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Abstract. Night-time satellite imagery provided by the Defense Meteorological
Satellite Program’s Operational Linescan System (DMSP OLS) is evaluated as
a means of estimating the population of all the cities of the world based on their
areal extent in the image. A global night-time image product was registered to a
dataset of 2000 known city locations with known populations. A relationship
between areal extent and city population discovered by Tobler and Nordbeck is
identi� ed on a nation by nation basis to estimate the population of the 22 920
urban clusters that exist in the night-time satellite image. The relationship between
city population and city areal extent was derived from 1597 city point locations
with known populationthat landed in a ‘lit’ area of the image. Due to conurbation,
these 1597 cities resulted in only 1383 points of analysis for performing regression.
When several cities fell into one ‘lit’ area their populations were summed. The
results of this analysis allow for an estimate of the urban population of every
nation of the world. By using the known percent of population in urban areas
for every nation a total national population was also estimated. The sum of these
estimates is a total estimate of the global human population, which in this case
was 6.3 billion. This is fairly close to the generally accepted contemporaneous
(1997) estimate of the global population which stood at approximately 5.9 billion.

1. Introduction
The growing human population presents humanity with increasingly diYcult

challenges with respect to resources; including agricultural production, fresh water
stores, loss of biological diversity, diminishing oceanic � sh catch, and energy

International Journal of Remote Sensing
ISSN 0143-1161 print/ISSN 1366-5901 online © 2001 Taylor & Francis Ltd

http://www.tandf.co.uk/journals
DOI: 10.1080/01431160010007015

http://www.tandf.co.uk/journals


P. Sutton et al.3062

production, to name a few (Wilson 1992, Ehrlich 1993, Gleick 1997, Brown et al.
1998, Daily et al. 1998). In addition, it is expected that the institutional costs
associated with meeting these challenges will scale up in non-linear ways (Cincotta
and Engelman 1997, Meyerson 1997). Some examples of institutions whose costs do
not scale linearly with population size are � sheries management, freshwater infra-
structure and management, law enforcement, and public health monitoring agencies
(Homer-Dixon 1995, The Trust for Public Lands 1997). Much of global change
research is dedicated to discerning naturally induced change from anthropogenically
driven change. Understanding many of these social, economic and environmental
problems demands accurate information as to the number, spatial distribution and
behaviour of human beings on the surface of the planet.

Accurate information as to the size and distribution of the human population is
not available for many parts of the world and is of poor quality in many other parts
of the world (Clark and Rhind 1992). OYcial estimates of the population of cities
can vary dramatically. For example, the United Nations estimated the population
of Mexico City to be 16 million while the US Census Bureau estimated it to be 28
million (Rubenstein 1999). Two estimates of the population of Riyadh, Saudi Arabia
are 1.3 million and 3.3 million (Shupe et al. 1995, Al-Sahhaf 1998). The present
quality of census data is limited and will be increasingly diYcult to maintain at
current levels due to the growth and increasing mobility of the human population.

Even in the USA, statistical means were considered for estimating sectors of the
population that are diYcult and expensive to enumerate (SteVey et al. 1994). In fact,
it is recognized that complete enumeration of the population of the USA is not
feasible (Bradburn 1993). The estimated costs of the US census for the year 2000
range from 4 to 4.8 billion dollars, equal to approximately 15 dollars per person
(Paez 1997).

Prior to 1992 the Defense Meteorological Satellite Program’s Operational
Linescan System (DMSP OLS) imagery was produced via analog methods on mylar
� lm. Despite the diYculties associated with quantitatively analysing the mylar media;
several researchers used the imagery to demonstrate quantitative relationships
between the night-time lights and population and energy utilization for several cities
in the USA (Welch 1980, Welch and Zupko 1980). Croft provided an overview of
the diverse nocturnal emissions identi� ed by the DMSP OLS (city lights, gas � are
burn-oV, lantern � shing, forest � res and the aurora borealis) (Croft 1978).

Since 1992 the DMSP OLS data has been available in digital format. The digital
format and dramatic strides in computational capability has allowed for production
of substantially improved data products. Digital versions of the DMSP OLS imagery
have been used to map human settlements globally (Elvidge et al. 1997), map urban
extent nationally (ImhoV et al. 1997), and have been strongly correlated to population
and energy consumption at nationally aggregated levels (Elvidge et al. 1997). A
recently developed dataset that incorporates weighted averages of several gain set-
tings of the satellite (‘low-gain’ data) shows great promise for not only estimating
city populations but actually producing good estimates of the variation of population
density within the urban centres (Sutton 1997, Elvidge et al. 1998).

This research builds upon these eVorts by utilizing these enhanced digital data
products to measure the areal extent of the urban areas of the world. Previous
research has identi� ed a strong linear relationship between the natural log of a city’s
areal extent and the natural log of its corresponding population (Stewart and Warntz
1958, Nordbeck 1965, Tobler 1969). We apply this relationship to all the urban areas
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of the world identi� ed by the DMSP OLS imagery and parametrize the relationship
on a national basis. Models of population derived from DMSP OLS data have the
potential to provide an inexpensive, easy to update means of mapping the size and
spatial distribution of the human population at a global scale.

