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ABSTRACT

Dasymetric mapping is an intelligent interpolation method to accurately disaggregate
population distribution with assistance of ancillary data describing the underlying pattern of
geographical phenomena. Many studies have demonstrated that the dasymetric mapping method
can substantially improve accuracy of population estimation by areal interpolation. Despite the
significant performance advantages of the dasymetric method, it has not been widely adopted
amongst broader geography community because of its relative complexity to implement and the
difficulties to acquire high quality ancillary data. This research aims to investigate how to
elaborate the method of dasymetric mapping for population distribution modeling while
minimizing the effort for data acquisition and processing, so as to encourage more users to take
advantage of the dasymetric mapping method for applications involving population distribution
data. This dissertation addresses two questions related to efficient implementation of dasymetric
mapping for population distribution modeling. First is how to improve the performance of
dasymetric mapping method. Second is what kind of public-domain land cover data could be

utilized.



Regression-based population estimation models and three dasymetric mapping methods
are briefly reviewed and tested with the National Land Cover Dataset (NLCD). Although, the
correlation between residential land cover and population density is clearly proved, the relative
performance of the three dasymetric methods (binary, three-class, and limiting variable) is
inconclusive. A hybrid dasymetric method integrating the pycnophylactic interpolation and the
dasymetric mapping significantly outperforms the other methods (areal weighting interpolation,
binary dasymetric mapping, and pycnophylactic interpolation method). Sensitivity analysis
shows that the hybrid method can be further improved with appropriate selection of search radius
size. Geographical weighted regression (GWR) modeling performs very well to estimate
population density weight for each land cover class of the NLCD 2001 data. GWR based multi-
class dasymetric method outperforms other interpolation methods (areal weighting interpolation,
pycnophylactic interpolation, binary dasymetric method, and globally fitted ordinary least
squared (OLYS) regression based multi-class dasymetric method). This is attributed to the fact that
spatial heterogeneity is accounted for in the process of determining density parameters for land

cover classes.

INDEX WORDS: Intelligent interpolation, Population, Pycnophylactic interpolation,
Dasymetric mapping, NLCD, Geographically weighted regression
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CHAPTER 1

INTRODUCTION

RESEARCH BACKGROUND

Knowledge of the size, characteristics, and spatial distribution of human population is
essential to many applications for governing and planning. Although population data are crucial,
they are typically only available in aggregate forms, such as census blocks or tracts in the United
States, and enumeration districts or wards in the United Kingdom. The spatial aggregation of
census data by street blocks, tracts, and districts is necessary to mask out confidential
information relating to individuals. However, this makes it difficult to map or model the
population distribution accurately, especially when a choropleth mapping approach is used. This
kind of aggregate data cannot sufficiently represent the underlying geographical distributions
fundamental to many planning studies (Bracken 1989; Bracken and Martin 1989; Goodchild et al.
1993; Bracken and Martin 1995; Moon and Farmer 2001). Further, there are well-known scale
and unit specification issues, the modifiable areal unit problem (MAUP), that must be addressed
when statistical or spatial models are applied in the context of planning and decision making
(Fotheringham and Wong 1991; Openshaw and Rao 1995).

In order to address the shortcomings of aggregate census data, researchers have
developed interpolation approaches for transforming areal population counts to raster-based

population density surfaces, which is a process of spatial disaggregation. These interpolation



methods can be divided into two groups: simple interpolation and intelligent interpolation
(Langford et al. 1991; Okabe and Sadahiro 1997). Simple interpolation methods include all data
transferring approaches that do not use ancillary data. Many simple interpolation methods have
been detailed in the literature, including area weighted polygon overlay (Lam 1983; Goodchild et
al. 1993), pycnophylactic interpolation (Tobler 1979; Rase 2001), and kernel density functions
(Bracken and Martin 1989, 1995; Martin 1989, 1996; Martin and Bracken 1991). In contrast to
these simple methods, intelligent interpolation methods involve integration with ancillary
information to shed light on the internal variation of population density within each aggregation
unit. Dasymetric mapping method is an example of the intelligent interpolation method, which
has been increasingly popular due to the emergence and growing popularity of Geographic
Information System (GIS) and Remote Sensing (RS) technologies. Various data sources have
been used as ancillary information. Examples include nighttime satellite imagery using the
visible near-infrared(IR) band (Sutton 1997; Dobson et al. 2000; Sutton et al. 2001), housing
distribution data (Moon and Farmer 2001), land property parcel data (Luo 2005), vector street
networks (Mrozinski and Cromley 1999; Reibel and Bufalino 2005), vector land cover data
(Eicher and Brewer 2001; Mennis 2003), and raster land cover data derived from classified
satellite imagery (Langford and Unwin 1994; Yuan et al. 1997; Holt et al. 2004; Sleeter 2004;
Reibel and Agrawal 2007). Among those, land use and land cover dataset is the most commonly
used, given that it is highly correlated with population density (Wright 1936; Flowerdew and
Green 1989; Langford et al. 1991; Langford and Unwin 1994; Langford 2006). Many studies
have demonstrated that the dasymetric mapping method can substantially improve the accuracy
of population density estimation (Fisher and Langford 1995; Cockings et al. 1997; Mrozinski

and Cromley 1999; Langford 2006; Reibel and Agrawal 2007).



Despite the significant performance advantages of the dasymetric mapping method, there
has been little evidence to suggest widespread adoption amongst the broader GIS community
(Langford 2007). Langford (2007) stated that intelligent methods, such as dasymetric mapping
method, were not widely adopted because of two reasons. Firstly, an implementation of
intelligent interpolation is much more complicated than simple interpolation. Furthermore, most
intelligent interpolation methods require an additional process to prepare ancillary information.
Therefore, it is no wonder that many users still prefer the traditional simple interpolation method
despite the superior performances by intelligent interpolation methods reported in many studies.
There are positive and negative factors that encourage or discourage users from adopting
dasymetric mapping method. To encourage a broader geography community to employ
dasymetric mapping methods for its advantages in population distribution estimation accuracy,
efforts should be made to overcome the problems of excessive processing time and
implementation difficulty while ensuring its performance. Regarding the acquisition of high
accuracy ancillary information, there are several types of public-domain high quality datasets
available in the United States such as the Multi-Resolution Land Characteristic Consortium

(MRLC) National Land Cover Dataset (NLCD).



RESEARCH OBJECTIVES

The overall aim of this research is to investigate how to elaborate the method of

dasymetric mapping for population distribution modeling while minimizing effort for ancillary

data acquisition and processing, so as to encourage more users to exploit advantages of

dasymetric mapping method for their applications involving population distribution data. This

dissertation addresses two questions related to efficient implementation of dasymetric mapping

method for population distribution modeling. The first is how to improve the performance of

dasymetric mapping method. Second is what kind of public-domain land use land cover data are

available, and how those could be utilized. Specifically, the objectives of this dissertation are:

1.

To evaluate the performance of different population estimation models based on
multiple regression analysis,

To present and examine correlations between population density and land use land cover
classes of the public-domain National Land Cover Dataset (NLCD),

To investigate and compare performances of different dasymetric mapping methods
using the NLCD data,

To examine advantages of pycnophylactic interpolation for population distribution
modeling, and to investigate merits of integrating pycnophylactic interpolation with
dasymetric mapping method,

To investigate the spatial heterogeneity of the relationship between land cover types and
population densities, and to develop an intelligent interpolation method to account for

the spatial heterogeneity in population distribution modeling.



DISSERTATION ORGANIZATION

The dissertation consists of four interrelated research papers. The first paper in Chapter 2
briefly reviews population estimation research using remotely sensed data. It evaluates the
performance of four statistical estimation models using the NLCD 1992 and the U.S. Census
1990 population count data. The results of the chapter show how the distribution of land use land
cover is closely related to population distribution. The ‘focused’ and ‘simple’ models that use
only residential land use class give the best estimation in terms of the absolute mean relative
error measure. Spatial distribution of relative errors shows a clear tendency of underestimation in
high-density populated area and overestimation in the low-density area. The second paper in
Chapter 3 compares performances of different dasymetric methods. Three schemes (binary,
three-class, and limiting variable) of dasymetric mapping method are tested on Athens, GA using
the NLCD 1992 and the 1990 U.S. Census population count data. All three dasymetric methods
perform significantly better than the conventional areal weighting interpolation method. The
limiting variable method seems to perform best according to the root mean squared error
(RMSE) measure. However its superiority is inconclusive. The third paper in Chapter 4 presents
the development a hybrid intelligent interpolation method integrating the pycnophylactic
interpolation and the dasymetric mapping method. Each of the methods has its own strength but
also suffers obvious shortcomings. The hybrid approach takes advantage of the strengths of both
methods while overcoming the drawbacks of them.

The performance of the hybrid method is evaluated by comparing its estimation
accuracy with those of other popular methods including areal weighting interpolation, binary
dasymetric mapping, and pycnophylactic interpolation method. The comparison results prove

that the hybrid method significantly outperforms the other methods. A sensitivity analysis



examining the effect of search radius size shows that the hybrid method can be further improved
with appropriate choice of search radius. The fourth paper in Chapter 5 examines the benefits of
the geographical weighted regression (GWR) model for dasymetric density parameter estimation
using the pre-classified NLCD 2001 land cover dataset. The performance of the GWR based
multi-class dasymetric mapping method is examined by a comparative accuracy assessment with
four other areal interpolation methods including areal weighting interpolation, pycnophylactic
interpolation, binary dasymetric method, and globally fitted ordinary least squared (OLS) based
multi-class dasymetric method. GWR based multi-class dasymetric method outperforms the
other methods. It is attributed to the fact that spatial heterogeneity is accounted for in the process

of determining density parameters for land cover classes.
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CHAPTER 2

POPULATION ESTIMATION USING LAND USE LAND COVER DATA FROM

LANDSAT TM IMAGES - IMPLEMENTATION AND LIMITATIONS *

! Kim, H, 2006. The Geographical Journal of Korea. 40(4):489-496.
Reprinted here with permission of publisher.
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ABSTRACT

Accurate population estimation is one of the most essential techniques to supplement
decennial census data. The expanded and timely availability of remotely sensed data provides a
practical way to estimate between-census population for a small area by incorporating land use
land cover information extracted from satellite images into estimation process. The accuracy of
population estimation with land use land cover data is determined by several factors. Besides the
accuracy of image classification, the explicit statistical relationship between land use land cover
information and actual population count has a critical importance for effective estimation. The
statistical relationship is modeled by a regression analysis where pixel counts of land use land
cover are used as independent variables and population counts as the dependent variable,
respectively. This research tests several regression models to explore the statistical relationship
between land use characteristic and population counts. The performance of each model is
evaluated in two ways. First, the estimated total population of the study area is compared to the
actual census population. The allometric growth model based on the strong relationship between
the logarithmic value of population and the number of high-density residential pixels gives the
closest estimate in terms of total population count. Second, the regression coefficients calculated
by the regression analysis with sampled U.S. Census Bureau block groups are utilized to estimate
population counts in the all census block groups. The “focused’” model and “‘simple’ model that
use only residential pixels give the best estimation in terms of the absolute mean relative error.
Spatial distribution of relative errors shows a clear tendency of underestimation in high-density
populated area and overestimation in the low-density area. Keywords: population estimation,
census population, land use land cover, remote sensing, Landsat TM imagery, regression

analysis, allometric growth model
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INTRODUCTION

Accurate and timely population data are essential to most regional policy issue and
related geographic research using socio-economic variables. Most population censuses are very
expensive, and normally conducted only every decade even in the developed countries (Lo 1995;
Qiu et al. 2003). For these reasons, demographic models have been employed in order to predict
intercensal population based on previous census figures combined with a variety of other data,
such as local economic indicators, counts obtained from consumer marketing databases, postal
service delivery statistics, etc. These methods may provide reasonable estimations, but the
implementation of these models is often complex and expensive due to the requirement for
collecting multiple inputs and the need of significant manpower for analysis.

Remotely sensed images provide alternative opportunities for estimating population in
urban and suburban areas. Large scale aerial photographs have long been used to count the
number of dwelling units observed from the sky and to estimate total population based on
average household size for each dwelling type (Lo 1986a). This method provides very accurate
counts of dwelling units, but it requires a large number of aerial photographs and is very time-
consuming, so it is only suited for use in small areas. With the increased availability of high
resolution satellite images such as SPOT 20-meter spatial resolution multi-spectral scanner data
and LANDSAT Thematic Mapper (TM) 30-meter resolution data, they can be imported to a

computer and analyzed by a raster-based geographic information system (GIS).
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Lo (1986b) distinguished four different approaches to population estimation from
remotely sensed imagery as following:

a) Counts of dwelling units;

b) Measurement of areas of urbanization;

c) Measurement of areas of different land use;

d) Automated digital image analysis

Among these categories, the third approach, applicable at small to medium scales with
medium resolution imagery, has been applied in various ways to estimated population and related
demographic characteristics. Increases in areas of urbanization have been monitored in many
studies using techniques for change detection and land use classification (Harvey 2002).
Langford et al. (1991) used a classification approach to estimate the populations of 49 census
wards in northern Leicestershire in United Kingdom. The explanatory variables were the
numbers of pixels in each of five land use categories (dense residential, ordinary residential,
industrial / commercial, logically with no population, agricultural), obtained by supervised
classification of a Landsat TM image. Lo (1995) used a mixture of both types of predictor (mean
reflectance and counts of pixels in classes) to estimate the population and dwelling unit numbers
in 44 tertiary planning units of Kowloon, Hong Kong, using multi-spectral SPOT imagery.

The purpose of this paper is to implement the population estimation in Athens-Clarke
County, Georgia. according to the methods suggested by Langford et al. (1991) and Lo (1995)
using land use land cover data, and visually explore the spatial variations of estimation accuracy
in the context of regional characteristics. Some limitations of implementing these methods and

considerations are commented upon.
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STUDY AREA AND DATA
Study Area
Athens-Clarke County, a university town in north east of the state of Georgia, is used as
the study area (Figure 2-1). The County has total population of 87,594 according to the U. S.

Census Bureau’s 1990 census.

N

Clarke County

Georgia

Figure 2-1. Study area; Athens-Clarke County, Georgia in Census block groups
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Data
The two datasets used for the case study are as follows:
® U.S. Census Bureau, TIGER 98 Block Groups (UTM) joined with 1990 census data
® National Land Cover Dataset (NLCD) 1992 from Georgia GIS Data Clearinghouse
This land cover dataset was produced as part of a cooperative project between the U.S.
Geological Survey (USGS) and the U.S. Environmental Protection Agency (EPA) to produce a
consistent, land cover data layer for the conterminous U.S. based on 30-meter Landsat Thematic
Mapper (TM) images. The base dataset for this project was leaf-on Landsat TM data, nominal-
1992 acquisitions (Figure 2-2). The 23-Class National Land Cover Data Key is used for

supervised classification (Mogelmann et al. 1998).

Figure 2-2. The National Land Cover Dataset (NLCD) 1992

16



METHODOLOGY
Data preparation
For analytical purposes, the 23-class National Land Cover Dataset was reclassified into a
simplified land cover dataset with only 5 land cover classes as following (Figure 2-3):
a) Low Intensity Residential - Low_res
b) High Intensity Residential - High_res
C) Commercial/Industrial/Transportation - Comm
d) Avreas that logically have no population (Water, Barren lands, Forested Uplands,
Wetlands, and Urban/Recreational Grasses) - Nobody

e) Agricultural Lands (Pasture/Hay, Row Crops) - Agric

] HODATA
I Low density residential
I High density residential
I commercial / Industrial ! Transportation
[ Ho population

N Agriculture

Figure 2-3. Reclassified land cover of study area
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Using ERDAS Imaging 8.6 ‘zonal attribute’ operation, numbers of pixels of each land
cover class that fall into 53 census block groups were counted. These counts were entered to the
attribute table of census block group coverage in ESRI ArcView 3.2. The result was a data matrix
giving pixel counts for five land cover classes together with recorded population of 1990 census
for the 54 census block groups. Seventeen block groups were sampled for parameter estimation

(Figure 2-4). These were randomly selected from each census tract.

