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Abstract

Volunteered Geographic Information (VGI) offers a potentially inexpensive source of reference data for
estimating area and assessing map accuracy in the context of remote-sensing based land-cover
monitoring. The quality of observations from VGI and the typical lack of an underlying probability
sampling design raise concerns regarding use of VGl in widely-applied design-based statistical inference.
This article focuses on the fundamental issue of sampling design used to acquire VGI. Design-based
inference requires the sample data to be obtained via a probability sampling design. Options for
incorporating VGI within design-based inference include: 1) directing volunteers to obtain data for
locations selected by a probability sampling design; 2) treating VGI data as a “certainty stratum” and
augmenting the VGI with data obtained from a probability sample; and 3) using VGI to create an
auxiliary variable that is then used in a model-assisted estimator to reduce the standard error of an

estimate produced from a probability sample. The latter two options can be implemented using VGI
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data that were obtained from a non-probability sampling design, but require additional sample data to
be acquired via a probability sampling design. If the only data available are VGI obtained from a non-
probability sample, properties of design-based inference that are ensured by probability sampling must
be replaced by assumptions that may be difficult to verify. For example, pseudo-estimation weights can
be constructed that mimic weights used in stratified sampling estimators. However, accuracy and area
estimates produced using these pseudo-weights still require the VGI data to be representative of the full
population, a property known as “external validity”. Because design-based inference requires a
probability sampling design, directing volunteers to locations specified by a probability sampling design
is the most straightforward option for use of VGI in design-based inference. Combining VGI from a non-
probability sample with data from a probability sample using the certainty stratum approach or the
model-assisted approach are viable alternatives that meet the conditions required for design-based

inference and use the VGI data to advantage to reduce standard errors.

Key Words: probability sampling; external validity; pseudo-weights; data quality; model-based

inference; Volunteered Geographic Information (VGI); crowdsourcing

1. Introduction

Volunteered Geographic Information (VGl) is defined as “tools to create, assemble, and
disseminate geographic data provided voluntarily by individuals” (Goodchild 2007). For land-cover
studies, VGI may provide the reference condition or the information used to determine the reference
condition of a spatial unit. The reference condition, defined as the best available assessment of the
ground condition, plays a critical role in accuracy assessment and area estimation (Olofsson et al. 2014).
When used in map production, VGI could form all or part of the data used to train the land-cover

classification algorithm. The focus of this article is the contribution of VGI to the reference data used for



56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

accuracy assessment and area estimation. Accuracy assessment is an essential component of a rigorous
mapping-based analysis of remotely sensed data as without it the obtained products are little more than
pretty pictures and simply untested hypotheses (McRoberts 2011; Strahler et al. 2006). In addition an
accuracy assessment adds value to a study, especially when estimates of class area (e.g. deforestation)
are to be obtained (Olofsson et al. 2014). Fonte et al. (2015) examined the use of VGI for land cover
validation, including the types of VGI that have been used, the main issues surrounding VGI quality
assessment, and examples of VGI projects that have collected data for validation purposes. We build
upon this past work to focus on the issue of statistical inference when incorporating VGl in applications
of accuracy and area estimation, but our work is also relevant to application of citizen science data in
general (Bird et al. 2014).

Map accuracy assessment is a spatially explicit comparison of the map class label to the
reference condition on a per spatial unit basis (e.g., pixel, block, or segment). Accuracy assessment
typically focuses on producing an error matrix and associated summary measures including overall,
user’s, and producer’s accuracies (see Section 2 for details). Estimates of area of each land-cover class
or type of land-cover change based on the reference condition are often produced in conjunction with
the accuracy estimates (Olofsson et al. 2013, 2014). Sampling, defined as selecting a subset of the
population, is almost always necessary because it is too costly to obtain a census of the reference
condition. VGI represents a subset of the population and as such may be viewed as a sample. Whether
the VGI data were collected via a probability sampling design is a key consideration when evaluating the
utility of VGI for design-based inference. Design-based inference is a standard, widely used approach
adopted in environmental science for furthering knowledge and understanding on the basis of a sample
of cases rather than a study of the entire population.

We describe options for incorporating VGI into map accuracy assessment and area estimation

within the design-based inference framework (Figure 1). We evaluate how the potential cost savings of
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VGI can be transformed into more precise estimators (i.e., smaller standard errors, a desirable outcome
of an effective sampling strategy) within the scientifically defensible framework provided by design-
based inference. If the VGI data are obtained via a probability sampling design, application of design-
based inference is straightforward and can be informed by good practice guidelines (Olofsson et al.
2014). Alternatively, if the VGI data are not obtained via a probability sampling protocol, the VGI data
can be combined with additional data from a probability sample to produce estimates that satisfy the
conditions underlying design-based inference. In such cases the VGI data from a non-probability sample
serve as a means to reduce standard errors of estimates rather than as the sole data from which the

area and accuracy estimates are produced.

VGl
sample

Probability
sample?

Obtain additional Model-based
datawitha inference
probabilitysample

l

CombineVGI and
probabilitysample

Design-based

inference design-based

inference?

N
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toreduced
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Figure 1. Schema for methodologies using VGI in accuracy assessment and area estimation.

This article has two major objectives. First, it illustrates how statistically rigorous and credible
inference may be drawn from studies that use VGI and thereby helps ensure that the vast potential of

VGI that has recently arisen is realized fully. This in turn will help remote sensing achieve its full
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potential as a source of land cover information which is often constrained by lack of ground reference
data. Second, the article provides methodological rigor and good practice advice for the use of data
acquired via popular sample designs, ranging from judgmental to probability sampling. As such this
article articulates methodology for producing credible inference from data sets that often do not
conform to the requirements of widely used statistical inferential methods for two common and
important application areas of remote sensing, accuracy assessment and area estimation. To do this,
we, for the first time, synthesize methods developed in the general sampling literature into a
comprehensive treatment of the theory and methods for using VGl in design-based inference. This
includes translating methods developed for the use of non-probability samples for accuracy assessment
and area estimation applications. As such we will show how VGI may be constructively used to decrease
costs and reduce uncertainty (e.g., yield smaller standard errors and hence narrower confidence
intervals) while following a methodology that allows for rigorous design-based inference. Throughout
this article, guidance for using VGI in design-based inference is framed by examining the direct
connection of the inference process to the three component protocols of accuracy assessment, the
response design, sampling design, and analysis (Stehman and Czaplewski 1998).

The article is organized as follows. In Section 2, we define inference and describe the conditions
needed to satisfy design-based inference. Considerations regarding the use of VGl in design-based
inference are then explained in Section 3 in regard to the response design, sampling design and analysis
protocols. Section 4 provides the details of two methods for incorporating VGl in estimation of accuracy
and area that satisfy conditions of design-based inference, with both methods requiring that an
additional probability sample exists or could be acquired if the VGI did not originate from a probability
sampling design. Options for analysis when the only data available are VGI from a non-probability

sample are discussed in Section 5. Sections 6 and 7 provide discussion and a summary of the article.
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2. Inference

Following Baker et al. (2013, p.91), we define statistical inference as “... a set of procedures that
produces estimates about the characteristics of a target population and provides some measure of the
reliability of those estimates.” Statistical inference focuses on the use of sample data to estimate
parameters of a target population, where a parameter is defined as a number describing the population
(e.g., the population mean and population proportion are two common parameters). Determining the
numerical value of a parameter would require a census of the study region, but in practice parameters
are estimated from a sample. Statistical inference also includes how bias and variance of these sample-
based estimators are defined. Baker et al. (2013, p.91) further specify that “A key feature of statistical
inference is that it requires some theoretical basis and explicit set of assumptions for making the
estimates and for judging the accuracy of those estimates.” Consequently, sampling design and analysis
protocols must adhere to certain rules of implementation to ensure that the underlying mathematical
basis of the inference framework is satisfied. Failure to adhere to these rules may lead to substantial
bias in the estimators of parameters of interest or even nullify the ability to implement design-based
inference entirely (see Section 3.3).

