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Abstract
Mismatching sets of boundaries present a persistent problem in spatial analysis for
many different applications. Dasymetric mapping techniques can be employed to
estimate population characteristics of small areas that do not correspond to census
enumeration boundaries. Several types of ancillary data have been used in dasymetric mapping but performance is often limited by their relatively coarse resolution and
moderate correspondence to actual population counts. The current research examines the performance of using high resolution ancillary data in the form of individual
address point datasets which represent the locations of all addressable units within
a jurisdiction. The performance of address points was compared with several other
techniques, including areal weighting, land cover, imperviousness, road density and
nighttime lights. Datasets from 16 counties in Ohio were used in the analysis,
reflecting a range of different population densities. For each technique the ancillary
data sources were employed to estimate census block group population counts using
census tracts as source zones, and the results were compared with the known block
group population counts. Results indicate that address points perform significantly
better compared with other types of ancillary data. The overall error for all block
groups (n = 683) using address points is 4.9% compared with 10.8% for imperviousness, 11.6% for land cover, 13.3% for road density, 18.6% for nighttime lights
and 21.2% for areal weighting. Using only residential address points rather than all
types of locations further reduces this error to 4.2%. Analysis of the spatial patterns
in the relative performance of the various techniques revealed that address points
perform particularly well in low density rural areas, which typically present challenges for traditional dasymetric mapping techniques using land cover datasets.
These results provide very strong support for the use of address points for small area
population estimates. Current developments in the growing availability of address
point datasets and the implications for spatial demographic analyses are discussed.
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1 Introduction
Demographic information from the Census is aggregated using census enumeration units
which makes it difficult to compare census data with other boundaries. Many other
commonly used boundaries such as neighborhoods, police beats, and school attendance
zones are not delineated with census units in mind, resulting in a spatial mismatch
between sets of boundaries. This problem is not limited to administrative units or other
socio-economic boundaries, but also applies to natural boundaries such as hydrology,
land use, soil type and others. Estimating the population (and its associated demographic
characteristics) within these boundaries can be problematic due to this spatial mismatch.
Spatially mismatched boundaries between geographic datasets present a persistent
problem for many applications. A number of approaches have been developed to allocate
attributes spatially between sets of spatially mismatched boundaries. One of these
approaches is dasymetric mapping, which is the process of disaggregating spatial data
into finer units of analysis using ancillary data to help refine locations of population or
other phenomena (Wright 1936, Mennis 2003). The current study compares the performance of address points with a range of other techniques that have been employed in
earlier studies, including areal weighting, land cover, imperviousness, road density and
nighttime lights. All methods using ancillary data are expected to outperform areal
weighting, but the relative strengths of address points have not been well documented.
The performance of each technique is determined by using tract-level populations to
estimate block group-level populations, which are then compared with the known block
group populations.

