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 The Defense Meteorological Satellite Program (DMSP) Optical Line Scan (OLS) 

instruments collect data from an altitude of approximately 830km above the surface of 

the Earth.  The night light data from these instruments has been shown to correlate by lit 

area with national level Gross Domestic Product (GDP) and to correlate with GDP at the 

State level by total radiance value.  Very strong correlation is found between the night 

light data at a new, larger scale, the Metropolitan Statistical Area (MSA) within the state 

of Florida.  Additional statistical analysis was performed to determine which industries 

within each MSA explain the greatest amount of variance in the night light data.  

Industrial variables exhibited strong multi-collinearity.  It is therefore impossible to 

determine which industries explain the greatest variance in the night light image data. 
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I. Introduction 

The presence of light across the Earth‟s surface provides some of the most 

visually stunning and thought provoking scenes from space (Doll, 2008).  “What is 

stunning about night-time light imagery is that its presence is almost entirely human 

induced and gazing upon the Earth at night leaves us in little doubt of our capacity to 

modify our planet on a global scale” (Doll, 2008).  “In the two centuries since Humphrey 

Davy first demonstrated a light bulb to the Royal Society in 1806, there isn‟t a single 

country in the world where light cannot be detected” (Doll, 2008). 

 

Figure 1 - DMSP-OLS F16 Satellite image of Florida – 2006 

Image processing by NOAA‟s National Geophysical Data Center 

DMSP data collected by the US Air Force Weather Agency 

Shapefile courtesy of the Florida Department of Environmental Protection 
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Visible light images from the Defense Meteorological Satellite Program (DMSP) 

Optical Linescan System (OLS) „night lights‟ instruments were originally designed for 

United States Air Force meteorologists to monitor clouds and weather patterns on the 

dark side of the Earth‟s surface (Kramer, 1994).   In addition to clouds, these night-side 

images record city lights (Akasofu et al., 1975), manmade and natural fires (Cahoon et 

al., 1993), and natural gas flaring (Croft, 1975).  It was discovered that lights observed at 

night from a sensor may be of value to other research interests (Doll, 2008), and a 

photographic and digital archive of the imagery from the DMSP-OLS instrumentation 

was established at the National Oceanic and Atmospheric (NOAA) National Geophysical 

Data Center (NGDC) in Boulder, Colorado.  The NGDC has been archiving analog 

images from the DMSP-OLS system since 1972.  More recent satellite data are generated 

and stored digitally.   

Since then, researchers have sought to link socioeconomic and biophysical 

information to the data provided by the visible band of the DMSP-OLS system.  The 

NGDC offers a limited number of freely available, pre-processed image „products‟ on 

their website from the DMSP-OLS visible band to encourage researchers to utilize the 

data.  Examples of such research include estimating population and energy consumption 

in the Amazon (Amaral, 2005), population distribution (Balk, 2004) and density (Sutton, 

2003 and Zhuo, 2005), global poverty (Elvidge, 2009) and poverty in Africa (Noor, 

2008).  Other studies utilizing the DMSP-OLS imagery include the detection of forest 

fires (Chand et al., 2007), assessment of biomass burning in the Amazon (Prasad et al., 

2002), measurement of impervious surfaces (Sutton et al., 2009), the spatial distribution 

of squid fishing grounds (Choi et al., 2008), electrical power consumption (Chand et al., 
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2009) and CO2 emissions ( Elvidge, 1997), change detection in urban extent (Small et al., 

2005), the heat island effect (Gallo, 1998), and the spatial extent and effects of light 

pollution (Gallaway, 2010). 

Clearly, the DMSP-OLS satellite data has been utilized for many different studies 

involving physical, social and economic indicators.  Strong correlations at aggregate 

scales were found to exist between the DMSP-OLS night-time satellite imagery and 

human population density in the United States (Sutton, 1997), China (Zhuo, 2005) and 

Australia (Townsend, 2010).  Sutton (2003) also developed a simple empirical model 

derived from night-time satellite imagery for estimating global population from the 

DMSP-OLS night-time imagery.  It has been shown at varying small scales that the 

DMSP-OLS satellite dataset correlates especially well with economic statistics.  

What sets the DMSP-OLS system apart from other sources of night side data is its 

high-gain sensor, giving the DMSP-OLS system the unique capability of recording even 

very low levels of light from the night side.  It is capable of observing radiances “about 

one million times dimmer than most other Earth observing satellites”, according to the 

NGDC website (www.ngdc.noaa.gov/dmsp/dmsp.html).  The DMSP-OLS system 

incorporates a photo-multiplier tube to enhance all visible and near-infrared sources it 

detects, giving it an advantage over other satellite systems in recording low light levels 

across the surface of the Earth. 

