AN DN B~ W N

8

9
10
11
12
13
14
15
16
17
18
19
20

21

22
23
24
25
26
27
28
29
30
31
32
33

OLOFSSON, ACCURACY AND AREA ESTIMATION 1

Comprehensive Remote Sensing. Article title: 092 Accuracy and Area Estimation

Pontus Olofsson, April 8, 2025

NASA Marshall Space Flight Center

320 Sparkman Dr NW, Huntsville, AL 35805
pontus.olofsson@nasa.gov

Abstract

The quality, quantity, and availability of remote sensing data and products are greater now than
in any other point in time. Free data policies and increasing computing power have made it easy
and inexpensive to acquire satellite imagery and make maps. Still, while the need to better
understand a changing Earth is greater than ever, if remote sensing is to reach its full potential,
greater attention to map quality, bias, and uncertainty using protocols rooted in statistical
inference theory is required. In this context, maps are not simply subject to an accuracy
assessment where the end-product is a measure of map accuracy but integral components of an
inference framework that yields estimates of study area parameters such as areas of thematic
categories and area bias and uncertainty. Hence, maps are essential in the protocols that generate
estimates of parameters rather than providing such parameters directly. This chapter outlines the
development of statistical inference within the remote sensing science and application
communities. It reviews various approaches to statistical inference, accuracy assessment, and
area estimation.
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1. Introduction

A key strength of remote sensing, and one of the main reasons for its usage, is the provision of
spatially exhaustive (wall-to-wall) coverage of a region of interest. Classification and
interpretation of remote sensing data allow for mapping of thematic features present in the
region. However, mapping complex and often spatially continuous surface conditions into a set
of discrete map categories 1s bound to result in some map units being erroneous. The magnitude
of errors will determine the reliability, usage, and interpretation of the map; consequently, map
users and producers have a direct interest in communicating and understanding the quality of
maps. This is the primary reason for the tradition within the remote sensing community of
conducting map accuracy assessments. The basis of an accuracy assessment is the comparison of
the map to observations of reference conditions at locations selected by probability sampling.
The sample is selected by probability sampling if the locations of the sampling units are selected
such that the likelihood of a unit (a pixel for example) being included in the sample is known and
greater than zero (Stehman, 2001). A probability sample allows for design-based inference of
parameters of the entire study area. For example, consider the following common scenario: a
land-cover map has been constructed over specific region and a sample of map units (such as
pixels) has been selected by simple random sampling. By identifying land-cover reference
conditions at the locations of the units in the sample, the overall accuracy of the map is easily
computed as the ratio of correctly classified sample units to the total number of units in the
sample. The overall accuracy is a measure of the probability that a random map unit is correctly
classified — not just a random map unit in the sample, but of all units of the map. This holds true
because the sample was selected by probability sampling. As explained in Section 2 below,
accuracy measures specific to the individual map categories could also be easily computed in this
scenario.

Accuracy assessments of maps grew in importance during the 1980s when digital
imagery and greater processing power became readily available to the larger community, and
maps based on manual photointerpretation — often accepted as correct — became rarer
(Congalton, 1991). The assessments were largely focused on overall map accuracy and less
attention was paid to class-specific accuracy (Congalton, 2004). Overall accuracy provides
important information on map quality but does not communicate the accuracy of individual map
categories, especially smaller categories. For example, consider mapping forest cover loss in a
region with 98% stable forest and 2% forest loss; a “map” where each pixel is classified as forest
would have a 98% overall accuracy despite being useless for any realistic application. For these
reasons, literature from the 1980s and early 1990s highlighted the need for class-specific
accuracy such as user’s and producer’s accuracy (Card, 1982; Congalton, Oderwald, & Mead,
1983; Foody, 1992) — an era that has been referred to as the fourth “age of accuracy assessment”
(Congalton, 2004). However, an important message of this book chapter is that while an analysis
of class-specific accuracy provides a more comprehensive investigation of the map quality,
accuracy measures are not the end of the analysis. If the analysis ends with measures of accuracy
— being it overall or class-specific — it merely shows that the map is more or less incorrect
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(excluding the very unlikely event of achieving 100% accuracy). Any attempt to obtain the area
of a specific map category directly from the map will result in an erroneous area, as the effects of
classification errors are unaccommodated. Methods for producing area estimates that sum map
units assigned to certain map categories are referred to as “pixel-counting” (GFOI, 2016).
Measures of class-specific accuracy provide information on the magnitude and nature of map
classification errors, but they do not directly adjust for such errors, nor do they produce the
information required to estimate areas and uncertainty such as confidence intervals. A situation
where errors cancel each other out such that the bias is removed in areas obtained by pixel-
counting is possible but highly unlikely and cannot be assumed.

