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Abstract

Gross metropolitan product (GMP) is one the most critical indicators for

determining a metropolitan area’s economic performance. While GMP data cur-

rently exists for major cities in the US and OECD countries, the rest of the world is

a blind spot. This study aims at estimating the GMP of 1289 cities in non-US and

OECD countries, where no official city-level statistics are produced. We perform

this estimation through multiple machine learning models, using night-time lights

satellite imagery, and other publicly available data. We analyze eight spatial

databases and four cross-sectional datasets and derive a feature vector of covariates

through various techniques, i.e., downscaling and bootstrap. We specify OLS,

Ridge, Lasso, Elastic Net, and Random Forest models, out of which Random

Forest generated the most accurate results with 0.3 RMSE for out-of-sample

predictions. With this methodology, we produced the first existing data set that

groups the 1298 cities into 20 quantiles, with the first quantile denoting the lowest

five percent regarding estimated income and the twentieth quantile denoting the

highest five percent regarding the estimated economic product.
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Chapter 1

INTRODUCTION

Gross metropolitan product (GMP) is one the most critical indicators for de-

termining a metropolitan area’s economic performance [33]. If GMP data were 

avaialable for multiple time periods, it could be used for metropolitan growth 

and poverty analysis [8, 25, 38]. In addition, GMP per capita can be the basis 

for exploring inequality within a given city as well as between multiple cities [1]. 

Consequently, GMP is a highly contributing metric in urban and developmental 

economics research. In addition, metropolitan areas are major contributors to 

every country’s GDP [12]. While GMP data currently exists for major cities in 

the US and OECD countries, the rest of the world is a blind spot. There is 

also no commonly agreed upon method for generating reliable GMP estimates (or 

predictions) for every city in the world. In addition, the inaccuracy and lack of 

sufficient data in most developing countries’ statistical systems make it harder for 

conducting economic analyses [8]. In fact, when it comes to studying metropolitan 

areas, because they are bound to the data collecting rules and regulations of 

their own country, gathering a cohesive dataset that includes cities from multiple 

countries becomes challenging. Therefore, we aim at creating a method that 

uses publicly available data, and is generalizable for any city in the world with 

population over 300,000 people.

Data derived form Luminosity-based satellite imagery can act as a strong proxy 

for economic activity [8,25]. These images are publicly available and are gathered 

from the same source and thus, are cohesive. Therefore, data derived from these 

images is suitable for machine learning tasks. While some studies [28, 34] use
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Machine Learning methods for processing the images, these methods can also be 

used to derive predictions regarding variables of interest such as the GMP.

Various research studies have been conducted on the use of luminosity-based 

satellite imagery on growth and development [8, 25]. In addition, some papers 

focus on specific countries or cities [6,38]. Although the current body of literature 

covers multiple aspects of both satellite image processing and machine learning 

algorithm utilization, there is still a gap regarding the use for both for a global 

GMP estimation.

This study aims to remedy this problem by specifying a reliable supervised 

machine learning estimation model that uses publicly available data, such as data 

derived from satellite images (luminocity, urban form, road networks), national-

level GDP, metropolitan GMP and population. There are three groups of datasets 

utilized in the statistical models: calibration (training), validation (testing), and 

prediction. The calibration and validation datasets include the GMP variable 

and are used to train and assess each model’s performance, respectively. The 

prediction dataset includes all the independent variables and is used as input to 

the models. We used three satellite raster images to create the final d ata sets 

and processed them to derive variables that translate luminosity. In addition, 

we account for urban form and structure by analyzing each city through a set of 

derived spatial metrics and luminosity statistics. Using a downscaling technique, 

we predicted the GMP of each city based on various portions of the GDP (such 

as non-agricultural and services). A bootstrap technique is then used to capture 

diversity in the downscaled variables. Moreover, city road segment lengths and 

counts are included to capture the infrastructure information. We also account 

for whether or not a city is coastal by using a binary variable. When the feature 

vectors are derived, we created multiple models, using the ordinary least squares 

(OLS) model as a baseline. Apart from the OLS, other models such as Lasso,
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Ridge, Elastic Net, and Random Forests (RF) were used, out of which RF had the

best predictions and lowest errors. The result of this study is a prediction data

set over the GMP class estimation of 1298 cities in the world. The training and

testing data sets include cities from 28 OECD countries including the US. Most

of these countries are developed, and it was expected that this data might not be

fullt representative of the spectrum of metropolitan economics output. Through

utilizing downscaled GMP estimations we discovered that out of an estimated 20

classes of income brackets, the training and testing data only covered the top 11

classes. In addition, the estimation models cannot make predictions of labels that

they have not been trained on. As a result, the lowest estimated GMP could only

be as low as the lowest GMP in the training data. However, because population

is one of the strongest indicators for gross product, and that the population

distribution among cities in both training/testing data and the prediciton data is

similar, the predicted values of ln(GMP ) can be justifiably reliable. The ordinality

of the data is also kept. As a result, the predictions are grouped into 20 quantiles

to show a sorted list of cities that fall into 5 percent increments of economic

output frequency, with the first ventile denoting the lowest GMP and the twentieth

showing the highest GMP. We have also included information on per capita GMP

in our estimations.this metric can be specifically useful in poverty investigations

at the metropolitan scale. [38]

The rest of this thesis is organized as follows. Chapter two discusses related

research that has been done in this field and information on the research papers

that provide the data for some of the derived explanatory variables in this study.

Chapter three discusses the data and its properties. Chapter four describes the

methodologies that were used in this research. Chapter five presents information

on the implementation of the methods. Finally, chapters six and seven discuss the

results of this study, the conclusion , and future work, respectively.
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Chapter 2

RELATED WORKS

There is a growing body of literature for the use of Nighttime lights remote sensing

imagery as a proxy for socio-economic data. Luminosity-centered satellite imagery

has successfully been used as proxies for levels of economic activity and energy

use in many studies. The reason for the need for proxies such as luminosity is

the lack of information and measurement errors in the developing world’s data

gathering systems. Although we have adequately reliable data for the developed

portion of the world, we are quite in the dark regarding developing countries. This

lack of information and data leads to an inability to make accurate and reliable

analyses and assessments of the developing world. As a result, scientists have to

rely on information available in aggregate and independent of each country’s data

gathering system. This is why satellite imagery plays an important role. This

data is unbiased and globally collected. Especially in the case of luminosity, many

studies have proved that this data source translates economic well-being reliably.

However, these studies are not without limitations.

Nevertheless, the studies that have been done in this field leave a gap for

much further research. Pioneering in the field of satellite image use in economic

estimation, Chen and Nordhouse [8], made an initial utilization of luminosity

and nighttime light satellite data as a means of regional and one-degree grid cell

economic growth estimation. They conclude that although luminosity is a useful

proxy, further research needs to be done on the methods of using this data source.

They also conclude that luminosity is a poor proxy for countries with moderate

to excellent statistic systems. These efforts were followed by Henderson et al. [25],

who looked at night lights as a proxy for real GDP growth analysis. They analyzed



5

approximately 177 countries for 17 years and 30 countries that were rated low to 

middle income by the world bank. Moreover, they conclude that the elasticity of 

the growth of night light to income growth is close to one for low to medium-income 

countries. These studies opened the floor to further economics research in this 

area [6,14,16,35]. Jean et al. [28] worked on using high-resolution satellite images 

of day time lights for 5 African countries with a convolutional neural network. 

They aim to predict average household consumption expenditures and assets and 

wealth, and they were able to explain up to 55% of the economic outcome variety 

by their model. Building on the research of Jean et al. [28], later, Perez et al. [34] 

generated one-year predictions using convolutional neural networks and Landsat 7 

daytime images. During their analysis, Subash et al. [38] apply a neural networks 

model to nighttime lights satellite images of rural India to assess the poverty levels 

due to prolonged data collecting intervals. They found the satellite images were a 

superior poverty predictor than per capita GDP.