Sutton and Costanza (2002) looked for a possible correlation between a DMSP-

OLS dataset and a modified form of Gross Domestic Product (GDP).  GDP is defined 

here as the measure of the total market values of goods and services produced by workers 
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and capital within a nation‟s borders during a given time period.  Sutton et al., examined 

the 1995 GSP (Gross State Product, a modified form of GDP), for the coterminous 

United States against the DMSP-OLS dataset and achieved an R
2
 value of 0.86 (Sutton 

and Costanza, 2002).  Their results suggest a strong relationship between economic 

activity and the night-lights imagery.   

In addition to the work of Sutton and Costanza, economic activity and the DMSP-

OLS night-time imagery lit area has been correlated by Elvidge, et al., (1997) at the 

national level, including the United States, and at the sub-national level with radiance 

values in Europe and the United States (Doll, 2006).  Out of all the countries studied 

(Doll, 2006), the United States was found to have the highest amount of lighting per unit 

of economic activity, suggesting that the radiance calibrated data set may have linkages 

to energy use and CO2 emissions (Doll, 2008). 

In their efforts to map regional economic activity from the DMSP-OLS dataset 

within the United States and Western Europe, Doll, et al., (2006) aptly describe the need 

for finding and utilizing datasets that help us determine, describe and possibly predict the 

socioeconomic environment by examining the night lights images at varying scales.   

Increasing our understanding of these datasets may allow us to incorporate linkages to 

this data to further our understanding of the complex interactions humans make upon the 

environment (Doll et al., 2006).   

Linking the local and the global scales yields deeper understandings of global 

change in all its complexity (Wilbanks and Kates, 1999).  Determining if “things simply 

work differently at different scales” (Wilbanks and Kates, 1999) means that “issues of 
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scale are central to attempts to generalize propositions discovered about entities 

interacting at one level to explain relationships operating at a different level” (Gibson et 

al., 2000).  We examine changes at a local scale to better understand economic processes 

both globally and locally.  Local change contributes to global change as well as being 

affected by them (Wilbanks and Kates, 1999). 

This study examines GDP at the MSA level as well as GDP by industry within 

each MSA in the state of Florida.  Doing so increases our understanding of the 

connection between economic activity and the night light images.  The results of this 

study assist us in defining and refining the impact humans have on environmental change, 

energy use and light pollution.  Therefore, we measure correlation between GDP and the 

night lights at a new, larger scale, while also examining industry level GDP at the MSA 

level in an effort to better understand the relationships between economic activity and the 

night light images collected by the DMSP-OLS satellite system.  
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II. Research Objectives 

 This study seeks to determine if GDP at the MSA level correlates with the DMSP-

OLS night lights dataset by MSA at the state level.  This study examines correlation at a 

new, larger scale over previous research which examined correlations at the state, 

national and international level.  Hence, this proposed study does not necessarily seek a 

new methodology to measure correlation between GDP and night lights, but rather seeks 

correlation at a larger scale while also examining the contribution of economic activities 

that comprise GDP.  Examination of industry levels within GDP may assist in 

determining why GDP correlates or does not correlate with the DMSP-OLS night light 

images at the MSA level. 

This study seeks to answer the following research questions: 

1. Is there a statistical correlation between GDP and radiance-calibrated 

night lights data at the MSA level in the state of Florida? 

2. Are there specific industries that explain the greatest amount of variance 

in the radiance-calibrated night lights data in Florida? 

Research Question #1 Hypothesis Statement 

 Research Question #1 seeks to determine if statistical correlation exists between 

GDP as the independent variable and the Radiance Values as the dependent variable.  

The null hypothesis states that there is no correlation between the radiance values and 
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GDP at the MSA level in Florida.  The alternative hypothesis states therefore that there is 

significant correlation between the radiance values and GDP at the MSA level in Florida. 

