial 

variation of the target geographic phenomenon. 

The effectiveness of the proposed representativeness directed spatial bias mitigation 

approach is thoroughly evaluated through two predictive mapping applications: species 

habitat suitability mapping and soil mapping. Experiment results show that the accuracy of 

predictive mapping using samples weighted with the optimal weights is higher than using 

the original unweighted samples. Besides, significance tests suggest that the weight 

allocation in the optimal weights is statistically meaningful. Accuracy of predictive 

mapping using samples weighted with the optimal weights is statistically significantly 

higher than using samples weighted with randomly assigned weights or randomly shuffled 
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optimal weights. In addition, a positive relationship between sample representativeness and 

predictive mapping accuracy was observed, suggesting that the sample representativeness 

is an effective indictor of predictive mapping accuracy. In conclusion, the proposed 

approach can effectively mitigate spatial bias in VGI-based samples to improve predictive 

mapping accuracy. 

Spatial bias is an issue not only for VGI-based samples. Samples from other sources may 

also be subject to spatial bias. For example, soil mapping using existing soil samples may 

suffer unsatisfactory mapping accuracy due to the spatial bias in soil samples obtained from 

multiple sources. The proposed approach is also applicable for mitigating spatial bias in 

non-VGI samples for predictive mapping. Besides, spatial bias is one type of sample 

selection bias. Beyond predictive mapping, the approach is of potential use for sample 

selection bias correction in many other domains (e.g., machine learning and data mining 

from biased samples). 
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Chapter 1 Introduction 

1.1 Predictive mapping 

Many environmental modeling and geographic decision making efforts require information 

on spatial variation of geographic phenomena (Goodchild et al. 1993; Franklin 1995; Zhu 

& Mackay 2001; Zhu et al. 2015b; Zhang et al. 2018). For example, maps containing spatial 

variation of physical geographic phenomena (e.g., soil, vegetation, temperature, etc.) are 

indispensable inputs to land surface processes models, such as hydrological models (Zhu 

& Mackay 2001; Singh & Woolhiser 2002). Biodiversity conservation endeavors call for 

species distribution or species habitat suitability maps to support decision making in habitat 

management and restoration, spatial conservation prioritization, and systematic reserve 

design (Margules & Pressey 2000; Wilson et al. 2005; Elith & Leathwick 2006; Telesco et 

al. 2007).  

Predictive mapping is a framework for mapping spatial variation of geographic phenomena 

(Zhu et al. 1997; McBratney et al. 2003). Geographic phenomena are influenced by other 

environmental factors (Zhu et al. 1997; McBratney et al. 2003; Franklin & Miller 2009). 

As a result, spatial variation of a geographic phenomenon is usually correlated with spatial 

variation of the influencing environmental factors; There exists covariation between the 

geographic phenomenon and its environmental factors (covariates). For instance, the 

formation of soil is influenced by parent material, terrain relief, and vegetation, among 

others (Dokuchayev 1883; Jenny 1941). Soil distribution thus covaries with the distribution 

of these environmental factors. Predictive mapping maps spatial variation of the target 

geographic phenomena based on spatial variation of its environmental covariates and their 
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relationships (Franklin 1995; Zhu et al. 1997; Guisan & Zimmerman 2000; Scull et al. 

2003; Franklin & Miller 2009), as shown in Equation 1.1.  

𝑇 = 𝑓(𝐸) 

Equation 1.1 

where T is the target geographic phenomenon, E is a set of environmental covariates, and 

f the covariation relationships between T and E. Over the past decades, geographic 

information acquisition and earth observation techniques have gone through rapid 

developments. Environmental data sets capturing spatial variation of various 

environmental factors have been vastly accumulated and are increasingly available (Kerr 

& Ostrovsky 2003; Hijmans et al. 2005; Gesch et al. 2009). Such data sets provide a large 

pool of candidate covariates for predictive mapping of geographic phenomena.  

The establishment of the covariation relationships between the target geographic 

phenomenon and its covariates thus is the key for predictive mapping and it is often 

obtained from field samples (Guisan et al. 2002; McBratney et al. 2003; Austin 2007; 

Franklin & Miller 2009). To achieve high predictive mapping accuracy, it is required that 

the field samples should capture well the relationship between the spatial variation of the 

covariates and the spatial variation of the geographic phenomenon over the area to be 

mapped (i.e., field samples should be representative) (Mitchell 1997; Zhu 2000; 

McBratney et al. 2003; Qi & Zhu 2003; Franklin & Miller 2009).  

To ensure that they are representative, field samples are usually collected by following 

well-designed geographic sampling schemes. Commonly used geographic sampling 

schemes include probabilistic sampling methods (e.g., simple random, stratified random, 
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systematic sampling, etc.) (Brus & de Gruijter 1997; De Gruijter et al. 2006; Gregoire & 

Valentine 2007; Jensen & Shumway 2010; Wang et al. 2012) and purposive sampling 

(Yang et al. 2013; Zhang et al. 2016b). Sampling locations are allocated in such a way that 

the geographic space and/or the covariates space are well covered by the collected field 

samples (e.g., samples are taken across the complete gradient of the covariates space) 

(Royle & Nychka 1998; Minasny & McBratney 2006; Gregoire & Valentine 2007; Jensen 

& Shumway 2010; Wang et al. 2012; Yang et al. 2013; Zhang et al. 2016b).  

Obtaining representative samples in geography is costly, labor intensive, and time-

consuming. It requires not only careful design in the planning stage but also intensive 

efforts and labors in the field sampling stage (Gregoire & Valentine 2007; Yang et al. 2013). 

Logistic constraints such as inaccessibility to designed sampling locations and prohibitive 

weather conditions further complicate geographic sampling by bringing unexpected 

adjustments to the sampling plan (e.g., Zhang et al. 2016) and introduce time lags in 

collecting field samples. Thus, it can be expensive to conduct geographic sampling to 

collect filed samples, particularly over large areas. In addition, the temporal dynamics of 

geographic phenomena are of interest in many applications (e.g., environmental 

monitoring) (e.g., Fink et al. 2010). But it might be impractical to collect field samples 

through geographic sampling to reflect temporal dynamics because of the time lags in 

collecting field samples, or because periodically collecting field samples is prohibitively 

costly. As a result, obtaining field samples through geographic sampling is mostly 

conducted over small areas for predictive mapping of geographic phenomena that are 

relatively static (e.g., soil), except for cases where large-scale monitoring networks have 

been well established (e.g., Hargrove et al. 2003; Brus et al. 2011). 
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1.2 VGI as a way of obtaining field samples for predictive mapping 

Volunteered geographic information (VGI) refers to geographic information created by 

citizen volunteers (Goodchild 2007a, 2007b). VGI broadly includes geographic 

information generated by volunteer participants in public participation geographic 

information system (PPGIS) (Sieber 2006), neogeography (Turner 2006), wikification of 

GIS (Sui 2008), citizen science (Silvertown 2009; Dickinson et al. 2012), crowdsourcing 

(Harvey 2013), and social media (Longley & Adnan 2016), as they all share the 

commonality of voluntary and non-expert geographic information creation. VGI represents 

a paradigm shift in how geographic information is created and shared, as well as in its 

content and characteristics (Elwood 2008a, 2008b). VGI is thought of as an innovation that 

will have profound impacts on geographic information science (GIScience) and more 

generally on the discipline of geography and its relationship to the general public 

(Goodchild 2007a).  

The remarkable phenomenon of VGI has proliferated in recent years because technological 

advancements have enabled the general public to generate geospatial data (Goodchild 

2007a; Elwood 2008a; Graham et al. 2011). With ubiquitous access to the Internet and to 

positioning technologies such as global positioning system (GPS), average citizens can 

now easily create and share georeferenced observations of the world through their 

smartphones, personal computers, and other portable devices (e.g., Haklay & Weber 2008; 

Sullivan et al. 2009; Gao et al. 2011). Interest in VGI has grown rapidly and it is now 

driving many successful ongoing applications. OpenStreetMap is producing geographic 

information for every corner of the world that is freely available (Haklay & Weber 2008). 

eBird is documenting presence and abundance data for hundreds of bird species at 
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continental and global scale, and the collected data have been used in various scientific 

research (Sullivan et al. 2009). VGI is providing timely information for disaster monitoring 

and response in emergency management of wildfires and earthquakes (Goodchild & 

Glennon 2010; Zook et al. 2010). In the world’s poor and remote areas, local residents are 

serving as cost-effective data sources for collecting wildlife distribution data to support 

conservation programs (Anadón et al. 2009; Zhu et al. 2015a; Zhang et al. 2017b). Soil 

scientists are promoting the use of VGI in digital soil mapping (Rossiter et al. 2015). There 

is also growing use of VGI as reference data for land cover map validation in various 

projects (Fonte et al. 2015). VGI is an important component of the boarder phenomenon 

of geospatial big data (Xu & Yang 2014; Zhang et al. 2016a, 2017; Yang 2017) that greatly 

contributes to the paradigm shift from traditional scientific research to the emerging “data-

driven geography” (Miller & Goodchild 2014) and, more broadly, “data-intensive science” 

(Kelling et al. 2009; Hochachka et al. 2012). 

VGI has several advantages as an alternative mechanism for the acquisition and 

compilation of geographic information. VGI contains rich local information that spans a 

wide temporal spectrum because citizens, as local experts and sensors, have long been 

sensing and accumulating knowledge of their respective areas (Goodchild 2007a). But VGI 

also has the potential to provide geographic information over large areas, given that billions 

of networked human sensors are distributed across the globe. In addition, VGI can provide 

timely updated geographic information that are difficult to obtain through remote sensing 

techniques but can be easily collected by citizens on the ground (Goodchild 2007a; Fink et 

al. 2010; Kelling et al. 2013a). Moreover, VGI is much less expensive than traditional 

scientific data collection protocols (e.g., geographic sampling, biological survey). In many 
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cases citizens contribute geographic information purely voluntarily in the spirit of self-

promotion and altruism without any hope of financial reward (Goodchild 2007a, 2007b; 

Coleman et al. 2009). This low cost is of great practical significance in many real-world 

applications such as the abovementioned wildlife conservation. 

Due to the advantages of VGI, it is possible to obtain timely updated field samples from 

VGI observations to cover large areas. VGI contains valuable field observations of 

geographic phenomena, and in some cases, represents the only available data that reflect 

spatial distribution of geographic phenomena of interest. VGI has the potential of providing 

field samples for predictive mapping of spatial variation of geographic phenomena of 

interest. 

1.3 Issues of using VGI for predictive mapping 

Data quality of VGI is the major concern when using VGI for predictive mapping or any 

other VGI applications. The general public engaged in creating VGI is not composed of 

well-trained professionals and their voluntary data collection actions are mostly 

constrained by internal commitment. Thus data collected by volunteers may or may not be 

accurate (Goodchild 2007a). Three aspects of VGI data quality are particularly relevant to 

the use of VGI for predictive mapping: source creditability, positional accuracy, and 

spatial bias.  

1.3.1 Source credibility 

Volunteers need to be trustworthy in reporting the observed geographic phenomenon (e.g., 

sighting of a bird species) so that VGI can provide ground truth observations that are useful 
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for predictive mapping. Approaches have been developed to assess the source credibility 

of VGI. (Flanagin & Metzger 2008) proposed a method for assessing VGI source 

credibility that examines the information environment fostering collective information 

contribution, explores the environment of information abundance, examines credibility and 

related notions within this environment, and leverages extant research findings to 

understand user-generated geographic information. Foody et al. (2013, 2014) derived 

information on the quality of sources of VGI using latent class analysis. Bimonte et al. 

(2014) studied the integration of VGI in spatial online analytical processing systems to 

address precision and credibility problems related to VGI data. Hung et al. (2016) proposed 

a method using logistic regression to assess the credibility of VGI for time-critical 

conditions such as disaster response. eBird uses a two-part approach to quality control 

during data entry (Kelling et al. 2013b): automated filters and a growing network of 

regional experts. Automated data quality filters flag records for review based on 

observation date and geographic location. A flagged entry, once confirmed as legitimate 

by the observer, is then reviewed by a regional expert reviewer again.  

With such credibility assessment methods and quality control mechanisms, the confidence 

that the reported observations in VGI actually reflect ground truth of the geographic 

phenomenon of interest can be assessed or controlled to an acceptable level.  

1.3.2 Positional accuracy 

Positional accuracy of the VGI observations used for predictive mapping needs to be high 

so that the locations can be used to accurately obtain the corresponding values of 

environmental covariates at these locations from environmental databases. Insufficient 
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positional accuracy of field observations leads to mismatch between the value of the 

observed geographic phenomenon and the values of the covariates, and thus degrades the 

accuracy of predictive mapping. For instance, low positional accuracy of species records 

inversely affects the performance of species distribution models (Osborne & Leitão 2009; 

Moudrý & Šímová 2012).  

Positional accuracy of VGI depends on several factors such as the nature of the geographic 

phenomena under observation and the availability of positioning technology. Stationary 

geographic features can be accurately located with the aid of high-accuracy positioning 

techniques. For example, OpenStreetMap data on human tracks (e.g., roads, streets, 

buildings) and physical geographic features (e.g., rivers, lakes) are of high positional 

accuracy comparable to authoritative survey products of government mapping agencies 

(Girres & Touya 2010; Haklay 2010) because these stationary targets were digitized from 

accurately georeferenced high-resolution remote-sensing imagery. Smart phones equipped 

with high-accuracy GPS units ensure generated VGI is associated with accurate geographic 

coordinates. Geospatially enabled and user-friendly and effective geovisualization 

interfaces also help improve positional accuracy of VGI (Seeger 2008; Newman et al. 2010; 

Ma et al. 2014; Zhu et al. 2015b). Olteanu-Raimond et al. (2016) found that much VGI 

data was acquired with a positional accuracy that, while less than that typically acquired 

by professional mapping agencies, actually exceeded the requirements of the nominal data 

capture scale used by most agencies.  

It is also important to note that the impact of positional accuracy of field observations on 

predictive mapping depends on the spatial resolution at which predictive mapping is 

conducted. Predictive mapping at high spatial resolution (e.g., using covariates of 30 m × 
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30 m grids) definitely requires field samples of high positional accuracy that is comparable 

to spatial resolution of the covariates data layers so that values of the covariates at these 

locations can be accurately extracted from environmental data layers. In contrast, for 

predictive mapping at coarse spatial resolution (e.g., 1000 m × 1000 m grids), the absolute 

positional accuracy of field samples does not have to be very high as long as it is high 

enough relative to the spatial resolution of covariates data used.  

In general, with access to high-accuracy positioning technologies (e.g., GPS-equipped 

smart phones, georeferenced high-resolution satellite imagery), volunteers can 

georeference VGI observations to a positional accuracy that is often sufficient for 

predictive mapping. In applications where the positional accuracy of field observations 

seems to be insufficient, geospatial analysis techniques can be applied to minimize the 

impact of positional imprecision of VGI (Khalili et al. 2010; Zhu et al. 2015b). 

1.3.3 Spatial bias 

VGI observations are often concentrated more in some geographic areas than others (i.e., 

spatial bias) because observations made by citizens are opportunistic in nature (Zhu et al. 

2015b). Unlike well-designed geographic sampling schemes which allocate sampling 

locations in a way such that the geographic space and/or the covariates space are well 

covered by the collected samples, spatial distribution of the observation efforts of 

volunteers would be considered neither random nor regular in the sense of geographic 

sampling design. One example to demonstrate this is wildlife sightings elicited from local 

residents. Local residents are not intentionally tracking wildlife of interest. Instead, they 

typically spot the wildlife en route to doing something else. The routes on which local 
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citizens spot wildlife would be considered neither random nor regular but ‘ad hoc’ (Zhu et 

al. 2015b). As a result, wildlife sightings elicited from local residents are usually 

concentrated in areas with higher route accessibility. Such roadside bias is a common 

phenomenon in records of plant and animal distribution (Kadmon et al. 2004). 

Spatial bias in VGI has a significant impact on predictive mapping using VGI (Graham et 

al. 2004; Fink et al. 2010; Leitão et al. 2011; Pardo et al. 2013; Zhu et al. 2015b). Due to 

spatial bias, field samples consisting of observations from VGI (VGI-based samples 

hereafter) might not be representative. The covariation relationships derived from VGI-

based samples thus might not well represent the underlying covariation between the target 

geographic phenomenon and its environmental covariates. Spatial bias in VGI, if not 

appropriately accounted for, would adversely affect the accuracy of predictive mapping 

using VGI-based samples (Thuiller et al. 2004; Graham et al. 2004, 2008; Kadmon et al. 

2004; Barry & Elith 2006; Hortal et al. 2008; Ibáñez et al. 2009; Boakes et al. 2010; Fink 

et al. 2010; Leitão et al. 2011; Pardo et al. 2013; Kramer-Schadt et al. 2013).  

This research assumes that source credibility and positional accuracy of VGI are controlled 

to an acceptable level, for example, by means of quality control mechanisms in the data 

collection stage (e.g., Khalili et al. 2010; Foody et al. 2013, 2014; Kelling et al. 2013b). 

This study focuses on mitigating spatial bias in VGI to improve the prediction accuracy of 

predictive mapping using VGI-based samples. 

1.4 Existing work related to spatial bias mitigation 

There are few studies focusing on spatial bias mitigation of VGI for predictive mapping. 

The general problem of sample selection bias is an issue encountered in various fields, and 
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methods developed to correct for sample selection bias can be grouped into: training local 

predictive models, filtering samples, weighting samples based on cumulative visibility, 

factoring bias out, modeling sample selection process, and importance weighting (Table 

1.1).  

Table 1.1. Summary of methods related to spatial bias mitigation. 

Domain Method Limitations References 

Predictive 

mapping 

Training local 

predictive models with 

samples in sub-areas. 