The body of literature in the field of using luminosity-based satellite imagery 

seems to agree on this data source’s validity as a proxy of economic activity and 

well-being. However, to our knowledge, no research has been done on the use of 

nighttime light satellite imagery for urban economic outcome in the scale of the 

study at hand. Other factors that seem to be contributing to economic activity in 

the literature are urban form and infrastructure [22]. Metropolitan areas’ spatial 

structure is one of the important aspects of a city’s growth. Properties such as size 

(area and perimeter), density, and active urban patches can be valid determinants 

of a city’s economic output. According to the literature, the cities benefit from 

agglomeration economies as they grow [20, 23]. Lee and Gordon [30] researched 

the best size of a city for optimized growth. In comparison, John Brotchie et 

al. [5] note the concentration of economic activity in patches. We have accounted 

for spatial urban form in this study for these reasons. Gramlich [24], defines 

infrastructure as “large capital intensive natural monopolies such as highways, 

other transportation facilities, water and sewer lines, and communications system.”
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Many studies recognize infrastructure as an impactful variable in GDP growth. 

Calderon and Serven [7] found a positive relationship between infrastructure and 

economic growth, while their conclusions also showed a negative relationship 

between the increase of infrastructure and income inequality. More specifically, 

in the case of roads and highways, during their instrumental variable design, 

Durantor and Turner [15], found that a 10 percent increase in a city’s initial 

stock of highways leads to an approximation of one and a half percent increase 

in its employment. For these reasons, we have considered road map data in our 

study.

We use the resulting data set from Taubenbock et al. [39] research for deriving 

our prediction dataset. Their work investigated the world’s largest city ranking 

based on settlement area and settlement population density. Based on this anal-

ysis, they generated new morphological boundaries for the cities and compared 

them to the administrative boundaries. They concluded that the administrative 

boundaries were wider on average, except in the case of Europe, where the admin-

istrative boundaries were in line with the study’s outcome boundary.

The roads data was developed by Meijer et al. is [32] research where they 

analyzed more than 60 geospatial datasets on road infrastructure into a global 

roads dataset and used a regression model to find the relationship between roads 

data and GDP, among other variables. They found that wealthier countries have 

more roads on average and they predicted large road constructions for developing 

countries. This data covers 222 countries and is claimed to include more roads 

than the best available country-based global roads datasets by 2018.

In conclusion, the research studies that utilize satellite images, use them as 

a proxy to estimate poverty, growth, consumption expenditure, and regional eco-

nomic product. However, the subject of these estimations is often at the country 

level, and in cases where smaller regions are being investigated, they are not stud-

ied over many countries. In other words, if the subject of study is of a smaller level, 

such as rural areas, the number of countries included in the analysis is limited,
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and if a large number of countries is included in the study, the subject of the

study is at the country level. In addition, while these studies use luminosity-based

satellite images in multiple time periods, they do not use multiple images on

luminosity. This thesis uses the nighttime satellite images to estimate economic

product at the small level of metropolitan areas over 139 countries. We also

conduct this research in one time period and we include three different satellite

images which let us capture information on radiance and urban structure even

in the presence of satellite sensor saturation. Moreover, the research studies that

have been conducted on the effect of infrastructure and urban form do not use such

variables as predictors for the GMP. After deriving these explanatory variables

from spatial data, we train the models on them and finally use them to get GMP

predictions.
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Chapter 3

DATA

The data set used in this study is put together from nine spatially-explicit 

sources (specified in Table 3.1) and four cross section data sets (specified in Table 

3.2).

The spatial data used in this study can be categorized into three types: raster, 

vector, geodatabase. A raster image is a two-dimensional grid of square pixels/-

cells. Each pixel in a raster image represents a meaningful value. The collection of 

these cell values creates a set (in some cases more than one set) which is referred to 

as the raster’s band. If there is only one set within which the cell values fall, the 

raster is addressed as a single band. However, if each cell/pixel corresponds to more 

than one value, there would be multiple value sets; thus, the raster image is 

addressed as multi-band. Another spatial file type used in this study is called a 

vector file. In this study, the vector files were in the format of shapefiles. Vector files 

are mathematically built images that can appear on a grid. These files can denote 

lines, points, or polygons (areas). Finally, we use the geodatabase file type. 

Geodatabases are databases used for storing and working with spatial data and 

geographic information. Various types of data, such as tabular, vector, or raster, 

can be stored in these databases. In this study, we used three different night time 

lights satellite raster images: 1) Stable Night-time Lights (denoted as NTL in table 

3.1) 2) Radiance (denoted as RAD in table 3.1) 3) Vegetation Adjusted Night-time 

Lights (denoted as VANUI in table 3.1) The Satellite images were captured as a 

part of the Department of Defense’s program called the Defense Meteorological 

Satellite Program (DMSP).
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According to the National Centers for Environmental Information (NCEI) website, 

“Each DMSP satellite has a 101 minute, sun-synchronous near-polar orbit at an 

altitude of 830km above the surface of the earth. The visible and infrared sensors 

(OLS) collect images across a 3000km swath, providing global coverage twice per 

day. The combination of day/night and dawn/dusk satellites allows monitoring of 

global information such as clouds every 6 hours. The microwave imager (MI) and 

sounders (T1, T2) cover one half the width of the visible and infrared swath. These 

instruments cover polar regions at least twice and the equatorial region once per 

day. The space environment sensors (J4, M, IES) record along-track plasma 

densities, velocities, composition and drifts.” [17]. The stable nighttime lights 

satellite image used in this study is captured by the Operational Linescan System 

(OLS), which flys on the DMSP satellites. This image shows cloud-free composites 

of average visible nighttime lights and “contains the lights from cities, towns, and 

other sites with persistent lighting, including gas flares” [17] for the calendar year 

2010. Figure 3.1 shows the stable nighttime lights raster image. The stable 

nighttime lights raster is a single gray scale band image with data values ranging 

from 1 to 63 (zero cloud-free observations were assigned 225). The OLS is capable 

of capturing low light data. In fact, this system’s visible band detector can observe 

and record radiance levels that are about one million times dimmer compared to 

most other Earth-observing satellites. Because of light saturation in areas such as 

city centers, the low gain and high gain satellite images are combined to achieve a 

global nighttime lights image with no sensor saturation. This newly generated 

image is called Radiance. Radiance is a unitless single gray scale band raster image, 

the data value of which ranges from 0.00 to 2165.16. Additionally, due to saturation 

issues in urban cores, the stable nighttime lights are limited in accounting for urban 

variation and structure. In order to remedy this issue, Zhang et al. [41] created a 

new indexing method that decreases NTL saturation effects, increases the NTL 

signal variation, and accounts for urban area characteristics. This novel indexing 

method resulted in the production of the Vegetation adjusted
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nighttime lights raster, which is a single gray scale band image with a pixel value

range of -10.00 to 0.98. The raster images of the calendar year 2010-2011 were

used in the case of both Radiance and VANUI.
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Table 3.1: Spatial data, sources, and derived values
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Table 3.2: Cross sectional data, sources, and derived values
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Our paper combines socio-economic and satellite imagery data with the explicit 

goal of the estimation of gross metropolitan product in urban areas. We employ 

four distinct nighttime lights (NTL) data sets for our analysis: (i) stable NTL 

data from 2010, (ii) radiance (RAD) data from 2006, the closest available date to 

2010, (iii) VANUI data for 2010 and (Table 3.3).

Table 3.3: Night-time lights datasets; description and sources

Dataset Year Sensor Sources
Stable NTL 2010 F18

Radiance (RAD) 2010 F16
NOAA DMSP 
NOAA DMSP

VANUI 2010 - Zhang, Schaaf & Seto [41] (2013)

Furthermore, we utilize three urban (metro) area datasets in our analysis: (i) 

the 375 U.S. metro areas available from the U.S. Census, (ii) 205 non-U.S. OECD 

metropolitan areas available through the OECD Metro Explorer database; and (iii) 

the approximately 1300 metropolitan areas estimated by Taubenbock et al. [39]. 

The first two databases are combined to produce our calibration (C) and validation 

(V) samples. We will refer to this dataset as our C/V dataset. The third one is 

used for prediction (P). In this thesis we use the term “city” and “metropolitan 

area” interchangeably; we avoid a composite definition of a “metropolitan area” 

and follow the respective definitions of the U.S. and OECD datasets.