Two general types of inference are design-based inference and model-based inference (De
Gruijter and Ter Braak 1990; Sarndal et al. 1992; Gregoire 1998; Stehman 2000; McRoberts 2010, 2011).
In design-based inference, bias and variance of an estimator are determined by the randomization
distribution of the estimator which is represented by the set of all possible samples that could be
selected from the population using the chosen sampling design. This randomization distribution is
completely dependent on the sampling design hence the origin of the name “design-based” inference.

The inclusion probabilities of the sampling design are the critical link to the randomization distribution
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that underlies design-based inference (Sarndal et al. 1992, section 2.4). The practical considerations for
using VGl in design-based inference are explained in detail in Section 4.

A probability sampling design must satisfy two criteria related to the inclusion probabilities
determined by the sample selection protocol. The inclusion probability of a particular element of the
population (e.g., a pixel) is defined as the probability of that element being included in the sample. An
inclusion probability is defined in the context of all possible samples that could be selected for a given
sampling design. For example, if the design is simple random sampling of n elements selected from the
N elements of the population, the inclusion probability of each element u of the population is r,=n/N.
That is, in the context of all possible simple random samples of size n from this population, element u
has the probability of n/N of being included in the sample selected. The two requirements of a
probability sampling design are that m, must be known for each element of the sample and n,>0 for
each element of the population (Sarndal et al. 1992; Stehman 2000). Probability sampling requires a
randomization mechanism to be present in the selection protocol. Convenience, judgment, haphazard,
and purposive selection of sample elements are examples of protocols that do not satisfy the criteria
defining a probability sampling design (Cochran 1977, Sec. 1.6). Use of such samples for inference
carries considerable risk due to lack of representation of the population.

An alternative to design-based inference is model-based inference (Valliant et al. 2000). As the
name implies, model-based inference requires specification of a statistical model and inference is
dependent on the validity of the model. Consequently, verifying model assumptions is a critical and
often challenging feature of model-based inference. Model-based inference does not require a
probability sampling design, although implementation of a probability sampling design is often
recommended to ensure objectivity in sample selection because of the randomization (Valliant et al.

2000, p.20). Applications of model-based inference are briefly discussed in Section 5.3.
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3. Component Protocols of Accuracy Assessment and Area Estimation

We describe the role of each of the three components of the methodology (response design,
sampling design, and analysis) in determining how VGI can be incorporated in rigorous design-based
inference. The response design is the protocol for determining the reference condition (i.e., the best
available assessment of the ground condition). The response design includes all steps leading to
assignment of the reference condition label of a point or spatial unit (e.g., a land-cover class or change
versus no change label). The sampling design is the protocol for selecting the sample units at which the
response design will be applied. Lastly, the analysis consists of defining parameters to describe
properties of the population (e.g., overall accuracy, proportion of area of each class) and the formulas
required to estimate these population parameters from the sample data. To justify the requirements of
each step to achieve the final accuracy or area estimates, our description starts with the analysis
(Section 3.1) focusing on how the VGI data would be used, followed by the steps of the response design

(Section 3.2) and the sampling design (Section 3.3).

3.1 Analysis: Accuracy and Area Estimation Based on Totals

The details of the analysis protocol that specify how the estimates of accuracy and area are
produced yield insights into how VGI should be evaluated for use in design-based inference. The
analysis focuses on summarizing information contained in an error matrix. We define the population to
be a collection of N equal-area units partitioning the region of interest. The population error matrix
resulting from a census can be constructed in terms of area as illustrated by the numerical example in
Table 1 for a simple two-class legend, “crop” and “not crop” for a population (target region) of 1000
km2. The error matrix expressed in terms of area (Table 1) could easily be converted to proportion of

area by dividing each cell of the error matrix by 1000 km2. However, it is useful to focus on the error
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matrix expressed in terms of area because we can formulate the population parameters of interest for
accuracy and area as totals or ratios of totals of areas. For example, overall accuracy is the total area of
agreement obtained from the sum of the area of the diagonal cells (930 km?) divided by the total area of
the target region (1000 km?) to yield overall accuracy of 0.93 or 93%. User’s accuracy for the crop class
is the total area where both the map and reference condition are crop (840 km?) divided by the total
area mapped as crop (890 km?) to yield the parameter 0.94 or 94%. Producer’s accuracy for the crop
class is the total area where both the map and reference condition are crop (840 km?) divided by the
total area of reference condition of crop (860 km?) to yield the parameter 0.98 or 98%. Lastly, the area
of reference condition of the crop class is also simply a total, in this case the sum of the two cells in the

“crop” column of reference condition (840+20 = 860 km?).

Table 1. Population error matrix expressed in terms of area (km?) for a hypothetical target region of
1000 km?2. Overall accuracy is 93% (930/1000).

Reference Condition

Map Crop Not Crop Total User’s
Crop 840 50 890 0.94
Not Crop 20 90 110 0.82
Total 860 140 1000

Producer’s 0.98 0.64

Given that the parameters of interest for accuracy and area can be expressed in terms of totals,
the analysis focuses on estimating these totals. Basic sampling theory provides an unbiased estimator of
a population total in the form of the Horvitz-Thompson estimator (Horvitz and Thompson 1952). The

population total of the variable y, is defined as
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Y =YpWu (1]
where the summation is over all N elements of the population, P. For example, if y, is the area of crop
(as determined from the reference condition) for element u, then Y is the total area of crop. The

population total Y can be estimated from a sample using the Horvitz-Thompson estimator

Y=y [2]

Ty
where the summation is over all elements of the sample s.

The Horvitz-Thompson estimator is an unbiased estimator of a population total for any sampling
design as long as the inclusion probabilities of the sample elements are known for that design. A useful
re-expression of the Horvitz-Thompson estimator highlighting the sample estimation weights is

Y =Y wuy 3]
where wy = 1/my is the estimation weight for element u of the sample. Because w,>1, the y, value for
each sampled element is multiplied by an “expansion factor” w, to estimate a total. In effect each
sample element must account for itself along with some additional elements of the population that
were not selected into the sample. For example, for simple random sampling w, = N/n so y, for each
sampled element is “expanded” by the multiplier w, to account for N/n elements of the population. The
critical importance of known inclusion probabilities for rigorous design-based inference is evident via
the role of the weights w, = 1/m, in the estimator ¥ (equations 2 and 3).

Parameters such as user’s accuracy and producer’s accuracy are ratios of totals and
consequently can be estimated by the corresponding ratio of estimated totals (Sarndal et al. 1992,
section 5.3). For example, if we define Y as the total area of the population for which both the map and
reference condition are crop and X as the total area mapped as crop, the ratio of population totals Y/X
would be the population parameter for user’s accuracy of crop. User’s accuracy could then be estimated
from the sample data using a ratio of Horvitz-Thompson estimators, 17/)?, where both ¥ and X are

estimated totals based on equation (2), considering, respectively, y,=area of pixel u with both map and

10
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reference condition of crop and x,=area of pixel u mapped as crop. In the case of a pixel-based
assessment and assuming all pixels are equal area, user’s accuracy of crop estimated using a ratio of
Horvitz-Thompson estimators would simply require defining y,=1 if pixel u has both map and reference
labels of crop (y,=0 otherwise) and defining x,=1 if pixel u has map label of crop (x,=0 otherwise). In this
formulation of user’s accuracy, the ratio Y/X is the proportion of pixels mapped as the target class that
have the reference label of that class.