Figure 2-4. Distribution of 17 sample block groups
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*Shotgun” model
The overall regression equation, calibrated by ordinary least squares (OLS), relating
population count to the indicating variables is:
Population = 390.236 + 0.136 Low_res + 5.219 High_res
+ 0.737 Comm + 0.186 Nobody - 0.115 Agric MODEL 1

R?=.822, Adjusted R? = .741

Although this model gives a good fit of 82 percent, as Langford et al. (1991) pointed out,
it is logically flawed in some respects. It is logical that the correct form of any model linking
population to land use classes should not have an intercept constant supposing that there should
be no population if there is no residential land use. So, another regression model was developed
without intercept as following:

Population = 0.269 Low_res + 4.727 High_res + 0.497 Comm

+ 0.133 Nobody - 0.022 Agric MODEL 2

R?=.967, Adjusted R® = .953

These kinds of models that are forced through the origin has different basis for the R?

value calculation so that direct comparison with models with intercept should be avoided.

19



‘Focused’ model
Any statistical model linking pixel counts of land cover to population should be simple,
linear, additive, and without any intercept constant. In this model, the individual coefficients
have a direct interpretation as the average density of people in each pixel of specified type. With
only residential (high intensity and low intensity) land use pixel counts, following model were
developed:
Population = 0.915 Low_res + 3.668 High_res MODEL 3

R?=.917, Adjusted R? = .906

‘Simple’” model
As the simplest of all, pixel counts of high intensity residential and low intensity
residential were summed up and regressed against population in simple linear model:
Population = 1.370 Residential MODEL 4

R?= .865, Adjusted R® = .857

Allometric growth method
Allometric growth model is based on the strong relationship between the common
logarithmic value of population and the absolute number of high-density residential pixels (Lo
1995). The equation took the following allometric growth form:
Log;oPPoN = 2 623 + 0.281 logy, 719" MODEL 5

R?= 632, Adjusted R® = .612

20



RESULTS
According to the coefficients extracted from the 17 sample census block groups by five
different models, five population value matrices were calculated for all 54 block groups of the
study area. Relative errors of population estimation by each model for the whole study area were
summarized in Table 2-1. In each result, relative error after exclusion of extreme outliers that are

over or underestimated over 100% is additionally calculated.

Table 2-1. Relative errors respective to each model

MODEL1 MODEL2 MODEL3 MODEL4 MODELS5

Estimated population 106,228 96,370 79,638 77,297 86,303

Relative error (%) 21.27% 10.02% -9.08% -11.76% -1.47%

Relative error after 8.89% 1.49%  -1071%  -12.55%  -8.09%

gﬁfllilésrlson of extreme 9 excluded 6 excluded 2 excluded 1excluded 5 excluded

Absolute mean relative

85.55% 49.08% 34.68% 34.75% 55.15%
error (%)

Note: 1990 Census population of Athens-Clarke county is 87,594

‘Shotgun” model
The first method which employed regression model using 5 explanatory variables of
land cover classes overestimated overall population by 21.27% and 10.02% (the model without
intercept) respectively. These relative errors improved to 8.89%, 1.49% after excluding extreme
outliers. But, those outliers make up considerable proportion of total census block groups so that

this result is hard to be evaluated as a good estimation.
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‘Focused’ and ‘Simple” model
The second and third method which employed regression models with only residential
land cover classes underestimated overall population by -9.08% and -11.76% respectively. These
relative errors deteriorated to -10.71% and -12.55% after excluding extreme outliers. But, few
outliers and relatively small amount of absolute mean relative errors showed that it can be

evaluated as meaningful in micro level.

Allometric growth model
The fourth method that employed the allometric growth relationship estimated overall
population with a relative error of -1.47%. It is the most accurate estimation out of all models.
But, after exclusion of five extreme outliers, relative error deteriorated to -8.09%. It can be said
that the allometric growth approach was the most accurate method to estimate population for the
whole area. But, for population at the census block group level, Model 3 and 4 which use only

residential land cover can be preferred.
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Relative error distribution

In addition to the descriptive evaluation about the results of the five estimation models,
relative error for each census block group can be displayed and visually interpreted so the spatial
implication of those methods can be explored.

Figures 2-5 and 2-6 show the spatial distribution of relative errors estimated by Model 1
and 2 which employed all land cover categories. In the relation with population density map of
study area (Figure 2-10), both figures show that overestimated block groups tends to be found in
low population density area, and by contrast, underestimated block groups mainly can be found
in high population density area. In Model 3 and 4, this tendency is reduced, but still city center
area tends to be underestimated by these models (Figure 2-7 and 2-8). In case of Model 5 which
employed logarithmic relationship between population and high intensity residential land cover,

this tendency hardly can be found (Figure 2-9).

Relative error (Model 1)

l:l Underestimation over 30%

- between +-30%

- Overestimation over 30%
0

Figure 2-5. Error distribution (Shotgun)
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Figure 2-6. Error distribution
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Relative error (Model 3)
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Figure 2-7. Error distribution (Focused)

Relative error (Model 5)
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Figure 2-9. Error distribution
(Allometric growth)

Relative error (Model 4)

l:l Underestimation over30%
- between +-30%
- Overestimation over 30%

0

Figure 2-8. Error distribution (Simple)
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Figure 2-10. Actual population density
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CONCLUSIONS AND DISCUSSION

In this paper, a number of population estimation models are implemented and evaluated
with the NLCD 1992 that is produced by classification of Landsat TM satellite images. In overall
population estimation, the allometric growth model was found to make the best estimation. On
the other hand, in census block group level, those methods which employ regression model
between population and counts of pixels that fall into residential land cover classes (high
intensity residential and low intensity residential) showed the best results. These methods
however did not increase accuracy and generally it can be said that the accuracy of estimation at
the census block group level was much lower. This can be on account of various causes. First,
Athens-Clarke County is a university town encompassing complicated housing patterns like
student dormitory and family housing complexes for married students, as well as ordinary style
single-family housing units. Those high intensity residential land uses are not common in other
parts of the city, which may create a difficulty in accurate population estimation using land cover
data from satellite images. Second, in spite of the small size of the study area, Athens-Clarke
County encompasses 54 census block groups which have various population density levels from
29 persons to 10,865 persons per kilometer square. So, it is naturally hard to make a common

population estimation model.
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Using three categories divided by population density as shown in Figure 2-10, three
different models can be calibrated by the method of ‘Focused’ model such as the following:
® High population density area (R* = 0.942, Adjusted R* = 0.935)
Population = 1.020 Low _res + 3.892 High_res
® Medium population density area (R* = 0.944, Adjusted R? = 0.936)
Population = 0.894 Low _res + 2.335 High_res
® Low population density area (R? = 0.953, Adjusted R? = 0.947)
Population = 1.403 Low_res + 1.240 High_res
Each model has a considerably different set of coefficients, and all models have better
coefficient of determinations than Model 3 that used samples from the overall area. This paper
does not contain a model using above characteristics because it is hard to apply to a small sample

size. However, it can be a suggestion for enhancement of the estimation models discussed in this

paper.
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ABSTRACT

This paper explores a raster-based population estimation using dasymetric mapping
techniques that incorporate land use land cover data as a means to redistribute the original census
population value into a surface grid. The three methods reviewed by Eicher and Brewer (2001)
are tested in Athens-Clarke County, Georgia. Using the three (binary, three-class, and limiting
variable) methods, and the conventional choropleth method, I estimate total populations of 54
U.S. Census Block Groups to quantify how well those models reflect real population distribution.
Bivariate regression analysis is used to look at how estimation errors vary across cases. All three
dasymetric methods perform significantly better than the conventional choropleth method. In
terms of RMS error and mean coefficient of variation, the limiting variable method performs
slightly better than others. The correlation coefficients for dasymetric methods are high, ranging
from 0.916 to 0.94. Also, a simple form of error distribution maps is used to visualize how
estimation errors are spatially distributed for each estimation model. Keywords: Dasymetric

mapping, Choropleth mapping, Population density, Land use land cover
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INTRODUCTION

Demographic data are commonly displayed cartographically using the choropleth
mapping technique. For example, choropleth maps are used to display U.S. Census data, a
geographic standard for demographics, and are used as a medium by virtually all geographers
and many non-geographers (Slocum and Egbert 1993). The choropleth map spatially aggregates
data into geographic areas or areal units (e.g., county, census tract, block group, etc.). Because
the value in the enumeration unit is assumed to be uniform throughout the areal unit, continuous
geographic phenomena cannot be properly displayed (Goodchild 1992). Dorling (1993) noted
that choropleth maps of population by areal unit system give the notion that population is
distributed homogeneously throughout each areal unit, even when proportions of the region are,
in reality, uninhabited. This discrepancy is greatest in areas with mixed urban, agricultural, and
uninhabitable land uses.

Dasymetric mapping is a potential solution for the dilemma of portraying population
data that have been aggregated into areal units. The dasymetric mapping depicts quantitative
areal data using boundaries that divide the mapped area into zones of relative homogeneity with
the purpose of portraying the underlying statistical surface (Eicher and Brewer 2001). This type
of mapping has been described as an intelligent approach to choropleth mapping in an attempt to
improve areal homogeneity. Thus, new zones are created that directly relate to the function of the
map, which is to show spatial variations in population density. Land cover data can indicate
residential areas for the delineation of new homogeneous zones. The census populations can be
redistributed to the new zones, resulting in a more accurate portrayal of where people live within

an enumeration boundary.
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Dasymetric mapping differs from choropleth mapping in that the boundaries of
cartographic representation are not arbitrary but reflect the spatial distribution of the variable
being mapped. Eicher and Brewer (2001) reviewed and evaluated a number of dasymetric
mapping techniques to allot population to dasymetric zones: binary, three-class, and limiting
variable.

This study explores a surface-based representation of population, using a dasymetric
mapping technique that incorporates land cover data as a means to redistribute the original
census population value into a surface grid. Specifically, the three methods reviewed by Eicher
and Brewer (2001) are tested for more accurate representation of where people live in Athens-
Clarke County, Georgia. The results are evaluated by comparison between original zonal
population of smaller spatial units (census block group) and estimated population using the three
methods built from larger spatial units (census tract). | hypothesize that the census tracts
populations on the dasymetric map will show a statistically superior match to the census block

group populations over those on the choropleth map.
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DASYMETRIC MAPPING APPROACHES

An essential step in dasymetric mapping is the creation of zones within the areal unit that
correspond to the variable being mapped. To create intra-unit zones of relative homogeneity
among population, ancillary data must be used to interpret relative levels of habitation. Past
approaches have focused on using ownership records, topography, and land cover classifications
to identify and mask uninhabited areas. Holloway et al. (1999) used multiple datasets to detect
and remove uninhabited lands from the area of analysis. Four types of area were ruled out,
including census blocks with zero population, all lands owned by local, State, or Federal
government, all corporate timberlands, and all water or wetlands, as well as all open and wooded
areas with elevation data that have a slope of less than 15% (Holloway et al. 1999). To
redistribute the census population to the ancillary feature classes, Eicher and Brewer (2001)
compares three methods: binary, three-class, and limiting variable. In the binary method, the land
use land cover classes are split into two groups: habitable and uninhabitable. The habitable group
may include urban and agricultural categories, and the uninhabitable group consists of the water
and forested categories. One hundred percent of the population is assigned to the habitable group
and zero percent to the uninhabitable group.

In the three-class method, land use land cover classes are grouped into three classes in
addition to uninhabitable group, and then a predetermined percentage is assigned to each class.
While improving the accuracy of population distribution, this method suffers from a critical
weakness. The subjectivity and accuracy of this percentage assignment (e.g., 70% of the
population to residential pixels, 20% to commercial, and 10% to agricultural) can be argued

because of the absence of empirical evidence.
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Limiting variable method is an approach developed by Wright (1936). In this approach,
the population is first assigned so that the density of the habitable categories is identical. At this
step, uninhabitable class is “limited” to zero density. Next, we set thresholds of maximum
density for particular land uses and apply these throughout the study area. For example,
commercial / industrial areas are limited to 50 people per square kilometer and agricultural areas
are assigned a lower threshold of 15 people per square kilometer for the total population variable
to be mapped. The final step in the mapping process is the use of these threshold values to make
adjustments to the data distribution within each source zone. Population density of sub-regions
other than that of limiting variable is calculated by following:

_D-D,a,
1-a,

D

n

Where a region has been divided into two areas n and m, D is the overall density of the
region, Dp, is the threshold density set to sub-region m, an, is the fractional area of region n
(relative to the entire region), and D, is the density of region n. To decide the upper limits on the
densities of the limiting variable, Eicher and Brewer (2001) used source zones that were

classified entirely as one class to set the threshold value.
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STUDY AREA AND DATA
The study area is Athens-Clarke County, Georgia, a university town with 1990 total
population of 87,594. It encompasses 19 census tracts, and more detailed 54 block groups as
illustrated in Figure 3-1. The U.S. Census Bureau TIGER 98 Census tracts (UTM) joined with
the 1990 Census data in ESRI coverage format were acquired via Georgia GIS Data
Clearinghouse (http://gisl.state.ga.us). The same data in census block group level were also

acquired for evaluation purpose.

Clarke County

Georgia

Figure 3-1. Study area; Athens-Clarke County, Georgia with Census block groups
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A necessary element for dasymetric mapping is an ancillary dataset. This information is
used to assist interpolation of data from the original source zones to new target zones (e.g.
regular grid). The National Land Cover Dataset (NLCD) 1992 of the study area (Figure 3-2) was
also acquired for this purpose via Georgia GIS Data Clearinghouse.

The land cover dataset was produced as part of a cooperative project between the U.S.
Geological Survey (USGS) and the U.S. Environmental Protection Agency (USEPA) to produce
a consistent, land cover data layer for the conterminous U.S. based on 30-meter Landsat
Thematic Mapper (TM) data. The base dataset for this project was leaf-on Landsat TM data,
nominal-1992 acquisitions. The total 23-Class National Land Cover Data Keys were used for

supervised classification (Mogelmann et al. 1998).

Figure 3-2. The National Land Cover Dataset (NLCD) 1992
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METHODOLOGY

My approach combines the methodologies of Mennis (2003) and Holloway et al. (1999)
by choosing four land cover classes, using a three-tier urbanization classification and adding an
excluded class representing zero population. The 23 class NLCD is recoded into four classes;
high-intensity residential, low-intensity residential, commercial / Industrial, agricultural, and
uninhabitable as shown in Figure 3-3. The uninhabitable class incorporates lands that have some
recreational, open-space, and water. The advantage of incorporating an uninhabitable class is to
more accurately display population density by weeding out large areas of the areal interpolation,
allowing the visual depiction of population to be strictly within those areas that are actually

populated.