The US Office of Management and Budget defines the functioning metropolitan 

areas as follows“Metropolitan Statistical Areas have at least one urbanized area of 

50,000 or more population, plus adjacent territory that has a high degree of social 

and economic integration with the core as measured by commuting ties.” [29] 

The OECD European Commission report, defines functional urban area as follows: 

“ the functional urban area or metropolitan area, captures the full extent of a city’s 

labour market by adding a commuting zone to each city” [10]

We use official geographical administrative and estimated boundaries for the 

cities in our samples in order to calculate various spatial statistics (such as the
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aggregate luminosity levels in each city and measures of urban form). Our C/V 

data sets (U.S and OECD metros) are accompanied by official administrative 

boundaries. While we have information on administrative boundaries for the 

cities included in the training/testing data set, such information does not exist 

for many other cities in the world. In addition, we need city boundaries to be able 

to calculate many of the explanatory variables used in this study. As a result, we 

used estimated metro boundaries generated by by Taubenbock et al. [39] for our 

prediction dataset.

We also collect and use widely available socioeconomic data, such as population 

and GDP. Given that the training and testing data sets need to include the actual 

GMP, and they include the US and non-US OECD countries, the GMP metric 

needed to be collected from different sources. The US GMP metric comes from the 

US Bureau of Economic Analysis (BEA). Also, we collect the GMP for the OECD 

countries from the OECD metro explorer database. After calibrating and assessing 

the models with C/V data, we use the models to estimate the GMP for the cities in 

the Prediction data set. All GMP data is expressed in real 2005 dollars. Table 3.4 

summarises the information on the socioeconomic data sets.

Table 3.4: Urban socioeconomic datasets; description and sources

Dataset Year Source Use Boundaries
US CBSAs 2010 U.S. BEA C/V Official

OECD Metros 2010 OECD Metro Explorer C/V Official
Morphological 2019 by Taubenbock et al. [39] P Artificial

Note: C: Calibration, V: Validation, P: Prediction

3.0.1 Pre-processing

As mentioned before, we use three NTL satellite images in total. To derive the 

information we needed for this study from these images, they underwent a series of 

pre-processing steps. (see the methodology section for how they were done). These
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processes include reprojecting the images, masking, and generating binary images.

Afterward, in order to account for the urban form and luminosity level, we derived

various landscape metrics and basic luminosity statistics respectively, for each city.

Next, we used a downscaling algorithm to estimate the GMP based on the GDP

of the country to which each city belongs. The result of the pre-processing, is a

set of explanatory variables. We also add multiple other variables corresponding

to coastal status and roads. These steps are further discussed in the following

sections. The methods used for these steps are available in the methodology

section.

3.0.2 Reprojection

The collected raw images have an EPSG:4326 - WGS 84 projection which is a

widely used projection, especially for global mappings. The map units corre-

sponding to this projection are latitudes and longitudes. However, the map units

needed for deriving the urban form metrics is meters. As a result, we needed to

convert the map units of our images from lat-long to meters. So, an EPSG :3857

- WGS 84 / Pseudo-Mercator reprojection was used for all images. Although the

reprojection left the images unchanged concerning the distances, some values in

the images change, leading to either a reclassification of these values in different

classes or changing the minimum and maximum pixel value of the images. The

reprojection does not affect the minimum value (1) and the maximum value (63)

in the stable NTL image. However, due to the Pseudo-Mercator, some pixel

values get classified under a different value. In RAD and VANUI images, this

reprojection causes a reduction in the value range. In short, an insignificant

amount of interpolation happens during reprojection, so the number of cells in

the raster drops as values get recombined in the reprojected layer. Along with

the reprojection of the raster images, the boundaries also underwent this process.

Figure 3.2 and 3.3 show luminosity maps of the EPSG:4326 - WGS 84 (original
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raster) and the EPSG :3857 - WGS 84 (reprojected raster) projections of Astria

as an example boundary.

Figure 3.2: re-projection of a boundary, Austria

Figure 3.3: Stable Night Time Lights for original vs. re-projected raster images

3.0.3 Masked Rasters

Masking is a process similar to intersection. The goal is to only keep the pixel

values that are included within each city boundary. It is important to implement

this step because many of the explanatory variables correspond to the information

inside, form, or size of a city boundary. The administrative boundary of each
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metropolitan area was used to create the masked rasters. These boundaries are 

polygons marking the area and the perimeter of each metropolitan area in our 

data. We use three distinct files containing city boundary polygons. Table 3.4 

shows the sources of these data files. The US CBSA data file has information on 

955 metropolitan and micropolitan areas depicted as M1 (metropolitan) and M2 

(micropolitan) in the data file. There are a total of 375 metropolitan polygons 

which were extracted and used in this study. These polygons were reprojected to 

EPSG:4326 - WGS 84 before being used as a layer for clipping the original raster. 

Figure 3.4 shows the metropolitan boundary polygons for the US.

Figure 3.4: United States’ metropolitan boundaries

During the masking process, the pixel values inside the polygons are kept while 

the pixel values outside the polygons are assigned the value of zero. Figure 3.7, 

3.5, and 3.6 show an example of the masking process for the metropolitan areas in 

the US.Figure 3.7 shows an example of stable nighttime lights for North America. 

Figure 3.5 shows the US city boundaries layered over the stable NTL raster image. 

Finally, figure 3.5 depicts the result of the masking process for the US metropolitan 

areas.
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As mentioned before, we used three sets of city boundaries, the US, OECD, and 

estimated morphological boundaries. The OECD Metro data shapefile includes 

metropolitan areas in the OECD countries. There are 275 metropolitan areas’ 

boundaries included in this shapefile. 70 of these polygons correspond to the US 

metropolitan areas. In order to avoid repeated observations and keep metropolitan 

area definition consistent, we only used the US metropolitan boundaries data for 

the US cities. Figure 3.8 depicts the the intersection between the OECD and US 

boundary vector files with the OECD city boundaries in the darker shade and the 

US city boundaries in the lighter shade. Due to the difference in definition used by 

the US and OECD for the metropolitan areas, the OECD city boundaries are much 

tighter than the US city boundaries. Figure 3.9 shows an example of the OECD 

metropolitan boundary polygons in Europe.



23

F
ig
ur
e
3.
8:

T
he

in
te
rs
ec
ti
on

be
tw

ee
n
U
S
an

d
th
e
O
E
C
D

m
et
ro
po

lit
an

bo
un

da
ri
es



24

F
ig
ur
e
3.
9:

A
sn
ap

sh
ot

of
th
e
O
E
C
D

m
et
ro
po

lit
an

bo
un

da
ri
es



25

The US and OECD metropolitan boundaries cover 28 countries. These cities, 

their corresponding explanatory variables, and GMP construct the C/V data set. 

3.5 shows the number of cities per country that we studied for the C/V data 

set. Finally, we implement the masking process for the estimated morphological 

metropolitan boundaries, which resulted from the Taubenböck et al. [39] study. 

This vector covers 1569 cities with a population over 300,000 people [39]. These 

cities and their corresponding explanatory variables construct the Prediction (P) 

data set. However, there is an intersection between the cities in the calibra-

tion/validation data frame and the prediction data frame. Various ways were 

tried, including using APIs for finding the same or similar names, latitudes, and 

longitudes as the cities in the prediction sample on the GeoNames geographical 

database [9] and matching them to the calibration sample. In order to avoid 

including cities in the prediction data set that were already used to calibrate 

and validate the models, we found the coordination for the cities centroids and 

matched the cities by the latitude and longitude to only to the second decimal 

degree. Figure 3.10 show the distribution of the cities used for training and testing 

the models over a global map. Figure 3.11 show the distribution of the cities used 

for creating the predictions over a global map.

Table 3.5: The countries included in the training and testing data set

Country Number of Cities

United States 307

Japan 36

Mexico 33

Germany 24

France 15

United Kingdom 15

Italy 11
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Table 3.5: The countries included in the training and testing data set

Country Number of Cities

South Korea 10

Canada 9

Poland 8

Spain 8

Netherlands 5

Belgium 4

Austria 3

Chile 3

Czech Republic 3

Sweden 3

Switzerland 3

Greece 2

Portugal 2

Denmark 1

Estonia 1

Finland 1

Hungary 1

Ireland 1

Norway 1

Slovakia 1

Slovenia 1
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3.0.4 Binary rasters

A binary raster, is an image the pixels of which only take two values, zero or

one, based on a threshold. We needed to create binary rasters in this study to

avoid creating mismatched data that can overwhelm the models. The problem lies

within the process with which we derive urban form’s explanatory variables. In

short, the process creates the same metric for every unique value in each polygon.