Does not account for potential 

spatial bias in sub-areas. 

Fink et al. 2010; Fink 

et al. 2013. 

Weighting samples 

based on cumulative 

visibility at the 

observation sites. 

Applicable only when 

cumulative visibility is a 

reasonable approximation of 

sampling/observation effort. 

Zhu et al. 2015b. 

Filtering samples based 

on the heuristic that 

removing samples 

within certain distance 

of one another would 

balance the bias. 

Reduces sample size.  

Determination of the distance 

threshold. 

Kramer-Schadt et al. 

2013;  

Boria et al. 2014; 

Varela et al. 2014. 

Factoring bias out by 

selecting background 

samples with the same 

Requires sampling/observation 

effort information to generate 

background samples. 

Dudík et al. 2005; 

Phillips et al. 2009. 
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bias as the presence-

only samples. 

Statistics Modeling the sample 

selection process. 

Needs good understanding and 

detailed information of the 

sampling process.  

Heckman 1979; Vella 

1998; Bethlehem 

2010; Bethlehem 

2012. 

Machine 

learning 

Weighting samples by 

an importance 

weighting function in 

learning classifiers.  

Requires sufficiently large 

sample size to estimate the 

optimal weighting function.  

Hard for high dimensional 

cases. 

Shimodaira 2000; 

Zadrozny et al. 2003; 

Zadrozny 2004; 

Sugiyama et al. 2007; 

Cortes et al. 2008. 

1.4.1 Training local predictive models 

Fink et al. (2010, 2013) proposed an AdaSTEM approach that exploits variation in the 

density of VGI observations to accommodate spatial bias in broad-scale biological survey 

data (i.e., eBird data). The continent- or hemisphere-wide study area is partitioned into 

rectangular spatial units (i.e., sub-areas) of size dependent upon density of VGI 

observations. Predictive models are trained with only VGI observations in each spatial unit 

and are later used for prediction in that spatial unit. This approach mitigates spatial bias in 

the overall data set to a certain degree by training local predictive models in sub-areas, 

instead of training a global predictive model using data over the whole area. But a sub-area 

over which a local predictive model is trained still covers a large geographic area (e.g., 3 

× 4 latitude by longitude). VGI observations in such a large sub-area potentially have 
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spatial bias as well. This approach does not address the potential spatial bias in VGI 

observations within each sub-area.  

1.4.2 Filtering field samples 

Filtering samples in the geographic or environmental space (i.e., remove localities that are 

within certain distance of one another) is also applied to reduce sample selection bias 

(Kramer-Schadt et al. 2013; Boria et al. 2014; Varela et al. 2014). This method is based on 

the heuristic that removing localities (i.e., field samples) that are within certain distance of 

one another would somehow balance the unequal sampling or observation effort. Yet there 

is no objective way of determining the distance threshold, which has a profound impact on 

the filtering process. Moreover, it reduces effective sample size and discards useful 

information in the removed samples. It thus does not apply to cases where only a paucity 

of field samples exists. 

1.4.3 Weighting samples based on cumulative visibility 

If detailed information on sampling or observation effort is available, such information can 

then be incorporated to correct for spatial bias. Zhu et al. (2015b) proposed to compensate 

for spatial bias in VGI by weighting VGI observations with weights inversely proportional 

to the cumulative visibility at the observation sites (i.e., the frequency at which a given 

location can be seen by observers from the routes they take), given that cumulative 

visibility is a good proxy of the underlying observation effort in VGI genesis. This method 

is applicable only for cases where cumulative visibility is a reasonable approximation of 

sampling or observation effort. 
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1.4.4 Factoring bias out 

Spatial bias is a common problem in many biological datasets (e.g., natural history museum 

animal records) because of unequal sampling efforts in their collection (Franklin & Miller 

2009; Phillips et al. 2009; Pardo et al. 2013). Dudík et al. (2005) and Phillips et al. (2009) 

developed a FactorBiasOut method to correct for spatial bias in species presence-only data 

for species distribution modeling with MAXENT (Phillips et al. 2006). This method first 

estimates an empirical distribution to approximate the underlying but usually unknown 

sampling distribution that generated the presence-only data. This approximate sampling 

distribution is then used to factor out the spatial bias in presence-only data. This is done by 

feeding MAXENT with background data (i.e., pseudo absences) that have the same spatial 

bias as the presence data. For instance, occurrence data of a target group of species that are 

observed by similar methods (if such data are available) are taken as the estimate of the 

effort information and thus are used as the background data (Dudík et al. 2005; Phillips et 

al. 2009). The FactorBiasOut method works only for species distribution models that 

require background data. It requires information on sampling or observation effort or its 

estimate to generate the background data. Yet sampling or observation effort information 

is generally not available in VGI genesis.  

1.4.5 Modeling sample selection process 

Nonrandom selection is a source of bias in empirical research, such as surveys with 

nonresponses and self-selections (Särndal & Lundström 2005; Bethlehem 2010) and 

species distribution models with presence-only data (Phillips et al. 2009), and a 

fundamental aspect of many social and economic data collection processes (Heckman 1979; 
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Winship & Mare 1992; Vella 1998). One approach to correcting for such selection bias is 

to explicitly model the selection processes (i.e., selection probabilities) using selection 

rules from domain knowledge or parametric selection models fitted on empirical data. 

These selection models are then used to account for selection bias in estimation or 

modeling (Heckman 1979; Vella 1998; Bethlehem 2010, 2012). For instance, survey 

response propensities and probabilities can be modelled using ancillary variables that might 

influence one’s decision of whether to take the survey (Särndal & Lundström 2010), and 

then be used to correct for nonresponse bias (Bethlehem 2010, 2012). This approach 

requires deep understanding of the underlying selection processes in order to come up with 

reasonable selection models. It is difficult to adopt this approach to correcting for spatial 

bias in VGI because detailed information on the selection processes underlying VGI 

genesis is rarely available. 

1.4.6 Importance weighting 

Sample selection bias is also well studied in the machine learning community but under 

different names such as sample selection bias, covariates shift, data set shift, cost-sensitive 

learning, and transfer learning (Zadrozny et al. 2003; Zadrozny 2004; Cortes et al. 2008; 

Pan and Wang 2010; Moreno-Torres et al. 2012). Sample selection bias arises where 

training and test data are drawn from different distributions. In other words, distribution of 

the training data (i.e., field samples) in feature space (i.e., covariates space) is different 

from that of test data (e.g., all spatial units in the study area). The approach to correcting 

for sample selection bias is importance weighting where, in learning classifiers (e.g., 

decision trees, support vector machines, logistic regression), training examples are 

weighted by an importance weighting function in maximizing the log-likelihood function 
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(Shimodaira 2000) or empirical risk minimization (Sugiyama et al. 2007). Asymptotically, 

the optimal weighting function proves to be the ratio of the probability density function of 

features on the test data and that on the training data (Zadrozny et al. 2003; Zadrozny 2004; 

Cortes et al. 2008). The weighting function is estimated based on empirical estimates of 

the two density functions. This method requires sufficiently large sample size to estimate 

the optimal weighting function. In addition, density estimation in high dimensional cases 

is known to be hard (Shimodaira 2000).  

1.5 Remaining challenges and research question 

Most existing bias mitigation methods rely on information of the underlying sampling or 

observation process (e.g., selection probabilities, sampling effort) to correct for bias. But 

generally, such information is not available in VGI genesis because volunteers are not 

committed to report effort information. The importance weighting method does not apply 

for correcting for spatial bias in VGI for predictive mapping because predictive mapping 

using VGI usually involves many environmental covariates (i.e., high dimension) and VGI-

based samples of (possibly) small sample size. How to mitigate spatial bias in VGI to 

improve the accuracy of predictive mapping using VGI-based samples remains a challenge. 

The research question of this dissertation is how to mitigate spatial bias in VGI to improve 

the prediction accuracy of predictive mapping using VGI-based samples. 

1.6 Organization of this dissertation 

Chapter 1 establishes the research question of this dissertation. The remainder of this 

dissertation is organized as follows. Chapter 2 develops a representativeness directed 
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approach to spatial bias mitigation in VGI for predictive mapping. The basic idea and 

implementation of the methodology are discussed in detail. Chapter 3 and Chapter 4 

present applications of the representativeness directed spatial bias mitigation approach in 

two domains: species habitat mapping and predictive soil mapping. The habitat mapping 

case study presented in Chapter 3 uses species occurrence data contributed by volunteers 

(i.e., VGI samples). Nonetheless, it is worth noting that the proposed approach is applicable 

not only for mitigating spatial bias in VGI samples. It is also applicable for spatial bias 

mitigation in field samples in general (i.e., VGI samples and/or non-VGI samples). The 

applicability of the approach for spatial bias mitigation in non-VGI field samples was 

evaluated through a soil mapping case study using existing multi-source soil samples in 

Chapter 4. Chapter 5 concludes this dissertation and discusses future research directions.  
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Chapter 2 Methodology 

2.1 Basic idea 

Spatial bias in VGI adversely affects accuracy of predictive mapping using VGI-based 

samples because spatial bias impedes the “representativeness” of these samples. The 

representativeness of a sample set is defined as the degree to which the samples capture 

the spatial variation of the environmental covariates and the spatial variation of the target 

geographic phenomenon over the geographic area to be mapped. Thus assessing 

“representativeness” of VGI-based samples is the basis for mitigating the effects of spatial 

bias in VGI.  

With increasingly available geospatial data sets that are used to characterize environmental 

covariates (e.g., remote sensing data), it is feasible to assess the “representativeness” of 

VGI-based samples w.r.t. the environmental covariates. Assessing the “representativeness” 

of VGI-based samples w.r.t. the target geographic phenomenon is hard because spatial 

variation of the geographic phenomenon is unknown (to be predicted). However, given that 

spatial variation of the target geographic phenomenon and spatial variation of the 

environmental covariates are correlated (the fundamental assumption of predictive 

mapping), it is reasonable to expect that the “representativeness” of the samples w.r.t. the 

environmental covariates would be used to approximate the “representativeness” of the 

samples w.r.t. the target geographic phenomenon (Kruskal & Mosteller 1979; Belbin 1993; 

Hijmans et al. 2000; Minasny & McBratney 2006; Yang et al. 2008, 2013). 

The representativeness of VGI-based samples is in this research measured as the 

“goodness-of-coverage” of the samples in the covariates space, which in turn is quantified 
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by the similarity between the probability density distribution of the VGI-based samples in 

the covariates space (i.e., sample distribution) and the probability density distribution of 

all spatial units in the area (e.g., pixels within a study area) in the covariates space (i.e., 

population distribution) (Figure 2.1). Stronger spatial bias in VGI-based samples would 

lead to poorer representativeness of the VGI-based samples. 

 

Figure 2.1. Basic idea of representativeness directed spatial bias mitigation. 

The effect of spatial bias in VGI is mitigated by improving the representativeness of VGI-

based samples. This is achieved by adjusting the sample distribution towards increasing its 

similarity to the population distribution through reweighting VGI-based samples. VGI 

observations in an under-represented area would get larger weights and be treated as more 

important in training predictive models; VGI observations in an over-represented area 

would get smaller weights and be treated as less important in training predictive models. 
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Reweighting the samples in this way is expected to reduce bias in the samples and improves 

representativeness of the samples. 

Spatial bias in VGI-based samples cannot always be removed completely. The reweighted 

VGI-based samples might still not be of perfect representativeness. There might be 

discrepancies between the adjusted sample distribution (based on the reweighted VGI-

based samples) and the population distribution. Sample representativeness thus may also 

indicate prediction uncertainty.  

2.2 Overview of the approach 

This dissertation develops a representativeness directed approach to spatial bias mitigation 

in VGI for predictive mapping (Figure 2.2). The representativeness of VGI-based samples 

is measured as the similarity between the probability density distribution (in covariates 

space) of the VGI-based samples (sample distribution) and the probability density 

distribution (in covariates space) of all mapping spatial units within a study area 

(population distribution) (Section 2.3). The approach then mitigates spatial bias in VGI by 

improving the representativeness of VGI-based samples through reweighting VGI-based 

samples towards increasing the similarity between the sample distribution and the 

population distribution. Determination of the optimal weights that maximizes the 

representativeness of the VGI-based samples is conceived as an optimization problem. A 

genetic algorithm is adopted to search for the optimal weights.  
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Figure 2.2. Overview of the methodology. 

The weighted VGI-based samples are then used as input to train predictive models (e.g., 

statistical, machine learning, data mining) to establish the covariation relationships 

between the target geographic phenomenon and its environmental covariates. The trained 

predictive models, which encode the covariation relationships, are then used in 

combination with environmental covariates data to predict spatial variation of the target 

geographic phenomenon (Section 2.4).  
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The effectiveness of the proposed approach is evaluated on two aspects (Section 2.5). Its 

effectiveness to improve prediction accuracy is evaluated by comparing accuracy of 

predictive mapping using weighted (representativeness improved) VGI-based samples to 

that of using unweighted VGI-based samples. The effectiveness of sample 

representativeness to indicate prediction uncertainty is evaluated by examining the 

relationship between prediction errors and sample representativeness. 

2.3 Representativeness directed spatial bias mitigation for VGI-based samples 

2.3.1 Measuring representativeness of VGI-based samples  

The representativeness of VGI-based samples for predictive mapping is measured by the 

similarity between the sample distribution and the population distribution in covariate 

space.  

There exist two difficulties in working with probability density distributions in the 

covariates space. The first is the high-dimensionality of the covariates space. A large 

number of environmental covariates could be used in predictive mapping due to the fact 

that the target geographic phenomenon (e.g., soil, habitat suitability) often covaries with 

many environmental factors and geospatial data that can be used to represent these factors 

are increasingly available. The curse of dimensionality (Marimont & Shapiro 1979; Raudys 

& Pikelis 1980; Indyk & Motwani 1998) might arise in working with multivariate 

probability density distributions in such high-dimensional spaces. The second difficulty is 

the multicollinearity (Farrar & Glauber 1967; Graham 2003) among environmental 

covariates. Environmental factors are often correlated with each other due to the shared 

geographic space over which they co-develop (e.g., association between vegetation and 
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precipitation, soil and terrain). The lack of independence (multicollinearity) among 

covariates makes it even harder to work with multivariate portability density distributions. 

2.3.1.1 PCA transformation of the covariates space 

Principal Component Analysis (PCA) (Jolliffe 2002) is adopted to overcome the above two 

difficulties. PCA is capable of deriving linearly uncorrelated orthogonal principal 

components from the (correlated) covariates while preserving the variance of the covariates. 

Each component is represented by an eigenvector that defines a linear transformation of 

the original covariates. The proportion of the variance each component represents can be 

computed from the eigenvalues associated with the components.  

The components are sorted in descending order of the eigenvalues (the proportion of the 

variance each variable represents). By selecting the first few components to work with, the 

dimensionality of the original covariates space is reduced while retaining most variance of 

the original covariates. The number of components to be selected, L, is determined as 

follows. First specify a threshold t (0 < t ≤ 1) indicating the total proportion of the variance 

to retain (e.g., t = 0.9). Then determine the smallest possible L such that the cumulative 

proportion of the variance of the first L components is no less than t. The original covariates 

space is transformed to a new covariates space of lower dimensionality that is defined by 

the L selected components (each component is an axis of the new covariates space). 

2.3.1.2 Computing representativeness 

There are two steps involved in computing the representativeness of VGI-based samples 

in the PCA-transformed covariates space. 
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Step 1: Compute similarity regarding each selected component 

On each of the L components, the probability density distribution of the VGI-based samples 

(sample distribution) and the probability density distribution of all the spatial units to be 

mapped (population distribution) are estimated using kernel density estimation (KDE).  

KDE is a nonparametric density estimation method capable of estimating continuous 

probability density functions (PDF) from discrete samples. It follows Equation 2.1 

(Silverman 1986): 

𝑓(𝑣) = ∑
1

𝑛 ∙ ℎ
𝐾 (

𝑣 − 𝑉𝑖

ℎ
)

𝑛

𝑖=1
 

Equation 2.1 

where f(v) is the estimated PDF with respect to variable v, Vi is the value of v at sample 

location i, n is the total number of samples. K is a kernel density function and here the 

Gaussian kernel was adopted (Equation 2.2) (Silverman 1986): 

𝐾 (
𝑣 − 𝑉𝑖

ℎ
) =

1

√2𝜋
𝑒

−
(𝑣−𝑉𝑖)

2

2ℎ2  

Equation 2.2 

h is a smoothing parameter called bandwidth and it is a crucial parameter for KDE. A 

bandwidth that is too large would result in a “flat” PDF that fails to reflect the variability 

in data, and one that is too small would result in a “spiky” PDF that contains too much 

noise. The “rule-of-thumb” algorithm (Equation 2.3) is often adopted for bandwidth 

determination (Silverman 1986):  
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ℎ = 1.06 ∙ 𝜎𝑣 ∙ 𝑛−1/5 

Equation 2.3 

in which σv is the standard deviation of values of v at sample locations. This simple 

algorithm can estimate a robust bandwidth when n (sample size) is large. The 

computational cost of this algorithm is very low. 

Alternatively, the “golden section search optimization procedure” (Brunsdon 1995) can 

be adopted to find the optimal bandwidth based on maximum likelihood criterion through 

cross-validation on the sample data. This procedure finds the optimal bandwidth that 

maximizes the likelihood of observing the sample data by searching within a range of 

bandwidth values, for example, from 0.01ℎ0  to 2ℎ0  where ℎ0  is the “rule-of-thumb” 

bandwidth. Full details of the “golden section search optimization procedure” can be 

found in Brunsdon (1995). This procedure can determine a robust bandwidth even when 

the sample size is relatively small. Its computational cost increases dramatically with 

increasing sample size (Zhang et al. 2017).  

