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Abstract 
 

Urbanization is generally understood as the process of growth in both population and 

developed areas. However, this perception is not entirely reflective of the types of 

change that are occurring in the heart of the United States. The Rust Belt region of the 

United States was once the beacon of industrial power, but today is riddled with 

shrinking cities that have experienced a dark modern history laced with loss of 

industrial economies, drastic declines in population, and crippled governments. 

Residential and commercial properties in these cities have been prone to high rates of 

abandonment, decay, and demolition. While much of the research surrounding these 

shrinking cities focuses on socio-economic effects, few studies have investigated the 

physical artifacts of drastic population loss in the United States. This research aims to 

contribute to the growing body of shrinkage research by examining two cost-efficient 

methods of monitoring the fast removal of buildings in the Rust Belt shrinking cities of 

Detroit, Michigan and Youngstown, Ohio. This goal is achieved through the use of a 

range of different data sources: Light Detection and Ranging, aerial orthoimagery, and 

GIS datasets all of which are publicly available. We map a 5-year change in Detroit as 

well as a 10-year and 19-year change in Youngstown to provide, in high detail, an 

example of how publicly available geospatial data can be applied to identify change in 

the urban landscapes of the American Rust Belt. The methods used are reproducible and 

ideal for municipalities that are aiming to monitor building removal in a cost-efficient 

manner.
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Chapter 1: Introduction to Shrinking Cities and Housing 

Abandonment in the United States 
 

Approximately 80% of the population of the United States resides in an urban 

area. With the global urban population projected to exceed 6 billion people by 2050, 

that proportion is expected to near 90% (DESA, 2014). Although more people are 

beginning to reside in urban areas, the spatial distribution of urban population growth in 

the United States is not uniform. Continuous population growth is expected to occur in 

the dominant cities of New York City, New York; Chicago, Illinois; and in cities along 

the western coast centered on Los Angeles, California. The Texas metropolises of 

Dallas, Fort Worth, Houston, Austin, and San Antonio as well as the Phoenix, Arizona 

metropolitan area are considered to be some of the fastest growing cities in the United 

States (United States Census Bureau, 2016).  

While cities experiencing the strongest growth in populations are predominantly 

scattered along the coastal and southern regions of the country, several cities in other 

areas have been declining in population for several decades. For these cities in decline, 

some have experienced population declines in excess of 50% (Robert A. Beauregard, 

2009).  

The standard term for a city that has experienced drastic and sustained 

population decline is a “shrinking city” (Hollander, 2010). Urban shrinkage is not 

isolated to the United States and a fair amount of research has focused on the rebuilding 

and restructuring of shrinking cities in post-World War II eastern European countries. 

In the United States, cities located in the “Rust Belt” region of the U.S. serve as the 

classic examples of shrinking cities. This colloquially-defined region of the country 
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spans from western New York state and Pennsylvania across the Midwestern states of 

Ohio, Michigan, and Indiana into portions of northern Illinois and far southern 

Wisconsin. The Rust Belt is home to cities such as: Detroit, Michigan, Buffalo, New 

York, Toledo and Cleveland, Ohio, Pittsburgh, Pennsylvania, and Indianapolis, Indiana 

which are all major industrial centers for automotive and mining industries. Smaller 

cities such as Youngstown, Ohio; Parkersburg, West Virginia; and Gary, Indiana help to 

make up the predominantly industrial, also referred to as “blue collar” workforce of this 

region. Prior to the 1930s, very few cities in the United States experienced shrinkage 

and those that did were because of relocation of port and railroad businesses (Robert A 

Beauregard, 2003). While the cities of Chicago and Indianapolis have continued to 

grow in population, most of the other cities within the Rust Belt have been declining 

significantly since their peak populations were reached, respectively (Table 1). The 

causes of shrinkage varies from city to city, but the most common cause in Rust Belt 

cities is economic struggle induced by the decline of mining operations, technological 

advancements that lured employees away from the city, and the decentralization and 

relocation of industrial corporations (Martinez-Fernandez, Audirac, Fol, & 

Cunningham-Sabot, 2012; Siljanoska, Korobar, & Stefanovska, 2012; Wiechmann & 

Pallagst, 2012). 
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Table 1: Population Changes from Peak-2010 in Rust Belt Cities 

 

Detroit, Michigan has long served as the poster-child for urban shrinkage. 

Following a rapid population increase as a result of the military buildup associated with 

World War II, racial tension began to flare in the predominantly white city. The Race 

Riots of 1943 served as the crux for population decline. Post-WWII Detroit saw the 

beginnings of the “white flight” out of the city center into suburbia (Jego, 2006; Sugrue, 

2014; Thomas & Bekkering, 2015; Thompson, 2004). With this flight came economic 

downturn when several large automotive plants, such as the Packard Plant, were forced 

to declare bankruptcy and eventually close. Population loss and economic decline were 

perpetuated following the second round of race riots in 1967 in which thousands of 

businesses were vandalized or destroyed, causing upwards of $50 million in damages to 

the city. The 1967 riots continued to push financially stable families from the city into a 

safer suburbia and resulted in low income peoples moving into the city center (Jego, 

2006; Sugrue, 2014; Thomas & Bekkering, 2015; Thompson, 2004). Unable to produce 

enough tax revenue to revitalize businesses that were lost in the riots, Detroit’s 

economy continued to flounder with increasing numbers of job and urban population 

losses. 

City Peak Population (Year) Population 2010 
% 

Change 

Detroit, Michigan 1,849,568 (1950) 713,777 -61% 

Youngstown, Ohio 170,002 (1930) 66,982 -61% 

Cleveland, Ohio 914,808 (1950) 396,815 -57% 

Pittsburgh, Pennsylvania 676,806 (1950) 305,704 -55% 

Buffalo, New Yok 580,132 (1950) 261,310 -55% 

Gary, Indiana 178,320 (1960) 80, 294 -55% 

Toledo, Ohio 383,818 (1970) 287,208 -31% 

Parkersburg, West Virginia 44,797 (1960) 31,492 -30% 
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Once known as the gem of “Steel Valley,” the city of Youngstown has 

continued to lose population since its peak in 1930. During the 1930s and 1940s, the 

decline in population occurred at a slow rate, but following a strike of steel mill workers 

during the height of the Korean War in the early 1950s, the rate of decline increased 

rapidly. Youngstown’s economy crumbled following the seizure of the city’s steel mills 

at the hands of the federal government during the strike. In addition to difficult 

employment conditions, extreme segregation in the city provoked the destruction of 

black neighborhoods in exchange for ghettos. Much like Detroit, the turbulent 

environment led to race riots in the early 1960s and assisted in people leaving the city. 

During this period, organized crime seized control of many facets of the government up 

through the 1990s, encouraging and increase in violent crime rates for which the city is 

still notorious.  

The consistently declining populations in addition to the lack of economic 

opportunity have led to an increase in the number of vacant and abandoned properties in 

shrinking cities, most notably in Detroit and Youngstown. Although the struggles with 

land abandonment have been plaguing the rust belt for decades, the number of vacant 

and abandoned homes increased significantly in shrinking cities following the 2008 

housing crisis which struck the United States which caused hundreds of thousands of 

home foreclosures following (Martinez-Fernandez et al., 2012; Ryan, 2008). While 

some of the literature uses the terms “vacant” and “abandoned” interchangeably, here 

the definitions outlined in (Hillier, Culhane, Smith, & Tomlin, 2003) are adopted; where 

vacancy is identified as a temporary state and abandoned indicates a permanent state. 

Vacancy most commonly refers to vacant lots in which a building once stood, but has 
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been removed and where development projects could potentially occur. Physical 

abandonment of a home occurs when no persons have resided in the property for at least 

two years (Hollander, Pallagst, Schwarz, & Popper, 2009) and the property itself has 

been neglected (i.e. overgrown vegetation, broken windows, missing roof shingles, 

etc.). Financial abandonment occurs when a person has discontinued their financial 

responsibility (most commonly a mortgage loan). In most cases, financial abandonment 

leads to physical abandonment (Hillier et al., 2003). Unattractive homes become 

difficult to sell which then leads to a continued lack of physical maintenance and 

ultimately puts a building on the path to becoming structurally compromised, eventually 

disintegrating into shambles and posing a threat to neighborhood residents (Alsup, 

2016). As a result, recent literature has begun to call for research on the changing land 

cover patterns that are emerging in shrinking cities (Frazier, Bagchi-Sen, & Knight, 

2013; Großmann, Bontje, Haase, & Mykhnenko, 2013; D. Haase, 2013). 