2 Background
Several approaches have been developed to address the problem of spatial mismatch
between set of boundaries. The most basic approaches rely on rules of inclusion or
exclusion based on the geographic units. For example, in the “centroid containment”
approach, census enumeration areas (source areas) are represented by their centroids and
all source area centroids falling inside a particular polygon (target areas) are then
assigned to that polygon. More advanced methods that go beyond simple inclusion or
exclusion rules are commonly referred to as areal interpolation (Goodchild and Lam
1980). Areal interpolation describes a variety of methods which typically employ weights
based on the area of intersection between source and target areas in order to allocate
characteristics. The most basic form of areal interpolation is “areal weighting” in which
the population within the source areas is spatially apportioned into the target areas based
on how much of each source area falls within each target area (Flowerdew and Green
1992).
Alternative methods have been developed to improve upon the areal weighting
technique. The first type of method is referred to as “surface fitting.” In this approach a
surface is fitted through the data in the source areas and this surface is used to interpolate
values for the target areas. Fitting a surface to the data typically employs inferential
statistics and a number of different approaches have been developed and tested (Bracken
1991, Bracken and Martin 1989, Cai et al. 2006, Martin 1996, Nagle 2010, Tobler
1979, Yoo et al. 2010).
A second type of method is referred to as “zonal methods.” These approaches
employ ancillary information from the target areas or from an external set of areas. For
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example, Goodchild et al. (1993) employed a set of external control zones with an
assumed uniform population distribution. Populated is allocated from the source areas to
these control zones using a variety of regression-based techniques. Population is then
allocated from the control zones to the target areas based on areal weighting. In another
example, Langford et al. (1991) used linear regression models to interpolate population
based on land use zones. Flowerdew and Green (1994) adopted an iterative expectation/
maximization (E/M) algorithm originally designed to estimate missing data Dempster
et al. 1977) for use in areal interpolation. Martin (2003) developed an iterative automatic zoning algorithm based on Openshaw’s (1977) automatic zoning procedures. This
method employs an intermediate layer of boundary processing and attempts to minimize
the mismatch between two sets of boundaries.
A third type of method is referred to as “dasymetric mapping”. In this approach
ancillary data are used to gain information about the distribution of population within
the source areas. Dasymetric mapping is the process of disaggregating spatial data into
finer units of analysis using ancillary data to help refine locations of population or
other phenomena (Mennis 2003). While dasymetric mapping has been a well established cartographic technique for many years, in recent years it has gained interest as
an approach to estimating populations for small areas, and to improving upon the
assumptions made in areal weighting (Eicher and Brewer 2001). A comprehensive
review of dasymetric mapping is provided by Mennis (2009). In short, dasymetric
mapping distributes population within a polygon using ancillary data to provide finer
units of analysis. This ancillary data most often consists of land cover data. The actual
mapping procedure consists of an overlay between population data in the form of
polygons and land cover data. This yields a set of dasymetirc zones nested within both
the population polygons and the land cover data. Population is then spatially apportioned from the population polygons to the dasymetric zones based on an estimated
relationship between land cover and population density. The resulting dasymetric map
can be used for areal interpolation to a set of target areas. This assumes the population
density within each dasymetric zone is uniform. Since these zones are typically much
smaller than the source areas, the result is a more accurate estimate of the population
in the target areas compared with the estimate based on areal weighting without ancillary data.
Dasymetric mapping as described here requires specifying a relationship between
land cover and population density. The simplest form of this relationship is the use of a
Boolean style mask which identifies areas where population density is zero, such as a data
layer of water bodies. This is referred to as binary dasymetric mapping (e.g. Langford
2007). Instead of a Boolean mask, multiple population density categories can be used on
the basis of more detailed land cover information. In a typical scenario, land cover is
classified into low, medium and high population density in addition to a category of zero
population. The population density of each land cover type can be assumed a priori, but
more commonly these values are estimated using the source areas and the land cover
data. Training areas are identified where one of the land cover classes is dominant, for
example a single land cover type accounts for a minimum of 70 or 80% of the total
surface of a source area. The population density of a particular land cover class is then
derived from these training areas and these values are used in the redistribution of
population from source areas to dasymetric zones. In effect the population density
estimates for each land cover type are used as relative weights in the redistribution of
population. This ensures that the total number of people within each source area remains
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the same. This is referred to as the pycnophylactic property of dasymetric maps (Tobler
1979).
Several alternative approaches have been developed when using land cover in dasymetric mapping. For example, a larger number of land cover classes can be employed
which in general should result in more accurate population estimates (e.g. Li and
Corcoran 2010). Another variation is the limiting variable method in which certain land
cover classes (typically agriculture and/or forest) are given a low but fixed population
density, with the remaining population distributed across developed areas (Eicher and
Brewer 2001). Typical population densities for certain land cover categories can also be
obtained using statistical regression (e.g. Yuan et al. 1997). A more flexible approach has
also been proposed which combines multiple methods for sampling the population
density of land cover classes (Mennis and Hultgren 2006). Finally, some of these techniques can be combined into a hierarchical multi-layer approach (Su et al. 2010).
Land cover has been the most widely used type of ancillary data for dasymetric
mapping (e.g. Eicher and Brewer 2001, Holt et al. 2004, Langford 2006, Mennis 2003,
Mennis and Hultgren 2006, Reibel and Agrawal 2007). In theory, however, any spatial
data type that correlates with population density can be used. Road density (in km/km2)
is a well established measure of urban development and has been used as a source of
ancillary data in dasymetric mapping (Brinegar and Popick 2010, Mrozinski and
Cromley 1999, Reibel and Buffalino 2005, Voss et al. 1999, Xie 1995). Road density
provides an easily measurable quantity which does not require the same type of calibration as land cover data. Recent findings by Zandbergen and Ignizio (2010), however,
suggest that road density typically does not perform as well as land cover as a source of
ancillary data. Imperviousness has also been firmly established as a robust and meaningful measure of urban development (e.g. Schueler et al. 2009, Theobald et al. 2009,
Sutton et al. 2009, Wu and Murray 2007). Imperviousness correlates strongly with
population density and also does not require extensive calibration. Recent findings by
Zandbergen and Ignizio (2010) suggest that the performance of imperviousness as a
source of ancillary data is very similar to that of land cover. Nighttime lights have also
been employed as an alternative way to characterize population distribution (e.g. Sutton
et al. 2001, 2003). The spatial resolution of this dataset is in the order of several km,
resulting in relatively poor performance in dasymetric mapping (Zandbergen and Ignizio
2010). Higher resolution datasets have also been employed, including parcel-based land
use information (Maantay et al. 2007, 2008), address points (Tapp 2010) and buildings
(Qiu et al. 2010, Wu et al. 2008, Xie 2006). These datasets tend to result in more
accurate population estimates, but coverage of these higher resolution datasets is often
limited to small study areas.
Several factors influence the errors in areal interpolation, including the relative size
of the source and target areas, the spatial organization of source and target areas relative
to each other and the nature and quality of the ancillary data. It is therefore difficult to
quantify the “typical” error introduced by areal interpolation methods. In most studies,
therefore, the performance of areal interpolation methods is determined by comparison
with areal weighting, i.e. they should perform better than areal weighting for a given
scenario. It should also be recognized that all methods have errors and that their
performance may vary with conditions. No single best method has emerged from the
research so far, and the best approach for a particular scenario is likely to vary with
specific circumstances and the intended uses of the estimates for the target zones
(Gregory 2002).
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The purpose of the current study is to determine the performance of high resolution
address point datasets as a source of ancillary data in dasymetric mapping. Address
points represent the locations of all addressable structures and sub-units within those
structures in a given jurisdiction. National address point datasets exist in several nations,
including Australia (the Geocoded National Address File from the Public Sector Mapping
Agencies), the Netherlands (the Address Coordinates of the Netherlands from the Dutch
Land Registry), and the United Kingdom (the ADDRESS-POINT dataset from Ordinance Survey). Developing such a national address point database is not without its
challenges (e.g. ONS 2010), but is often a critical element in implementing a population
census. In the United States the US Census Bureau has created a national address point
database in the form of the Master Address File (MAF) but this is not made available in
the public domain. Many local jurisdictions in the US, however, have created public
address point datasets. These are typically limited to single counties, but several statewide datasets have recently become available, including Indiana, North Carolina, Ohio,
Tennessee and Vermont. Coverage of address points has grown substantially in recent
years and they provide very high quality reference data for geocoding addresses (Zandbergen 2008). Address points in theory provide a very accurate location of every housing
unit within a jurisdiction, in addition to non-residential structures. The density of
residential address points can therefore be expected to correspond very closely to population density. Address point datasets have been employed in dasymetric mapping in
earlier studies (Owens et al. 2010, Tapp 2010) and the results in general support the idea
that they can be used to improve upon the performance of other ancillary data sources.
The current study seeks to contribute to this limited body of knowledge on address points
for dasymetric mapping by improving upon earlier studies in the following ways: (1)
employing a larger dataset for analysis; (2) utilizing a more comprehensive set of
alternative techniques for comparison; and (3) including all address points as well as a
sub-set of only residential address points in the analysis.

