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Abstract

The database design and diverse application of NLCD 2001 pose significant challenges for
accuracy assessment because numerous objectives are of interest, including accuracy of land cover,
percent urban imperviousness, percent tree canopy, land-cover composition, and net change. A multi-
support approach is needed because these objectives require spatial units of different sizes for reference
data collection and analysis. Determining a sampling design that meets the full suite of desirable
objectives for the NLCD 2001 accuracy assessment requires reconciling potentially conflicting design
features that arise from targeting the different objectives. Multi-stage cluster sampling provides the
general structure to achieve a multi-support assessment, and the flexibility to target different objectives at
different stages of the design. We describe the implementation of two-stage cluster sampling for the
initial phase of the NLCD 2001 assessment, and identify gaps in existing knowledge where research is

needed to allow full implementation of a multi-objective, multi-support assessment.
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Introduction

The Multi-Resolution Land Characteristics Consortium (MRLC) has completed the 2001 edition
of the National Land Cover Data, NLCD 2001, for the conterminous United States (Homer et al. 2007),
and is finishing NLCD 2001 for Alaska, Hawaii and Puerto Rico over the coming year (www.mrlc.gov).
NLCD 2001 is considerably different from NLCD 1992 (Vogelmann et al. 2001). Whereas NLCD 1992
was a land-cover dataset, NLCD 2001 is a land-cover database consisting of three main products mapped
for every 30-meter cell in the U.S. (Homer et al. 2004). The products identify one of 16 classes of land
cover (Table 1) convolved to a one-acre minimum mapping unit, percent urban imperviousness, and
percent tree canopy. The impervious surface and canopy cover datasets provide per-pixel estimates from
0 to 100 percent. In this article, we describe the framework and development of the sampling design for
assessing accuracy of NLCD 2001.

Typically, the planning considerations for designing an accuracy assessment focus on obtaining
adequate precision for estimating overall and class-specific accuracy (Stehman and Czaplewski 1998).
Such a priori evaluations start by considering possible sampling designs and applying well-known
variance equations (e.g. Cochran 1977) to gauge the sample size and allocation to balance cost constraints
with desired precision. Because of NLCD’s historical context (NLCD 1992 and 2001), the database
design of NLCD 2001, and the widespread use of NLCD 1992 (Table 2), there is a proliferation of
potential accuracy assessment objectives that extend beyond estimation of overall and class-specific
accuracy. Therefore, the starting point for planning the NLCD 2001 accuracy assessment focuses on
qualitative consideration of the interplay between multiple objectives, sampling design, and cost.
Planning decisions must necessarily recognize the priorities among objectives because, in reality,
available budgets will not keep pace with fiscal requirements needed to meet all objectives.

The sampling designs historically implemented to assess accuracy of large-area maps are not
adequate to achieve the desired multi-objective, multi-support assessment of NLCD 2001. Multistage

cluster sampling provides the structure to generate data at multiple supports, and the flexibility to



engineer the design to target multiple objectives. We describe how this design is used to advantage in the
NLCD 2001 accuracy assessment. To fully implement a multi-objective, multi-support assessment,
practical methods to achieve some of the desirable objectives must be developed, and the precision and
cost of the multitude of possible sampling design options must be evaluated. We identify several of the
more pressing needs for research and methodological development that would benefit subsequent phases

of the NLCD 2001 accuracy assessment.

NLCD 2001 Accuracy Assessment Objectives and Sampling Design Criteria

The NLCD 2001 accuracy assessment objectives (Table 3) constitute a nearly exhaustive list of
information on product quality. Meeting all of these objectives would leave little unknown about the
quality of the three NLCD 2001 database elements, the reliability of change estimated from NLCD 1992
and 2001, the effect of reference data error (i.e. error in the determination of the “ground condition”) on
the accuracy results, and the reliability of derivative measurements used in models and assessment.
Realistically, available resources will limit the number of objectives that can be met, so the objectives
were prioritized with that in mind. Objectives 1, 2, and 3, were given the highest priority because, as a
set, they document product quality of the constituent elements of NLCD 2001 (Objectives 1 and 2) as
well as a common application of the land-cover data (Objective 3).

The analyses that would accompany the top four priority objectives fall into two classes. Land-
cover accuracy (Objective 1) would be addressed by the traditional analyses based on an error matrix.
Land cover composition, net change, urban imperviousness, and tree canopy cover can all be expressed in
terms of percent of area. Consequently, the analyses addressing Objectives 2-4 compare map quantities to
reference data derived quantities. Descriptive accuracy measures such as mean deviation, mean absolute
deviation, root mean square error, and correlation appropriately summarize these comparisons.

The desirable sampling design criteria for the NLCD 2001 assessment are listed in Table 4.
Criteria 1, 2, and 3 are the most important because accuracy results need to be supported by the

foundation of inferential statistics (Criterion 1), and confidence in the estimates should be as high as



possible (Criterion 2) given available fiscal resources (Criterion 3). Criteria 4 and 5 scale the first three
criteria for national implementation, and Criterion 6 is included specifically to address Objective 5.

These design criteria in combination with the prioritized objectives guide the process for
choosing the sampling design for the NLCD 2001 accuracy assessment. No one design will likely be
compatible with all objectives and criteria. For example, the sampling and analysis spatial unit for
Objectives 1 and 2 is typically a pixel, whereas Objectives 3-6 are better addressed by a larger spatial
unit. In addition, precisely estimating land-cover composition accuracy (Objective 3) may require greater
sampling effort than what is needed for estimating the per-pixel accuracy measures defined for Objectives
1 and 2. Objectives 5 and 6 require reference information for adjacent pixels, thereby introducing an

additional structure beyond what is required by a sampling design targeting Objectives 1-4.