[ HODATA
I | ow density residential
I High density residential
I commereial / Industrial ! Transportation
[ Ho population

[ Agricutture

Figure 3-3. Reclassified land cover of study area
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After the recoding process, the new zones that have enhanced homogeneity are prepared
in a raster format. Using ERDAS Imagine 8.6 zonal attribute operation, numbers of pixels of each
category that fall into 19 census tracts are counted. These counts are entered to the attribute table
of census tract coverage in ESRI ArcView 3.2. The result is a data matrix giving pixel counts for
five land cover types together with recorded population of 1990 census for the 19 census tract as
shown in Table 3-1. Based on the land cover information for each census tract, population
densities for the whole set of land cover categories are calculated using three dasymetric methods
are developed in addition to simple choropleth method. Finally, the density values are assigned to
census block groups that are included in each tract to estimate block group populations through

reverse calculation.
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Table 3-1. Census tract attribute table joined with land cover pixel counts

ID LOW  HIGH

AREA(mY) PO TOTAL  -OW  FHSH comm  AGRIC  Uninhabitable
o 8664110 921 978 140 16 640 19 163
T 26510414 1864 2040 917 362 1077 37 547
6 6075178 6119 7547 2647 843 750 213 3094
13 o9ga2e52 3225 3284 435 530 929 540 850
14 3080400 4326 461 152 249 8 1 51
11 16015785 3563 1780 617 519 431 8 205
8 30772186 3513 3439 1618 756 502 21 542
4 77007152 3349 8587 3112 508 752 125 4090
12 23504201 3646 2665 1068 723 369 10 495
15 18780196 3707 2073 1036 457 230 1 349
17 4ep14014 4941 5251 1993 558 389 95 2216
16 555100 2550 3825 1699 448 166 13 1499
2 383384648 7104 42541 4848 372 1545 5528 30119
> 387153388 6956 43277 5154 1046 1855 3500 31648
1 403245376 5554 44738 3425 257 1023 6813 32939
3 628639547 6756 70053 4690 677 2532 20601 41496
19 471312066 11685 19301 6927 1590 840 806 9138
18 778753840 7788 87105 5760 264 953 16913 62948
10 4g60843 27 669 9 0 1 38 135
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Choropleth method
The choropleth method divides tract population with the number of all pixels that fall

into the tract boundary to get a single density value regardless of difference in land cover.

D, = % Where, P;is population of tract i and A, is area of tract i.

Binary method
In the binary method, the land use land cover categories are split into two groups:
residential and non-residential. All categories other than high density residential and low density
residential are included in the non-residential group. Then, a hundred percent of the population is

assigned to the residential and zero percent to the non-residential group.
D, = % Where, Dy; is population density for residential area only and A;; is
r

r
1

residential sub-area of tract i.

Three-class method
In the three-class method, land use land cover categories are grouped into three classes
other than uninhabitable class, and then a predetermined percentage is assigned to each class. In
this study, 70% of the population is assigned to residential pixels, 20% to commercial, 10% to

agricultural, and 0% to uninhabitable class.

D, = fiox % Where, Djx is population density for class k of tract i, fi is the fraction
ki

of population assigned to the class k, and Ay is area of class k in tract i.
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Limiting variable method

Limiting variable method assigns population to each class so that the density of the
habitable categories is identical. Next, threshold density values for particular land uses are set
and applied. In this study, commercial / industrial areas are limited to 50 people per km? and
agricultural areas are assigned a lower threshold of 30 people per km? for the total population
variable to be mapped. The final step in the mapping process is the use of these threshold values
to make adjustments to the data distribution within each source zone. Since the density values for
the other two habitable classes are set, adjustment by limiting variables is applied only to

residential class as follow:

P =2 (A;xDy)
D, = k A Where, Dy is predetermined density threshold for class k.

Using the above four methods, | estimate total populations of 54 census block groups to
quantify how well those models reflect real population distribution. Population density values
acquired by the four methods are assigned each census block group by which census tract the
block group is included. Total population of each block group is also calculated by equations

above.
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A variety of ways of measuring error have been used in areal interpolation research. I
followed Fisher and Langford (1995) in their use of root mean squared error (RMSE) and a
coefficient of variation (C.V.) to describe errors in dasymetric zones because RMSE can be
applied to count data (e.qg., total number of people) and is easily interpreted as a value with the
same units as the mapped variable. The coefficient of variation for each block group is calculated
by dividing the RMSE by the correct block group population. To further test a positive
association between the block group population totals and the dasymetric mapping distributions,
| conducted a correlation analysis. The correlation coefficient, denoted by r of the pairs (X, y), is
calculated as following:

 >dd,
ROXSXE)

The strength of the relation between the estimated dasymetric population per block

group and the observed block group population is tested by using a bi-variate or simple
correlation analysis (Burt and Barber 1996). A bi-variate regression analysis is used to look at
how estimation errors vary across cases. Also, a simple form of error map is used to visualize

how estimation errors are spatially distributed.

RESULTS
Accuracy assessment
Table 3-2 lists means of coefficients of variation for 54 block groups for each of the four
methods examined in the analysis. All three dasymetric methods perform significantly better than
conventional choropleth method. In terms of RMS error and mean coefficient of variation,

limiting variable method performs best followed by binary method and three-class method.
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Table 3-2. Summary of block group population estimation error

Model RMSE Mean C.V.
1 Choropleth 722.41 1.12
2 Binary 345.81 0.54
3 Three-class 385.24 0.60
4 Limiting var. 341.09 0.53

Note: 1990 Census population of Athens-Clarke County is 87,594 and mean block group
population is 1,622.

Table 3-3. Correlation coefficient between block group population and estimated population

Model r
1 Choropleth 719
2 Binary .940
3 Three-class 916
4 Limiting var. 935

The correlation coefficients for dasymetric methods are high, ranging from 0.916 to 0.94
(Table 3-3). This statistic can be interpreted as a standardized measure of the degree of similarity
between estimated and original population counts (Burt and Barber 1996). | also computed a
correlation coefficient to compare the choropleth map of block group level summations derived

from tract population densities to the actual block group population densities.
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Visual analysis of the results

Scatter plots of estimation error with population size of the block group (Figure 3-3)
show how errors vary with population value. According to Figure 3-3, it is noticed in Model 1
that a number of relatively large estimation errors are found in mid-population block groups.
Those block groups are located in suburban areas of Athens-Clarke County and mainly consist of
low density residential areas. On the contrary, all the dasymetric methods show rather compact
distribution around the fitted line. It is also worth noting that the spatial distribution of estimation
error is one of the most important things to consider for calibration of the models.

Choropleth method Binary method

Regression Standardized Predicted Value
Regression Standardized Predicted Value

-1000 0 1000 2000 3000 4000 5000 -1000 0 1000 2000 3000 4000 5000

Regression Standardized Predicted Value

POP100

Three-class method

-1000 0 1000 2000 3000 4000 5000

POP100

Regression Standardized Predicted Value

POP100

Limiting variable method

-1000 0 1000 2000 3000 4000

POP100

Figure 3-3. Scatter plots of estimation errors around the fitted line
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Choropleth method Binary method

+] Tgrossog
Bl - -2 Std. Dev.
[ = - -1 Std. Dev.
[ -1-0 Std. Dev.
I:l Mean
[J 0- 1 Std. Dev.
B 1 - 2 Std. Dev.

B - - = Std. Dev.

Three-class method Limiting variable method

Figure 3-4. Spatial distribution of estimation error

Figure 3-4 shows the spatial distribution of relative errors estimated by the four models
used in this study. Standard deviation classification is used to normalize maps. Model 1 shows
significant overestimation in outer rural block groups that have large areas and underestimation
in mid size suburban areas. The city center area also tends to be underestimated. The seven block
groups that are displayed in blue are mainly composed of low density residential and forested

land covers. Those can be said to be more heavily populated areas than rural areas.
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However, these areas tend to be underestimated because their areas are smaller than rural
areas, and their population density values are not as high as those of high density residential area.
This problem is because the choropleth approach does not take into account various land cover
types within units, but uses only area information to compute population density. In contrast, the
dasymetric methods compute population density with concern about the variation of land cover

types within units.

DISCUSSION AND CONCLUSION

This study has shown that the dasymetric methods are viable approaches to take into
account the underlying statistical surface from spatial data that are aggregated and attributed to
large areal units. The process may seem laborious to some geographers for mapping population
density because urban core areas typically show the same distributions. However, in large block
groups with sparse population, the dasymetric map demonstrates an intuitive and more
informative distribution. The inclusion of enhanced ancillary data can improve accuracy within
all land cover types, owing to the identification and elimination of all areas with zero population.
There are significant differences in accuracy between the choropleth method and the other three
dasymetric methods tested in this study. The limiting variable method produces a better
estimation result than the other methods in terms of RMSE. The success of the limiting variable
method may be due to its customized approach. Threshold values used to shift data between
zones are based on the data distribution for a mapped variable.

This approach contrasts with three-class method, in which the same 70-20-10 percentage
weightings are applied. The arbitrary percentage assignment of the three-class method is why the

method performs worse than other dasymetric methods. For addressing the weakness of the
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three-class method, Mennis (2003) proposes empirical sampling strategy to determine
appropriate percentage assignment values. This technique mitigates the subjectivity of the
assignment of a percentage of population to a given ancillary data class (i.e., land use or urban
land cover). Also important are methods of determining the limiting variable threshold values.
Perhaps the reassignment schemes used for limiting variable method could also be made less
arbitrary and more specific to the geography of each source zone by making the threshold
dependent on the land cover characteristics within each source zone. For example, a threshold of
50 people per km? used for commercial / industrial areas could be increased to 100 in tracts with
more than 50 percent urban land uses. A standardized and generalized decision process with a

statistical basis needs to be developed for this purpose.
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ABSTRACT

Dasymetric mapping and pycnophylactic interpolation method have solid theoretical
foundations and empirical support in population estimation research. Each of the methods has its
own strength but also suffers obvious shortcomings. In this paper, we develop a hybrid approach
that takes advantage of the strengths of both methods while overcoming their drawbacks. The
hybrid method is tested with a case study. To evaluate the performance of the proposed hybrid
method, this study compares its estimation accuracy with those of other popular methods
including areal weighting interpolation, binary dasymetric mapping, and pycnophylactic
interpolation method. The comparison results prove that the proposed hybrid method
significantly outperforms the other methods. In addition, the study conducts a sensitivity analysis
to examine the effect of search radius size, which is the key parameter of the hybrid method, on
estimation accuracy. The analysis result shows that the hybrid method can be further improved

with appropriate choice of search radius. Keyword: dasymetric, pycnophylactic, population
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INTRODUCTION

Availability of high precision population data is one of the most important factors in
many decision making processes to address numerous spatial problems. Examples range from
site location for business development, public health (Hay et al. 2005; Langford and Higgs 2006),
to inland security issues such as emergency contingency plans (Dobson et al. 2003; Garb et al.
2007). Decennial censuses have been the primary source of spatio-demographic information.
However, to protect confidentiality and for other reasons, census data are released only as
spatially aggregated attributes of census units such as county, census tract, block group, and
block. The recently launched American Community Survey (ACS) is planning to release annual
population estimates. Although the much improved frequency of data collection and release is
well worth praising, the ACS data have even coarser spatial granularity which significantly limits
its usability for many studies. The finest ACS data are aggregated at the county level for most
areas. This coarse spatial granularity of available population data imposes many limitations and
barriers of application. For example, researchers and practitioners need to take caution against
ecological fallacy and modifiable area unit problems when using such spatially aggregated data.
Furthermore, the census enumeration units may not be compatible with some other areal units for
which other spatial data are collected, which creates problems for spatial data integration. A
common solution is to interpolate spatially aggregated population data into a different spatial
zoning system or a raster system of higher spatial resolution, which falls in the research field of
population interpolation and estimation.

Research on population estimation has been generally classified into two categories:
areal interpolation and statistical modeling (Wu et al. 2005). The statistical modeling approach

employs statistical methods such as regression model to estimate total population based on
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urban morphological or socioeconomic indicators instead of census data (Lo 1986). Examples of
these morphological indicators include the extent of built-up and other areas that can be extracted
from remotely sensed data. Although statistical modeling methods are appropriate when census
data are not available, they produce essentially the same type of spatially aggregated population
counts with coarse spatial granularity. Therefore they share the same weaknesses as discussed
earlier.

To investigate local variations of population distribution and to estimate population data
of higher spatial granularity, many prior studies have explored the areal interpolation approach
for population estimation. Areal interpolation refers to the process of transferring data from one
set of areas (source zones) to another (target zone) (Lam 1983). For instance, it can be the
process of disaggregating population counts of census zones to smaller spatial units such as
raster grid cells. Spatial interpolation methods for population estimation can be further classified
according to whether ancillary information is utilized (Wu et al. 2005). The simplest areal
interpolation approach without ancillary information is probably the areal weighting method
which assumes population is uniformly distributed within each source zone. Many studies are
found in the literature that aim to overcome the oversimplified ‘uniform distribution’ assumption
by smooth density functions, for instance, using a kernel-based surface function around
population centroids (Bracken 1989; Bracken and Martin 1989; Martin 1989, 1996). A well-
known example of this is Tobler’s (1979) pycnophylactic method. This method replaces the
uniform distribution assumption by a smooth density function extending to adjacent source zones
while preserving its original volume (count) of each zone. More recently, the type of spatial
interpolation that integrates ancillary information has gain more visibility. This type of method is

commonly called the dasymetric mapping method. Since Wright (1936) introduced the
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dasymetric mapping method with a rather loose definition, many researchers elaborate the
method with specifics in various studies (Eicher and Brewer 2001; Langford 2003; Mennis 2003;
Langford 2006; Mennis and Hultgren 2006). The basic principle of dasymetric mapping remains
as simple as subdividing source zones into smaller spatial units that possess greater internal
consistency in population distribution (Langford 2003). The ancillary data are usually spatially
referenced categorical information that helps to shed light on more detailed variations of
population density within source zones. For instance, the ancillary information is classified
remote sensing data revealing residential locations (cells), thus population counts can be re-
distributed to the residential cells only.

Although both types of fine-grained areal interpolation methods have solid theoretical
foundation and empirical support, each of the methods has its own strength and shortcomings.
Dasymetric mapping makes good use of ancillary information to infer most likely population
distribution, while the limitation lies in its assumption of uniform distribution of population
among all eligible locations. The pycnophylactic interpolation warrants a smooth population
surface in the study area without any presumption of uniform distribution. However, the
pycnophylactic method does not draw on information about real population distribution so that
its estimation accuracy cannot benefit from such information. It is interesting to see that the
advantages and shortcomings of the two methods are complementary to each other. With
particular interest in high resolution population estimation, this study focuses on the interpolation
type of population estimation. The objective of this study is to develop a population interpolation
method that combines the strengths of both dasymetric mapping and pycnophylactic

interpolation while overcoming the shortcomings of both.
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The rest of the manuscript is organized as follows. The next section provides a review of
literature on the population interpolation with critiques for each method. Section 3 presents a
new hybrid approach, conducts a case study using the reviewed methods and our hybrid method,
evaluates and compares all methods, and finally performs a sensitivity analysis to examine the
impact of parameter choices on estimation results. The manuscript concludes with a summary of

research findings and a discussion of possible further research avenues.

AREAL INTERPOLATION FOR POPULATION ESTIMATION
Areal interpolation and dasymetric mapping

Areal interpolation concerns the transformation of geographic data from one zonation of
a region to another (Fisher and Langford 1995). The problem of population estimation from
aggregated census levels to more disaggregated areas is areal interpolation of population counts
(Mennis 2003). The traditional areal weighting method is the most straightforward areal
interpolation approach that can be easily implemented (Lam 1983; Flowerdew and Green 1992;
Goodchild et al. 1993). The method simply allocates a fraction of population count in a source
zone to a target zone by the proportion of the target zone overlapping the source zone. The major
flaw of this method is the oversimplified assumption that people are evenly distributed within
each source zone. This assumption is unfounded and generally inaccurate but acceptable if
nothing else is known about the population distribution (Fisher and Langford 1996). Various
methods have been proposed to overcome the fundamental flaw of the areal weighting method.
The increasing availability of remotely sensed imagery, which is able to reveal detailed
distribution of residential areas (Holt et al. 2004), has driven much of recent research on

population interpolation using dasymetric mapping method. Many researchers find that
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dasymetric mapping gives the best estimation result among those by all other popular methods
tested (Fisher and Langford 1995; Cockings et al. 1997; Mrozinski and Cromley 1999).