Instead of pixel-counting in maps to estimate areas of land-surface features or activities,
it is recommended to use methods (1) that neither over- nor under-estimates and (2) that allows
for uncertainty quantification. While this recommendation applies to remote sensing analyses in
general, these criteria have been explicitly called out in the guidance for implementing large-
scale efforts aimed at reducing deforestation and forest degradation (GFOI, 2016). An analysis
based on pixel-counting, even if accompanied by an assessment of class-specific accuracy, does
not satisfy these criteria. The first criterion relates to the concept of bias, which is the property of
an estimator. Bias is the difference between the expected value of the estimator and the
population parameter of interest; the estimator is called unbiased if the difference (i.e. bias) is
zero (Casella & Berger, 2002). Therefore, an estimate of the area of an activity (deforestation for
example) produced by applying an unbiased estimator to sample data satisfies criterion (1).
Criterion (2) relates to uncertainty, which can be quantified in the form of a confidence interval.
A confidence interval is a random interval that contains the parameter when calculated from
sample data with some specified probability (normally 0.95) (Rice, 1995).

If relying on pixel-counting, the mapped area of the feature of interest might be
considerably different from the actual area (Olofsson et al., 2013). Still, at least up until 2010,
bias and uncertainty were largely ignored in remote sensing applications: an assessment of all
articles related to mapping of land change published in Remote Sensing of Environment and
International Journal of Remote Sensing 2005-2010, showed that all but a few articles failed to
include this information (Olofsson, Foody, Stehman, & Woodcock, 2013). While no formal
assessment has been performed on articles published after 2010, it is likely that the situation has
changed. Several articles, published in remote sensing journals since 2010, has described the
need, use and guidance of estimation protocols (e.g. McRoberts, 2011; Olofsson et al., 2014;
Stehman, 2013). A quick glance at recently published articles related to land change gives the
impression that estimation protocols are now a rather established practice (e.g. Potapov et al.,
2015; Richards & Friess, 2016; Curtis et al., 2018; Souza Jr, et al., 2020; Murray et al., 2022).
Following the terminology in Congalton (2004), the era after 2010 could be referred to as the
fifth age of accuracy assessment.

Even if the efforts related to highlighting the importance of estimation protocols in
remote sensing applications have been successful in increasing awareness, previous work
recognizing the importance of area estimation needs acknowledgement. As early as 1982, Card
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(1982) introduced the stratified estimator — originally published by Cochran (1977) in a social
science context — in a remote sensing application for area estimation. Card’s article was complete
with equations and a numerical example to allow readers to implement the stratified estimator.
The review of approaches to area estimation in Gallego (2004) provides an excellent summary of
many of the estimation options. It includes a critique of the above-mentioned pixel-counting
approach and an overview of estimators combining ground and remote sensing information.
Additional important contributions that deserve recognition are Foody (2002), McRoberts,
(2010), Stehman, (2000) among many others.

2. Design-based inference

There are two main approaches to inference: design-based and model-based. The difference
between the frameworks has been discussed in detail by many authors in a variety of academic
disciplines (as cited in Stehman, 2009) and only short descriptions are provided here. Model-
based inference assumes that a model is used to make predictions of all units in the population,
and that the observation for a population unit is a random variable (instead of a constant value as
in a design-based framework). While model-based estimators are advantageous in some aspects
— they produce maps as by-products, estimates are consistent with the maps, and importantly,
they do not require a probability sample — they are not necessarily unbiased and often
computationally intense (McRoberts, 2010). These disadvantageous are likely to explain why
design-based inference is more frequent in remote sensing applications. Design-based inference
assumes that the observation on a sampling unit is a fixed constant, and the uncertainty in the
inferred information about the population is attributed to the randomization of the sampling
design. The bias and variance of an estimator — statistical properties often central to remote
sensing applications related to land cover as discussed above — are determined by the set of all
possible sample sets from the sampling design used to select the sample used for inference
(Stehman, 2009). Design-based inference is the classical approach to inference and this chapter
is concerned only with a design-based estimation protocol. A design-based protocol consists of
three major components: sampling design, response design, and analysis (Stehman &
Czaplewski, 1998).