3 Methods
In the current study the performance of address points as a source of ancillary data for
use in dasymetric mapping was determined relative to other datasets, including areal
weighting, land cover, imperviousness, road density and nighttime lights. The performance of each technique was determined by using tract-level populations to estimate
block group-level populations which were then compared with the known block group
populations.
The study area was determined in part based on the availability of high quality
address point datasets. While many jurisdictions in the US have created such datasets
they are typically limited to single counties. One of the exceptions to this is the State of
Ohio. As part of the Location Based Response System (LBRS) the State of Ohio is in the
process of completing an up-to-date address point dataset for the entire state. The data
is being collected using a protocol that is consistent across all Counties (OGRIP 2008).
By late 2010 address point data was available for 90 counties, which provided the initial
sample considered for the analysis. The address point data have been collected starting
in 2008. Since the analysis also employs data from the 2000 census and other datasets
from 2001 for comparison this would result in a temporal mismatch. In order to limit the
impacts of this temporal mismatch, the only counties selected were those with a population change of 1% or less in the period 2000 to 2008. This resulted in a set of 16
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Table 1 Population characteristics of the 16 counties included in the current study

County

Population
(2000)

Population
density
(#/km2)

Rural-Urban
Continuum
Code1

Census
tracts

Auglaize County
Champaign County
Fayette County
Fulton County
Guernsey County
Hardin County
Huron County
Jackson County
Marion County
Mercer County
Muskingum County
Ottawa County
Pike County
Preble County
Putnam County
Stark County

46,611
38,890
28,433
42,084
40,792
31,945
59,487
32,641
66,217
40,924
84,585
40,985
27,695
42,337
34,726
378,098

44.8
34.9
27.0
39.9
29.8
26.2
46.4
29.9
63.3
33.4
48.6
60.0
24.1
38.3
27.7
251.5

4
6
6
2
6
6
4
7
4
7
4
2
7
2
6
2

10
7
7
9
10
7
13
7
18
9
19
11
6
10
7
80

1

2003 Rural-Urban Continuum Codes (US Department of Agriculture)
1 Counties in metro areas of 1 million population or more
2 Counties in metro areas of 250,000 to 1 million population
3 Counties in metro areas of fewer than 250,000 population
4 Urban population of 20,000 or more, adjacent to a metro area
5 Urban population of 20,000 or more, not adjacent to a metro area
6 Urban population of 2,500 to 19,999, adjacent to a metro area
7 Urban population of 2,500 to 19,999, not adjacent to a metro area
8 Completely rural or less than 2,500 urban population, adjacent to a metro area
9 Completely rural or less than 2,500 urban population, not adjacent to a metro area