2. Methods
2.1. Night-time satellite imagery data

This paper describes eVorts at estimating the population of every country of the
world using the stable night-time lights dataset produced from hundreds of orbits
from the DMSP OLS (Elvidge et al. 1995). The DMSP OLS system consists of a
panchromatic visible and near-infrared (VNIR) band and a thermal band. For details
on the technical speci� cations of the DMSP platform see the DMSP user’s guide
(Dickinson et al. 1974). In this study the pixel values are not a measurement of light
intensity, but a record of percent of VNIR light observations in a given location.
For example, at a given point on the earth’s surface, hundreds of DMSP OLS
observations are made. If the VNIR sensor saw light at this location on 150 out of
200 nights this pixel would have a value of 75. Consequently the values of the pixels
in the image range from 0 to 100. The thermal band is used for screening out cloud-
impacted data. The night-time lights dataset used for the analysis was projected in
the Interrupted Goode’s Homolosine Projection (Steinwand 1994). This projection
was used because it is the best global equal-area representation of the lands of the
earth. The areal extents of the cities were measured by counting the number of
contiguous lit pixels in the image for each isolated urban area.

2.2. City population data
The city population data were prepared as a point layer with the city populations

attributed to the points. The DMSP OLS night-time city lights image has 22 920
isolated urban areas. This image was superimposed on a point dataset of 1597 cities
with known populations. This resulted in 1383 paired {area, population} values to
analyse. Each of the paired {area, population} points is referred to as an urban
cluster. The conurbation of cities is often reproduced in the night-time satellite image
when several city points fall into one ‘lit’ area. When this occurred the populations
of those cities are summed for that urban cluster. The city populations were obtained
from both the 1992 United Nations Statistical Yearbook and a 1995 National
Geographic Atlas of the world (United Nations 1992, Shupe et al. 1995). The city
population data included a census date that varied from the 1970s to the 1990s.
These city populations were updated to an estimated 1997 value by using nationally
and annually speci� c urban population growth rates (The World Bank 1997). Often
city populations were reported both as an administrative value and as a larger
metropolitan area value. In all cases the larger metropolitan population value was
used.

2.3. T he ln(area) vs ln(population) relationship
The basic method used to estimate city population is based on the research of

Nordbeck and Tobler (Nordbeck 1965, Tobler 1969). This results in a linear relation-
ship between the natural log of cities’ areal extent and the natural log of their
populations. These methods relate areal extents measured by the night-time satellite
imagery with the populations of cities represented as points (� gure 1). A more
accurate relationship has been identi� ed using complete population density images



P. Sutton et al.3064

Figure 1. Scatterplot of ln(cluster area) vs ln(cluster population) for all the cities of the world
(excluding China) with known population whose areal extent could be measured with
the night-time satellite imagery.

(Sutton 1997); however, this method was not used in this investigation because there
are no accurate high spatial resolution population density datasets with which to
do the analysis for most of the countries of the world. This eVort used the best
available population data for the cities of the world to identify how the parameters
of the ln(area) vs ln(population) relationship vary from nation to nation.

2.4. Strati� cation of the DMSP OL S imagery by thresholding
Thresholding is a process by which the value of the pixels that are analysed in

the imagery is controlled on a national basis (i.e. all the pixels in Brazil have the
same threshold value). A threshold of 80 for a particular nation would use only
those pixels in which light was observed 80% of the time or more. Varying levels of
industrialization throughout the world suggest that a single threshold on this dataset
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would be inappropriate. Setting image thresholds at the national level is trade-oV
between two con� icting objectives. Low thresholds capture more area and smaller
urban clusters that would otherwise not be identi� ed at high thresholds; this approach
is generally needed in the less developed countries. Higher thresholds prevent conur-
bation of urban clusters into mega-clusters that do not lend themselves to accurate
population estimates. For example, a low threshold for Japan would produce a huge
urban cluster extending from Tokyo, through Nagoya, Osaka and Kyoto, all the
way to Kitakyushu (� gure 2). Earlier work by ImhoV et al. (1997) has shown that
a threshold of 84% was a good measure of urban extent within the USA. In an
attempt to capture all of the urban population of the world we used three thresholds
of 40%, 80% and 90%.

The system for establishing these thresholds worked as follows: Poorer countries
with Gross Domestic Product (GDP)/capita less than $1000 per year were assigned
thresholds of 40 and the rest of the countries were assigned thresholds of 80. The
night-time imagery and the point coverage of cities were then inspected for both
extreme conurbation and failure of the imagery to capture large cities. In some cases,
such as Egypt, the higher threshold of 90 was applied to prevent conurbation of the
cities along most the Nile River. In a few other cases like Germany, the lower
threshold of 40 was applied in order to capture large cities. We hope to greatly
improve the thresholding process via the use of the low-gain dataset described earlier
(Elvidge et al. 1998), and more detailed studies on national bases.

