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Abstract

Nighttime lights are always fascinating to study. Even without previous knowledge

it is possible to define countries with high development level, as well easily find city

extends, human settlements, roads, borders, gas flares and wildfires. Nowadays high

technologies make it possible to estimate economic activity, social and environmental

issues and population distribution. Estimation of population from nighttime lights

data is cost efficient and time-wise. Therefore population can be estimated not only

for statistics, but also in emergency case.

The goal of this master’s thesis is derivation the distribution of population from

nighttime lights data at resolutions of below 1 km.

A power law approach is used to derive an equation population distribution of each

country by two methods. The first method is done by using nighttime intensity

data; the second method is done by using nighttime light density data. Classifica-

tion of the administrative units by nighttime light density in a range from 2 to 100

nW/(cm2·sr)/km2 are applied for both methods.

During experiments it is proved that a power regression has more accurate estima-

tion of population distribution than other types. Distribution of population is more

accurate when using population density versus nighttime light density than popu-

lation versus nighttime intensity relationship. The best result gives the method by

light density.

Last step of the thesis is the creation of population density maps for countries with

best results. For this purpose grids of each country are calculated, which contains

population per pixel calculated using both methods.

The results make evident that the second method is much better, because the

method is valid for all countries, and has higher accuracy than the first method.

Cross validation and population density maps demonstrate that all goals are achieved.
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Chapter 1

Introduction

From the gallery of nighttime light images shown in the chapter, it is evident that

nighttime lights make it possible to gather significant information about our Earth.

For this reason finding a relationship of nighttime lights to population and deriving

a method to distribute population using nighttime lights data are chosen as topic

for this work.

1.1 Background

Earth at night is inspiring for everybody, especially with next generation satel-

lite systems of the U.S. like the Suomi NPP (National Polar-orbiting Partnership).

Fig. 1.1 shows a public domain imagery of the Earth at night.

Figure 1.1: Image of the Earth at night. Source: NOAA/NGDC.
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The composite was assembled from data acquired by the Suomi NPP satellite more

than one week in April 2012 and around two weeks in October 2012.

More than one decade NASA (National Aeronautics and Space Administration)

worked on a sequence of satellites that present incomparable images of our planet.

These satellites recognized as NASA’s Earth Observing System (EOS) gave impres-

sive observations to many fields of Earth, which have never seen before, as data

about natural disasters, like fires, floods and droughts; temperature changes in at-

mosphere, on the water surface and on the land; and destroying or changing of

vegetation on the Earth [EOS, 2012].

If population can be estimated using nighttime lights at sub-national level or even

down to kilometers or a few 100 meters, it could be possible to predict the amount

of population not only for statistics, but also to estimate the amount of people af-

fected in an emergency case or disaster. For example, in fig. 1.2a Munich city center,

Isar river and the nearby located international airport can be easily detected. It is

distinguishable since the city center is quite bright, a darker line is Isar river and as

a very bright spot in North-East of Munich the international airport (fig. 1.2b).

(a) (b)

Figure 1.2: City of Munich, Bavaria, Germany. (a) Nighttime lights. Source: NOAA/NGDC;

(b) Overview in OpenStreetMap (MapQuest Open)

For sure nobody is living in the airport, and during estimation population could be

overestimated. However still it can be estimated the people working there and who

is going to travel, to meet or see off somebody, and probably rescale the results. In
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case of emergency in future, these data could be reliable and population could be

estimated with high accuracy for statistics.

Fig. 1.3 is an example of nighttime lights’ usefulness for a transportation system. On

the nighttime image in fig. 1.3a clear connections can be seen (fig. 1.3b), i.e. to find

out which cities are better connected. The second reason is highways in Belgium

are well lit. It also might help in case of emergency to define an affected area of

highway.

(a) (b)

Figure 1.3: Northern Belgium. (a) Nighttime lights. Source: NOAA/NGDC; (b) Overview in

OpenStreetMap (Transportation map)

With the help of nighttime lights it is also possible to detect gas flares worldwide.

In fig. 1.4a gas flares in the southern east part of Iraq around Basra are shown, and

in fig. 1.4b gas flares in southern Nigeria. All gas flares have negative effects on

human health and environment [Ajugwo, 2013]. In order to get rid of excess gas

in oil fields the gas is just burned, because it is the cheapest way. In fig. 1.4a the

small circles making two vertical lines of gas flares are visible, which are part of the

Zubair oil fields in southern Iraq. The area and nighttime lights intensity depend

on the amount of gas being burned off [EOS, 2012].

According to an estimation based on satellite data [NOAA, 2012], around 140 billion

cubic meters of gas were flared all around the world in 2011. Five countries that

flared the most gas were Russia, Nigeria, Iran, Iraq, and the U.S.[EOS, 2012].

Fig. 1.4b demonstrates as well nighttime lights in Nigeria that are not well spread
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(a) (b)

Figure 1.4: Nighttime lights of gas flares. Source: NOAA/NGDC. (a) Nighttime lights in

Southern Iraq; (b) Nighttime lights in Southern Nigeria

around the cities and roads between them. Only 50 percent of whole population in

Nigeria has access to electricity [USEIA, 2013]. This can be seen even on nighttime

lights dataset.

Next outstanding example is showing the development level of countries. In fig. 1.5

this difference of North Korea and South Korea can be easily witnessed. Lights at

night normally indicates people activities and habitation, however not in case of

North Korea. In contradiction from daylight images, city lights captured at night-

Figure 1.5: Nighttime lights of North and South Korea. Source: NOAA/NGDC.
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time demonstrate the relative economic importance of cities, measured by their

extend. For instance, population of South Korea is around 50 million people [CIA,

2013] and abounded with lights, and population of North Korea is about 25 million

[CIA, 2013], but there is illuminated only its capital, Pyongyang. The light emission

from Pyongyang is equivalent to the smaller towns in South Korea [EOS, 2012].

Nighttime lights make it possible to define clearly a national border in this case,

which is showing us an actual border lying between countries.

Fig. 1.6a shows the southern part of the Korean Peninsula, part of Japan, the Yellow

Sea, and the Sea of Japan, also known as the East Sea. The yellow box zoomed in

fig. 1.6b demonstrates the lights of fishing boats in the Yellow Sea, and many of the

boats lining up as if marking a watery boundary between nations [EOS, 2012].

(a) (b)

Figure 1.6: Nighttime lights of fishing boats in the Yellow Sea and Sea of Japan. Source:

NOAA/NGDC. (a) Fishing boats in Sea of Japan and Yellow Sea; (b) Lights of fishing boats

at national border

Fig. 1.7 demonstrates one more example of a national border. In 2003 the Indian

government decided to install floodlights along the border (fig. 1.7a) with Pakistan,

in order to demoralize smuggling and arm trafficking [Parsons, 2011]. The border

can be seen clearly in a photo taken from space (fig. 1.7b) and in the VIIRS (Visible

Infrared Imaging Radiometer Suite) DNB (Day Night Band) 1 dataset (fig. 1.7c).