Most cities have an independent form of managing changes in development, but 

the most common approach that still exists in shrinking cities is a pro-growth strategy 

which encourages the sale of land to be used in development. Criticisms of pro-growth 

strategies show that its roots lie in trickle-down economics which has often been 

accused of favoring the wealthy, however such an approach could help jumpstart the 

struggling economies of shrinking cities (Weaver, Bagchi-Sen, Knight, & Frazier, 

2017). Detroit has made strides to promote the revitalization of their downtown region 

through large scale development projects such as the building of the Cabo Center, 

which cost roughly 280 million dollars, in an effort to encourage private investments in 

developments.  
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Detroit uses a pro-growth strategy that manages vacant lots and abandoned 

properties through two main approaches. The first focuses on the cheap sale at of 

properties at auctions, however these auctions often do not occur in the most distressed 

areas of the city. Dewar and Thomas (2012) found that from 2002-2010, only 18% of 

the properties from neighborhoods with high rates of vacant and abandoned properties 

available at auction were purchased and an overwhelming majority of those were sold 

to real estate companies in hopes that it would increase the amount of urban 

development. The second pro-growth strategy used in Detroit is one of demolition - 

intentionally clearing vacant and abandoned properties owned by the city to be used for 

private development. While both strategies aim to achieve economic growth by 

encouraging redevelopment, the demolition course has been heavily favored over 

auction based sales of land (Dewar & Thomas, 2012; Weaver et al., 2017). 

Additionally, neither of these methods have alleviated the declining population. The 

United States Census Bureau (2015) estimates suggest that the population is still 

declining, reaching its lowest population since the early 1900s. 

Although several shrinking cities have adopted pro-growth strategies, 

Youngstown, has blazed the trail toward a management strategy that aims to provide a 

sustainable future for the residents of their city rather than the encourage the growth of 

new populations. This approach, known as “smart-decline” (Hollander et al., 2009; 

Rhodes & Russo, 2013), allows urban planners to plan for fewer people, making their 

job focus more on sustainable small scale development rather attempting to plan large 

scale development that may never come. Similar to pro-growth strategies, smart-decline 

has a strong focus on demolition of abandoned properties and favors vacant lands for 
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alternative uses such as community gardens and parks in lieu of heavy redevelopment 

(Schilling & Logan, 2008).  

Many of America’s Rust Belt cities have been consistently declining in 

population for over 50 years primarily as a result of the decentralization and relocation 

of industrial jobs, racial tensions, and increase crime rates within the city. Combined, 

these issues have led to an increase in the number of vacant and abandoned properties 

which have been left to rot. The presence of these properties makes it challenging for 

cities to encourage investment from private industry and convince new people to move 

into their city (Hackworth, 2015; Hackworth & Nowakowski, 2015; Rhodes & Russo, 

2013). Multiple management styles exist for handling these abandoned lands. Two 

notable approaches are that of pro-growth that is used in Detroit and smart-decline 

which is used in Youngstown. While both aim to assist their respective economy and 

influence declining populations in different ways, they are common in that they both 

include strong demolition efforts to fight blight in their cities. These programs have 

encouraged the rapid removal of buildings over the course of the last decade and have 

increased the number of vacant lots. The fast paced demolition of structures could 

potentially have environmental impacts (A. Haase, Rink, Grossmann, Bernt, & 

Mykhnenko, 2014; D. Haase & Schetke, 2010) that have yet to be explored in shrinking 

cities, thus monitoring where building removal is occurring is important to the body of 

shrinkage literature. This research aims to explore methods for which building removal 

can be monitored in a cost effective manner and attempts to provide city-wide maps of 

changes in urban land cover of two Rust Belt shrinking cities.  
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Chapter 2: Tracking the Removal of Buildings in Rust Belt Cities with 

Open-Source and Public Geospatial Data 
 

2.1. Introduction 

Exploring changes in urban land cover is important for understanding how 

human-environmental interactions impact natural processes and biodiversity in a region. 

In addition to removing native plant and animal species, the introduction of built 

environment can alter air quality and have damaging downstream effects on water 

quality and quantity (Foley et al., 2005; Grimm et al., 2008; Kowarik, 2011; McKinney, 

2008). Because the global urban population is projected to increase to nearly 5 billion 

people by 2030, undoubtedly placing significant stress on already strained resources 

(Seto, Güneralp, & Hutyra, 2012), many urban land cover change studies tend to focus 

on rapidly urbanizing regions (Bhatta, Saraswati, & Bandyopadhyay, 2010; Hegazy & 

Kaloop, 2015; Jat, Garg, & Khare, 2008; Xu & Min, 2013). However, over the course 

of the last half-century, a dichotomy of urban environments has emerged in multiple 

regions of the world (A. Haase et al., 2014), but most notably in the United States. 

While the U.S. is home to several rapidly expanding metropolises, once-prosperous 

industrial centers are overshadowed and have steadily lost population. 

A city experiencing significant population decline in addition to decline in 

economic prosperity is known as a “shrinking city” (Robert A. Beauregard, 2009; 

Pallagst et al., 2009). The research surrounding the causes of shrinkage is vast, with 

many studies noting that the decentralization of industry, demographic tensions, crime, 

political corruption, and the shift in industrial power have contributed to the shrinkage 

problem across several areas of the globe (Rieniets, 2009; Ringel, 2014; Schetke & 
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Haase, 2008; Weaver & Holtkamp, 2015; Wiechmann & Pallagst, 2012). The majority 

of the most significantly shrinking cities in the U.S. are isolated to the Rust Belt region. 

This colloquial region spans roughly 500 miles across the heart of the U.S. and 

represents the spatial extent of the early twentieth century’s economic backbone. Much 

of the shrinkage research focusing on the U.S. examines cities such as Pittsburgh, 

Pennsylvania; Cleveland, Ohio; Detroit, Michigan; and Buffalo, New York which are 

all located within the Rust Belt (Rosenthal, 2008; Schilling & Logan, 2008; Weaver et 

al., 2017; Zingale & Riemann, 2013).  

Almost exclusively, the body of U.S. shrinkage research discusses the 

aforementioned contributors to population decline, but there has been a push toward 

examining the shifts in land use as a result of population loss (Hollander et al., 2009; 

Pallagst, 2010). Thomas and Bekkering (2015) used historical maps to show the 

progression of urbanization in Detroit. Additionally, they mapped historical land use in 

the city, but this does not provide much information on the actual presence of buildings. 

They did examine the presence of buildings on parcels of land in some portions of the 

city, but this was limited due to the datasets being used. Hollander (2010) conducted a 

case study of three neighborhoods in Flint, MI in which in-situ photographs were 

compared to population dynamics to examine reflections of population shifts on 

housing density. While this study was effective for the small study areas, the approach 

would not be ideal for an entire city. Hillier et al. (2003) used a large information 

system to monitor risk of housing abandonment in Philadelphia, PA. This study is 

notable in that it not only makes use of a large database, but it also identifies indicators 

of physical abandonment of a property such as overgrown vegetation. Most cities have 
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property information systems available through tax assessors, but they do not often 

contain property characteristics other than basic ownership, lot size, and address 

information. Replication of this study in a region with limited resources would require a 

significant amount of ancillary data. Ryznar and Wagner (2001) used remote sensing 

data (Landsat) to map urban greenness in Detroit, Michigan as a proxy for shifts in 

demography. This study found increased greenness in areas of suspected abandonment 

in addition to moderate to higher income areas. Although this study provides a snapshot 

of how the removal of the human influence from a property can change its land cover 

and biodiversity, it provides no information about the impacts of abandonment on the 

built environment.  

Urban shrinkage is not limited to the USA only. For example, D. Haase, Seppelt, 

and Haase (2008) examine land use changes in Leipzig, Germany as a result of 

shrinkage while suggesting that demolition of the built environment could influence 

fragmentation and ecological restoration. This suggests that examining the changes in 

the built environment is key to understanding how population loss not only influences 

the landscape, but also how that relationship provides positive feedback to natural 

processes that take place in these regions. Additionally, examining changes in built 

environment over time could assist in smart and sustainable shrinkage that will 

maximize environmental benefits (Rhodes & Russo, 2013). 

The manner in which land cover change studies are conducted in urban areas 

varies based on the nature of the environment being explored, but some of the most 

effective ways to analyze changes in urban land cover characteristics are through the 

use of remotely sensed and GIS datasets which allow the landscapes to be displayed in 
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high detail (Xiao et al., 2006; Yang, Xian, Klaver, & Deal, 2003; Yuan, Sawaya, 

Loeffelholz, & Bauer, 2005). Many studies use remotely sensed products such as 

Landsat data with a moderate resolution of 30-meters to examine urban land cover for 

multiple years (Fu & Weng, 2016; Sexton et al., 2013; Song, Sexton, Huang, Channan, 

& Townshend, 2016; Stefanov, Ramsey, & Christensen, 2001). While this publicly 

available product has been proven to be effective at analyzing large scale changes 

across urbanizing areas, the moderate resolution proves to be too coarse to use in 

shrinking cities research due to the overgeneralization of the landscape which misses 

small details on the surface (e.g. the removal of a small, singular structure such as a 

residential home). 