General Approaches to Design and Analysis of Map Accuracy Assessment

During the planning process, four general approaches to conducting an accuracy assessment
typically surface. We categorize these approaches as cross validation, existing data, non-probability
sampling, and probability sampling. Planning considerations may include questions such as, can the
assessment be based solely on cross validation, are adequate reference data available from existing
sources thus eliminating the need to collect new data, or is a judgment sample of a few intensively studied
validation sites adequate to assess map accuracy? Evaluating the strengths and limitations of these

approaches for a particular application is an important part of the planning process.

Cross Validation
Cross validation accuracy estimates are derived by omitting random subsets of the reference data
used to train the classifier and then applying the resulting classification to the omitted subsets. Because

the same data are used for training and accuracy assessment, the expense of obtaining a separate



independent reference sample is avoided, and the accuracy results are immediately available because the
cross validation protocol is built into the classification process.

The statistical validity of the cross validation estimates is dependent on the sampling protocol
used to obtain the reference data. If a probability sampling design is implemented, then the cross
validation accuracy estimates are nearly unbiased (Steele 2005). Typically, however, the reference data
incorporated in cross validation do not originate from a probability sample. Instead, locations are selected
because of convenient access, to represent exemplars of a particular land-cover class, or because of
homogeneity of land cover, and cross validation accuracy estimates derived from these data would not
represent the true accuracy of the map. Steele (2005) and Baraldi et al. (2005) suggest analyses that can
reduce the bias of cross validation estimates in this circumstance. If substantial manual re-interpretation
of the output of the automated classification algorithm occurs, or if the final classification is the result of a
complex procedure involving many steps combining different algorithms, the utility of the cross
validation estimates is compromised.

The NLCD 2001 mapping protocol requires training data to drive the decision tree algorithms,
and not all of these training data originate from a probability sampling design. Further, the NLCD 2001
classification procedures (Homer et al. 2004, plate 2) combine different algorithms and some manual re-
interpretation has occurred. Cross-validation accuracy estimates are provided with the NLCD 2001
metadata, but users are cautioned not to interpret these estimates as representative of final product

accuracy (Homer et al. 2007).

Existing Data

“Existing data,” defined as data initially obtained for some purpose other than accuracy
assessment, have the potential advantage to lower the cost of reference data. Examples of accuracy
assessments based on existing data include Balzter et al. (2002), Franklin et al. (2001), Fuller et al.
(1998), Gill et al. (2000), and Wulder et al. (2006). Stehman et al. (2000) discuss conceptual and practical

issues associated with using existing data. In the U.S., two high quality sources of existing data are the



U.S. Forest Service Forest Inventory and Analysis (FIA) (USFS 1992) and the National Resources
Inventory (NRI) (Nusser and Goebel 1997). An appealing feature of both FIA and NRI is that they
employ probability sampling designs. Other sources of existing data in the U.S. are less comprehensive
than NRI and FIA, and often lack a probability sampling origin.

For a broad-based (i.e. national) accuracy assessment, existing data must be both compatible with
the classification scheme of the map and sampled in a manner allowing the results to be generalized to the
entire map area. Considerable effort may be needed to translate the FIA plot data and NRI classification
of land cover into reference labels consistent with the NLCD 2001 classification scheme and spatial scale.
Further, neither NRI nor FIA has complete national coverage. For example, the NRI does not apply to
public lands, and therefore would not supply reference data for a significant portion of the NLCD 2001
map. Existing data are not entirely free because of the costs associated with evaluating suitability of the
data, modifying the data for use, administratively managing data transfer, and filling gaps in the data
(both spatially and by land-cover class). Existing data such as provided by FIA and NRI may contribute
valuable information for some land-cover classes in some spatial domains. But creating a nationally
consistent, complete accuracy assessment based exclusively on existing data would be a challenging task
requiring patching together several existing data sources combined with supplemental sampling to fill in

gaps in the data.

Non-probability Sampling

Judgment sampling and balanced sampling are non-probability sampling designs that may be
considered for accuracy assessment. A judgment sample is purposely selected based on expert judgment
to be representative of a population. Balanced sampling establishes representativeness quantitatively
based on selecting the sample units so that characteristics of the sample (e.g., means and variances)
approximately match those of the population.

Judgment sampling has been used to select validation sites employed for “confidence building

measures” (i.e. studies or comparisons conducted to provide users with confidence in the map) (Morisette



et al. 2004). Validation sites may be chosen for convenience or to represent specific geographic areas or
ecological conditions. A single validation site typically covers a large area (Muchoney et al. 1999),
creating the potential to evaluate aspects of accuracy not generally available from the common practice of
working with single pixels or small pixel blocks.

A large probability sample of validation sites would be ideal for accuracy assessment, but
typically a limited number of validation sites are affordable. Cohen et al.’s (2006) examination of MODIS
land cover accuracy at nine BIGFOOT sites is a good example of this feature of the validation site
approach. Judgment sampling has merit when a very small sample size must be selected (Deming 1960),
but inference must then be based either on a model or on the assumption that the sample is representative
of the population, features which deter from a quantitatively rigorous assessment of accuracy. Although a
few validation sites cannot provide a national, rigorous accuracy assessment, validation sites may
contribute useful anecdotal information and play a valuable role in confidence-building measures.

Another variation of judgment sampling is to conduct the accuracy assessment within a limited
geographic extent of the area mapped. For example, rather than conduct a national assessment for NLCD
2001, 5 of the 65 NLCD 2001 mapping zones could be selected to represent a diverse range of conditions
encountered throughout the U.S. If a probability sampling design is implemented within each of five
zones, then a rigorous basis exists for inference applicable to these five zones. The disadvantage is the
limited geographical representation of the results. Nonetheless, if minimal resources are available to
conduct a national assessment, a geographically restricted assessment based on a judgment sample of
representative areas may be considered.