1VIIRS DNB is explained in section 2.2 on page 13.
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(a) (b)

(c)

Figure 1.7: Floodlit border between India and Pakistan; (a) A photo of a floodlit border built

be the Indian government. Source: www.dailymail.co.uk; (b) A photo of northern India and

northern Pakistan (acquired on August 21, 2011 by NASA); (c) Border between India and

Pakistan at night. Source: NOAA/NGDC.

One more example of observing our Earth are nighttime lights showing population

distribution. Fig. 1.8a shows a population density map of Egypt, almost the same

can be seen on nighttime lights image in fig 1.8b. The majority of population in

Egypt is located along the Nile river, and the brightest spot is Cairo. But according

to NASA [NASA, 2012b] without lights land and water appear evenly black. It could

be that the data were acquired near the time of the new moon, and little moonlight

was available to brighten land and water surfaces.
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(a) (b)

Figure 1.8: Egypt. (a) Population density map (2000). Source: SEDAC; (b) Nighttime lights.

Source: NOAA/NGDC.

1.2 Problem definition

The topic of this thesis is chosen mainly because it is a fascinated subject and a

totally different way of retrieving information from satellite imagery, and that it

is possible to follow on human activities on the Earth at nighttime imagery better

than at daytime.

Most researches on population estimation and distribution were done on defining

the correlation coefficients, but not deriving a universal equation, even from an

earlier nighttime light data. The reason could be that spatial resolution of DMSP

(Defense Meteorological Satellite Program) is low for accurate estimation of popu-

lation. Other disadvantages DMSP has mentioned in section 2.2 on page 13.

In this research VIIRS DNB cloud free monthly composites of January 2013 are

used, provided by the NOAA National Geophysical Data Center (NGDC). It is cho-

sen not only because it is the newest data, but also because the imagery are improved

comparing to the earlier ones [NOAA/NGDC, 2013].

The problem of this study is to find the best method to estimate population, be-

cause administrative units do not always have the same nighttime light intensity.

Another problem is the noise in imagery, such as gas flares, wildfires, auroras. For

these reasons some countries have been omitted from the analysis.
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1.3 Objective

The main goal of this study is to derive the population distribution at resolution of

below 1 km using nighttime light data. It has two sub-goals, which are finding best

method to estimate population; and visualize estimated population density. For

these purposes, the relationship of nighttime light data and population needs to be

analysed.

It is clear from in the beginning of this study that there is a positive relationship

between population and nighttime light intensity, as well as between population

density and nighttime light density. As an example, it can be seen in fig. 1.9 how

the lower light density values represent well the lower population density values.

(a) Map of population density (b) Map of nighttime lights density

Figure 1.9: Density map of population density and nighttime lights density of Germany. Source:

Nighttime lights - NOAA/NGDC; Population - Eurostat, 2013; Created using ArcGIS 10.2, used

natural breaks classification, corrected manually; Projected Coordinate System: Mercator

First, imagery are prepared for analyses using XDibias by NumPy calculations.

Second, all analyses are done in the MS Excel. Third, derived equations are cross

validated by calculating relative errors of provinces or districts level. Last step is

applying the methods to nighttime light imagery.
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1.4 Outline of the thesis

The thesis is divided in eight main chapters. In chapter 1 purpose and motivation,

problem definition and research questions are introduced. More detailed information

about the data used for this research purpose and applications used to process

nighttime lights datasets can be found in chapter 2. Chapter 3 discusses existing

works, but not only researches on a new technology as VIIRS, but mostly older as

DMSP data, counted as a base of nighttime lights. Next chapter 4 describes work-

flows of two main methods proposed. Chapter 5 consists of experiments, which

are done to achieve the results. The final results of each group of countries, light

density and area are presented in chapter 6. Chapter 7 comprises discussion, issues

and problems of this study. Last chapter 8 discusses the final conclusion and outlook.

Suggestions for further researches to enhance the result are given as well.

Appendix contains of two parts, the first part includes command-lines in NumPy2

used for basic operations such as masking countries or provinces, then applying

them on nighttime lights data and calculations to sum up the values of pixels of

the analysed grid area. The second part is on a CD, which contains statistics of

population, calculated nighttime intensity, population estimation and relative errors

of population applying both methods, shapefiles and grids.

2Fundamental package for scientific computing in Python
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Chapter 2

Data description

In this chapter the SuomiNPP satellite (fig 2.1) and its instruments, along with data

used for this study are described. Table 2.1 has a summary of all data used for this

thesis.

In this research VIIRS DNB cloud free monthly composite is provided by the NOAA

NGDC as nighttime lights data were used. These imagies are processed using

the image processing system XDibias. The shapefiles for countries and provinces

borders were provided by ESRI and taken from other open data sources like nat-

uralearthdata.com. The statistical data as population amount and country area

were extracted from the CIA-Factbook at national level, and from official statisti-

cal authorities of each country for sub-national level. Statistics for some European

countries were provided by Eurostat.

2.1 Suomi NPP

During more than one decade NASA launches a series of satellites that offer an

unparalleled view of Earth from space. That series, known collectively as NASA’s

EOS, have provided striking new insights into many aspects of Earth, including its

clouds, oceans, vegetation, ice, and atmosphere.

The Suomi NPP (fig. 2.1) gathers and provides remotely-sensed Earth surface, water,

and atmospheric data to the meteorological and global climate change institutions

which are responsible for these data transitions from existing Earth-observing mis-

sions such as Aqua, Terra and Aura, to the NPOESS1. It supplies temperatures

and properties of atmosphere and sea surface, humidity sounding, land and ocean

1National Polar-orbiting Operational Environmental Satellite System
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Figure 2.1: NASA’s NPP satellite launch on October 28, 2011 at Vandenberg Air Force Base,

California. Photo credit: Ben Cooper/Spaceflight.

biological fertility [NASA, 2012a].

As it is clear from the above description that the satellite has wide range of explo-

ration and is able to provide very detailed data.

The Suomi NPP satellite consists of five instruments (fig. 2.2) [CIMSS, 2012], which

are ATMS, VIIRS, CrIS, OMPS and CERES.

Figure 2.2: Suomi NPP satellite diagram. Source: CIMSSa.

aCooperative Institute for Meteorological Satellite Studies
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These five instruments are shortly described in the following:

• The Ozone Mapping and Profiler Suite (OMPS) observes properties of ozone

to record the condition of the ozone layer.

• The Clouds and the Earths Radiant Energy System (CERES) measures the

amount of energy entering and leaving the atmosphere.

• The Advanced Technology Microwave Sounder (ATMS), provides data for

weather forecast and climate observing.

• The Cross-track Infrared Sounder (CrIS), a spectrometer, that monitors tem-

perature, pressure and moisture to improve short- and long-term weather fore-

casting.

• VIIRS (fig. 2.3) [JPSS, 2012] compiles visible and infrared imagery of the

ground, ice cover, atmosphere and oceans. VIIRS observes temperature of

land surface, sea, and detects fires, smoke and atmospheric aerosols to enhance

knowledge of climate change.