Classified products such as the National Land Cover Database (NLCD), a 

Landsat-derived product generated by the U.S. Geological Survey which contains 16 

land cover classes and has a 30-meter resolution (Homer et al., 2015), have appeared in 

the literature throughout the last decade and showcases density of the built environment 

with four different classes (Milesi, Elvidge, Nemani, & Running, 2003; Mitsova, 

Shuster, & Wang, 2011). As mentioned previously, spatial resolution is a problem, but 

even more so is the NLCD’s inability to revert a pixel in its urban density (Jin et al., 

2013), that is, once a pixel is classified as a certain urban density, it will either remain 

unchanged or increase in density from year to year. Thus, using the NLCD to examine 

changes in the built environment in a shrinking city would yield inaccurate results. 

Technological advances over the years have allowed for high and very high 

resolution products such as WorldView, Quickbird, and Ikonos to be used to analyze 

change in great detail, however, these products are often not freely available and can 



12 

become quite costly when the aim of a study is to explore the landscape of an entire city 

(Herold, Couclelis, & Clarke, 2005; Myint, Gober, Brazel, Grossman-Clarke, & Weng, 

2011; Novack, Esch, Kux, & Stilla, 2011; Pu, Landry, & Yu, 2011; Zhou, Huang, Troy, 

& Cadenasso, 2009). Using products such as these would yield results in high detail, but 

would be not be an ideal expenditure for cities that are struggling financially. 

Orthophotos are a viable alternative (Taylor & Lovell, 2012). Ortho imagery is often 

publicly available for multiple years and are usually flown at very high resolutions such 

as 1-foot or 0.5-foot resolutions, making features on the landscape easy to visually 

identify. 

An additional alternative is to use Light Detection and Ranging (LiDAR) data 

which is also publicly available and has the ability to showcase small details on the 

landscape at a very high resolution. LiDAR data provides the opportunity for complex 

landscapes to be identified while avoiding classification limitations associated with 

mixed spectral signatures. Much of the literature surrounding LiDAR research with 

respect to urban environments focuses on building detection and feature extraction 

(O'Neil-Dunne, MacFaden, Royar, & Pelletier, 2013; Verma, Kumar, & Hsu, 2006). 

Features can be extracted from the LiDAR point cloud (Tarsha-Kurdi, Landes, 

Grussenmeyer, & Koehl, 2007), from a digital surface model derived from the point 

cloud (Priestnall, Jaafar, & Duncan, 2000), or by using a combination of LiDAR data 

and other products such as aerial imagery, high resolution satellite imagery, and GIS 

databases (Cheng, Gong, Li, & Liu, 2011; Singh, Vogler, Shoemaker, & Meentemeyer, 

2012; Sohn & Dowman, 2007; Wu, Sun, Yang, & Yu, 2016). Building feature 

extraction has been shown to be an effective means of analyzing the landscape, but we 
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have not found any literature that explores the use of building feature extraction from 

LiDAR data to analyze shrinking cities. 

Here, we use publicly available LiDAR data, orthophotos, and GIS databases to 

identify the removal of structures in two U.S. shrinking cities and explore the rates at 

which shrinking cities are removing structures through demolition. In our first case 

study, we use extracted building footprints from LiDAR in combination with GIS 

survey data to classify changes in parcels. In our second case study, we use aerial 

imagery and demolition records to identify changes in parcels. As mentioned 

previously, while there are examples of some studies that have examined land use 

change in shrinking cities, we have not been able to find a city-wide analysis of how the 

presence of structures is shifting in the literature. We aim to map changes at various 

time scales and providing a snapshot of the contemporary urban landscape in the Rust 

Belt region of the United States. 

2.2 Study Region 

 The Rust Belt of the United States stretches from western New York state to far 

east Illinois and includes areas of western Pennsylvania as well as the states of Ohio, 

Michigan, and Indiana. The cities within this region were once primarily populated by 

the workers of the automobile and steel manufacturing industries, but many of them 

have been losing their populations since the height of the twentieth century. Figure 1 

shows the span of the Rest Belt for reference in this study. Because this region does not 

have a formal administrative boundary we created this figure by selecting cities that 

were identified as being typical Rust Belt manufacturing locations in Hobor (2013). A 

20 mile (32.2 km) buffer was created around each city to represent the mean U.S. 
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commuter distance to work which was identified in Rapino and Fields (2013). We then 

used the outermost portions of the buffers to create a boundary which encompasses all 

of the cities selected. Although the Rust Belt was once the standard for success in the 

industrial age, it is now characterized by its financial hardship and steady population 

decline. Notably contained within the region are the cities of Detroit, Michigan and 

Youngstown, Ohio which have been selected for analysis in this study. 

 

 

 

 

 

Figure 1: Rust Belt Region of the United States. The Rust Belt Region of the United 

States spans hundreds of kilometers and includes industrial centers of the metals and 

automotive industries. Basemap and Urban Areas © ESRI. 
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Detroit often serves as the prime example for shrinkage (Wiechmann & Pallagst, 

2012) because of its early rise to prominence in the automobile industry followed by its 

decades long spiral into socio-economic hardship. Detroit has an estimated current 

population of less than 690,000, but it has been grappling with drastic population loss 

since the height of the twentieth century. The city reached its peak population of 1.85 

million in 1950 and suffered a 61% decline to 711,000 by 2010 (United States Census 

Bureau).  The significant shrinkage came as a result of the decentralization and 

dispersion of the automobile industry, increased crime rates, political corruption, and 

economic downturn (Martinez-Fernandez et al., 2012; Siljanoska et al., 2012). Although 

Detroit continues to lose population, it has made significant strides to monitor the 

impacts of population decline on the landscape. 

Similar to expansive Detroit, Youngstown (estimated population of 65,000) has 

grappled with socio-economic challenges, but on a much smaller scale. Youngstown 

reached its peak population of 170,000 in 1930. By 2010, the population of the steel 

town had fallen by 60% to 67,000 (United States Census Bureau, 2010). Also like 

Detroit, Youngstown has made significant efforts to fight blight by adopting a smart 

shrinkage plan which emphasizes the removal of abandoned structures in an effort to 

make the city more sustainable (Rhodes & Russo, 2013). 

Detroit and Youngstown were selected for this study in an effort to provide a 

dichotomy of sizes – showing that not just large cities are impacted by the shrinkage 

problem. Additionally, the differences in data availability for each city made for 

interesting comparison and the need for different methods of analysis. 
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Detroit is contained within Wayne County in southeast Michigan and is nested along 

the Detroit River, which flows into Lake St. Clair to the Northeast and Lake Erie to the 

Southeast. For this study, we use the official municipal boundary of the City of Detroit, 

which expands 370 km2 (Figure 2a.), while neglecting the centralized communities of 

Hamtrack and Highland Park as well as all communities surrounding the city.  

Youngstown is contained primarily in Mahoning County is eastern Ohio, but a 

small fraction of the city expands into Trumbull County. Again, we will use the official 

municipal boundary for the City of Youngstown. This boundary has an area of 90 km2 

(Figure 2b.)
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Figure 2: a) Municipal boundary of Detroit, Michigan. b) Municipal boundary of 

Youngstown Ohio. Basemap source: © OpenStreetMap contributors, CC-BY-SA. 

 

a

) 

b) 
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2.3. Data 

2.3.1 Parcel Data 

 We used administrative parcel data that is survey grade in both Detroit and 

Youngstown. Residential parcels are approximately half the width of a 30-meter 

resolution pixel and allowed for a higher resolution classification that considered small 

details, i.e. residential structures, on the surface. Parcel data for Detroit was retrieved 

from the Data Driven Detroit (D3) web portal (http://datadrivendetroit.org/). Parcel data 

for Youngstown was retrieved from the Youngstown State University GIS Mapping and 

Data Center (http://cms.ysu.edu/administrative-offices/redi/gis-mapping-and-data-

center).  

2.3.2 LiDAR Data 

Airborne Light Detection and Ranging (LiDAR) data is a remote sensing 

product generated by using pulses of laser (LAS) light to sample the Earth’s surface and 

provide three dimensional point data of the terrain (Liu, 2008). Typically collected via 

aircraft, LiDAR gathers z coordinate (elevation above the surface) point data by 

transmitting pulses of light on an x,y (latitudinal, longitudinal) grid and recording the 

time elapsed from transmission to reception by the receiver (Zhang et al., 2003). 