The original definition of dasymetric mapping provides a general idea with no specific
rules for implementation. Basically, the method aims to utilize any available spatial information
that can provide further insight into the probable structure of source zones and thus can be
informative for redistributing population counts (Langford 2003, 142). Regarding the data source
for ancillary information, classified remotely sensed imagery has been commonly used, although
there are also several exceptions such as street networks (Xie 1996; Mrozinski and Cromley
1999; Reibel and Bufalino 2005) and rasterized topographic maps (Langford 2007).

The simplest scheme for implementing dasymetric mapping with remotely sensed data is
to use a binary mask of land cover types. The binary mask has pixels classified as, for instance,
occupied or unoccupied. Census population counts are then redistributed to those occupied pixels
only (Langford and Unwin 1994; Fisher and Langford 1996; Holt et al. 2004). It is also possible
to use more than two land cover classes for more detailed land cover information (Langford et al.
1991; Yuan et al. 1997; Eicher and Brewer 2001; Mennis 2003) as long as the way to determine
population density for each land cover class are defined. For example, Eicher and Brewer (2001)
used pre-defined population density statistics. Others used regression analysis to derive
population density estimates for each class (Langford et al. 1991; Yuan et al. 1997). There are
also studies applying empirical sampling results (Mennis 2003; Mennis and Hultgren 2006) to
establish the relationship between density values and land use land cover classes. However,
regardless of the method in use, there is little evidence that shows any clear benefit of the multi-

class method over the simpler binary dasymetric method (Langford and Higgs 2006).
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Although the dasymetric mapping method is a favorable areal interpolation method due
to its superior performance over others, it has several methodological and cartographical
shortcomings. First, uniform distribution is still assumed among pixels of the same land use land
cover type. As a result, abrupt changes of population density can be found at borders of source
zones and those between different land use land cover types. Secondly, there is a conceptual flaw
with the population density calculation used in dasymetric mapping. Population is discrete in
nature, however population density is not. Dixon (1972) argued that population density cannot be
observed at a point. Without referring to an area over which it is evaluated, population density at
a point does not make any sense. One may argue that a pixel in the land cover map derived from
a remotely sensed imagery can be regarded as a small areal unit with the size equivalent to its
spatial resolution. However, the area is too small to completely justify the true meaning of
population density as a per-pixel value. Suppose there are two adjacent pixels with different land
use land cover classes, the contrast between the two neighboring cells could be mistakenly
exaggerated due to the flaw of this rather discrete measure of population density. The above two
shortcomings also brings about cartographic and visualization limitations. As argued by
Langford and Unwin (1994), a population density map produced by dasymetric mapping is not
suitable for cartographic purposes.

In response to these problems, Langford and Unwin (1994) suggested applying simple
low-pass filtering operation to the initial output of dasymetric mapping. The solution adds a
smoothing effect and allows for effective isarithmic or pseudo-three-dimensional representation.
Using a given radius, Langford and Unwin (1994)’s method uses a floating circular window of
the given radius over each point of the study area. It replaces population density at every point

with the average density in the floating window when the center of the circular window is on the
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point. It is therefore possible to construct a continuous smooth surface of population density that
captures the inherent continuity to some degree. The method also clearly improves the visual
effect of the result from a cartographic perspective. Critical to the interest in this study, however,
the filtering operation creates another problem of unpreserved data volume in original source
zones. The volume preservation property in areal interpolation means that once estimated
disaggregated data sum up to the original source zones, these summed estimates equal the
respective original data counts in those zones. In other words, the original data volumes are
preserved after interpolation. This property is also called the pycnophylactic property (Tobler

1979) which will be discussed in more detail in the following.

Pycnophylactic interpolation

A common fact of geography is that characteristics of places are related. Tobler’s first
law of geography suggests that near things are related more than distant ones (Tobler 1970).
Researchers have exploited this geographical structure over space to infer spatial distributions of
attributes. Assuming the existence of a smooth density function which is non-negative and has a
finite value for every location, Tobler (1979) proposed the pycnophylactic interpolation to
produce smooth population density data from areally aggregated data. The virtue of this
interpolation method lies in the smooth nature of result and the volume-preserving property. The

pycnophylactic, or volume-preserving, property is defined in (1), following Lam (1983).
D az,qi=p,, ».aqi =A ,and D g% =1 1)
ij ij P

Where py is the original population of zone k, A the area of zone Kk, zj; the density in cell

i, and a is the area of each cell. Set q"i,- equal to 1 if ij is in zone k; otherwise set it at zero.

56



The interpolation procedure begins by assigning the mean density to each grid cell
superimposed on the source zones, and then modifies the assigned values by slight amounts to
bring the density closer to the value required by the governing partial differential equation

(Tobler, 1979).

” Z(x,y)dxdy = H, (2)

Where, R; denotes the i region and Hj; is the total population count in region i. The
volume-preserving condition is then enforced by either incrementing or decrementing all the
density values within individual zone at the end of each iteration. To elaborate the details, the
procedure may consists of six steps: 1) overlay a high resolution raster grid system over the study
area; 2) divide each source zone's total value equally among the raster cells that fall within the
zone; 3) smooth the values by replacing each cell's value with the average in its neighborhood;
4) sum the values of the cells in each zone; 5) adjust the values of all cells within each zone
proportionally so that the zone's total is the same as the original total. For instance, if the total is
10% lower than the original zonal total, increase the value of each cell by 10%; and 6) repeat
steps 3, 4 and 5 until no more changes are necessary. As Lam (1983) noted, the choices of an
appropriate smooth density function and of a search window size heavily depend on the

characteristics of individual applications.
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A HYBRID APPROACH FOR POPULATION ESTIMATION

Summarizing the literature review and critique on popular population interpolation
methods, it is interesting to find that dasymetric and pycnophylactic method have
complementary strengths and shortcoming for population estimation. The dasymetric mapping
method is regarded as the most accurate interpolation approach among all tested popular
methods (Wu et al. 2005). It is not surprising because this method has particular strength of
making use of additional information revealing useful spatial structure of the study area.
However, it does have the drawback of unfounded assumption of uniform distribution among
eligible pixels and the conceptual flaw in calculating population density. The pycnophylactic
method presents conceptual improvements because spatial continuity is assumed and
incorporated so that a more realistic, smooth density surface can be produced. Meanwhile it also
has the desired volume-preserving quality. The major limitation of pycnophylactic method is the
lack of additional supporting information that reveals the real world spatial structure of the study
area. Interestingly, this limitation happens to be the strength of dasymetric mapping method.
Therefore, this study proposes a hybrid pycnophylactic-dasymetric method to take advantage of

the strengths and overcome the weaknesses of both methods.

The Hybrid method and research design
The general steps of the hybrid pycnophylactic-dasymetric interpolation method are
illustrated in Figure 4-1. It consists of two consecutive steps, the dasymetric mapping for a
preliminary population re-distribution and an iterative pycnophylactic interpolation process for a
volume-preserved smoothed surface. We choose binary dasymetric mapping because prior

studies found no evidence to support any extra benefits of using multi-class dasymetric mapping.

58



..........................................................................................................................

Image:

Map:
Land cover Population in census trac

b

Binary

Summarize zones

reclassification

b

4 Binary dasymetric

Newfield1 : mapping
No. of residential pixels .

per source zone

Total pop. divided by Newfield1

h 4

Newfield2 :
Population per
residential pixel

l Convert to GRID with Newfield2

Image:
Pop. Per pixel

............................................................................

.............................................

Kernel density
function
I

Pycnophylactic

interpolation
. Source volume Volume-preserving
preserved? adjustment
YES
Population

density surface

..................................................................................................................

Figure 4-1. Flowchart of the hybrid pycnophylactic-dasymetric interpolation method

There is no technical barrier if multi-class are necessary or preferred when using this

hybrid method. The dasymetric step calculates a rough population density value (population per

residential pixel) and assigns it to all the residential pixels. The density to all non-residential

pixels is set to zero. The second part of the hybrid method applies pycnophylactic smoothing

function to adjust the previously assigned population density values. Conceptually, the objective

is to fit a smoothly curved surface over the neighborhood of each residential pixel. The method

uses focal filter, which is a floating window, to calculate the average density value around each
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output pixel. The size of the floating window is called search distance. This search distance is
user-defined and is the key parameter in the method. We use the focal statistics tool provided by
ESRI ArcGIS® 9.3. A fundamental requirement of pycnophylactic approach is volume-preserving.
This process is designed to be an iterative process of fine-tuning until the integral of smoothed
density values in the source zone matches the original value of source zone. Finally, a smooth
population surface dataset is obtained from the interpolation result. As such, the hybrid method
makes use of ancillary information that shed lights on the population distribution and also adopts
conceptually more plausible calculation of population density by implementing smoothed
transition of densities over neighborhoods. Therefore, it benefits from the strength of both
methods and overcomes their weaknesses.

Figure 4-2 shows the overall research design of this study to carry out and evaluate the
proposed method. The input data are the same as that of dasymetric mapping, including the
aggregated census population data and classified land cover data from remote sensing imagery.
Four methods of population interpolation methods, including the proposed hybrid method and all
three popular methods are critiqued in the literature review section. Each of these methods is
applied independently. We follow procedures of the three existing methods as described in the
literature review section and the procedure of the hybrid method as discussed earlier in this

section.
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Figure 4-2. Research Design

Once the results of all three methods are out, these results will be evaluated against each
other for a comparison of the methods’ performances. Our hypothesis is that the hybrid method
will output perform the other methods. One of the major obstacles to the evaluation of estimation
result is the absence of definitive high resolution population data to compare with. To deal with
this problem, this study aggregates the estimated population surface data to a census spatial level
that is finer than that of the original source data. The census population counts at this finer spatial
level are then used as ground truth data for the evaluation of estimation performance. In this
study, we choose census population at the block group level as ground truth data. The process
also involves an accuracy assessment component as shown in Figure 4-2. We use both the root

mean squared error (RMSE) and the mean absolute percent error (MAPE) to measure the overall
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accuracy for each method. In addition, to investigate the effect of the choice of the key parameter,
the size of search radius, on the estimation accuracy, the study carries out a sensitivity analysis
on this parameter.

All tasks in the research design are developed in a GIS environment. In this study, we
used ERDAS Imagine® 9.2 and ESRI ArcGIS® 9.3 for converting vector population map to GRID
format and other processing of the spatially referenced population data. The pycnophylactic
interpolation and hybrid dasymetric mapping method developed in this study were implemented

by Python2.4® script in the ArcGIS environment.

Case Study

A case study is carried out according to the research design. The study area is the Atlanta
Metropolitan Statistical Area (MSA) in Georgia. As shown in Figure 4-3, the study area
encompasses 28 counties with diverse land use land cover types. It has a total population of over
4 million according to the 2000 national census. Input data includes the 2000 population census
at census tract level, and the 1998 land cover map (Figure 4-4) acquired via Georgia GIS Data
Clearinghouse (http://www.gis.state.ga.us) as ancillary information. In addition, we use the U.S.
Census Bureau’s 2000 census population data at block group level as ground truth data for

accuracy assessment of estimated population data.
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Figure 4-3. Study area: Atlanta metropolitan area, Georgia.
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The study area of 690 census tracts or 1,923 block groups covers a wide range of
landscapes. There are highly populated urban areas, low density suburbs, forests, vacant lands,
and agriculture land, as shown in the image of land cover map in Figure 4-4. The land cover
dataset was produced by the Natural Resource Spatial Analysis Laboratory at the University of
Georgia using leaf-off Landsat TM images taken between 1996 and 1998. Two classes in the
classified image are associated with residential land use. They are the low intensity urban and
high intensity urban as described in Table 4-1. The problem is developed land cover classes are
associated with not only residential land use but also other urban land uses including commercial,
industrial, leisure, transportation, and so on. Isolating residential land use from other urban land
uses could be one of the best ways to enhance the accuracy of dasymetric method. However, it is
a practically impossible or at least extremely time-consuming task, if possible at all. In this
research, we reclassified the land cover data to make a binary mask of residential area assuming

that all urban pixels are eligible for population distribution in the dasymetric mapping step.

Table 4-1. Urban land cover classes of the land cover dataset

Code  Class Name Description

Low Intensity This class includes; single family residential areas, urban

22 recreational areas, cemeteries, playing fields, campus-like
Urban e
institutions, parks, and schools.
Hiah Intensit This class includes central business districts, multi-family dwellings,
24 g Y commercial facilities, industrial facilities, and high impervious

Urban surface areas of institutional facilities.
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Results and performance evaluation

For peer comparison, we conduct population estimations with the proposed hybrid
method and three other popular approaches including the areal weighting interpolation, the
dasymetric mapping, and the pycnophylactic interpolation. Each method starts with census
population at census tract level (source zone) and estimate population for block group (target
zone). We choose to compare results of all methods at block group level simply because of the
availability of the census data at this finer level so that the census data can be used as ground
truth data. The first method, areal weighting interpolation, is only appropriate for population at a
different zonation and so we use this method to estimate population at block group level directly.
The other three methods, however, can estimate population at finer spatial resolution such as
those of remote sensing imagery. Their population estimation results are of high spatial
resolution and so are also called population density surface maps. Whenever necessary, such high
resolution population data can be aggregated to any larger spatial unit for various purposes. In
this study, for accuracy evaluation and comparison purposes, the population surface results from

the three methods are aggregated to census block groups.
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Figure 4-5. Population density surfaces of the binary dasymetric method

Figures 4-5, 4-6, and 4-7 are 2-D presentations of the population density surface maps
produced from the three modeling methods. Maps on the left show the modeling results of
Atlanta Metropolitan Area (MSA) whereas maps on the right show the city of Atlanta for
enlarged visualization. In Figure 4-5, the result of dasymetric mapping method shows
interspersed populated (colored) and vacant (white) patches. In addition, population densities at
the pixel level change radically around the source zone boundaries, although in reality such
drastic changes along artificial boundaries (in this case statistical boundaries) are rarely seen.

This is a manifestation of the discussed limitations of dasymetric mapping.
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Figure 4-6. Population density surfaces of the pycnophylactic interpolation method

A seemingly more realistic smooth distribution of population density is shown in Figure
4-6 by pycnophylactic interpolation. This result represents gradual density transition around
source zone boundaries by applying a smooth density function across boundaries. However,
without ancillary information to reveal internal variations of land use and land cover, it is merely

a smoothed representation of conventional choropleth mapping.
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Figure 4-7. Population density surfaces of the hybrid method

In Figure 4-7, the hybrid method delivers estimation results that combine the advantages

of both previous two methods. The internal variations are very well represented while abrupt

density transitions are smoothed out.
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Table 4-2 compares the estimation accuracy of all methods tested. The four methods are
put in two categories. One category has the two methods using ancillary information, while the
other category has methods that do not use any additional information. For each method, two
measures are calculated for accuracy assessment. The first is the root mean squared error
(RMSE) defined in Equation (3). The second measure is the mean absolute percent error
(MAPE) defined in Equation (4).

z‘(Pej - Paj)/ Paj

?) MAPE = 2 - (4)

Where Pg; is the estimated population of the j™ target zone; P,j is the actual census

population of the jth target zone; and n is the total number of target zones.