For example, if we aim to calculate the number of patches for a city that has a

pixel value of {1, 1.4,7}, then the algorithm goes through the pixels withing the

boundary of the said city and computes the number of patches corresponding to

pixels of value 1, 1.4, and 7. This process causes a number of issues. Firstly,

the pixel value range for each raster is highly different. This range difference

will cause computing different number of metrics per raster which can lead to

the model being biased towards one raster; especially because the pixel value for

RAD and VANUI is continuous. In addition, although the cell value range is the

same for each raster, the cell value range in each city boundary is not constant.

This discrepancy between the distinct cell value sets of different cities will cause

mismatched data, meaning some cities will have more metrics than others. On

the other hand, when we use binary rasters, we create the same number of metrics

per city and per raster, which will make the data clean and less likely to push

the model a specific direction. The methodology used to create these images is

available in the methods section. During the masking process, any area which is

not covered by the boundary polygons, is given the value of zero. As a result, the

masked rasters comprise of two main areas: the pitch-black areas with cell values

of zero, and the areas of interest within the cities’ boundaries, which can have

any cell value based on the pixel value range of their corresponding raster. The

process of creating binary rasters operates based on the median cell value of the

raster in each country. Based on this process, each pixel’s value within a city’s

boundary is compared to the city’s country’s median pixel value. If the city’s pixel

had a greater value than the country median cell value, that pixel is assigned the
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number one as its new value. If the city’s pixel had a lower value than the country

median cell value, that pixel is assigned the number zero as its new value. The

any value in the masked area larger than the median value is assigned the value

one, and any value below the median is assigned zero.

Inorder to implement this porcess, we needed to find each country’s median

cell value per raster. Calculating the median pixel value per country per raster

can be challenging. If the masked rasters are considered for this process directly,

the large number of pitch-black values (zeros) created due to the masking process

will cause the median to be underestimated. On the other hand, if we do not

mask the rasters and use the raw images, we would be including the luminosity

of all other urban and non-urban areas in the calculation of the median which

would lower the representability of the median with regards to the metropolitan

areas for which we have the boundaries. Consequently, all the values in the rasters

that exclude the areas within the boundaries are set to NA so that the median

luminosity level of each country is calculated based on the metropolitan areas of

interest. It is important to set the threshold for creating binary rasters based

on each country’s median cell value instead of seting one median value for the

whole map of the world. The reason for this country-based calculation is that the

administrative boundaries in the OECD cities are especially tight; this causes a

small amount of variation in the cities. Simultanously, the US metropolitan areas’

boundaries are wider and thus, have more cell value variation. If all the cities are

considered together, the median can be chosen so low that most of the values in

one city would be set to one. Calculating the median number for each country

allows for a more accurate pixel classification.

3.0.5 Metrics

One of the contributing factors to economic gain is the cities’ urban form. For

example, a larger city might have more space for building factories and firms or
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have more infrastructure. However, left unconsidered, the urban form can cause our 

models to suffer from latent variables. Using the binary rasters, we calculated 

geological metrics that allow us to capture various aspects of the cities’ boundaries.

3.0.6 Corestats

Using the masked rasters, we calculate the sum, count, mean, median, max, and 

variance of the values within each city. Sum denotes the aggregate luminosity 

and is calculated by adding the polygon’s raster’s values. Count denotes the 

number of cells within each city; the mean, max, median, and variance depict 

mean luminosity value, the maximum value, the median value, and the 

variance of the luminosity in each city, respectively.

3.0.7 Downscaling

Using the stable night lights raster and the gross metropolitan product from the 

socio-economic data sets, we estimated a downscaled GMP. The method for this 

estimation is available in the Methods section. In short, the equation below is 

used to achieve the GMP downscaled estimation. In order to add variation to our 

predictions of the GMP, we consider three variations of GDP. We use the whole 

GDP, the non-agricultural, and the services portion of the GDP to estimate the 

downscaled GMP statistic. Using equation 4.7, we utilized a bootstrap technique 

to find a variation of coefficients. The applied bootstrap technique results in 1000 

pairs of coefficients for each GDP portion mentioned above. Figure 4.4 depicts 

the relationship between the coefficients. The relationship is linear, and an OLS 

method is used to find the fitted line, depicted in red in figure 4.5. Further, the first 

coefficient, which denotes the intercept, is clustered into ten bins. An estimated 

value for the second coefficient is then found based on the fitted line. Consequently, 

we derive ten pairs of coefficients per GDP portion. These coefficients are later 

applied within the equation 4.3, for each city.
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3.0.8 Coastal Variable

Using the Low Elevation Coastal Zone (LECZ) raster file, which denotes the 

coastal zones, we derived a binary variable which is 1 if a city is considered coastal 

and is 0 if a city is not coastal. According to our estimation, we had 164 coastal 

cities out of 511 metropolitan areas in the training/testing data and 409 coastal 

cities out of 1298 metropolitan areas in the prediction data. MacManus et al. [31] 

created this data file. Their study aims to estimate land areas and their different 

levels of populations (rural to total).

3.0.9 Roads

Created by Meijer et al. [32], the roads data is processed in QGIS against the 

boundaries for each data set, calibration/validation, and prediction, and the sum 

of roads and the number of road segments are counted. In our training/testing 

dataset, the maximum road length and count belonged to Hamburg, Germany, 

with 3,069 kilometers of roads and 6301 road segments. For the prediction data 

set, the maximum road length belonged to Baghdad, Iraq, with 7,196 kilometers of 

roads and the maximum number of road segments Maputo Matola, Mozambique, 

with 16452 road segments.
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Chapter 4

METHODOLOGY

4.0.1 Re-Projection

The raw raster data is projected in EPSG:4326 WGS 84 and measured in latitude, 

longitude, and decimal degrees. However, the library we used for deriving the 

metrics requires the measurements to be in meters. In order to achieve this meter-

based measurement, we decided on using the EPSG:3857 - WGS 84 / Pseudo-

Mercator reprojection. This projection, introduced by Google, is also known as 

the Web Mercator projection, and it is widely used in online maps; i.e., google 

maps and OpenStreetMap.“Web Mercator suggests an ellipsoidal earth based on 

WGS 84 ellipsoid. All map features are assigned ellipsoidal coordinates”. [37] 

In this projection, the latitude and longitude are converted into X Easting and 

Northing by the following formulae.

Easting E = a(λ− λ0) (4.1)

Northing N = a ln[tan(π
4
+ φ

2
)(1−e sinφ

1+e sinφ
)
e
2 ] (4.2)

4.0.2 Masking

We use the QGIS raster tools to extract the areas we want by masking layers.

The main inputs for this process are a raster and a vector layer (also addressed as

the masking layer). We used the nighttime images (rasters) and the boundary

shapefiles (vector files) as inputs. The masking process works similar to an
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intersection; it keeps the cells of the raster that intersect with the polygons of

the vector layer and replace any cell that is not included in this intersection are

assigned a value of NA (whatever is the NA value in the raster; i.e., 0). Figure

4.1 shows the different stages of clipping a raster by a masked layer.
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4.0.3 Creating Binary Rasters

In order to calculate different metrics, we need to turn our masked raster images 

into binary. This conversion is because when capturing the urban form of these 

metropolitan areas, the raster values are looked at as different classes. The raw 

files do not exhibit discrete cell values (apart f rom the s table NTL). In addition, 

if we consider all cell values, for example, in the case of stable NTLs, we would 

end up with 63 classes which is not representative of our analysis. As a result, we 

decided to convert our cells to light versus light. This would allow us to calculate 

the metrics more efficiently while adequately accounting for luminosity. Creating 

binary rasters is done in R and is done per country. In order to create binary 

rasters, we need to determine a cutoff value so that any cell value in the raster 

that is greater than the cutoff value is assigned the value of one, and any cell 

value that is less than the cutoff value is assigned zero. We decided to consider 

each country’s masked raster’s median value as the cutoff. Since the automatic 

assigned NA values for these rasters were considered 0 during the masking process, 

many cell values in each raster have a value of zero. These values throw off the 

calculation of the median value, which is why they are assigned to “NA” before 

the median calculation. Further, we consider all the metropolitan areas in each 

country in each masked raster. The median raster value is then calculated through 

the “quantile” function. Next, each cell is evaluated against the cutoff point and 

assigned either one or zero. Figure 4.2 shows an example of England and fourteen 

British cities included in the calibration/validation data. This figure shows the 

difference between a binary raster and the masked raster.