Formulas for the variance and estimated variance of the Horvitz-Thompson estimator are
provided by Sarndal et al. (1992, section 2.8). The square root of the estimated variance (standard
error) would be used to construct a confidence interval for the parameter of interest so issues of
inference obviously extend to variance and confidence interval estimation. Although we do not delve
into the details of the formulas for variance estimators, we emphasize that known inclusion probabilities
are an essential feature of variance estimation. Consequently, the requirement of implementing
probability sampling to ensure known inclusion probabilities for estimating a total applies as well to
estimating the variance of an accuracy or area estimator.

The conditions required for VGI to be used in design-based inference are apparent from the
analysis protocol. The accuracy and area parameters of interest can be expressed as population totals
or ratios of population totals and these totals can be estimated using the Horvitz-Thompson estimator.
From the Horvitz-Thompson estimator formula (equations 2 and 3) we observe that the key features of
VGI relevant to estimating a total are quality of the observation y, and knowledge of the inclusion
probability m,. In other words, the questions pertinent to evaluating the utility of VGI for design-based
inference are: 1) What is the quality of y, (an issue to address in the response design) and 2) Is i, known
(anissue to address in the sampling design)? The following two subsections address issues of VGI

related to the response and sampling designs.
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3.2 Response Design

The response design is the protocol for determining the reference condition of an element of
the population. In the case of a land-cover legend based on a conventional hard classification, the
response design results in a reference land-cover label assigned to each pixel (i.e., if the legend consists
of C classes, one and only one of these class labels is assigned to the pixel). The reference class labels
can be translated to a quantity by the simple process of defining y, = 1 if pixel u has reference class ¢ and
yu= 0 otherwise. Thus for example if class c is forest, all pixels with reference class forest would be
assigned y, = 1 and all non-forest pixels would have y, = 0. Evaluating and assuring the quality of VGl is
critical because high quality reference data are absolutely essential to accuracy and area estimation. If
the reference labels are not accurate, these errors can have a substantial impact on accuracy and area
estimates (Foody 2009, 2010). Very accurate reference data obtained within a timeframe corresponding
to the date of remote sensing image acquisition are a necessity for every application of accuracy
assessment and area estimation from remote sensing. VGI has considerable potential as a source of
reference data, notably in facilitating the collection of a large set of observations over broad
geographical regions. However, the use of volunteers rather than experts in assigning the reference
class labels may exacerbate concerns regarding label accuracy, although amateurs can sometimes be as
accurate as experts in labeling (See et al. 2013). Further, VGI tends to be collected continuously rather

than within a narrow time frame which can limit its value, especially for studies of land-cover change.

Applications in which VGI has been collected for land cover and land use studies are becoming
increasingly common. Fonte et al. (2015) reviewed several applications including:

1) Geo-Wiki project, which uses the crowd for interpretation of very high resolution satellite

imagery (Fritz et al. 2012);

2) VIEW-IT, which is a validation system for MODIS land cover (Clark and Aide 2011); and
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3) geo-tagged photographs for land cover validation from different applications such as the

Degree Confluence Project, Geograph, Panoramio and Flickr (Antoniou et al. 2016; Fonte et al.

2015; lwao et al. 2006).

Another source of VGI for land-cover studies is the LACO-Wiki system, an online land cover validation
tool intended as a repository of openly available validation data crowdsourced from different users (See
et al. 2017). More recently, land cover and land use have been crowdsourced in the field through the
FotoQuest Austria app, which sends users to specific locations and loosely follows the LUCAS protocol
for data collection (Laso Bayas et al. 2017). Hou et al. (2015) describe geo-tagged web texts as an
alternative to photographs as yet another source of VGI useful for land-cover studies.

The quality of the VGI data collected for land cover and land use studies has received recent
attention. A substantial body of literature focuses on the positional quality and completeness of
OpenStreetMap (OSM), the most commonly cited VGI project (e.g., Cieptuch et al. 2010; Girres and
Touya 2010; Haklay 2010). Other elements of quality include thematic accuracy (which is relevant to
land cover and land use), temporal quality, logical consistency, and usability, all of which are set out in
ISO 19157 (Fonte et al. 2017a). In addition, Antoniou and Skopeliti (2015) outline quality indicators that
are tailored to VGI such as data indicators, demographic and other socio-economic indicators, and
indicators about the volunteers. Due to the specificities of VGl when compared to traditional
geographic information and the diversity of uses of these data, additional methodologies are starting to
be developed that aim to integrate several quality measures and indicators into quality assessment
workflows, enabling quality data to be combined to produce more reliable quality information (e.g.,
Bishr and Mantelas 2008; Jokar Arsanjani and Bakillah 2015; Meek et al. 2016).

Although concern with reference data error may be heightened when VGl is used, there are
methods such as latent class analysis, which can be used to characterize volunteers in terms of their

quality in labeling classes and could therefore be used to filter or weight the data when used
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subsequently in applications (Foody et al. 2013, 2015). These issues of data quality associated with the
response design are critical to the overall process of accuracy and area estimation. In reality, reference
data quality issues are equally impactful whether the source of the reference classification is VGI or

expert interpretation (See et al. 2013).

3.3 Sampling Design

The sampling design is the protocol used to select the subset of locations (e.g., pixels) at which
the reference condition is determined. As noted earlier, the inclusion probability of pixel u is denoted as
T, and the two criteria defining a probability sampling design are: 1) m, is known for all pixels in the
sample and 2) i, > O for all pixels in the population. Because probability sampling is a requirement of
rigorous design-based inference, the sample selection protocol must ensure that these two conditions
of i, are satisfied. Moreover, randomization of the sample selection is required of all probability
sampling designs as it is this randomization that creates the probabilistic foundation for design-based
inference. The sampling design is linked to the analysis via the inclusion probabilities that are
incorporated in the Horvitz-Thompson estimator (equations 2 and 3).

Because design-based inference requires known inclusion probabilities, it is critical to establish
whether a probability sampling design was the basis for collecting VGI data. The distinction between
active and passive VGl is relevant in this regard. Active VGI refers to directing volunteers to specific
sample locations (e.g., See et al. 2016) and therefore allows for implementing a probability sampling
design for collecting VGI. Conversely, passive VGI refers to allowing volunteers to choose where they
will collect data and typically leads to purposive or convenience sampling with attendant concern
regarding lack of representation of the full population. The protocols that determine where VGI data
are collected span a continuum ranging from rigorous probability sampling to selection by judgment or

convenience without an underlying random mechanism.
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The Degree Confluence Project (lwao et al. 2006) is an example in which VGI data are collected
via a probability sampling protocol. These data are obtained at locations defined by the intersection of
lines of latitude and longitude and therefore originate from a design akin to systematic sampling (due to
the Earth’s shape the distances between sample points vary with latitude so the inclusion probabilities
would not all be equal but would still be known). A second example of VGI based on a probability
sampling design is the FotoQuest Austria app which uses the Land Use/Cover Area frame Survey (LUCAS)
sample (which is based on a systematic sample of points spaced 2 km apart in the four cardinal
directions across the European Union) followed by a stratified sample (Martino et al. 2009). That is, land
cover and land use were crowdsourced via the FotoQuest Go mobile app in which volunteers were sent
to specific locations that formed part of the LUCAS systematic sample for Austria, and the LUCAS sample
was then augmented with additional sample units (Laso Bayas et al. 2016).