LiDAR points can have many returns of the light pulses, but the first return 

measures the highest point the light contacts. The first return points often represent the 

rooftop of a building, top of vegetation canopy, or ground (if vegetation such as trees 

are not present). Because they are solid features, buildings often only have one return 

that represents the rooftop due to the inability of light to penetrate beyond that point 

(Zhang, Yan, & Chen, 2006). A point may have multiple returns if it has a complex 

http://datadrivendetroit.org/
http://cms.ysu.edu/administrative-offices/redi/gis-mapping-and-data-center
http://cms.ysu.edu/administrative-offices/redi/gis-mapping-and-data-center
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structure of multiple elevations. For example, LiDAR data can be used to identify trees 

because they often have many returns due to their complex spatial structure (Guo, 

Chehata, Mallet, & Boukir, 2011).  

We retrieved 205 2.25 km2 LiDAR scenes, Figure 3, from the USGS Earth 

Explorer website (http://earthexplorer.usgs.gov/) for Detroit from the 2009 USGS 

Wayne County LiDAR dataset. This scene shows a typical LiDAR point cloud 

classified by elevation (meters). The LiDAR for this project was flown from 16 April 

2009 through 3 May 2009. This topographic LiDAR dataset was collected as part of the 

3D Elevation Program under the USGS’ The National Map initiative. Following 

collection, points were classified to LAS version format specifications outlined by the 

American Society for Photogrammetry and Remote Sensing (ASPRS). The number of 

classes has grown considerably in recent years with updates to LAS format versions. 

Classes in current ASPRS format versions are extensive and include highly detailed 

information such as power lines. Previous formats were more limited in classification 

classes. Table 2 outlines classes included in ASPRS LAS version1.1. The raw LIDAR 

point clouds for Detroit were downloaded in ASPRS LAS format version 1.1 and 

included the following classes: 1-Unclassified, 2-Ground, 7-Low Point (noise), 8-Model 

key-point (mass point), and 12-Overlap Points. According to ASPRS (2005), points 

classified  as 1-Unclassified could be classified as structures, but were not explicitly 

assigned as such by the building classification algorithm that is used. This data was 

collected at a minimum resolution of one point per square meter and has a vertical 

accuracy RMSE of 18 cm. 

 

http://earthexplorer.usgs.gov/
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Table 2: LIDAR classification descriptions adapted from (ASPRS, 2005) 

Classification Description 

0 Never Classified 

1 Unclassified* 

2 Ground 

3 Low Vegetation 

4 Medium Vegetation 

5 High Vegetation 

6 Building 

9 Water 
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Figure 3: LIDAR scenes that were used for building detection in Detroit, MI. The 

shaded box denoted in on the city map (left) represents the geographic location of the 

inset sample LIDAR scene (right). Inset shows the point cloud classified by elevation 

for one 1.5 km2 scene. 
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2.3.3 Orthoimagery in Youngstown 

Orthophotography for 1998, 2006, and 2013 was used in lieu of LiDAR data for 

the City of Youngstown. Orthophotos are aerial photographs that have been digitally 

corrected to account for feature displacement (USGS) 

(https://lta.cr.usgs.gov/high_res_ortho). These images were collected as part of the Ohio 

Statewide Imagery Program (OSIP). The 1998 and 2006 images have resolutions of 1 

foot while the most recent 2013 product has a resolution of 0.5 feet. Data was accessed 

through the Ohio Geographically Reference Information Program (OGRIP) web portal 

(http://ogrip.oit.ohio.gov/). 

The 2006 orthophotos were flown by the State of Ohio in the months of March 

and April in leaf-off conditions. The 2013 orthophotos were flown by Mahoning 

County in partnership with the Ohio Statewide Imagery Program as part of the 2013 

Mahoning County Digital Orthoimagery Project. Similarly to the 2006 dataset, the 2013 

images were gathered in the spring during leaf-off conditions. 

2.3.4 Survey Data in Detroit 

2.3.4.1 2009 Detroit Residential Parcel Survey 

The Detroit Residential Parcel Survey (DRPS) was one of largest surveys ever 

conducted in Detroit at the time of its collection in 2009. This survey explored 

residential properties that contained four or fewer units (i.e. it excluded large apartment 

complexes) in an effort to combat blight occurring within the city 

(http://www.detroitparcelsurvey.org). This data is gathered at the parcel level and is 

provided as a vector dataset. Information from this survey includes building type, 

condition, and vacancy. Additionally, this survey included a count of vacant lots. In 

https://lta.cr.usgs.gov/high_res_ortho)
http://ogrip.oit.ohio.gov/
http://www.detroitparcelsurvey.org/
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total, the DRPS surveyed 90% of the parcels in the city, excluding large multi-unit 

residential properties and commercial properties. The DRPS was collected in August 

and September 2009. The data was accessed through the Data Driven Detroit (D3) web 

portal and, for this study, was used as a validation dataset for the LiDAR building 

detection method.  

2.3.4.2 2014 Motor City Mapping Survey 

In order to examine land cover change over a period of time, the Motor City 

Mapping Winter 2013-2014 Certified Results dataset was used in conjunction with the 

2009 LIDAR data. This data was also accessed through the D3 web portal. The Motor 

City Mapping project, which will henceforth be referred to as MCM, was a 

collaborative effort amongst multiple Detroit and Michigan based organizations to 

provide detailed information for the 379,549 property parcels in Detroit. Initial data 

collection occurred from December 2013 through February 2014 and included data such 

as residency status, property type, structural status, structural condition, fire damage, 

etc. This survey was conducted in an effort to track and combat the property vacancy 

problem that has been plaguing the city for nearly six decades. 

Although the survey includes extensive information, for the sake of this study 

we focused solely on the structure data that was provided. Simply, this information 

allowed us to identify if a structure (residential and commercial) was present on a parcel 

in the 2013-2014 timeframe. The MCM was performed approximately 5 years after the 

LiDAR data was collected for this area.  
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2.3.5 GIS Data in Youngstown 

Demolition data was collected by the City of Youngstown Property Code 

Enforcement and Demolition Office and retrieved from the Youngstown State 

University Regional Property Information System (http://cms.ysu.edu/administrative-

offices/redi/regional-property-information-system-rpis). The demolition dataset 

includes is presented as spatial point data beginning in 2006 and is updated frequently 

as new demolition projects are added. Currently, the dataset includes completed projects 

through spring of 2016. 

2.4. Methods 

The research methods for these case studies specifically focus on the presence or 

lack of buildings (i.e. we do not acknowledge vegetation). In both case studies, we 

classify parcels of land by determining if a structure was present on the land at specified 

time periods. In Detroit, we used LiDAR data to extract building features from the 

surface, which were then used to classify parcels of land, as well as data from the MCM 

survey. In Youngstown, we used orthophotographs and spatial demolition records to 

classify parcels. In both studies, the classified datasets were used to create change maps. 

2.4.1 LiDAR Feature Extraction in Detroit 

Building footprints for Detroit were extracted from the LiDAR dataset by using 

a point cloud based data-driven extraction method (Le, Kholdi, Xie, Dong, & Vega, 

2016). Briefly, the LiDAR data points were divided according to their classifications, 

listed above. This division separates building points from bare-earth, vegetation, 

roadway, and other feature points. After the points are divided, non-building points are 

removed and points believed to be building points are isolated and grouped. Here, we 

http://cms.ysu.edu/administrative-offices/redi/regional-property-information-system-rpis
http://cms.ysu.edu/administrative-offices/redi/regional-property-information-system-rpis
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focus specifically on above-ground groupings of point class 1-Unclassified due to a lack 

of a building class. As mentioned previously, in some LiDAR formats, the 1-

Unclassified class is used in lieu of the 6-Buildilngs class. Using the grouped building 

points, line segmentation and smoothing techniques that will connect the boundary 

points of the building groups to create a building footprint polygon are applied (Cheng 

et al., 2011; Miliaresis & Kokkas, 2007; Sampath & Shan, 2007; Wang & Shan, 2009). 

The created building footprints are exported as a GIS shapefile. This methodology is 

made available in the ENVI LiDAR feature extraction workflow (Exelis Visual 

Information Solutions) and has been visualized in Figure 4.1 and 4.2. 

2.4.2 Parcel Classification in Detroit 

 While independent usage of LiDAR extracted building footprints provides a 

snapshot of the urban landscape of Detroit in 2009, it suggests little in terms of how the 

built environment has changed since then. In order to provide a uniform base from 

which to explore changes in the built environment as well as provide a more recent 

visual of the urban landscape for the majority of Detroit, we chose to classify parcels for 

the years 2009 and 2014 using the building footprints extracted from LIDAR and the 

MCM survey respectively.  

 Parcels for 2009 were classified using a data layer intersection method. Here we 

overlaid footprint data on parcels and identified where present footprints intersected 

with a parcel. The parcels were classified using a “footprints” or “no footprints” code 

(Figures 4.2 and 4.3). 