counties. Table 1 provides basic descriptive population statistics of these selected counties. Combined, the selected counties have a total population of 1,036,450 based on the
2000 census with an average population density of 54.7 people per square km.
The most populated county in the study area is Stark County (378,098 people),
which includes the cities of Canton (73,007 people), Masillon (31,125 people) and
Alliance (22,253 people). The next most populated county is Muskingum County
(84,585), which includes the city of Zanesville (25,586 people). Much of the study area
is dominated by smaller towns and rural areas. Based on the Rural-Urban Continuum
Codes published by the US Department of Agriculture, four of the 16 counties are
considered “metro” counties, while the other 12 are considered “non-metro”. The entire
study area consists of 230 census tracts and 824 block groups. The average population
count for census tracts is 4,506 with a minimum of 289 and a maximum of 9,324. The
average population count for block groups is 1,257 with a minimum of 289 and a
maximum of 7,292. As for population density, 73% of census tracts and 41% of census
block groups have a population density of 100 people per square km or less.
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The following sections outline the sources and processing steps for each of the
ancillary data sources. The processing of land cover, imperviousness, road density and
nighttime nights follows the same procedures as those employed by Zandbergen and
Ignizio (2010). In this earlier work on comparing the performance of ancillary data for
dasymetric mapping, several different parameter settings were tested for different study
areas. The current study employs the best performing parameter settings for the respective datasets. With the exception of address points all datasets have national coverage. All
data were projected into a custom Contiguous Albers Equal Area projection optimized
for the State of Ohio prior to analysis.
Land cover data was obtained from the 2001 National Land Cover Dataset (NLCD).
This data consists of a nationwide 30 m grid. The land cover data includes 30 different
categories for the continental US, including four different urban categories (developed
open space, developed low intensity, developed medium intensity and developed high
intensity). Details on the land cover data are reported in Homer et al. (2007). Dasymetric
mapping using land cover data employed the general methods as described by Mennis
(2003). This consisted of reclassifying the land cover grid into fewer population density
categories. Initially, five different density categories were employed (based on the four
urban categories plus a category for all agricultural land cover types) and all other
categories were assigned zero population. Calibration of the land cover model was
accomplished using a 70% threshold for land cover dominance. In other words, only
census tracts where one population density category covered at least 70% of the non-zero
population areas were selected as calibration areas. This resulted in at least one category
with too few calibration areas (i.e. fewer than 2). In order for a sufficient number of
calibration sites to be achieved, some of the five original density categories had to be
merged together. All possible combinations were explored to determine which combination preserved as much as possible of the original detail in the land cover information
while at the same time providing sufficient calibration areas for each population density
category. To achieve sufficient calibration sites the two high intensity developed land
cover categories had to be combined. This resulted in two different scenarios that
provided sufficient calibration sites. In the first scenario the population density for
agricultural land was set to zero, resulting in three population density categories: low,
medium and high. In the second scenario the population density for agriculture was not
set to zero, resulting in four population density categories: very low, low, medium and
high. The final classifications are shown in Table 2. This resulted in two sets of results for
dasymetric mapping using land cover.
Imperviousness data was obtained from the same 2001 National Land Cover
Dataset (NLCD). This data consists of a nationwide 30 m grid with cell values between
zero and 100 indicating the percentage of imperviousness. The imperviousness information was derived from Landsat imagery. Details on the methodology are reported in Yang
et al. (2003). The imperviousness grid was used to estimate the total amount of impervious area (in km2) for each tract and block group. To redistribute the population from
tracts to block groups, these total amounts were used as weight factors. Implicitly this
assumes a linear relationship between percent imperviousness and population density.
Four different versions of imperviousness were used as previously employed by Zandbergen and Ignizio (2010). First, total imperviousness was used as provided directly by
the NLCD data. Second, the imperviousness grid was modified by running a boundary
clean operation. Detailed inspection of the imperviousness data revealed that many of the
non-zero imperviousness cells consisted of roads and the boundary clean operation
© 2011 Blackwell Publishing Ltd
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Table 2 Reclassification of NLCD land cover classes into population density categories
Population density category

Original NLCD land cover class

Land cover
(agriculture zero)

Land cover
(agriculture not zero)

Developed open space
Developed low intensity
Developed medium intensity
Developed high intensity
Agriculture
All others

Low
Medium
High
High
Zero
Zero

Low
Medium
High
High
Very low
Zero

removed these linear features. Third, cells with an imperviousness value greater than
75% were removed. Fourth, cells with an imperviousness value greater than 60% were
removed. Cells with high imperviousness values are expected to consist of non-residential
areas. This is supported by other studies that have correlated imperviousness and
population density. For example, Morton and Yuan (2009) removed cells greater than
75% imperviousness to estimate population density.
Road networks were obtained from the TIGER 2000 line files. These files consist of
polylines at a scale of 1:100,000 with codes for road types. Road length (in km) was
determined for each tract and block group. As with imperviousness, these total lengths
were used as weight factors to redistribute the population from tracts to block groups.
Implicitly this assumes a linear relationship between road density (in km/km2) and
population density. Two different versions of road length were used. First, total road
length was used including all possible road types. Second, local roads were used,
eliminating all interstates, highways, major arterials and unpaved roads. The logic
behind using only the local roads is that many road types may not correspond directly to
population but instead serve only as connections between populated places.
Data on nighttime lights was obtained from the Operational Linescan System (OLS)
of the Defense Meteorological Satellite Program (DMSP). The specific image employed
consisted of the average value of stable nighttime light intensity for the year 2000. The
global grid has a resolution of 30 arc secs, roughly equivalent to about 2.7 km in the
continental US. The DMSP nighttime lights data were employed in a manner identical to
imperviousness. The only difference is the fact that the nighttime lights data do not have
a particular unit, i.e. the grid consist of values from 0 to 63, with values of 0 indicating
no lights and 63 being the maximum on an otherwise unit-less scale. Since the intensity
values are used as relative weight factors this has no bearing on the results, other than the
fact that a linear relationship between intensity values and population is assumed.
Address point datasets were obtained from the Ohio Geographically Referenced
Information Program (OGRIP). Data were obtained as point shapefiles, with each
point location representing an addressable structure or sub-unit within a structure.
This particular address point dataset is collected using observations from a field data
collection vehicle specifically outfitted for this purpose in combination with high
resolution orthophotos (OGRIP 2008). Figure 1 shows an example of the address
point data.
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Figure 1 Example of address points dataset with the type of structure overlaid on aerial
imagery