Several VGI applications include sample data originating from both probability sampling designs
and volunteer chosen locations. The Geo-Wiki project is used to collect land cover and land use data via
different campaigns (See et al. 2015). These campaigns have all had different purposes and hence were
driven by different sampling designs. For example, the first campaign to validate a map of land
availability for biofuels was driven by a stratified random sample with equal sample size in both the land
available stratum and the land unavailable stratum. To this an additional sample from cropland areas
was added although the data were not used to undertake an accuracy assessment as such but to modify
the statistics on how much land is available (Fritz et al. 2013). Other studies have made use of Geo-Wiki
data from previous campaigns for validation that were not obtained using a probability sampling
approach for the specific product to be validated (see, for example, Schepaschenko et al. (2015) and
Tsendbazar et al. (2015) for review of reference datasets including those from Geo-Wiki). The VIEW-IT
application (Clarke and Aide 2011) either directs users to specific locations selected based on a

probability sampling design or users can provide information about the land cover at any location, which
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means these latter sample locations would not be part of a probability sampling design. The LACO-Wiki
system (See et al. 2017) has built-in probability sampling schemes although users can upload their own
sample locations that do not necessarily conform to a probability sampling design.

Photograph repositories such as Panoramio, Flickr, and Instagram are examples of passive VGl
and therefore do not conform to any probability sampling design. For example, photographs made
available by citizens may be positioned at any location chosen by the volunteer (such as the
photographs available in Flickr or Instagram), or collected at predefined locations. Similarly, the data
available in collaborative projects such as OSM are created at locations of interest to the citizen
volunteers, and consequently these data have no underlying probability sampling design. The amount
and quality of the OSM data are known to be correlated with demographic or socio-economic factors
(e.g., Mullen et al. 2014; Elwood et al. 2013) and this offers some possibility for adjusting estimates to
account for misrepresentation of the population (see Section 5.1).

The Geograph project asks users to take photographs in every square kilometer of the United
Kingdom and classify them (now also extended to other locations in the world). Since 2005, 83.4% of

the 1 km? squares in Great Britain and Ireland have photographs (http://www.geograph.org.uk/,

accessed 29 October 2017) and nearly 5.5 million images are available within this time period.
Volunteers may choose locations within each square kilometer at which photographs are taken.
Therefore, if each photograph is viewed as representing a point location or, for example, the 30 m x 30
m pixel surrounding the photograph’s location, the data would not meet the criteria defining a
probability sampling design due to the lack of randomization in the selection protocol. Directing the
volunteers to cover the 1 km? squares provides a better degree of spatial representation of the VGI than
might otherwise occur if volunteers are allowed to choose locations completely on their own.
Specifically, the 1 km? squares effectively serve as spatial (geographic) strata, and with over 83% of

these strata visited, the Geograph project data achieve the desirable design criterion of being spatially
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well distributed (Stehman 1999, Figure 3). The Geograph project data collection protocol illustrates the
fact that within the class of non-probability sample designs, features can be built into the protocol to

enhance representation of the VGI data.

4. Methods to Use VGI in Design-based Inference

In this section, we address how to incorporate VGI into design-based inference focusing on
sampling design and estimation considerations (Figure 2). The label quality issues of VGI remain a
concern but are not addressed in this section. The most straightforward approach to ensure the utility
of VGI for design-based inference is to direct volunteers to collect data at locations specified by a
probability sampling design (which is possible with “active VGI”). Several examples of VGI collections
based on a probability sampling design were documented in Section 3.3. Specifying sample locations
selected via probability sampling has the potential drawback that volunteer participation may be
reduced if volunteers are unable to choose locations of personal interest. Consequently, additional

effort may be necessary to obtain y, at those locations neglected by volunteers.
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Figure 2. Schema for using VGI in design-based inference.
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If a large quantity of VGI obtained from a non-probability sampling design exists, the VGI data

4.1 VGI Incorporated as a Certainty Stratum

may be augmented with data from a probability sampling design (Figure 2). Two options are described
in the following subsections. In the first option, the VGI data are treated as a “certainty stratum” and
combined with data from a probability sample selected from the locations not already included in the
VGI data. In the second option, the probability sample is selected from the full population and the VGI
data are used to construct an auxiliary variable that is then incorporated in a model-assisted estimator

to reduce the standard errors of the estimates based on the data from the probability sample.

VGI data can be combined with data obtained from a probability sample by treating each VGI
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sample unit (e.g., a pixel) as belonging to a “certainty stratum” in which the inclusion probability is m,=1
(Overton et al. 1993). By assigning m,=1 to each VGI sample unit, we acknowledge that these sample

units were not selected via a randomized selection protocol, and instead we view these units as having
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been purposely selected to be included with certainty in the sample. From the remaining units of the
population not included in the VGI certainty stratum, a probability sampling design is implemented and
these newly selected sample units are combined with the VGI data to produce the accuracy and area
estimates. In this approach the VGI data are used directly in the estimation of accuracy and area, so the
quality of the VGI data is a critical concern.

All sample units selected via the probability sampling design will have a known inclusion
probability and the data from these sample units can be combined with the VGI data using the Horvitz-
Thompson estimator. Specifically, suppose there are N; elements for which we have no VGl and N,
elements for which VGI provides y, (N=N1+N,). Further, let G denote the subset for which VGl is
available (the “G” is from the middle letter of VGI) and G denote the subset of the population for which
VGl is not available. The population total Y can then be partitioned into summations over the two
subpopulations G and G,

Y=Yem+2em=Ye+ Y (4]
Because Y; (total of y, for the VGI data) is known, it is only necessary to estimate Yz from the sample.
Therefore, an estimator of Y can be expressed as

Y =Ysyu/mu +Zeyu =Y +Y [5]
where the first summation is over the elements selected in the sample from the N; elements of the
population G for which VGl is not available. The variance of ¥ is V(f’) = V(Y¢) because the total of the
VGI data is a known quantity with no uncertainty attributable to sampling. That is, the only uncertainty
attributable to sampling arises from estimating the total Y for the non-VGlI portion of the population,
G.

The benefit of the VGI data when incorporated as a certainty stratum is to reduce the standard
errors of the accuracy and area estimators and accordingly to decrease the width of confidence intervals

for the parameters of interest. To illustrate the potential reduction in standard error, we focus on the
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objective of estimating area based on the reference condition obtained for each sample unit. The
benefit of the VGI data can then be quantified by comparing the variance of the estimator of total area
without using VGI data to the variance of the estimator using the certainty stratum approach (equation
5). Several conditions are imposed to simplify the variance comparison: 1) the sample of non-VGI units
is selected by simple random sampling; 2) the VGI data have the same variability as the non-VGI data
(i.e., the variance of y, for the VGI subpopulation G is the same as the variance of y, for the non-VGI
subpopulation G); and 3) the sample size n is the same regardless of whether VGl is present (i.e., the VGI
data are viewed as obtained at no cost so n is the same with or without VGI). If no VGI data are
available and a simple random sample is selected from the full population of N elements (i.e., N,=0

because no VGI data exist), the variance of the estimated total is

V(7)) =N2(1-2)Vy/n [6]
The variance of ¥ when VGl is available for N, elements of the subpopulation G is derived as follows. A
simple random sample of n elements is selected from the N1 non-VGI units. The variance of the
estimated total combining the VGI data with the non-VGI sample (equation 5) depends only on the
variance of the total estimated from the non-VGI sample units,

~ B _ 2 _ 1

V(7e) = NZ (1 - ) Vy/m [7]