Figure 2.3: VIIRS instrument. Source: JPSSa.

aJoint Polar Satellite System

Far from human settlements Suomi NPP detects wildfire, gas flares, lighting, oil

drilling, or mining operations. Detected fires and lighting were also included into

the composite image, even if they were temporary. For example in case of Australia,

wildfires occurred at different time and places, but when you see the composite im-

age it seems that whole central and northern parts were in fire at once (fig. 2.4).
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Figure 2.4: This image of Asia and Australia at night. Source: NOAA/NGDC

The image of Asia and Australia at night is a composite assembled from data ac-

quired by the Suomi NPP satellite in April and October 2012.

2.2 VIIRS DNB

The VIIRS DNB has advantages of compared to previous nighttime lights data from

DMSP, which observes meteorological, oceanographic, and solar-terrestrial physics

in the United States Department of Defense. The program is managed by the Air

Force Space Command with on-orbit operations provided by the NOAA. The mission

of the satellites was launched in March 1973.

For following reasons VIIRS DNB are chosen as study data: The main reason is that

VIIRS has improved spatial resolution, DMSP has 5 km2 footprint, while VIIRS

DNB has 745 m2. Quantization is 6 bit for DMSP, 14 bit for VIIRS. Due to limited

dynamic range, DMSP data saturate on bright lights in operational data collections.

VIIRS is well calibrated, while the DMSP visible band has no inflight calibration.

[Elvidge et al., 2013].
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In this study as nighttime lights VIIRS DNB cloud free composites were used. It is

able to detect light from green to near-infrared and uses filtering means to monitor

blurred signs like gas flares, auroras, wildfires, city lights, and reflected moonlight.

Monthly composite of nighttime light VIIRS data is open public domain imagery

maintained by the Earth Observation Group, NOAA NGDC. While the research has

been done the latest composite was acquired in January 2013.

The composite was created using DNB of the VIIRS at zero moonlight. Clouds

were detected by using the VIIRS M15 thermal band. Original radiance values

were multiplied by a billion and therefore the units of the data are nW/(cm2·sr)

[NOAA/NGDC, 2013] The product has not been filtered to remove light detection

associated with fires, gas flares, volcanoes or aurora. For that reason Northern

countries, like Canada, Russia, Norway, Sweden and others with auroras, because of

wildfires Australia, and oil producing countries, like Iraq, Nigeria, Saudi Arabia have

not been taken into account while analysing the data. The background noise has

not been subtracted. The bright spots are visible, where dried lakes are located or

mountains covered by snow, which the DMSP is not able to detect [NOAA/NGDC,

2013].

2.3 XDibias

In this thesis XDibias (fig. 2.5) is used for processing nighttime light data and

IDibias (fig. 2.6), which is an interface of XDibias is used to visualize the data. Basic

operations such as masking countries or provinces, then applying them on nighttime

lights data and calculations to sum up the values of bands are used NumPy.

The image processing system XDibias, running on Linux platforms, was developed

by the Remote Sensing Technology Institute (IMF2) at German Aerospace Center

(DLR3). This image processor is the fourth generation of a generic tool that is

used as an image processor development platform and for assessing remote sensing

data. It includes a huge variety of operations which easy to use photogrammetric

evaluation, surface classification, traffic monitoring and much more other operations.

Uniform interfaces and libraries make it feasible for flexible and fast development of

new algorithms. From the user’s point of view XDibias offers tools embedded in a

2Institut für Methodik der Fernerkundung
3Deutsches Zentrum für Luft- und Raumfahrt
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graphical user interface for basic operations [Triendl, 1982].

(a) Interface (b) Image Processing Modules

Figure 2.5: XDibias.

Figure 2.6: XDibias image viewer IDibias interface.
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2.4 Statistical data

Statistical data, such as population and area, were used in this study to find re-

lationships between population and nighttime lights, to derive the equations and

to cross validate the results with actual data. The data for European countries

were downloaded from Eurostat website, which is a statistical office of the Euro-

pean Union countries. However Mecklenburg-Vorpommern Land is not mentioned

in the statistics, so the data were downloaded from Statistisches Amt Mecklenburg-

Vorpommern. NUTS (Nomenclature of Units for Territorial Statistics) 2 and 3 are

used for analysing European countries, which are a geocode standard for referenc-

ing the subdivisions of European union countries for statistical purposes [Eurostat,

2013]. For the other countries official statistics authorities’ websites were used for

sub-national level such as South Africa, Nepal and Mexico. Statistical data from the

CIA World Factbook [CIA, 2013] were used at national level. HDI (Human Devel-

opment Index) values are from the Human Development Report, which is published

each year by the United Nations Development Programme. Open source shape-

files with the borders were downloaded from www.diva-gis.org [diva gis, 2013] and

www.naturalearthdata.com [naturalearthdata, 2013]. Gridded Population of the

World (GPW) used in this study consists of population estimation for the year 2000

by 2.5 arc-minute grid cells [SEDAC, 2000]. GPW was used to compare population

density maps created in this study to visualize the results.

All data used for this study are summed-up in table 2.1.
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Dataset Description Source Date

VIIRS Nighttime lights EOG, NOAA NGDC
Jan

2013

Shapefile Border at national level ESRI 2008

Shapefile
Border at sub-national level,

mostly NUTS 1 and 2
www.naturalearthdata.com 2013

Shapefile
Border at sub-national level,

mostly NUTS 3
www.diva-gis.org 2013

Grid Population Count Grid, v1 SEDAC 2000

HDI Human Development Index Human Development Report 2012

Statistics
Population and area of all

countries
CIA Factbook 2013

Statistics Population and area of Europe Eurostat 2013

Statistics
Population and area of

Mecklenburg-Vorpommern

Statistisches Amt

Mecklenburg-Vorpommern
2010

Statistics
Population and area of South

Africa
Statistics South Africa 2011

Statistics Population and area of Morocco
Haut Commissariat au Plan, Royaume

du Maroc
2010

Statistics Population and area of Mexico
Instituto Nacional de Estadstica

Geografa e Informtica
2014

Statistics
Population and area of

Afghanistan
Central Statistics Office Afghanistan 2012

Statistics
Population and area of North

Korea
Central Bureau of Statistics 2008

Statistics
Population and area of South

Korea

National Statistical Office of the

Republic of Korea
2010

Table 2.1: Data used for the research
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Chapter 3

Existing work

More than three decades observing lights during night time brings a great amount

of data about the Earth and therefore big variety of researches done on this. The

range is very wide, covers economical activities, demography, energy consumption

and environmental issues. In this chapter the studies done by using nighttime lights

datasets in general is discussed. VIIRS datasets are quite new, and not so many

researches have been done. At the moment DMSP is considered as a base of night-

time lights as a proxy for different kind of activities. The main idea is the same,

but new VIIRS data has much better quality [Elvidge et al., 2013].

3.1 Work done in different areas

A lot of researches were done on defining economic activities, because one of the

most obvious facts is that there is a strong relation between nighttime light intensity

and countries prosperity. Mostly researchers take into account the GDP (Gross Do-

mestic Product) to find out correlation with nighttime lights. Doll [Doll et al., 2006]

experimented on 11 European countries (NUTS from level 1 to 3) and the USA at

different scales with DMSP radiance calibrated nighttime lights dataset. The result

shows a strong positive correlation (R2) between 0.75 and 0.99.