The address points are placed either directly in front of the structure or on the
driveway leading to the structure at some distance from the street centerline or rightof-way. Unlike address point datasets in other jurisdictions, the points are not placed
directly on top of the structures. For structures with multiple units (such as duplexes
and apartment complexes), multiple points are placed parallel to the street centerline
or right-of-way, one for each unit. This is illustrated in the inset map in Figure 1. In
other jurisdictions address points for multiple units within the same structure are often
placed directly on top of each other. In general the exact placement of the OGRIP
address points is somewhat arbitrary. Original data collection was driven by emergency management purposes and as a result placement at the driveway entrance was
© 2011 Blackwell Publishing Ltd
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deemed most meaningful. In addition, creating some separation between the points for
multiple units within the same structure allows emergency personnel to identify each
unit separately using visual inspection. The OGRIP address points, therefore, do not
represent the most accurate locations of actual structures. For the purpose of the
analysis in the current study, however, the placement does not present a limiting factor.
The unit of analysis is the block group and the exact placement is expected to have a
minimal influence on the count of address points per block group. For other applications, however, the placement of address points may present a concern. For each
address point the type of structure is recorded, including residential types (e.g. house,
duplex, trailer, apartment) and non-residential types (e.g. secondary structure, utility,
commercial, institutional, industrial).
The address points were used to apportion population spatially between census
tracts and block groups by weighting each point equally. This effectively assumes a linear
relationship between address point density (#/km2) and population density. For example,
for a tract with 3,000 people and 1,000 address points, every address point was assigned
three people. Individual address points were aggregated using block group boundaries in
order to provide a population estimate for each block group. Two sets of points were
used in this analysis: (1) all address points regardless of type; and (2) only residential
address points.
This resulted in the following 12 techniques:
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.

Areal weighting
Land cover (agriculture zero)
Land cover (agriculture not zero)
Total imperviousness
Imperviousness < 60%
Imperviousness < 75%
Cleaned imperviousness
Total roads
Local roads
Nighttime lights
Address points (all)
Residential address points

After each of the dasymetric mapping techniques was used to estimate the population
count for block groups, the estimated values were compared with the known population
counts. An error analysis was carried out to determine measures of agreement. Tracts
with a population count of less than 100 were excluded from this analysis to avoid issues
of sample size, as were tracts that consist of only a single block group (for which the error
would be zero by definition). The following error metrics were determined for each of the
12 techniques:
1. The number of people placed incorrectly. This is determined by the sum of the
absolute values of the difference between estimated and known population counts
for each block group, divided by two. The logic is that a single incorrectly placed
person results in an error of 2: minus 1 in one block group and plus 1 in another.
Figure 2 includes an example of this type of error calculation using address points.
2. The median of the absolute value of the percent error for each block group, using the
known population as the base.
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Unit

Actual Population

Address Points

Estimated Population

Error

BG 1

1,159

505

1,186

27

BG 2

1,103

440

1,033

−70

BG 3

1,161

513

1,204

43

15

Sum of actual population: 3,423
Sum of address points: 1,458
People per address point: 3,423/1,458 = 2.35
Population estimate BG 1: 505 * 2.35 = 1,186
Total number of incorrectly placed people: (27+70+43)/2 = 70

Figure 2 Illustration of the methodology to apportion population spatially from census
tracts to block groups using address points

3. The R2 value of the correlation between estimated and known population counts for
each block group.
In addition, for each block group the performance of each of the 12 techniques was
ranked based on the absolute value of the error. Pattern in these ranks were examined to
identify block group characteristics which may correlate with the relative performance of
the 12 techniques.

4 Results and Discussion
The performance of each of the 12 techniques is summarized in Table 3. Performance
metrics include the number and percentage of the people placed incorrectly, the median
© 2011 Blackwell Publishing Ltd
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value of the absolute percentage error and the R2 value of the correlation between
estimated and known block group population counts. The three error metrics result in
virtually the same ranking of the 12 techniques and for the discussion of the results the
rank based on the percentage of people placed incorrectly is used.
The first observation is that all techniques outperform areal weighting, as expected
– most by a substantial margin. Areal weighting results in 21.2% of the population being
placed incorrectly, representing the baseline against which the performance of the other
techniques should be assessed. The best performing technique by far is the use of address
points. Using all address points without considering the type of structure results in an
overall error of 4.9%, while using only residential address points reduces this further to
4.2%. These errors are less than half the values of the next best performing technique.
These results confirm two major findings. First, the use of address points as a source of
ancillary data in dasymetric mapping R2 does indeed result in a substantial improvement
compared with other techniques. Second, knowledge of the type of structure further
improves the result, but not by very much. In other words, if the type of structure for an
address point dataset is not known, this does not severely limit the utility of the data for
the purpose of dasymetric mapping. The overall improvement that can be accomplished
using address points is also noteworthy; compared with areal weighting the overall error
can be reduced by a factor of approximately 4 to 5, and the resulting error is reduced by
a factor of 2 compared with the next best performing techniques.
The next best technique following address points is the use of imperviousness with
cell values greater than 60% removed, resulting in an overall error of 10.8%. However,
these results are very close to those for imperviousness with cell values greater than 75%
removed (11.0%) and land cover with agriculture set to zero (11.6%). This confirms
earlier results by Zandbergen and Ignizio (2010) that imperviousness and land cover
produce very similar errors in dasymetric mapping. The comparable performance of
these two types of ancillary data does not come as a surprise since they are derived from