In general, balanced sampling seeks to achieve similarity between the sample statistics and
corresponding population parameters of an auxiliary variable that is known for all elements of the
population (Brewer 2002, p. 82, 102; Royall and Eberhardt 1975; Sdrndal et al. 1992, p. 531, 571). A
simple approach is to balance on the mean of a single auxiliary variable, but more complex schemes exist
to balance on several variables (Deville and Teillé 2004). Although randomization in the selection

protocol is not necessary to support the model-based inferences associated with balanced sampling, it is



often advocated to lend objectivity (Valliant et al. 2000). Cihlar et al. (2000ab), Latifovic and Olthof
(2004), and Latifovic et al. (2004) employed balanced sampling in which locations were selected so that
the land-cover composition and a fragmentation index computed from the sample blocks matched the
corresponding characteristics of the full region. Baret et al. (2006) used a balanced sampling approach to
complete an existing network of sites for validating land biophysical products, selecting additional
locations to balance the sample in terms of latitude and longitude, surface type (bare, grass, evergreen
broadleaf, evergreen needleleaf, and deciduous broadleaf), and distribution of leaf area index.

Practical experience applying balanced sampling to accuracy assessment is limited. For example,
what variables should be used to define balance and what is the rationale for choosing these variables?
What model-based analyses are warranted, and what assumptions are inherent in these models? Design-
based inference, a standard approach to analysis of accuracy assessment data (Stehman 2000), is
predicated on an underlying probability sampling design, so implementing balanced sampling forfeits the
option to apply these conventional analyses. Because model-based analyses traditionally have not been
implemented in accuracy assessment and users are generally unfamiliar with these analyses, the NLCD
2001 sampling design should be chosen so that the assessment is not dependent on model-based analyses,

yet does not preclude such analyses.

Probability Sampling

The probability sampling approach employs a rigorous protocol to select a sample of reference
data. The protocol must satisfy two requirements: the inclusion probability of each element of the sample
must be known, and the inclusion probability for any element of the population must be greater than 0,
where an inclusion probability is the probability that a particular element of the population is included in
the sample (Sérndal et al. 1992, Stehman 2000). Simple random, stratified random, systematic, and
cluster sampling are familiar probability sampling designs employed in accuracy assessment (Stehman
1999), and Table 5 lists examples of more complex probability sampling designs that have been used.

Several design features are common to the Table 5 examples. Often the map land-cover classes are



defined as strata to target the objective of estimating user’s accuracy, and cluster sampling is implemented
to reduce costs.

A compelling advantage of the probability sampling approach is that it provides a strong
statistical foundation for the assessment. Moreover, whereas design-based inference cannot be applied to
a non-probability sample, data collected via a probability sampling design can be analyzed by model-
based methodology. If model-based inference were to become more commonplace in accuracy
assessment, the probability sampling approach would not prevent such analyses. The expense of
collecting a sample of reference data independent from the classifier training data is the primary
disadvantage.

The NLCD 1992 accuracy assessment (Stehman et al. 2003, Stehman 2004, Wickham et al.
2004a, Zhu et al. 2000) is an example of the probability sampling approach. We address the question of
whether the NLCD 1992 design would meet the objectives and satisfy the desirable design criteria
specified for the NLCD 2001 assessment. The NLCD 1992 design satisfied most of the desirable design
criteria, starting with Criterion 1 (probability sampling design). The design was stratified by Level 11
land-cover class within each of 10 U.S. Environmental Protection Agency (EPA) Federal regions. For the
Level II land-cover classification, the standard error for estimated overall accuracy (expressed as a
proportion) was about 0.02 in each of the 10 regions, and the median standard error was 0.06 for all 180
user’s accuracy estimates (10 EPA regions with an average of 18 classes per region). The standard errors
for overall and user’s accuracy for the Level I land-cover classes were generally smaller than the Level 11
standard errors. The ability to generate precise estimates of per class accuracy, even for classes that were
rare in a region (Criterion 2), was a strength of the NLCD 1992 assessment.

Clustering the sample pixels within primary sampling units (PSUs) reduced costs (Criterion 3) by
limiting the number of aerial photographs that had to be purchased and processed to obtain the reference
land-cover information (Wickham et al. 2004b). The design was generally consistent nationally
(Criterion 4) with minor deviations in protocol resulting from the sequential implementation of the design

by the 10 EPA regions. A spatially well-distributed first-stage sample of PSUs across the U.S. (Criterion

10



5) resulted from stratifying by both the ten EPA regions and by geographic strata constructed within each
region. The NLCD 1992 design was not constructed to collect reference data for blocks of adjacent pixels.
Consequently, those analyses that require such data to evaluate the impact of reference data error (e.g.,
Hagen 2003) would not be available (Criterion 6).

The NLCD 1992 accuracy assessment was designed to meet Objective 1, and it successfully
produced precise estimates of overall and class-specific accuracy for each of the 10 EPA Federal regions.
Similar to other accuracy assessments (Table 5), the NLCD 1992 design was not constructed to meet the
expanded set of objectives proposed for NLCD 2001. However, the NLCD 1992 design serves as a good
starting point for a multi-support, multi-objective design. Not only does it satisfy most of the desirable
design criteria, the NLCD 1992 design provides a suitable structure that, with slight modification, can

accommodate the additional objectives of NLCD 2001.