Based on the KDE method, the sample distribution and population distribution w.r.t. the lth 

principal component are estimated using Equation 2.4 and Equation 2.5 respectively: 

𝑄𝑙(𝑣𝑙) = ∑ 𝑤𝑖

1

ℎ𝑙𝑄
𝐾 (

𝑣𝑙 − 𝑉𝑖
𝑙

ℎ𝑙𝑄
)

𝑛

𝑖=1
 

Equation 2.4 

and 
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𝑃𝑙(𝑣𝑙) = ∑
1

ℎ𝑙𝑃
𝐾 (

𝑣𝑙 − 𝑉𝑗
𝑙

ℎ𝑙𝑃
)

𝑚

𝑗=1
 

Equation 2.5 

In the above equations, n is the number of sample locations in the VGI-based samples, and 

m is the number of locations (pixels) in the study area to be mapped. 𝑄𝑙 and 𝑃𝑙 are the 

estimated sample distribution and population distribution on the lth component, 

respectively. 𝑣𝑙 is some value of the lth component. 𝑉𝑖
𝑙 is the value of the lth component at 

the ith sample location in the VGI-based samples and 𝑤𝑖  is a normalized weight (i.e., 

∑ 𝑤𝑖
𝑛
𝑖=1 = 1) of the ith sample location (Equation 2.1; samples can have different weights). 

𝑉𝑗
𝑙 is the value of the lth component at the jth pixel in the area.  

ℎ𝑙𝑄 and ℎ𝑙𝑃 are the bandwidths. In this study, ℎ𝑙𝑄 (i.e., bandwidth for estimating sample 

distribution) is determined using the “golden section search optimization procedure” 

because this procedure is well suited for finding a robust bandwidth even when n (i.e., 

number of VGI-based samples) is relatively small. ℎ𝑙𝑃  (i.e., bandwidth for estimating 

population distribution) is determined using the “rule-of-thumb” algorithm (Equation 2.3) 

as it can estimate a robust bandwidth at a very low computational cost when m (i.e., number 

of pixels in the area) is large (Silverman 1986).  

The similarity between 𝑄𝑙 and 𝑃𝑙, 𝑆𝐼𝑀𝑙, is computed as the overlapping area between the 

two distributions (Zhu 1999) (Equation 2.6): 

𝑆𝐼𝑀𝑙 =
2 × 𝐴𝑄𝑙 ∩ 𝐴𝑃𝑙

𝐴𝑄𝑙 + 𝐴𝑃𝑙
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Equation 2.6 

in which 𝐴𝑄𝑙 and 𝐴𝑃𝑙 are the areas under the sample distribution curve and the population 

distribution curves respectively. 𝐴𝑄𝑙 ∩ 𝐴𝑃𝑙 is the overlapping area under both curves. 𝑆𝐼𝑀𝑙, 

with a value range of 0 to 1, reflects the “goodness-of-coverage” of the VGI-based samples 

regarding the lth component. Figure 2.3 shows an example of the sample distribution and 

the population distribution on one principal component.  

 

Figure 2.3. An example of population distribution and sample distribution on one 

principal component. The similarity (i.e., overlapping area) between the two distributions 

is 0.579. 

The similarities between the sample distribution and the population distribution regarding 

each of the L selected principal components are computed following Equation 2.4 through 

Equation 2.6.  

Step 2: Compute overall similarity regarding all L selected components 
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The representativeness of VGI-based samples is measured as the overall similarity 

between the sample distribution and the population distribution. The overall similarity is a 

weighted average of the similarities regarding each of the L selected components computed 

in step 1, with the weight being proportional to the proportion of the variance each 

component represents (Equation 2.7): 

𝑅 = 𝑆𝐼𝑀𝑜𝑣𝑒𝑟𝑎𝑙𝑙 = ∑
𝜆𝑖

∑ 𝜆𝑗𝐿
𝑗=1

𝐿

𝑖=1
𝑆𝐼𝑀𝑖 

Equation 2.7 

in which 𝑅 is the representativeness of the VGI-based samples. 𝑆𝐼𝑀𝑜𝑣𝑒𝑟𝑎𝑙𝑙 is the overall 

similarity between the sample distribution and the population distribution. 𝑆𝐼𝑀𝑖  is the 

similarity between the two distributions regarding the ith component.  𝜆𝑖 is the eigenvalue 

of the ith component indicating the amount of variance it represents. The proportionality of 

the weight to the proportion of the variance each component represents is a desirable 

property, given that the components representing larger variance are more important for 

the VGI-based sample to capture variation of the covariates. The value range of R is 

between 0 and 1, with a larger value indicating higher representativeness of the VGI-based 

samples. 

2.3.2 Representativeness directed spatial bias mitigation 

The effect of spatial bias in VGI on predictive mapping using VGI-based samples is 

mitigated by improving the representativeness of VGI-based samples. This is achieved by 

adjusting the sample distribution towards increasing its similarity to the population 

distribution (i.e., improving representativeness) by means of reweighting the VGI-based 
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samples. VGI observations in over-observed (over-represented) area would get smaller 

weights; observations in under-observed (under-represented) area would get larger weights. 

The key is to determine the optimal weights that maximize the representativeness of VGI-

based samples in a systematic manner. 

The determination of the optimal weights for VGI-based samples is conceived as an 

optimization problem, where the objective is to find a set of optimal weights corresponding 

to sample locations in the VGI-based samples that maximizes the representativeness of the 

VGI-based samples.  

A Genetic Algorithm (GA) (Davis 1991; Mitchell 1997, 1998) is adopted to search for the 

optimal weights. Genetic algorithms are motivated by an analogy to biological evolution. 

Potential solutions to a problem are represented and initialized as a collection of individuals 

(i.e., population), with each individual in turn composed of genes. A fitness function is 

evaluated on each individual and a fitness score is computed indicating the quality of an 

individual (evaluation). GAs generate successor individuals by recombining (crossover) 

parts of the best currently known individuals and repeatedly probabilistically muting genes 

(mutation). At each iteration, the current population is updated by probabilistically 

replacing some fraction of the population (selection) by offspring of the most fit current 

individuals with an intension of improving the average fitness of the updated population. 

This evolution process continues until a predefined number of generations are gone through, 

or fitness values of individuals exceeding some fitness threshold (Davis 1991; Mitchell 

1997, 1998).  
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The workflow of a GA used to find a set of optimal weights for VGI-based samples is 

shown in Figure 2.4. A set of weights corresponding to the sample locations in a VGI-

based sample is encoded as an individual that is an array of length n (the number of sample 

locations in VGI-based samples) filled with non-negative floating-point numbers. A 

floating-point number on the ith position stands for the weight for the ith sample location. 

The initial weights are assigned random floating-point numbers drawn from a uniform 

distribution in the interval of [1.0, Wmax] in this study (Wmax = 10.0 if not otherwise 

specified). The fitness of an individual is evaluated as the representativeness of the VGI-

based samples that is computed as described in Section 2.3.1.  

 

Figure 2.4. Workflow of the genetic algorithm adopted to find the optimal weights for 

samples. 

The selection probability of an individual (a possible set of weights) to remain in the 

population is based on its fitness score (representativeness of VGI-based samples given the 
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set of weights). An individual resulting in a higher fitness score is more likely to remain in 

the population. The selection probabilities are also used for selecting pairs of individuals 

to apply the crossover operator on each pair to produce new offspring (weights sets). After 

the offspring are added to the population, a certain percentage (e.g., 5 percent) of the 

individuals in the population is selected with uniform probability. Each selected individual 

is mutated by adjusting the weight values at randomly selection array positions by a small 

amount. A Gaussian distribution random number generator is used in this study for weights 

mutation (mean = 0, standard deviation = 0.5). To this end, the population is updated. 

Another iteration of evaluation (i.e., computing representativeness/fitness under updated 

weights), selection, crossover, mutation, and update can be initiated. The GA stops after 

going through a predefined number of iterations (number of generations = 200 if not 

otherwise specified), or when the best fitness score of the population exceeds some fitness 

threshold (e.g., 0.9). The genetic algorithm implemented in the DEAP package (Rainville 

et al. 2012) is used in this study. Figure 2.5 shows an example of effects of the 

representativeness directed spatial bias mitigation approach on one principal component.  
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Figure 2.5. An example illustrating the representativeness directed spatial bias mitigation. 

After reweighting, the similarity between the sample distribution and the population 

distribution increased from 0.579 to 0.835 (optimal sample weights returned after 25 

generations). 

It is worth emphasizing the rationale of setting the weight range as [1.0, Wmax] instead of 

[0.0, 1.0]. With a weight range of [1.0, Wmax], it is ensured that every sample would have a 

weight of at least 1.0 and at most Wmax. This has several implications. To begin with, every 

sample contributes in training predictive models, i.e., no samples are excluded. This is 

desirable in cases where we want to make full use of the samples. More importantly, it also 

implies that a sample can be treated at most Wmax times as important than another sample 

(i.e., the ratio of the relative importance between two samples is bounded). On the other 

hand, if a weight range of [0.0, 1.0] is adopted, samples of weight 0’s would be excluded, 

and the ratio of the relative importance of samples can be infinitely large (i.e., weight ratio 

is unbounded). Besides, compared to [0.0, 1.0], the weight range of [1.0, Wmax] is a wider 
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interval which allows more flexibility for the genetic algorithm to explore the optimal 

weights. One may argue that weights in the range of [1.0, Wmax] could be normalized to be 

in the range of [0.0, 1.0] while maintaining bounded weight ratios, for example through 

linear stretching. Yet for the same reason as aforementioned (i.e., to allow more flexibility 

for the genetic algorithm to explore the optimal weights), weights are not normalized to 

[0.0, 1.0], although they can be normalized where necessary in training predictive models 

using weighted samples. 

It is also worth noting that heuristics based on domain knowledge can be flexibly 

incorporated in GA. For example, instead of assigning random initial weights, larger 

weights can be set to array positions that correspond to the sample locations that are 

deemed more “important” (e.g., sample locations in under-observed geographic areas). 

Similarly, in the mutation step, the probability of mutating weights on the positions 

corresponding to the important VGI observations can be set lower than others. Such 

heuristics incorporate prior domain knowledge into the GA. They help accelerate the 

convergence of the population to optimal individuals (i.e., optimal weights that result in 

high representativeness of the VGI-based samples). It is most beneficial for problems with 

large sample sizes, where using GA to determine optimal weights is computationally 

intensive. 

2.4 Predictive mapping using weighted VGI-based samples 

VGI-based samples weighted by the optimal weights are used to train predictive models 

(e.g., statistical, machine learning, etc.) to derive the covariation relationships between the 

target geographic phenomenon and its environmental covariates. The mechanism of 
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incorporating weights of samples in the model training process depends on the specific 

predictive models in use. For example, in training a linear regression model from weighted 

samples using ordinary least squares, sample weights can be used to weight individual 

squared error terms. In learning a decision tree from weighted samples, sample weights can 

be incorporated in computing information gain or Gini impurity for determining tree splits 

(Pedregosa et al. 2012).   

The trained or learned predictive models, which encode the covariation relationships, are 

then used in combination with the environmental covariates data to predict spatial variation 

of the target geographic phenomenon. For every location in the study area (e.g., a pixel), 

values of environmental covariates at that location are extracted from the GIS covariates 

data layers. The value of the target geographic phenomenon (e.g., soil class) at that location 

is then predicted based the covariates values at that location and the covariation 

relationships encoded in predictive models. 

2.5 Evaluation on effectiveness of the proposed approach 

The representativeness directed spatial bias mitigation approach is designed for improving 

accuracy of predictive mapping using VGI-based samples. Evaluation on effectiveness of 

the approach is conducted on two aspects: its effectiveness to improve prediction accuracy 

and the effectiveness of sample representativeness to indicate prediction uncertainty. 

The effectiveness of the proposed approach to improve prediction accuracy is evaluated as 

follows. Two predictive maps of the target geographic phenomenon are generated. One is 

generated by predictive mapping using unweighted VGI-based samples. The other is 

generated by predictive mapping using weighted VGI-based samples (the weights are 
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determined as described in Section 2.3.2). The accuracy of the two maps is validated 

against independent validation samples. If the map based on weighted samples has higher 

accuracy than the map based on unweighted samples, the proposed approach is proved to 

be effective in improving prediction accuracy.   

The representativeness of the VGI-based samples is an indicator of the overall prediction 

certainty. The higher representativeness of VGI-based samples is, the higher the prediction 

accuracy, and thus the lower the prediction error. Based on this observation, the 

effectiveness of sample representativeness to indicate prediction uncertainty is evaluated 

by comparing the overall prediction error against the quantified sample representativeness 

(e.g., through a scatter plot). If there is a negative relationship between prediction error and 

sample representativeness, this indicates that sample representativeness is an effective 

indicator to prediction uncertainty. 
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Chapter 3 Habitat Mapping Application 

3.1 Introduction 

3.1.1 Background on habitat mapping 

Habitat mapping predicts the spatial variation of  species habitat suitability and thus is also 

referred to as habitat suitability mapping, environmental niche modeling, and species 

distribution modeling (Franklin & Miller 2009). Habitat suitability maps can be used to 

support a wide range of applications such as ecological monitoring, biodiversity 

assessment, biological reserve design, habitat restoration, invasive species management, 

etc. (Ferrier et al. 2002; Thuiller et al. 2005; Telesco et al. 2007; Thorn et al. 2009; 

Lindenmayer & Likens 2010).  

Habitat suitability mapping requires two inputs: environmental data characterizing the 

spatial variation of environmental conditions (i.e., maps of environmental variables), and 

species data indicating species habitat use at sampled sites (e.g., occurrence, abundance, 

absence). The relationships between species habitat suitability and environmental 

conditions are derived from species data and environmental covariates. Habitat suitability 

mapping is then achieved by projecting the relationships from environmental space to 

geographic space to map spatial variation of species habitat suitability (Guisan & 

Zimmerman 2000; Hirzel & Lay 2008; Warren 2012). With the rapid development of 

geospatial technologies such as global positioning system (GPS), geographic information 

systems (GIS), and remote sensing, environmental data are now increasingly available (van 

Zyl 2001; Kerr & Ostrovsky 2003; Gillespie et al. 2008; Viña et al. 2008).  
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Obtaining species data, particularly wildlife data, often requires much more effort than 

environmental data. Generally, wildlife are collected using techniques such as transects 

and distance sampling (Anderson et al. 1979; Buckland et al. 2001), radio telemetry 

(Campbell & Sussman 1994), infrared trapping cameras (Trolle & Kéry 2003; Burton et al. 

2012), and GPS collars (Hemson et al. 2005). Wildlife data collected through these 

techniques are of high quality as the data collection efforts follow certain sampling designs. 

Yet, these techniques are often prohibitively expensive for habitat mapping projects with 

limited budgetary support and projects over large mapping areas. The high cost renders 

them impractical and unsustainable for wildlife habitat mapping projects over large areas 

and projects conducted in poor and remote regions of the world where most of the world’s 

biodiversity hot spots occur (Myers et al. 2000; Danielsen et al. 2003). 

Geospatial technologies have enabled the general public to contribute species data 

(Goodchild 2007a; Sullivan et al. 2009). With ubiquitous access to the Internet and 

positioning technologies such as GPS, average citizens can now easily contribute 

georeferenced species observations through their smartphones. Volunteers are contributing 

a vast amount of species observations around the world on a daily basis (Sullivan et al. 

2009). For instance, amateur birders around the world are reporting occurrences of 

thousands of bird species to the eBird citizen science project on daily basis (Sullivan et al. 

2009). In the world’s poor and remote areas, local residents are serving as cost-effective 

data sources for collecting wildlife data to support conservation programs (Anadón et al. 

2009; Zhu et al. 2015b). Such VGI can provide species data for mapping species habitat 

suitability over large areas at low cost. 



38 
 

 
 

Species observations from VGI are often concentrated more in some geographic areas than 

others (i.e., spatial bias) because observations made by citizens are opportunistic in nature 

(Zhu et al. 2015b). Volunteers do not follow well-designed geographic sampling schemes 

to conduct observation. The spatial distribution of their observation efforts would be 

considered neither random nor regular in the sense of geographic sampling design. As a 

result, species observations are usually spatially biased towards areas with denser 

population or higher route accessibility (Kadmon et al. 2004). Spatial bias in species 

observations, if not appropriately accounted for, would adversely affect the accuracy of 

habitat mapping (Thuiller et al. 2004; Graham et al. 2004, 2008; Kadmon et al. 2004; Barry 

& Elith 2006; Hortal et al. 2008; Ibáñez et al. 2009; Boakes et al. 2010; Fink et al. 2010; 

Leitão et al. 2011; Pardo et al. 2013; Kramer-Schadt et al. 2013). 

3.1.2 Uniqueness of habitat mapping 

The uniqueness of species habitat mapping (i.e., differences from other predictive mapping 

such as soil mapping) lies in the samples used for mapping. Unlike many other geographic 

phenomena or features that distribute continuously over space, species occurrences are 

discrete on the landscape. For example, soils are everywhere on the landscape whilst 

species only occur at certain locations. This difference has important implications on the 

way of obtaining samples for mapping. For soil mapping, soil samples can be taken at any 

location the sampler visits in the study area. For species habitat mapping on the contrary 

there is no guarantee that species occurrence can be observed at every site the observer 

visits.  
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One may argue that the observer could record either presence or absence of the species at 

visited site, in which case a response (presence/absence) can be recorded at any location 

the observer visits. However, recorded absences are dubious due to various reasons (Hirzel 

et al. 2002; Gu & Swihart 2004; Li & Hilbert 2008). For instance, species absence recorded 

during one visit does not imply the species avoid the habitat at that location. Considering 

species mobility (e.g., wildlife), it could be that the species prefer the habitat and presented 

at that location, but the presence was not observed. It could also be that the environmental 

conditions at that location are suitable for the species, but they do not present there because 

of accessibility constraints (i.e., geographic or ecological barriers). As a result, species 

absence data are often regarded unreliable and only species occurrence data are used for 

species habitat suitability mapping (Hirzel et al., 2002; Phillips et al., 2006). 