4.0.4 Urban Form Metrics Derivation

In order to derive urban form metrics, we used the "landscapemetrics" package in 

R. This package "calculates landscape metrics for categorical landscape patterns 

in a tidy workflow. " landscapemetrics" r e-implements t he m ost c ommon met-

rics from ’FRAGSTATS’ and new ones from the current literature on landscape
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Figure 4.2: Masked vs. Binary raster-case of England. (a) Masked raster of British 
cities (b) Binary raster of British cities based on the median value of 62

metrics. This package supports ’raster’ spatial objects and takes RasterLayer, 

RasterStacks, RasterBricks or lists of RasterLayer from the ’raster’ package as 

input arguments. It further provides utility functions to visualize patches, select 

metrics, and building blocks to develop new metrics." [26] The metrics can be 

calculated in three main ways; class, patches, and landscape. If calculations are 

done over classes, it means that the metrics are derived based on the different 

discrete class values of the raster cells for a given raster. If the calculations are done 

over the patches, the raster is divided into carious patches based on the cell values. 

Finally, If the calculations are done over the landscape, the metrics are derived from 

the whole raster without dividing it based on anything. We use the "calculate_lsm" 

function from this package. This function takes the raster layer (as the landscape) 

and a set of metrics as inputs, then calculates the metrics and produces a table of 

the derived metrics as output; Table 4.1 shows a sample of such output for London. 

To capture the luminosity of the urban areas in this study, we base our calculations 

on the lit cells (value=1) of the binary rasters and thus, use the class-based 

calculations in this package. Overall, we derive 15 metrics that cover various 

aspects of urban form. The list of these metrics, along with their formulae and 

explanations, are available in the appendix.
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Considering that we wanted to account for each city’s urban form regarding

metrics, each city must be taken into account for the derivation of the metrics

table. For this purpose, we came up with a for loop that creates the metrics table,

adds the corresponding city’s name and index, filters the rows of the output table

to include only class=1 rows, and traverses the table for each city. By binding

the traversed tables row by row, we arrive at a data set that includes all the cities

with their corresponding metrics.

Table 4.1: Example of the landscape metrics table output with class-based
calculations for the city of London.

layer level class metric value

1 1 class 0 ai 90.93381686

2 1 class 1 ai 95.96823458

3 1 class 0 area_mn 17286.99433

4 1 class 1 area_mn 45448.14289

5 1 class 0 cai_mn 33.9582722

6 1 class 1 cai_mn 27.56688089

7 1 class 0 clumpy 0.9722247977

8 1 class 1 clumpy 0.9807429749

9 1 class 0 cohesion 96.79302755

10 1 class 1 cohesion 99.1671112

11 1 class 0 contig_mn 0.5537249102

12 1 class 1 contig_mn 0.5277165189

13 1 class 0 dcad 0.002187784245

14 1 class 1 dcad 0.001604375113

15 1 class 0 ed 0.5468829007

16 1 class 1 ed 0.5468829007

17 1 class 0 lpi 21.67049369

18 1 class 1 lpi 54.93685419

19 1 class 0 lsi 5.672897196
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Table 4.1: Example of the landscape metrics table output with class-based
calculations for the city of London.

layer level class metric value

20 1 class 1 lsi 3.558139535

21 1 class 0 np 16

22 1 class 1 np 9

23 1 class 0 pd 0.002333636528

24 1 class 1 pd 0.001312670547

25 1 class 0 pladj 96.32190531

26 1 class 1 pladj 97.63221677

27 1 class 0 pland 40.34156142

28 1 class 1 pland 59.65843858

29 1 class 0 shape_mn 1.578895163

30 1 class 1 shape_mn 1.433830413

31 1 class 0 split 18.69766242

32 1 class 1 split 3.298891159

33 1 class 0 te 374956.6956

34 1 class 1 te 374956.6956
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4.0.5 Luminosity Statistics

Using the masked rasters, we calculate the sum, count, mean, median, max, and

variance of the values within each city. Sum denotes the aggregate luminosity.

It is calculated by adding up the raster’s cell values within each boundary, i.e.,

the summation of all the cell values within the boundaries of London city. Count

denotes the number of cells within each metropolitan boundary. The mean value

is the average cell value of the raster, given the making layer polygon, and is equal

to the division of the sum value by count. Additionally, max depicts the maximum

cell value inside the masking polygon. Median shows the calculated median cell

value of all the values inside the boundary polygon. Finally, variance denotes the

variance of the luminosity in each city, using the mean cell value and the count of

values in each metropolitan area.

4.0.6 Downscaling National GDP with Nighttime Lights

We use a method of GDP downscaling as a country GDP-based prediction method

for estimating metro-level GMP. The result of the downscaling process in this

study is a prediction for a metro’s GMP that we include in our statistical learning

models as exlanatory variables. In this method, we calculate a metro-level variable

labeled as "downscaled GDP," which we use to derive a predicted GMP using the

following regression equation:

ˆlog(GMP ) = γ̂ + δ̂log(downscaledGDP ) (4.3)

Equation 4.3 is a general notation of the regression equation used for deriving the 

estimated GMP. This equation takes two coefficients (gamma and delta) and the 

"downscaled GDP" statistic as inputs. In order to increase the accuracy of our 

predictions, we decided to use various sectors’ portions of the GDP. In addition, 

to increase the external validity of our predictions, we applied a bootstrap model 

and added post-production steps. The following explains the different portions
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of the GDP that was considered in the calculations, how the "downscaled GDP"

statistic is calculated, the bootstrap method, and the post-production process of

this method’s outcome. We note that since we are using three raster images as

sources of nighttime lights, every calculation has been repeated for each image.

GDP Sectors

We understand that not all four major sectors of an economy (agriculture, industry,

manufacturing, and services) are majorly affected by the metropolitan area’s

activity. As a result, we decided to include three central portions of the GDP

in the downscaling process. In addition, because we have the actual GMPs in

the calibration and validation data, we can assess the accuracy of our predictions.

We choose what portions of the GDP to consider based on their predictive perfor-

mance. First, we use the whole of the GDPs of each country. Next, by subtracting

the portion contributed by agriculture, we get the non-agricultural portion of the

GDP. Lastly, we consider the services portion of the GDPs of countries.

Deriving the Downscaled GDP Statistic

Every step in the following is repeated for each raster image and GDP portion.

First, we calculate each country’s luminosity statistics. Next, using equation 4.4,

the amount of GDP that can be associated with each unit of luminosity across all

countries in the world is calculated.

GDPperLumencountry := GDPcountry/sumLightscountry (4.4)

We then create an estimate of GMP for each city in our calibration sample

using the GDPperLumen measure and the luminosity statistics of metropolitan

areas. This is "downscaling" of national GDP information. The calculation of the

downscaled GMP has to be done separately for each city in each country in our
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data samples. For example, in the case of the U.S., downscaled GMP is calculated 

as follows:

downscaledGMPusmetro := GDP perLumenusa × sumLightsusmetro (4.5)

Generally, for any country’s metropoltan area, we can express this as:

downscaledGMPmetro := GDP perLumenmetro′scountry × sumLightsmetro (4.6)

These calculations are repeated for all cities and their respective countries, and 

they produce a downscaled GMP variable for every metro in our datasets through 

equation 4.6.