Table 4-2. Estimation accuracy results from four interpolation methods

Without ancillary information With ancillary information

Interpolator Simple Binary

Areal weighting pycnophylactic  dasymetric

Hybrid method

RMS error 941 916 769 745
MAPE (%) 37.21 35.14 28.59 26.58

Note: total target zones N=1923, mean population of target zones = 6156
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Several interesting findings are observed in Table 4-2. First, the advantage of using
ancillary information in population estimation is evident. Whether ancillary information is used
in the method becomes a natural divider to categorize them according to the estimation accuracy.
Secondly, between the two methods using ancillary information, the hybrid method clearly
outperforms the dasymetric method in both measures. Thirdly and not surprisingly, the areal
weighting interpolation gives the most inaccurate results, which is consistent with findings in the

literature. Finally, the proposed hybrid method gives the most accurate estimation.

Sensitivity analysis and optimization of search radius

Inherited from the conventional pycnophylactic interpolation, the hybrid method
imposes a moving window around each pixel when applying the smoothing kernel function. It is
important to investigate the effect of the varying window sizes and to find optimal radius of the
search window. Among the four tested methods, only the hybrid and the pycnophylactic
interpolation methods require the parameter of search radius. In the initial experiment that was
reported in Table 4-2, the search radius is arbitrarily chosen to be 90 meters, which is the size of
three pixels, for both methods. How sensitive are the results of these methods to the search
radius? More importantly, how sensitive is the comparative advantage of the hybrid method to
the parameter? We conduct a sensitivity analysis to answer these questions. Population
estimations were conducted repeatedly with varying search radii for both applicable methods. We
start with a small search radius, 90 meters. Then the radius gradually increases by 30 meters (one
pixel) each time. Figure 4-8 plots the relationship between search radius and the RMS error of
the estimation result for both methods. It clearly shows that both methods are sensitive to the

choice of search radius. The estimation accuracies of both the hybrid method and the
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pycnophylactic method can be significantly improved by appropriate choice of the search radius.
The hybrid method consistently outperforms pycnophylactic interpolation regardless of the
search radius in use. In fact, the difference in RMS errors of the two methods can be as large as
80, roughly 10% of the RMS error. It is also found that the two methods reach optimal search
radius at a different point. For the hybrid method, the optimal search radius is roughly in the
range between 630 to 690 meters, while pycnophylactic method has its optimal search radius at

about 900 meters.
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Figure 4-8. Effect of search radius in the population distribution estimation error
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DISCUSSION AND FURTHER RESEARCH

Based on a careful examination of the strength and shortcomings of some popular areal
interpolation methods for population estimation, this study proposes a hybrid method that takes
advantages of both dasymetric mapping and pycnophylactic interpolation. The hybrid method
combines the strength and overcomes the weaknesses of both previous methods. Although we
present the method with specific focus on population estimation, the principle of the hybrid
approach is applicable to areal interpolation in general. Using classified high spatial resolution
land use and land cover data as ancillary information, the hybrid method disaggregates zone-
based census population data to high resolution population raster data. Such data can be
visualized as surface of population distribution. The case study validates and tests this proposed
method along with several other popular methods for comparative evaluation. The comparison
suggests several findings. Firstly, the methods using ancillary information give significantly
better estimate accuracy than those that do not use any of such information. This finding suggests
that remote sensing data and techniques are key elements to the quality of high resolution
population estimation. Secondly, the proposed hybrid method is the best among all other tested
approaches. Thirdly, it is found that estimation accuracy of any method that uses a smoothing
kernel density function parameterized by search radius is sensitive to the size of the search radius.
However, regardless of the size in use, the hybrid method shows consistent competitive edge
over the other tested methods. In summary, the proposed hybrid method is proven to be a
promising method that shows theoretical and accuracy advantage over other currently popular
methods.

During the course of this study, we have reflected on several issues regarding the quality

of population estimation, particularly concerning spatial precision and estimation accuracy. Some
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of the issues remain open for further investigation. For population estimation methods (a typical
example is dasymetric mapping) that employ ancillary information, many factors could affect the
estimation accuracy but the key factor is the quality of ancillary data. The most popular type of
ancillary data for dasymetric mapping is classified remote sensing images of land cover and land
use types. Currently used are pixel-based classifications which focus on electromagnetic
reflectance values of individual pixels while other context information such as shape and size of
patches of pixels, as well as relationships among those patches or pixels, are not explored.
Further research can take advantage of additional information by using, for instance, the state-of-
the-art object-based classification techniques. Another issue relates to the classification scheme.
Often a binary classification of residential versus non-residential land use is used. However, clear
distinction between residential land use and other land uses, especially other developed land uses,
is very difficult and time-consuming, hence not widely available. Instead, most publically
available land cover datasets have multiple classes of developed land use and there is no well-
qualified method to separate residential areas out of other urban land uses. Thus a time-saving
alternative solution is to enhance the accuracy of dasymetric population estimation method that
uses multiple land cover classes directly. Another research avenue is to incorporate locally varied
spatial dependence of population density into population estimation methods. Although this
study reveals optimal range of search radius, the specific numbers are hardly applicable to other
areas. Optimal size of search radius needs to be explored on a case by case basis. Similarly, it
might be even oversimplified to assume that a search size is equally suitable to all portions in the
study area. Instead, it is reasonable to assume locally varied parameters. For study areas where
population density is expected or proven spatially autocorrelated, a locally adaptive modeling

approach is theoretically more plausible and thus absolutely worth pursuing.
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ABSTRACT

Intelligent interpolation methods such as dasymetric mapping are considered to be the
best way to disaggregate zone-based population data by observing and utilizing the internal
variations within each source zone. In this paper, we critique the advantages and problems of the
dasymetric mapping method. The paper presents a geographically weighted regression (GWR)
based method to take into consideration the spatial heterogeneity of population density - land
cover relationship. The locally adaptive intelligent interpolation method is able to make use of
readily available ancillary information in the public domain without the need for additional data
processing. In a case study, we use the pre-classified National Land Cover Dataset (NLCD) 2001
to test the performance of the proposed method compared to four other popular population
estimation methods: areal interpolation methods including areal weighting interpolation,
pycnophylactic interpolation, binary dasymetric method, and globally fitted ordinary least
squared (OLS) based multi-class dasymetric method. The GWR-based multi-class dasymetric
method outperforms all other methods. It is attributed to the fact that spatial heterogeneity is
accounted for in the process of determining density parameters for land cover classes. Keywords:

Dasymetric; Heterogeneity; Geographically weighted regression; NLCD
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INTRODUCTION

High precision population distribution data are extremely important in numerous
decision making and real world problem solving efforts. Examples include those in business,
health, national security, and emergency response applications (Dobson et al. 2003; Hay et al.
2005; Langford and Higgs 2006; Garb et al. 2007). Population estimation often boils down to the
re-distribution of spatial aggregated census data to spaital units of finer resolution — a process of
spatial intepolation. Population interpolation refers to the process of transferring population data
from one set of spatial units (source zones) to another (target zones). The literature is replete with
various population estimation methods using spatial interpolation. According to type of
information in use, we can classify population intepolation methods into two types (Wu et al.
2005). The first type uses no additional information besides the sets of spatial units and the
population counts in one set of spatial units (the source zones). Examples include the areal
weighting intepolation (Goodchild and Lam 1980), pycnophylactic interpolation (Tobler 1979),
and kernel-based interpolation (Martin 1989). The second type of population interpolation
employs not only the above information, but also so-called ancillary inforamation with the
purpose to integrate internal variations of source zone. These types of methods are also called
‘intelligent’ interpolation methods by some people as they have a common goal of exploiting
additional relevant knowledge to generate better target zone estimates (Flowerdew and Green
1994).

Dasymetric mapping method is a typical example of those intelligent interpolation
methods. It has been increasingly popular nowadays, especially due to the emergence and
growing popularity of GIS and remote sensing technologies. Since Wright (1936) introduced the

dasymetric mapping method (although the earliest reference to dasymetric mapping is the 1922
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population map of European Russia by Semenov Tian-Shansky according to Mennis and
Hultgren (2006)), many researchers elaborate the method with specifics in various studies. The
basic principle of dasymetric mapping remains as simple as subdividing source zones into
smaller spatial units that possess greater internal consistency in population distribution (Langford
2003). The ancillary information is typically spatially referenced GIS data layers of land cover
land use that shed light on more detailed spatial structures of population distribution.

Many studies have demonstrated that the dasymetric method can substantially improve
population estimation accuracy (Mrozinski and Cromley 1999; Langford 2006; Reibel and
Agrawal 2007). In fact, some earlier comparative studies concluded that dasymetric mapping
was the best performer among all popular population interpolation methods (Fisher and Langford
1995; Cockings et al. 1997; Mrozinski and Cromley 1999). Despite the significant performance
advantages of the dasymetric mapping, there has been little evidence to suggest widespread
adoption amongst the broader GIS community (Langford 2007). Langford (2007) stated that
intelligent methods were not widely adopted because of two reasons. First, implementation of
intelligent interpolation is much more complicated than simple areal weighting interpolation
which can be implemented by a suitable overlay tool which is readily available in most GIS
software. Furthermore, most intelligent interpolation methods require additional process to
prepare ancillary information. For instance, many researchers had to perform land use land cover
classification with satellite images to obtain ancillary data for intelligent interpolation of
population (Langford and Unwin 1994; Yuan et al. 1997; Holt et al. 2004; Sleeter 2004; Reibel
and Agrawal 2007). Areal weighting interpolation does not require the user to be involved with
the preparation of ancillary data. Moreover, these additional processing may also introduce more

errors into the original dataset because accuracy of those ancillary data is not assured and errors
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are inherent in almost all aspects of GIS analysis. Therefore, there is no wonder that many users
still prefer the traditional simple interpolation method despite of the superior performances by
the intelligent interpolation methods reported in many studies.

There are positive and negative factors that encourage or discourage users from adopting
intelligent interpolation methods. To encourage the GIS community to employ intelligent
interpolation methods for its advantage in estimation accuracy, efforts should be made to
overcome the problems of excessive processing time and implementation difficulty. Regarding
the acquisition of high accuracy ancillary information, there are several types of high quality
datasets available in the public-domain in the United States such as the National Land Cover
Dataset (NLCD). The NLCD data are free, seamless, and intended to be updated relatively
frequently, which provides the necessary data for timely estimation. Making use of the readily
available ancillary data not only guarantees the currency of data, but also helps to minimize the
data processing time.

Methodologically, the simplest implementation scheme for dasymetric mapping with
land cover data is to use a binary mask in which land cover is classified as ‘populated’ or ‘empty’,
and census population counts are redistributed to only populated areas (Langford and Unwin
1994; Fisher and Langford 1996; Holt et al. 2004). Like simple areal weighting interpolation,
this method is conceptually simple and relatively easy to implement, and previous studies have
shown that it performs well compared to other alternatives (Martin et al. 2000; Eicher and
Brewer 2001). Another problem with the dasymetric mapping and other ‘intelligent’ population
interpolation methods is that they ignore spatial heterogeneity (or non-stationarity) in the
relationship between population distribution and the distribution of explanatory variables (e.g.

land covers). Although the current method allows spatial heterogeneity of population density

83



within each source zone by incorporating, for instance, land use land cover ancillary information,
it assumes that the relationship between the population density and any specific land use land
cover type is spatially stationary. However, in reality, such relationships may vary across space.
It is likely that a range of residential densities are present within most census reporting zones
even though the corresponding land use land cover types are the same (Langford 2006). These
differences in residential densities may arise primarily due to different housing types in the urban
areas. It is highly probable that residential areas in a city center and in a suburban town have
different population densities. This problem has been realized by many researchers who make
use of the OLS regression model in population estimation. Some attempts have been made to
deal with this problem by adopting a regional regression approach, in which the whole study area
is subdivided into smaller regions, and an OLS regression model is applied to each region to
estimate the population. Such an approach seems to produce better results for each region (Yuan
et al. 1997; Langford 2006). Albeit a good try, such a solution has obvious flaws. First, it is
difficult to know how large or small a region should be. Therefore there is no guarantee of
sufficient account of spatial heterogeneity in a study. Secondly, repeating the same process over
multiple regions in one study is tedious and deficient.

This study responds to both of the above-discussed problems of intelligent interpolation
method by introducing geographically weighted regression (GWR). The GWR method has been
designed specifically to take care of the spatial heterogeneity problem (Fotheringham et al. 2002).
We intend to examine the effectiveness of the GWR-based intelligent interpolation method in
treating spatial heterogeneity of relationships and the usefulness of the method in directly
making use of readily available multi-class land use land cover data. The remainder of the paper

is organized as follows. The next section reviews the literature on population interpolation
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methods in general and those with consideration of the spatial heterogeneity problem in
particular. Section 3 presents the GWR-based intelligent interpolation method and carries out a
case study with it. The paper concludes in Section 4 with a summary of findings and discussions

of future work.

LITERATURE REVIEW

This paper aims to develop a multi-class dasymetric method for areal interpolation, and
evaluate its performance for cross-area estimation of population census data. To achieve this goal,
it is necessary to review other interpolation methods. Different methods have been developed to
solve the problem of spatial unit mismatch as briefly discussed above. In this section, each
method is reviewed briefly to provide a basis for performance comparison with the method we
propose.

Cross-area estimation or areal interpolation (Goodchild and Lam 1980) is primarily
designed for transferring data between two sets of non-nesting spatial units. The two spatially
incompatible data location arrays are usually termed source zone and target zone. This approach
can be divided into two categories, those that incorporate ancillary information as surrogate

variables to aid the interpolation process, and those that do not use such ancillary information.

Areal weighting interpolation
The simplest areal interpolation technique is areal weighting interpolation. The
methodology is based only on the geometric intersection of the source and target zones. It
assumes homogeneity within source zones and therefore no further ancillary information is

required to guide the interpolation process.
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Population of each target zone is estimated by (Fisher and Langford 1995):

A x P

e )
= A

Where, S is the number of source zones; A is the area of overlap between target zone t
and source zone s; Ps is the population of source zone s; and As is the area of source zone s. The
technique is rather easy to implement with simple overlay and field calculation functions
available in most GIS software without any ancillary data demand. The problem with this
method is that it is incorrect to assume that population density within each source zone is
uniform. There have been numerous studies that have shown the overall low accuracy of simple
area weighting in comparison to other techniques (see for example, Mrozinski and Cromley

1999; Sadahiro 2000; Gregory 2002; Langford 2006; Reibel and Agrawal 2007))

Pycnophylactic interpolation

Pycnophylactic interpolation is probably the most quoted interpolation method, which
does not require ancillary information while denying the assumption of homogeneity within
source zones. Tobler (1979) proposed the pycnophylactic interpolation for the preparation of a
smoothed map (or isopleth map) from data collected or published in discrete areal spatial unit
system, assuming the existence of a smooth density function which is non-negative and has a
finite value for every location. The virtue of this interpolation method is that it redistributes
source zone values by distance-decay density function while ensuring original value in the

source zone intact — the so called pycnophylactic or volume-preserving property.
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This property can be defined in (2), according to Lam (1983).
Zazijqkij = Py, Zaq"u = A ,and quij =1 ()
ij ij K

Where, py is the original population of zone k, Ay is the area of zone k, zj is the density in
cell ij, and a is the area of each cell. Set qkij equal to 1 if ij is in zone k; otherwise set it at 0.

The interpolation procedure begins by assigning the mean density to each grid cell
superimposed on the source zones, and then modifies the assigned values by slight amounts to
bring the density closer to the value required by the governing partial differential equation

(Tobler, 1979).