Species occurrence data result from observers’ observation effort (e.g., volunteers, citizen 

scientists). It is reasonable to expect that, if the underlying observation effort is spatially 

biased, spatial bias would also exist in species occurrence data. In other words, better 

representativeness of the underlying observation effort can imply better representativeness 

of the recorded species occurrences.  

Thus, the proposed representativeness direct approach should be applied on “samples” 

representing observation effort of the observers (instead of species occurrence locations). 

For example, locations at which the observers carried out observations (regardless of the 

specific species observed) can be treated as the biased samples on which the approach 

should be applied. The optimal sample weights determined from the approach for these 

observation locations can then be used to weight species occurrence locations in training 
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predictive models to mitigate spatial bias for improving habitat suitability mapping 

accuracy.  

This chapter examines the applicability of the representativeness directed approach for 

mitigating spatial bias in species occurrence data from VGI to improve the accuracy of 

habitat suitability mapping.  

3.2 Materials and methods 

3.2.1 Study area and data  

3.2.1.1 Study area and species 

The study area for this case study is the state of Wisconsin located in the north-central 

United States (in the Midwest and Great Lakes regions) (Figure 3.1). The 169,640 km2 

study area can be divided into five regions with distinct geographic features. The Lake 

Superior Lowland in the north occupies a belt-shape area along Lake Superior. Just to the 

south, the Northern Highland is covered by massive mixed hardwood and coniferous 

forests and hosts thousands of glacial lakes. The Central Plain in the middle of the study 

area provides rich farmland. The Western Upland occupies the western part. The Eastern 

Ridges and Lowlands in the southeast are home to several large cities. Most of the study 

area has warm-summer humid continental climate except for the southern and southwestern 

portions with hot-summer humid continental climate. This area receives a large amount of 

regular snowfall averaging around 100 cm in the south with up to 410 cm in the north 

annually (Martin 1965). 
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Figure 3.1. Hillshade map of Wisconsin study area. 

Habitat suitability of the red-tailed hawk (Buteo jamaicensis) was mapped in the study area. 

The red-tailed hawk is a large bird species that is easy to identify, typically weighing from 

690 to 1,600 g and measuring 45–65 cm in length, with a wingspan from 110–145 cm. The 

red-tailed hawk occupies a wide range of habitats and altitudes including deserts, 

grasslands, coniferous and deciduous forests, agricultural fields and urban areas 

(Wikipedia 2017).  

3.2.1.2 Biased VGI samples 

VGI data from the eBird citizen science project (Munson et al. 2012; Wood et al. 2011) 

were used for habitat suitability mapping. eBird checklist locations indicating bird 
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watchers’ observation effort in the study area were treated as biased VGI samples in the 

representativeness directed approach.  

eBird checklist data are freely available at http://www.ebird.org. Each record in the 

checklist data is a sampling event. A sampling event contains the geographic locations 

(latitude and longitude) at which birders carried out bird watching, information describing 

the sampling event (date, time, duration, locality type, distance traveled, protocol type, 

observer, trip comments, etc.), and fields indicating the observed count, presence or 

absence of bird species. The protocol type field indicates the type of survey associated with 

this sampling event. There are four main protocol types: Traveling Count where bird 

observations are made over a known period of time while traveling a known distance; 

Stationary Count where the observer should remain in an area approximately 30 m in 

diameter while recording birds; Area Count where observations are made while thoroughly 

searching a given location or area; and Casual Observation where observations are 

incidental sightings that involve no time or distance/area components. The locality type 

field is a code used to define the type of location used. Birders can plot specific locations 

on a map (P), choose existing locations from a map (H), or choose to submit data for a 

town (T), postal code (PC), county or state (S). The geographic location (latitude/longitude) 

of the checklists and information regarding occurrences of the ted-tailed hawk are used in 

data analysis. 

Checklist locations in the study area satisfying the following requirements were selected. 

First, the observation date should fall in June 2012. This condition was imposed because 

in this case study validation data used for evaluating prediction accuracy were collected 

only in the breeding season, June (the validation data are from the North America Breeding 

http://www.ebird.org/


43 
 

 
 

Bird Survey, BBS) (see Section 3.2.3.1 for details). Th imposed time frame is to match the 

time frame of the validation data. Second, protocol type was limited to Stationary Count, 

Casual Observation, or Traveling Count with a distance traveled less than 500 m. This 

restriction intends to reduce positional uncertainty in the checklist locations. Third, locality 

type must be P (plot locations on a map) or H (choose existing locations on a map). This 

restriction is also for reducing positional uncertainty in the checklist locations. Fourth, the 

key words “BBS” and “Breeding Bird Survey” and their variants were not mentioned in 

the trip comment of a checklist. This requirement was imposed because some BBS 

surveyors did submit their survey data to eBird database; Removing eBird checklists 

contributed by BBS surveyors is necessary to keep the validation data independent from 

data used for training predictive models.   

Selection according to the above requirements resulted in 1415 checklists. Some of the 

selected checklists are geographically redundant as they have the same geographic 

coordinates. After removing such geographically redundant checklists, 655 checklists with 

unique geographic locations were left (Figure 3.2). The 655 checklist locations indicating 

bird watchers’ observation effort on the landscape are spatially biased. They tend to be 

clustered in areas with denser population (e.g., the vicinity of large cities) and better 

accessibility (e.g., along roads).  

It is worth pointing out beforehand that in this study the 655 checklist locations were 

treated as biased “samples” in the proposed representativeness directed approach. The 

approach was applied to determine the optimal sample weights for these checklist locations 

(see Section 3.2.4 for more details). It should also be pointed out that these checklist 

locations themselves were not used to train predictive models. Species occurrence locations 
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were used as training samples to train predictive models (Section 3.2.1.3). The optimal 

weights associated with checklist locations at which the species occurrences were reported 

(species occurrence locations; Section 3.1.2.3) were used to weight the species occurrence 

locations in training predictive models to mitigate spatial bias (see Section 3.2.4 for details).  

 

Figure 3.2. Selected eBird checklist locations in June 2012. 

3.2.1.3 Training samples 

Samples used to train predictive models for habitat suitability mapping include occurrence 

locations of the red-tailed hawk extracted from eBird checklists and background locations 

(i.e., pseudo absences) randomly selected from the study area. 
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Red-tailed hawk occurrence locations: Among the 655 checklist locations, occurrences of 

the red-tailed hawk were reported at 75 locations (Figure 3.3). These red-tailed hawk 

occurrence locations, along with background locations (see next paragraph), were used as 

training samples to train predictive models for habitat mapping. These occurrence locations 

were reviewed and approved by regional experts (Sullivan et al. 2009). The occurrences of 

the red-tailed hawk also seem to concentrate near large cities. However, this may simply 

be an artifact of the spatially biased observation effort of the bird watchers and it may not 

necessarily reflect habitat preferences of the red-tailed hawk in the study area.  

Background locations: When modeling from species presence-only data, predictive habitat 

mapping models require both species occurrence locations and background locations 

(pseudo absences) as training samples (Franklin & Miller 2009). A general method for 

generating background locations is to randomly select locations from the study area 

(Franklin & Miller 2009). In this study, 1000 locations were chosen uniformly at random 

from the study area (i.e., every location/pixel in the area has an equal probability of being 

selected) and were used as background locations. Environmental conditions at these 1000 

background locations were used to represent the environmental conditions in the whole 

area (about 224,000 pixels). These background locations (negative samples) together with 

the red-tailed hawk occurrence locations (positive samples) were used to train predictive 

models for habitat suitability mapping (see Section 3.2.2 for details). 
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Figure 3.3. Occurrence locations of the red-tailed hawk in June 2012. 

3.2.1.4 Environmental covariates 

eBird recommends a suite of climatic and landscape variables including statistics about 

habitat configuration, fine-grained climate measurements, etc. This set of environmental 

covariates are believed to be a priori most important for most of the species that should be 

used as a starting point for analyses and species distribution modeling (Munson et al. 2012). 

Seventy-one environmental variables were selected for predictive habitat suitability 

mapping in this case study. Amongst them, housing density, housing percent vacant and 

population density represent population related variables. Elevation represents terrain 

conditions. Average, minimum, maximum temperature and total precipitation for June 

represent climatic conditions. Edge density, largest patch index and patch density derived 
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from the 2006 national land cover map represent landscape level indices and statistics. 

Edge density, largest patch index, patch density and percent of surrounding landscape of 

the same land cover class computed for each of the fifteen land cover classes represent 

habitat class specific landscape indices and statistics.  

eBird provides a stratified random design (SRD) dataset. SRD contains environmental 

covariates data for random locations within the contiguous US. Locations were chosen 

using a stratified random design. SRD contains approximately 933,700 random locations 

roughly based on a 3-km grid of the 48 states in the contiguous US. Covariates values at 

the random locations were extracted from GIS data layers in the covariates database 

(Munson et al. 2012). Landscape indices and statistics at a location were computed within 

a moving circular neighborhood of radius 750 m based on the 2006 national land cover 

map (Munson et al. 2012).  

Based on the covariates values at the SRD random locations, sixty-seven environmental 

covariates layers (except for the four climatic variables) for the study area were obtained 

through spatial interpolation using the inverse distance weighted interpolation method 

(Isaaks & Srivastava 1989). These environmental covariates layers were resampled to 1 

km spatial resolution after interpolation. Covariates layers representing the four climatic 

variables (average, minimum, maximum temperature, total precipitation) at 1 km spatial 

resolution were obtained from the WorldClim database (http://www.worldclim.org/) 

(Hijmans et al. 2005). These four layers were obtained from WorldClim instead of 

interpolating from the SRD locations because SRD provides only categorized interval 

codes rather than the original numerical measurements of these climatic variables at the 

SRD random locations, which renders spatial interpolation inappropriate.  

http://www.worldclim.org/
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The covariates layers were standardized by subtracting the mean of a covariate layer from 

the original covariate layer and then dividing by the standard deviation of the original 

covariate layer. PCA was then applied to the standardized covariates layers to derive 

linearly independent principal components. The first 11 principal components retaining 

80.1% of the total variance of the original 71 covariates layers (Table 3.1) were selected as 

new environmental covariates and were used throughout this case study (Figure 3.4). 

Table 3.1. Selected principal components for habitat suitability mapping in the study area. 

Principal component 1 2 3 4 5 6 7 8 9 10 11 

Variance explained (%) 23.1 16.4 8.5 6.4 5.3 4.5 3.9 3.6 3.0 2.8 2.6 

Cumulative (%) 23.1 39.5 48.0 54.3 59.6 64.2 68.0 71.7 74.6 77.4 80.1 
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Figure 3.4. Principal components used for predictive habitat mapping in Wisconsin study 

area. 

3.2.2 Habitat mapping methods  

Logistic regression (LR) was adopted to map habitat suitability for the red-tailed hawk in 

the study area.  

Background on LR: LR is a general method for modeling nonlinear relationships between 

a dependent variable that ranges from 0 to 1 (habitat suitability) and a set of independent 

variables (principal components).  
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Original version of LR (unweighted samples): A LR model takes the form of Equation 3.1:  

𝑆̂𝑗 =
1

1 + 𝑒−(𝛽0+∑ 𝛽𝑙×𝑉𝑗
𝑙𝐿

𝑙=1 )⁡
 

Equation 3.1 

where 𝑆̂𝑗 is the predicted habitat suitability at location j, 𝑉𝑗
𝑙 is the value of the lth principal 

component at location j, 𝛽0 is the intercept, and 𝛽𝑙 is the coefficient for the lth principal 

component.  

The intercept 𝛽0  and coefficients 𝛽𝑙 ’s are determined by fitting the model on training 

samples. Here training samples include species occurrence locations (positive samples; 

value of the dependent variable is 1) and background locations (negative samples; value of 

the dependent variable is 0). The values of 𝛽0 and 𝛽𝑙’s are determined by minimizing the 

following cost function (𝑆𝑖 = 1 at occurrence locations, 𝑆𝑖 = 0 at background locations) 

(Equation 3.2).   

𝛽0, 𝛽1, … , 𝛽𝐿 = 𝑎𝑟𝑔𝑚𝑖𝑛𝛽0,𝛽1,…,𝛽𝐿 {
1

2
∑ 𝛽𝑗2

𝐿

𝑗=1
+ ∑ 𝑙𝑜𝑔 [1 + 𝑒−𝑆𝑖×(𝛽0+∑ 𝛽𝑙×𝑉𝑖

𝑙𝐿
𝑙=1 )]

𝑛

𝑖=1
} 

Equation 3.2 

The procedures implemented in the Scikit-learn package (Pedregosa et al. 2012) were 

adopted to fit a LR model from the training samples. The model was then applied to every 

location (pixel) in the study area to predict a habitat suitability map. 

Revised version of LR (weighted samples): In the original LR method, species occurrence 

locations are not weighted. In the revised version of LR, species occurrence locations are 
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weighted by sample weights. The weighted occurrence locations (positive samples) along 

with the background locations (negative samples) were then used as training samples to 

train a LR model. The weights are used to weight individual log likelihood terms 

corresponding to positive samples/species occurrence locations (𝑤𝑖 = 1 for all negative 

samples/background locations) in determining the LR model parameters. Species 

occurrence locations with larger weights are treated more important in this model fitting 

process (Equation 3.3).   

𝛽0, 𝛽1, … , 𝛽𝐿 = 𝑎𝑟𝑔𝑚𝑖𝑛𝛽0,𝛽1,…,𝛽𝐿 {
1

2
∑ 𝛽𝑗2

𝐿

𝑗=1
+ ∑ 𝑤𝑖 × 𝑙𝑜𝑔 [1 + 𝑒−𝑆𝑖×(𝛽0+∑ 𝛽𝑙×𝑉𝑖

𝑙𝐿
𝑙=1 )]

𝑛

𝑖=1
} 

Equation 3.3 

The procedures implemented in the Scikit-learn package (Pedregosa et al. 2012), capable 

of accounting for sample weights, were used to train a LR model. The model was then 

applied to every location (pixel) in the study area to predict a habitat suitability map. 

3.2.3 Evaluation  

3.2.3.1 Validation data 

Validation data used to evaluate the accuracy of the predicted habitat suitability maps 

include red-tailed hawk presence locations obtained from the North American Breeding 

Bird Survey (BBS) (Pardieck et al. 2016) and background locations randomly chosen from 

the study area. 

Red-tailed hawk presence locations from BBS: The Breeding Bird Survey (BBS) project 

monitors the status and trends of bird populations in North America since 1966. It is a joint 
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project of the United States Geological Survey (USGS) and the Canadian Wildlife Service 

(Wikipedia 2016). BBS routes are distributed following a stratified random design to 

ensure roughly uniform spatial coverage and to sample habitats that are representative of 

the entire region (Butcher et al. 1986; Sauer et al. 2013; Pardieck et al. 2016). The BBS 

routes are 24.5 miles long and there are 50 stops at every 0.5 mile (800 m) along the route. 

The surveys take place during the peak of the nesting season, June (or May in countries 

with warmer temperatures). At each stop the observer stands near his or her car and records 

on prepared forms the total number of each bird species heard and seen within a radius of 

0.25 mile (400 m). BBS survey data in 2012 were downloaded from this website: 

https://www.pwrc.usgs.gov/bbs/rawdata. Figure 3.5 shows the active BBS routes in 

Wisconsin and the first stop on each route. The routes uniformly spread across the study 

area. The results of bird survey along these routes are thus regarded as representative of 

the true distribution of the bird species. 

 

Figure 3.5. Active BBS routes in Wisconsin (left) and occurrences of the red-tailed hawk 

observed on these routes in June 2012 (right). 

https://www.pwrc.usgs.gov/bbs/rawdata
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BBS provides only the geographic coordinates of the first stop on each route, but not the 

geographic coordinates of the other 49 stops on each route. Based on the route paths 

(https://www.mbr-pwrc.usgs.gov/bbs/geographic_information/GIS_shapefiles_2012.html) 

and geographic coordinates of the first stops, the other 49 stops along each route can be 

roughly located according to the fact that two consecutive stops are about 0.5 mile apart. 

73 stops at which the occurrences of the red-tailed hawk were observed in BBS route 

survey conducted in June 2012 were selected (Figure 3.5).  

Background locations: 1000 background locations were chosen uniformly at random from 

the study area (i.e., every location/pixel in the area has an equal probability of being 

selected). It is worth noting that this set of background locations were only used in 

validation; They are different from the set of background locations used in training 

predictive models, although both sets of background locations were chosen uniformly at 

random from the study area. 

3.2.3.2 Evaluation metric 

The area under the ROC (receiver operating characteristic) curve (AUC) was adopted as 

an accuracy measure of the predicted suitability map. AUC can be computed for a 

suitability map given the validation data including presence locations of the red-tailed 

hawk from BBS (positive) and the background locations (negative) chosen uniformly at 

random from the study area  (Phillips & Dudík 2008).  

A ROC curve is constructed with the following steps (Fielding & Bell 1997). Step 1: 

determine a series of habitat suitability thresholds, for example, from 0.05 to 1.0 with an 

increment of 0.1. Step 2: for each of the suitability thresholds, do the following. First, α-

https://www.mbr-pwrc.usgs.gov/bbs/geographic_information/GIS_shapefiles_2012.html
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cut the suitability map using the suitability threshold: Assign value 1 (positive) to pixels 

with suitability value greater than or equal to the threshold; Assign value 0 (negative) to 

pixels with suitability values less than the threshold. Second, compute true positive rate 

(TPR) and false positive rate (FPR) of the binary map using validation data. TPR is the 

ratio of the number of species presence locations that are predicted positive on the binary 

map to the total number of species presence locations in the validation data. FPR is the 

ratio of the number of background locations that are predicted positive on the binary map 

to the total number of background locations in the validation data. Step 3: ROC curve is 

obtained by plotting TPR values on the y axis against their corresponding FPR values on 

the x axis for all suitability thresholds.  