To quantify the reduction in variance achieved by the VGI data, we examine the ratio of the two

variances,

R = V02 _ M0,
v N2(1-3)

(8]

The V,/n term common to both equations (6) and (7) cancels in the ratio R by virtue of the assumption
that the variability of y, is the same in the VGI and non-VGI subpopulations (if V, is different in the two

subpopulations, R will be impacted by the ratio of the variances of the two subpopulations, G and G).
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Under the assumption of equal variance for the two subpopulations, the benefit of VGI to
reduce variance depends on the proportion of the population that is covered by the VGI data, which is
defined as k=N_/N. If we define f=n/N to be the proportion of the total population selected for the
probability sample, then R can be re-written as

R=0A-KA-f=-k/A-f). [9]
If no VGI data exist, then k=0 and R=1 as expected because there would be no reduction in variance
from VGI. Conversely, if k=1, then R=0 as expected because the VGI would constitute a census and the
population total Y would be known yielding a variance of 0. As the quantity of VGI gets larger (i.e.,
k=N_/N increases), R decreases indicating a greater benefit accruing to the availability of the VGI data.
Numerical values of VR (ratio of standard errors) for several combinations of k and f are presented in
Table 2. For a fixed value of f=n/N, VR decreases approximately linearly with increasing k. For a fixed
value of k, the decrease in v/R is much less prominent as f increases except for the case with f=0.25 and
k=0.75 which represents a census so V(?g) = 0. To simplify the problem still further, assume that the
spatial unit of the assessment is a pixel and that N is so large that f= n/N = 0. Then setting f=0in
equation (9), we obtain R = (1 - k)? which leads directly to

VR=1-k [10]
Thus for very large populations the reduction in standard error achieved by VGI will be directly related
to k, the proportion of the population for which VGl is available — the greater the quantity of VGI

available (i.e., larger k) the greater the reduction in standard error.
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Table 2. Reduction in standard error achieved by using VGI in the certainty stratum approach. Values
shown in the table are VR where R is the ratio of the variance of the estimated total with VGI data
incorporated in a certainty stratum divided by the variance of the estimated total in the absence of VGI
(see equations 8 and 9). Ratios are provided for different combinations of k=N,/N (the proportion of the
region of interest covered by VGI) and f=n/N (proportion of the study region covered by the simple
random sample).

f=n/N

0.01 0.99 0.99 0.99 0.99 0.99
0. 05 0. 95 0. 95 0.95 0.95 0.94
0.10 0.90 0.90 0.90 0.89 0. 88
0.25 0.75 0.75 0.74 0.74 0.71
0.50 0. 50 0. 50 0. 49 0. 47 0.41
0.75 0. 25 0.25 0.23 0.20 0. 00

0.90 0.10 0.10 0.07 0.00 0.00

Equation (9) and the results of Table 2 can be used to examine the benefit of VGI arising from
photographs contributed by volunteers (Antoniou et al. 2016), a common source of VGI for land-cover
studies. Suppose we assume a photograph to be representative of a 30 m x 30 m pixel and consider a
region of interest that covers 8 million km? (roughly the size of the conterminous United States,
excluding Alaska and Hawaii). This region would have approximately N = 9 billion pixels. To achieve a
5% reduction in the standard error of the estimated area of a targeted class (i.e., VR changes from 1 to
0.95) the certainty stratum approach would require k=N,/N=0.05 which translates to needing N, = 450
million photographs. As a second example, suppose the target region of interest covers 100,000 km?

(area slightly larger than Portugal). This population would have N = 100 million pixels (30 m x 30 m) so
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for VGI data to contribute a 5% reduction in standard error we would need N, = 5 million photographs.
Typically the VGI photographs will have to be processed to obtain the land-cover information of interest
(e.g., a land-cover class). Consequently, the large number of photographs needed in these examples to
achieve only a 5% reduction in standard error would require substantial computer processing capability
and possibly automated methods to identify the land-cover class from the photographs. Accordingly,
the response design effort to process such large numbers of photographs may make this use of VGI cost
prohibitive in some applications.

The certainty stratum approach may have greater utility when the VGI data are in the form of
fully mapped areas classified to a land-cover or change type (i.e., in contrast to individual, unlabeled
photographs as in the previous paragraph). For example, Fonte et al. (2017b) described an application
in which OSM provided land-cover information for two study areas of 100 km? in London and Paris.
OSM coverage was 88% for the London region and 97% for the Paris region. Because of the substantial
portion of area covered by OSM (k=0.88 for London and k=0.97 for Paris) a large reduction in standard
error of accuracy and area estimates would be expected by using these OSM data in the certainty
stratum approach. For example, if k=0.88 and f=0.1 (the London example), we obtain R=0.00266
(vVR=0.05) indicating that the standard error of the certainty stratum estimator would be 5% of the
standard error of the estimated area when not using the VGI from OSM. Obviously the areas of the
regions of interest for the OSM examples in this paragraph are much smaller than for the examples in

the previous paragraph and k would surely be smaller if OSM were to be used for national estimates.

4.2 Use of VGI in a Model-Assisted Estimator
Brus and de Gruijter (2003) developed an approach to use data from a non-probability sampling
design to produce estimates within the design-based inference framework. In this approach, a spatial

interpolation method is applied to the non-probability sample of VGI data to construct an auxiliary
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variable for all N elements of the population. The auxiliary variable is then used in a model-assisted
estimator to achieve a reduction in standard error. Model-assisted estimators represent a broad class of
estimators in which one or more auxiliary variables are incorporated in the estimator. Common
examples of model-assisted estimators include difference, ratio, and regression estimators as well as
post-stratified estimators (Sdrndal et al. 1992; Gallego 2004; Stehman 2009; McRoberts 2011; Sannier et
al. 2014). The auxiliary variables are expected to covary with the target variable of interest and the
information in the auxiliary variables, when incorporated in the model-assisted estimator, thus serves to
reduce standard errors (Sarndal et al. 1992, Chapter 6).

The Brus and de Gruijter (2003) approach could be applied to VGI as follows. Consider the
objective of estimating the proportion of area of a class (e.g., area of forest) based on the reference
condition. Suppose the spatial unit of the analysis is a pixel and the VGI data consist of N, pixels labeled
as forest or non-forest. The Brus and de Gruijter (2003) approach uses these VGI data to construct an
auxiliary variable x, for all N pixels in the population. For example, for a binary classification of forest /
non-forest, the auxiliary variable would be defined as x,=1 if the class is forest and x,=0 if the class is
non-forest. The auxiliary variable x, is known for the N, pixels comprising the VGI, and the Brus and de
Gruijter (2003) approach would then implement a spatial interpolation method such as indicator kriging
(e.g., Isaaks and Srivastava 1989) to predict values of x, for the N-N; pixels not included in the VGI subset
of the population. The binary forest / non-forest classification of the region predicted from the VGI data
could be used in the same manner as auxiliary data from any forest / non-forest map. For example, to
estimate the proportion of area of forest based on the reference condition (y.), a probability sample
from all N pixels would be selected for which the reference class of each sampled pixel would be
obtained. If the reference observation is also a binary forest / non-forest classification (i.e., y,=1 if the
reference condition is forest, y,=0 otherwise), an error matrix could be estimated from the sample

based on the reference class data and the map classification of forest or non-forest created from the VGI
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data. The error matrix information could then be combined with the VGI generated forest / non-forest
map information to produce a post-stratified estimator of the proportion of area (Card 1982; Stehman
2013). The expectation is that the auxiliary variable created from the VGI would yield a reduction in
standard error of the post-stratified estimator relative to an estimator that did not incorporate the VGI.
That is, the map generated via spatial interpolation of the VGI data would be used in the same way that
a forest / non-forest map derived from remotely sensed data would be used in a post-stratified
estimator.