 Parcels for 2014 were classified by performing an attribute selection using the 

“Structure” field from the MCM. Here we classified the parcels with a “structure” or 
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“no structure” code and removed parcels (for both 2009 and 2014) that were identified 

as “unknown.” 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Workflow of feature extraction to parcel classification. 4.1. Raw LIDAR 

point cloud for a 1.5 km2 scene (see Figure 3 for scene reference). 4.2. Building points 

are identified and perimeter contours are drawn. 4.3. Building footprints are extracted 

from the identified perimeter contours. Here the building footprints are overlaid on the 

matching property parcels. 4.4. Parcels are classified through intersection with the 

footprints as containing a building or not containing a building. 
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2.4.3 Orthophotography in Youngstown 

 Contrary to Detroit, Youngstown does not maintain a city-wide survey dataset 

with structure information and available LiDAR from 2006 had very low point density 

(~2/10m2) which made the use of the previously specified feature extraction tool 

ineffective. Therefore, different data were required to examine changes to the built 

environment through time.  

Instead, we manually classified parcels using orthoimagery for three non-

consecutive years: 1994, 2006, and 2013. We again chose to use parcel level data to 

provide uniformity throughout the years and allow for a comparison with other cities 

such as Detroit. The parcel data used is from 2016, however the administrative parcel 

sizes and locations are not likely to change throughout time, especially in established 

cities such as Youngstown. Parcel data was overlaid onto imagery and structures were 

identified in the images. We used a binary classifier where 1 = structure present and 0 = 

no structure present to study 6,474 parcels in south central Youngstown. 

2.4.4 Demolition Records in Youngstown 

In addition to orthoimagery, parcels were classified using Youngstown 

demolition records. To combine the demolition point data with parcels, a spatial join 

was performed using ArcGIS software. We then identified the total number of parcels in 

which a demolition record was present and classified them using a “demolished 

structure” code.  
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2.5. Results 

2.5.1 Feature Extraction Validation using the Detroit Residential Parcel Survey 

The LiDAR feature extraction was validated using 339,983 parcels that were 

surveyed in the 2009 DRPS. Because the survey dataset was developed via in-situ data 

collection, we accept the DRPS as a ground truth dataset. As mentioned previously, this 

survey examined residential properties (excluding large apartment complexes and other 

types of private or commercial properties). This survey also accounted for vacant 

parcels. 

 We identified the number of parcels in which both the DRPS and the feature 

extraction tool identified a structure; the number of parcels in which the DRPS 

identified a structure and the feature extraction tool did not (and vice versa). We 

examined similar characteristics of vacant properties (Table 3). The feature extraction 

workflow yielded a producer’s accuracy of 85% with a user’s accuracy of 76%. Here, 

the producer’s accuracy represents the ratio of correctly identified buildings to all 

identified buildings in the ground truth dataset. Additionally, the user’s accuracy 

represents the ratio of correctly identified buildings to all classes in the ground truth 

datasets (Janssen & Vanderwel, 1994). When tested, the validation yielded a kappa 

coefficient of 0.62. Here, the kappa coefficient was used because it accounts for the 

possibility that a classification could have occurred by random chance (Foody, 2002). 

The kappa measure of 0.62 indicates that there the buildings identified in the feature 

extraction workflow are substantially representative of what is actually present.  

We then used the DRPS to correct inaccurately classified parcels from the 

LIDAR validation dataset to minimize the error in the final change analysis. The final 
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2009 baseline for change analysis consists of a combination of LIDAR classified 

parcels and some corrected DRPS parcels. 

 

Table 3: Validation of LIDAR building detection using the 2009 Detroit Residential 

Parcel Survey (DRPS). Only parcels that were classified as "residential" were used for 

validation. This accounts for approximately 80% of the total parcels. The building 

detection workflow correctly identified 85% of the parcels (both as containing or not 

containing a structure). 

 

LIDAR DRPS Structure DRPS Vacant 

Structure 222176 23350 

Vacant 27952 66505 
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2.5.2 Five-year Change in Detroit 

Using the classified 2009 and 2014 parcels in Detroit, a five-year change map 

was created with four categories: structure, vacant lot, new structure, and demolished 

structure. Here “structure” represents parcels that contained a structure in 2009 and 

2014 while “vacant lot” represents parcels that did not contain a structure in 2009 nor 

2014. The “new structure” category is reserved for the small number of parcels in which 

a structure was not present in 2009, but was present in 2014. Lastly, “demolished 

structure” represents parcels where a structure was present in 2009, but was removed by 

2014. In this study, we define the word structure to mean residential or commercial 

buildings. 

We examined 379,549 parcels in Detroit from 2009-2014 and found that 87.6% 

of the parcels did not change between the years. Figure 5 shows the categorized change 

in each parcel for the entire city. We found 299,784 parcels that were classified as 

containing a structure in 2009. In 2014, 12.9% (37,453) of these parcels lost their 

structure. These demolished parcels accounted for 9.9% of the total number of parcels 

in the city. The decrease in the number of parcels containing a structure led to a 52.6% 

increase in the number of vacant lots. New builds were drastically overshadowed by the 

demolished structures, accounting for <1% of the total number of parcels in the city.  
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Figure 5: Five-year change map of Detroit using LIDAR and DRPS parcels from 2009 

and the 2014 Motor City Mapping project. Inset shows a 1 km2 sample area. Parcels 

classified as “Structure” contained a structure in both 2009 and 2014. Parcels identified 

as “Vacant Lot” were classified as being such in both 2009 and 2014. Parcels classified 

as “New Structure” or “Demolished Structure” saw the addition or removal of a 

structure from 2009-2014. As can be seen by the 1 km2 sample area, vacant parcels 

were present prior to this analysis, which 
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2.5.3 Change in Youngstown 

2.5.3.1 Orthophotography Change 

 Of the 6,474 parcels that were manually classified for 1994, 2006 and 2013 we 

found that 5,149 (79.53%) remained unchanged (Table 4a) for all three years. From 

1994 to 2006, we identified that 8% of the parcels had structures removed while 5% 

saw new builds (Table 4b.). The timeframe from 2006 to 2013 also saw an approximate 

8% removal of structures and 15% of which were parcels where a new build occurred 

from 1994 to 2006. During this time only 2% of parcels saw new builds and of these 

39% were on parcels that had previously had a structure demolished. The year-to-year 

changes are highlighted in Figure 6 where 1 = structure present and 0 = no structure. 
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 Number of Parcels 

Year Structure 

No 

Structure 

Total 

Unchanged 

Demolished 

New 

Build 

1994 3128 3346 - - - 

2006 3507 2967 5653 491 330 

2013 3856 2618 5837 493 144 

 

 

 

Table 4b: Changes in the number of parcels that contained a structure or did not 

contain a structure. Total Unchanged, Demolished, and New Build are based upon the 

previous time step. 
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Figure 6: Top left: Box denotes 9 km2 study region in south central Youngstown, Ohio 

used for study. Top right: Orthoimagery for 1994 and 2006. Right: Orthoimagery for 

2013. Bottom: 6,474 manually classified parcels showcasing the change in structure 

presence from the aforementioned years where 1 = structure present and 0 = no 

structure. 
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2.5.3.2 Ten-year Demolition Change 

 Due to the labor intensive task of manually classifying parcels with aerial 

imagery, we chose to examine additional data sources.  Here we demonstrate that 

demolition records can be applied to identify parcels that had a structure removed. This 

change can be viewed in Figure 7 where a 1 km2 sample region is presented to show 

the change in higher detail. The demolition records indicated that of the 61,387 total 

parcels in the city, 4,002 had structures removed during the decade from 2006-2016. 

This accounts for 6.52% of the total parcels. Although this data is useful for tracking 

demolished structures, it provides no insight into other parcel classifications such as 

continued structure presence. However, this type of data can be used to validate 

classified products. Here we use the demolition data to validate the orthoimagery 

classification for the 2006-2013 range. We removed demolition records prior to 

acquisition date of the 2006 imagery and after the acquisition date of the 2013 imagery. 

The validation yielded a user’s accuracy of 71% and a producer’s accuracy of 79%. 
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Figure 7: Ten-year change map of Youngstown using City of Youngstown demolition 

records. This change only highlights parcels that have had structures removed. 
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2.6. Discussion 

We have found dearth in shrinkage literature which acknowledges the impact of 

drastic population declines on land cover in the United States. If studied using 

conventional approaches to urban land cover change such as the use of products with 

resolutions of 30 meters or coarser, small details on the surface are likely to be 

overlooked. High resolution and very high resolution satellite products are available, 

but often at a high cost due to the vast size of many of these shrinking cities. The use of 

publically accessible data at no-cost, such as LiDAR, GIS datasets and aerial 

orthophotos, are the most cost efficient means of performing a simple land cover change 

analysis for an extended period of time.  