We then base our bootstrap method on the OLS regressions in equation 4.7. Us-

ing our calibration sample with logGMP as our dependent variable and log(downscaledGDP )

as our independent variable.

log(GMP ) = γ + δlog(downscaledGDP ) + e (4.7)

Deriving the Downscaled GDP Statistic

We use the bootstrapping technique to look at a spectrum of coefficients regarding 

equation 4.7 rather than just one set of coefficients. Because our calibration and 

validation data only includes OECD countries, and the coefficients in equation 

4.3 are calculated based on the calibration and validation data, we decided to 

use a bootstrap approach to capture a spectrum of coefficients. The bootstrap
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technique runs a given function, equation, or operator on a set of variables through 

a selected number of iterations. In this study, we have chosen a regression model as 

the subject of each iteration and 1000 loops as the number of iterations. In this 

process, first, we run an OLS model such as 4.7 as a baseline over the population 

data (calibration/validation data). Second, we create a sample of 20 randomly 

selected observations from the calibration data and run the model on the new 

sample data. Next, we create a bootstrap model where 20 different observations are 

chosen randomly over 1000 iterations, and the regression model 4.7 is estimated 

over the selected sample in each loop. The coefficients gamma and delta are then 

derived from each loop as the outcome and saved in a data frame. As a result, when 

the bootstrap model has successfully run, we end up with a data frame including 

1000 pairs of coefficients per GDP portion per raster image. In figure 4.3, we have 

plotted the OLS regression models both from the population model and the 

bootstrap model. The black dotted line depicts the population model. The red lines 

show each estimated bootstrap model, and the dotted green line shows the 

estimated model made from averaging the coefficients of the bootstrap model. In 

addition, table 4.3 shows the resulting coefficients of both the population model 

regression and the bootstrap model over the different portions of GDP, using the 

calibration/validation model for the radiation raster (RAD); note that the 

bootstrap coefficients are presented as the average values. All the coefficients are 

statistically significant at a 1 percent level for the intercepts and less than 0.1 

percent for the coefficients of interest
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GDP portion Coefficients
Models

Population Bootstrap

Whole GDP
intercept 0.848 -0.535

log(downscaled-whole-GMP) 0.925 1.054

Non-agricultural
intercept 0.897 -0.258

log(downscaled-non-agricultural-GMP) 0.921 1.028

Services
intercept 1.873 -0.082

log(downscaled-services-GMP) 0.847 1.028

Table 4.3: Regression vs. bootstrap model coefficients over different portions of 
the GDP for the radiation raster (RAD)

Post-processing the Bootstrap Results

Although we have derived 1000 coefficients per GDP portion per raster image, it is 

not logical to use all 9 thousand (1000×3×3 = 9000) coefficient pairs to create the 

GMP downscaled predictions. On the other hand, using the averaged coefficient 

pairs of the bootstrap model defeats the purpose of including diversity in our data 

set. As a result, we decided to choose ten pairs of coefficients as representatives of 

the 1000 derived pairs. In this section, we explain how these ten pairs were chosen.

In order to be able to summarize 1000 observations to 10, we take the intercepts 

and group them into ten discrete groups. Figure 4.4 shows a scatter and box plot 

of the second coefficients against the grouped intercepts.

Next, we calculate the median value of each group. Note that the relationship 

between the coefficients is tight and monotone; figure 4.5 shows an example of 

this relationship for the coefficients derived from non-agricultural GDP and the 

radiance raster (RAD).
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Figure 4.4: scatter and box plot of the second coefficients derived from the
bootstrap method against the grouped intercepts

Figure 4.5: scatter the second coefficients derived from the bootstrap method
against the intercepts. The red line depicts the regression line from equation 4.8

Based on this evidence, we run a simple OLS regression such as equation 4.8; in 

figure 4.5, the red line represents the regression line calculated by such equation.
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second coefficient = α0 + α1(intercept) + e (4.8)

We can calculate the second coefficient based on this regression model, given an 

intercept through equation 4.9.

second coefˆ ficient = α̂0 + α̂1(intercept) (4.9)

Finally, we use the median group intercepts as inputs for equation 4.9 and estimate 

the second coefficient. Figure 4.6 shows an example of the ten intercept group 

medians, and their corresponding estimated coefficients of interest. These pairs 

are listed in table 4.4.

Figure 4.6: plot of intercept group median against estimated coefficients of interest
for variables derived from the non-agricultural portion of the GDP and the
radiance raster(RAd)
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no. Intercept’s Group Median Predicted Beta

1 -3.258 1.352

2 -2.124 1.234

3 -1.462 1.165

4 -0.962 1.112

5 -0.445 1.058

6 0.031 1.008

7 0.576 0.951

8 1.231 0.883

9 2.168 0.784

10 3.691 0.625

Table 4.4: Intercept group medians and their corresponding estimated Beta 
coefficient.

Downscaling Results

After the post-processing step is over, we have one data set per GDP portion per 

raster image, which contains ten pairs of coefficients; such as the dataset shown in 

table 4.4. These coefficients are then used in equation 4.3 to achieve downscaled 

predictions of the GMPs for cities. Consequently, after estimating the downscaled 

GMP with each coefficient pair as inputs for equation 4.3, we add a total of 90 

features depicting downscaling to our primary data set.

4.0.7 Grouping GMP into Twenty Ventiles

Our training/testing data set is over OECD cities. This means that if the lowest 

income range is determined based on this data, we would be grouping many 

cities from the prediction data set that likely belong to lower-income brackets 

in much higher income brackets. As a result, it is crucial to consider that our 

training/testing data set might not include the lowest income bracket. To remedy
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this situation, we decided to determine the income ranges for each bracket by a 

GMP estimation over pooled data. First, considering that the average bootstrap 

regression coefficients driven from the Services portion of countries’ GDP in the 

downscaling method yield sufficiently accurate GMP predictions, we decided to 

predict every city’s GMP through this method. Second, we pooled the train-

ing/testing data with the prediction data to have the full spectrum of our data’s 

potential GMP variation. Finally, we used the predicted GMPs to approximate 

the distribution of GMPs, determining 20 income brackets, from the poorest to 

the richest, based on cities’ frequency. After the GMP ranges are determined, we 

separate the data sets and use these ranges to group the data. Implementing this 

method showed that the training and testing data points are not representative of 

the prediction data because once the twenty income ranges were determined and 

applied to the data sets, it became clear that the training and testing dataset’s 

lowest observations belonged to the ninth ventile (first ventile denoting the poorest 

income bracket and the twentieth ventile denoting the wealthiest income range). 

As a result, the training and testing data set only account for eleven economic 

output ranges. Because of this, it is not logical to only turn the training and 

testing data into ventiles, it is also not possible to run the models while some of 

the classes (the income range between one and 9) are empty. This is why we had 

to choose the logarithmic form of gmp as the prediction goal.

4.0.8 Ridge, Lasso, and Elastic Nets

When applying linear regression, the Ordinary Least Squares (OLS) method cre-

ates a BLUE ( best linear unbiased estimator); this means that OLS has the least 

variance among all other unbiased estimators. However, there exist cases were 

where OLS estimators have high variance; for example, in the presence of high 

multi-collinearity or few degrees of freedom. High variance causes over-fitting. 

Figure 4.7 shows the relationship between bias and variance as a set of darts 

thrown at a dartboard [13, 18].
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Figure 4.7: Bias and variance as darts thrown at a dartboard Domingos [13], 
source: [18]

One of the problems in machine learning is over-fitting. In such cases, the 

model does very well on the training (calibration) data with very low errors and 

high accuracy, but poorly when applied to the testing (validation) data, with high 

errors and lower accuracy. Therefore, when specifying a prediction model, the aim 

is to have the least possible mean squared errors (MSE). We can decompose MSE 

into bias and variance, such as in equation, [Bishop [3]; Friedman [19]; Geman et 

al. [21]],:

mean squared errors = bias+ variance+ noise (4.10)
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Figure 4.8: Bias vs. variance trade-off Fortmann [18], source: [18]

Equation 4.10 can be written as below [27]:

E(y0 − ˆf(x0))
2 = V ar(f̂(x0)) + [Bias(f̂(x0))]

2 + V ar(e) (4.11)

Where the left hand term denotes the expected test MSEs. The the terms from 

left, on the right hand side are the variance, bias, and the variance of the inherent 

noise of the data. Note that variance is non-negative by nature and the bias term 

is square. Consequently, MSE can never be less than V ar(e).