Sampling Designs for Multi-Support, Multi-Objective Accuracy Assessment

Multi-stage cluster sampling (Cochran 1977, Chapter 10) provides a structure compatible with the
objectives of a multi-support accuracy assessment. To simplify discussion of the sampling design issues,
we restrict attention to two levels of support, the 30 m pixel and one larger areal support unit. In general,
the larger support unit could be a county, a watershed, or a regular tessellation unit such as a square or
hexagon. In cluster sampling terminology, the larger support unit is the primary sampling unit (PSU), and
the pixel is the secondary sampling unit (SSU). In a one-stage cluster sampling design for an assessment
targeting two levels of support, all pixels within the first-stage sample PSUs are included in the sample,
and reference land-cover data are obtained for the full PSU. This design makes the assessment of
composition accuracy and net change accuracy straightforward because the reference classification of
composition and net change of each PSU is known rather than estimated from a subsample of the PSU, as

would be necessary in two-stage cluster sampling.
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The major deterrent to employing one-stage cluster sampling is the size of the PSU that could be
used in practice. Because all pixels within each sampled PSU must be interpreted, the PSU size must
necessarily be small. If the PSU size is large, each PSU becomes costly to interpret, and too few sample
PSUs may be affordable detracting from the precision of the accuracy estimates. The difficulty with a
small PSU is that it may not represent a practically useful support for the composition and net change
objectives. For example, a 10 by 10 pixel PSU would be manageable from an interpretation standpoint,
but would represent a support of only 0.09 km? (0.3 km by 0.3 km). A more practically relevant support
for applications of land-cover composition would be 9 km® (3 km by 3 km), requiring a 100 by 100 pixel
PSU. The small PSU size required for one-stage cluster sampling to be practical motivates consideration
of two-stage cluster sampling. Another disadvantage of the one-stage design is that cluster sampling
generally increases the standard errors of accuracy estimators unless the reduced per-pixel cost of cluster
sampling compensates for the precision loss attributable to within cluster correlation of the response
(Moisen et al. 1994). Two-stage cluster sampling can diminish the variance inflation feature of one-stage
cluster sampling.

Numerous two-stage sampling designs combining different first- and second-stage designs are
available, and a variety of design criteria may affect the choice of design for each stage. The first-stage
design will be an equal probability sample of PSUs selected from a population of equal-sized PSUs that
partition the region of interest. Two options for the second-stage design are constructed to target one of
two objectives, class-specific accuracy (Option A) or composition accuracy (Option B). In design Option
A, the pixels within the first-stage sample of PSUs are stratified by Level II land-cover class. A stratified
random sample of pixels is selected, with the sample size for each Level II class specified (e.g., 100 pixels
per class). To target the composition accuracy objective, the sample size selected per PSU in Option B is
specified (e.g., 50 pixels per PSU), but stratification by land-cover class is not employed. Option B could
be implemented by selecting a simple random sample of pixels from each sampled PSU.

The stratification employed in Option A controls the sample size allocated per land-cover class,

but does not control the number of pixels sampled from each PSU. Depending on the spatial distribution
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and rarity of a land-cover class, some PSUs will have very few sample pixels, while others will receive a
large number. Option A may perform poorly for Objective 3 because too few sample pixels will be
available in some PSUs to estimate land-cover composition. Because the number of pixels sampled from
each PSU is specified, Option B permits stronger control for the composition accuracy objective. But
because Option B is an equal probability sampling design, the sample size realized for any given land-
cover class will be proportional to that class’s representation in the population. Unless the overall sample
size is very large, an unlikely situation given the limited budget for accuracy assessment, the sample sizes
for rare classes will be small and the accuracy estimates for these classes (Objective 1) will be imprecise.
Accuracy assessments (Table 5) have not been designed to achieve both Objectives 1 and 3
simultaneously, and Objective 3 has been attempted only in situations where complete coverage reference
data were available (Hollister et al. 2004, Johnson ef al. 1999). Further investigation is needed to
determine what designs and allocation rules best simultaneously address Objectives 1 and 3. A design
combining features of both Options A and B may be necessary to ensure that a specified sample size is
obtained per sampled PSU and per land-cover class. For example, if Option B is implemented, those
land-cover classes that have received only a few of the second-stage sample pixels could be targeted for
supplemental sampling, applying the stratified sampling approach of Option A. If Option A is
implemented, those PSUs not receiving an adequate sample size to estimate land-cover composition could
be targeted for supplemental sampling by selecting additional sample pixels from those PSUs to increase
the sample size to the desired target. Simplicity is a desirable design criterion because resource and time
limitations prohibit extensive investigation of alternative design options and development of complex
analysis protocols. Simple designs are more likely to be implemented properly and analyzed correctly,

and they are better able to accommodate changed objectives and uncertain budgets.

NLCD 2001 Accuracy Assessment Implementation
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A two-stage cluster sampling design using Option A will be implemented for the NLCD 2001
assessment. Cluster sampling was chosen to reduce costs by spatially constraining the sample to a fixed
number of PSUs, and also to provide data at a larger support (the PSU size) to allow for estimating
composition accuracy. Although the primary source of reference data, 1-meter Digital Orthoimagery
Quarter Quadrangles (DOQQs), will often be accessible online, cluster sampling is still expected to
reduce the time required to acquire and process reference data because the sample pixels will be grouped
within fewer DOQQs.