Table 3 Performance metrics of dasymetric mapping techniques (n = 683)
People Placed Incorrectly
Technique

Count

Percentage

Rank

Median
abs% error

R2

Areal weighting
Land cover (agriculture zero)
Land cover (agriculture not zero)
Total imperviousness
Imperviousness < 60%
Imperviousness < 75%
Cleaned imperviousness
Nighttime lights
Total road density
Minor road density
Address Points
Residential Address Points

182,363
100,063
121,692
113,422
92,410
94,407
148,900
160,151
116,027
114,077
41,992
36,523

21.2
11.6
14.2
13.2
10.8
11.0
17.3
18.6
13.5
13.3
4.9
4.2

12
5
9
6
3
4
10
11
8
7
2
1

38.7
20.3
25.4
21.7
19.2
18.6
27.7
31.6
23.4
22.9
7.2
5.4

0.416
0.680
0.607
0.633
0.744
0.725
0.515
0.503
0.641
0.642
0.912
0.910
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the same Landsat imagery. Total imperviousness with an overall error of 13.2% performs
slightly worse compared with the modified versions of imperviousness. The alternative
land cover technique with a non-zero population for agriculture results in a larger overall
error (14.2%) compared with using zero population for agriculture. Next in terms of
performance is road density, with minor roads being slightly more accurate than all roads
(14.2 vs. 14.5% ). Cleaned imperviousness (17.3%) and nighttime lights (18.6%)
perform worse and only provide a modest improvement over areal weighting (21.2%).
To further illustrate the performance of selected techniques, Figures 3 and 4 show
the bivariate correlations between known and estimated population counts at the block
group level for residential address points and land cover with zero population for
agriculture, respectively. Land cover has traditionally been the primary source of ancillary data and was therefore selected for this illustration. While the overall fit for land
cover in Figure 4 appears relatively good with an R2 of 0.68, there are a substantial
number of outliers. The fit for residential address points in Figure 3 is much better, with
an R2 of 0.91 and only a handful of outliers.
The results presented so far have employed aggregate performance metrics and do
not fully reflect the variability in the performance of the various techniques. For each
block group the rank of each technique was determined and the summary counts are

Population Estimate based on Residential Address Points

8,000

7,000

6,000

y = 0.963x + 46.61

5,000

R2 = 0.91
4,000

3,000

2,000

1,000

0
0

1,000

2,000

3,000

4,000

5,000

6,000

7,000

8,000

True Population

Figure 3 Bivariate correlation between known and estimated block group-level population based on residential address points (n = 683)
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Population Estimate based on Land Cover
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1,000

0
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4,000
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Figure 4 Bivariate correlation between known and estimated block group-level population based on land cover with zero population for agriculture (n = 683)

presented in Table 4. The detailed counts for each technique illustrate the variability. For
example, the use of residential address points is the best performing technique overall.
However, based on individual block groups it is the best performing technique for 216
out of 683 block groups, the second best performing technique for 179 block groups, etc.
Interestingly, it is actually the worst performing technique for seven block groups. On the
other hand, areal weighting is the worst performing technique overall, but actually the
best performing technique for 25 block groups. Overall, Table 4 reveals substantial
variability in the performance of the techniques, which is somewhat masked when only
reporting aggregate performance metrics.
The results in Table 4 provide an early indication that it may be possible to identify
which techniques are likely to perform best, based on block group characteristics. The
next step, therefore, is to explore spatial patterns in the ranking results and identify any
relationships between rankings and block group characteristics. Thematic maps were
created for every county in the study area, showing the rank performance of selected
techniques. Figure 5 shows an example of this for only two counties (Muskinghum and
Stark) and three techniques (residential address points, imperviousness with cell values
more than 60% removed, and land cover with agriculture set to zero). Inspection of these
thematic maps revealed that block groups where residential address points perform
© 2011 Blackwell Publishing Ltd
Transactions in GIS, 2011, 15(s1)

Dasymetric Mapping Using High Resolution Address Point Datasets

19

Table 4 Counts of block groups based on the rank performance of each technique
1

2

3

4

5

6

7

8

9

10

11

12

Areal weighting
25 25 23 26 32 29 32 38 41 37 120 255
Land cover (ag zero)
40 34 52 61 68 87 103 96 82 41 15
4
Land cover (ag not zero)
31 25 42 41 45 44 73 103 78 159 27 15
Total imperviousness
35 32 47 61 50 67 75 61 67 69 90 29
Imperviousness < 60%
39 37 83 74 106 79 87 52 53 36 13 24
Imperviousness < 75%
24 31 57 89 121 126 73 58 47 39 16
2
Cleaned imperviousness
35 28 53 30 41 48 63 57 52 36 73 167
Nighttime lights
20 22 26 30 34 36 51 57 57 53 198 99
Total road density
32 37 55 75 65 45 42 47 108 100 56 21
Minor road density
47 42 72 68 54 36 45 72 70 73 63 41
Address Points
146 187 104 63 48 43 21 17 16 20 13
5
Residential Address Points 216 179 70 64 38 37 17 20 13 14
8
7