Figure 4.8 shows the trade-off between bias and variance. Based on equation 

4.11, if we stand at an OLS standpoint where we have very little bias and very high 

variance, we can increase the bias by a small amount to decrease the variance by a 

relatively large amount. By introducing bias in the model, we can successfully 

decrease the MSE value. Ridge, L2 type regularization, tries to introduce this bias 

in the model to decrease the MSE. Equation 4.12 shows the minimization problem 

we solve when faced with an OLS model.
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arg min
N∑
i=1

(yi −
∑
j

βjxij )
2 (4.12)

Ridge adds a penalty term such as in equation 4.13 :

arg min
N∑
i=1

(yi −
∑
j

βjxij )
2 + λ

∑
j

β2j (4.13)

This is why regularization is important. Applying the Ridge penalty is a

form of implementing regularization in a model. As lambda increases, the bias 

increases and the coefficients shrink further and finally converge to zero. Using 

the Ridge method, none of the coefficients can actually be assigned a value of 

zero. Therefore the resulting model will be hard to interpret. The least absolute 

shrinkage and selection operator (LASSO) sets the coefficients that contribute very 

little to zero [40]. Equation 4.14 shows the minimization problem that we aim to 

solve when using LASSO:

arg min
N∑
i=1

(yi −
∑
j

βjxij )
2 + λ

∑
j

|βj | (4.14)

Elastic net tries to mix Ridge and Lasso’s penalty terms [42]. Equation ??hows 

the elastic net optimizing problem:

arg min
N∑
i=1

(yi −
∑
j

βjxij )
2 + λ[α(

∑
j

|βj |) + (1 − α)(
∑
j

βj
2)] (4.15)

We can re-write equation 4.15 as:

arg min MSE + λ[α(Lasso penalty) + (1 − α)(Ridge penalty)] (4.16)

Where α and λ allow us to use various amounts of each penalty and the entire 

penalty term respectively. In all models, α and λ can be numerically determined by 

cross validation.
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4.0.9 Random Forests

Random Forests (RF) utilize multiple decision trees through ensemble learning. In 

this method, we use a collection of decision tree predictors h(x; θk), k = 1, 2, ..., K 

where x denotes the independent variable (feature, or covariate) vector of length p 

and θk are independent identically distributed random vectors [36]. It can be proven 

that over-fitting does not happen when random forests are used. In addition, in 

order to ensure accurate RF predictions, each decision tree is grown on a bootstrap 

sample from the training data set with a subset of covariates so that trees’ will not 

share the same errors and they would have low error correlation [36].
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Chapter 5

IMPLEMENTATION

In order to run any models on the completed main data sets, there are various

steps that we need to follow. In the following, we explain these steps.

5.0.1 Data Partitioning

Data partitioning is the process of breaking our data into a training/calibration

set and testing/validation set. We break our data into these two sections because

the main data set exclusively on the OECD countries have the final label, GMP,

for each city. This means that we can train our models on this data, and also,

we can see how well our model does with this data because we can evaluate the

predictions against the true values of GMP. To avoid feeding the model the same

data it was trained on, it is important that the testing dataset is not included

in the training. If we include all or a portion of the testing data in the training

process, the evaluations of the predictions lose some of their value. For this reason,

we exclude about twenty percent of the main data set from the training process

so that we can then use the model predictions as a means of further evaluation.

We randomly select 80 percent of our data for training purposes during data

partitioning and 20 percent for testing purposes. Depending on the library we

plan to use, this data must be put in different forms. For example, when using the

glmnet library, the training and testing data sets must be in the form of Matrices;

when using the caret library, the training and testing data must be in the form

of data frames and lists. After the initial partitioning, we separate the final label,
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which is the feature denoting the actual ventile that each city belongs to, from the

independent variables.

5.0.2 Libraries

We use three main libraries for our models. The glmnet library is used for the lasso,

ridge, elastic networks models. The caret library is used for random forest and

and multinomial models. Finally, we used the randomForest library to optimize

the RF model and generate variable importance tables.

GLMNET Package

In order to use three of the Supervised machine learning models used in this

paper, the Glmnet package in R has been used. The Generalized Linear Models

(abbreviated and used as glmnet) package supports the LASSO, Ridge, and Elastic

Net Regression methods. Since this package is used for linear models, it can be

applied to both linear and logistic regressions. One of the advantages of this

packages is its speed, which results from utilizing sparsity in the input matrix.

This algorithm is regularized by convex combinations of l1 and l2 penalties (elastic

net regression) as shown in the term below

λ[α(
k∑
1

|vari|) + (1− α)(
k∑
1

var2i )] (5.1)

where α ∈ [0, 1] and allows us to control the ratio of either l1 or l2 penalties; for

example, to use LASSO penalties only, α can be set to 1 so that the term (1− α)

will be omitted. In addition, Since the whole term is a penalty itself designed to

prevent overfiting, λ is used to control how much of the pernalty will affect the

model.
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λ α

OLS 0 (0,1)

LASSO >0 1

RIDGE >0 0

Table 5.1: Different λ and α combinations in the calculated model result.

CARET Package

We use the "caret" (Classification And Regression Training) package .  We used 

this package for training our elastic net, RF, and Multinomial models. We also 

make use of a ten fold cross validation technique for all models with numerically 

determined hyper-parameters (Lasso, Ridge, Elastic net)

RANDOMFOREST Package

The randomForest package, yielded from Breiman and Cutler’s original Fortran 

code [4, 11] , allows us to train an RF model, optimize it, and generate variable 

importance tables and plots. In addition, it produces out-of-bag (OOB) error 

measurements which show the testing prediction error against the true label. It 

uses the square root of the number of predictors as the default number of feature 

samples for splitting nodes in classification models and one-third of the predictors 

in regression models. It allows tuning the model by finding the best number of 

sampled features for splitting nodes by minimizing the OOB. Moreover, using this 

library, we can generate tables and plots that show the importance of predicting 

variables by percent increase in MSE and percent increase in node purity.

5.0.3 Evaluation Methods

We evaluate each model in two stages after training and after testing. First, we 

evaluate each model’s training predictions for the GMP ventiles. Next, we use 

the trained model to make predictions for the testing data and evaluate these 

predictions. Note that because the models are trained with the training data, the
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evaluations of the training predictions are always better than the testing data.

It is preferred if the training and testing data errors are close because a small

error for training predictions and a high error indicates overfitting. We use three

main evaluation methods, the RMSE, the distance fromg the correct value, the 45

degree line, and the 5 to 10 billion dollar threshold
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Chapter 6

RESULTS

In this chapter, we focus on the results of the implemented models. In the 

following, we will present our results from our most basic regression analysis to 

the most data-rich random forest analysis. Finally, we present a prediction data 

set on the boundaries included in the Morphological boundary shapefile in table 

6.7 to table 6.21 which is the main result of this research.

Table 6.1 shows the regression results of preliminary OLS models on the most 

significant variables. The population variable is in 100,000 people, and the 

independent variable is ln(GMP), with the GMP in 1,000,000 dollars in all models. 

All coefficients have expected signs and are statistically significant, except for the 

count of road segments. Based on model five, for every 100,000 additional 

inhabitants, we can expect the GMP to increase by 2,500,000 dollars. In addition, if 

a city is a coastal one, we can expect it to have 31,700,000 dollars more than non-

coastal cities on average. For every one degree of moving North, GMP is expected 

to increase by 1,900,000, and for every one degree of moving East, we expect the 

GMP to increase by 500,000. Finally, we can expect a 50,000 dollar average increase 

in GMP per every additional one kilometer of road. Table 6.2 shows the country-

level fixed effects model results where the US has been kept as the baseline. With 

the country binary variables being statistically significant, this model shows there 

is a meaningful difference in countries effect on the output with regard to the 

baseline which was the US.
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Table 6.3 shows the model evaluation results of a model that uses population 

as its only independent variable for estimating ln(GMP) and one that uses all 

the independent variable except for population. The metrics below are achieved 

without data partitioning.