J.J.Z(x, y)dxdy =H,
©

Where, R; denotes the i region and H; is the total population count in region i. The
volume-preserving condition is then enforced by either incrementing or decrementing all the
density values within individual zone at the end of each iteration. Compared to the areal
weighting interpolation, the pycnophylactic method represents conceptual improvements since
the effects of neighboring source zones have been taken into account. A smoothed surface map
by pycnophylactic interpolation is also desirable for improved cartographic representation.
Pycnophylactic interpolation might be a preferred choice in the absence of any available
information about the characteristics of the surface. When such ancillary information of the land
surface is available, however, incorporating detailed land use pattern can provide a more
informed alternative to the simple distance-decay function. Ancillary information allows the
internal structure of population distribution to be inferred more explicitly. It is reasonable to

assume that people are concentrated in developed areas, especially residential areas.
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Binary dasymetric mapping

Binary dasymetric mapping is one of the simplest intelligent interpolation methods
facilitating ancillary information to infer internal structure of variables within source zones.
Dasymetric mapping was first developed as a form of cartographic representation (McCleary
1984) and is defined as a method by which source zones are subdivided into smaller subregions
that possess greater internal consistency in the densities of the variable being mapped. As the
simplest form of dasymetric mapping methods, the binary dasymetric mapping takes a binary
land use classification to control the population allocation. It assumes a non-zero density in the
populated areas within each source zone and a zero density elsewhere which is assumed as
empty. The method is different from the areal weighting interpolation as it only considers the
populated areas in the target zones for allocating population. Population of each target zone is

estimated by (Fisher and Langford 1995; Fisher and Langford 1996):
s Ats x P,
R (4)
s=1

Where, S is the number of source zones; Ay, is the area of populated land cover
overlapped with both target zone t and source zone s, and ; Ps is the population of source zone s;
and Agp is the area of populated land cover within source zone s. Binary dasymetric mapping is
conceptually simple and relatively easy to implement, and performs well compared to several
alternatives according to literatures (Martin et al. 2000; Eicher and Brewer 2001; Langford 2006,

2007). It is also locally fitted to each source zone assuring volume-preserving property.
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Multi-class dasymetric mapping

In spite of the binary dasymetric mapping allowing spatial non-stationarity of population
density within each census zone to be incorporated in the model, it is unable to address more
complex relationships between land uses and a variety of population concentration. It seems
likely that, in reality, a range of population densities will be present within most census reporting
zones (Langford 2006) by different land uses. Such differences in densities arise primarily due to
different land uses in the urban areas. It is highly probable that residential areas in a city center
and in a suburban town have different population densities.

An incremental development for the binary dasymetric method is a multi-class model
that could better accommodate the variability with different land uses, although to what extent
such complexity can be identified and modeled using ancillary information is debatable. A multi-

class dasymetric method can be algebraically represented as follows (Langford 2006):

B> > A Po Sy A xa, ®)

s=1 c=1 sc s=1 c=1

Where, S is the number of source zones; C is the number of land cover classes
accounted; A is the area of land cover class ¢ overlapped with both target zone t and source
zone s, and; Ps is the population of source zone s; Ay is the area land cover class ¢ within source
zone s; and dy is the dasymetric density of land cover class ¢ in source zone s.

With implementing a multi-class dasymetric method, the most important issue is how to
calibrate density parameters for different land cover classes. With a binary dasymetric method,
population density of ‘empty’ area is fixed to zero so the density of ‘populated’ area is calibrated
by as a simple algebra as used by areal weighting interpolation. However, in a multi-class
dasymetric model, it is complicated to calibrate the density parameters for each land cover class.

Even when one land cover class, say ‘empty’, is fixed to zero, the model is mathematically
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under-constrained and thus an infinite number of parameters exist for remaining classes. There
are several ways that are reported to overcome this difficulty, and Langford (2006) grouped them

into three groups: proportion preset, selective sampling, and statistical modeling.

Proportion preset

Eicher and Brewer (2001) assigned a fixed proportion of the total population count to
each land cover for their three-class dasymetric method. They suggested that the proportions can
be determined subjectively by using evidence collected through field survey, or from any other
suitable information source. They assigned 70% of population to urban area, 20% to
agriculture/woodland, and 10% to forested area, while no population was assigned to water

bodies.

Selective sampling

Density parameters for land cover classes can be determined by a selective sampling
strategy. Mennis (2003) isolated a number source zones filled by a single land cover class.
Assuming enough samples can be found, population density of each class is determined by
simply dividing the total population of the sampled source zone by the area. The density
parameters established in this manner are then applied to all source zones where different land
covers are present. A problem with this approach is that, in many cases, it is difficult to find
enough number of source zones filled by a single land cover class, sometimes even not at all.
With his later research (Mennis and Hultgren 2006), he proposed some other loosened sampling

methods: centroid sampling, containment sampling, and percent cover sampling.
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Statistical modeling

A more generalized solution is to use statistical modeling (Langford et al. 1991; Yuan et
al. 1997; Langford 2006). It is generally agreed that population will most likely be found in
residential areas. With such an assumption, a single land use variable (hnumber of populated
pixels) is usually employed to relate to population in the form of an ordinary least square (OLS)
regression model. It is also possible to relate population to a greater variety of land cover classes
in the form of a multivariate regression model, considering that population may be found in more
than one type of land cover (Langford et al., 1991). The ratios between population densities and
land cover classes are determined by a regression model, in which areas of different land cover
classes are independent variables and population count is dependent variable. In other words, it is
assumed that the given source zone population may be expressed in terms of a set of densities
related to the areas assigned to the different land cover classes. Other ancillary variables may be

included for these area densities, but the basic model is (Yuan et al. 1997):
C
Ps =Z(chASC +gs) (6)
c=1

Where, Ps is the population count for each source zone s; ¢ is the land cover class; Ag is
the area for each land class within source zone s; d. is the coefficient of the regression model;

and &, is the random error.
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Spatial heterogeneity problem

Several issues need to be handled to apply density parameters determined by a statistical
modeling to areal interpolation methods such as dasymetric mapping. First of all, density
parameters of a regression model need to be adjusted by each source zone before they can be
used for multi-class dasymetric mapping. Regardless of how many independent variables are
used in the model, it is impractical to establish a perfect regression model (i.e. with coefficient of
multiple determinations (R?) equal to 1). And, because the density parameters are derived from a
global context, they remain stable throughout the study area. To ensure that the populations
reported within target zones are constrained to match the overall sum of the source zones (the
pycnophylactic property), the globally estimated density parameters need to be locally adjusted
within each source zone by the ratio of the predicted population and census counts.

The locally fitted approach was introduced by Yuan et al. (1997) to improve the
reliability of estimated densities derived from the regression model. The mathematical

expression of the density-adjusting approach is:

P
d, ==xd, 7
=B (7

Where, ds is the specific density estimates for class c in zone s; Ps is the actual
population of source zones s; F35 is the estimated population of source zone s; and d. is the

initial global density estimate of land class c.
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The use of locally fitted regression has modified the assumption of the regression model
by objectively allowing spatially inconsistent density values within each land class. This
approach is comparably simple, but based on the relaxed homogeneity assumptions regarding
density. Another problem of OLS regression model refers to spatial heterogeneity. OLS
regression models are all global models, which produce one set of density parameters to apply to
the whole study area. Recent research by Langford (2006) revealed the presence of spatial
heterogeneity in the relationship between population and land cover, for which the global
regression models cannot handle. According to Fotheringham et al. (2002), heterogeneity refers
to the fact that unlike physical laws, measurement of social processes tends to vary according to
where it is made. In the case of spatial processes, it is referred to as spatial heterogeneity, or in
other words, the relationship measurements tend to vary over space.

For population estimation, the OLS regression model assumes that there exists a
stationary relationship between population and land cover. Unfortunately, this is not true because
the land use land cover extracted from the satellite images cannot be 100% accurate and spatial
variability of classification errors occurs (Lo 2008). When we try to implement multi-class
dasymetric mapping with a pre-classified land cover data such as NLCD 2001 (Note that it is
land cover data not land use data), we have to bear in mind that land cover is not directly
associated with land use. Satellite images depict land cover such as man-made structures, water,
bare soil, trees, etc. Land use should be interpreted using the land cover information and many
other components such as shape, size, and association of the land cover. That is probably why
most agencies produce land cover data rather than land use. Land cover is more objective and
easy way to present their product. In fact, different land uses could be conjectured from a single

land cover dataset depending on the procedure that was used and who did the interpretation.
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The NLCD 2001 does not explicitly represent how the land is used. It only shows if it is
developed and how much it is developed (open, low, medium, and high intensity). It provides
some information about what land uses might be associated with each land cover categories. For
example, high intensity developed pixels might be apartment complexes, row houses, and
commercial/industrial without saying what exactly it is. It is highly probable that pixels with the
same land cover class might have different land uses according to where the pixel is located.
Hence, a density parameter for each land cover class might vary spatially as well. All these give
rise to spatial heterogeneity, which the OLS model cannot address.

Such a problem has been realized by many researchers who make use of the OLS
regression model in population estimation. Some attempts have been made to deal with this
problem by adopting a regional regression approach, in which the whole study area is subdivided
into smaller regions, and an OLS regression model is applied to each region to estimate the
population. Such an approach seems to produce better results for each region (Yuan et al. 1997,
Huang and Leung 2002; Langford 2006). However, it is difficult to know how large a region
should be. Yuan et al. (1997) made use of counties as regions. This seems to produce good
population estimates for each county. However, this model also suffers from the same problem
of spatial heterogeneity as discussed above. The accuracy of a population—land use model for
population estimation does not depend totally on the independent variables used or any other
ancillary data included. It appears that a local rather than a global approach is needed to deal
with the spatial heterogeneity of the input data in the model.

Recently, there is an increased interest in the use of local geographically weighted
regression (GWR) in human geography, which has been designed specifically to take care of the

spatial heterogeneity problem (Fotheringham et al. 2002; Huang and Leung 2002).
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Geographically weighted regression extends an ordinary least squares regression model

by allowing local variations in rates of changes (Lo 2008):

Yo =a, + ) a X, +&i=12,......n (8)

k=1

Where, Yjand x are the dependent and independent variables at point i; k =1, 2,...n, ag
and ay are parameters to be estimated; ajx is the value of the kth parameter at location i; and e; are
independent normally distributed error terms with zero mean and constant variance at point i.

In OLS regression model, it is assumed that the parameters are the same across the
whole study area and they are estimated with the least squares method. On the other hand, the
GWR model extends the OLS model by allowing the parameters to be estimated by a weighted
least squares procedure. By using the weighting system dependent on the location in the
geographic space, it allows local rather than global parameters to be estimated. Thus the GWR

equation can measure spatial variations in relationships.
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A GWR-BASED INTELLIGENT INTERPOLATION METHOD FOR POPULATION
ESTIMATION
In light of recent development of GWR to take care of the spatial heterogeneity problem,

and the availability of high quality national land cover data, this paper intends to investigate the
usefulness of GWR for multi-class dasymetric mapping with pre-classified NLCD 2001 data
using the Atlanta metropolitan area as the case study. We expect these data and methods would
be a good fit for demographers who use GIS but are not GIS specialists, because they offer the
power and accuracy of land cover weighted interpolation without the need to classify remotely

sensed images.

Data and study area

The Atlanta Metropolitan Statistical Area (MSA) is a rapidly changing area, giving rise
to the problem of spatial heterogeneity in its population distribution and land use land cover. For
the past decades, the region has been one of the fastest growing metropolises in the U.S., with
population increasing 27%, 33%, and 39% during the periods 1970-1980, 1980-1990, and
1990-2000, respectively (http://www.censusscope.org). The region has expanded greatly as
suburbanization consumes large areas of forest and open land adjacent to the center city (city of
Atlanta), pushing the peri-urban fringe farther away from the original urban boundary. Because
of the significant physical growth, Atlanta’s urban spatial structure has changed dramatically
(Yang and Lo 2002). This rapid change in land use land cover has created social processes in
Atlanta that are highly spatially non-stationary, thus making it an ideal area to test the usefulness
of the GWR model in comparison with the OLS model in remotely sensed image data-based

population estimation.
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For multi-class dasymetric mapping, population census data at the census tract level for
the 28 counties of the Atlanta MSA for 2000 were obtained from the U.S. Census Bureau (Figure
5-1). This resulted in a total of 690 census tracts. Census block group population data (total

1,923 block groups) were also acquired for the purpose of performance evaluation (Table 5-1).
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Figure 5-1. Study area: Atlanta MSA, Georgia.
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Table 5-1. Census hierarchy in Atlanta MSA

Level # Zones
County 28
Census tract 690
Census block group 1,923

A land cover map for the 28 counties of Atlanta MSA (Figure 5-2) was extracted from
the National Land Cover Dataset (NLCD) 2001 downloaded from the Multi-Resolution Land
Characteristics Consortium (MRLC; http://www.mrlc.gov/). The MRLC is a group of federal
agencies that joined together in 1993 to purchase Landsat 5 imagery for the conterminous U.S.
and to develop a land cover dataset called the National Land Cover Dataset (NLCD 1992). In
1999, a second-generation MRLC consortium was formed to purchase three dates of Landsat 7
imagery for the entire United States (MRLC 2001) and to coordinate the production of a
comprehensive land cover database for the nation called the National Land Cover Database
(NLCD 2001). The NLCD 2001, derived from Landsat satellite images, provides pre-classified
information on land cover category types, including urban land covers, at 30 m resolution for the
entire United States. The NLCD data are free, seamless, and downloadable from
http://seamless.usgs.gov/website/seamless/viewer.php. The overall database philosophy and

classification methodology were presented by Homer et al (2004).
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Figure 5-2. National Land Cover Dataset (NLCD) 2001
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The NLCD program has many advantages for dasymetric mapping of population
distribution. Given that the difficulty of land cover classification is one of the main reasons why
the dasymetric mapping method is not being widely accepted for population distribution
mapping in spite of its better performance over simple areal weighting interpolation as briefly
discussed above, a freely available land cover dataset like NLCD provides a good alternative to
obtain land cover dataset for dasymetric mapping. Also since the first NLCD was distributed in
1992, it was updated in 2001. Another update is being undertaken by MRLC for 2006 as a
national land cover monitoring program. Regular updates of the national land cover maps would
also provide an opportunity for accurate population distribution mapping in timely manner.

To implement dasymetric mapping method with the NLCD dataset, the issue of land
cover classification scheme needs to be addressed properly. Whereas its predecessor, NLCD
1992, uses a classification scheme differentiating urban land cover into three classes that
explicitly describe land use (Low intensity residential, high intensity residential, and commercial
/ industrial / transportation), NLCD 2001 (and 2006 update) does not explicitly differentiate
urban land uses. Conceptually, dasymetric mapping utilizes land use information from the
ancillary data to redistribute population counts to residential area. The delineation of residential
land use therefore has a huge impact on the accuracy of the method. However, land cover may
not be directly associated with land use even though both terms are often used together.

Anticipated to be a more objective and consistent dataset that can accommodate a variety
of potential users and producers, the NLCD 2001 does not explicitly represent different urban
land uses. The NLCD 2001 does divide ‘developed’ areas into four land cover classes according

to their impervious surface fraction as summarized in Table 5-2 (Homer et al. 2004).
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Table 5-2. NLCD 2001 classification scheme for developed land covers

Code

Class name

Description

21

22

23

24

Developed,
Open Space

Developed,
Low Intensity

Developed,
Medium Intensity

Developed,
High Intensity

Includes areas with a mixture of some constructed materials, but
mostly vegetation in the form of lawn grasses. Impervious surfaces
account for less than 20 percent of total cover. These areas most
commonly include large-lot single-family housing units, parks,
golf courses, and vegetation planted in developed settings for
recreation, erosion control, or aesthetic purposes

Includes areas with a mixture of constructed materials and
vegetation. Impervious surfaces account for 20-49 percent of total
cover. These areas most commonly include single-family housing
units.

Includes areas with a mixture of constructed materials and
vegetation. Impervious surfaces account for 50-79 percent of the
total cover. These areas most commonly include single-family
housing units.