The Brus and de Gruijter (2003) method requires a probability sample to provide the reference
data (yu) for the accuracy and area estimates. This probability sample must be selected from the full
population of N units, including those units for which VGl is available. In contrast, the certainty stratum
use of VGI (section 4.1) does not require a sample from the subpopulation G that has VGI. The Brus and
de Gruijter (2003) approach does not use the VGI data as the observed response (i.e., the reference data
value, yu) so the quality of the class labels associated with the VGI data will not impact the estimates in
terms of potential bias attributable to labeling error of the VGI. However, better quality (i.e., more
accurate) VGI data would likely yield a greater reduction in standard error in the same manner that a
more accurate map yields a greater reduction in standard error when the map data are used in a post-
stratified estimator (Stehman 2013). In the context of land-cover accuracy and area estimation
applications, remote sensing information is almost always available to produce a map that would
provide auxiliary information that could be used in a model-assisted estimator. Spatial interpolation of
VGI using the methods described by Brus and de Gruijter (2003) provides another option for producing a
map of auxiliary information, and incorporating remote sensing imagery in linear spatial models (Diggle
et al. 1998) might further enhance the precision benefit of the Brus and de Gruijter (2003) approach.

To summarize, the model-assisted estimator based on spatially interpolated data does not rely

on the VGI data to provide the y, values that are the basis of the parameter estimates thus decreasing
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the concern with bias attributable to inaccurately labeled VGI data. Instead, the approach employs the
VGI to create an auxiliary variable x, that is then used in a model-assisted estimator to reduce the
standard errors of the accuracy and area estimates. The magnitude of the reduction in standard error
would depend on the quality of the VGI. While this approach would have great utility if no other
auxiliary information were available, we typically have access to remotely sensed data that could be
used to produce a classification that would serve the same purpose as a map derived from spatially
interpolating VGI data. Consequently, for land-cover studies the primary benefit obtained by spatial
interpolation of VGI may occur in circumstances where a map produced from remotely sensed data is

not available.

5. Use of VGI from Non-Probability Samples

If the VGI data are the only source of reference data (i.e., there is no probability sample and
unable to acquire one), it will be challenging to use these VGI data in the manner of design-based
inference (Figure 3). One option for using VGI in this context is to replace the estimation weights
w,=1/m, (equation 3) by pseudo weights that depend on assuming the sample can be treated as though
it had been obtained via a probability sampling design. For example, suppose the reference data for
accuracy assessment and area estimation are land-cover interpretations extracted from a non-
probability sample of photographs. If the inclusion probabilities (m,) of the spatial units represented by
these photographs are unknown, one approach to estimate totals is to assume that the VGl locations
represent a stratified random sample (see Section 5.1 for details). Using this approach it is possible to
construct pseudo-weights such that estimated totals will match known parameters of the population.
Although this weighted estimation approach can adjust a VGI sample to achieve estimates that
correspond to the correct proportional representation of the population, the question of “external

validity” of the VGI data must be addressed. External validity is defined and applied in Section 5.2.
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Model-based inference is a second option for using VGI data that were not obtained from a probability
sampling design. The application of model-based inference to accuracy and area estimation is discussed

in Section 5.3.

VGI collected with non-
probabilitysampling
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Figure 3. Schema for using VGI collected via a non-probability sampling design.
5.1 Estimation Based on Pseudo-Weights
If the only reference data available for accuracy and area estimation are VGI that did not originate

from a probability sampling design, an obvious initial step in the analysis is to examine the proportional
distribution of the VGI sample relative to known characteristics of the population. For example, using a
land-cover map of the study region, we could compare the proportion of the VGI data found within each
land-cover class to the proportion of each class in the entire population. For the hypothetical numerical
example of Table 3, the VGI sample shows preferential selection from the developed and crop classes at
the expense of representation of the “other” and natural vegetation classes reflecting the relative ease

of access to the classes associated with the transport network. Representativeness of the VGI data
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could also be assessed by examining the distribution of distances to the nearest road or distances to the
nearest population center. For example, we could compare the mean distance to the nearest road for
the VGI locations to the mean distance for all N pixels in the population. If the mean for the VGI
locations was less than the mean for the population, this discrepancy would indicate preferential
selection of VGI closer to a road. A relevant question is then whether this preferential selection could

introduce bias because map accuracy may differ depending on proximity to a road.

Table 3. Hypothetical data illustrating evaluation of the proportional representation of VGI. The
distribution of the percent area of the map classes is compared between the VGl sample (n=100) and

the population (i.e., entire region) known from a land-cover map of the study region.

Area (%)
Map Class VGI Population
Developed 25 10
Crop 35 20
Natural vegetation 30 50
Other 10 20

In general, we could attempt to adjust estimates to account for recognized non-proportionality of
the VGI data relative to known population characteristics (Dever et al. 2008). For the example data of
Table 3, the difference between the distribution of the VGI and population data suggests that weighting
the data to adjust for this discrepancy would be a good idea when producing estimates. One approach
would be to construct weights such that the estimates based on the weighted analysis of the VGI data

correspond to known population quantities. A simple way to achieve this is to treat the non-probability
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sample as having arisen from a stratified design (e.g., Loosveldt and Sonck 2008). Inclusion probabilities
for each stratum are then defined as ,, = n,,/N;, where n, is the observed sample size (from the VGI
sample) in stratum h and N is the population size in stratum h. The estimation weight for pixel u is then
w, = 1/m,, and these weights could be used in the Horvitz-Thompson estimator. These stratified
estimation pseudo-weights for the hypothetical data of Table 3 are presented in Table 4. Referring to
weights constructed in this manner as “pseudo-weights” highlights the fact that they are not derived

from inclusion probabilities generated by a probability sampling protocol.

Table 4. Pseudo-weights for VGI sample units based on distributions by class shown in Table 3 (n, and

N represent the number of pixels for each class in the VGI sample and in the population).

Ny Nh
Class VGI Map Wy =Nu/np
Developed 25 1000 40
Cultivated 35 2000 57
Natural veg 30 5000 167
Other 10 2000 200
Total 100 10000

To illustrate how the stratified estimation approach using pseudo-weights is implemented, consider
estimating the proportion of area mapped as the developed class. From Table 3, we know this
proportion is 0.10 because we have the map for the entire population. How well does the VGI sample
estimate this parameter? We observe that 25 out of 100 VGI pixels are mapped as developed so the

estimated proportion of mapped developed is then 0.25 from the VGI data, greater than the known
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parameter of 0.10 for the population. To produce the estimator using the stratified pseudo-weights of
Table 4 we define y,=1 if the sample pixel has the map label of developed and y,=0 otherwise. Then for
the developed class stratum, y,=1 for all 25 sample pixels and each of these pixels has a weight of
w,=40, so the estimated total contributed from this stratum is 40 x 25 = 1,000 pixels (using equation 3).
For the other three strata, y,=0 for all sample pixels so these strata contribute no additional pixels to the
estimated number of mapped developed pixels. Dividing the estimated total number of map pixels
labeled as developed (1,000) by the number of pixels in the population (N=10,000) yields an estimated
proportion of 0.10 which matches the population proportion of mapped developed area from Table 3.
Thus the sample estimate using the pseudo-weights matches this known population proportion.