The first-stage sampling design is a geographically stratified random sample of PSUs, chosen to
spatially balance the sample across the U.S. (Figure 1). The PSU is a 24 km by 24 km block, chosen for
reasons discussed later in this section. Each geographic stratum is 240 km by 120 km, and one PSU is
selected at random with equal probability from the 50 PSUs available in each stratum. All strata are
constructed to contain a full complement of 50 PSUs, so a stratum may extend beyond the U.S. border
(i.e., non-target PSUs are included in the sampling frame). If the randomly selected PSU for a stratum
falls outside the U.S., no sample PSU is obtained for that stratum. This maintains the equal inclusion
probability property for all PSUs in the U.S. The ten accuracy assessment regions (Figure 1) represent
another layer of geographic stratification relevant to the second-stage of the design. These ten regions
were delineated on the basis of similar land-cover composition and pattern, and each region has nested
within it a subset of the NLCD 2001 mapping zones.

Because the primary objective for the NLCD 2001 assessment is per-class accuracy of land cover,
the sampling design is stratified by Level II land-cover class within each Figure 1 accuracy assessment
region. Stratifying by both region and Level II land-cover class will allow for precise estimates of
accuracy of the Level II classes even in those regions where a class is not abundant (Criteria 2, 4, and 5).
Two examples illustrate the rationale for this decision. Deciduous forest (class 41) is common in Region
8 (49.5% of the area) but rare in Region 3 (3.42% of the area). Nationally, 33% of the class 41 pixels in
the first-stage sample are in Region 8, and 2.5% are in Region 3. If the second-stage sample for

deciduous forest is selected with equal probability from the deciduous forest pixels available nationally
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(assuming 1000 deciduous forest pixels are sampled nationally), approximately 330 of the deciduous
forest sample pixels (33%) will be from Region 8, and only 25 sample pixels (2.5%) will be from Region
3. Cropland (class 82) is dominant in Region 5 (51.1% of the area), but relatively rare in Region 3
(0.66% of the area). The second-stage sample for cropland, if not stratified by accuracy assessment
region, would result in about 50% of the sample pixels from Region 5 and 0.7% (7 pixels) from Region 3.
The 24 km by 24 km PSU was chosen based on considerations of both Objectives 1 and 3 and
cost. Estimating accuracy of land-cover composition (Objective 3) requires a support size representative
of the applications in which NLCD 2001 land-cover information is aggregated. Typical applications use
support sizes ranging from 5 km by 5 km to 50 km by 50 km (the mean size of a county in the U. S.). The
24 km by 24 km PSU falls toward the lower end of this range of support sizes. Based on our initial
evaluation of precision for estimating land-cover composition accuracy, a sample size of about 50 pixels
per PSU is needed. Thus the sampling design should generate, on average, 50 sample pixels per PSU.
Given an anticipated budget allowing for 1,500 sample pixels in each of the 10 accuracy assessment
regions, approximately 30 PSUs will be sampled per region to meet Objective 3. To better satisfy
Objective 1 (per-class accuracy of land cover), it is desirable that the sample pixels be spatially dispersed
to reduce the impact of within-PSU correlation on precision. A larger PSU creates a larger pool of pixels
from which to select the second-stage sample and provides a greater spatial dispersion of the sample
pixels. The 24 km by 24 km PSU was deemed sufficiently large for this purpose. The decision to use a
24 km by 24 km PSU represents a compromise choice: It is small enough that some cost advantage
accrues from grouping the second-stage sample within fewer DOQQs, and it is large enough that the
second-stage sample pixels are more spatially dispersed than would be the case for, say, a 6 km by 6 km

PSU.

Accuracy of percent urban imperviousness and percent tree canopy (Objective 2)
The sampling design described in the previous section can be used to assess accuracy of the urban

imperviousness and tree canopy products. The per-pixel cost to obtain the reference data for these
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quantitative databases will be higher than the per-pixel cost for land cover because percent urban
imperviousness and percent tree canopy will require more complicated and time-consuming reference
data protocols. Consequently, the sample size for this objective must be reduced to maintain
affordability.

Separate subsamples selected from the base sample chosen for assessing land-cover accuracy will
be used to assess the imperviousness and canopy products. Each subsample will be stratified to ensure
that the subsample covers the full range of values of percent urban imperviousness and percent tree
canopy. The strata for the impervious surface subsample will be the Level II land-cover classes 21, 22,
23, and 24 (Table 1). These classes are defined by percent impervious values of 0-20% (Class 21), 21-
50% (Class 22), 50-80% (Class 23), and 80-100% (Class 24). A fifth stratum will be comprised of all the
non-urban land-cover classes. The stratified subsample will be equally allocated to these five strata. The
strata for the canopy density subsample will be 0-40%, 41-60%, 61-80%, 81-90%, and 91-100%,
representing approximately equal proportions of the U.S. in each stratum (Homer et al. 2007, Table 1).
The subsample will be allocated equally to these strata. The ten accuracy assessment regional strata will
also apply to the subsampling design to improve estimates of the accuracy of urban imperviousness and
tree canopy classifications that may be regionally uncommon.

Accommodating Objective 2 raises no new sampling considerations for choosing the base
sampling design for NLCD 2001. The only modification required is the additional subsampling from the
two-stage cluster sample selected to assess land-cover accuracy. The total sample size allocated to
assessing accuracy of the imperviousness and canopy products will depend on the cost to obtain the

reference data and the available budget.

Accuracy of Net Change (Objective 4)
The two-stage cluster sampling design can also be used to assess net change accuracy for the
Level I classes at the support of the 24 km by 24 km PSU. The net change assessment requires obtaining

the 1992 Level I reference land-cover class for each sampled pixel. Similar to the assessment of land-
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cover composition accuracy, the net change assessment requires that each sampled PSU receives an
adequate sample size of pixels to estimate net change, 50 being the established size for estimating
composition accuracy. Obtaining reference data for both 1992 and 2001 increases the cost of the
assessment considerably, but reducing costs by decreasing the sample size is untenable because the
number of PSUs sampled per region (30) and the number of SSUs sampled per PSU (50) is likely already
at the lower end of what is needed to obtain adequate precision.