2.1 Sampling design

Because the expression of the estimator, and its properties, bias and variance, depend on how the
sample data was selected, the choice of sampling design is a critical issue; or as expressed in
Stehman (2009, page 5263): “the sampling design is everything.”

Sampling design is the protocol for selecting the sample from the population. In the
context of remote sensing, this typically means selecting a subset of map units (e.g. pixels or
segments) from the study area. The selection can be achieved in several ways but in a design-
based framework, probability sampling is a requirement. Probability sampling is defined by
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two conditions: (1) the inclusion probability (the likelihood of a population unit being included
in the sample) must be known for each unit selected in the sample; (2) and the inclusion
probability must be greater than zero for all population units (Stehman, 2001). Still, there are
several designs that fulfill these criteria. To assist in the selection of a sampling design,
discussing and answering the following three questions are helpful: Whether to use clusters?
Whether to use strata? Whether to use systematic or simple random selection?

To answer the first question, we need to define cluster sampling. Cluster sampling is
based on selection of clusters of one or more basic assessment units instead of selecting units as
individual entities. Even if clusters of units are selected, they are still analyzed as individual units
(if analyzed as a single entity the cluster would be referred to as a block assessment unit). Cluster
sampling has one main advantage: cost saving. If, for example, the aim of a study is to estimate
population parameters for a large country and the selected sample units are interpreted using
costly high-resolution satellite imagery, limiting the extent of the sampling to a few larger
clusters would save cost compared to covering the whole country with high-resolution imagery.
An example of how cluster sampling was used to save cost when purchasing high resolution
imagery for estimating deforestation rates is provided by Potapov et al. (2014). There are a few
drawbacks though. Of importance is the correlation among units within a cluster that often
reduces precision relative to a simple random sample of equal size. Also, it may complicate the
use of strata if they are based on map categories and the assessment unit is a pixel (which is a
rather common scenario); and the analysis is typically more complicated (Olofsson et al., 2014).
These factors must be weighed against the cost savings before choosing a cluster-based design. It
is worth noting that several large-scale remote sensing applications, published in the last couple
of years, have successfully employed two-stage cluster sampling together with a ratio estimator
(e.g., Pickens et al, 2020; Song et al., 2021; L1 et al., 2023).

The question of using strata is often easier to answer. Strata are partitions of the
population such that each population unit belongs to exactly one stratum. The two main reasons
for using strata are (1) a need to estimate parameters for subregions of the population and (2) to
increase precision of estimates. The latter reason is often a strong argument for using strata. This
is especially true in change studies where the land-surface activities of interest occupy a small
proportion of the study area. Without a stratification of the landscape, a very large sample might
be required to produce an estimate. However, if a change map of the study area exists, using the
change categories as strata will ensure that a sufficient sample in areas of activity is selected for
precise estimation. The same precision could be achieved with a simple random sample (i.e.
without using strata) but at a larger cost as a considerably larger sample is likely to be required.
Olofsson et al. (2014) recommended stratified random sampling to estimate area and accuracy of
land change for these reasons.

Finally, the question of whether to use simple random or systematic sampling. The latter
is considered random as the starting location is randomly selected and consecutive units are
selected with a fixed distance between sample locations. Both can be used as selection protocols
in cluster-based and stratified designs, and unbiased estimators are available for both designs.
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While some differences related to precision and variance estimation exist, the choice between
systematic and simple random usually depends on whether reference observations are collected
by field visits (systematic preferable) or by satellite or aerial imagery (simple random
preferable).

2.2 Response design

In many social science applications, the term response design is intelligible as the analyst of the
survey designs the response options. In a map context, it is less intuitive, but the response design
has a similar meaning in that we often design the response options of sample units — “did this
unit experience deforestation or not?” for example. In other words, the response design is the
protocol that leads to a decision regarding agreement of the reference and map labels. The
sampling design selects the locations of the units that are interpreted using reference data for
collection of reference observations. The sample of reference observations (also referred to as the
reference classification) is the data to which an estimator is applied for inference of population
parameters such as accuracy and area. This makes the response design an important component
of the estimation protocol. The first step of the response design is the selection of a spatial
assessment unit. This is often a pixel but can also be a polygon (typically a segment) or a block
of pixels. Regardless of assessment unit, the analyst should aim to have reference data with units
of equal or finer level than the map units. The choice of unit will also impact the analysis;
Stehman & Wickham (2011) provide a comprehensive analysis of the considerations of various
spatial assessment units.