In general, the pseudo-weights can be constructed so that the sample estimates will equal known
population values. In the example of Table 4, the pseudo-weights reproduce the known values
Nyr=population size of each stratum, a property known as “proportional representation.” These same
estimation pseudo-weights are then applied to estimate the target population parameters and the
assumption is that estimation weights that effectively adjust the VGI sample data to match known
population parameters will also work well when estimating the target parameters for which we do not
have full population information. Other more complex methods for creating estimation weights include
raking, general calibration estimators (Deville and Sarndal 1992), and propensity scores (Valliant and
Dever 2011). Models can be used to produce the pseudo-weights used in lieu of weights that are the
inverse of the inclusion probabilities of a probability sampling design, but Valliant (2013, p.108) points
out that this approach has not yielded promising results because the models are weak and the

requirements excessive for covariates to be used in the models.

5.2 External validity
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Pseudo-estimation weights can be used to produce estimates that capture the proportional
distribution of known population characteristics (i.e., covariates). However, another important aspect of
representativeness of non-probability sample data is external validity, defined as the parameter estimates
being “generalizable outside the sample, say to the population of interest” (Dever and Valliant 2014). For
the pseudo-weight estimation approach described in the previous section, establishing external validity
would require that accuracy for the subset of the population represented by the VGI locations be
equivalent to accuracy of the full region. Proportional representation of the estimates (Table 4) produced
from non-probability sample data is one aspect of external validity, but proportional representation is not
sufficient to establish external validity (Dever and Valliant 2014).

External validity may also require establishing that the population represented by the VGl is the
same as the population of the full study region. Two examples are provided to illustrate this practical
issue. In both examples, the objective is to estimate the accuracy of a map. For the first example, suppose
that volunteers avoid locations of complex land cover and provide reference data exclusively for locations
that are surrounded by homogeneous land cover. Antoniou et al. (2016) suggest such a strategy may be
beneficial when using photographs to avoid difficulties of determining the ground condition. Because
homogeneous regions are typically more likely to be classified correctly, the accuracy estimates produced
from such data would be expected to have higher accuracy than is true of the study region as a whole.
Consequently external validity of these data would be suspect because the estimates based on the non-
probability sample would not be generalizable to the target population. As a second example, suppose
because of convenient access the VGI data have been collected primarily at locations near roads.
Evaluating external validity would then require determining whether accuracy near roads was equivalent
to accuracy distant from roads.

Verifying external validity of VGI may be extremely challenging and in some cases impossible

(Dever and Valliant 2014). Verification requires comparing characteristics of the VGI data with
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characteristics of the full study region. Consider the example of VGI data concentrated along roads. To
establish that accuracy does not vary with distance from a road, we could collect additional reference
data distant from roads based on a probability sampling design, and compare the accuracy estimates
from this sample to accuracy estimates for sample data constrained to locations near roads. But the
additional effort to obtain the sample data distant from roads would negate much of the value of VGI
for reducing the cost of accuracy assessment. That is, to definitively establish the equivalence of
accuracy near roads to accuracy distant from roads, we may need a large probability sample, and the
primary value of VGI is to reduce the cost and effort of collecting sample data.

Alternatively, it may be possible to cite previous studies to establish external validity. For example,
if previous research has demonstrated that distance from a road is not strongly related to accuracy, we
would have some assurance of external validity to support use of VGI data collected preferentially near
roads. In general, to more fully exploit the potential benefit of VGI, it may be necessary to document
typical features of VGI that would commonly need to be addressed to establish external validity and
then conduct the necessary studies to inform the decision of whether external validity is tenable.
Distance from road, characteristics of volunteers, and complexity of landscape are just a few examples
of features that might be explored to determine whether characteristics of populations (e.g., accuracy)
differ by these features. If in general there are no such differences, external validity of non-probability
sample data is supported to some degree. Developing a cohesive strategy to design and conduct such
studies for a broadly applicable assessment of external validity of VGI would likely require a major

research initiative.

5.3 VGI and Model-Based Inference
Model-based inference is not predicated on probability sampling so it is a potentially attractive

option for using VGI data that did not originate from a probability sampling design. Model-based
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inference requires specification of a model that relates y, to a set of covariates (predictors) available for
the full population (Valliant et al. 2000). Developing appropriate models and evaluating the underlying
assumptions may be difficult and time-consuming (Baker et al. 2013) with the difficulties exacerbated by
the fact that in most surveys, numerous estimates are produced from a single sample. In the case of
VGI, estimates of accuracy and area for several land-cover or land-cover change types will typically be of
interest, and each of these estimates may be desired for several subregions within the target region of
interest. A model will need to be developed and assumptions evaluated for all estimates as a model
that works well for some estimates may not work well for others. An additional challenge to the model-
based approach is that non-probability samples may have an inherent selection bias, so a substantial risk
exists that the distribution of important covariates in the sample will differ from the distribution of these
covariates in the target population (Baker et al. 2013). Methods to account for preferential sampling
(e.g., Diggle et al. 2010) in a model-based framework may be considered in such cases of non-probability
sampling.

Numerous model-based methods can be applied to non-probability samples and evaluating the
utility of model-based methods is case specific because it is difficult to ascribe general properties to
these methods (Baker et al. 2013). An advantage of probability sampling and design-based inference is
that a standard general approach is used to produce the complete array of estimates (see Section 2.1).
Yet another challenge of model-based inference and non-probability sampling is how to define and
quantify uncertainty. A widely accepted measure of precision does not exist for estimates from non-
probability samples (Baker et al. 2013, p.97), whereas the standard error (or appropriately scaled
version of standard error) is generally accepted for quantifying precision of estimates in design-based
inference. Clearly, some of the cost savings achieved by non-probability sampling is lost due to the
more complex analyses needed to develop models and test their assumptions (Baker et al. 2013).

Because model-based inference encompasses an array of methods, establishing transparency of the

33



759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

methodology is also more demanding because it is necessary to describe the specific model-based
approach used and the possible limitations of inference uniquely associated with that approach (Baker

et al. 2013, p.100).

6. Discussion

The increasing availability of large quantities of data obtained via non-probability sampling has
garnered interest of survey methodologists in a variety of subject areas, so it is relevant to examine
issues addressed in the broader survey sampling literature that go beyond just use of VGl in the remote
sensing context. For example, internet surveys comprised of volunteer opt-in panels that use social
media to extract information result in large quantities of data that are obtained quickly and conveniently
but via a selection protocol that has no underlying probability sampling design. Review articles by Baker
et al. (2013) and Elliott and Valliant (2017) provide an excellent general overview of methods and issues
affecting inference when using data from such non-probability samples. In the broad context of survey
sampling, the conventional practice of relying on design-based inference has been questioned because
of the tremendous increase in non-response rates. Even if a probability sampling design is
implemented, severe non-response will make the application of design-based inference questionable
(Baker et al. 2013). Fortunately, in land-cover studies non-response is generally not a major problem.
The availability of remote sensing platforms usually allows us to obtain the necessary observations that
might otherwise be very difficult if a ground visit were required. Non-response rates are typically very
small in accuracy assessment and area estimation applications so the dilemma of severe non-response
that impacts current survey practice in other fields of application is typically not a problem in land-cover
studies.

Ensuring accurate observations (y,) is perhaps the most challenging aspect of using VGI because it

depends on the volunteers to provide good quality data. Accurate interpretation of reference labels for
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land cover or land-cover change is challenging even for trained experts so label quality of VGI data needs
to be scrutinized closely. A great deal of effort has been invested in improving and evaluating the
quality of VGI used in land-cover studies, including the assessment of traditional quality measures such
as positional, thematic or temporal accuracy (Fonte et al. 2017a), the development of new quality
indicators that are applicable specifically to VGI (Meek et al. 2014; Antoniou and Skopeliti 2015;
Senaratne et al. 2017), and even combinations of indicators (Bishr and Mantelas 2008; Jokar Arsanjani et
al. 2015). The investment in these methods will not only yield better quality VGI data but may also
contribute to improved data quality and assessment procedures applicable to reference data obtained
by experts.