Includes highly developed areas where people reside or work in
high numbers. Examples include apartment complexes, row
houses, and commercial/industrial. Impervious surfaces account
for 80 to 100 percent of the total cover

Methodology

This research considers spatial heterogeneity in areal interpolation and population

distribution modeling by integrating GWR modeling with the dasymetric mapping method. We

propose a GWR-based multi-class dasymetric mapping method which consists of a series of

steps mostly performed in a GIS environment using ArcGIS 9.3 (Environmental Systems

Research Institute, ESRI). The first task is to calculate areas of populated land cover classes by

source zones. We computed the proportion of each source zone’s land area consisting of 30 by

30-meter grid cells of each land cover class that might reasonably be expected to be inhabited.
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The four “developed’ land cover classes of the NLCD 2001 classification scheme are assumed to
be inhabited and other non-residential land cover classes are omitted from the interpolation
entirely: thus, none of the population is assigned to these areas. The source zones’ population
counts are then regressed on the areas of populated land cover classes using the OLS regression
model and GWR model. Once the weights have been initially determined by both models, they
are applied to the NLCD data layer to generate a population density surface map. To evaluate the
performance of the proposed method, we will conduct a comparative investigation to determine
the accuracies of different areal interpolation methods: areal weighting interpolation, binary
dasymetric mapping, and multi-class dasymetric methods with a global regression model and
with GWR model. Each method is calibrated with 2000 census tract population and the NLCD
2001 data, and census block group population is estimated by each method. These estimates are
compared to the actual block group census data to evaluate the performance of the proposed
method.

The simplest scheme to implement dasymetric mapping with the NLCD 2001 data
would be the binary method in which NLCD 2001 map is reclassified to a binary map of
‘populated’ and ‘empty’ pixels and census population is redistributed to only those populated
pixels. Pixels of the low intensity developed and medium intensity developed classes are to be
reclassified as ‘populated’ pixels in the binary method, as those classes are described as related to
residential land use exclusively. Descriptions for the other two developed land cover classes
(Open space and High intensity), however, are rather generalized implying that those pixels
could be interpreted as different land use types according to where they belong. The binary
dasymetric method is conceptually simple and easy to implement. However, population

distribution in urban areas is thought to be more complex than that modeled by the simple
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populated/empty distinction. It seems likely that population densities would vary by land cover
classes in reality. Various housing types ranging from large-lot single family housing to
apartment complexes would have completely different residential density values. Moreover it is
highly probable that pixels with a same land cover class might have different land uses according
to where they belong. For example, in an urban center, high intensity developed areas could be
interpreted as various urban land uses ranging from multi-family housing complexes to
commercial buildings, whereas, in a suburban area where multi-family housing unit is rare, those
areas are mostly not residential. The relationship between land cover class and population
density might vary spatially as well. The problem of spatial heterogeneity, which the OLS model

cannot address, makes the implementation of multi-class dasymetric method even harder.

Model calibration

Global regression model

Regression model calibration to determine density parameters for land cover classes
consists of step-by-step refinements to include relevant variables and exclude irrelevant ones.
Langford et al (1991) stated that there is a conflict between a desire to maximize the fit obtained,
by inclusion of as many statistically significant terms as possible, and simple logic which
suggests that the correct form of any fitted model should be a linear weighted sum of only those
land cover types that people actually live in, without any intercept term. With this in mind, we
calibrate the global OLS regression model for dasymetric mapping by a repetitive procedure

summarized in Table 5-3.
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Table 5-3. Density weight estimates from global regression models

Model Variable Coefficient t-stat Significance
Intercept 3032.96 23.98 0.00

Model 1 DEVOPEN 0.24 4.50 0.00

R adjusted

— 675 DEVLOW 0.97 15.00 0.00
DEVMED 1.20 5.25 0.00
DEVHIGH -1.36 -6.16 0.00
FORESTED -0.01 -2.83 0.00
GRASSAGR -0.03 -3.06 0.00
Intercept 3170.08 24.84 0.00

Model 2

R adjusted DEVOPEN -0.03 -0.96 0.34

— 657 DEVLOW 1.15 19.93 0.00
DEVMED 1.19 5.07 0.00
DEVHIGH -1.36 -6.01 0.00
DEVOPEN 235 6.574 0.00

Model 3 DEVLOW 1.287 16.326 0.00

R adjusted

= 850 DEVMED 2.087 6.543 0.00
DEVHIGH -.949 -3.054 0.00
DEVOPEN 234 6.501 0.00

Model 4 DEVLOW 1.362 18.043 0.00

R adjusted

- 848 DEVMED 1.303 6.840 0.00

First of all, assuming that population may be associated with more than one type of land
cover, a six-class OLS regression model was established at the census tract level for the Atlanta
metro area, using the following four land cover classes: (1) Developed, open space (DevOpen);
(2) Developed, low intensity (DevLow); (3) Developed, medium intensity (DevMed); and (4)
Developed, high intensity (DevHigh); (5) Forested (Forested); and (6) Grassland/agriculture
(GrassAgr) land cover:

Pi=ap + a; DevOpen + a, DevLow + az DevMed + a, DevHigh

+ as Forested + ag GrassAgr Model 1.
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Where, P;j is the population at census tract i, ao is the intercept, and a; to as are
parameters to be estimated for the area of each class of land cover for the whole study area using
the OLS method. Model 1 gave adjusted R? of 0.675. It became clear that in Model 1 the
variables for forested and grassland/agriculture have negative coefficient values suggesting that
their impact on population is negative. It is noteworthy that high intensity developed class has
highly negative coefficient. It suggests that most of high intensity developed areas are associated
with other urban land use such as commercial, industrial, and transportation rather than
residential.

For comparison, a four-class OLS model is also developed using only four developed
land cover classes as follows:

Pi = ap + a; DevOpen + a, DevLow + az DevMed + a4 DevHigh Model 2.

Also, assuming that there would be no population if there is no land use class suitable for
people to live in, the regression model is fitted with no intercept term, using the General Linear
Model (GLM) in SPSS. The following models were produced:

Pi = ap DevOpen + a; DevLow + a, DevMed + a3 DevHigh Model 3.

Pi = ap DevOpen + a; DevLow + a, DevMed Model 4.

Once density parameters are acquired by the Model 4 which has no intercept term and no

variable with negative coefficient, they are applied to the NLCD data layer’s raster surface to

generate a population surface map by the procedure described above.

105



Geographically Weighted Regression model

The GWR model provides locally varying parameter estimates for regression models
where spatially varying relationships are hypothesized. The GWR software (version 3.0.16,
2003) produces unique parameter estimates for all observations by spatially weighting the
observations (i.e. census tract) according to their proximity to each other. Observations closer to
each other are given more weight than are observations further away. The weights are derived
through a distance-decay function to assign weights to data according to their proximity so that
near locations have more influence than further locations. To limit the number of data points
considered for each local parameter estimate, a spatial kernel is used at each observation. The
kernel can be either fixed, in which case the bandwidth of the kernel is also fixed, and thus
varying numbers of observations are weighted for the computation of each local parameter.
Because the census tracts in the Atlanta metro area have different sizes and are irregularly
distributed, an adaptive kernel is more appropriate. With an adaptive kernel, an equal number of
data observations are weighted and used for local parameter estimation. In addition to local
parameter estimates, the GWR program also provides local goodness-of-fit measures and local
residuals. The GWR model is compared with the global regression model (Model 2) of the same
dependent and independent variables. The Akaike Information Criteria (AIC) values and the
adjusted R? are compared against each other.

For this analysis, a geographically weighted Gaussian regression is applied to the whole
study area at the census tract level using an adaptive kernel. The dependent variable is population
count, and the four developed land cover classes are used as independent variables as the third
OLS model: (1) Developed, open space (DevOpen); (2) Developed, low intensity (DevLow); (3)

Developed, medium intensity (DevMed); and (4) Developed, high intensity (DevHigh). We did
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not exclude the high intensity developed land cover in the GWR model assuming that it might
have different density coefficients according to its location, even though it shows negative
coefficients in all the OLS regression models.

The results from the model show that the Akaike Information Criterion for the GWR
model (12,227) is smaller than that for the global OLS model (12,436), which indicates that the
GWR model is better than the global OLS model. Also, the adjusted R? value of the local GWR
model is 0.787, a great improvement from the 0.657 of the global OLS model (Model 2). A test
for spatial variability of the five parameters in the GWR model using the Monte Carlo
significance test reveals that only high intensity developed land cover (DevHigh) is not
significant in spatial heterogeneity, while it is highly significant (at 0.1% level) for the other
three developed land cover classes (Open, Low, and Medium), which means those classes show
more spatial heterogeneity in the relationship with population density. Table 5-4 shows a sample
of input data, estimated parameters, local R?, and residual of census tracts for the four-class

GWR model.
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Table 5-4. Parameter estimation using the Four-class GWR model (sampled)

Local C1 C2 C3 C4 .

Obs Cond R? Pred Interc DevOpen DevLow DevMed DevHigh Residual

5118 1042 0.71 6130.20 1742.20 0.25 0.89 0.83 -1.02 -1012.20
3161 10.21 0.74 5486.39 1643.88 0.27 1.10 -1.16 -0.38 -2325.39
5517 9.91 0.74 5938.06 1890.12 0.26 1.11 -1.24 -0.44 -421.06
6008 9.83 0.74 5892.76 2082.89 0.25 1.08 -0.90 -0.83 115.24
8498 949 0.76 7563.24 2728.00 0.24 0.94 0.87 -2.43 934.76
10595 9.39 0.86 9718.03 2878.50 0.27 1.09 -0.48 -1.47 876.97
10930 10.72 0.82 8644.43 2204.64 0.30 1.25 -2.35 0.88  2285.57
5212 10.01 0.75 5697.75 1840.76 0.28 1.18 -1.68 0.03  -485.75
5648 10.54 0.75 7005.03 1706.99 0.26 1.37 -2.28 0.83 -1357.03
10130 12.23 0.71 11455.30 1753.54 0.16 0.70 2.92 -1.59 -1325.30
4970 1170 0.70 582227 1971.20 0.19 0.67 3.07 -1.95 -852.27
6098 10.60 0.71 7107.71  1490.47 0.21 0.72 2.58 -1.35 -1009.71
4641 10.34 0.71  5981.30 1455.97 0.22 0.74 2.36 -1.28  -1340.30
7071 1049 0.72 8252.18 1368.84 0.21 0.72 2.48 -1.18 -1181.18
5632 10.47 0.72 7260.55 1122.09 0.24 0.78 1.88 -0.83 -1628.55
7602 1046 0.71 9121.19 1500.77 0.24 0.76 2.05 -1.25 -1519.19
8667 13.28 0.75 7690.76  2152.08 0.02 1.46 1.20 -3.56 976.24
7756  13.11 0.77  8278.59 1810.84 0.03 1.61 0.70 -3.36 -522.59
4085 12.74 0.76  4749.18 1719.70 0.03 1.71 0.52 -3.34  -664.18
11846 12.83 0.75 13500.60 2126.64 0.01 1.59 0.91 -3.40 -1654.60
5211 1252 0.76 7088.33 1915.96 0.01 1.69 0.62 -3.22 -1877.33
7604 < 12.32 0.77 7061.52 1800.51 -0.01 1.79 0.40 -2.91 542.48
5747 1269 0.75 6118.50 2390.41 -0.04 1.59 0.95 -3.09 -371.50
3171 1274 0.80 4947.80 2568.27 -0.19 1.89 -0.04 -1.58 -1776.80
2911 1277 0.80 497951 2359.66 -0.17 1.94 -0.21 -1.44 -2068.51
4423 1245 0.78 7337.75 1817.65 -0.05 1.89 0.03 -2.19 -2914.75
8389 12.03 0.77 7363.76  1566.25 0.01 1.86 0.15 -2.81  1025.24
6209 11.65 0.79 6611.16 1054.88 0.04 1.98 -0.22 -2.73 -402.16
3386 850 0.85 3276.81 590.12 0.01 2.01 -2.39 1.43 109.19
8607 8.73 0.83 9955.76  838.46 -0.03 1.98 -2.36 1.32 -1348.76
7374 9.24 0.78 7540.40 1184.71 -0.07 1.92 -2.26 1.08 -166.40
5336 10.14 0.75 5913.27 1792.95 -0.13 1.76 -2.09 1.17 -577.27
3649 1044 0.75  4230.95 1931.79 -0.14 1.70 -1.99 1.26 -581.95
7114 10.48 0.78 534550 1794.23 -0.12 1.75 -2.17 148 1768.50
3547 1052 0.78 3466.84 1784.49 -0.12 1.75 -2.22 1.56 80.16
4680 10.07 0.78  4339.32 1674.59 -0.11 1.80 -2.25 1.37 340.68
6221 1056 0.82 5979.90 1593.52 -0.08 1.78 -2.29 1.64 241.10
7021 9.83 0.80 6975.67 1482.27 -0.09 1.85 -2.29 1.37 45.33
3903 11.25 0.87 4331.28 1410.12 -0.03 1.73 -1.85 1.26 -428.28
3494 11.27 0.81  3723.40 1911.23 -0.12 1.68 -2.00 1.62 -229.40
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The performance of the GWR model can be accessed by comparing the accuracy of
population estimation with that of OLS model. The population estimation based on the Atlanta
census tracts produced from the local four-class GWR model is more accurate (a mean relative
error of —=10.78% and a RMSE of £1497.42) than that produced from the global OLS model (-
22.33% and £2145.23). The GWR model produced local parameter estimates for each of the
variables in the model for each census tract, which can be mapped. These parameter estimates
show the strength of the relationship of each variable (land cover) to population by location.
Thus, for most land cover classes, there is high spatial heterogeneity and the local parameter

estimates change sign over space
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Figure 5-3. Distribution of coefficient values for Dev_high

For high intensity developed land cover, the peripheral counties and parts of city center
area exhibit the stronger positive relationship between high intensity developed land cover and
population while most of the north-south belt of central counties shows a negative relationship

(Fig. 5-3). On the other hand, the local parameter estimates for the medium intensity developed
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land cover variable show high values (stronger relationship) in the core and rapidly growing
suburban counties (Gwinnett, Forsyth, and Barrow), gradually trending down to low values
(weaker relationship) in the periphery (Fig. 5-4). This displays a stronger core-periphery

influence for Dev_med than that for the Dev_high.
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Figure 5-4. Distribution of coefficient values for Dev_med
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Figure 5-5. Distribution of coefficient values for Dev_low

As for the local parameter estimates for the low intensity developed land cover variable,
which remain positive almost throughout (Figure 5-5), the spatial distribution of the parameter
estimates shows a inverse pattern from that of Dev_med. High population density areas such as
the city core and major suburban residential area show weaker relationship between the area of

Dev_low and population count while peripheral areas show stronger relationship. Finally, the
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local parameter estimates for the open-space developed land cover class interestingly show that a
small ring of positive values (i.e., stronger relationship) in the city center (Figure 5-6). The most
peripheral counties show negative values or weaker positive values, indicating weak relationship
between Dev_open and population. The spatial pattern reveals a trend of values from low in the

west to high in the east.
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Figure 5-6. Distribution of coefficient values for Dev_open
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Figure 5-7. Local R? values

Taking the four-class model as a whole, the map of pseudo local R? values shows the
strongest relationship between population and land cover in some clusters south of the central
city and most of peripheral areas. The weakest relationship is found in high density urban areas
of Fulton, Cobb, DeKalb, and Clayton County around the central city (less than 0.5) (Figure 5-7).
This suggests that each of these parts has more complicated residential density pattern, which is

difficult to be modeled by only land cover areas.
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Overall, the results of GWR model and the spatial pattern of parameter estimates for
each land cover class show that spatial heterogeneity problem is evident in the relationship

between land cover classes and population counts.