Another critical aspect of the response design is the source of reference data. There is a
variety of viable sources of reference data ranging from field inventories to satellite imagery. A
requirement is that the reference classification must be of higher quality than the map
classification. This requirement can be ensured by selecting data of higher quality than the data
used to create the map. If using the same reference data for both map and reference
classifications, the process of collecting reference observations must be more accurate than the
map making process (Olofsson et al., 2014). Since the opening of the Landsat archive in 2008
(Woodcock et al., 2009), and the launch of Sentinel-2 in 2015, time series of satellite
observations of surface reflectance provide a powerful source of reference data. Various research
groups have developed software tools that facilitate access and use of time series data for this
purpose; examples include Collect Earth Online (https://www.collect.earth/) and the tools in
Arévalo et al. (2020).

The final step of the response design is the labelling protocol and definition of agreement.

If land categories and mapping and assessment units are well-defined, and the map and response
legends are unambiguous, this is a rather straightforward task. But this is seldom the case;
heterogeneous landscapes, mixed pixels, vague land category definitions, geolocation errors,
varying experience, confidence and effort among interpreters, and clerical errors are common
problems that need attention. A discussion of these issues is provided in Olofsson et al. (2014),
who also provides a set of recommendations for dealing with the afore-mentioned problems.
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2.3 Analysis

2.3.1 The error matrix

The analysis of sample data is the final step of the estimation protocol. Central to the analysis is
the application of an estimator to sample data to obtain estimates of accuracy and area. Note that
there is an important distinction between the estimator and the estimate — the estimate (a
number) is a realized value of an estimator (a mathematical formula) (Casella & Berger, 2002).
Before applying the estimator, it is common practice in remote sensing studies to construct an
error matrix, which is also called a contingency or confusion matrix (Card, 1982). The error
matrix is a cross-tabulation of map and reference labels for each location in the sample. The rows
of the matrix normally represent the map labels and the columns the reference labels. Table 1
shows a simple example of an error matrix with two categories.

Table 1. Example error matrix with two categories.

Reference ()
Category 1  Category 2 Total
= Category 1 P11 P12 P1+
o Category 2 P21 P22 P2+
= Total P+1 P+2 1

The elements in the error matrix in Table 1 (p;;) are the area proportions such that p,, is the
proportion of the map area that was mapped as category 1 but identified as belonging to category
2 in the reference data. In an error matrix, the diagonal values represent the correctly classified
area whereas the off-diagonal elements represent the incorrectly mapped area. The matrix
element p;, is the commission error of Category 1 and p,; is the omission error, both expressed
as area proportions of the total map area. The elements of the matrix are estimated from the
sample data, which requires construction of a sample-based estimator (p;;). The formula of the
estimator depends on the sampling design; for stratified random sampling (STR) in which the
strata correspond to the map classes, the area proportion is estimated as (Olofsson et al., 2013,

Eq. 1)

A nij

b = W; ﬁ (1)
where n;; is the number of units in the sample classified as category 7 and identified as category j
in the reference data; n;, is the total number of sample units in map category i; and W; is the
weight of stratum i (often indexed using the letter 4 in the literature). For simple random and
systematic sampling, Eq. (1) is a post-stratified estimator of p;; (Card, 1982). For designs that
are more complex such as cluster-based and multi-stage designs or STR designs when strata are

different from map classes, the construction of an error matrix is more complicated (the formulas
are available in Stehman, 2013, 2014; Strahler et al., 2006).
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2.3.2 Accuracy measures

Once the area proportions have been estimated and the error matrix populated, overall, user’s and
producer’s accuracy are easily calculated. The overall accuracy is the diagonal total which is
equivalent to the estimated proportion of the area correctly mapped. In an assessment of a map of
g classes, the overall accuracy (O) is estimated as (Olofsson et al., 2013, Eq. 6)

0= 30,5; o)
The user’s accuracy of category i (U;) is estimated as (Olofsson et al., 2013, Eq. 7)

0, =22 (3)
while the producer’s accuracy of category j (P;) is estimated as (Olofsson et al., 2013, Eq. 8)

5 Dij
p =24 4
J D+j ( )

Variance estimators are available for each of the measures. They are not provided here because
of the complexity of the computations but can be found in Olofsson et al. (2014).