Research Question #2 Hypothesis Statement 

Research Question #2 asks if there are specific industries that explain the greatest 

amount of variance in the radiance-calibrated night lights data in Florida.  Therefore, the 

null hypothesis statement for Research Question #2 is that, based on multi-variate 

statistical analysis of the data, there are no specific industries that explain the greatest 

amount of variance in the radiance-calibrated night lights data in Florida.  Conversely, 

the alternate hypothesis statement is that there are specific industries that explain the 

greatest amount of variance in the radiance-calibrated night lights data in Florida.  
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III. Literature Review 

The primary literary resources used for this study comes from the work of Doll, et 

al., (2006) entitled “Mapping regional economic activity from night-time light satellite 

imagery” as well as the work of Elvidge, et al., (1997) entitled “Relation between satellite 

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

power consumption.”  It should be noted here that Dr. Elvidge works for the NGDC in 

Boulder, Colorado, and his group is responsible for maintaining the DMSP-OLS data 

repository as well as the creation of the radiance-calibrated dataset used in this study. 

Elvidge, et al., (1997), describes how lit area was estimated for twenty-one 

different nations.  Those estimates were then compared to specific GDP, population, and 

electrical power consumption statistics drawn from the United States Central Intelligence 

Agency 1995 World Factbook.  The lit area was shown to be “highly correlated to gross 

domestic product and electric power consumption,” while significant outliers were shown 

to exist for population statistics (Elvidge et al., 1997).  Elvidge et al., (1997) was the first 

such research that suggested a relationship between the DMSP-OLS satellite and 

economic development (Doll, 2008). 

Doll, et al., (2006) builds on the work of Elvidge, et al., (1997) and also on his 

own previous work (Doll et al., 2000).  However, Doll, et al., utilized a slightly different 

dataset, radiance-calibrated data for 1997.  They examined a larger scale by targeting
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 sub-national levels in the United States and the European Union.  In the United States, 

Doll et al., (2006) examined both state-level GDP and United States Bureau of Economic 

Activity (BEA) regions.  In Europe, Doll et al., (2006) examined statistical reporting 

units called the Nomenclature of Units for Territorial Statistics (NUTS) system for spatial 

extent in Western Europe (Doll, 2008).  European economic data used in the study were 

purchased from Eurostat, the statistical body of the European Commission (Doll, et al., 

2006).   

Doll‟s research examines a correlation between Radiance Values and GDP, rather 

than lit area and GDP (Elvidge et al., 1997).  Doll et al., (2006) created maps of the 

conterminous United States and Western Europe at 5km resolution using linear 

relationships constructed from sub-national GDP data obtained from the BEA (Doll, 

2008).  The use of sub-national data allowed for the analysis of within-country 

differences of the radiance-GDP relationship (Doll, 2008).   

Interestingly, the results of the study by Doll, et al., (2006) showed that most 

countries examined had an outlier of some type, usually the capital city offset from the 

other regions in the country (Doll, 2008).  Doll directly proposes that an examination of 

the data at a new scale might reveal more insight into why those regions with the highest 

GDP vary the greatest within a particular spatial unit (Doll, 2008). 

By examining a change in scale, this study also attempts to yield information as to 

any possible underlying causal network of the expected correlation.  Therefore, the work 

of Gibson, et al., (2000) on “The concept of scale and the human dimensions of global 

change:  a survey” is also necessary to this study.  Gibson, et al., (2000) discusses the 
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importance and pitfalls of scale in social science research by a general comparison 

between the physical and the social sciences.  As he notes, “scale has increasingly 

become an issue within social science as researchers attempt to model or understand 

complex parameters related to global change or the complex relationships between 

humans and the environment” (Gibson et al., 2000).   

By examining industries within GDP, this study seeks to identify additional 

variables that describe the greatest variance within the GDP statistics.  Doing so will then 

inform us as to additional variables that might also correlate with the night light data, and 

might possibly provide additional avenues for further research into global climate change 

and anthropogenic effects on the environment. 

However, because geographic science is about the search for spatial patterns and 

explanation of processes that cause patterns, all scientific inquiry explicitly or implicitly 

incorporates scale into the process of identifying research objectives: the very act of 

identifying a particular pattern means that scale has been employed (Gibson et al., 2000).  