Implementation and performance evaluation

Once the weights (parameter estimates) have been initially determined by the GWR
modeling, they are applied to the NLCD data layer to generate population density surface map. It
is important to recall, however, because the model does not accounts for all the variation in the
source zone population, the density weights need to be locally scaled by the ratio of their
respective source zone’s observed population to its fitted population to account for the
proportion of source zone population not predicted in the model, thus preserving the
pycnophylactic property (Flowerdew and Green 1989; Flowerdew and Green 1992; Yuan et al.
1997) as in equation 7. For OLS regression model, where intercept and negative coefficient are
excluded assuming no population for no residential area, the grid cells forming the raw estimated
population surface were multiplied by the ratio of their respective source tracts’ observed
populations to the source tract’s fitted population computed by summing the raw estimates
across the source tract’s grid cells.

On the contrary, the GWR model does not exclude intercept term and negative parameter
estimates provided that land cover class does not directly associated with residential land use.
Hence, we assume that a certain land cover may have a negative effect on population density and
intercept term could be a part of variance not explained by the four land cover class variables.
Assuming that the intercept term and error term in the GWR model refer to the variance that is

not explained by the four developed land cover classes, those values are evenly redistributed to
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all developed pixels in each source zone. The result is the scaled population density surface map
as shown in Figure 5-8. It is however noteworthy that the use of regression-based weights and

pycnophylactic scaling is a practical solution that is not statistically valid.
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Figure 5-8. Population density surface from GWR based multi-class dasymetric method
using NLCD 2001 land cover data

116



In order to evaluate the performance of multi-class dasymetric mapping based on the
GWR model, different areal interpolation methodologies (areal weighting interpolation, binary
dasymetric mapping, and multi-class dasymetric methods with a global regression model and
with GWR model) were implemented and compared. All models are constructed using census
tract level source zones. In an operational situation, it would be a practical to use the larger scale
census reporting zones (i.e. block groups or blocks) to maximize accuracy. The reason for not
doing so in this research is to retain the larger scale zones as a set of target zones for which true
populations are known. This allows the performance of each model to be accurately evaluated by
comparing estimated target zone populations with true census counts. Each method is calibrated
with 2000 census tract population and the NLCD 2001 data, and census block group population
counts are estimated by each method. These estimates are compared to the actual block group
census data to evaluate the performance of the proposed method. For comparison, results of all
interpolation methods are presented in Table 5-5. Overall accuracy is assessed using mean

absolute error (Goodchild et al. 1993) and root mean squared error (Eicher and Brewer 2001).

Table 5-5. Performance summary

Method Mean absolute error (%) RMS error
Simple Areal weighting 37.21 941
interpolation Pycnophylactic 35.14 916
Binary dasymetric 26.58 769
Intelligent Multi-class dasymetric
interpolation OLS regression 27.22 771
GWR 21.12 693

Note: total target zones N=1923, mean population of target zones = 6,156
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Including the GWR based multi-class dasymetric method proposed in this study, a total
five interpolation methods are implemented. The simple areal weighting interpolation and
pycnophylactic interpolation provides benchmarks against which the intelligent methods can be
compared. All intelligent interpolation methods outperform areal weighting interpolation and
pycnophylactic interpolation. The overall accuracy of binary dasymetric method is better than
that of the multi-class dasymetric method based on OLS regression model. This result is
consistent with the previous finding of Fisher and Langford (1995): a globally fitted regression
model gives poorer accuracy than the locally fitted dasymetric method. It is interesting that OLS
regression based multi-class dasymetric method shows poorer performance even after the
parameter estimates of the regression model are locally fitted by pycnophylactic scaling. It seems
that, using a global regression model, benefits of employing multiple land cover classes rather
than one land cover class are not realized. It might be because of the ambiguity in the
relationship between land cover and land use as discussed above. Also, population density
parameters determined by global regression model are fixed throughout the study area and so
cannot account for spatial heterogeneity. Although the dasymetric approach inherently allows
local fitting by pycnophylactic scaling in nature, it is evident that further flexibility in parameter
specification might yield additional benefits.

Unlike OLS regression based method which excludes intercept and negative coefficient
assuming no population for no residential area, GWR based dasymetric mapping allows any land
cover class to have a negative density parameter as well as a positive parameter. Therefore, each
land cover class may have varying density parameters area by area as shown in Figures 5-3 to
Figure 5-6, and Table 5-4. Those figures show that a certain land cover class may have a

negative effect on the population density in some regions, while positively correlated with
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population density in most areas, and vice versa. For instance, high intensity developed land
cover has positive density parameters in the eastern and western parts rural area while most of
study area have negative parameters. On the other hand, medium intensity developed land cover
shows negative parameters for those rural areas while positive parameters are prevalent in most
areas.

GWR based dasymetric allows the spatial heterogeneity of land cover — population
density correlation to be accounted. The intercept term is evenly distributed to all pixels in the
source zone to ensure any pixel not to have negative population density value. Accuracy
measures in Table 5-5 prove that multi-class dasymetric mapping can be improved by GWR

based parameter estimation to account for spatial heterogeneity.
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CONCLUSIONS

This paper examined the benefits of the geographical weighted regression (GWR) for
dasymetric density parameter estimation in the context of population distribution modeling. For
ancillary dataset used in the dasymetric method, we used the pre-classified NLCD 2001 land
cover dataset that does not require digital image processing and classification. The performance
of the GWR based multi-class dasymetric mapping method was examined by a comparative
accuracy assessment with four other areal interpolation methods for population distribution
modeling. All intelligent interpolation methods outperformed the areal weighting interpolation
and the pycnophylactic interpolation, both of which do not utilized ancillary information. OLS
based multi-class dasymetric method did not show better performance than the binary dasymetric
method. GWR based multi-class dasymetric method was found to provide the most accurate
result. The degree to which this technique was found to be superior is attributed to the fact that
spatial heterogeneity was accounted for in the process of determining density parameters for land
cover classes.

Overall, this research showed that the performance of dasymetric mapping method can
be improved by integrating the geographically weighted regression model to determine weight
parameters of land cover classes on population density, which is a crucial part of the estimation
process. It is also noteworthy that the proposed method performed well with the NLCD 2001, a
publically available high quality national land cover dataset. We anticipate these data and
methods would fulfill the need for accurate population distribution data without the effort to

classify remotely sensed images.
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CHAPTER 6

CONCLUSIONS AND FUTURE RESEARCH

CONCLUSIONS

Demographic data are mostly aggregated into areal units designed to be homogeneous
with respect to population characteristics, economic status, and living conditions. Intelligent
interpolation and dasymetric mapping methods are techniques that utilize ancillary data (such as
that obtained from remotely sensed images) to redistribute population data from arbitrarily
delineated enumeration districts into units that are, internally, more homogenous in order to
better represent the actual underlying statistical surface. Due to the increasing availability of
remotely sensed data, it becomes pressing to develop an efficient methodology for
implementation of high-accuracy dasymetric mapping methods based on raster-based land cover
datasets.

This research has addressed several issues related to the accuracy and efficiency of
dasymetric mapping methods for high resolution population distribution surface modeling using
a pre-classified raster land cover dataset. In Chapter 2, | compared the performances of five
regression-based population estimation models using U.S. Census Bureau 1990 census block
group population count data and areas of the NLCD 1992 land cover classes. High and low
intensity residential land cover classes are found to have highly positive correlation with

population counts, while addition of other independent variables (other land cover classes) and
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variable manipulation (logarithmic transformation) did not improve the performance. Once land
cover classes that have significant positive relationships with population density are determined
as in Chapter 2, the population density value of each land cover is obtained deterministically for
each source zone. In the binary dasymetric method, it is simply calculated by dividing population
count of the source zone by the number of residential pixels in the source zone. Even with multi-
class dasymetric methods in Chapter 3, a population density parameter for each land cover class
is assigned in similar ways, which could be arbitrary in the case of the three-class method or
deterministic as in the limiting variable method. Consequently, the performance superiority of
dasymetric methods with multiple land cover classes over that of the binary dasymetric method
is inconclusive in spite of their methodological complexity.

Given that binary dasymetric mapping has shown to be a robust and effective method for
enhancing areal interpolation and population mapping as reported in Chapter 3 and other
research (Fisher and Langford 1995; 1996), what lies in the future in terms of methodological
development? The aim must be to enhance its performance further by overcoming its
shortcomings. With the binary dasymetric method, any resultant error can arise from one of two
sources. The first is through the incorrect identification of residential areas in the satellite image.
If areas that are not residential are classified as residential, it will lower the mean population
density of all residential areas contained within the source unit, as well as it will distribute
population into places where it should not be present. So, higher classification accuracy is clearly
a desirable goal. The second source of errors is in the calibration of the dasymetric densities. In a
binary dasymetric map, the assumption is made that all residential areas in any specific source
unit will have the same population density. As reported in Chapter 3, this simple model has been

shown to be effective at enhancing the accuracy of areal interpolation when compared with a

129



choropleth or uniform density model. Despite this it still seems logical to assume that, in most
situations, there is likely to be some degree of variation in housing type, occupancy and thus
population density, within the boundaries of the source units. The differentiation of more than
one class of occupied land cover, each with an associated population density, is therefore another
area of potential development. The binary dasymetric method also suffers several methodological
and cartographical shortcomings. It assumes population densities are uniform among pixels of
the same land use land cover type within each source unit. As a result, abrupt changes of
population density can be found at borders of source zones and those between different land use
land cover. Therefore, the contrast of population density between two adjacent pixels with
different land use land cover classes is mistakenly exaggerated. Two adjacent residential pixels
may have much different population density values if those pixels fall into different source units
because the binary dasymetric method does not account for the neighborhood effect.

It seems logical, then, that there are three directions in which the dasymetric method can
be further advanced. First, we can refine the method of binary dasymetric method to account for
the neighborhood effect so that population densities of residential pixels are adjusted by those of
adjacent residential areas. In Chapter 4, we proposed a hybrid method integrating the
pycnophylactic interpolation with the binary dasymetric method. The subsequent pycnophylactic
interpolation creates a smoothed density surface by recalculating population density value of
each pixel with low-pass filtering process while preserving the original volume of each source
zone. The results show that the performance of the binary dasymetric method could be much
improved by a subsequent pycnophylactic smoothing. It proves that Tobler’s First Law of

geography is valid for population density distribution associated land cover.
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Second, we can develop methods for the calibration of population densities associated
with multiple dasymetric classes. It is plausible to distinguish between several developed land
cover classes when classifying urban areas from satellite imagery, but the difficulty lies in
determining how appropriate density values should be assigned. It is even more difficult to
calibrate the relationship between land cover classes and population densities when the spatial
heterogeneity is present so the relationship varies place by place. In Chapter 5, we presented the
GWR based multi-class dasymetric mapping method to take into consideration the spatial
heterogeneity of underlying spatial relationships between population density and land cover
classes. Unlike the globally fitted regression model, GWR locally estimates the relationship of
each land cover class and the population density. Hence the proposed method allows each land
cover to have locally varied modeling parameters for the calculation of population density. The
benefits of accounting for spatial heterogeneity in population estimation are examined using the
pre-classified NLCD 2001 data. The performance of the proposed method is compared to four
other areal interpolation methods including areal weighting interpolation, pycnophylactic
interpolation, binary dasymetric method, and the globally fitted ordinary least squared (OLS)
based multi-class dasymetric method. By accounting for spatial heterogeneity, the GWR based
multi-class dasymetric method significantly outperforms all other methods.

Finally, the performance and applicability of the dasymetric mapping method can be
further improved by the accurate classification of the satellite image source and a choice of
appropriate spatial resolution of the ancillary dataset. The proposed methods in Chapter 3 and 4
utilize pre-classified, freely available land use land cover dataset with 30 meter spatial resolution.
It is worth noting that performances of the proposed methods are dependent on the accuracy and

the spatial resolution of those ancillary data, and are remained as avenues for future research.
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FUTURE RESEARCH
Like any other areal interpolation method, the proposed methods of this dissertation have

limitations and problems also. These limitations are the starting point of future research.

Very high resolution ancillary data

It has long been argued that very high spatial resolution satellite imagery may not be
appropriate for the accurate identification of urban land cover, due to the complexity and
heterogeneity of the city landscape (Cushnie 1987; Woodcock and Srahler 1987; Hultgren 2005).
In the context of population mapping using ancillary data, the same relationship between spatial
resolution and accuracy ought to hold true. It has been suggested that regional population
estimation can be effectively performed at spatial resolution of 5 to 20 meter (Jensen and Cowen
1999). Others have speculated that as pixels are reduced to excessively small size in dasymetric
mapping, the overall error would increase (Eicher and Brewer 2001). However, this point of
view is generally founded on the assumption that a traditional per-pixel classification approach
has to be adopted. Very high spatial resolution imagery may result in better mapping of cities
provided alternative classification methods are adopted that can fully utilize texture
measurements, image segmentation, fuzzy classification, and object-based approaches (see Tso
and Mather 2001). Adaptations to the classification algorithms to make use of ancillary data
resources available in a GIS such as urban zonation and cadastral map, or even census-derived
statistics such as housing density measures (Mesev 1998), also offer an opportunity to enhance

urban image classification.
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Error sources and error propagation

The proposed dasymetric methods use several sources of data and involve a few
analytical steps. The source data include the census data on the census tract and block group
level, and land use land cover data classified with the Landsat TM and ETM+ imagery. None of
the source data can be error free. The positional inaccuracy of census enumeration units, the
incorrect population counts, and the imperfect processing of the satellite imagery can all have an
impact on the performance of the proposed dasymetric methods. Further errors can also be
introduced and propagated during the intermediate stage of the method. To improve the
performance of the proposed methods, it is important to identify the critical data source and
method stage that have the most impact on the accuracy of the result. Monte Carlo simulation
can be run by making different scenarios with modified data source or method stage, and
examining the magnitude of changes in the method performance. The less the change, the less
impact that the data source or method stage has to the overall method. Anderson and Anderson
(1973) and Fisher and Langford (1995) both provided examples of evaluating the effect of the
land use land cover classification accuracy on population estimation. Those studies are valuable

for future research on error identification and propagation.

Nighttime vs. daytime population
In addition to the problem of spatial aggregation discussed throughout this dissertation,
the decennial population censuses conducted by the U.S. Census Bureau suffer from the
limitation of temporal scale. The U.S. Census uses de jure enumeration, which assigns persons
according to their usual place of residence. As a result, all the people recorded in a city are the

actual residents living in the city and exclude those who work but do not live in the city.
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Moreover, the population is enumerated only at a specific moment in time. Daily movement of
the population is ignored. Because of the static nature of the population census, the U.S. Census
2000 indicated that there were only 55 people living in the large urban block that used to contain
the World Trade Center (Dobson et al. 2003). Since the World Trade Center attack of September
11, 2001, the Federal, State, and County governments are increasingly concerned about
homeland security, terrorism, and infectious diseases, among the many other threats to people’s
lives. An accurate estimation of the total population at a particular hour in a specific part of a city
IS important to plan for evacuation in an emergency situation. A distinction between daytime
population and nighttime population is necessary in recognition of the diurnal space-time
dynamics of the population distribution. Some areas, such as employment centers, may contain
few residents, so that their nighttime population may be quite small. However, population in
these areas may swell substantially during the daytime, as thousands of people arrive to work
there. Conversely, other areas, such as those often described as bedroom communities, may see a
large proportion of their residents leaving the area in the morning for their jobs, with no
corresponding large inflow of people into the area. The daily expansion and contraction of
population experienced by different communities between nighttime and daytime is crucial
information to planners such as those dealing with crime prevention, transportation, disaster, and

relief planning.
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