LiDAR is accessible via the USGS and can be used to extract features and create 

digital elevation and surface models at very high resolutions. The manner in which 

LIDAR point clouds are classified has changed throughout the years, causing 

inconsistencies in the representation and user-friendliness of the data. Additionally, low 

point density occasionally makes it difficult to identify specific features. In this study, 

LIDAR data for 2006 is available in Youngstown, however the feature extraction 

method we applied in Detroit was unable to accurately identify structures in 

Youngstown due to the lower point density (~2 points/10m2). Perhaps the most 

significant challenge when using LiDAR data in land cover change studies is the lack 

multiple years from which to draw data. In this study, we were only able to use LIDAR 

from 2009 in Detroit. Like many land cover studies that use LiDAR, ancillary data was 

also needed (McCarley et al.; Radoux & Defourny; Singh et al., 2012; Sturari et al., 

2017; Wu et al., 2016; Zhou et al., 2009). The use of LIDAR in combination with 
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survey data from the MCM allowed us to generate a city-wide map showcasing the 

changes occurring on the urban landscape in Detroit. While this study allowed us to 

capture a snapshot of the arguable reversal of urbanization in the heart of the United 

States, the addition of multiple LIDAR years would have been beneficial. 

Ancillary data in Detroit is far more available than for other shrinking cities, 

thanks primarily to efforts of blight task force organizations committed to preserving 

history and ridding the city of decay. Unlike Detroit, Youngstown does not possess a 

city-wide survey dataset that contains detailed information about each property, but we 

found that the use of freely available orthoimagery and GIS datasets were useful when 

looking for alternative data sources. In this study we used a combination of 

orthoimagery and demolition records to examine the shifting landscape in Youngstown. 

Orthoimagery is advantageous in that it is captured at a high spatial resolution and is 

often available for periods of time stretching multiple decades. In examining a shrinking 

city, using historic orthoimagery to monitor urban land cover change could provide 

more insight into the relationship between human environmental interactions (Geri, 

Amici, & Rocchini, 2010). However, using orthoimagery can be challenging and labor 

intensive because land cover types are not distinctly differentiated. Additionally, using 

older and coarser imagery makes features difficult to visualize and this could increase 

error rates. Manual classification is entirely based on human interpretation and without 

ancillary data to validate against, it is difficult to tell if the land cover is being 

accurately represented.  

Youngstown consistently updates their public GIS databases, such as demolition 

records, allowing researchers and the municipality to monitor the landscape changes 



40 

frequently. In Detroit, the last major update of in-situ data was carried out in 2013. 

While this short change in time may seem trivial, we have demonstrated that Detroit 

saw the removal of structures on approximately 7,500 parcels per year, suggesting that 

there is a need for frequent updates to geospatial databases. 

2.7. Conclusion 

The urban landscape in the United States is constantly changing, but not always 

in the typically researched context of urbanization and growth of built environment. 

Many cities in the Midwestern region of the country, such as Detroit and Youngstown, 

have been experiencing drastic population losses for over a half-century. While these 

areas have been thoroughly studied in terms of socio-economic implications of 

population loss, few studies to date have explored how the shifting dynamics are 

impacting the built environment in these shrinking. This study maps at the parcel scale 

how the presence of residential and commercial structures has changed in Detroit and 

Youngstown throughout various time periods. The use of LiDAR data in conjunction 

with the MCM survey data to classify parcels in Detroit allowed this study to map a 

five-year change for the entire city at a higher resolution than other publicly accessible 

data products. In Youngstown, the use of orthoimagery in conjunction with GIS data 

showed respective nineteen-year and ten-year changes in the presence of structures.  

The minimal overall availability of current and publicly accessible data could 

inhibit financially limited municipalities from conducting these types of studies. There 

is a strong need within the scientific community to increase availability of high quality 

datasets. Programs such as the USGS’ 3DEP initiative are productive in increasing the 

coverage of data available, but there is still a problem with limited timeframes. It is 
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understood that historically, the cost of collecting airborne LiDAR data has been high, 

but technological advances have begun to lower those costs (Chen, 2007). This study 

has shown that the rate of loss of structures in these cities is significantly higher than the 

rate of structure replacement. The fast removal of the built environments could 

potentially have environmental implications in shrinking cities, suggesting a need for 

the continued monitoring of the shrinking urban landscape in these regions (D. Haase, 

2013; Schetke & Haase, 2008). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



42 

References 

Alsup, A. (2016). A Hurricane Without Water: An archaeology of Detroit's property 

captured in Google Street View.   Retrieved from 

http://www.goobingdetroit.com/ 

 

ASPRS, A. S. f. P. a. R. S. (2005). LAS Specification Version 1.1. Retrieved from  

 

Beauregard, R. A. (2003). Aberrant cities: Urban population loss in the United States, 

1820-1930. Urban Geography, 24(8), 672-690.  

 

Beauregard, R. A. (2009). Urban population loss in historical perspective: United 

States, 1820-2000. Environment and Planning A(41), 514-528.  

 

Bhatta, B., Saraswati, S., & Bandyopadhyay, D. (2010). Urban sprawl measurement 

from remote sensing data. Applied Geography, 30(4), 731-740.  

 

Chen, Q. (2007). Airborne lidar data processing and information extraction. 

Photogrammetric Engineering and Remote Sensing, 73(2), 109.  

 

Cheng, L., Gong, J., Li, M., & Liu, Y. (2011). 3D Building Model Reconstruction from 

Multi-view Aerial Imagery and Lidar Data. Photogrammetric Engineering & 

Remote Sensing, 77(2), 125-139. doi:10.14358/pers.77.2.125 

 

DESA, U. (2014). World Urbanization Prospects. 

 

Dewar, M., & Thomas, J. M. (2012). The city after abandonment: University of 

Pennsylvania Press. 

 

Exelis Visual Information Solutions, I. ENVI LiDAR.   Retrieved from 

http://www.harrisgeospatial.com/docs/using_envi_lidar_Home.html 

 

Foley, J. A., DeFries, R., Asner, G. P., Barford, C., Bonan, G., Carpenter, S. R., . . . 

Gibbs, H. K. (2005). Global consequences of land use. science, 309(5734), 570-

574.  

 

Foody, G. M. (2002). Status of land cover classification accuracy assessment. Remote 

Sensing of Environment, 80(1), 185-201.  

 

Frazier, A. E., Bagchi-Sen, S., & Knight, J. (2013). The spatio-temporal impacts of 

demolition land use policy and crime in a shrinking city. Applied Geography, 

41, 55-64. doi:10.1016/j.apgeog.2013.02.014 

 

 

 

http://www.goobingdetroit.com/
http://www.harrisgeospatial.com/docs/using_envi_lidar_Home.html


43 

Fu, P., & Weng, Q. (2016). A time series analysis of urbanization induced land use and 

land cover change and its impact on land surface temperature with Landsat 

imagery. Remote Sensing of Environment, 175, 205-214. 

doi:http://dx.doi.org/10.1016/j.rse.2015.12.040 

 

Geri, F., Amici, V., & Rocchini, D. (2010). Human activity impact on the heterogeneity 

of a Mediterranean landscape. Applied Geography, 30(3), 370-379. 

doi:http://dx.doi.org/10.1016/j.apgeog.2009.10.006 

 

Grimm, N. B., Faeth, S. H., Golubiewski, N. E., Redman, C. L., Wu, J., Bai, X., & 

Briggs, J. M. (2008). Global change and the ecology of cities. science, 

319(5864), 756-760.  

 

Großmann, K., Bontje, M., Haase, A., & Mykhnenko, V. (2013). Shrinking cities: Notes 

for the further research agenda. Cities, 35, 221-225. 

doi:10.1016/j.cities.2013.07.007 

 

Guo, L., Chehata, N., Mallet, C., & Boukir, S. (2011). Relevance of airborne lidar and 

multispectral image data for urban scene classification using Random Forests. 

ISPRS Journal of Photogrammetry and Remote Sensing, 66(1), 56-66. 

doi:http://dx.doi.org/10.1016/j.isprsjprs.2010.08.007 

 

Haase, A., Rink, D., Grossmann, K., Bernt, M., & Mykhnenko, V. (2014). 

Conceptualizing urban shrinkage. Environment and Planning A, 46(7), 1519-

1534. doi:10.1068/a46269 

 

Haase, D. (2013). Shrinking Cities, Biodiversity and Ecosystem Services. In T. 

Elmqvist, M. Fragkias, J. Goodness, B. Güneralp, P. J. Marcotullio, R. I. 

McDonald, S. Parnell, M. Schewenius, M. Sendstad, K. C. Seto, & C. Wilkinson 

(Eds.), Urbanization, Biodiversity and Ecosystem Services: Challenges and 

Opportunities (pp. 253-274): Springer Netherlands. 