poorly relative to other techniques are often small and located in urban areas, suggesting
urban/rural gradients as a possible explanatory variable. Perhaps more importantly, the
results in Figure 5 confirm the substantial variability in the performance of the selected
techniques, with no strong spatial pattern emerging. This indicates substantial heterogeneity in terms of the performance of ancillary data, i.e. the relationship between ancillary
data and population appears to differ for different subsets of the data. More generally,
this indicates that the relationships among ancillary data and population are not linear,
which is a widely employed assumption for ancillary datasets including address points,
imperviousness, road density and nighttime lights. Developing and testing these nonlinear relationships, therefore, may represent a useful avenue for improving dasymetric
mapping techniques.
To formally test the influence of urban/rural gradients, the sample of block groups
was split exactly in half based on the median population density of 228 people per km2.
This value approximates commonly used classifications of urban/rural boundaries.
Table 5 reports the summary of the count of ranks for these two sub-samples for
residential address points. The distributions were compared using a chi-squared test. This
resulted in a chi-squared value of 57.660 with 10 degrees of freedom and a two-tailed
p-value of less than 0.001. This presents a statistically significant difference and supports
the conclusions that relative to other techniques residential address points perform better
in rural areas with low population densities. However, it should be noted that the number
of urban block groups for which residential address points ranks as the best method
(112) is slightly higher than the number of rural block groups (103). This slight advantage for urban block groups disappears when pooling the counts for ranks 1–3. Pooling
the data into fewer categories (ranks 1–3, 4–6, 7–9, 10–12) produces very similar results
for the chi-squared test and confirms that in general residential address points perform
better in areas with low population densities.
Dasymetric mapping is typically more difficult in areas with low population densities
due to the fact that population distribution in rural areas is often more heterogeneous
compared with urban areas. In areas with substantial urban and suburban development
© 2011 Blackwell Publishing Ltd
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Figure 5 Rank performance of selected dasymetric techniques for two counties

large areas may be relatively homogeneous. In areas characterized by very low population densities large areas with very sparse population may be interrupted by small areas
with very high population concentrations. Therefore, the finding that residential address
points perform somewhat better in rural areas compared with urban areas relative to
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Table 5 Counts of block groups based on the rank for residential address points with
the sample split based on population density

Total
< 228 #/km2
> 228 #/km2

1

2

3

4

5

6

7

8

9

10

11

12

Total

216
103
112

179
91
88

70
41
29

64
36
28

38
22
16

37
21
16

17
8
9

20
8
12

13
3
10

14
5
9

8
3
5

7
0
7

683
341
341

Chi-squared equals 57.660 with 10 degrees of freedom
The two-tailed P value is less than 0.0001
This difference is considered to be very statistically significant

other techniques is important, since rural areas have traditionally presented the greatest
challenge in small area population estimation.
Spatial patterns in the performance of residential address points were examined in
more detail to identify possible causes of the poor performance in a small number of
block groups. Based on the rankings, the block groups where residential address points
performed the worst (62 block groups with a rank of 8 and higher) were individually
inspected by overlaying the block group’ boundaries and address points with high
resolution orthophotos. In some cases the relatively poor performance of address points
was attributed to the presence of new urban development which has taken place since
2000. Figure 6 shows an example of this for Stark County. Areas identified as cropland
and forested in the NLCD 2001 dataset have been converted to residential development.
Orthophotos from 2008 show the ongoing land conversion. A few dozen residential units
have been constructed and several more units are under construction. The address points,
therefore, accurately reflect the distribution of population in 2008 but results in an
overestimate of population for this block group when compared with 2000 census data.
For these block groups both land cover and imperviousness derived from 2001 Landsat
imagery perform substantially better due to a better temporal match with the reference
data.
In other cases the relatively poor performance of address points was attributed to the
presence of multi-unit residential properties. An example is shown in Figure 7. The
address point database contains a point feature for every residential unit. In the case of
multi-unit properties this means a number of point features are placed directly in front
of the structure corresponding to the number of units. While this provides an accurate
count of units, many of these units consist of apartments or condominiums and are much
smaller than a typical single family home. On average, fewer people are likely to reside
in these units relative to single family homes. However, in the dasymetric mapping
technique each residential address point is given equal weight, resulting in a substantial
overestimate of population in block groups with many multi-unit properties. In reviewing the block groups where residential address points performed poorly, only a handful
of cases were attributed to new urban development and the vast majority was attributed
to the presence of multi-unit properties.
The existing address point datasets do not provide information on the year of
construction or the type and/or size of residential units. However, if this information
could be obtained from other sources, such as property appraiser tax records, this would
© 2011 Blackwell Publishing Ltd
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Figure 6 Illustration of recent urban development not captured in Census 2000 population estimates. Top figure shows residential address points and recent aerial imagery
(2008). Bottom figure shows the same residential address points and the National Land
Cover Data (2001)

provide for an opportunity to further improve population estimates using address points.
Accounting for multi-unit residential properties in particular is expected to further
reduce errors in population estimates.
Finally, overlays with aerial imagery were used to examine the differences in performance between total address points and residential address points. As expected, in block
groups that include substantial areas of commercial, institutional and/or industrial land
use the performance of all address point was much lower compared with residential
address points. The use of all address points substantially over-estimates population for
© 2011 Blackwell Publishing Ltd
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Figure 7 Example of multi-unit residential structures with address points placed directly
in front of each structure corresponding to individual units

these block groups. In block groups mostly consisting of residential land use the difference between the performance of the two sets of address points is very similar. In addition
to urban/rural gradients, therefore, land use composition and heterogeneity is also a
factor in the performance of ancillary data.