Because change is typically rare, stratifying the PSUs by map net change would allow for
increasing the number of high net change PSUs sampled. The two-stage cluster sampling design offers the
flexibility to stratify the PSUs to target the net change accuracy objective, while still stratifying pixels
within PSUs to target the class-specific accuracy objective. The NLCD 2001 design is not stratified by
net change, but we are planning to explore the effect stratifying PSUs by net change has on precision of

the estimates for land-cover class accuracy (per pixel) and composition accuracy (per PSU).

Accuracy of Landscape Features and Pattern (Objective 6)

The now well-established use of derivative map measurements (e.g., land-cover patch size) in
models and national environmental assessments (Heinz Center 2002, USEPA 2003) has motivated
research into how to assess their accuracy. The most basic attribute of pattern is edge — the boundary
between two pixels with dissimilar attribution (e.g., agriculture adjacent to urban). Edge accuracy is the
primary information needed to estimate accuracy of the numerous pattern measurements (Hess 1994,
Hess and Bay 1997, Wickham et al. 1997) calculated in off-the-shelf software packages (e.g.,
FRAGSTATS, McGarigal and Marks 1995). More broadly, any technique for comparing two maps (i.e.
quantifying their similarity) could potentially be used to quantify accuracy, where the reference data are
considered the map to compare with the target map. These map comparison techniques include methods
to quantify agreement of feature attribute, location, size, and shape, and relationships among features

(Dungan 2006, Hargrove et al. 2006), agreement of the land-cover proportions at multiple scales (Pontius
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and Cheuk 2006), and agreement of patterns based on areal intersection of land use polygons (White
2006) or fuzzy local matching of polygons (Power ef al. 2001).

Because landscape pattern and feature based accuracy assessments have not been conducted for
large-area land-cover maps, there is little research or experience to suggest what size assessment unit is
appropriate. The choice of assessment unit will have a strong impact because truncation of land-cover
polygons and other edge effects introduced by the unit boundary will affect the values of the pattern and
feature metrics and accordingly the accuracy measures derived for these metrics. Practical experience is
also lacking when it comes to obtaining reference data for large pixel blocks in a national level
assessment such as NLCD 2001. It is certainly feasible to obtain quality reference data for small blocks
of adjacent pixels (e.g. 3 by 3 or 5 by 5), but what practical concerns arise if a relatively large block, say,
25 by 25 pixels, must be interpreted? Similar considerations extend to a sampling design tailored to
Objective 5. For example, methods suggested for accommodating reference data error in the analysis
require reference data for a block of pixels (Hagen 2003, Hagen-Zanker 2006).

One-stage cluster sampling would merit strong consideration if Objectives 5 and 6 are considered
high priorities. Because all pixels within a PSU are sampled in this design, it is possible to directly
compute features such as patch size, shape, and edge, as well as relationships among these features. In
contrast, it may be difficult to accurately derive characteristics and relationships among features from a
two-stage sample of spatially separate pixels. The concern remains that the PSU chosen for one-stage
cluster sampling has to be large enough to be of practical use for the composition and net change accuracy
objectives. A solution to this problem would be to design the assessment to address three levels of
support, the smallest being a pixel, the largest being a PSU concordant with the applications requiring
composition and net change accuracy, and an intermediate size to address Objectives 5 and 6 (all pixels in
this intermediate size unit would be sampled). However, targeting three levels of support would further
exacerbate the design trade-offs among objectives, and additional work is needed to establish if a three-

level support assessment is feasible.
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Phasing in the NLCD 2001 Accuracy Assessment

Large-area mapping projects typically are not adequately funded to implement a full accuracy
assessment (Scepan 1999). Instead, accuracy assessment is tacked on at the end of the mapping process,
with the amount and timing of funding uncertain. Consequently, it is often necessary to implement the
assessment sequentially over several years, with the uncertainties related to future funding taken into
account when deciding how to phase in the design. Initial funding for NLCD 2001 accuracy assessment
will support documenting the base level descriptive accuracy of NLCD 2001 in Region 8 (Figure 1)
focusing on Objectives 1 and 3. Region 8 becomes an operational field test of the sampling design and
reference data collection protocols of a multi-support accuracy assessment on the way to implementing a
full national assessment. Results from Region 8 will indicate whether the sampling design needs to be
adjusted or augmented to better address Objectives 1 and 3. The sampling design chosen for the NLCD
2001 assessment is flexible to incorporate modifications if the net change objective becomes relevant.
Although a subsampling design is in place to address accuracy of the urban imperviousness and tree
canopy products, initial funding will not support evaluating these products in the first phase of the
assessment. The Region 8 sample size is 1500 pixels (100 per Level II class), commensurate with the

sampling effort expended per EPA Federal region in the assessment of NLCD 1992.

Conclusions

A sampling design that accommodates multiple accuracy assessment objectives at different levels
of support is needed to fully evaluate NLCD 2001. Current practice for assessing accuracy of large-area
maps achieves the objective of estimating per-class and overall accuracy, but assessments have typically
not been designed to simultaneously address an expanded set of objectives that require both pixel level
and larger areal supports. The two-stage cluster sampling design has the flexibility to tailor the first-stage
design to target the larger support (PSU) objectives of net change and composition accuracy, and the

second-stage design can be targeted for the pixel level (SSU) support objectives evaluating accuracy of
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land cover, percent urban imperviousness, and percent tree canopy. Achieving a balance among the
potentially conflicting sampling design requirements of these objectives is a critical design consideration.