The choice of scale critically affects the type of patterns that will be observed, because 

patterns that appear at one scale may be obscured or distorted when viewed from another 

scale (Gibson et al., 2000, Gottway and Young, 2002) and the mechanisms vital to the 

spatial dynamics of a process at one scale may be unimportant or inoperative at another 

(Gottway and Young, 2002).  By examining the relationship between GDP and the night 

lights dataset at a larger scale then previous studies, this study seeks to establish a clearer 

linkage between economic activity and the DMSP-OLS night side images.   
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The work of many other researchers was pivotal in informing and determining the 

scope of this project, including Amaral et al., (2005, 2006), Croft (1978), Doll et al., 

(2000, 2006, 2008, 2010), and Ebener et al., (2005).  In addition, the work of Peter 

Rogerson (2006) was vital in completing the analysis of the results of this study. 
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IV. Data and Methods 

Data 

 The Radiance-Calibrated (RC) night light image data used in this study was 

downloaded at no cost directly from the NGDC‟s DMSP-OLS web site 

(http://www.ngdc.noaa.gov/dmsp/sensors/ols.html).  The dataset consists of global 

coverage, and was subset to an extent that encompasses the entire state boundary of 

Florida for data processing purposes. 

The RC data set is comprised of averaged radiance values for the time period 

ranging from November 2005 to December 2006.  The NGDC performs pre-processing 

of the data prior to providing it for download.  Pre-processing of the data includes 

removal of lunar illumination to increase contrast of light sources on the ground, removal 

of clouds, and removal of temporally inconsistent light sources such as biomass burning 

events (Elvidge et al., 1999).  Additional pre-processing includes removal of bad scan 

lines, which also removes lit rasters in the image caused by lightning (Elvidge, et al., 

1999).   

The resulting RC dataset is therefore an average of cloud-free images available 

throughout the stated time period, minus the temporally unstable lights and images from 

full moon periods (Elvidge et al., 1999).  In addition, the average Digital Numbers (DN)
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 in the dataset are weighted by the total number of detections found over the entire time 

period, resulting in a „Radiance-Calibrated‟ dataset (Elvidge et al., 1999).   

An optical instrument‟s gain is essentially the amplification of the incoming 

signal from the front end of the telescope (Elvidge et al., 1999).  The DMSP-OLS 

satellite sensor system includes a photo-multiplier tube combined with a mechanism to 

adjust the gain settings for detection of light on the surface of the Earth.  The photo-

multiplier tube combined with high-gain settings allows the sensor to detect dim surface 

lights; a lower gain setting reduces raster saturation over urban and built environments.  

The radiance-calibrated dataset, through composition of various gain settings on the 

sensor, limits sensor saturation in urban areas, but retains low-light detections in non-

urban areas (Elvidge et al., 1999).   

Saturation is a problem with the DMSP-OLS system due to its 6-bit digital data 

storage design.  Saturation occurs when a sensor detects brightness values that exceed its 

maximum threshold.  When detecting very bright lights, the system can only respond 

with its maximum value, underestimating the intensity of the light detected.  This occurs 

especially in urban areas where night lights are highly clustered. 

  To alleviate problems associated with saturation, the NGDC experimented with 

compositing low, medium and high gain settings using ground control in the DMSP-OLS 

datasets (Elvidge et al., 1999).  The NGDC composited low, medium and high gain 

settings on images obtained between November 2005 and December 2006 to create the 

2006 Radiance Calibrated dataset.  The resulting composited image of varying gains 

therefore retains the low levels of light observed in rural areas (high gain – high 
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amplification) and reduces the saturation effect of urban areas with the sensor set at lower 

gain (low amplification) settings (Elvidge et al., 1999). 

 MSA GDP
1
 

1 Miami-Fort Lauderdale-Pompano Beach, 

FL 

251,501 

2 Tampa-St. Petersburg-Clearwater, FL 108,159 

3 Orlando-Kissimmee-Sanford, FL 97,837 

4 Jacksonville, FL 58,207 

5 North Port-Bradenton-Sarasota, FL 24,664 

6 Cape Coral-Fort Myers, FL 22,138 

7 Palm Bay-Melbourne-Titusville, FL 17,093 

8 Lakeland-Winter Haven, FL 15,590 

9 Naples-Marco Island, FL 14,695 

10 Pensacola-Ferry Pass-Brent, FL 13,048 

11 Deltona-Daytona Beach-Ormond Beach, 

FL 

12,080 

12 Tallahassee, FL 12,066 

13 Port St. Lucie, FL 11,226 

14 Crestview-Fort Walton Beach-Destin, FL 9,216 

15 Gainesville, FL 8,898 

16 Ocala, FL 7,489 

17 Panama City-Lynn Haven-Panama City 

Beach, FL 

6,098 

18 Sebastian-Vero Beach, FL 4,234 

19 Punta Gorda, FL 3,607 

20 Palm Coast, FL 1,428 

21 Other (non-MSA Counties) 30,917
2
 

Table 1 - GDP by MSA in Florida 
1 In millions of current (2006) dollars 
2 Derived as 2006 total Florida GDP less 2006 total Florida MSA GDP 

 

In addition to the night lights image data set, a state of Florida boundary shape file 

was utilized to determine MSA subunits of the image data.  The shape file used is an 

update of the 2003 County Boundaries dataset provided by the University of Florida 
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Geoplan Center, and provides location and attribute information for all sixty-seven 

Florida counties.     