Sutton in his study [Sutton et al., 2007] estimated GDP using nighttime lights and

urban population of some countries, such as China, India, Turkey and the United

States. The result shows quite high relationship between nighttime lights and GDP,

where R2=0.74. Some other studies were done for Mexico [Ghosh et al., 2009],

China [Zhao et al., 2011], India [Bhandari and Roychowdhury] using DMSP night-

time lights dataset.
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Ghosh estimated economic activity [Ghosh et al., 2010] in China, India, Mexico,

and the USA at sub-national level, and countries at national level using GSP (Gross

State Product) and GDP indicating formal and informal economic activities. The

authors believe that the estimation of GSP and GDP from the nighttime lights could

be in future an independent proxy to measure economic activity.

One very interesting study [Henderson et al., 2012] was done by Henderson, who

was using the DMSP nighttime lights dataset from 1992 to 2005 time range for de-

veloping countries, which can not provide reliable data for economic activities. He

is mentioning that nighttime lights are a useful proxy for estimation of economic

activities for places where data are unavailable or have poor quality. He estimated

GDP growth using nighttime lights per area at national and sub-national scale.

Higher light intensity could show more artificial lights usage, therefore higher con-

sumption of energy. An in earlier study [Elvidge et al., 1997] Elvidge discusses

visible-near infrared emissions, population economic activity and electric power

consumption for 21 countries. He got a very high log-log correlation as R2=0.96

(fig. 3.1a) for energy consumption, as well for GDP R2=0.97 (fig. 3.1b) and for pop-

ulation R2=0.85 (fig. 3.1c).

(a) (b) (c)

Figure 3.1: Log-log plots of 21 countries, source: [Elvidge et al., 1997]. (a) Area lit versus

1994 estimated electric power consumption (GWh), (b) Area lit versus 1994 GDP estimates,

(c) Area lit versus 1995 population estimates

Other studies were done on energy consumption for Japan, China, India and 10

other Asian countries [Letu et al., 2010], Brazilian Amazonia [Amaral et al., 2005]

and India [Chand et al.].
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Some studies were done on defining boundaries of urban areas and how they are

growing. The United Nations (Department of Economic and Social Affairs, Popu-

lation Division) states that half of the total population in the world lives in urban

areas, and it is supposed to increase. Therefore it is important to define urban ex-

tent and see how cities are growing.

One of the recent studies [Zhou et al., 2014] done by Zhou shows that the method

consists of five steps: preprocessing, segmentation, logistic model development,

threshold estimation, and urban extent delineation. The authors claim that this

method is fast and cheap.

Liu studied the DMSP dataset from 1992 to 2008 time lapse by the second-order re-

gression and optimal threshold method to define urban expansion in China with the

overall accuracy of 82.74 percent [Liu et al., 2012] . In fig. 3.2 below the dynamics

of urban expansion in China from 1992 to 2008 is shown.

Figure 3.2: The dynamics of urban expansion in China from 1992 to 2008. Source: [Liu et al.,

2012]

Also with help of nighttime lights it is possible to define the development level

of a country. Elvidge shows in his study [Elvidge et al., 2012] that authors created
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a Night Light Development Index (NLDI) derived from nighttime light imagery and

population density by calculating Gini coefficients, which represent the income dis-

tribution of a nation’s residents and is the most widely used measure of inequality.

(fig. 3.3 and 3.4).

Figure 3.3: Map of a subnational NLDI. Source: [Elvidge et al., 2012]

Figure 3.4: NLDI values produced on a 0.25 degree spatial grid. Source: [Elvidge et al., 2012]

The following study [Elvidge et al., 2009] made a world poverty map using a poverty

index derived from nighttime lights intensity and population grid (LandScan), which

includes topography and settlements boundaries. The estimation of poverty was cal-

ibrated using data from the World Development Indicators (WDI), and the result

was quite good, but a bit underestimated. The estimation was 2.2 billion instead of

actual 2.6 billion people, living less than 2 USD per day.
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3.2 Work done on population estimation and distribution

There is done a lot on estimation and distribution of population. One of the first

studies [Welch, 1980] shows a very high positive relationship (0.82) of nighttime

lights with population of China, and R2=0.80 for the energy consumption of the

USA. A lot of complicated methods to find and prove the relationship of nighttime

lights and different activities, which are discussed in this chapter, were done on basis

of this study.

Pozzi in her study [Pozzi et al., 2002] used GPW and DMSP data to compare popu-

lation density to nighttime lights, the result shows a very high relationship between

these two datasets, and analysis shows that countries with high population density

and coarse administrative units have population distributed clearly and in more de-

tail than in original GPW.

In study of estimation of the urban population in Brazil [Amaral et al., 2005] night-

time lights imagery for the years 1994-1995, 1999 and 2002 were used. Fires were

removed in a semi-automated way from the imagery. The result shows a correlation

coefficient R2 higher than 0.8 using linear regression.

The authors in one of the studies [Doll and Pachauri, 2010] on estimation popula-

tion in developing countries, which have limited or no access to electricity, used the

Global Rural-Urban Mapping Project (GRUMP) and GPW, and the World Energy

Outlook. In this study places, where nighttime lights were not detected, has low

population density and people mostly using electricity at home, because the tech-

nology is not good enough to detect lights from indoor usage. So even if some places

are dense enough and have access to electricity, it is difficult to track them.

As a conclusion for existing work, most studies researchers find a strong relationship

between nighttime lights and different types of statistical data. Definitely it can be

concluded that nighttime lights are defined as a proxy for describing economical

situation, development level, population and poverty.

At this point the present work ties in: population distribution estimated from night-

time lights data. The contribution of this work to nighttime lights studies is to derive

an equation to estimate population of a country using power law, then to cross val-

idate estimated population with counties or provinces and to apply it to nighttime

light grid to obtain population distribution per pixel below 1km.
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Chapter 4

Methods

This chapter consists of three main sections: first is identifying the best regression

type for population estimation (section 4.1) by comparing their correlation coeffi-

cients (R2), and next two sections are about two developed methods of population

distribution from nighttime lights data.

The first method’s main idea (section 4.2) is using a general power regression to de-

rive a universal equation for population distribution from nighttime light intensity.

The second method’s main idea (section 4.3) is deriving a factor and an exponent

from power regression using light density.

These two methods are relevant for the thesis, because the equations derived from

the methods make it possible to calculate population pixel and apply them to create

a population density map.

4.1 Comparing regression type for relationship of popula-

tion to nighttime lights intensity

A general work-flow to compare different regression types for purpose of population

estimation is shown in fig. 4.1. The VIIRS DNB dataset of the whole world consist

of 6 tiles, each of them in the range of 1 GB to 1.7 GB (fig. 4.2). So in advance some

countries, which had been analysed, are masked applying their country borders in

shapefile to nighttime lights the VIIRS DNB dataset for further analyses. Nighttime

lights of the provinces are extracted by masking the provinces using shapefiles of

the provinces and applying a mask to the nighttime lights of a country afterwards.