The AUC is the area under the ROC curve. It is interpreted as the probability that the 

predicted suitability at a randomly chosen species presence location will be higher than 

that at a randomly chosen background location (Phillips et al. 2006). The AUC ranges from 

0.5 to 1.0. A value of 0.5 indicates that the prediction is no better than random predictions. 

A value of 1.0 indicates perfect model performance, although with species presence-only 

validation data (i.e., no true absence data) the maximum achievable AUC is less than 1.0 

(Wiley et al. 2003). AUC provides a single accuracy measure that is independent of any 

choice of suitability threshold. 

3.2.4 Experiment design  

The 655 eBird checklist locations indicate observation effort of the birders in the area. It is 

assumed that representativeness of the observation effort implies representativeness of the 

occurrence locations of bird species reported by the birders. Thus, in this study the checklist 
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locations were treated as biased VGI “samples” for which the proposed representativeness 

directed approach was applied to determine the optimal weights. In applying the approach, 

sample distribution in the covariate space was computed from covariate values at the 

checklist locations. Population distribution was computed from covariate values at all 

pixels in the study area. Representativeness is the similarity between these two distributions 

(Section 2.3). Default parameter settings for the approach were: Population size for the 

genetic algorithm = 500; Number of generations for the genetic algorithm = 500; Upper 

limit of sample weight Wmax = 10.0.  

The optimal weights for checklist locations determined from the proposed approach were 

then used to mitigate spatial bias in occurrence locations of the red-tailed hawk. 

Specifically, the optimal weights associated with checklist locations at which the species 

was observed (i.e., the 75 species occurrence locations) were extracted and used to weight 

the occurrence locations in training predictive models (Section 3.2.2) for habitat suitability 

mapping.  

3.2.4.1 Effectiveness of the approach 

Two habitat suitability maps were produced. One was predicted using the LR model trained 

using unweighted occurrence locations of the species. The other was predicted using the 

LR model training using species occurrence locations weighted by the optimal weights. 

Accuracies of the predicted suitability maps were evaluated by computing the AUCs of the 

suitability maps based on the validation data. AUCs of the suitability maps predicted from 

the unweighted species occurrence locations and from the weighted occurrence locations 

were compared. 
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Two tests were performed to examine the statistical significance of the effects of weighting 

the species occurrence locations by the optimal weights. First, prediction accuracy 

achieved under the optimal weights was compared to prediction accuracy achieved under 

randomly assigned weights. For this purpose, 100 sets of random weights uniformly 

distributed over the range [1, Wmax] were generated. The occurrence locations weighted by 

each set of the random weights were used in training LR models for predicting habitat 

suitability maps. AUCs of the predicted suitability maps were computed based on the 

validation data. One sample t-test was then applied to test if the AUC achieved under the 

optimal weights is significantly higher than the mean AUC achieved under random weights.  

Second, prediction accuracy achieved under the optimal weights was compared to 

prediction accuracy achieved under shuffled optimal weights. 100 sets of weights were 

generated by randomly shuffling the optimal weights (i.e., changing the order of the 

weights). Species occurrence locations weighted by each set of the random weights were 

used in training LR models for predicting habitat suitability maps. AUCs of the predicted 

suitability maps were computed based on the validation data. Again, one sample t-test was 

then applied to test if the AUC achieved under the optimal weights is significantly higher 

than the mean AUC achieved under randomly shuffled optimal weights. 

3.2.4.2 Representativeness vs. prediction accuracy 

The relationship between prediction accuracy and sample representativeness over the 

generations of the genetic algorithm was also examined (recall that the checklist locations 

were treated as biased “samples” in this study). Weights for the checklist locations (and 

thus representativeness of the checklist locations) evolve gradually over the generations of 
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the genetic algorithm. At each generation of the genetic algorithm, the weights 

corresponding to the best representativeness (fitness score) among the individuals in the 

current population were recorded; Weights for checklist locations at which the red-tailed 

hawk was observed were extracted and used to weight the species occurrences locations in 

training a LR model for mapping species habitat suitability. Accuracy of the predicted 

suitability map was evaluated by computing the AUC using the validation data. A scatter 

plot was produced by plotting AUC of the predicted suitability map against the 

representativeness over the generations of the genetic algorithm. 

3.2.4.3 Impact of Wmax 

To examine impact of the upper weight limit Wmax on effectiveness of the 

representativeness directed approach, the approach was run under various settings of Wmax 

(the value range of weights is [1, Wmax]). Specifically, the approach was applied to 

determine optimal weights for the checklist locations under the settings of Wmax = 5, 10, 20, 

50, and 100, respectively. The optimal weights obtained under various Wmax were used to 

weight the species occurrence locations in training LR models for habitat suitability 

mapping. AUCs of the predicted suitability maps were computed using the validation data 

and were compared.  

3.3 Results 

3.3.1 Effectiveness of the approach 

Figure 3.6 (left) shows the optimal weights for the 655 checklist locations determined from 

the approach. Spatially clustered checklist locations tend to receive smaller weights than 
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sparsely distributed locations. Weighted by the optimal weights, the overall 

representativeness of the checklist locations increases from 0.855 to 0.935. Figure 3.6 

(right) shows the weights corresponding to the red-tailed hawk occurrence locations (i.e., 

weights associated with the checklist locations at which the species was observed). Densely 

distributed species occurrence locations (e.g., occurrences in the Milwaukee areas) tend to 

get smaller weights than sparsely distributed occurrence locations (e.g., occurrences in 

northern areas). 

 

Figure 3.6. Optimal weights returned by the approach for the eBird checklist locations (left) 

and the weights associated with red-tailed hawk occurrence locations (right).  

The habitat suitability maps predicted using LR models trained using unweighted species 

occurrence locations and using occurrence locations weighted by the optimal weights are 

shown in Figure 3.7. Using unweighted species occurrence locations, areas predicted to be 

of higher habitat suitability (e.g., suitability above 0.5) are limited to densely populated 

urban and suburban areas surrounding big cities such as the Milwaukee, Madison, and 

Green Bay areas. This spatial pattern of red-tailed hawk habitat suitability most likely 
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reflects an artifact in the training data rather than the ecological reality of the species. There 

tends to be a larger number of birders carrying out observations in densely populated areas. 

As a result, observed occurrences of the species are more frequent in these areas than other 

less observed areas (i.e., biased). When such biased species occurrence locations are used 

as positive samples in training a predictive model, the model overfits to the majority of the 

samples that are distributed in those densely populated areas. The predicted habitat 

suitability map manifests this artifact. In contrast, weighting the species occurrence 

locations by the optimal weights in training the predictive model can counteract this artifact 

to better reveal the underlying ecological reality of the species. Using the weighted species 

occurrence locations, areas predicted to be of higher habitat suitability (e.g., suitability 

above 0.5) are of a much wider geographic range.  

 

Figure 3.7. Habitat suitability maps predicted using unweighted species occurrence 

locations (left) and using occurrence locations weighted by the optimal weights (right). 

Evaluation results based on the validation data (Table 3.2) reveal that weighting species 

occurrence locations by the optimal weights improves accuracy of the predicted suitability 
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map. AUC computed on the validation data increases from 0.714 to 0.749 when training 

the predictive model using occurrence locations weighted by the optimal weights. As 

revealed by the ROC curves (Figure 3.8), weighting the species occurrence locations 

reduces overfitting the predictive model to the biased training samples (AUC computed 

based on the training samples decreases from 0.829 to 0.789) and thus effectively increases 

validation accuracy. 

Table 3.2. Accuracies (AUCs) of habitat suitability maps predicted using unweighted or 

weighted species occurrence locations. 

 
Unweighted occurrence locations Weighted occurrence locations 

AUC 0.714 0.749 

 

 

Figure 3.8. ROC curves of the red-tailed hawk habitat suitability maps predicted using 

unweighted species occurrence locations (left) and using occurrence locations weighted by 

the optimal weights (right). 

Statistical significance tests (Table 3.3) show that the prediction accuracy achieved under 

the optimal sample weights (AUC = 0.749) is significantly higher than prediction accuracy 
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achieved under randomly assigned weights (mean AUC = 0.717, Std = 0.005). It is also 

significantly higher than prediction accuracy achieved under shuffled optimal weights 

(mean AUC = 0.716, Std = 0.007). This suggests that the weight configuration as reflected 

in the optimal weights returned by the representativeness directly approach is meaningful. 

The effect of the optimal weights in improving prediction accuracy is better than what 

would be expected purely by chance.   

 

Table 3.3. Accuracy of suitability maps (AUC) predicted from species occurrence 

locations weighted by the optimal weights, random weights, and shuffled optimal weights. 

Optimal weights AUC Random weights  Shuffled optimal weights 

Mean AUC Std AUC t p  Mean AUC Std AUC t p 

0.749 0.717 0.004 -74.531 0.000  0.716 0.007 -49.082 0.000 

Notes: The mean and standard deviation of AUC were computed based on 100 values. t and p are the one 

sample t-test statistics and p value for the null hypothesis that the AUC achieved under the optimal weights 

is higher than the mean AUC achieved under random weights or shuffled optimal weights.  

3.3.2 Representativeness vs. prediction accuracy 

The scatter plot in Figure 3.9 shows the relationship between representativeness of the 

checklist locations and accuracy of the suitability map (AUC computed using the validation 

data) predicted using the weighted species occurrence locations over generations of the 

genetic algorithm (500 generations). A clear positive relationship between 

representativeness and prediction accuracy was observed (Pearson’s r = 0.961). This 

suggests that representativeness of the checklist locations can effectively indicate accuracy 

of the suitability map predicted from species occurrence locations. 
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Figure 3.9. Relationship between representativeness of the checklist locations and 

prediction accuracy of the suitability map (AUC) over generations of the genetic algorithm. 

3.3.3 Impact of Wmax 

Figure 3.10 shows the evolution of representativeness of the checklist locations and 

accuracy (AUC) of suitability maps predicted using weighted species occurrence locations 

over the generations of the genetic algorithm. As shown in Table 3.4, under all Wmax 

settings (Wmax = 5, 10, 20, 50, 100), accuracy of the habitat suitability maps predicted using 

species occurrence locations weighted with the optimal weights (AUC = 0.744, 0.749, 

0.745, 0.743, 0.724 respectively) is higher than using unweighted species occurrence 

locations (AUC = 0.714). The AUCs achieved under Wmax ≤ 50 (AUC generally above 

0.740) are comparable and is generally higher than AUC achieved under Wmax = 100. The 

AUC reaches the highest when Wmax = 10.  
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Figure 3.10. Evolution of representativeness of the checklist locations (left) and accuracy 

(AUC) of suitability maps predicted using weighted species occurrence locations (right) 

over the generations of the genetic algorithm. 

 

Table 3.4. Accuracy of suitability maps (AUC) predicted from species occurrence 

locations weighted by optimal weights determined from the proposed approach under 

different Wmax settings. 

Wmax 5 10 20 50 100 

AUC 0.744 0.749 0.745 0.743 0.724 

  

Strong positive correlations were observed among the optimal weights obtained under 

various Wmax (Spearman’s r > 0.49) (Table 3.5). Notably, the correlation among the optimal 

weights obtained under Wmax = 5, 10, or 20 are very strong (Spearman’s r > 0.7). It suggests 

that the general pattern of optimal weight allocation (i.e., relative importance of the 

samples) was fairly consistent across various Wmax settings, especially when Wmax = 5, 10, 

or 20. 
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Table 3.5. Spearman’s rank correlation coefficient between the optimal weights for the 

checklist locations obtained under various Wmax settings. 

Wmax 5 10 20 50 100 

5 1.000 0.778 0.742 0.561 0.493 

10  1.000 0.720 0.647 0.513 

20   1.000 0.620 0.601 

50    1.000 0.594 

100    
 

1.000 

3.4 Discussion 

3.4.1 Effectiveness of the approach 

In this study, the checklist locations indicating observation effort were treated as biased 

VGI “samples” and the proposed representativeness directed approach was applied to 

determine the optimal weights that maximize representativeness of the checklist locations. 

Checklist locations over-representing their fair-share environmental niche are weighted 

less than checklist locations under-representing their fair-share environmental niche. Under 

the assumption that representativeness of the observation effort implies representativeness 

of reported species occurrence locations, the optimal weights for the checklist locations 

were then used to mitigate spatial bias in species occurrence locations for predictive habitat 

suitability mapping. This was done through weighting species occurrence locations by the 

optimal weights in training predictive models. 
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Experiment results show that the prediction accuracy of predictive models trained using 

species occurrence locations weighted by the optimal weights is higher than predictive 

models trained using unweighted species occurrence locations. Moreover, significance 

tests reveal that the effect of the optimal weights in improving prediction accuracy is 

statistically significantly better than what would be expected purely by chance. In addition, 

a strong positive relationship between sample representativeness and prediction accuracy 

was observed, suggesting that the representativeness is an effective indicator of prediction 

accuracy. 

3.4.2 Parameter settings 

Population size and number of generations for the genetic algorithm were both set to 500 

for experiments in this case study. This is a setting mostly determined in accordance with 

the size of the optimization problem and the related computational cost. The population 

size and number of generations should be large enough relative to the problem size (e.g., 

655 weights to determine). At the same time, they should be kept small as possible to save 

computation time, if only limited computing resources are available to run the genetic 

algorithm.  

The value range of the weights [1.0, Wmax] is a key parameter for the approach. The physical 

meaning of Wmax is that a species occurrence location with weight Wmax will be treated Wmax 

times as important as a species occurrence location with weight 1.0 in training predictive 

models. Experiment results in this case study show that the optimal weights obtained under 

various Wmax settings are positively correlated, indicating that the weight allocations (i.e., 

order of sample importance) reflected in different sets of optimal weights are fairly 
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consistent. For experiments in this study weighting species occurrence locations with the 

optimal weights obtained under Wmax = 10.0 achieved the largest prediction accuracy 

improvement. In cases where data availability allows, Wmax may be determined through 

more robust data-driven procedures such as cross-validation, atop of taking its physical 

meaning into consideration.   

3.4.3 Applicability of the approach 

As was made clear in the Introduction (Section 3.1.2), it is worth pointing out again that 

the checklist locations representing observation effort of the birders were treated as biased 

samples in this case study. The proposed representativeness direct approach was applied to 

determine the optimal weights that maximize the representativeness of the checklist 

locations (observation effort). The underlying assumption is that improved 

representativeness of observation effort can imply better representativeness of the reported 

species occurrence locations. 

The proposed approach should not be applied directly on a sample consisting of species 

occurrence locations. Evaluating the representativeness of species occurrence locations is 

inappropriate without knowledge of the underlying observation effort. When applied to 

species habitat suitability mapping based on species occurrence data, the approach requires 

data representing the underlying observation effort (i.e., checklist locations in this case 

study). It is thus inapplicable for cases where occurrence locations of only one species are 

available (the underlying observation effort is unknown). However, if occurrence locations 

of a group of species resulted from the same underlying observation campaign are available, 
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occurrence locations of the group of species can be pooled together and used as a surrogate 

of the underlying observation effort (Dudík et al. 2005; Phillips et al. 2009). 

The approach is conceivably applicable for species habitat suitability mapping applications 

where both species occurrence and absence data are available. A sample consisting of 

species occurrence locations and absence locations reflects the underlying observation 

effort. Thus, the approach can be directly applied to determine the optimal weights that 

maximize the representativeness of such a sample for habitat mapping. Yet in practice the 

availability and reliability of species absence data are always challenging issues for species 

habitat suitability mapping (Franklin & Miller 2009). 

3.5 Chapter conclusions 

This chapter examines the effectiveness of the representativeness directed spatial bias 

mitigation approach in species habitat suitability mapping applications. The approach was 

thoroughly evaluated through a case study of mapping red-tailed hawk habitat suitability 

in the Wisconsin study area, United States. Using VGI data from the eBird citizen science 

project, experiments were conducted to examine the effectiveness of the proposed 

approach in mitigating spatial bias in species occurrence data to improve accuracy of 

habitat suitability mapping.  

Experiment results show that the representativeness directed approach can effectively 

mitigate spatial bias in species occurrence data to improve habitat suitability mapping 

accuracy through weighting species occurrence locations in training predictive models by 

the optimal weights determined through the approach. Besides, the effect of the optimal 

weights in improving prediction accuracy is statistically significantly better than the effect 
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of randomly assigned weights. Furthermore, a strong positive relationship between sample 

representativeness and prediction accuracy was observed, which indicates that the 

representativeness is an effective indicator of prediction accuracy. 

The representativeness directed spatial bias mitigation approach effectively mitigates the 

adverse effects of spatial bias in VGI samples and improves accuracy of predictive habitat 

suitability mapping. This approach is useful for species habitat suitability mapping using 

species occurrence records contributed by volunteers participating in citizen science 

projects where sampling or observation effort of the volunteers is likely to suffer from 

spatial bias.  
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Chapter 4 Soil Mapping Application 

4.1 Introduction 

The proposed approach is applicable not only for mitigating spatial bias in field samples 

contributed by volunteers (i.e., VGI samples). It should also apply for spatial bias 

mitigation in field samples in general (i.e., VGI samples and/or non-VGI samples). The 

applicability of the approach for spatial bias mitigation in non-VGI field samples was 

evaluated through a soil mapping case study using existing multi-source soil samples in 

this chapter. 

Soil is an important natural resource on earth. Soil maps provide inventories of this 

precious resource. Soil information is also crucial ingredient for environmental modeling. 