GDP data for MSA areas within Florida was obtained directly from the Bureau of 

Economic Analysis (BEA) website (www.bea.gov).  This data comprises GDP data for 

each of the twenty (20) MSAs within the state of Florida.  A list of Florida counties 

mapped to a Metropolitan Statistical Area (MSA) within the state of Florida was also 

obtained from the BEA website (www.bea.gov).   

 

Figure 2 - Map of Florida Counties color coded to MSA 

 

A table of GDP by industry groupings was also obtained from the BEA website.  

This table includes GDP by Industry by MSA.  The industries available by MSA are 

listed in Table 3.  GDP for certain private industries is not reported or published at the 

MSA level.  This is to prevent identification of individual company earnings in MSAs 

State of Florida
Metropolitan Statistical Areas (MSAs)

legend

MSANAME _ Ortando-Kisslmmu-S<lnfo.d

_CapeCor.a~FortMr8r$ _Olh@f
_ C,ISIVIh'.Fort Walton Beac~OeShn D Palm Bay·Mellourn..TltU$\l'~I.
_ Oelto,*O.ytOna B..c~OfmondBeach 0 P.. lm Coasl
_ GalneSYIII. _ P,lnilm<1 CJ'ly-lynn H"en-P<lMlrM C.y Beach

_JacktotWllle _Penucola-FerryPull-81em
_ uk.land.Winle, Haven _ Port $I. Lucie

_ MiamI-Fort Lauderdale.Pompana Beach _ Punl. GOld.
_ N.pl.... MlrtO Isl'M _ Slbnl'an,V"o SeKh
_ North Pou·B'adenlon-Sa,uola _ Tallilhassee
_Ocalil _Tampa.SI Petersburg-Clearwale, 140Miln,
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http://www.bea.gov/
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that contain only a few companies within that industry.  Industry GDP data was compiled 

only for those industries for which GDP data is available for all MSAs within the state of 

Florida.  GDP totals for those industries in which GDP is suppressed for privacy reasons 

were all grouped into one variable labeled Balance. 

 

Figure 3 - Map of Florida MSAs 

The background image is the 2006 Radiance Calibrated DMSP-OLS night lights image 

 

Methods 

 A list of counties not part of an MSA within the state of Florida was compiled 

using the process of elimination (see Table 2).  This list of non-MSA counties was 

combined with the list of counties that are included in Florida MSAs and coded to MSA 

name.  Non-MSA counties were coded as „Non-MSA‟.  The coded list was then used to 



17 
 

dissolve the Florida counties boundary shape file to MSA extents (see Figure 3).  The 

non-MSA counties in Florida were dissolved into a single class:  Non-MSA.  Combined 

with the twenty MSAs, this created 21 boundary classes (see Figure 3) and 21 data 

values. 

Florida Counties not included in any MSA 

Bradford Hardee Okeechobee 

Calhoun Hendry Putnam 

Citrus Highlands Sumter 

Columbia Holmes Suwannee 

DeSoto Jackson Taylor 

Dixie Lafayette Union 

Franklin Levy Walton 

Glades Liberty Washington 

Gulf Madison  

Hamilton Monroe  

Table 2 - Non-MSA Florida Counties 

 

 GDP for non-MSA counties was calculated by subtracting total MSA GDP from 

the entire State GDP, with the remainder allocated to the Non-MSA unit that 

encompasses all counties in Florida not specifically part of an MSA (see Table 2).  When 

combined with GDP by MSA, this process yields twenty-one (21) data values for GDP 

(see Table 1). 
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 GDP for non-MSA counties was calculated by subtracting total MSA GDP from 

the entire State GDP, with the remainder allocated to the Non-MSA unit that 

encompasses all counties in Florida not specifically part of an MSA (see Table 1).  When 

combined with GDP by MSA, this process yields twenty-one (21) data values for GDP 

(see Table 1). 