For masking countries or provinces and for applying a mask of a country to a night-
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Figure 4.1: Work-flow to compare different regression types for population estimation
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Figure 4.2: VIIRS DNB monthly composite grid of Tile 2. Source: NOAA/NGDC.

time light image are used XDibias by scripting in NumPy. Each province’s nighttime

light is calculated by summing up the values.

Then the provinces are classified by nighttime light density. Therefore, the nighttime

light density λ is defined as:

λ = L/A (4.1)

where,

λ - nighttime light density, nano Watts/(cm2·sr·km2),

L - nighttime light intensity, nano Watts/(cm2·sr),

A - area of an administrative unit, km2

Population and nighttime light intensity of each province are plotted on a scat-

ter plot to define best regression type by higher correlation coefficient (R2) for each

class. Four standard regression types (fig. 5.4 on page 36) are compared, which

are linear, logarithmic, exponential and power regressions. The best result had the

power regression with the highest positive correlation coefficient for relationship be-

tween population and nighttime lights. While other regression types’ correlation

coefficient are always lower than power law (table 5.2 on page 37).
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4.2 Deriving distribution of population using nighttime light

intensity

As shown in the work-flow (fig. 4.3) nighttime lights dataset is masked using shape-

files of a country or a province (labelled in the flow-chart as “unit”) border in

XDibias. Then the mask applied to nighttime lights dataset to get nighttime lights

by using NumPy calculations. Afterwards the nighttime light values are summed

up for each administrative unit. Then the administrative units are grouped by their

Figure 4.3: Work-flow to derive distribution of population from nighttime lights.
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nighttime light density by equation 4.1 and then by the amount of provinces. The

amount of the administrative units should be enough for statistical analysis, so each

group had in average 50 units. For each nighttime light density group is built a log-

log scatter plot using relationship between nighttime light intensity and population

of an administrative unit from the statistical data.

Since the most suitable regression type is defined the power law by the previous

analysis (section 4.1) its local parameters such as a factor along with an exponent

from each group are derived by power law regression of the data. Then another log-

log scatter plot is built using average nighttime light density of each group versus

the retrieved factor values, and the same is done with the exponent values (fig. 5.8

on page 40).

Then using a second power regression we derived an universal factor and exponent,

which can be used to estimate population distribution as below equations. Equation

4.2 is the final equation:

Pe = (1351.6 · λ−0.49) · L0.518·λ0.0956 (4.2)

where,

Pe - estimated population,

λ - nighttime lights density, nano Watts/(cm2·sr·km2),

L - nighttime light intensity, nano Watts/(cm2·sr).

The final equation 4.2 is derived using the following equations:

Pe = f · Le (4.3)

f = f(a) · λe(a) (4.4)

e = f(b) · λe(b) (4.5)

where,

f - factor,

f(a) - factor to calculate f ,

e(a) - exponent to calculate f ,

e - exponent,

f(b) - factor to calculate e,

e(b) - exponent to calculate e
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The last two steps of the work-flow (fig. 4.3) are population estimation by equa-

tion 4.2 and creating a density map using XDibias to process the grid and ArcGIS

for making a map. A selection of these maps can be found in chapter 6 on page 42.

4.3 Deriving distribution of population from nighttime light

densities

While comparing different relationships, it is found out that the relationship between

population density versus nighttime light density correlates better than population

versus nighttime light intensity as shown on the scatter plots in fig. 4.4.

(a) Population versus nighttime light intensity

(b) Population density versus nighttime light density

Figure 4.4: Scatter plots of Germany population versus nighttime lights (NUTS3).
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As shown in the work-flow (fig. 4.5) and as it is done for the first method using

nighttime light intensity, a country is masked from nighttime lights image using

shapefiles of a country.

Figure 4.5: Work-flow to derive the population from nighttime light density

Then the same is done with provinces, labelled in the workflow as “unit”. They are

classified by light density of each province by equation 4.1. Afterwards the units are

grouped by nighttime light density within the range 0 to 100 nW/(cm2·sr·km2). In

most cases countries have too few administrative units luminosity brighter than 100

nW/(cm2·sr·km2) (fig. 4.6), which is not enough to do statistical calculations.
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Figure 4.6: Distribution of population versus nighttime light density of Germany, France and

Italy. (Source: Nighttime lights - EOG, NOAA NGDC; Population - Eurostat)

After all experiments and analysing the data and their relationship, using local pa-

rameters such as factor and exponent an equation was derived to estimate population

as below:

Pe = f · λe · A · be (4.6)

where,

Pe - estimated population of an administrative unit,

A - area of an administrative unit,

f - factor,

e - exponent

b - scaling factor, which defined as:

b =

∑
µc∑
µde

(4.7)

where,∑
µc - sum of actual population of a country per sum of nighttime light intensity

of a country,∑
µde - sum of actual population of Germany per sum of nighttime light intensity

of Germany
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µ of an analysed country and Germany are defined as:

µc =
Pc
Lc

(4.8)

µde =
Pde
Lde

(4.9)

where,

Pc - actual population from official statistical authorities of a country,

Lc - nighttime light intensity of a country,

Pde - actual population of Germany from the Eurostat,

Lde - nighttime light intensity of Germany

Germany data are used as a reference to scale and normalise population and night-

time light intensity, since it has a good proportion of population and nighttime light

intensity.

f and e are derived from all estimated countries as an average value, which is valid

for all countries, and equals 17 and 1.03 respectively.

Based on this equation the last steps of the work-flow (fig. 4.5) are done. Population

is estimated by derived equation 4.6 and density maps are created using XDibias to

process the grid and ArcGIS for making a map. As mentioned before, examples of

these maps can be found in section 6.2 on page 44.

Details of the above described methods can be found in next chapter 5.
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Chapter 5

Experiments

This chapter discusses the experiments, which are done to derive the methods, their

equations and parameters.

Section 5.1 consists of first steps towards the final methods. The data are at national

level to see what is the relationship between population and nighttime light, and if

some other data correlate with nighttime lights. Section 5.2 includes experiments

done for comparing the regression types. In addition, how power regression is chosen

as the best one. Section 5.3 consists of two methods of deriving both methods for

population estimation.

5.1 Data calibration

In the beginning of this study 24 countries are chosen (table 5.1), but while working

on the data and analysing them some of them are dropped. Plotting countries shows

that for high developed countries population and nighttime lights correlates better

than in less developed countries.

Nigeria is an outlier, because it has extremely high population and very small amount

of nighttime lights. If we take into account that Nigeria has gas flares, which does

not indicate human settlements, it has extremely low nighttime lights comparing

with population.