2.5. Estimating the urban and national population of a nation
The urban and national population of every nation of the world was estimated

using these methods. The urban clusters with known populations were identi� ed for

Figure 2. Two thresholds of the DMSP OLS imagery over Japan, Eastern China, and North
and South Korea.
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each nation of the world. A linear regression between the ln(area) and the ln(cluster

population) was run on these points for each nation to identify a nationally speci� c

slope and intercept parameter. The points in the regression were weighted with their
known populations. The slope and intercept obtained were then used to estimate

the population of every urban cluster the imagery identi� ed in that country. The

sum of the estimated populations of these urban clusters is the estimate of the urban

population of the country. The total population of the country is calculated using

published values for the percent of the nation’s population that lives in villages and

cities of over 2000 people (i.e. percent of population in urban areas) (Haub and

Yanagishita 1997). An example of this population estimation method is provided for

Venezuela (� gure 3).

A large number of countries did not have a suYcient number of cities with known

population to perform a regression analysis. In these cases, we used aggregate

regression statistics. A regression analysis was run on the clusters of all the low-

income countries, another regression on all the cities in medium-income countries,

and another for the cities in high-income countries (based on their GDP/capita). If

a country had no cities of known population the parameters from the appropriate

aggregated regression were used (e.g. if the country had no identi� ed clusters with

known population and had a medium GDP/capita we used the regression parameters

derived from all the cities with known populations that were in countries with a

medium GDP/capita). Finally, if the country had only one city of known population,

then the aggregate slope was used and the regression line was sent through the

known city point, thus determining an intercept.

Figure 3. A graphic explanation of national population estimation for Venezuela.
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3. Results

3.1. Nationally aggregated estimates
A linear relationship between ln(area) and ln(population) was established for

each country of the world. The identi� ed parameters and other relevant statistics

are provided for the 60 most populous nations of the world (table 1). For 20 of the
60 most populous nations a single large city was used to estimate the intercept of

the regression. (A table of the parameters, populations, errors and thresholds for all
of the countries can be obtained from the � rst author.) The intercept of the regression

for each country provides a theoretical minimum detectable population for a 1 km2
urban area. For the same threshold of 80, these values were 1169 for high-income

countries, 3548 for medium-income countries, and 7251 for low-income countries.

(In the � nal analysis presented in table 1 we actually used a lower threshold of 40
for the lower income countries in order to capture more cities; this lower threshold

produced a minimum detectable population of 1169 for the low-income countries.)

Many wealthy countries such as Japan, Canada, and the USA had low minimum

detectable populations as we expected (1 km2 lit areas had predicted populations of

175, 157 and 128, respectively). High minimum detectable populations tended to

occur for the less developed countries: North Korea, Ethiopia, Afghanistan and the

Ivory Coast (1 km2 lit areas had predicted populations of 20 171, 10 775, 15 245
and 10 604, respectively). However, not all nations � t these trends. For example,

Uzbekistan, which has a relatively low GDP/capita, had the lowest minimum detect-

able population (57) of these 60 nations; while the Netherlands recorded the highest

minimum detectable population with a value of 28 510. Some of these anomalies can

be attributed to small sample sizes or the unusual population densities of single large

or heavily conurbized cities in the nation in question; nonetheless, GDP/capita alone

does not explain the variation. Nonetheless, this model’s estimates of the national
populations were within 25% of accepted values for more than 65% of the 60 most

populous nations.

An independent estimate of China’s population (1.512 billion) was made, which

is 22% greater than the accepted estimate of 1.243 billion. The Chinese city popula-

tion data were excluded from the parametrization process for two reasons: (1) the

China data we obtained often confused city populations and populations of regional

administrative boundaries, and (2) by excluding the Chinese cities we could estimate

the urban and national population of China in an independent manner. There is an
element of circularity in this method of estimating the population of urban clusters

by using known populations. By removing the Chinese cities and applying the results

of this study to them, the question of circularity is addressed, and the robustness of

the method is tested.

3.2. Interpreting variation in the 1n(area) vs 1n(population) relationship

Explaining the variability of the regression parameters is diYcult when looking

at the hundreds of disaggregated national parameter estimates. Aggregation of

the cities of the world to their national income class (e.g. low income: GDP/

capita<$1000/year; medium income: $1000/year<GDP/capita<$5000/year; and

high income: $5000/year<GDP/capita) allows for direct interpretation of the inter-

cept parameter. A scatterplot of the ln(area) vs ln(cluster population) of these 1383
urban areas provides a sense of the strength of this relationship at � ve levels of
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aggregation: globally (all the points), for high income countries (green points), for
medium income countries (blue points), for low income countries (red points), and
for the known urban clusters of Venezuela (black points) (� gures 1 and 3). At the
aggregate level the estimates of the intercept parameter for the low, medium, and
high-income countries are statistically signi� cantly diVerent. Figure 1 indicates that
the intercept parameter is inversely related to GDP/capita. It is also interesting to
note that the strength of the correlation of this regression generally increases when
points are classi� ed by national identity and analysed separately as they are done
for Venezuela in � gure 3.