Planning for the NLCD 2001 design took into account variance and cost issues qualitatively. But
several obstacles hinder conducting a meaningful quantitative comparison of design options. The target
parameters for comparing design alternatives are overall accuracy and user’s accuracy for land cover, and
root mean square error or mean absolute deviation for percent urban imperviousness, percent tree canopy,
land-cover composition, and net change. Variance approximations for the sample-based estimators of
land-cover accuracy have been derived for designs akin to the two-stage cluster sampling design proposed
for the NLCD 2001 assessment (Nusser and Klaas 2003, section 3.4.4; Stehman et al. 2003, Appendix A).
These variances are complicated for the estimators of overall accuracy and user’s accuracy. The variance
expressions for estimated root mean square error or mean absolute deviation have not been derived and
will be complicated for multi-stage sampling. Consequently, analytic comparison of design alternatives
based on the variances of the estimated target parameters is not a realistic option to guide the selection of
the sampling design for NLCD 2001. A simulation approach comparing variances under different design
options is a practical alternative, but even this will be extremely challenging because it requires creating
or identifying populations that have magnitudes and spatial patterns of classification error representative
of conditions found in products such as the NLCD 2001 databases.

Although multi-stage cluster sampling provides a general design structure to accommodate the
data needs of a multi-objective, multi-support assessment, several methodological developments must
occur before such an assessment can be fully implemented. These include procedures for estimating
accuracy of land-cover composition and net change for the multi-stage sampling design, and practical
methods for obtaining sample-based estimators of accuracy of landscape features and pattern. It is also
necessary to evaluate quantitatively design alternatives that achieve the multiple accuracy objectives in a
cost efficient, integrated manner. Establishing a general design framework creates the present ability to

implement a multi-support, multi-objective accuracy assessment. Identifying the research issues required
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to fully achieve all objectives creates the opportunity to improve upon the methods implemented in the

initial phase of the NLCD 2001 assessment.
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Table 1. NLCD 2001 Land-Cover Classes.

Level 11

(11) Open Water

(12) Perennial Ice/Snow

(21) Developed, Open Space
(22) Developed, Low Intensity
(23) Developed, Medium Intensity
(24) Developed, High Intensity
(31) Barren Land

(41) Deciduous Forest

(42) Evergreen Forest

(43) Mixed Forest

(52) Shrub/Scrub

(71) Grassland/Herbaceous
(81) Hay/Pasture

(82) Cultivated Crops

(90) Woody Wetlands

(95) Emergent Herbaceous Wetlands

Level I

(10) Water

(20) Developed (Urban)

(30) Barren Land

(40) Forest

(50) Shrub/Scrub
(70) Grassland/Herbaceous

(80) Agriculture

(90) Wetland
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Table 2. Applications of NLCD 1992

Source Date  Description

Durbrow et al. 2001 develop conservation plan for southeast

Sheeder et al. 2002 estimate atmospheric nitrogen deposition

Heilman et al. 2002 national assessment of forest fragmentation

Heinz Center 2002 national environmental status report

Nolan et al. 2002 estimate groundwater nitrate contamination

Smith et al. 2002  track environmental impact of small water bodies

Riitters et al. 2002 national assessment of forest fragmentation

Amundson et al. 2003 national assessment of soil disturbance

Mayer and Cameron 2003 estimate changes in breeding bird populations

DeLiberty and Legates 2003  long-term soil moisture trends in Oklahoma

Volstad et al. 2003 identify impaired streams in Maryland

Lawler et al. 2003 select conservation area site

Alexander et al. 2004  estimate total phosphorus loads for Mississippi River watershed
Treves et al. 2004  predict likelihood of wolf predation on livestock

SC DHEC! 2004  determine fecal coliform TMDL for Big Wateree Creek, SC
Marshall et al. 2004 show changes in sensible and latent heat flux.

Radeloff et al. 2005 national estimate of wildland-urban interface

' Development of TMDLs (Total Maximum Daily Loads) is a common application of NLCD 1992.

Under the Clean Water Act (P.L. 92-500), TMDLs are required when water bodies are identified as not

meeting water-quality standards. A search using the keywords NLCD and TMDL in Google identified

770 “hits.” Routine use of NLCD for TMDLs includes watershed characterization of land-cover

composition and development of loading functions. The South Carolina Department of Health and

Environmental Control (SC DHEC) TMDL is listed to represent this common use of the data.
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Table 3. NLCD 2001 Accuracy Assessment Objectives

1. Assess accuracy of NLCD 2001 for Level I and Il land-cover classes via a per-pixel, error matrix
approach, reporting overall, user’s and producer’s accuracies. The MRLC partners ranked this
objective as the highest priority because it describes key accuracy information in an intuitive and
informative format. This objective is also important to determine if the mapping methods employed to

create NLCD 2001 improved product quality relative to NLCD 1992.

2. Assess accuracy of percent urban imperviousness and percent tree canopy. This is a high priority
objective because of the anticipated wide use of these NLCD 2001 databases. For example, percent
impervious surface is a key environmental variable for studies of water quality and quantity (Brabec ef al.

2002), and percent tree canopy is a key environmental variable in fire modeling (Schmidt et al. 2002).

3. Assess accuracy of Level I land-cover composition at one or more spatial supports. A very common
use of the NLCD 1992 data was estimation of land-cover proportions of the Level I classes for larger
spatial supports (e.g., watersheds) to drive models and assessments (Table 2). Similar use of NLCD 2001

is anticipated, thus making accuracy assessment of Level I land-cover composition a high priority.