2.3.2 Area estimates

Often more important than map accuracy is estimation of area. As discussed above, this requires
construction of an estimator. In a design-based inference framework, the estimator should be
unbiased and must correspond to the sampling design used to select the sample. For example, if
the sample was selected by simple random (SRS) or systematic sampling, the sample mean is an
unbiased estimator of the population mean (Cochran, 1977, Theorem 2.1):

,\ XiYi
Usps = i (5)

n

with an unbiased variance estimator (Cochran, 1977, Theorem 2.4):

A Yi(yi—Hsrs)?
V(lsgs) = 2i0i"Hsrs)_ (6)

n—1

In Egs. 4 and 5, y; is the ith reference observation of a sample of a total of n observations. For
example, if a sample of 500 reference observations of land-surface conditions has been collected
and 72 instances of deforestation were observed, the estimated area proportion of deforestation is
(Eq. 4): fisgs = 2iy; +n=72+500=0.14.

With stratified random sampling (STR), Egs. 4 and 5 need to be modified to account for
the different sampling intensities within strata. For ¢ number of strata, an unbiased estimator,
often called a stratified estimator (Cochran, 1977, Eq. 5.1) 1s
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fsTr = 2?:1 Wi (7
where fi; is the sample mean for stratum i:

n;
XiZ1Yij

fiy =—— (8)
In this case, y;; is the jth reference observations in stratum i, n is the total sample size and n; is
the sample size of stratum i. Again, note that Cochran (1977) is not using i to index strata but 4.
A stratified variance estimator is given by Cochran (1977, Eq. 5.7 and 5.11) as

9 :
V(dsrr) = Z?:l Wiz Z_i; )

1 A \2
of = ngzl(%j —A;) (10)

The stratified estimator is typically used when stratified random sampling is implemented but the
estimator can be applied to simple random and systematic sampling as well. The stratified
estimator is then referred to as a post-stratified estimator as the strata are incorporated via the
estimator instead of via the sample selection as is the case for a stratified design (Cochran, 1977;
Sarndal, Svensson, & Wretman, 1992). Post-stratification may increase precision in estimates
when the sample is based on permanent plots (a national forest inventory for example) and
stratified sampling is not possible (McRoberts, Nasset, & Gobakken, 2013).

A common alternative to the stratified estimator is the model-assisted regression
estimator (Sirndal et al., 1992). Just as with the stratified estimator, it has been used in remote
sensing studies for estimation of area (e.g. McRoberts & Walters, 2012; Sannier, McRoberts,
Fichet, & Makaga, 2013). The model-assisted regression estimator is constructed from auxiliary
data that is not the specific estimation target; (for example, a map or satellite imagery could be
auxiliary data when using the estimator to estimate the area of deforestation) and includes an
explicit estimate of the bias (McRoberts, 2010, Eq. 10 and 11):

A1 A~ 1 ~

U =;Z?’=1)’i‘;2?=1()’i_)’i) (1)
and

P 1 —

where ¢ = y;, —y;and € = % Y.i €. The second term in Eq. 11 is the estimated bias that is

subtracted from the mapped value of the parameter of interest. Regarding which estimator to use,
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the stratified estimator is typically more efficient when working with categorical categories (e.g.
deforestation or not) while the model-assisted regression estimator has been found to produce
higher precision when used with continuous reference observations (e.g. percent deforestation)
(GFOI, 2016).

For cluster and multi-stage sampling designs, the estimators get more complicated.
Estimators for various situations that include multiple stages and clusters are available in
Chapters 9 and 10 in Cochran (1977).

While the estimators explained in this subsections are presented similar to the format in
the textbooks of Cochran (1977), Casella & Berger (2002) and Sarndal et al. (1992), it is also
possible to extract the area estimates directly from the error matrix. For example, the area
estimate produced by a stratified estimator of Category 1 in Table 1, is simply the sum the first
column. This is also called a direct estimator and is written as (Stehman, 2013, Eq. 1)

Dsj = 2iDij (13)

Similar to the model-assisted regression estimator is the a bias-adjusted estimator which would
produce the same estimate as the direct estimator but would include an explicit expression of the
bias (Stehman, 2013, Eq. 6):

pA+j = DPi+ + (é\omission - é\commission) (14)

If using this expression to estimate the area of Category 1 in Table 1 we would get p,; = p14 +
(P12 — D21), 1.e. we would add the estimated omission error (P;,) and subtract the estimated
commission error (p,;) from the mapped area of Category 1 (p;4). A comprehensive analysis of
how to estimate area from the information in an error matrix is provided by Stehman (2013).

3. Additional considerations

A couple of recent developments in this field are worth mentioning.