For example, soil maps are key inputs to land surface processes models such as 

hydrological models (Zhu & Mackay 2001; Singh & Woolhiser 2002). Predictive mapping 

is often adopted to predict soil property and soil class maps based on soil samples and 

environmental covariates data (Zhu et al. 1997; McBratney et al. 2003). 

Soil samples might suffer from spatial bias due to various reasons. To begin with, even soil 

samples collected through designed geographic sampling campaigns might be subject to 

spatial bias and would not be perfectly representative. Constrained by field conditions and 

logistic support, planned sampling sites may not always be accessible, e.g., sampling sites 

are physically unreachable, or they reside on private land. Such unexpected conditions 

bring adjustments on the original sampling plan and soil samples are taken at spare 

locations chosen at the sampler’s discretion (e.g., Zhang et al. 2016). Such deviations from 

the original sampling plan may introduce spatial bias into the samples. 
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In addition, existing soil samples from multiple sources may suffer from spatial bias. 

Collecting new soil samples is always expensive and time consuming. It is thus common 

to use existing soil samples available in the study area for predictive mapping. Legacy soil 

samples resulted from past soil surveys are often used for soil mapping (Vaysse & 

Lagacherie 2015). However, in soil surveys, sampling methods adopted by surveyors are 

generally empirical and lack statistical criteria, which may introduce biases in the sampled 

areas (Carré et al. 2007). Existing soil samples may also be collected by groups of 

researchers conducting related investigations in the study area. Yet such soil samples are 

often for different purposes and may cover different parts of the area at varying density. 

Moreover, citizen scientist volunteers can contribute soil samples (Rossiter et al. 2015). 

But, due to the opportunistic nature of the voluntary sampling effort, samples contributed 

by volunteers are also often spatially biased, for example, towards areas of better 

accessibility (Kadmon et al. 2004). As a result, pooling all existing soil samples together 

for predictive mapping makes better use of the available data but may result in a soil sample 

set that is spatially biased (Liu 2017).  

This chapter examines the applicability of the proposed representativeness directed bias 

mitigation approach for mitigating spatial bias in soil samples to improve the accuracy of 

predictive soil mapping. 

4.2 Materials and methods 

4.2.1 Study area and data  

4.2.1.1 Study area 
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The 60 km2 Heshan study area is located at Heshan farm (116°12 ′E, 48°57 ′N) in 

Heilongjiang province, northeastern China (Figure 4.1). It has a maximum terrain relief of 

87 m (276 to 363 m) and is generally flat with slope gradient less than 4°. The soils in this 

area are mostly formed on deposits of silt loam loess except the valley where the underlying 

parent material is fluvial deposits. The farm has been cultivated for over 40 years to grow 

soybeans and wheat. There is a thick A-horizon (top-layer of soil) with high organic matter 

content. The land use and soil management have been uniform throughout the area and no 

organic fertilizer has been applied to these soils to maintain agricultural productivity 

because of the naturally high organic matter content (Zhu et al. 2010).  

 

Figure 4.1. Hillshade map of Heshan study area. 

4.2.1.2 Soil samples 
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There are 59 existing soil samples in the study area that were obtained through three 

sampling strategies (Figure 4.2) (Zhu et al. 2010; Yang et al. 2013; Zeng et al. 2016). 29 

samples through integrative hierarchical stepwise sampling, 10 samples through subjective 

sampling, and 20 samples through transect sampling. The soil organic matter (SOM) 

content (%) in A-horizon soil was measured for each of the soil samples. The A-horizon 

SOM content values at the 59 sample locations have a mean of 4.454 and a standard 

deviation of 1.638. 

The sampling campaigns were designed for different purposes (Zhu et al. 2010; Yang et al. 

2013). The 59 soil samples pooled from these sampling campaigns thus are subjected to 

spatial bias. As can be seen from the spatial distribution of these soil samples, there are 

areas of clusters of samples where soil samples are more concentrated than other areas. The 

proposed approach was applied on these 59 samples to mitigate spatial bias and to improve 

SOM content mapping accuracy using these samples.  
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Figure 4.2. Soil samples in Heshan study area. 

4.2.1.3 Environmental covariates 

Environmental covariates were selected based on soil forming factors (Dokuchayev 1883; 

Jenny 1941). There are five categories of soil forming factors: climate, organisms, terrain, 

parent materials, and time. For this small study area, macro-climatic conditions and parent 

materials are fairly uniform and thus were not considered. Micro-climate conditions can be 

reflected by terrain variables. Thus, six topographic variables and one vegetation variable 

were selected as environmental covariates that indicate the spatial variation of the A-

horizon SOM content in this area: elevation, slope gradient, contour curvature, profile 

curvature, relative slope position, topographic wetness index (TWI), and normalize 

difference vegetation index (NDVI).  

A digital elevation model (DEM) of the study area was created from the 1:10,000 

topographic map of the area. Elevation, slope gradient, contour curvature, profile curvature, 

relative slope position (Qin et al. 2009), and TWI (Qin et al. 2007) were then derived from 

this DEM. NDVI was derived from a Landsat ETM+ image of the area obtained on 

September 25, 2000 (Zhu et al. 2015a). Map of the elevation covariate is shown in Figure 

4.1 and maps of other covariates are shown in Figure 4.3. 
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Figure 3.3. Environmental covariates for Heshan study area (brighter colors indicate 

higher values). 

Outliers in the covariates data layers were removed and the covariates layers were linearly 

stretched to either range 0 to 100 (elevation, slope gradient, relative slope position, TWI, 

NDVI) or range -50 to 50 (contour curvature, profile curvature) (Yang et al. 2013). PCA 

(principal component analysis) was then applied to the covariates layers to derive linearly 

independent principal components (PCs). The first 3 PCs retaining 91.7% of the total 

variance (66.6%, 17.7%, and 7.4% respectively) were selected as new environmental 

covariates and were used throughout this case study (Figure 4.4). 
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Figure 3.4. Principal components used for predictive soil mapping in Heshan study area. 

4.2.2 Soil mapping methods   

Two methods were adopted for mapping the A-horizon SOM content in the Heshan study 

area. One is the individual predictive soil mapping (iPSM) method developed specifically 

for mapping soil properties (Zhu et al. 2015a). The other is the multiple linear regression 

(MLR) method, a general approach for modeling multivariate linear relationships. Soil 

mapping using these two methods allows examination of the effectiveness of the proposed 

representativeness direct approach on domain-specific predictive soil mapping methods as 

well as general predictive mapping methods.   

4.2.2.1 Individual predictive soil mapping (iPSM) 

Background on iPSM: iPSM is specially design for predictive soil mapping (Zhu et al. 

2015a). It uses the soil-environment relationship at each individual soil sample location to 

predict soil properties at un-sampled locations. With the assumption that the more similar 

environment conditions between two locations the more similar soil property values, iPSM 

predicts soil properties of un-sampled locations based on the environmental similarity 

between un-sampled locations and sample locations. iPSM imposes no requirements on 
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sample size and does not require the set of sample locations being representative. It is 

reported to perform well even when existing soil samples are limited.  

Original version of iPSM (unweighted samples): An overview of the iPSM method is 

provided as follows. Interested readers may refer to (Zhu et al. 2015a) for full details of the 

method. The iPSM method includes two main steps. The first step is to calculate 

environmental similarity. Environmental similarity between an un-sampled location j and 

sample location i is first evaluated at the individual environmental variable (i.e., principal 

component) level, and then similarities based on all environmental variables are integrated 

to represent the overall similarity between un-sampled location j and sample location i. 

The environmental similarity between un-sampled location j and sample location i w.r.t. 

the lth principal component, 𝑆𝑖,𝑗
𝑙 ,⁡is calculate using Equation 4.1: 

𝑆𝑖,𝑗
𝑙 = exp

[
 
 
 
 

−
(𝑉𝑖

𝑙 − 𝑉𝑗
𝑙)

2

2 × (
𝑆𝐷𝑙

𝑆𝐷𝑗
𝑙 × 𝑆𝐷𝑙)

2

]
 
 
 
 

 

Equation 4.1 

in which, 𝑉𝑖
𝑙 and 𝑉𝑗

𝑙 are the value of the lth principal component at sample location i and 

un-sampled location j respectively. 𝑆𝐷𝑙  is the standard deviation of the lth principal 

component. 𝑆𝐷𝑗
𝑙 is the standard deviation of the lth principal component from 𝑉𝑗

𝑙 (instead 

of the mean of lth principal component) (Equation 4.2): 

𝑆𝐷𝑗
𝑙 = √

∑ (𝑉𝑝
𝑙−𝑉𝑗

𝑙)
2𝑚

𝑝=1

𝑚
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Equation 4.2 

where 𝑉𝑝
𝑙 is the value of the lth principal component at sample location p. m is the total 

number of un-sampled locations (pixels) in the study area. 

The overall environmental similarity between un-sampled location j and sample location i 

considering all L selected principal components, 𝑆𝑖,𝑗 , is then determined following a 

limiting factor approach based on the assumption that the least favorite environmental 

condition determines soil formation and thus soil property at a given location. A minimum 

operator was applied to take the minimum of the environmental similarities to individual 

principal components (i.e., 𝑆𝑖,𝑗
1 , ⁡𝑆𝑖,𝑗

2 , … , 𝑆𝑖,𝑗
𝐿 ) as the overall environmental similarity 𝑆𝑖,𝑗 

(Zhu & Band 1994) (Equation 4.3):   

𝑆𝑖,𝑗 = min(𝑆𝑖,𝑗
1 , ⁡𝑆𝑖,𝑗

2 , … , 𝑆𝑖,𝑗
𝐿 ) 

Equation 4.3 

The environmental similarity between un-sampled location j and each of the n sample 

locations can be computed following Equation 4.1 through Equation 4.3.  

The second step of iPSM is to compute soil property value at un-sampled location j based 

on its environmental similarities to the n sample locations. A weighted average approach 

is adopted for this purpose (Equation 4.4): 

𝑇̂𝑗 =
∑ 𝑆𝑖,𝑗 × 𝑇𝑖

𝑛
𝑖=1

∑ 𝑆𝑖,𝑗
𝑛
𝑖=1

 

Equation 4.4 
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where 𝑇̂𝑗 is the predicted value of the soil property (i.e., A-horizon SOM content) at un-

sampled location j. 𝑇𝑖  is the observed value of the soil property at sample location i.  

Predicting SOM content at every location (pixel) in the study area using unweighted soil 

samples following Equation 4.4 results in a SOM content map.  

Revised version of iPSM (weighted samples): In the original iPSM method, soil samples 

are not weighted by sample weights. In the revised version of iPSM, however, soil samples 

are weighted with the optimal sample weights determined through the representativeness 

directed spatial bias mitigation approach (Section 2.3.2), following Equation 4.5. 

𝑇̂𝑗 =
∑ 𝑤𝑖 × 𝑆𝑖,𝑗 × 𝑇𝑖

𝑛
𝑖=1

∑ 𝑤𝑖 × 𝑆𝑖,𝑗
𝑛
𝑖=1

 

Equation 4.5 

in which 𝑤𝑖⁡is the weight of the soil sample at location i determined from the proposed 

method (other notations are the same as in Equation 4.4). Everything else being equal, soil 

property values at sample locations associated with larger weights have larger contributions 

to the estimated soil property value at an unvisited location. Predicting SOM content at 

every location (pixel) in the study area using soil samples weighted by the weights 

determined from the proposed method following Equation 4.5 results in a SOM content 

map. 

4.2.2.2 Multiple linear regression (MLR) 

Background on MLR: Multiple linear regression (MLR) is a general method for modeling 

multivariate linear relationships between a dependent variable and independent variables. 
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Unlike iPSM, MLR has stricter requirements on sample size and the representativeness of 

the sample set for building a statistically robust MLR model. 

Original version of MLR (unweighted samples): A MLR model takes the form of Equation 

4.6:  

𝑇̂𝑗 = 𝛽0 + ∑ 𝛽𝑙 × 𝑉𝑗
𝑙

𝐿

𝑙=1
 

Equation 4.6 

where 𝑇̂𝑗 is the predicted value of the soil property (i.e., A-horizon SOM content) at un-

sampled location j, 𝑉𝑗
𝑙 is the value of the lth principal component at location j, 𝛽0 is the 

intercept, and 𝛽𝑙 is the coefficient for the lth principal component.  

The intercept 𝛽0 and coefficients 𝛽𝑙’s are determined by fitting the model on training data 

(i.e., soil property values and values of the principal component at the n sample locations) 

based on the ordinary least squares (OLS) criterion, i.e., finding the values of 𝛽0 and 𝛽𝑙’s 

that minimize the sum of squared residuals between predicted soil property values and 

observe soil property values at the n sample locations (Equation 4.7).   

𝛽0, 𝛽1, … , 𝛽𝐿 = 𝑎𝑟𝑔𝑚𝑖𝑛𝛽0,𝛽1,…,𝛽𝐿 {∑ [𝑇𝑖 − (𝛽0 + ∑ 𝛽𝑙 × 𝑉𝑖
𝑙

𝐿

𝑙=1
)]

2𝑛

𝑖=1
} 

Equation 4.7 

 

The OLS procedures implemented in the Scikit-learn package (Pedregosa et al. 2012) were 

adopted to train MLR models. A MLR model was trained based on unweighted soil 
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samples. The model was then applied to every location (pixel) in the study area to produce 

a SOM content map.  

Revised version of MLR (weighted samples): In the original MLR method, soil samples are 

not weighted by sample weights. In the revised version of MLR, soil samples are weighted 

with the optimal sample weights determined from the proposed method. Specifically, 

sample weights are used to weight individual squared residuals in determining the MLR 

model parameters using OLS. Samples with larger weights are treated more important in 

this model fitting process (Equation 4.8). 

𝛽0, 𝛽1, … , 𝛽𝐿 = 𝑎𝑟𝑔𝑚𝑖𝑛𝛽0,𝛽1,…,𝛽𝐿 {∑ 𝑤𝑖 [𝑇𝑖 − (𝛽0 + ∑ 𝛽𝑙 × 𝑉𝑖
𝑙

𝐿

𝑙=1
)]

2𝑛

𝑖=1
} 

Equation 4.8 

The OLS procedures implemented in the Scikit-learn package (Pedregosa et al. 2012), 

capable of accounting for sample weights, were used to train MLR models. A MLR model 

was trained based on soil samples weighted by the weights determined from the proposed 

method.  The model was then applied to every location (pixel) in the study area to predict 

a SOM content map. 

4.2.3 Evaluation 

4.2.3.1 Validation data 

44 samples were collected through systematic sampling on a 1100 m × 740 m grid in the 

study area (Figure 4.5) (Zhu et al. 2010). The SOM content (%) in A-horizon soil was 

measured for each of the soil samples. The SOM content values at the 44 sample locations 
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have a mean of 4.348 and a standard deviation of 0.982. These 44 systematic soil samples 

are representative of the study area and thus were used as validation samples to evaluate 

the accuracy of the predicted SOM content maps. 

 

Figure 4.5. Validation soil samples in Heshan study area. 

4.2.3.2 Evaluation metrics 

Root mean square error (RMSE) and mean absolute error (MAE) were adopted as 

evaluation metrics to measure the accuracy of predicted SOM content maps. RMSE and 

MAE are computed based on the predicted and observed SOM content values at the 44 

validation soil sample locations following Equation 4.9 and Equation 4.10: 

𝑅𝑀𝑆𝐸 = √
1

𝑘
∑(𝑇𝑖 − 𝑇̂𝑖)

2
𝑘

𝑖=1
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Equation 4.9 

and  

𝑀𝐴𝐸 =
1

𝑘
∑|𝑇𝑖 − 𝑇̂𝑖|

𝑘

𝑖=1

 

Equation 4.10 

where k is the number of validation soil samples (k = 44), and 𝑇̂𝑖 and 𝑇𝑖 are the predicted 

SOM content and observed SOM content at validation sample location i, respectively. 

Both RMSE and MAE express average model prediction error in units of the predicted 

variable of interest (i.e., SOM content). They are indifferent to the direction of errors and 

are negatively-oriented scores, which means lower values indicate higher prediction 

accuracy. They differ in that the RMSE gives a relatively high weight to large prediction 

errors since the errors are squared before they are averaged. This means the RMSE is more 

indicative of large prediction errors, which makes the RMSE more useful for measuring 

the accuracy of the predicted SOM content maps where large prediction errors are 

undesirable (Chai & Draxler 2014).  

4.2.4 Experiment design  

Experiments were designed to investigate three aspects of the representativeness directed 

spatial bias mitigation approach: its effectiveness in improving the accuracy of SOM 

content mapping, its sensitivity to parameter settings, and the impact of sample size. 

4.2.4.1 Effectiveness of the approach 
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4.2.4.1.1 Effectiveness under different sample availability conditions 

Effectiveness of the proposed approach was examined under two scenarios: the limited 

samples scenario and the all available samples scenario. Evaluation of the approach under 

these two scenarios allows investigating the effectiveness of the approach under different 

sample availability conditions.  

For the limited samples scenario, 10 soil samples on a transect line (Figure 4.6) were 

selected as training samples to map SOM content. This sample set is of limited 

representativeness for the study area because it has a small sample size and very limited 

coverage in the geographic space and environmental covariates space (the 10 samples on 

the hill-slope transect were not representative of the floodplain areas). It was also used in 

Zhu et al. (2015b) to demonstrate the strength of the iPSM method facing limited samples.  

 

Figure 4.6. Soil samples on a transect line (10 samples) in Heshan study area. 
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For the all available samples scenario, the 59 soil samples (Figure 4.2) were used as 

training samples to map SOM content. The 59 samples spread across the study area 

including the floodplains and could represent the area much better than the 10 samples. 