 

Haase, D., & Schetke, S. (2010). Potential of biodiversity and recreation in shrinking 

cities: contextualization and operationalization. Urban biodiversity and design, 

518-538.  

 

Haase, D., Seppelt, R., & Haase, A. (2008). Land use impacts of demographic change - 

lessons from eastern German urban regions Use of landscape sciences for the 

assessment of environmental security.: Springer. 

 

Hackworth, J. (2015). Why there is no Detroit in Canada. Urban Geography, 37(2), 

272-295. doi:10.1080/02723638.2015.1101249 

 

 

 

http://dx.doi.org/10.1016/j.rse.2015.12.040
http://dx.doi.org/10.1016/j.apgeog.2009.10.006
http://dx.doi.org/10.1016/j.isprsjprs.2010.08.007


44 

Hackworth, J., & Nowakowski, K. (2015). Using market-based policies to address 

market collapse in the American Rust Belt: the case of land abandonment in 

Toledo, Ohio. Urban Geography, 36(4), 528-549. 

doi:10.1080/02723638.2015.1011416 

 

Hegazy, I. R., & Kaloop, M. R. (2015). Monitoring urban growth and land use change 

detection with GIS and remote sensing techniques in Daqahlia governorate 

Egypt. International Journal of Sustainable Built Environment, 4(1), 117-124.  

 

Herold, M., Couclelis, H., & Clarke, K. C. (2005). The role of spatial metrics in the 

analysis and modeling of urban land use change. Computers, Environment and 

Urban Systems, 29(4), 369-399.  

 

Hillier, A. E., Culhane, D. P., Smith, T. E., & Tomlin, C. D. (2003). Predicting Housing 

Abandonment with the Philadelphia Neighborhood Information System. Journal 

of Urban Affairs, 25(1), 91-106. doi:10.1111/1467-9906.00007 

 

Hobor, G. (2013). Surviving the Era of Deindustrialization: The New Economic 

Geography of the Urban Rust Belt. Journal of Urban Affairs, 35(4), 417-434. 

doi:10.1111/j.1467-9906.2012.00625.x 

 

Hollander, J. B. (2010). Moving Toward a Shrinking Cities Metric: Analyzing Land 

Use Changes Associated with Depopulation in Flint, Michigan. Cityscape, 

12(1), 133-151.  

 

Hollander, J. B., Pallagst, K. M., Schwarz, T., & Popper, F. J. (2009). Planning 

Shrinking Cities. Progress in Planning, 72(4), 223-232.  

 

Homer, C., Dewitz, J., Yang, L., Jin, S., Danielson, P., Xian, G., . . . Megown, K. 

(2015). Completion of the 2011 National Land Cover Database for the 

Conterminous United States – Representing a Decade of Land Cover Change 

Information. Photogrammetric Engineering and Remote Sensing. 

doi:10.14358/PERS.81.5.345 

 

Janssen, L. L., & Vanderwel, F. J. (1994). Accuracy assessment of satellite derived 

land-cover data: a review. Photogrammetric engineering and remote 

sensing;(United States), 60(4).  

 

Jat, M. K., Garg, P. K., & Khare, D. (2008). Monitoring and modelling of urban sprawl 

using remote sensing and GIS techniques. International Journal of Applied 

Earth Observation and Geoinformation, 10(1), 26-43. 

doi:http://dx.doi.org/10.1016/j.jag.2007.04.002 

 

Jego, C. R., Bertrand M. (2006). White Flight or Flight from Poverty. Journal of 

Economic Interaction and Coordination, 1(1), 75-87. doi:10.1007/s11403-006-

0004-9 

http://dx.doi.org/10.1016/j.jag.2007.04.002


45 

 

Jin, S., Yang, L., Danielson, P., Homer, C., Fry, J., & Xian, G. (2013). A 

comprehensive change detection method for updating the National Land Cover 

Database to circa 2011. Remote Sensing of Environment, 132, 159-175. 

doi:10.1016/j.rse.2013.01.012 

 

Kowarik, I. (2011). Novel urban ecosystems, biodiversity, and conservation. 

Environmental Pollution, 159(8), 1974-1983.  

 

Le, T., Kholdi, D., Xie, H., Dong, B., & Vega, R. (2016). LiDAR-Based Solar Mapping 

for Distributed Solar Plant Design and Grid Integration in San Antonio, Texas. 

Remote Sensing, 8(3), 247. doi:10.3390/rs8030247 

 

Liu, X. (2008). Airborne LiDAR for DEM generation: some critical issues. Progress in 

Physical Geography, 32(1), 31-49. doi:10.1177/0309133308089496 

 

Martinez-Fernandez, C., Audirac, I., Fol, S., & Cunningham-Sabot, E. (2012). 

Shrinking Cities: Urban Challenges of Globalization. International Journal of 

Urban and Regional Research, 36(2), 213-225. doi:10.1111/j.1468-

2427.2011.01092.x 

 

McCarley, T. R., Kolden, C. A., Vaillant, N. M., Hudak, A. T., Smith, A. M. S., Wing, 

B. M., . . . Kreitler, J. Multi-temporal LiDAR and Landsat quantification of fire-

induced changes to forest structure. Remote Sensing of Environment. 

doi:http://dx.doi.org/10.1016/j.rse.2016.12.022 

 

McKinney, M. L. (2008). Effects of urbanization on species richness: a review of plants 

and animals. Urban ecosystems, 11(2), 161-176.  

 

Milesi, C., Elvidge, C. D., Nemani, R. R., & Running, S. W. (2003). Assessing the 

impact of urban land development on net primary productivity in the 

southeastern United States. Remote Sensing of Environment, 86(3), 401-410. 

doi:http://dx.doi.org/10.1016/S0034-4257(03)00081-6 

 

Miliaresis, G., & Kokkas, N. (2007). Segmentation and object-based classification for 

the extraction of the building class from LIDAR DEMs. Computers & 

Geosciences, 33(8), 1076-1087. 

doi:http://dx.doi.org/10.1016/j.cageo.2006.11.012 

 

Mitsova, D., Shuster, W., & Wang, X. (2011). A cellular automata model of land cover 

change to integrate urban growth with open space conservation. Landscape and 

Urban Planning, 99(2), 141-153. 

doi:http://dx.doi.org/10.1016/j.landurbplan.2010.10.001 

 

 

http://dx.doi.org/10.1016/j.rse.2016.12.022
http://dx.doi.org/10.1016/S0034-4257(03)00081-6
http://dx.doi.org/10.1016/j.cageo.2006.11.012
http://dx.doi.org/10.1016/j.landurbplan.2010.10.001


46 

Myint, S. W., Gober, P., Brazel, A., Grossman-Clarke, S., & Weng, Q. (2011). Per-

pixel vs. object-based classification of urban land cover extraction using high 

spatial resolution imagery. Remote Sensing of Environment, 115(5), 1145-1161.  

 

Novack, T., Esch, T., Kux, H., & Stilla, U. (2011). Machine learning comparison 

between WorldView-2 and QuickBird-2-simulated imagery regarding object-

based urban land cover classification. Remote Sensing, 3(10), 2263-2282.  

 

O'Neil-Dunne, J. P. M., MacFaden, S. W., Royar, A. R., & Pelletier, K. C. (2013). An 

object-based system for LiDAR data fusion and feature extraction. Geocarto 

International, 28(3), 227-242. doi:10.1080/10106049.2012.689015 

 

Pallagst, K. (2010). Viewpoint: The planning research agenda: shrinking cities – a 

challenge for planning cultures. Town Planning Review, 81(5), i-vi. 

doi:10.3828/tpr.2010.22 

 

Pallagst, K., Aber, J., Audirac, I., Cunningham-Sabot, E., Fol, S., Martinez-Fernandez, 

C., . . . Rich, J. (2009). The future of shrinking cities: problems, patterns and 

strategies of urban transformation in a global context. 

 

Priestnall, G., Jaafar, J., & Duncan, A. (2000). Extracting urban features from LiDAR 

digital surface models. Computers, Environment and Urban Systems, 24(2), 65-

78. doi:http://dx.doi.org/10.1016/S0198-9715(99)00047-2 

 

Pu, R., Landry, S., & Yu, Q. (2011). Object-based urban detailed land cover 

classification with high spatial resolution IKONOS imagery. International 

Journal of Remote Sensing, 32(12), 3285-3308.  

 

Radoux, J., & Defourny, P. (2016/09/16/). Using lidar and aerial photography to build 

a geographic object database tuned for ecological model. 