First, errors of omission (defined in the list of terms below) have in certain situations
been found to introduce considerable uncertainty in parameter estimates (e.g., Arévalo et al.,
2019; Bullock et al., 2018; Potapov et al., 2017). The situation arises when following
recommended practices of using stratified random sampling to estimate an activity that is a small
proportion of the study area relative a large single stratum such as forest. This is a common
situation in studies of activities such as deforestation and forest degradation in tropical countries
where the relative area of intact forest tends to be large. If in such situations, with strata
constructed that correspond to mapped deforestation and intact forest, any observations of
deforestation at sample locations in the forest stratum (i.e. instances of deforestation mapped as
intact forest) will carry a large area weight due to the area proportion/weight of the forest
stratum. The weight of the errors can thus be reduced if the size of the stratum in which the error
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was observed is reduced. Under stratified sampling, any strata can be constructed provided they
are exhaustive and non-overlapping; this implies that any available information on the likely
location of omission errors can be used to define strata. Because omissions of change typically
occur near areas of mapped change, while areas mapped as stable forest at larger distances from
mapped change are unlikely to contain omissions, creating a stratum corresponding to a spatial
buffer around mapped change has been reported in the literature; the topic is discussed in detail
by Olofsson et al. (2020).

Second, there are attempts in the literature to bridge wall-to-wall maps and point
estimates which deserve attention (e.g. Song et al., 2017; Li et al., 2023). The spatial information
of'a map is often of high value to subsequent analyses and decision-making, but such map usage
is problematic if a sample analysis shows that the map categories of interest have considerable
area bias. To mitigate this discrepancy between spatial information and sampling-based
estimates, methods have been published that aim to conform maps to estimates. For example, Li
et al. (2023) mapped various crops in optical satellite data and estimated associated areas and
map accuracy using a regression estimator applied to sample data selected under two-stage
sampling. To match the map to the sampling-based area estimates, intermediate map output was
used as an auxiliary variable when constructing the regression estimator, and the mapping
exercise was constrained by the area estimates such that map-based areas (i.e. pixel-counting)
matched the sampling-based area estimates. Greater adoption by the community of such methods
could help elevate the use of remote sensing in decision-making.

4. Terminology

Accuracy
A measure of “correctness”; in the context of this chapter, an estimate of accuracy is the degree
to which the map agrees with a sample of reference observations.

Accuracy Assessment
The process and steps involved in estimating measures of map accuracy from a sample of
reference observations.

Bias

A property of an estimator; the bias of an estimator (i of a population parameter u is the
difference between u and the expected value of 1 over all possible samples; that is, Bias(f) =
E(f1) — u (Casella & Berger, 2002, p. 330). Note that because variance and bias are properties of
estimators, and “because an estimate is a number, it has no variation and no bias. The term
biased estimate is [not recommended but is] nevertheless used occasionally.” (Sarndal et al.,
1992, p. 41).

Cluster
A “sampling unit [that] consists of group or cluster of smaller units” (Cochran, 1977, p. 233).

Commission error
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Commission error is the proportion or percentage of the area mapped as the category of interest
that is erroneously predicted based on comparison to the reference classification. Commission
error is the complement of user’s accuracy.

Confidence interval

A 95% confidence interval for a population parameter, u, expresses uncertainty in the parameter
estimate, (1, and is calculated using the sample data. Confidence intervals are often, but not
necessarily, in the form i + a X SE(/1) where SE(f1) is the standard error of the estimate and a is
a statistic related to the desired confidence level (see z-score). Among the aggregate set of
confidence intervals constructed using all samples that could be realized using the sampling
design, 95% of such intervals are expected to include the true value of the population parameter
U, although which intervals do and which do not include p is generally unknown. Typically, 95%
confidence intervals are reported in the literature.

Design-based inference

The process of drawing an inference for a population parameter by analyzing a probability
sample selected from the population. With design-based inference, the observation for a
population unit is a constant value, apart from negligible measurement error. Design-based
properties of estimators such as bias and variance are determined from the sampling distribution
constructed from the aggregate set of population parameter estimates obtained from all possible
samples that could be realized from the sampling design. See also Inference.

Estimate

The value obtained from the estimator when applied to a specific sample. An estimate of u is
denoted fI. Note that in the literature, the estimator is usually denoted in the same way as the
estimate (e.g. Cochran, 1977, p. 11; Sérndal et al., 1992, p. 40) because there will not likely be
confusion regarding which use we intend.

Estimator

“The rule by which an estimate of some population characteristic 4 is calculated from the sample
results” (Cochran, 1977, p. 11). Note that that an estimator is not the same thing as an estimate:
“An estimator is a function of the sample, while an estimate is the realized value of an estimator
(that is, a number) that is obtained when a sample is actually taken” (Casella & Berger, 2002, p.
312).