3.3. Aggregate estimates of total population and urban extent
Estimates of the total populations of countries aggregated for: (1) all the low-

income countries, (2) all the medium-income countries, (3) all the high-income
countries, and (4) the whole planet are reported (table 2). Estimates of the urban

populations of these nations using these parameters produces a global population
estimate of 6.295 billion, which is 7% greater than the contemporaneous (1997)
accepted estimate of 5.867 billion (table 2). The percent error between the aggregate
estimates and known aggregate populations are less than 8%. Table 2 also summar-
izes DMSP OLS and USGS/IGBP (United States Geological Survey) based measures
of urban landcover at these aggregate scales. The DMSP OLS uses lit area as a
proxy measure of the areal extent of urban land cover for every nation of the world.
An independent estimate of urban landcover (USGS/IGBP) was obtained (Loveland
et al. 1991, Belward 1996) and compared to the DMSP OLS derived estimate. In
virtually all cases the urban extent as measured by the night-time satellite imagery
exceeds those of the USGS/IGBP global landcover dataset. The DMSP OLS based
measure estimates 0.81% of the Earth’s land to be urbanized, a number that is 4.5
times larger than the IGBP � gure of 0.18%. The night-time imagery has a bias
towards overestimation of urban extent because a small well lit area will � ll a 1 km2
pixel; nonetheless the DMSP OLS derived night-time imagery is being considered
by the USGS as an improved means of delineating urban extent for its global
landcover maps (Loveland 1997).

Table 2. Aggregate estimates of population and extent of urban land cover.

Population estimation
No. of clusters with known population

Total world (1 threshold=80; n=1404)
Total world (multiple thresholds; n=1393)
High income (n=471)
Medium income (n=575)
Low income (n=347)*

Urbanization estimation

Total world
High income †

Medium income
Low income

6.1
7.3
2.9
3.4
7.8

%
Error

6224626469
6293454419
1105827550
1166132502
3952666417

Estimated
population

5867566272
5867566272
1074842200
1127715000
3665009072

Actual
population

0.85
n/a

1.065
1.011
1.189

Slope

0.016
n/a

0.027
0.022
0.031

SE
Slope

9.017
n/a

7064
8174
7425

Intercept

0.102
n/a

0.201
0.141
0.19

SE
Intercept

0.68
n/a

0.77
0.78
0.81

R
2

* Threshold = 40.
† Low income: GDP/capita <$1000/year;

medium income: $1000/year <GDP/capita <$5000/year;
and high income: $5000/year <GDP/capita.

143393924
40314690
47557079
55522155

Total
area (km

2
)

1158977
646722
298300
258012

Urban area
by DMSP

257085
132710

89641
34734

Urban area
by IGBP

0.81
1.60
0.63
0.46

% Urban cover
by DMSP

0.18
0.33
0.19
0.06

% Urban cover
by IGBP
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3.4. Results for selected large urban agglomerations
Actual and estimated populations with percent errors are reported for the urban

clusters of the world with known populations in excess of 10 million and for the
Chinese urban clusters with estimated populations in excess of 10 million (table 3 ).
The conurbation or ‘melding together’ of nearby cities warrants some discussion at
this point. The New York cluster of the USA extended to include cities in Connecticut,
Long Island, New Jersey and Pennsylvania. This cluster was split in half by the
Hudson River. This ‘breaking up’ of large clusters results in underestimates due to
the exponential relationship between areal extent and population of urban clusters.
In some cases the opposite problem (e.g. a substantial overestimation) can occur
when several smaller clusters meld into a ‘super-cluster’. We believe this occurred in
the Guangzhou–Dongguan–Shilong–Foshan cluster in China that borders and con-
urbizes with Hong Kong. This urban cluster had the highest estimated population
(28.3 million) of all the urban clusters of the world. These large conurbations present
some problems with respect to population estimation. When the linear regressions
at the national level were performed, many points with large outliers were examined
directly in the GIS database; most of these outliers exhibited problems associated
with conurbation. Conurbation corrections were made for some of these cities
including Istanbul, Stockholm and Hong Kong–Guangzhou.

4. Discussion
At the aggregate level (i.e. the whole world) a correlation is observed between

the areal extent of an urban cluster (as identi� ed by night-time satellite imagery) and
its corresponding population. Disaggregation of this information to three nationally
aggregated income levels greatly increases the strength of this correlation. General
trends across income levels are observed with respect to both the slope and intercept
of this relationship. However, the eVect of the intercept is more pronounced and
suggests that a small city of a given area in a low-income country will have a higher
population (and population density) than a city of the same areal extent in a wealthy
country. The cause of this is likely to be the availability of modern transportation:
cities in which cars, buses, and rail are not as available will be more compact and
have higher population densities. A time-series study of the same ln(area) vs ln(popul-
ation) of the city of Ann Arbor, Michigan shows a dramatic change in the relationship

Table 3. Urban clusters with populations of 10 million or more.

Tokyo–Yokohama
New York–Philadelphia*

Mexico City
Bombay

Sao Paulo
Los Angeles

Manila–Quezon City
Calcutta
Seoul

New Delhi
Buenos Aires

*The New York–Philadelphia cluster was many city conurbations split into two pieces by the Hudson River which contributed to
the underestimation.

Name of cluster

Chinese cities with estimates greater than 10 million
Beijing

Guangzhou (multi-city conurbation)

5423
4930 & 7990

3065
1579
2036
8534
1269
1541
2039
2245
2969

Area of cluster (km
2
)

1951
4371

27049627
15274060
18923719
10650617
11493200
10669187
14205262
10308818
13362102
17061602
12372510

Estimated population
of cluster

10871719
28276887

32332000
25608700
18459901
16748782
15980500
15047800
14519828
13880513
12892776
12819200
12294276

Actual population
of cluster

10819000
?