Table 6.3: Evaluation of an OLS model with only population as an independent 
variable and an OLS model with all independent variables except for population

OLS Model RMSE R-Square

Population Only 0.931 0.369

All Variables except Population 0.304 0.933

Table 6.4 shows some of the parameters of the models that were implemented 

in this thesis. Considering the RMSE, the preliminary OLS model has a high 

error. However, the OLS model that includes all the covariates is the worst 

model. Although the training data set’s RMSE was small, the RMSE increases 

significantly when we move from the training data to the testing data in an OLS 

model, which showed that the model did poorly on out of training sample data. 

This is because the correlation between covariates is high; as a result, the variance 

of the model is high. So we introduced regulation to our model in the form of 

the Ridge penalty. This model shows that shrinking the coefficients causes the 

prediction error to decrease. The Lasso penalty allows for coefficient selection, 

meaning that some coefficients will be assigned zero. This penalty shows an 

improvement which means some of our coefficients are not contributing to the 

model. The Elastic Net model shows that the Lasso penalty is the superior 

regulation. Finally, the Random Forest has the lowest RMSE, and due to the 

advantages the model has in general, such as the absence of overfitting, it is the 

best fit.
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Figures 6.1, 6.2, 6.3, and 6.4 show the accuracy of the implemented models 

on the testing data. The red line shows the 45-degree line, the green line shows 

the 5 billion dollar threshold, and the blue line shows 10 billion dollar threshold 

over a scatter plot of the predicted GMP values against the observed GMP. The 

closer the fit is to the 45-degree line, the more accurate the model would be on 

unseen data. Figure 6.5 shows the final tuned RF model with 5000 trees and 202 

variables in each node split sample. This model superior in accuracy.

Figure 6.1: The Ridge model. Red line: 100 percent accuracy. Green line: 5
billion dollar threshold. Blue line: 10 billion dollar threshold
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Figure 6.2: The Lasso model. Red line: 100 percent accuracy. Green line: 5 billion
dollar threshold. Blue line: 10 billion dollar threshold
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Figure 6.3: The Elastic nets model. Red line: 100 percent accuracy. Green line:
5 billion dollar threshold. Blue line: 10 billion dollar threshold
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Figure 6.4: The RF model. Red line: 100 percent accuracy. Green line: 5 billion
dollar threshold. Blue line: 10 billion dollar threshold
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Figure 6.5: The tuned RF model. Red line: 100 percent accuracy. Green line: 5
billion dollar threshold. Blue line: 10 billion dollar threshold

Figure 6.7 shows the tested number of predictive variables tested to achieve 

the minimum OOB error. This process starts with 90 default variables (one-

third of the 270 independent variables we included in our models) and increases 

this number to achieve the lowest OOB (0.0828), which happens at 202 variable 

samples.
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Figure 6.6: The optimal variable sample size for splitting nodes based on OOB
error; mtry shows the number of variables sampled

Table 6.5 and figure 6.7 show a list of independent variables in order of impor-

tance concerning both percent increase in MSE and increase in node purity. The

most influential variable is population and latitude.
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Table 6.7 to table 6.21 show the prediction results, categorizing each city within 

ventiles, based on their predicted GMP. Different tables report the results by sub-

region: Table 6.7 for Australia and New Zealand. Table 6.8 for Central Asia. Table 

6.9 for Eastern Asia. Table 6.10 for Eastern Europe. Table 6.11 for Latin America 

and the Caribbean. Table 6.12 for Melanesia. Table 6.13 for Northern Africa. Table 

6.14 for North America. Table 6.15 for Northern Europe. Table 6.16 for South-

eastern Asia. Table 6.17 for South Asia. Table 6.18 for South Europe. Table 6.19 for 

Sub-Saharan Africa. Table 6.20 for Western Asia. Table 6.21 for Western Europe. It 

is important to note that in table 6.7 to table 6.21, the population is in number of 

people, and GMP and GMP per capita are in thousands of dollars.
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Table 6.6: The GMP ranges for each ventile.(in millions of dollars)

Ventile Max Min

20 1,294,657 39,475

19 39,332 21,652

18 21,246 14,332

17 14,254 10,579

16 10,576 8,985

15 8,978 8,243

14 8,221 7,784

13 7,784 7,084

12 7,063 5,774

11 5,761 5,156

10 5,155 4,741

9 4,737 4,458

8 4,458 4,249

7 4,249 3,919

6 3,907 3,672

5 3,670 3,522

4 3,522 3,361

3 3,359 3,118

2 3,116 2,801

1 2,801 1,479
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Chapter 7

CONCLUSION AND DISCUSSION

7.1 Conclusion

This thesis sets out to find a method to reliably estimate metropolitan areas’ gross 

economic output using publicly available data, ranging from Census data to 

satellite imagery. We utilized various raster images and cross-sectional data sets to 

create a feature vector for different statistical learning models. Random forest was 

chosen as the most accurate predictive model. The model was then trained on 409 

observations and tested for 102 observations. Finally, we used this random forest 

for estimating 1298 cities’ GMP and grouped the predictions into 20 groups, the 

first group showing the poorest city and the last group showing the wealthiest city.

We conclude that the combination of socioeconomic data, big data (in the form 

of satellite imagery, and statistical learning methods can provide us with the first 

set of useful predictions regarding the distribution of GMP across the globe.

7.2 Discussion

Chen and Nordhouse 2010 [8] is one of the pioneering research works that assesses 

the impact of nighttime satellite images in estimating economic growth. While this 

paper finds luminosity to be a poor predictor of growth especially in the developed 

world, we find this spatial data source to be quite a useful proxy. We were able to 

derive numerous explanatory variables that account for luminosity and urban form 

by using the satellite images and the city boundaries. The difference between the 

previously conducted research and the one at hand is also noteworthy.
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The Chen and Nordhouse 2010 [8] and many other research studies, looks at

one nighttime lights image only, with high probabilities of saturation, while we

utilize three sources of luminosity that are designed to battle saturation in city

centers and to capture urban form specifically.Chen and Nordhouse 2010 [8] and

Henderson et al. 2012 [25] studies, are conducted over a panel data with countries

as the study subject scale. However, we used longitudinal data for 2010 and

set the metropolitan areas as the subject of this thesis. These two studies are

also fundamentally different in their methodology for achieving estimations. This

thesis utilizes a way more complex methodology than its predecessors in the field.

There were many challenges and limitations regarding this research. We ad-

dress some of the limitations and recommend possible solutions aiming at future

work in the following paragraphs.

Firstly, we decided to use the web projection that is widely used in online maps

(EPSG:3857 - WGS 84 / Pseudo-Mercator) as our target coordinate reference

system (CRS) for reprojecting raster images. While this reprojection converts

map units from decimal degrees to meters, it contains distortions as we move

away from the equator towards the North. Therefore, we suggest each raster be

tiled according to the 60 UTM zones and reprojected based on each zones formula

to remedy the distortions in the map.

Additionally, we have not fully utilized the theoretical significance of popula-

tion as a predictor for the GMP. According to the urban scaling law theory [2],

GMP exhibits a scaling relationship with each cities population within each coun-

try. Based on specific characteristics of an urban system, the scaling relationship

is characterized by a scaling coefficient that ranges from 1 to 1.15. This range

follows both theoretical and empirical studies. Consequently, we believe that a

bootstrap method such as the one we applied for the downscaling technique will
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allow us in the future to introduce predictions that take into consideration urban

scaling theory.

We also anticipate our future work to include self reported data and manufac-

turing sector of the GDP. There are various ways to collect insights into the urabn

structure. Self reporting data can be a goof proxy of how well an urban areas

is doing. Consequently, self reported data can be helpful in GMP estimation. In

addition, the manufacturing portion of the GDP is especially significant in some of

the developing world. As a result, we plan to include this metric in the downscaling

process in our future work.

Finally, because the training and testing data include many developed coun-

tries’ metropolitan areas, we cannot make lower predictions than the lowest obser-

vation in the training dataset. We included various GDP-based downscaled estima-

tions of the GMP in order to account for different regions that were not included in

the training/testing data. However, we suggest the inclusion of simulations made

through a WGAN model in our machine learning models to represent data is not

considered in the models. In addition, simulation data can be introduced to the

model to increase the models’ training spectrum and, thus, predictions.
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Chapter 8

APPENDIX
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