For both scenarios, prediction accuracies (i.e., RMSE, MAE) of the SOM content maps 

were evaluated based on the 44 validation samples. Accuracies of SOM content maps 

predicted using unweighted training samples were compared to those predicted using 

training samples weighted by the optimal weights. 

4.2.4.1.2 Statistical significance tests 

Two tests were performed to examine the statistical significance of the effects of the 

optimal sample weights determined from the proposed approach. First, prediction accuracy 

achieved under the optimal sample weights was compared to prediction accuracy achieved 

under randomly assigned weights. For this purpose, 100 sets of random sample weights 

uniformly distributed over the range [1, Wmax] were generated. Training samples weighted 

by each set of the random weights were used to map SOM content and the prediction 

accuracy was computed. One sample t-test was then applied to test if the accuracy achieved 

under the optimal weights is significantly higher than under random sample weights.  

Second, prediction accuracy achieved under the optimal weights was compared to 

prediction accuracy achieved under shuffled optimal weights. 100 sets of weights were 

generated by randomly shuffling the optimal weights (i.e., changing the order of the 

weights). Training samples weighted by each set of the shuffled weights were used to map 

SOM content and prediction accuracy was computed. One sample t-test was then applied 
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to test if the accuracy achieved under the optimal weights is significantly higher than under 

randomly shuffled optimal weights.  

4.2.4.1.3 Representativeness vs. prediction accuracy 

The relationship between prediction accuracy and sample representativeness over the 

generations of the genetic algorithm was also examined to assess the effectiveness of 

sample representativeness to indicate prediction uncertainty. The optimal sample weights 

are final results returned by the genetic algorithm after reaching a prescribed number of 

generations. Sample weights (and thus sample representativeness) evolve gradually over 

the generations of the genetic algorithm. The best sample weights at each generation were 

used to weight the training samples to compute sample representativeness and to map SOM 

content. By examining the relationship between prediction accuracy and sample 

representativeness, the effectiveness of sample representativeness to indicate prediction 

uncertainty can then be evaluated. 

4.2.4.2 Sensitivity to parameter settings 

Several parameters including the population size (i.e., number of weights sets) in the 

genetic algorithm and the maximum sample weight (i.e.., Wmax) may affect performance of 

the proposed approach. To examine the impacts of these parameters, the approach was run 

on the 59 training samples with varying population sizes (population size = 50, 100, 200, 

300, 500) and varying maximum sample weight Wmax (Wmax = 5, 10, 20, 50, 100). The 

accuracies of the SOM content maps predicted under different parameters settings were 

evaluated based the 44 validation samples and compared. 
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4.2.4.3 Impact of sample size 

To investigate the impact of sample size on the performance of the approach, the approach 

was applied on training samples of varying sample sizes (sample size = 10, 20, 30, 40, 50). 

Samples were subjectively selected from the 59 soil samples in a way such that the sample 

sets maintain certain characteristics of spatial bias. For each of the sample sizes, one sample 

set was subjectively selected from the 59 samples (Figure 4.7). The procedures for selecting 

these subjective sample sets are as follows. A sample location on the flood plain in the 

south part of the study area was chosen as the seed sample (highlighted on the first map in 

Figure 4.7). Then samples were drawn randomly from the 59 training samples (without 

replacement) at selection probabilities being inversely related to their distances to the seed 

sample (a sample closer to the seed sample have a higher probability of being selected) 

(Equation 4.11): 

𝑝𝑖 ∝
1

𝑑𝑖
𝑞 

Equation 4.11 

in which pi is the selection probability of sample at location i, di is the distance between 

the sample at location i to the seed sample, and q is a distance decay factor determining 

how quickly selection probability (pi) decreases with increasing distance (di). After 

experimenting with a few q values, q was set to 4.0 in this study as it generally results in 

selected samples of desired spatial distribution patterns. For each sample size, multiple sets 

of samples were generated following the above procedures. Spatial distribution patterns of 

the sample sets were then visually examined. One sample set was subjectively chosen 

following the principle that the samples should have a relatively wide spatial coverage 
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while concentrating in some areas more than others. For example, the selected sample set 

of size 10 spreads across most part of the study area but most of the samples are on the 

floodplain and foot-slopes. Similarly, the sample set of size 20 has a wide spread but most 

samples are clustered on the foot-slopes and hill-slopes in the south part of the study area.  

The proposed approach was applied to find the optimal sample weights for each subjective 

sample set. Accuracies of SOM content maps predicted using unweighted subjective 

samples were compared to those predicted using subjective samples weighted by the 

optimal weights.  

 

Figure 4.7. Sample sets of varying sizes subjectively selected from the 59 soil samples in 

Heshan study area. 

4.3 Results 

4.3.1 Effectiveness of the approach  

4.3.1.1 Limited samples scenario 

For the limited samples scenario, the optimal weights returned by the genetic algorithm are 

mapped in Figure 4.8. Samples close to each other tend to get smaller weights than samples 

that are relatively distant from others. With the optimal weights, the overall 
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representativeness of the samples increases from 0.883 to 0.909. The SOM content maps 

predicted using iPSM based on unweighted samples and using samples weighted by the 

optimal weights are shown in Figure 4.9. SOM content maps predicted using the MLR 

method were not shown because the MLR model built from this limited sample set is not 

meaningful, e.g., predicting negative SOM content values (Zhu et al. 2015a). 

 

Figure 4.8. Optimal weights of the 10 transect samples returned by the genetic algorithm. 
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Figure 4.9. SOM content maps predicted using the 10 transect samples. 

 

The general spatial pattern of the two SOM content maps are similar. Areas predicted with 

high SOM content are lower-to-toe slopes and areas predicted with low SOM content are 

upper-to-middle slopes. This matches our understanding of how the terrain influence SOM 

content in the study area. On lower-to-toe slopes, gentle depositional processes tend to be 

the dominant processes that usually lead to higher A-horizon SOM content. On upper-to-

middle slopes, erosive processes tend to be the dominant processes and that reduce the A-

horizon SOM content. The floodplain areas were predicted to be of low SOM content, 

which contradicts our understanding that these areas in fact have high SOM content. This 

is because the 10 samples on the hill-slope transect were not representative of the 

floodplain area. The range of SOM content predicted using weighted samples is narrower 

than that using unweighted samples.  
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Validation of SOM maps predicted using the 10 transect samples based on the 44 validation 

samples (Table 4.1) reveals that accuracy of the SOM map predicted using iPSM based on 

weighted samples is higher than that predicted using unweighted samples: RMSE is 21.2% 

lower and MAE is 16.4% lower when predicting SOM content using weighted samples. 

Accuracies of SOM content maps predicted using the MLR method were very low (i.e., 

very large RMSE and MAE) because the MLR model built from this limited sample set is 

not meaningful, e.g., predicting negative SOM content values. Nevertheless, there was still 

a 2% accuracy improvement by weighting the samples.   

Table 4.1. Accuracy of SOM maps predicted using unweighted samples and samples 

weighted with the optimal weights (limited samples scenario). 

Method 
 

Unweighted samples Weighted samples Accuracy Improvement 

iPSM RMSE 1.450 1.143 21.2% 

MAE 1.019 0.852 16.4% 

MLR RMSE 8.55 8.38 2.0% 

MAE 7.34 7.19 2.0% 

4.3.1.2 All available samples scenario 

For the all available samples scenario, Figure 4.10 shows the evolution of sample weights 

and sample representativeness over the generations of the genetic algorithm. Figure 4.11 

shows how the optimal sample weights improves sample representativeness over each of 

the three principal components. The optimal weights of the 59 samples returned by the 

genetic algorithm (after 200 generations) are mapped in Figure 4.12. Spatially clustered 
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samples tend to get smaller weights than sparsely distributed samples. With the optimal 

weights, the overall representativeness of the samples increases from 0.906 to 0.964. 

 

Figure 4.10. Evolution of sample weights (left) and samples representativeness (right) over 

the generations of the genetic algorithm. 

 

Figure 4.11. Probability density distributions estimated based on the 59 samples over the 

three principal components. 
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Figure 4.12. Optimal weights of the 59 samples returned by the genetic algorithm. 
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Figure 4.13. SOM content maps predicted using the 59 samples. 

The SOM content maps predicted using unweighted samples and using samples weighted 

by the optimal weights are shown in Figure 4.13. The 59 samples spread across the study 

area (including the floodplains) and could represent the area much better than the 10 

samples. The general spatial pattern of the SOM content maps predicted using the 59 

samples are similar. Lower-to-toe slopes and floodplain areas were predicted to have high 

SOM content and upper-to-middle slopes were predicted to have low SOM content. This 

agrees with our understanding of the study area. SOM content maps predicted with the 

iPSM method tend to have fewer variations and smaller numerical ranges than those 

predicted with the MLR method. 
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Validation of the predicted SOM maps (Table 4.2) reveals that accuracies of the SOM maps 

predicted using weighted samples are higher than those predicted using unweighted 

samples for both iPSM and MLR. iPSM achieved an accuracy improvement of 5.1% in 

terms of RMSE and 1.7% in terms of MAE. MLR achieved an accuracy improvement of 

13.9% in terms of RMSE and 11.3% in terms of MAE. SOM content maps predicted with 

iPSM were of higher accuracy than MLR. Yet MLR achieved larger accuracy 

improvements than iPSM. iPSM did not achieve as much accuracy improvements because 

the accuracies of SOM maps predicted with iPSM using unweighted samples were very 

high already (RMSE=1.035, MAE = 0.682). 

Table 4.2. Accuracy of SOM maps predicted using unweighted samples and samples 

weighted with the optimal weights (all available samples scenario). 

Method 
 

Unweighted samples Weighted samples Accuracy Improvement 

iPSM RMSE 1.035 0.982 5.1% 

MAE 0.682 0.670 1.7% 

MLR RMSE 1.198 1.032 13.9% 

MAE 0.799 0.709 11.3% 

4.3.1.3 Statistical significance tests 

Results of statistical significance tests on the performance of the proposed approach (i.e., 

prediction accuracy improvement with optimal weights) are shown in Table 4.3. For the 

two scenarios, accuracies of the SOM content maps predicted under the optimal sample 

weights returned by the proposed approach are significantly higher than either the 
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accuracies achieved under the randomly assigned sample weights or under the shuffled 

optimal sample weights. This observation is consistent for iPSM and MLR in terms of both 

RMSE and MAE measures. It indicates that the prediction accuracy improvements 

achieved by the proposed representativeness directed approach are statistically significant.  

Table 4.3. Statistical significance tests on the accuracy of SOM maps predicted using 

samples weighted with the optimal weights. 

Scenario 
  

Optimal 

weights 

Random weights  Shuffled optimal weights 

 
 

Mean Std t p  Mean Std t p 

Limited 

samples 

(10) 

iPSM RMSE 1.143 1.439 0.172 17.047 0.000  1.460 0.323 9.729 0.000 

MAE 0.852 1.019 0.098 16.856 0.000  1.036 0.189 9.676 0.000 

All 

available 

samples 

(59) 

iPSM RMSE 0.982 1.045 0.031 20.002 0.000  1.051 0.058 11.808 0.000 

MAE 0.670 0.692 0.021 10.512 0.000  0.701 0.031 9.655 0.000 

MLR RMSE 1.032 1.216 0.081 22.609 0.000  1.243 0.116 18.085 0.000 

MAE 0.709 0.820 0.048 22.980 0.000  0.839 0.077 16.740 0.000 

Notes: The Mean and Std (standard deviation) values were computed based on 100 simulations. t and p are 

the one sample t-test statistics and p value for the null hypothesis that the RMSE or MAE achieved under the 

optimal weights is lower than the mean RMSE or MAE achieved under random weights or shuffled optimal 

weights.  

4.3.1.4 Representativeness vs. prediction accuracy 

Figure 4.14 shows how accuracies of the SOM content maps predicted using the 59 samples 

(weighted by the best sample weights at each generation) changed over the generations of 
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the genetic algorithm. RMSE and MAE fluctuate dramatically at the early generations of 

the genetic algorithm but tend to decrease and stabilize towards the later generations of the 

genetic algorithm. Accuracies of the predicted SOM content maps generally improved over 

the generations of the genetic algorithm. 

 

Figure 4.14. Evolution of the accuracies of SOM content maps predicted using the 59 

samples over the generations of the genetic algorithm. 

 

Figure 4.15. Relationship between sample representativeness and prediction accuracy over 

the generations of the genetic algorithm. 

Scatter plots of accuracy measures against sample representativeness over the generations 

of the genetic algorithm are shown in Figure 4.15. There were strong negative linear 



97 
 

 
 

relationships between the accuracy measures (i.e., RMSE and MAE) and sample 

representativeness, as revealed by the high negative Pearson’s correlation coefficients 

between RMSE and sample representativeness, and between MAE and sample 

representativeness. It suggests that sample representativeness can effectively indicate 

prediction uncertainty. Samples of higher the representativeness would result in predicted 

SOM content maps of lower prediction uncertainty (i.e., lower RMSE and MAE; higher 

accuracy).  

4.3.2 Sensitivity to parameter settings  

4.3.2.1 Population size 

The parameter population size, i.e., number of weight sets or “individuals” in the genetic 

algorithm, had an impact on the convergence behavior of the genetic algorithm as it affects 

how quickly the genetic algorithm converges to the optimal representativeness. It is worth 

noting that population size is different from sample size (i.e., number of gens in an 

individual; problem size), although a larger population size is often needed for optimization 

problems involving a larger number of samples. As revealed in Figure 4.16, the genetic 

algorithm converged to optimal sample weights corresponding to higher sample 

representativeness at a faster speed (generation-wise) under larger population sizes. The 

differences were small when population size was greater than or equal to 200. But it should 

be noted that running the genetic algorithm with larger populations size requires longer 

computing time because it takes longer to evaluate a larger number of individuals at each 

generation. Population size was set to 200 as default when running the genetic algorithm, 
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as it appears to be a good balance between optimal representativeness and required 

computing time. 

 

Figure 4.16. Impact of population size on the representativeness of the 59 samples over 

the generations of the genetic algorithm. 

Population size also had an impact on accuracy of the SOM content maps predicted using 

samples weighted by the best sample weights over the generations of the genetic algorithm 

(Figure 4.17). The general trend was the larger population sizes (e.g., 200, 300, 500) 

resulted in SOM content maps of higher prediction accuracy (i.e., lower RMSE) than 

smaller population sizes (e.g., 50 ,100). When population size was set to 200 or 300, the 

proposed approach achieved good performance for both iPSM and MLR. 
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Figure 4.17. Impact of population size on the accuracy of SOM content maps predicted 

using the 59 samples. 

The optimal sample weights for the 59 samples (returned after 200 generations) obtained 

under different population sizes were shown in Figure 4.18. The general pattern of optimal 

weight assignments across the samples under various population sizes was consistent, 

although the specific weight values may differ. For example, under different population 

sizes, sample 5, 11, and 23 were all assigned a large weight close to10, and sample 13, 14, 

and 15 were all assigned a small weight close to1.0. This consistent pattern of sample 

weights allocation was confirmed by the high correlation coefficients (Spearman’s r > 0.5) 

between the optimal sample weights obtained under various population sizes (Table 4.4). 
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Figure 4.18. Optimal sample weights for the 59 samples obtained under different 

populations sizes. 

Table 4.4. Spearman’s correlation coefficients between optimal weights for the 59 samples 

obtained under different population sizes in the genetic algorithm. 

Pop. size 50 100 200 300 500 

50 1.000 0.502 0.625 0.597 0.694 

100  1.000 0.676 0.690 0.779 

200   1.000 0.947 0.727 

300    1.000 0.711 

500    
 

1.000 

4.3.2.2 Sample weight range 

The upper limit of sample weight range Wmax set had an impact on the returned optimal 

weights and thus the corresponding sample representativeness. As shown in Figure 4.19, 

setting Wmax to 10 led to optimal weights corresponding to the highest sample 

representativeness, although the optimal representativeness values were close when setting 

Wmax to 10 or 20. Wmax was set to 10 as default when running the genetic algorithm. 
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Figure 4.19. Impact of sample weight range on the representativeness of the 59 samples 

over the generations of the generations of the genetic algorithm. 

Sample weight range also had an impact on the accuracy of the SOM content maps 

predicted using samples weighted by the best sample weights over the generations of the 

genetic algorithm (Figure 4.20). When Wmax was set to 10 or 20, the proposed approach 

achieved good performance for both iPSM and MLR. 
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Figure 4.20. Impact of sample weight range on the accuracy of SOM content maps 

predicted using the 59 samples. 

The optimal sample weights for the 59 samples obtained under weight ranges were shown 

in Figure 4.21. The general pattern of optimal weight assignments (relative importance) 

across the samples under various weight ranges was consistent. For example, under 

different weight ranges, sample 5, 19, and 23 were all assigned a large weight close to Wmax, 

and sample 13, 35, and 36 were all assigned a small weight close to1.0. The correlation 

coefficients between the optimal sample weights obtained under various weight ranges 

were high (Spearman’s r > 0.5) (Table 4.5), which also confirms this consistent pattern of 

sample weights allocation. 

 

Figure 4.21. Optimal sample weights for the 59 samples obtained under different weight 

ranges (weights were standardized to [0, 1] for better visualization). 