–16
–40

3
–36
–28
–29
–2

–26
4

33
1

% Error

0
?
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after World War II; this corresponded with the widespread use of the automobile in
that city (Tobler 1975).

The variation of the slope of this relationship across the three income levels
actually counteracts the eVect of the intercept and has its greatest in� uence in the
largest cities. The trend to higher population densities for progressively larger cities
is more pronounced in the wealthier nations as indicated by the higher slopes for
the wealthier nations (� gure 1). The explanation for this could be the combined
eVects of high demand for central business district property in the large cities of the
wealthy nations, and, the ability of these nations to provide the infrastructure to
support and build very high density housing (skyscrapers, etc.). In any case, variation
in the intercept parameter was much more signi� cant than variation in the slope
between nations and income classes. This agrees with earlier � ndings of Stewart and
Warntz (1958) in a similar analysis of cities and villages in Europe.

Aggregation averages the errors in the over and underestimates of both the
cluster and national population estimates; this is similar to how signal averaging
eliminates noise. However, if aggregation were simply analogous to signal averaging
then the scatterplot of the ln(area) vs ln(population) for the cities of known popula-
tion in a particular country would not be expected to have any stronger a correlation
than a random selection of cities from around the world. Nonetheless, this is not
what was observed. The increased strength of the ln(population) vs ln(area) relation-
ship via aggregation by GDP per capita has been demonstrated. The scatterplot of
the urban clusters of Venezuela (� gures 1 and 3) show how national aggregation
typically increases the strength of this relationship. The fact that a much stronger
relationship exists for the urban clusters of any given nation suggests that future
research on the in� uence of the spatial attributes of the data in question can prove
to be quite useful in improving the explanation of the relationship between the areal
extent and population of an urban area.

4.1. Discussion of error
Explicitly de� ning the error in this study is diYcult if not impossible. There is

no ‘oYcial’ estimate of the world’s population and our knowledge of the world’s
total human population has at most two signi� cant � gures and most likely only one
(i.e. we know the billions place). The United Nations recently declared that the 6
billionth human being was born on 12 October 1999. However, the USA Census
claimed that we reached the 6 billion milestone in June of 1999. Estimates of the
population of the cities and countries of the world are just that: estimates. The errors
we have described in the paper are comparisons between our estimates and existing
estimates. Existing estimates of city and national populations vary dramatically in
quality and availability. Some of the ‘error’ in our estimates of city populations are
due to real variation in the ln(area) vs ln(population) relationship; however, some
of the error is in the erroneous values we have for the ‘known’ population of urban
clusters. In addition, errors in the percent of population living in urban area � gure
we used to estimate national populations will introduce error into those estimates.
Future research in this area will require an accurate population � gure for a large
number of cities throughout the world.

We have parametrized a simple model based on a potentially crude set of city
population values. In this eVort we used the best globally available population data
for the cities of the world. In a previous investigation of the ‘city lights’ data for the
USA (Sutton et al. 1997), we compared the DMSP OLS imagery to a higher quality,
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higher spatial resolution, full population density grid of the USA produced by the
Consortium for International Earth Science Information Network (CIESIN) (Meij
1995). In that study using the CIESIN data we obtained an area and a population
� gure for over 5000 points (every urban cluster identi� ed by the night-time imagery).
The regression analysis using all 5000 urban clusters had no problems with statistical
boundaries (population in metro area vs population within city limits); nor did it
have the kinds of conurbation problems we ran into with point data; and it was of
higher quality and accuracy than the point data used in this study. This study found
that the DMSP OLS imagery captured 79% of the US population in the lit areas.
This is only 4% greater than the 75% of the US population that lived in urban areas.

In this global study we only had 116 urban clusters with known population and
area for the USA. The regression results were substantially improved by using higher
quality data and avoiding these problems: R2=0.98 with the CIESIN data vs R2=
0.84 with the point data. This improvement suggests that the relationship described
here is in fact stronger than the results of this global investigation suggest. The errors
in the ‘known’ city populations of this study accounted for much more of the error
than real variation in the ln(area) vs ln(population) relationship in the USA. The
circularity introduced by using known populations of cities will introduce bias in
our results if there is any bias in the city population estimates. We believe that many
city population estimates are underestimates for several reasons. First, many city
population � gures represent the population within the legal boundary of the city
rather than the metropolitan area population. Secondly, large conurbations of several
cities often include many small cities (typically less than 100000) that were not on
our list of cities with known population, thus biasing the estimates of many of the
conurbation clusters towards the low end. Finally, virtually every city for which
extra information was sought had a population substantially higher than the
published � gures.

For example, conventional wisdom in Mexico (and among many population
experts) suggests that the population of Mexico City in 1997 was somewhere between
21 and 24 million. The oYcial � gure we used was 18.5 million. This has a substantial
in� uence on the estimate of the national population of Mexico. The estimate of
Mexico’s population would have been signi� cantly higher had we used a larger
estimate for the population of Mexico City. The case for Riyadh, Saudi Arabia was
so dramatic that we did not use the published population of Riyadh and simply
drew a line with a pooled slope parameter through the conurbation of Jiddah and
Mecca to de� ne the intercept for Saudi Arabia. The Jiddah–Mecca conurbation and
Riyadh had areal extents of 2213 km2 and 2317 km2 , respectively. Yet our population
numbers for these two clusters were 3.2 and 1.3 million, respectively. The resulting
estimate of Riyadh’s population was 3.2 million, which agreed closely with expert
opinion on the population of Riyadh (3.3 million) (Al-Sahhaf 1998).