GDP Industry Subdivisions 

Private industries  

    Agriculture, forestry, fishing, and hunting 

    Mining 

    Utilities 

    Construction 

    Manufacturing 

    Wholesale trade 

    Retail trade 

    Transportation and warehousing, excluding Postal Service 

    Information 

    Finance and insurance 

    Real estate and rental and leasing 

    Professional and technical services 

    Management of companies and enterprises 

    Administrative and waste services 

    Educational services 

    Health care and social assistance 

    Arts, entertainment, and recreation 

    Accommodation and food services 

    Other services, except government 

 Government  

    Federal civilian 

    Federal military 

    State and local 
Table 3 - GDP Industry Subdivisions 

 

The MSA map (see Figure 3) was composited with the RC image dataset using 

ArcGIS 9.3.  The Zonal Statistics Tool within ArcGIS 9.3 was used to sum the Radiance 

Values by MSA within the image data set.  This results in twenty-one (21) sum values by 
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MSA, including the derived values for the Non-MSA counties.  The Radiance Sums and 

GDP were then combined into one table for statistical analysis. 

A pilot test scatter plot of GDP versus Radiance Values was created using 

Microsoft Excel 2007, and a trend line was fitted to the data.   

Bivariate linear regression was applied to the data using IBM SPSS 19 software.  

The dependent variable was set to the Radiance Values and the independent variable was 

set to GDP by MSA. 

 Data were then compiled for all industries within each MSA for analysis.  A 

correlation matrix for subsets of the variables was generated using IBM SPSS Version 

19.  Multivariate linear regression analysis was performed to determine which, if any, of 

the industries contribute to the greatest amount of variance in the Radiance Calibrated 

values. 
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V. Results and Analysis 

Statistical Correlation between GDP and Radiance Values 

In an effort to determine if there is a relationship between MSA level GDP and 

MSA level Radiance Values in Florida, a pilot test correlation with trend line was 

completed using Microsoft Excel 2007.  The dependent variable (Radiance Values) was 

assigned to the x-axis only to allow for separate symbolization of the non-MSA statistic 

(see Figure 4).  The non-MSA derived statistic was found to have little to no bearing on 

further results, and was removed from all subsequent analyses, reducing the number of 

variables in the study from 21 to 20 (n = 20). 

 

Figure 4 - Pilot Test Correlation between 2006 GDP and 2006 Radiance Values
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Using IBM SPSS Version 19 software, descriptive statistics and histograms of 

both the GDP data and the Radiance Values were generated.  Both variables exhibit 

significant but similar skew (Figure 5).  Both variables were then subjected to logarithmic 

transformation to reduce the possibility of Type I or Type II errors within the results.   

  

Figure 5 - Histograms of Radiance Values and GDP 

 

Both the normalized and non-normalized data were subjected to bi-variate linear 

regression, for comparison purposes (Figure 6).  The correlation coefficient value 

changes very little between the normalized and non-normalized data (Table 4).  Based on 

this result, the probability of a Type I or Type II statistical error within the results is low.  

Within the results, both of the correlation coefficients are very high (see Table 4) 

indicating that correlation between the variables is very high.  The significance values for 

both results are very low (0.000), indicating that the correlation is also very strong 

(> 99.9% significance).  The coefficients of determination for both data sets are also very 

high (Table 4), indicating that the GDP variables explain a very high percentage of the 

variance in the Radiance Values at the MSA level in Florida. 

 

RadianceValues

RadianceValues GOP

GDP
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Figure 6 - 2006 Radiance Values vs GDP by MSA in Florida 

Comparison between residuals for the normalized and non-normalized data shows 

that the residuals scatter plot for the normalized data shows a much better random scatter 

and the residuals histogram exhibits a more Gaussian distribution (Figure 7).  Compared 

to the residuals for the non-normalized data, which exhibit skew in the residuals scatter 

plot and non-Gaussian distribution in the histogram, it is concluded that the normalized 

data results, while showing slightly less correlation, are a more accurate result than the 

results obtained from regression of the non-normalized data.  For this study, n=20.  It is 

possible that having additional data points might smooth out the residuals curve. 

The magnitude of GDP varies widely between MSAs in Florida as is shown in 

Table 1.  However, the statistics generated from the linear regression show that the linear 
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relationships holds even for the MSA with the largest GDP (Miami-Dade/Fort 

Lauderdale) and the MSA with the smallest GDP (Palm Coast). 