4. Assess accuracy of Level I net change derived from NLCD 2001 and NLCD 1992. Because changes in
data and mapping methods between NLCD 1992 and 2001 do not currently support change detection,
MRLC is in the process of producing “retrofit” NLCD 1992 to support change detection. As the retrofit
data become available, change accuracy assessment will focus on net change - aggregate change by class
over a specified unit of support (Stehman and Wickham 2006). Net change is consistent with the way in
which many users of NLCD will apply the change data. Assessing the accuracy of a per-pixel, gross
change product (e.g. Biging et al. 1998) is not warranted until a time series of data using unchanging (or

nearly so) mapping methods is available.
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5. Conduct analyses that take into account reference data error. Reference data are subject to errors of
various origins (Congalton and Green 1993, Powell et al. 2004), and accuracy results should be produced
that reflect the potential impact of these errors. Hagen (2003) provides a rigorous analysis framework
employing concepts of “fuzziness of location” and “fuzziness of category” that is applicable to this

objective.

6. Assess accuracy of landscape features and patterns. Expanding beyond a per-pixel assessment to
evaluate “higher order properties” of maps such as area and shape of land-cover patches and landscape
pattern metrics would be desirable. The nascent state of development of practical methods to achieve this

objective contributes to its low priority.
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Table 4. NLCD 2001 Desirable Sampling Design Criteria

1. Probability sample: A probability sampling design should be implemented to ensure objectivity and to
provide a rigorous underlying statistical basis via the well-established framework of design-based

inference (Séarndal ef al. 1992).

2. Adequately precise: The design should result in adequate precision (i.e. small standard errors) for the
accuracy estimates addressing priority objectives. Precision is determined by sample size and the

sampling strategy implemented, along with the inherent variability of the population being sampled.

3. Cost effective: Cost should be minimized without sacrificing statistical rigor or quality. Cost is
primarily a function of sample size, and sample size depends on the objectives the assessment is designed
to address along with the precision specified for the estimates (Stehman 2001). Reducing the number of
objectives and relaxing the precision requirements for each estimate are options for lowering cost.

Improving efficiency of the sampling design may also reduce cost.

4. Nationally uniform: The design should be nationally uniform to simplify analyses and communication
of design methodology and results. Design features that should be uniformly maintained include the
basic selection protocols and the choice of sampling units. For example, if a stratified design is
implemented, common strata (e.g. Level II land-cover classes) should be consistent nationally. If cluster

sampling is implemented, the cluster size should be the same for each region.

5. Geographically well distributed: In addition to its intuitive appeal, a geographically well distributed

sample is advantageous because it enhances options for regional reporting of results, distributes the

workload uniformly by region, and may improve precision of the national level accuracy estimates.
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6. Accommodates analyses quantifying the impact of location error: The sample should provide
information contributing to understanding the impact of location error (i.e. spatial misregistration between

the map and reference data) on the accuracy estimates. This criterion links directly to Objective 5.
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Table 5. Probability Sampling Designs Employed for Large-Area Accuracy Assessments

Map Assessed

Strata

Clusters

General Design Description

NLCD 1992

(Stehman et

a) 10 EPA Federal

regions (geographic),

6 km by 6 km areal

unit (approximate size

Pixels within first-stage sample of

areal units stratified by map land-

al. 2003; b) land cover of NAPP photo) cover class, followed by stratified

Wickham et random sample of pixels

al. 2004) (implemented independently for
each EPA Federal region)

IGBP Land cover None Stratified random sample

DISCover

(Scepan 1999)

Utah GAP Combination of three | a) USGS quadrangle, 100 quadrangles selected via

(Edwards et ecoregions by two b) linear cluster of 10 probability sampling design, road

al. 1998) “access” attributes sample points (off-road | and off-road strata delineated within

(road, off-road) stratum only) each sample quadrangle, followed

by random sample of 10 points in
the road stratum and one 10 point
linear cluster in the off-road stratum
per quadrangle sampled

Iowa GAP a) geographic, b) land | 7.5’ USGS quadrangle | Systematic sample of quadrangles

pilot study cover sheet within geographic strata, pixels

(Nusser and

Klaas 2003)

within the sampled quadrangles
stratified by land cover class,

stratified random sample of these
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pixels (3x3 block around each
sample pixel visited for obtaining

ground condition)

Land Cover
Map of Great

Britain (Fuller

Environmental regions

1 km by 1 km block

Stratified random sample of the 1

km? blocks

et al. 1998)
Global Land Combination of high Landsat scenes A stratified systematic sample of
Cover (GLC) | and low priority land (intermediate step of Landsat scenes was selected, and
2000 (Mayaux | cover classes, and high | defining Voronoi five 3 km by 3 km blocks were
et al. 2006) and low diversity of polygons around the chosen according to a fixed pattern
land cover (4 strata) center point of Landsat | within each sampled scene
scenes)
Land cover a) 10 forested 1:250000 National First-stage sample of NTS
map of terrestrial ecozones of | Topographic System mapsheets, followed by stratifying

forested area
in Canada
(Wulder et al.

2006)

Canada, b) land cover

(NTS) mapsheet
(approximately 145 km

by 111 km)

by land cover class all pixels within
the sample mapsheets, and a simple
random sample of 100 pixels per

class per mapsheet
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Figure 1: First-stage sample for NLCD 2001 accuracy assessment. The solid lines delineate the 10
accuracy assessment regions, and the dashed lines delineate the geographic strata (240 km by 120 km).
The first-stage sample selects one 24 km by 24 km primary sampling unit within each geographic stratum
(solid block). The second-stage sample is stratified by the Level II land-cover classes within each first-
stage sample PSU, and a stratified random sample of pixels selected for each accuracy assessment region.

The initial phase of the second-stage design will be implemented in Region 8.
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