Because we believe there is a bias toward underestimation of the ‘known’ city
populations, we believe that it is very unlikely that our aggregate estimates are
overestimates. If the numbers we used for the percent of population in urban areas
on a national basis are accurate, it is very likely that our global population estimate
of 6.3 billion is reasonable or perhaps even an underestimate. In any case, it is a
sobering thought to contemplate the implications of 400 million more people on the
planet. Our number is suYciently diVerent from the accepted 5.9 billion to have
signi� cant impact on commonly calculated numbers such as global grain production
per capita, per capita availability of freshwater, and per capita consumption of
seafood.
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De� ning the errors in the model is diYcult because the model is sensitive to both
the data it is parametrized with (the known city populations), and the percent of
population in urban areas � gures it uses on a national basis. However, in an ongoing
study with the ‘low-gain’ data we have compared our models of population density
within the USA and derived from the DMSP OLS imagery to a state-of-the-art
global population dataset known as the global demography project. The global
demography project was a joint eVort of Environmental Systems Research Institute
(ESRI), CIESIN and the National Center for Geographic Information and Analysis
(Tobler et al. 1995, Tobler et al. 1997). Our model of population density had better
correlations to the population density grid derived from the 1990 US census than
the global demography project data. DMSP OLS based models outperformed the
global demography project at 1, 5 and 10.4km square scales (e.g. pixel edge length).
Despite the errors in this model it compares well to state-of-the-art representations
of the global human population. Combining models utilizing the non-biased nature
of the global demography project with the � ne spatial resolution information in the
DMSP OLS imagery could provide global representations of human population and
population density of unprecedented quality.

4.2. Future research to improve the model
We hope to explore several means of improving the accuracy of this model’s

population predictions. We also hope to develop the theory that explains the spatial
variation of the area–population relationship. The use of three thresholds as a proxy
measure of the areal extent of the urban clusters is limited and we hope to improve
upon this substantially using the low-gain data product. Incorporation of daytime
global imagery derived from other regions of the spectrum could improve the
accuracy of the measure of an urban cluster’s areal extent. Synthetic Aperture Radar,
AVHRR’s NDVI ‘greenness’ index and Landsat Thematic Mapper (TM) imagery
all show promise for improving the delineation of the urban extent (Harris 1985,
Khorram et al. 1987, Haack and Slonecker 1994, Henderson and Zong-Guo 1998).
In addition we anticipate the low-gain, radiance calibrated, night-time light intensity
global imagery to be a substantial improvement on the percent observation based
data product used in this study (Elvidge et al. 1998). The low-gain product captures
large areas of low intensity diVuse radiation not captured in the stable lights dataset;
consequently such a dataset shows promise for modelling population density in
many rural areas. Also, because the low-gain data are a measure of actual light
intensity, they may prove useful as a proxy for energy consumption and be used to
diVerentiate population estimates of equal area clusters within a country.

4.3. A Census from Heaven?
Historically many eVorts have been made to estimate population and delineate

urban extent via the use of daytime aerial photography and satellite observations
(Clayton and Estes 1980, Forster 1985, El Sadig Ali 1993). These eVorts have been
limited in their success, and have proven diYcult if not impossible to perform at a
global scale. Night-time satellite imagery provides a profound focus on those areas
of the earth where human activity dominates the landscape.

A ‘Census from Heaven’ (Stern 1985) via satellite imagery is no substitute for an
actual enumeration of the population. In fact, the methods described here would be
impossible without the ground data provided by earlier censuses of cities. However,
as the population of the less developed countries grows, and as the income gap
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between the rich and the poor countries of the world also grows, the quality and
availability of census data for a growing proportion of the world’s population will
continue to deteriorate. For example, the most recent census of Guatemala, executed
in 1994, was doubtless the most thorough ever undertaken in that country, and
included hundreds of populated places never previously enumerated. Nevertheless,
the spatial characteristics of these data are rudimentary, especially in the country’s
northern and eastern lowlands (notably in the departments of Peten, Alta Verapaz
and Izabal), which have undergone rapid colonization—and concomitant deforesta-
tion—during the past quarter century. The ‘maps’ supplied to enumerators in these
frontier districts were generally hand drawn and based on anecdotal information,
and as such were often grossly inaccurate. As a consequence, while we have better
information than ever before regarding the size and character of the Guatemalan
population, particularly on the frontier, we still lack a clear sense of where these
people are. Models derived from DMSP OLS imagery may provide some of the best
population distribution information available for many parts of the world in the
decades to come.