 Non-Normalized Data Normalized Data 

Pearson’s R 0.992 0.979 

R Squared 0.984 0.958 

Adjusted R Squared 0.983 0.955 

ANOVA Significance 0.000 0.000 

Collinearity Tolerance 1.000 1.000 

Eigenvalue Dimension 1 1.519 1.992 

Eigenvalue Dimension 2 0.481 0.008 

Table 4 - Normalized and Non-Normalized Table of Statistics 

In addition, there are no major outliers in either scatter plot.  All points in both the 

normalized and non-normalized data sets correlate highly.  This may be due to the fact 

that most Florida MSA economies are based on tourism and winter-only residents, 

making the industries that support these two activities a major part of all economies in 

Florida. 

 

 

Figure 7 - Regression Standardized Residuals Histogram and Scatter Plot 

Multivariate Regression Analysis by Industry 

GDP by MSA, as published by the BEA, is divided into Private Industry and 

Public (government) Industry (see Figure 88).  Private industry comprises all industries 

outside the control of government, whether held publicly or privately.  Public 

Histogram

DependentVariable: LogRV

.
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(government) industry comprises Federal Military, Federal Civilian and State and Local 

Government GDP.   

Within the Private Industries, the Balance statistic was derived for this study, and 

is a summary of all industries not reported at the MSA level due to privacy reasons:  

Agriculture, forestry, fishing and hunting;  Mining; Utilities;  Wholesale trade;  

Transportation and warehousing;  Professional;  Management of companies;  

Administrative and waste services;  Educational services;  Health care & social 

assistance;  Arts, entertainment & recreation;  Accommodation & food services. 

 

Figure 8 - Breakdown of Florida GDP by Industry 

Breakdown of Florida Construction

GDP by Industry
Manufacturing

Retail

r-1 Private
Information

Finance
Real Estate

Other Services

GDP by MSA - Balance!

Federal Civilian

Florida GDP
Y Public Federal Military

State and Local

Non-MSAGDP
(derived)

1 Derived statIStic that oncludes all Industry GOP
statistics unpublished for privacy reasons
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Figure 8 above shows how GDP for the state of Florida is broken down into 

industries.    First, GDP by MSA is broken down into Private Industry and Public 

Industry statistics.  The Private Industry statistic is comprised of the industries listed in 

Table 5.  The „Other Services‟ statistic is created by the BEA and includes industries 

providing services not covered by other groupings (www.bea.gov).  The Balance statistic, 

shown in Figure 8 in the list of industries, is a statistic derived for this study consisting of 

a sum of all Industry GDP statistics unpublished for privacy reasons.  Public industries 

include Federal Civilian, Federal Military and State and Local government. 

Three correlation matrices were generated for analysis by industry.  The first 

(Figure 9) is a correlation matrix between Radiance Values, Public (Government) GDP, 

and Private Industry GDP.  The second correlation matrix generated is between Radiance 

Values and Private Industries, including Construction, Manufacturing, Retail, 

Information Services, Finance, Real Estate, Other Services and Balance (see Figure 10).  

The last correlation matrix generated is between Radiance Values and Public Industries, 

including Federal Civilian, Federal Military, and State and Local government (see Figure 

11).    

All three correlation matrices show that, with the exception of Federal Military, 

all industries correlate individually not only with the Radiance Values but also with each 

other.    There appears to be strong correlation between Private GDP and Public 

(government) GDP.  There also appears to be strong correlation between all Private GDP 

industry variables and all others, as well as all Public (government) GDP industry 
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variables and all others, with the exception, as noted, of the Federal Military statistic.  

These results suggest a high probability for multi-collinearity within the data. 

 

Table 5 - Multivariate Regression Analysis Results on Industry GDP 

The lower correlation resulting between the Federal Military and the other 

statistics may be due to the fact that the Federal Military owns some of the largest tracts 

of undeveloped land in the United States outside of the National Park and State Park 

systems.  For the most part, this Federal Military land is purposely undeveloped and unlit 

at night.  In addition, the Federal Military is concerned with the consumption of goods 

and services to meet their objectives for peacekeeping, training, and national security 

rather than revenue generation or other economic activities. 

Multivariate regression analysis was performed on the Industry breakdown values 

of GDP by MSA in the state of Florida in an attempt to identify those industries 

contributing to the most variance in the Radiance Values data.  All variables were 

included in the regression, and the regression was performed using the Enter method.  
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The Radiance Values were set as the dependent variable, and the industry variables were 

set as the independent variables.  Non-normalized data values were used in the analysis. 

 

Figure 9 - Correlation Matrix - Radiance Values and Public/Private Industry Statistics 

The regression results indicate very high correlation (0.994), with an R
2
 value of 

0.988 for the chosen model (all variables included) and a very low p-value (0.000).  