Iraq is dropped from the analysis, because of a long-term civil war. Even though

according to World Bank [WorlBank, 2013], GDP of Iraq has upper-middle level,

Iraq probably has low resources. The second reason Iraq has high nighttime lights

value because of gas flares. For the same reason Nigeria is skipped as well (chapter 1

on page 4).
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Country CC HDI
Population

[106 people]

∑
NTL

[103nW/(cm2·sr)]

Australia AU 0.938 22.51 4363.27

Germany DE 0.920 81.00 3797.77

Korea South KR 0.909 49.04 2512.94

Belgium BE 0.897 10.45 1514.05

Austria AT 0.895 8.22 570.17

France FR 0.893 66.26 6169.54

Slovenia SI 0.892 1.99 136.83

Italy IT 0.881 61.68 5177.94

Estonia EE 0.846 1.26 597.23

Poland PL 0.821 38.35 5523.59

Mexico MX 0.775 120.29 4710.37

Albania AL 0.749 3.02 109.32

Azerbaijan AZ 0.734 9.69 346.92

Korea North KP 0.733 24.85 143.37

Brazil BR 0.730 202.66 20005.53

Armenia AM 0.729 3.06 95.32

Mongolia MN 0.675 2.95 1556.13

South Africa ZA 0.629 48.38 1841.41

Morocco MA 0.591 32.99 868.59

Iraq IQ 0.590 32.59 4269.78

Cambodia KH 0.543 15.46 7.38

Nepal NL 0.463 30.99 27.22

Afghanistan AF 0.374 31.82 560.07

Nigeria NG 0.471 177.16 1086.45

Table 5.1: Countries for analysing relationship of population to nighttime lights. (Source: Pop-

ulation - CIA, Factbook; HDI - Human Development Reports; Nighttime lights - EOG/NOAA

NGDC); CC - country code, HDI - human development index,
∑

NTL - sum of nighttime

light intensity of a country. The table is divided into four groups by HDI.
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Australia is not considering because of wildfires. Some others are skipped analysing

because of lack of reliable statistical data. Mainly for this reason data of Germany,

France and Italy are used to derive the methods and their equations.

From following the scatter plot in fig. 5.1, it is clear that more developed countries

have more nighttime lights per person.

Figure 5.1: Relationship of population to nighttime lights intensity. (Source: Nighttime lights

- NOAA/NGDC; Population - CIA, Factbook)

5.2 Comparing regression type for relationship of popula-

tion to nighttime lights

The analysis is done at sub-national level for comparing different regression types.

Germany (fig. 5.2a) is chosen to be analysed, because of the highest amount of

administrative units at NUTS3 level. The shapefile (fig. 5.2b) of Germany with

411 districts (local name is Land-Kreise and Kreisfreie Städte) is downloaded from

naturalearthdata website. Population and area information from Eurostat and Lan-

desämpter Mecklenburg-Vorpommern are joined to one shapefile in ArcGIS.

The analyses are done considering all districts at once, then grouping them by night-

time light density.
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(a) Country mask applied to VIIRS (b) NUTS3 border (yellow line is NUTS3 border)

Figure 5.2: Lights of Germany. Source: Image - NOAA/NGDC; shapefile - naturalearthdata

As shown in the work-flow in fig. 5.3 nighttime lights of each district of Germany is

Figure 5.3: Work-flow to compare regression types.
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masked by applying a mask extracted from nighttime lights of Germany and shape-

files of NUTS3 districts.

Scatter plots of all districts of Germany the are generated using the relationship of

actual population versus nighttime light intensity of each district.

The correlation coefficients are compared by applying four types of regressions, such

as linear, logarithmic, exponential and power to define which of the regressions have

a higher correlation coefficient (R2). The scatter plots in fig. 5.4 demonstrates that

power regression has a higher correlation coefficient than others.

(a) Linear (b) Logarithmic

(c) Exponential (d) Power

Figure 5.4: Comparison regressions types

In another more detailed experiment and as part of main work-flow (fig. 5.3) districts

are grouped into seven groups according to their nighttime light density. Within

each group a scatter plot is built using the relationship of population versus night-

time light intensity. And for all four different regression types are applied for each

group separately. It can be seen in a scatter plot showing the results (fig. 5.5).
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Figure 5.5: Scatter plot of comparing correlation coefficients of the regression types.

Table 5.2 consists of the correlation coefficient of a whole country and of the corre-

lation coefficient of each group.

λ range Average λ R2

linear

R2

logarithmic

R2

exponential

R2

power

2-170 0.66 0.34 0.58 0.67

2-5 3.5 0.12 0.13 0.13 0.15

5-7 6 0.25 0.28 0.29 0.34

7-9 8 0.32 0.35 0.34 0.38

9-13 11 0.44 0.41 0.45 0.48

13-25 19 0.37 0.43 0.44 0.65

25-50 37.5 0.82 0.72 0.60 0.84

50-170 110 0.77 0.51 0.78 0.87

Table 5.2: Correlation coefficients of different regression types

These experiments proved that power regression is the best type of regression to

estimate population using nighttime lights. For this reason the power law is applied

further for population estimation.
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5.3 Population estimation

This section consists of the experiments for the two methods described in chap-

ter 4. Subsection 5.3.1 is about how to estimate population using power regression

to nighttime light intensity. Subsection 5.3.2 describes how the method of using

nighttime light density and population density is derived.

5.3.1 Deriving distribution of population from nighttime light intensity

The work-flow to derive the equation is shown in fig. 5.6. For this study power re-

Figure 5.6: Work-flow to derive population distribution using power regression.
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gression are used to estimate population. Two more countries are added to Germany

dataset. Italy with 107 provinces and France with 100 departments at NUTS3 level.

In order to derive a formula, that could estimate population distribution, these three

countries are chosen to analyse. Main reason is that they are in the same range of

HDI (table 5.1).

The nighttime lights only within the range from 2 to 100 nW/(cm2·sr·km2) are

analysed. Since only a few provinces have nighttime light density of more than 100

nW/(cm2·sr·km2), which is not enough amount of units for statistical calculations.

The calculations require min. 50 units for a reliable results. As demonstrated in

the scatter plot (fig. 4.6 on page 30), almost all administrative units within the

range from 2 to 100 nW/(cm2·sr·km2). Nighttime lights of Germany, France and

Italy are analysed. The provinces which have nighttime light density less than 100

nW/(cm2·sr·km2) and the counties or provinces are grouped by nighttime light den-

sity into seven groups. Within each group a log-log scatter plot is built applying

power regression for relationship of population versus nighttime lights.

A log-log scatter plot of extracting a factor and an exponent of a group with night-

time light density in range from 10 to 15 nW/(cm2·sr·km2) in fig. 5.7 is shown.

Figure 5.7: Example of extracting a factor and an exponent for the group 10 <λ<15

This procedure is done for all 7 groups to extract the factor and the exponent (ta-

ble 5.3) by applying power regression.
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λ range Average λ Factor Exponent

2-5 3.5 494.4 0.6277

5-7 6 673.63 0.5953

7-10 8.5 663.19 0.5906

10-15 12.5 246.41 0.7136

15-25 20 645.89 0.6201

25-40 32.5 215.78 0.7371

40-100 70 129.33 0.8103

Table 5.3: Factor and exponent of each light density group of Germany, France and Italy

Then other scatter plots are created using a power regression for relationship of

the nighttime light density of all seven groups versus the factors and the exponents

(fig. 5.8). From these scatter plots the equation 4.2 on page 27 for distribution

population is derived as shown in the work-flow in fig. 5.6.

(a) Deriving factor (b) Deriving exponent

Figure 5.8: Log-log scatter plot of light density and power regression parameters.