Ideally the methods described here will serve as a base map to supplement a
thorough census of the world’s population that included age and sex structure,
fertility rates, and other useful information. The methods described here are suY-
ciently simple to perform globally on an annual basis for a fraction of the cost of
most national censuses. The DMSP satellites have been in orbit since the early 1970s
and archives exist from which historical measures of urban extent could be produced.
Inclusion of night-time satellite imagery into the suite of tools used for national
censuses could improve the mapping and accessibility of global census data. The
raster nature of this model’s output lends itself to inclusion in many environmental
models related to global change.

5. Conclusion
Historically, accurate knowledge of the size, behaviour and spatial distribution

of the human population has been useful for understanding many social and political
processes and phenomena. This knowledge will be necessary for comprehending,
preventing, mitigating and/or adapting to many economic and environmental con-
sequences of global change. Without accurate knowledge of the location, activity
and number of people on the planet the human dimensions of global change cannot
be understood. Most natural resources, including biological diversity, freshwater
stores and cropland, vary dramatically in their availability across the surface of the
earth. The major threat to these resources is human activity, which also varies
dramatically across the surface of the earth. Models derived from night-time satellite
imagery have the potential to dramatically improve our knowledge of the spatial
distribution and intensity of human presence on the surface of the planet. In addition,
the data products derived from night-time satellite imagery provide a novel empirical
de� nition and measurement of ‘urban’ as a land cover classi� cation. This infor-
mation can only improve our ability to respond appropriately to many of the
population-related challenges we currently face.

Acknowledgments
This research was supported in part by the National Center for Geographic

Information and Analysis (NCGIA), the department of Geography at the University
of California at Santa Barbara, an NSF grant (no. CMS-9817761 ‘An Integrated



Estimating the global human population 3075

Modeling Environment for Urban Change Research’), and a NASA Mission to
Planet Earth Global Change Fellowship. All support is gratefully acknowledged. We
would like to thank Drs Michael Goodchild and Waldo Tobler of the UCSB
geography department for helpful comments on the manuscript in its draft stages.
Additional thanks are due to for the comments and suggestions provided by the
reviewers of the paper. We would also like to thank Dr Kent Lethcoe at the United
States Geological Survey for his assistance with the dreaded Interrupted Goode’s
Homolosine Projection.

References

Al-Sahhaf, N., 1998, Population Of Riyadh, Saudi Arabia. Personal communication.
Belward, A. S., 1996, The IGBP-DIS Global 1 km Land Cover Data Set (Discover)—proposal

and implementation plans. IGBP-DIS, Toulouse, France.
Bradburn, N. M., 1993, A census that mirrors America. National Research Council,

Washington, DC.
Brown, L. R., Gardner, G., and Halneil, B., 1998, Beyond Malthus: sixteen dimensions of

the population problem. Worldwatch, Danvers, MA.
Cincotta, R. P., and R. Engleman, 1997, Economics and rapid change. Population Action

International, Washington, DC.
Clark, J., and Rhind, D., 1992, Population data and global environmental changes.

International Social Science Council, Programme on Human Dimensions of Global
Environmental Change, UNESCO, Paris.

Clayton, C., and Estes, J., 1980, Image analysis as a check on census enumeration accuracy.
Photogrammetric Engineering and Remote Sensing, 46, 757–764

Croft, T. A., 1978, Nighttime images of the earth from space. Scienti� c American, 239, 86.
Daily, G., Dasgupta, P. et al., 1998, Food production, population growth, and the environ-

ment. Science 281, 1291–1292.
Dickinson, L. C., Boselly, S. E., and Burgmann, W. W., 1974, Defense meteorological satellite

program user’s guide, Air Weather Service (MAC), US Air Force.
Ehrlich, P., 1993, Food security, population, and environment. Population and Development

Review, 19, 1–32.
El Sadig Ali, A., 1993, Population estimation of city from aerial photographs: Riyadh case.

Journal of Urban Planning and Development, 119, Technical Note no. 2860.
Elvidge, C. D., Baugh, K. E. et al., 1995, Mapping city lights with nighttime data from the

Dmsp Operational Linescan system. Photogrammetric Engineering and Remote Sensing,
63, 727–734.

Elvidge, C., Baugh, K. et al., 1997a, Relationship between satellite observed visible-near
infrared emissions, population, economic activity, and electric power consumption.
International Journal of Remote Sensing, 18, 1373–1379.

Elvidge, C. D., Baugh, K. E. et al., 1997b, Satellite inventory of human settlements using
nocturnal radiation emissions: a contribution for the global toolchest. Global Change
Biology, 3, 387–395.

Elvidge, C. D., Baugh, K. E. et al., 1998, Radiance calibration of DMSP-OLS low-light
imaging data of human settlements. Remote Sensing of Environment, 68, 77–88.

Forster, B. C., 1985, An examination of some problems and solutions in monitoring urban
areas from satellite platforms. International Journal of Remote Sensing, 6, 139–51

Gleick, P. H., 1997, Human population and water: meeting basic needs in the 21st century.
In Population, Environment, and Development, edited by R. K. Pachauri and
L. F. Qureshy (Tata Energy Research Institute: New Delhi, India), pp. 15–34.

Haack, B. N., and Slonecker, T., 1994, Merged spaceborne radar and Thematic Mapper
digital data for locating villages in Sudan. Photogrammetric Engineering and Remote
Sensing, 60, 1253–1257.