However, as shown in Table 5, the Collinearity Tolerance statistic for all variables is less 

than 0.5, with the highest value reported for the Federal Military (0.103).  These results 

suggest that strong multi-collinearity exists between all variables, including Federal 

Military.  Because collinearity within the variables is very high, it is not possible to 
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determine which industry GDP accounts for the majority of variance in the Radiance 

Values.  By not being able to identify industries that contribute to the majority of 

variance within the night light data, it appears to be impossible, using the GDP statistic, 

to identify industries that account for the majority of radiance values within the remotely 

sensed images. 

 

Figure 10 - Correlation Matrix for Radiance Values and Private Industry Breakdown 
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Figure 11 - Correlation Matrix for Radiance Values and Public (Government) Industries 
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VI. Conclusion and Recommendations for Further Research 

Determining if “things simply work differently at different scales” (Wilbanks and 

Kates, 1999) helps us understand economic processes both globally and locally.  

Determining whether processes change or fail to change as scale changes gives us a 

greater understanding of the process itself.  By combining the results of this study with 

previous research performed at smaller scales, we find that correlation holds true at all 

examined scales.  Doing so firmly establishes the relationship between GDP and the 

Radiance Values and tells us that the night light images may be an excellent proxy for 

estimation of economic activity from small to large scales.  This suggests the DMSP-OLS 

night light images are an excellent proxy for GDP within the United States at any scale 

and therefore might also act as an excellent spatial locator of economic activity.  This is 

important because the night light images contain finer resolution spatial information than 

that given by the GDP statistics. 

Doll, et al., (2006) removed the two highest outliers in their study (New York and 

California) in order to achieve a higher correlation coefficient between GDP and 

Radiance Values at the state level within the United States.  In their study, both New 

York and California and their corresponding regions exhibit higher GDP than is expected 

for their given Radiance Values.  This may be due to the fact that New York contains the 

largest city (by population) in the United States and California contains the largest 

contiguous metropolitan area.  However, strong correlation was achieved at the MSA 
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level in Florida without removal of outliers.  In Florida, the largest MSA by area (Miami-

Dade/Fort Lauderdale) correlates as well as the smaller (by area) MSAs.  And 

Jacksonville, Florida, an MSA and the largest city (by area) not only in Florida, but in the 

entire United States, also correlates well, as does the Tampa-St Petersburg-Clearwater 

MSA, the most densely populated MSA within Florida.   

This study, combined with previous research, has shown that correlation exists for 

economic activity with the night lights at varying scales of economic boundaries.  

However, the boundary changes examined (national, sub-national, sub-region) mirror 

how GDP as a statistic is compiled:  industries report GDP, which is then aggregated to 

MSAs (sub-region), summed, and then aggregated again at the state (sub-national) level 

and national level.  As has been noted previously, the DMSP-OLS night light images 

explain the same phenomenon over changes in GDP scale without change in scale of the 

night lights themselves.  It is suggested that future research might examine correlation 

using different boundary divisions to determine if correlation still holds true.  This would 

then address the zonation affect that has been shown to be a result of the Modifiable Area 

Unit Problem (Amrhein, 1995) in traditional statistical examination of spatial data.   

The examination of industry GDP within the MSAs in Florida showed that multi-

collinearity exists in the data, and as a result it is impossible to determine if any one or 

more industries accounts for a significant portion of the variance in the Radiance Values.  

However, the results also show that no one industry explains the statistical variance, and 

that all industries not only correlate well with each other but contribute somewhat equally 

to the variance.  This becomes intuitive when one considers that most industries are 
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dependent on other industries in a complex web of interactions between suppliers and 

resellers.   

While the night lights may contain human-induced or device-induced error due to 

data storage, processing and retrieval, the images themselves contain no human-induced 

bias, and are immune to economic reporting standards that may or may not include 

intended or unintended human error.  Additional scaled research in areas outside the 

United States may allow us to estimate economic activity outside the United States 

without reliance on fallible currency exchange rates or the need to account for differences 

in how economic activity is defined, measured or compiled.     

And lastly, because this study is an examination of spatial change, understanding 

the processes that define the relationship between GDP and the night light images might 

also benefit from an examination of temporal change in both the night lights and GDP.  

By investigating whether the night lights and GDP change in a similar manner over time, 

at differing scales, we may better understand the relationship between the DMSP-OLS 

remotely sensed night light images and economic activity. 
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