Afterwards equation 4.2 is applied for all provinces of Germany (NUTS2 and 3),

France, Italy, Poland (NUTS2), Estonia, South Africa, Morocco, Afghanistan, North

Korea, South Korea and Mexico. In total 755 provinces are cross validated with ac-

tual population, which includes provinces with nighttime light density higher than

100 nW/(cm2·sr·km2). Note that European countries are considering as NUTS3 by

default, unless it is not mentioned.

For cross validation represents by relative errors (ε), which are calculated in order
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to have an idea how accurate the population is estimated by equation:

ε =
|Pe − Pa|

Pa
(5.1)

where,

Pe - estimated population of an administrative unit or whole country,

Pa - actual population of an administrative unit or whole country

5.3.2 Deriving distribution of population using nighttime light density

The results derived from the first method are not as accurate as it is expected. The

relative error ε is too high for applying the method for countries out of Europe,

which is not acceptable.

While searching an alternative methods, it is found out that relationship between

nighttime light density and population density is higher than relationship between

nighttime light intensity and population which is used in method 1. R2=0.65 is for

the relationship of population versus nighttime light intensity, while R2=0.86 is for

the relationship of population density versus nighttime light density (see fig. 4.4).

For this reason the density parameters are used.

For analyses the data of Germany are used for scaling the estimated population

(equation 4.9 on page 31). The equation is derived to estimate population by equa-

tion 4.6 on page 30 (fig. 4.5 on page 29) based on power law and on normalisation

estimated population of provinces by population per nighttime light intensity of

provinces.

Then equation 4.6 is applied for all provinces of Germany (NUTS2 and 3), France,

Italy, Poland (NUTS2), Estonia, South Africa, Morocco, Afghanistan, North Korea,

South Korea and Mexico. In total 755 provinces are cross validated.

In table 6.1 on page 43 improved accuracy of population estimation is shown by

relative error (ε). So one of the two sub-goals, finding the best method, is reached.

Next chapter discusses the second goal, i.e. visualization of the population distri-

bution by creating estimated population density maps for the countries, which have

the best estimation of population.
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Chapter 6

Results

This chapter consists of cross validation estimated population distribution with ex-

isting data (section 6.1), and discusses the results of the second reached sub-goal,

which is visualizing the estimated population density based on derived methods of

population distribution. GPW1 is used to compare population density per km2 of

the year 2000 to estimated population density per km2 of the year 2013.

6.1 Cross validation

The results are presented as an average relative error of all provinces of a country

in table 6.1 below and in fig. 6.1 as well. Table 6.1 divides cross validated countries

into four groups by HDI from highest to lowest level of development. The first

group, very high developed countries, includes Germany, South Korea, France, Italy,

Estonia and Poland. The second group, high developed countries, includes Mexico

and North Korea. The third group, middle developed countries, consists of South

Africa and Morocco. Last group consists of only Afghanistan as a low developed

country.

The high developed countries have much better results, which showing by their low

ε value. The exception is only Estonia, the reasons are explained in chapter 7. In

the chart (fig. 6.1) relative errors are depicted and average errors of both methods.

Because relative error of Estonia is the worst one (ε=2.84), it can not be taken into

account for calculating an average value.

As you can see in the chart (see fig. 6.1) average relative error for method one is 0.55

of estimation all 11 countries, but estimation of European countries is much better,

1Gridded Population of the World. See section 2.4 on page 16.



43

Country CC HDI ε method 1 ε method 2

Germany DE 0.92 0.29 0.32

Germany DE NUTS2 0.92 0.62 0.29

South Korea KR 0.909 0.47 0.41

France FR 0.893 0.35 0.33

Italy IT 0.881 0.29 0.22

Estonia EE 0.846 (2.84) 0.19

Poland PL NUTS2 0.821 0.18 0.2

Mexico MX 0.775 0.74 0.33

North Korea KP 0.733 0.89 0.49

South Africa ZA 0.629 0.8 0.33

Morocco MA 0.591 0.76 0.33

Afghanistan AF 0.374 0.7 0.54

Table 6.1: Relative error of both methods. The table is divided into four groups by HDI.

which is 0.33. However method 2 is much better in terms of accuracy. Average

relative error of estimation population of all 11 countries is 0.35, and estimation of

European countries is, even better, 0.25.

Figure 6.1: A plot of comparing relative errors for both methods
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6.2 Data visualization for population distribution results

After cross validation both methods are applied to nighttime lights of a country in

XDibias by Numpy scripting. Data visualization for the results population density

maps are created in ArcGIS by calculating a population grid of a country. All

maps are in WGS84 Geographical Coordinate System, and values of the grids are

stretched along a color ramp by using Standard Deviation. GPW is used to compare

population density per km2 of the year 2000 to estimated population density per

km2 of the year 2013.

The population distribution using the first method by nighttime light intensity works

well for population distribution of Poland. The best result of one province in Poland

is cross validated. So for province2 Lodzkie (fig. 6.2) at level NUTS2 total population

by method 1 is 2492008 people, while by the Eurostat population in 2013 is 2524651

people. That means for the province a relative error of only 1 percent (ε=0.01)

occurs.

(a) Population density map by GPW (b) Estimated population density map by method 2

Figure 6.2: Actual and estimated gridded population of a province Lodzkie in Poland. Source:

GPW - CIESEN.

Poland has the best estimation of population at national level for the method 1, the

relative error is 0.18 (see table 6.1). Fig. 6.3 shows the population distribution of

Poland in actual state and estimated by using nighttime lights intensity. Below you

can see the result, initialized in a population density map (fig. 6.3b). While cross

validation total population of Poland by using method 1 is about 32.5 mln people.

The actual population due to Eurostat and GPW is around 38.5 mln people.

2Poland’s administrative unit at NUTS2 is Voivodeship
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(a) Population density map by GPW

(b) Estimated population density map by method 1

Figure 6.3: Actual and estimated gridded population of Poland. Source: GPW - CIESEN.

Results of the second method are much better at national and at sub-national level.

At national scale all countries improved the results comparing with first method.

Exceptions are France and Poland, which are almost the same.
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Italy has an average relative error applying second method for whole country is 0.22

based on the relative errors of its all 107 provinces. However population distribution

of Italy is fairly good in both methods and does not have a significant difference.

Fig. 6.4 demonstrates population density by GWP and derived from nighttime lights.

(a) Population density map by GPW

(b) Estimated population density map by method 2

Figure 6.4: Actual and estimated gridded population of Italy. Source: GPW - CIESEN.
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The best result of the second method has Estonia, which is significantly improved

comparing with the first method (see table 6.1). Fig. 6.5 shows the population

distribution of Estonia by GWP and derived from nighttime lights.

(a) Population density map by GPW

(b) Calculated population density map by method 2

Figure 6.5: Actual and estimated gridded population of Estonia. Source: GPW - CIESEN.

Comparison of all these maps shows that the methods derived in this work could

distribute population not worse than GPW. The results make evident that method 2

is much better, because the method is valid for all countries, and has higher accuracy

than method 1. All results can be found in Appendix B on a CD.

All above mentioned results and population density maps demonstrate that all goals

are achieved. Deriving the distribution of population from nighttime lights data is

possible.