Harris, R., 1985, Sir-A imagery of Tunisia and its potential for population estimation.
International Journal of Remote Sensing, 6, 975–978.

Haub, C., and Yanagishita, M., 1997, World population data sheet. Population Reference
Bureau, Washington, DC.

http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/0098-7921^28^2919L.1[aid=1438957]
http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/0143-1161^28^2918L.1373[aid=1438958]
http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/1354-1013^28^293L.387[aid=1438959]
http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/0034-4257^28^2968L.77[aid=1438960]
http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/0143-1161^28^296L.139[aid=655549]
http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/0143-1161^28^296L.975[aid=1438961]
http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/0098-7921^28^2919L.1[aid=1438957]
http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/1354-1013^28^293L.387[aid=1438959]


Estimating the global human population3076

Henderson, F. M., and Zong-Guo, X., 1998, Radar applications in urban analysis, settlement
detection and population estimation. In Manual of Remote Sensing: Principles and
Applications of Imaging Radar, edited by F. M. Henderson and A. J. Lewis (New
York: Wiley).

Homer-Dixon, T., 1995, The ingenuity gap. Population and Development Review, 21, 587–612.
Imhoff, M. L., Lawrence, W. T. et al., 1997, A technique for using composite DMSP/OLS

city lights satellite data to map urban area. Remote Sensing of Environment, 61, 361–370.
Khorram, S., Brokhaus, A. J. et al., 1987, Comparison of Landsat MSS and TM data for

urban land-use classi� cation. IEEE T ransactions on Geoscience and Remote Sensing
GE-25, 238–243.

Loveland, T., 1997, DMSP OLS imagery to be used for urban land cover classi� cation.
Personal communication.

Loveland, T., Merchant, J. et al., 1991, Development of a land-cover characteristicsdatabase
for the conterminous US. Photogrammetric Engineering and Remote Sensing, 57,
1453–1463.

Meij, H., 1995, Integrated datasets for the USA. Consortium for International Earth Science
Information Network.

Meyerson, F. A. B., 1997, Population development, and global warming: the international
institutional challenges ahead. In Population, Environment, and Development, edited by
R. K. Pachauri and L. F. Qureshy (New Delhi, India: Tata Energy Research Institute).

Nordbeck, S., 1965, The law of allometric growth. Michigan Inter-University Community of
Mathematical Geographers Paper 7.

Paez, A., 1997, The cost of the US census. Personal communication.
Rubenstein, J. M., 1999, Urban Patterns. An Introduction to Human Geography (Upper Saddle

River, NJ: Prentice Hall).
Shupe, J. F., Hunsiker, M. B. et al. (eds), 1995, National Geographic Atlas Of T he World.

(Washington, DC: National Geographic Society).
Steffey, D. L., Bradburn, N. M. et al., 1994, Counting people in the information age. National

Research Council, Washington, DC.
Steinwand, D. R., 1994, Mapping raster imagery to the Interrupted Goode Homolosine

Projection. International Journal of Remote Sensing, 15, 3463–3471.
Stern, M., 1985, Census from Heaven? (Lund, Sweden: Wallin & Dalholm Boktryckeri).
Stewart, J., and Warntz, W., 1958, Physics of population distribution. Journal of Regional

Science, 1, 99–123.
Sutton, P., 1997, Modeling population density with nighttime satellite imagery and GIS.

Computers, Environment, and Urban Systems, 21, 227–244.
Sutton, P., Roberts, D. et al., 1997, A comparison of nighttime satellite imagery and popula-

tion density for the continentalUnited States. PhotogrammetricEngineeringand Remote
Sensing, 63, 1303–1313.

The Trust For Public Lands, 1997, Protecting the source: land conservation and the future
of America’s drinking water. Trust For Public Lands, San Francisco.

The World Bank, 1997, World Development Indicators. CD ROM, The World Bank,
Washington, DC.

Tobler, W., 1969, Satellite con� rmation of settlement size coeYcients. Area, 1, 30–34.
Tobler, W., 1975, City sizes, morphology, and interaction. International Institute For Applied

Systems Analysis, Laxenburg, Austria.
Tobler, W. R., Deichmann, U., Gottsegen, J., and Malloy, K., 1995,The global demography

project. National Center for Geographic Information and Analysis UCSB.
Tobler, W., Deichemann, U. et al., 1997, World population in a grid of spherical

quadrilaterals. International Journal of Population Geography, 3, 203–225.
United Nations, 1992, Statistical Yearbook (Geneva: United Nations).
Welch, R., 1980, Monitoring urban population and energy utilization patterns from satellite

data. Remote Sensing of Environment, 9, 1–9.
Welch, R., and Zupko, S., 1980, Urbanized area energy utilization patterns from DMSP data.

Photogrammetric Engineering and Remote Sensing, 46, 1107–1121.
Wilson, E. O., 1992, T he Diversity of L ife (London: Penguin).

http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/0098-7921^28^2921L.587[aid=1438962]
http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/0034-4257^28^2961L.361[aid=653459]
http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/0143-1161^28^2915L.3463[aid=652653]
http://www.ingentaselect.com/rpsv/cgi-bin/linker?ext=a&reqidx=/1077-3495^28^293L.203[aid=1438966]