Inference

In a sampling framework, an inference expresses the relationship between the population
parameter, u«, and its estimate, ([, in probabilistic terms, typically in the form of a confidence
interval (Dawid, 1983).

Kappa
The kappa coefficient of agreement is often used as an overall measure of map accuracy. It
allegedly incorporates an adjustment for random agreement, which has been questioned by the
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literature. For example, it has been reported “that these Kappa indices are useless, misleading
and/or flawed for ... practical applications in remote sensing” (Pontius & Millones, 2011).

Margin of error

A relative measure of the uncertainty in an estimate. Note that the definitions of margin of error
are not all the same. Typically, it is calculated as the ratio of the half width of a 95% confidence
interval to an estimate.

Model-assisted estimator

An estimator used in design-based inference framework that incorporates auxiliary information
to increase precision by comparing a model’s predictions, often in the form of map unit values,
to a probability sample of reference observations (Sirndal et al., 1992, p. 219). Model-assisted
estimators can be particularly effective when the response variable is continuous (e.g., proportion
forest or biomass) rather than categorical (e.g., forest/non-forest or forest change class).

Model-based inference

Inference based on the perspective that an observation for a population unit is a random variable
and that the model used to make predictions for all units in the population has been adequately
specified in the sense that there is no systematic lack of the model fit to data that represent the
entire population (Stehman, 2009).

Omission error

An omission error is the proportion of area with the reference classification of the category of
interest that is erroneously predicted (mapped) to be in other categories. Omission error is the
complement of producer’s accuracy.

Overall accuracy
The overall accuracy is the “overall proportion of area correctly classified” (Stehman, 1997, p.
79).

Population
“The aggregate from which the sample is chosen.” In the context of this chapter, the population
is typically a study area (Cochran, 1977, p. 5).

Population parameter
“Numerical characteristics, or parameters, of the population that we will estimate from a sample”
(Rice, 1995, p. 186). (Example: the area deforested or a fixed value in a model.)

Population unit
An individual member of the set of elements that make up the population. Population units are
referred to as elements in Sérndal et al. (1992, p. 9).

Post-stratified estimation

Post-stratification refers to a stratification of the study area that is independent of the selection of
the sample and applied subsequently to the sampling. For example, if a systematic sample of
plots exists and we want to estimate the area of forest, post-stratifying the area using a
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forest/non-forest map is likely to increase precision in the area estimate, even if stratified random
sampling is not used. In this case, a stratified estimator applied to the sample data is referred to
as a post-stratified estimator.

Precision

In the context of estimation, Cochran (1977, p. 16) states that because “of the difficulty of
ensuring that no unsuspected bias enters into estimates [sic], we will usually speak of the
precision of an estimate instead of its accuracy. Accuracy refers to the size of deviations from the
true mean u, whereas precision refers to the size of deviations from the mean m obtained by
repeated application of the sampling procedure.” In the context of this document, we often
characterize the precision of an estimate with a 95% confidence interval — the larger the interval
the less the precision (and greater the uncertainty).

Probability sample

A sample drawn from a population using a randomization mechanism such that “the inclusion
probability for each element of the sample is known, and the inclusion probabilities are non-zero
for all elements of the population.” (Stehman, 1999).

Producer’s accuracy

From Stehman (1997, p. 79): “Producer’s accuracy for [category] j [is] the conditional
probability that an area classified as category j by the reference data is classified as category j by
the map.” When expressed in terms of area, producer’s accuracy is the proportion of area that has
the reference classification of the category of interest that is correctly predicted (mapped) as that
category. Producer’s accuracy is the complement of omission error.

Reference data
Data characterizing the most accurate available assessment of the true condition at the sample
location (example: fine-resolution satellite imagery).

Reference classification
The most accurate available assessment of the true condition of a population unit (example:
deforestation).

Reference observations
The reference classification applied to the collection of all sample units.

Sample
A subset of units selected from the population.

Sampling unit

Entities that make up the sampling frame (Sérndal et al., 1992, p.5). In the literature, sometimes
there is no distinction made between population units and sampling units (e.g. Cochran, 1977, p.
6). However, population and samplings units are different entities because the sampling frame
and the population are sometimes different entities (in many situations though, the sampling
frame is equivalent to the population).
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Simple random sampling
“A method for selecting n units out of the N such that every one of [the sets of n specified units]
has an equal chance of being drawn.” (Cochran 1977, p. 18).