In next chapter you can find discussion, issues and problems of this study.
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Chapter 7

Discussion

The results show that there is a direct relationship between nighttime lights and

population distribution.

The first method using the nighttime light intensity applying the power regression is

mostly valid for the European countries, which are in range of very high developed

countries by HDI report. It is not possible to use the derived equation for northern

countries such as Norway, Sweden, Finland and Iceland, since the nighttime imagery

are not filtered from auroras. The second restriction is that population should be

well distributed within a whole country.

Population estimation of Estonia has the worst result using method 1, because the

population is not distributed well within a country. For instance, in case of Estonia

in one of the regions Pohja-Eesti concentrated 43 percent of the whole population

of the country. The second reason could be the population amount, since the popu-

lation of a whole country in Estonia is almost the same as the population in Munich

(1.3 mln people)[Eurostat, 2013]. Therefore, the method using nighttime light in-

tensity is valid only for countries with a population density that is not too low and

not too high.

The second method’s results are as shown in a table 6.1 in the previous chapter much

better. For example, the result of the average relative error of Estonia is improved

from 2.84 to 0.19. And as the results indicate this method is valid for all countries.

It was not checked for very high dense areas like India and China, and with almost

no nighttime lights such as very low developed countries in Africa. These results

could be very interesting using nighttime light density. This calculation could be

done in a future work.
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The overall average relative error for European countries is even better with the

second method and has almost the same results as with the first method.

To achieve better results a land cover could be used in order to get rid of uninhab-

itable areas. As well the noise, such as gas flares, auroras and wildfires from the

nighttime light imagery should be removed.

During analysis some negative values are found on nighttime imagery. Mostly a large

amount of negative values are detected in Brazil, and few of them in Afghanistan,

and no negative values in the analysed countries of Europe. Asking from the re-

sponsible person of the data from NOAA NGDC Christopher Elvidge, he reported

that the negative values are in areas with no light detection. This is a consequence

of the calibration, which sets the average for background noise at 0.0 [Elvidge, 2014].

The creation of the population density maps is done for each country separately.

The area per pixel was calculated separately for each of the analysed countries tak-

ing into account values in x and y directions of a country. It has to be done because

of the area per pixel varies from one area to another. In this study it is calculated

per country.

Overall the results obtained by derived methods are acceptable as for starting point

of the research in this area using open source data.
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Chapter 8

Conclusion and Outlook

It is evident that nighttime lights can help us to gather significant information about

our Earth. For this reason finding a method to derive population distribution is vi-

tal. In this master thesis two methods to distribute population by applying power

regression on nighttime light intensity and nighttime light density parameters were

found.

Studying the existing works it is expected that in most studies researchers find a

strong relationship between nighttime lights and different types of statistical data.

Nighttime lights are defined as a proxy for describing economic situation, develop-

ment level, population and poverty.

This work consists of two main goals, one of them is finding the best regression

type, and deriving two methods of distribution of population from nighttime lights

data and in the end visualize the results. The first method’s main idea (section 4.2)

is using a general power regression to derive a universal equation for population

distribution. The second method’s main idea (section 4.3) is deriving a factor and

an exponent from power regression using nighttime light density.

Since in this study a power law is proved as the best regression type, it is used for

further research by applying it to derive an equation. The first method of population

distribution estimation using nighttime light intensity by power regression has more

limitations than the second method using nighttime light density. During cross val-

idation with statistical data the results show that the second method is applicable

for all countries. At least for the countries which were analysed all over the world,

except South America. South America was dropped from cross validation, because

the nighttime imagery had negative values.
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The first method has limitations because it works only for very high developed Euro-

pean countries. Because the equation of the first method was derived from Germany,

Italy and France, estimated country or province should have more or less the same

area and population density.

The main outcome of this research is that nighttime lights and population cor-

relates well using a power law on a log-log scatter plot. An average relative error

of the first method using nighttime light intensity is 33 percent, which is in general

acceptable. The best result of the analysed countries has Poland (18 percent). An

average error of the second method using nighttime light density is 35 percent. And

this method is valid for all cross validated countries.

For further work in this area, it is suggested to analyse several year time lapse 

in order to derive a universal equation for each country. Because each country has 

specifications, related to demographic issues and socio-economic issues.

As mentioned before, a land cover should be considered to improve the accuracy 

and to get rid of uninhabitable areas. An automated way to remove noise, such as 

gas flares, auroras and wildfires should be found.
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Appendix

The appendix consists of two sub-appendices:

A) Command lines used by NumPy to apply basic operations to the imagery;

B) Data used for this thesis, such as tables, shapefiles, grids and the thesis itself,

stored on a Data CD.

A) Command lines

Below command lines are presented, which were used to process nighttime light im-

agery in XDibias using NumPy.

Converting the VIIRS DNB NIghttime lights imagery into XDibias format:

gdal_translate -of XDIBIAS <lights.tif> <output XDibias file>

Converting a shapefile into vector data and adding them into an image:

shp2vec -cffff00 -l<layer> -g"<ID 1>" -n"<ID 2>" -o l=<image><shapefile>

Masking a country or a province:

mask -i l=<project>/<tile or a country lights> -o l=<project>/<Mask> -m

"group <group ID> class <class ID> object <object ID> grayvalue 255 go"

Calculating borders of a masked area:

imgbbox -i l=<project>/<mask> -m "background @ go"

Applying a mask:
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applymask -i l=<project>/<tile or a country lights>,<coordinates, width and 

height> -i l=<project>/<mask>,<coordinates, width and height>

-o l=<project>/<lights image> -d doc=noname -m "maskvalue 0 outputvalue

0 elseoutputvalue @ go"

Calculating sum of all nighttime light intensity and nighttime light intensity without

negative values:

imcalc -i l=<project>/<lights image> -m "eq ’print i[0][i[0]>0].sum(), 
i[0].sum()’

go"

Applying a Gaussian filter:

imcalc -i l=<project>/<lights image> -o l=<project>/<lights_filtered> -m

"eq ’out=ndimage.gaussian_filter(i[0],2)’ go"

Calculating light density:

imcalc -i l=<project>/<lights_filtered> -o l=<project>/<lights_density>

-m "eq ’out=i[0]/area per pixel’ go"

Calculating population by the first method:

"eq ’m=(i[0]>0);pf=i[0]*0;imcalc -i l=<project>/<lights_density> -i l=<project>/<lights_filtered> 

-o l=<project>/<calculated population> -m

 pf[m]=1351.6*i[0][m]**-0.49;ex=i[0]*0;ex[m]=0.518*i[0][m]**0.0956;out=

dstack((pf*i[1]**ex,i[1],pf,ex))’

go"

Calculating population by the second method:

imcalc -i l=<project>/<Lights_density> -o l=<project>/<calculated 

population> -m "eq ’out=17.37*i[0]**1.09*<Area>*<b>**1.09’ go "

Summarizing population:

imcalc -i l=<project>/<NTL_calcpop> -m "eq ’print i[0][:,:,0].sum()’ go"
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B) Data

This CD appendix contains 3 main files:

1. All data used to derive the methods, the results of applying these methods and

of cross validation in MS Excel

2. All shapefiles and grids used in this thesis

3. Thesis in pdf file
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