5 Conclusions
Results from the current study indicate that address point datasets perform substantially
better as a source of ancillary data in dasymetric mapping compared with many other
types of commonly used datasets. The overall error for all block groups (n = 683) using
address points is 4.9% compared with 10.8% for imperviousness, 11.6% for land cover,
13.3% for road density, 18.6% for nighttime lights and 21.2% for areal weighting. Using
only residential address points instead of all types of locations further reduces this error
to 4.2%. Therefore, if the type of structure for an address point dataset is not known, this
does not severely limit the utility of the data for the purpose of dasymetric mapping. In
the current study, using residential address points reduced the overall error in population
estimates by a factor of approximately four to five compared with areal weighting. Errors
are reduced by a factor of two compared with the next best performing techniques
(imperviousness and land cover).
Analysis of the spatial patterns in the relative performance of the various techniques
revealed that address points perform particularly well in low density rural areas which
present challenges for traditional dasymetric mapping techniques using land cover
datasets. A closer examination of the block groups where residential address points
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performed relatively poorly identified two causes: (1) new urban development that has
occurred since the 2000 census; and (2) the presence of multi-unit residential properties
where fewer people are likely to reside per unit compared with single family housing
units. Information from other sources on the year of construction or the type and/or size
of residential units could therefore be used to further improve population estimates using
address point datasets. For example, the year of construction could be used to remove
housing units from the analysis that have been added since the date of the reference data
for population counts.
Results from the current study provide very strong support for the use of address
points for small area population estimates. This does not come as a great surprise since
the information is much more detailed than other types of ancillary data such as land
cover or imperviousness data at 30 m resolution. Address point datasets, however, are
relatively new and there are few evaluations of their performance for various applications. The current study contributes to the limited body of knowledge on the utility of
address points (Zandbergen 2008, Roongpiboonsopit and Karimi 2010, Owens et al.
2010, Tapp 2010).
In addition to substantially improved performance, one of the strengths of address
points is that the algorithm employed in dasymetric mapping is very simple. All points
are weighted equally and population is spatially apportioned, simply using the local
density of points. No statistical model fitting or calibration is required, as is commonly
employed when using land cover as ancillary data. This makes it easier to replicate the
method in other study areas and also makes results from different study areas more
comparable.
The use of address point datasets, however, has a number of limitations. The primary
limitation is that coverage in the US is incomplete at present. While several countries have
nation-wide datasets, no such publicly available dataset exists in the US. It should be
noted that the Master Address File (MAF) created and maintained by the US Census
Bureau is in effect a national address point database but access to this data is restricted
and public release in the near future is not very likely. However, address points are
quickly becoming more of a standard dataset in local jurisdictions and coverage is
growing rapidly. Several state-wide datasets have been developed or are nearing completion (e.g. Indiana, North Carolina, Ohio, Tennessee and Vermont) and many cities and
counties have started collecting datasets and making them available. A second limitation
is that there is no single standard for address points datasets. How data are collected and
exactly how structures and sub-units are recorded is left up to individual jurisdictions.
This includes the placement of address points (e.g. top of building, in front of building,
at the driveway), the type of structures to be recorded (e.g. only addressable structures or
other types), and the attributes of the point features (e.g. type of structure, size, year).
The level of integration with other relevant datasets such as parcels, building footprints
and street centerlines also varies between jurisdictions. A third limitation is that the use
of address points as employed in the current study assumes a uniform population density
per address point. This is clearly not true when considering different types of residential
units and the diversity of households that occupy them. This limitation could partly be
addressed by employing estimates of mean household size at the block or block group
level, or by incorporating metrics for the type of unit (e.g. single family, multi-family) or
metrics for the size of each unit (e.g. number of bedrooms, square footage). This
information could be obtained from property appraiser tax records. Finally, the current
study is limited by the nature of the datasets employed, in particular their spatial
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resolution. For example, the NLCD land cover and imperviousness data are derived from
Landsat imagery at 30 m resolution and employ a specific classification. At present the
NLCD data is the highest resolution land cover data available nationwide in the US.
However, locally higher resolution land cover datasets may be available, for example
derived from orthophotography. In addition to improved spatial resolution, such datasets
may also include information on land use, such as residential vs. non-residential urban
land use categories. Such datasets with higher spatial and thematic resolution are likely
to perform much better as ancillary data for dasymetric mapping than the NLCD data.
Their performance may indeed be very similar to those of address points, depending on
their resolution. Future research could examine the performance of high resolution land
cover data, and whether combining multiple high resolution datasets (address points,
parcels, land cover, land use) results in additional improvements. Such high resolution
datasets, however, are not available nation wide in the US, which limits analysis to local
and regional comparisons.
Address point datasets have been developed with the primary goal of providing more
accurate reference data for geocoding. The current study has demonstrated that these
datasets can also be used to improve the performance of dasymetric mapping for small
area population estimation. Address points provide very detailed and accurate representations of the locations of all addressable structures within a particular jurisdiction.
Given this level of detail, other applications are likely to benefit from their use, including
emergency response, natural hazards, homeland security and others. Demonstrating the
utility of address points will make a stronger case for establishing standards for these
datasets and for developing a publicly available nation-wide address point dataset in the
US, similar to those already in existence in other jurisdictions.
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