Spatial assessment unit
“Spatial unit for comparing the map and reference classifications” (Stehman & Wickham, 2011,
p. 3044); typically a pixel, block of pixels or polygon.

Standard deviation
The standard deviation of a random variable X is the square root of the variance: SD(X) =

JV(X) (Rice, 1995) and is often denoted by S(X), SD(X), D(X), or gyx. Because of the square
root, the standard deviation has the same unit as the random variable as opposed to the variance.
A standard deviation calculated from sample data is sometimes referred to as the sample standard
deviation to distinguish it from the population standard deviation. The standard deviation of an
estimate is referred to as its standard error.

Standard Error

The standard error is the standard deviation (i.e. square root of the variance) of an estimator
(Rice, 1995, p. 192). For example, consider the situation in the explanation of variance below:
we want to estimate the mean Y of a population of size N with variance 2. To do this, we select
a simple random sample of 7 units (4, ..., ¥y); ¥ is an estimate of ¥ and the estimated variance
of the sample mean is V() = s? + n (the sample variance s? is defined under Variance below).
The standard deviation of y is referred to as its standard error. Because the sample variance is an
unbiased estimator of the population variance, we can estimate the standard error using the

sample variance: SE(¥) = +/V(¥) = s + /n. Note that because a standard error is a standard
deviation of an estimator, all standard errors are also standard deviations, but not all standard
deviations are standard errors. This sometimes causes confusion even though the definitions of
standard error and standard deviation are consistent. The confusion is exacerbated by the
common use of the letter S to denote both standard errors and standard deviations.

Strata
Strata are “subpopulations that are nonoverlapping, and together they compromise the whole
population” (Cochran, 1977, p. 89).

Unbiased estimator

“An estimator [ of u given by a sampling plan is unbiased if the mean value of /i, taken over all
possible samples provided by the plan, is equal to ” (Cochran, 1977, p. 11); or in other words,
the estimator is characterized as unbiased if it produces an “estimate [that] is correct ‘on the
average’” (Rice, 1995, p. 192).

User’s accuracy

From Stehman (1997, p. 79): “User’s accuracy for [category] i [is] the conditional probability
that an area classified as category i1 by the map is classified as category i by the reference data”.
When expressed in terms of area, user’s accuracy is the proportion of the area that has the
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predicted class of the category of interest that is correctly classified as determined by comparison
to the reference classification. User’s accuracy is the complement of commission error.

Variance

The formal definition of the variance of a random variable X with expected value E(X), is

V(X) = E(X — E(X))? to provide “a measure of the degree of spread of a distribution around its
mean” (Casella & Berger, 2002, p. 59). But this definition is not very relevant in
geography/remote sensing context. Instead, we are concerned with situations where a sample has
been selected from a population (e.g. all pixels of a country) with the objective of estimating a
certain population parameter, u (e.g. the area of deforestation). For example, let’s say we have a
population of N units (yy, ..., yy) with mean Y and variance o2 from which a sample of # units
(1, --» V) has been selected under simple random sampling. We have collected reference
observations for the n sample units. The sample variance is s = Y (y; — ¥)? + (n — 1)
(Cochran, 1977, p. 26). Again, this is also not very helpful as we are usually not interested in the
sample variance but in the variance of an estimate (e.g. the area of deforestation). For simple
random sampling designs, the sample mean ¥ is an unbiased estimator of the population mean Y,
and the sample variance s? is an unbiased estimator of the population variance o2, such that
E(¥) =Y and E(s?) = a2 (Cochran, 1977, p. 22, 26). The variance of y is V(y) = 6% + n
(assuming a small 7 relative N); the estimated variance of ¥ substitutes the sample variance s2
for the population variance o to create the variance estimate of ¥ as V() = s? + n. This is the
variance that is of primary interest to us, and that allows us to calculate a standard error and a
confidence interval of the estimated population parameter of interest.

Z-score

A z-score (also referred to as standard score), z;_q/, Where 1 — a is the confidence level
between 0 and 100%, is a constant such that the area under the standard normal density function
in between +z;_q/, is 1 — a (Rice, 1995, p. 202). For example, a confidence interval at the 95%
confidence level for an estimate ;I would be computed as I + z;_ g25 X SE(1) = 1 +

1.96 x SE(1). A condition for using z to compute a confidence interval is that that the sampling

distribution for i is approximately a normal distribution, which we can assume for large sample
sizes (Sérndal et al.,1992).
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