Baker et al. (2013) make the helpful distinction between “describers” whose purpose is to describe
the population and “modelers” whose purpose is to characterize relationships between variables.
Accuracy assessment and area estimation applications typically fall within the “describer” class because
of the strong focus on descriptive parameters such as user’s and producer’s accuracies of the different
classes and the area or proportion of area of the land-cover or land-cover change classes. Describers
generally rely on probability sampling because of the importance of representing the target population.
Elliott and Valliant (2017, p.262) provide a strong statement in support of probability sampling for

“«

descriptive objectives: “... when critical estimates of descriptive quantities such as means, quantiles or
cell probabilities are required, nonprobability designs should be avoided or utilized only when it is
reasonably certain that there are available covariates in both datasets related to the nonprobability
selection mechanism that can be used to appropriately incorporate information from the nonprobability
sample. If a sufficiently large probability sample is available for estimating descriptive statistics,
methods to incorporate nonprobability data are likely not warranted.”

Although design-based inference requires a probability sampling design, it is not reasonable to

assert a recommendation that probability sampling must always be used. Other considerations such as
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cost and “fit for purpose “may be relevant, the latter including dimensions such as “accuracy, timeliness,
and accessibility” (Baker et al. 2013, p. 98). A quote from Kish (1965, pp. 28-29) extracted by Baker et al.
(2013, p.92) has direct bearing on this issue: “No clear rule exists for deciding exactly when probability
sampling is necessary, and what price should be paid for it ... Probability sampling for randomization is
not a dogma, but a strategy, especially for large numbers.” Probability sampling offers the strong
advantage that it provides the basis for rigorous design-based inference, but there may be exceptional
cases in which fit for purpose criteria will be such that VGI from a non-probability sample will suffice.
While an unmistakable conclusion from our assessment of VGI for use in design-based inference is that
probability sampling should be used, we recognize that occasionally circumstances may exist where not
following this recommendation is justifiable.

VGI has great potential value within remote sensing beyond its use to produce accuracy and
area estimates within design-based inference. For example, VGI can greatly augment traditional sources
of training data used in the classification algorithms of land cover and land use maps. The exact design
of the training stage of a supervised classification should, however, be highly classifier-specific as
classifiers vary greatly in how they use the training set. While conventional statistical classifiers may
benefit from the use of a probability sample in the acquisition of training statistics to obtain a
representative and unbiased description of each class, other classifiers, such as machine learning
classifiers, may require only very small and distinctly non-random sample. Thus, for example, an
effective approach to training data acquisition for a classification by a support vector machine may be to
direct citizens to a small number of highly atypical training sites (Pal and Foody 2012). Classifiers also
vary in their sensitivity to mis-labeling of training cases (Foody et al. 2016) which may be relevant if VGI
is to be used.

Land cover data from several Geo-Wiki campaigns are now available in the openly accessible

repository Pangaea and these data could be used as training data (Fritz et al. 2017; Laso Bayas et al.
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2017). VGl is also useful in the development of hybrid land-cover maps, where methods such as
geographically weighted regression can use VGI to determine the most appropriate land cover class at a
given location among several existing products. Such an approach has been demonstrated in the
development of global land cover and forest masks (Schepaschenko et al. 2015; See et al. 2015). Finally,
VGI can provide a preliminary check on the accuracy of a land-cover product and guide the collection of

additional training data in areas where there is visual evidence of confusion between land-cover classes.

7. Summary

The increasing availability and quantity of VGI has generated great interest in how these data might
be used in applications requiring land-cover data, specifically area estimation and map accuracy
assessment. Scientifically credible use of VGI raises many of the same issues related to inference that
McRoberts (2011) discussed pertaining to use of land-cover maps, stating that “...rules must be
rigorously followed to produce valid scientific inferences.” The requirements for using VGI in rigorous
design-based inference are identifiable from the analysis protocol (Sec. 3.1) used to produce the area
and map accuracy estimates. Specifically, the estimates are derived from totals, and the Horvitz-
Thompson estimator provides an unbiased estimator of a population total if the response design
generates accurate observation of the attribute or measurement of interest (y,) and the sampling design
is such that the inclusion probabilities (r,) are known. If y, is accurate and m, is known then we can
produce unbiased estimators of the totals that form the basis for accuracy and area estimates. We
reviewed recent literature describing methods for obtaining VGI and assessing its quality (Sec. 3.2), and
we anticipate that ongoing research will improve reference data quality whether collected by volunteers
within a VGI framework or by expert interpreters.

The primary focus of this article has been on the sampling design issues related to using VGl in

design-based inference, with attention addressing three primary cases: 1) VGI data are from a
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probability sampling design; 2) VGI data from a non-probability sampling design are combined with data
from a probability sampling design; and 3) the only data available are VGI data from a non-probability
sampling design. The most direct approach to ensure that design-based inference can be invoked is to
specify that the VGI data will be collected at locations (sample units) selected by a probability sampling
design (“active VGI”). Implementing a probability sampling design ensures that the inclusion
probabilities (mr,,) for the sampled units are known and thus the corresponding estimation weights
(w,=1/m,) required for the analysis are known. The more common situation is that the VGI data do not
originate from a probability sampling design. Implementing design-based inference in this situation
requires combining the VGI data with data obtained from a probability sampling design, and the benefit
of the VGI data is to reduce the standard errors of the accuracy or area estimates. Two approaches for
combining VGI with a probability sample are to treat the VGI as a certainty stratum (i.e., set m,=1 for
each unit from the VGI sample) or to use the VGI to create an auxiliary variable for the population and
incorporate this variable in a model-assisted estimator. The certainty stratum approach is the more
promising of these two options particularly if a large proportion of the population is covered by VGI. For
land-cover studies the model-assisted estimator use of VGl likely will also incorporate maps produced
from remote sensing imagery.

If VGI data collected from a non-probability sampling design are the only data available, rigorous
design-based inference is not available. Estimates of accuracy and area can be produced using the same
estimator formulas of design-based inference by defining pseudo-estimation weights based on treating
the VGI as if a stratified random sample had been implemented. Estimates produced in this fashion
mimic the proportional representation of the feature of the population used to create the pseudo-
weights. However, in contrast to the case where the weights are the inverse of known inclusion
probabilities from a probability sampling design, the estimates based on pseudo-weights require the

additional step of verifying that the condition of external validity is satisfied. External validity requires
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that the population for which the VGI data are representative must have the same characteristics (e.g.,
model relationships) as the full population that is the target of inference. Establishing external validity is
often impractical so the pseudo-weight approach to using VGI from a non-probability sample will have
limited utility. Model-based inference is perhaps the more promising avenue for using VGI from non-
probability samples. Explication of model-based methods and specific example applications of accuracy
and area estimation (McRoberts 2006; Magnussen 2015) are needed to make model-based inference
more accessible to practitioners.

Invoking design-based inference as the scientific basis to support the validity of inference for
estimating area and map accuracy from sample data imposes the requirement that the sampling and
estimation protocols implemented must satisfy certain conditions. Asis apparent from the methods and
discussion presented in this article, the requirement of a probability sampling design places fairly strong
restrictions on how VGI can be used in design-based inference. The methods presented in this article for
incorporating VGI in design-based inference expand the potential utility of this growing body of data for

applications of accuracy assessment and area estimation.
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