 

Table 4.5. Spearman’s rank correlation coefficients between optimal weights for the 59 

samples obtained under different sample weight ranges in the genetic algorithm. 
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Wmax 5 10 20 50 100 

5 1.000 0.801 0.734 0.691 0.495 

10  1.000 0.752 0.596 0.513 

20   1.000 0.765 0.633 

50    1.000 0.653 

100    
 

1.000 

4.3.3 Impact of sample size  

Both representativeness of the unweighted samples and representativeness of the samples 

weighted with the optimal weights generally increases with increasing sample size (Table 

4.6). The accuracies of SOM content maps predicted using the unweighted samples and 

samples weighted with the optimal weights were shown in Table 4.7. Prediction accuracy 

using unweighted samples and prediction accuracy using weighted samples increases with 

increasing sample size. Prediction accuracy using weighted samples is higher than 

prediction accuracy using unweighted samples across various sample sizes, which means 

weighting the samples with the optimal sample weights effectively improves prediction 

accuracy. The proposed approach achieved accuracy improvements between about 10 to 

43% on smaller sample sizes (10, 20, and 30). The accuracy improvements were below 10% 

on larger sample sizes (40 and 50). The magnitude of prediction accuracy improvement 

achieved by the approach on the subjective samples decreases with increasing sample size.  

Table 4.6. Representativeness of the subjective samples sets computed based on 

unweighted samples and samples weighted with the optimal weights. 
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Sample size Unweighted samples Weighted samples 

10 0.696 0.864 

20 0.884 0.908 

30 0.878 0.919 

40 0.899 0.958 

50 0.903 0.960 

Table 4.7. Accuracies of SOM content maps predicted using unweighted subjective 

samples and samples weighted with the optimal weights. 

 
Sample 

size 

RMSE  MAE 

Unweighted 

samples 

Weighted 

samples 

Accuracy 

improvement 

 Unweighted 

samples 

Weighted 

samples 

Accuracy 

improvement 

iPSM 10 1.603 1.357 15.4%  1.031 0.891 13.6% 

20 1.461 1.113 23.8%  0.852 0.706 17.1% 

30 1.287 1.048 18.5%  0.803 0.727 9.4% 

40 1.151 1.039 9.7%  0.773 0.719 6.9% 

50 1.002 0.971 3.1%  0.675 0.655 2.8% 

MLR 10 2.103 1.334 36.5%  1.730 0.990 42.8% 

20 1.465 1.075 26.7%  1.101 0.736 33.1% 

30 1.236 1.021 17.4%  0.861 0.676 21.4% 
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40 1.144 1.086 5.0%  0.833 0.781 6.3% 

50 1.109 1.033 6.9%  0.750 0.705 5.9% 

4.3.4 Spatial pattern of optimal sample weights  

Figure 4.22 shows the optimal weights for the subjective samples returned by the genetic 

algorithm. Samples in areas that are (relatively) over-represented by the sample set tend to 

be allocated smaller weights than samples in areas that are (relatively) under-represented. 

For example, for the sample set of size 10, samples on the floodplain (majority of the 

sample set) have smaller weights compared to samples on hill-slopes. This spatial pattern 

of optimal sample weights is consistent with the spatial pattern of optimal sample weights 

in the limited samples scenario (Section 4.3.1.1) and the all available samples scenario 

(Section 4.3.1.2). 

 

Figure 4.22. Optimal weights of the subjective samples returned by the genetic algorithm. 

4.4 Discussion 

4.4.1 Effectiveness of the approach  

A biased sample distribution in covariates space is often a consequence of biased 

distribution of the samples in geographic space (spatial bias). Using representativeness of 
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the sample set as a heuristic and criterion, the proposed approach mitigates spatial bias by 

weighting the samples such that the weighted sample distribution in covariate space better 

approximates the population distribution. This weighting scheme down-weights samples 

that over-represent the covariates space and up-weights samples that under-represent the 

covariates space. It is reflected in the geographic space that spatially clustered samples are 

assigned smaller weights and sparsely distributed samples are assigned larger weights. 

Evaluation of the approach through predictive mapping experiments reveals that weighting 

samples with the optimal weights that maximize sample representativeness effectively 

improves prediction accuracy in both a limited samples scenario and an all available 

samples scenario. Noticeably, the approach brings a larger magnitude of prediction 

accuracy improvement for the limited samples scenario where sample representativeness 

is poor than the all available samples scenario where sample representativeness is already 

sufficient. This is expected given that there is more space for improvement on limited 

samples than samples whose representativeness is already good enough to achieve high 

prediction accuracy.  

Effects of the optimal sample weights were compared to effects of randomly assigned 

sample weights to test statistical significance of the proposed approach. As the results have 

shown, the prediction accuracy achieved with the optimal weights is significantly higher 

than what is achievable with random weights. This indicates that the pattern of weight 

allocation as reflected in the optimal weights is meaningful, which in turn suggests that the 

representativeness heuristic is indeed effective in mitigating spatial bias and improving 

prediction accuracy.   
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Sample representativeness, which in this study is quantified as similarity between the 

sample distribution and the population distribution in covariates space, can effectively 

indicate prediction uncertainty. A negative relationship between sample representativeness 

and prediction error was observed in the evaluation experiments. Over the generation of 

the genetic algorithm, as sample representativeness evolves towards higher values, 

prediction error decreases. Additionally, it was observed that sample representativeness 

increases with increasing sample size whilst prediction error decreases.   

Overall, evaluations of the proposed representativeness directed approach have 

demonstrated that the approach can effectively mitigate spatial bias in samples to improve 

predictive mapping accuracy. The quantified sample representativeness is an effective 

indicator of prediction uncertainty. 

4.4.2 Parameter settings  

Performance of the proposed approach might be sensitive to its parameters (e.g., population 

size and number of generations in the genetic algorithm, sample weight range). In general, 

population size in a genetic algorithm influences the convergence rate of the objective 

function (i.e., sample representativeness) and the quality of the solution (i.e., optimal 

sample weights). As a basic requirement, a large enough population size (relative to the 

problem size) is needed to find a good enough solution because large population size allows 

the initialization, selection, crossover and mutation operations to evaluate a larger variety 

of candidate solutions. Beyond certain population size threshold, the genetic algorithm is 

likely to converge to similar solutions. Larger population size also implies longer 

computing time. For experiments in this case study, it was found that the optimal sample 
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weights obtained under various population sizes are positively correlated, suggesting that 

the weight allocation in different sets of optimal weights follows similar patterns. A 

population size of 200 was used in the experiments in this case study because it is large 

enough relative to the problem size (59 sample weights to determine) and is a good balance 

between prediction performance and computing time. For cases of larger problem size, a 

larger population size should be adopted. 

The parameter number of generations has a similar impact. Going through a larger number 

of generations of the genetic algorithm tends to return a better solution (given a large 

enough population size) but also takes longer to compute. In general, number of 

generations should be determined along with other parameters such as population size and 

problem size. As a “rule-of-thumb”, the number of generations can be set to the generation 

at which the objective function no longer improves much. In the experiments, the genetic 

algorithm was terminated after going through 200 generations before returning the optimal 

weights. This number was determined based on the observation that the evolution of 

sample representativeness stalls and reaches a plateau in fewer than 200 generations. 

However, for cases of larger problem size, a larger number of generations along with a 

larger population size may be necessary. Alternatively, the genetic algorithm can also be 

terminated when the objective function (i.e., representativeness) exceeds a threshold (e.g., 

0.90). 

The value range of the sample weights [1.0, Wmax] is a key parameter for the genetic 

algorithm. Here Wmax is the maximum possible weight of a sample. The physical meaning 

of this parameter is that a sample with weight Wmax will be treated Wmax times as important 

as a sample with weight 1.0 in estimating the sample distribution and training predictive 
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models. For experiments in this case study, it was found that the optimal sample weights 

obtained under various Wmax settings are positively correlated, indicating that the order of 

sample importance in different sets of optimal weights follows similar patterns. Wmax was 

subjectively set to 10.0 for experiments in this study (a sample can be at most 10 times as 

important as another sample). Weighting samples with the optimal weights obtained under 

this setting achieved satisfactory prediction accuracy improvement. In cases where data 

availability allows, Wmax may be determined through data-driven procedures such as cross-

validation, atop of taking its physical meaning into consideration.   

4.4.3 Impact of sample size  

Representativeness of the samples generally increases with increasing sample size, so does 

the accuracy of predictive mapping using either unweighted samples or samples weighted 

by the optimal weights.  

The magnitude of prediction accuracy improvement achieved by weighting samples with 

the optimal weights decreases with increasing sample size. Recall that the subjective 

samples were determined in a way such that they maintain spatial bias of certain 

characteristics. At smaller sample sizes, spatial bias in the samples is severer and sample 

representativeness is poorer. Yet there is more space for the representativeness-directed 

approach to improve sample representativeness to achieve larger amount of prediction 

accuracy improvement.  

4.5 Chapter conclusions 

This chapter applies the representativeness directed spatial bias mitigation approach to a 

soil property mapping application. The approach was thoroughly evaluated through a case 
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study of mapping A-horizon SOM content in Heshan study area. Using the 103 existing 

soil samples available in the study area (44 systematic samples as validation samples and 

the other 59 as training samples) and environmental covariates data, a series of experiments 

were designed to examine many aspects of the proposed approach regarding its 

effectiveness to improve prediction accuracy, sensitivity to parameter settings, and 

response to sample size. 

Experiment results show that the representativeness directed approach can effectively 

mitigate spatial bias in samples to improve predictive mapping accuracy in both limited 

samples and all available samples scenarios. The effect of the optimal sample weights 

determined through the approach is statistically significant compared to randomly assigned 

weights. The weight allocation pattern as reflected in the optimal weights is meaningful in 

that it puts lower weights on samples that over-represent the covariates space and higher 

weights on samples that under-represent the covariates space. Moreover, the quantified 

sample representativeness is also an effective indicator of prediction uncertainty. 

The sensitivity of the approach to parameter settings (e.g., population size and number of 

generations in the genetic algorithm, sample weight range) was investigated and suggestion 

on parameter setting was provided based on empirical evidence. Under different population 

size and number of generation settings the genetic algorithm converges to similar weight 

allocation patterns. A larger populations size and a larger number of generation usually 

lead to better solutions, but these parameters should be determined considering problem 

size and the balance between solution quality and computing time. The maximum possible 

weight of a sample Wmax is a key parameter (a sample with weight Wmax will be treated 

Wmax times as important as a sample with weight 1.0). In cases where data availability 
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allows, Wmax may be determined through data-driven procedures such as cross-validation, 

atop of taking its physical meaning into consideration. For this study the best settings for 

these parameters are: Population size = 200, number of generations = 200, and Wmax = 10.0. 

The representativeness directed spatial bias mitigation approach effectively mitigates the 

adverse effects of spatial bias in samples and improves accuracy of predictive soil property 

mapping. This approach is useful for soil mapping using existing soil samples (potentially 

from multiple sources) or soil samples contributed by volunteers participating in citizen 

science projects, where in both cases, the soil samples are likely to suffer from spatial bias.    
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  Chapter 5 Conclusions 

5.1 Conclusions 

This dissertation proposes a representativeness directed approach to spatial bias mitigation 

in VGI samples for predictive mapping. The representativeness of a set of samples is 

defined as the “goodness-of-coverage” of the samples in the covariates space, which in turn 

is quantified as the similarity between the probability density distribution of the samples in 

the covariates space (sample distribution) and the probability density distribution of all 

mapping units (raster cells) within the study area (population distribution). Sample 

representativeness is then used as a heuristic to mitigate the spatial bias in samples. Spatial 

bias mitigation is accomplished by reweighting samples towards increasing sample 

representativeness. Determination of the sample weights is conceived as an optimization 

problem. The optimal sample weights maximizing the sample representativeness are 

determined through an optimization procedure based on the genetic algorithm.  

The effect of the sample representativeness directed reweighting is that samples which are 

over-representing their fair-share of environmental niche are weighted less than samples 

which are under-representing their fair-share of environmental niche. As manifested in the 

geographic space, densely distributed samples over similar geographic locations tend to 

get smaller weights than sparsely distributed sample locations. The reweighted samples 

along with the environmental covariates data are then used to train predictive models for 

mapping spatial variation of the target geographic phenomena. 

The effectiveness of the proposed representativeness directed spatial bias mitigation 

approach is demonstrated through two predictive mapping applications: species habitat 
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suitability mapping and soil property mapping. Experiment results in both applications 

show that the accuracy of predictive mapping using samples weighted with the optimal 

weights is higher than using the original unweighted samples. Besides, tests suggest that 

sample weight allocation in the optimal weights was meaningful. Accuracy of predictive 

mapping using samples weighted with the optimal weights is statistically significantly 

higher than using samples weighted with randomly assigned weights or randomly shuffled 

optimal weights. In addition, a positive relationship between sample representativeness and 

predictive mapping accuracy was observed, suggesting that the so-defined and quantified 

sample representativeness is an effective indictor of predictive mapping accuracy. In 

conclusion, the proposed approach can effectively mitigate spatial bias in VGI-based 

samples to improve predictive mapping accuracy. 

Spatial bias is an issue not only for VGI-based samples. Samples from other sources may 

also be subject to spatial bias. For example, soil mapping using existing soil samples may 

suffer unsatisfactory mapping accuracy due to the spatial bias in soil samples obtained from 

multiple sources. The proposed approach is also applicable for mitigating spatial bias in 

non-VGI samples for predictive mapping. Besides, spatial bias is one type of sample 

selection bias. Beyond predictive mapping, the approach is of potential use for sample 

selection bias correction in many other domains (e.g., machine learning and data mining 

from biased samples).   

The proposed approach has certain advantages compared to existing bias mitigation 

methods (as reviewed in Section 1.4). First, this approach requires only field samples and 

environmental covariates to mitigate spatial bias. It needs no information about the 

underlying sampling process. Such information is often lacking in practice, especially in 
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VGI genesis. This makes it more practically applicable than the method that mitigates 

sample selection bias by modelling the sampling process, and the method that compensates 

spatial bias by weighting samples with terrain cumulative visibility. Second, it can cope 

with the high dimensionality and multicollinearity issues that pose challenges to the 

importance weighting method. Third, besides its applicability to spatial bias mitigation in 

samples used to train a global predictive model, it can also be applied to mitigate spatial 

bias in samples used to train local predictive models. Fourth, compared to the method that 

mitigates spatial bias by filtering samples in the geographic space or covariate space, the 

proposed approach does not exclude useful information in the available samples, which is 

desirable for cases where samples are of limited availability or samples are a precious 

resource. Lastly, the factoring bias method is applicable only to species habitat mapping 

(or species distribution modelling) whereas the proposed approach is generally applicable 

to predictive mapping applications. 

5.2 Future research 

Current implementation of the proposed approach does not accommodate categorical 

covariates.  Categorical covariates are important in many predictive mapping applications 

(e.g., parent material type for digital soil mapping). The principal component analysis 

adopted for reducing dimensionality and multicollinearity of the covariates is not very good 

at dealing with categorical variables. There are several options worth future exploration. 

First, categorical variables can be binary encoded and then input to PCA. Second, 

categorical variables can be used to stratify the mapping area and the proposed approach is 

then applied for predictive mapping in each strata using only numerical covariates. Third, 

autoencoder can be used as an alternative to PCA for deriving new features from the 



115 
 

 
 

covariates to achieve dimensionality reduction. Autoencoder is an artificial neural network 

used for unsupervised learning of an efficient representation (encoding) for a set of data 

(covariates) (Holden et al. 2006). It better deals with categorical covariates data.  

The proposed approach could be extended to support local modeling methods (e.g., 

regression using samples in a local geographic area), in addition to global modeling 

methods used in this dissertation (e.g., regression using samples in the whole study area). 

The localized version of the approach would be very useful for mapping geographic 

phenomena over large geographic areas where the covariation relationship between the 

target geographic phenomenon and its covariates is spatially varying (non-stationary) 

(Fotheringham et al. 2003). The localized version of the approach resembles the 

geographically weighted regression (Fotheringham et al. 2003) in that only samples within 

a local area around the prediction location are used to train the predictive model. But it 

differs from GWR in that the sample weights are determined through the representativeness 

directed procedures, not based on distances from the samples to the prediction location.  

In this study, the approach was only used for regression methods that predict continuous 

target variables (e.g., SOM content, habitat suitability). It would be interesting to examine 

the applicability of the approach for predictive mapping applications involving 

classification, such as soil type prediction and mapping.   

The proposed approach is computationally intensive and advanced high-performance 

computing technologies may be adopted to speed it up. The most computationally 

demanding part of the proposed approach is the optimization process for finding the 

optimal sample weights, especially when the sample size is large (e.g., on spatial big data). 
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For example, when running the approach on the 655 eBird checklist locations, it took about 

2 days to return the optimal sample weights (population size = 500, number of generations 

= 500 for the genetic algorithm). Currently a genetic algorithm is used to find the optimal 

weights. When sample size is large, a large population (number of individuals) and a large 

number of generations for the genetic algorithm is desired in order to find good solutions 

(sample weights configurations). In such cases, the genetic algorithm demands more 

computing resource to return the solution within a reasonably short period of time. As a 

possible alternative, the more computationally efficient black-box optimization (i.e., 

derivative-free optimization) tool (Rios & Sahinidis 2013) such as NOMAD (Le Digabel 

2011) could be used to find the optimal weights. 

The key step in the optimization (either a genetic algorithm or a black-box optimization) 

is evaluating the objective function (i.e., sample representativeness). Computing sample 

representativeness is also very computationally demanding when the sample size is large. 

It involves using KDE (kernel density estimation) to estimate the population distribution 

and the sample distribution on each covariate and then compute the similarity between the 

two distributions. In this process, estimating the sample distribution is expensive as a cross-

validation procedure is adopted to find the optimal bandwidth for KDE. This procedure 

can be accelerated by conducting it in parallel using multiple CPU (central processing unit) 

cores or using the massively parallel computing recourses on GPUs (graphics processing 

units) (Zhang et al. 2016a, 2017).     

With the above methodological extensions implemented and the computational issues 

resolved, the proposed representativeness directed spatial bias mitigation approach could 

be used to support predictive mapping application (i.e., regression and classification) over 
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very large areas, using VGI samples, non-VGI samples, or a mixture of samples obtained 

from multiple sources.  
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