 

Rapino, M. A., & Fields, A. K. (2013). Mega commuters in the uS: Time and distance 

in defining the long commute using the american community survey. Retrieved 

from  

 

Rhodes, J., & Russo, J. (2013). Shrinking ‘Smart’?: Urban Redevelopment and 

Shrinkage in Youngstown, Ohio. Urban Geography, 34(3), 305-326. 

doi:10.1080/02723638.2013.778672 

 

Rieniets, T. (2009). Shrinking Cities: Causes and Effects of Urban Population Losses in 

the Twentieth Century. Nature and Culture, 4(3), 231-254.  

 

Ringel, F. (2014). 2 Post-industrial times and the unexpected: endurance and 

sustainability in Germany’s fastest-shrinking city. Journal of the Royal 

Anthropological Institute, 20(S1).  

 

http://dx.doi.org/10.1016/S0198-9715(99)00047-2


47 

Rosenthal, S. S. (2008). Old homes, externalities, and poor neighborhoods. A model of 

urban decline and renewal. Journal of Urban Economics, 63(3), 816-840. 

doi:10.1016/j.jue.2007.06.003 

 

Ryan, B. D. (2008). The restructuring of Detroit: City block form change in a shrinking 

city, 1900&#8211;2000. URBAN DESIGN International, 13(3), 156-168. 

doi:10.1057/udi.2008.21 

 

Ryznar, R. M., & Wagner, T. W. (2001). Using Remotely Sensed Imagery to Detect 

Urban Change:Viewing Detroit from Space. Journal of the American Planning 

Association, 67(3), 327-336. doi:10.1080/01944360108976239 

 

Sampath, A., & Shan, J. (2007). Building Boundary Tracing and Regularization from 

Airborne Lidar Point Clouds. Photogrammetric Engineering & Remote Sensing, 

73(7), 805-812.  

 

Schetke, S., & Haase, D. (2008). Multi-criteria assessment of socio-environmental 

aspects in shrinking cities. Experiences from eastern Germany. Environmental 

Impact Assessment Review, 28(7), 483-503. doi:10.1016/j.eiar.2007.09.004 

 

Schilling, J., & Logan, J. (2008). Greening the Rust Belt: A Green Infrastructure Model 

for Right Sizing America's Shrinking Cities. Journal of the American Planning 

Association, 74(4), 451-466. doi:10.1080/01944360802354956 

 

Seto, K. C., Güneralp, B., & Hutyra, L. R. (2012). Global forecasts of urban expansion 

to 2030 and direct impacts on biodiversity and carbon pools. Proceedings of the 

National Academy of Sciences, 109(40), 16083-16088. 

doi:10.1073/pnas.1211658109 

 

Sexton, J. O., Song, X.-P., Huang, C., Channan, S., Baker, M. E., & Townshend, J. R. 

(2013). Urban growth of the Washington, D.C.–Baltimore, MD metropolitan 

region from 1984 to 2010 by annual, Landsat-based estimates of impervious 

cover. Remote Sensing of Environment, 129, 42-53. 

doi:http://dx.doi.org/10.1016/j.rse.2012.10.025 

 

Siljanoska, J., Korobar, V. P., & Stefanovska, J. (2012). Causes, Consequences and 

Challenges of Shrinkage: The Case of Small Cities in a Transition Society. Built 

Environment, 38(2), 244-258. doi:10.2148/benv.38.2.244 

 

Singh, K. K., Vogler, J. B., Shoemaker, D. A., & Meentemeyer, R. K. (2012). LiDAR-

Landsat data fusion for large-area assessment of urban land cover: Balancing 

spatial resolution, data volume and mapping accuracy. ISPRS Journal of 

Photogrammetry and Remote Sensing, 74, 110-121. 

doi:http://dx.doi.org/10.1016/j.isprsjprs.2012.09.009 

 

http://dx.doi.org/10.1016/j.rse.2012.10.025
http://dx.doi.org/10.1016/j.isprsjprs.2012.09.009


48 

Sohn, G., & Dowman, I. (2007). Data fusion of high-resolution satellite imagery and 

LiDAR data for automatic building extraction. ISPRS Journal of 

Photogrammetry and Remote Sensing, 62(1), 43-63. 

doi:http://dx.doi.org/10.1016/j.isprsjprs.2007.01.001 

 

Song, X.-P., Sexton, J. O., Huang, C., Channan, S., & Townshend, J. R. (2016). 

Characterizing the magnitude, timing and duration of urban growth from time 

series of Landsat-based estimates of impervious cover. Remote Sensing of 

Environment, 175, 1-13. doi:http://dx.doi.org/10.1016/j.rse.2015.12.027 

 

Stefanov, W. L., Ramsey, M. S., & Christensen, P. R. (2001). Monitoring urban land 

cover change: An expert system approach to land cover classification of 

semiarid to arid urban centers. Remote Sensing of Environment, 77(2), 173-185. 

doi:http://dx.doi.org/10.1016/S0034-4257(01)00204-8 

 

Sturari, M., Frontoni, E., Pierdicca, R., Mancini, A., Malinverni, E. S., Tassetti, A. N., 

& Zingaretti, P. (2017). Integrating elevation data and multispectral high-

resolution images for an improved hybrid Land Use/Land Cover mapping. 

European Journal of Remote Sensing, 50(1), 1-17. 

doi:10.1080/22797254.2017.1274572 

 

Sugrue, T. J. (2014). The origins of the urban crisis: Race and inequality in postwar 

Detroit: Princeton University Press. 

 

Tarsha-Kurdi, F., Landes, T., Grussenmeyer, P., & Koehl, M. (2007). Model-driven and 

data-driven approaches using LIDAR data: analysis and comparison. 

International Archives of Photogrammetry, Remote Sensing and Spatial 

Information Sciences, 36.  

 

Taylor, J. R., & Lovell, S. T. (2012). Mapping public and private spaces of urban 

agriculture in Chicago through the analysis of high-resolution aerial images in 

Google Earth. Landscape and Urban Planning, 108(1), 57-70. 

doi:10.1016/j.landurbplan.2012.08.001 

 

Thomas, J. M., & Bekkering, H. e. (2015). Mapping Detroit: Land, Community, and 

Shaping a City: Wayne State University Press. 

 

Thompson, H. A. (2004). Whose Detroit?: Politics, labor, and race in a modern 

American city: Cornell University Press. 

 

United States Census Bureau. (2010). American Fact Finder.   Retrieved from 

https://factfinder.census.gov/faces/nav/jsf/pages/index.xhtml 

 

United States Census Bureau. (2015). American Fact Finder.   Retrieved from 

https://factfinder.census.gov/faces/nav/jsf/pages/index.xhtml 

 

http://dx.doi.org/10.1016/j.isprsjprs.2007.01.001
http://dx.doi.org/10.1016/j.rse.2015.12.027
http://dx.doi.org/10.1016/S0034-4257(01)00204-8
https://factfinder.census.gov/faces/nav/jsf/pages/index.xhtml
https://factfinder.census.gov/faces/nav/jsf/pages/index.xhtml


49 

United States Census Bureau. (2016). Five of the Nation’s Eleven Fastest-Growing 

Cities are in Texas, Census Bureau Reports [Press release]. Retrieved from 

https://www.census.gov/newsroom/press-releases/2016/cb16-81.html 

 

Verma, V., Kumar, R., & Hsu, S. (2006, 2006). 3D Building Detection and Modeling 

from Aerial LIDAR Data. Paper presented at the 2006 IEEE Computer Society 

Conference on Computer Vision and Pattern Recognition (CVPR'06). 

 

Wang, J., & Shan, J. (2009). Segmentation of LiDAR point clouds for building 

extraction. Paper presented at the American Society for Photogramm. Remote 

Sens. Annual Conference. 

 

Weaver, R., Bagchi-Sen, S., Knight, J., & Frazier, A. E. (2017). Shrinking Cities: 

Understanding urban decline in the United States: Routledge. 

 

Weaver, R., & Holtkamp, C. (2015). Geographical Approaches to Understanding Urban 

Decline: From Evolutionary Theory to Political Economy...and Back? 

Geography Compass, 9(5), 286-302. doi:10.1111/gec3.12211 

 

Wiechmann, T., & Pallagst, K. M. (2012). Urban shrinkage in Germany and the USA: 

A Comparison of Transformation Patterns and Local Strategies. International 

Journal of Urban and Regional Research, 36(2), 261-280. doi:10.1111/j.1468-

2427.2011.01095.x 

 

Wu, M. F., Sun, Z. C., Yang, B., & Yu, S. S. (2016). A Hierarchical Object-oriented 

Urban Land Cover Classification Using WorldView-2 Imagery and Airborne 

LiDAR data. IOP Conference Series: Earth and Environmental Science, 46, 

012016. doi:10.1088/1755-1315/46/1/012016 

 

Xiao, J., Shen, Y., Ge, J., Tateishi, R., Tang, C., Liang, Y., & Huang, Z. (2006). 

Evaluating urban expansion and land use change in Shijiazhuang, China, by 

using GIS and remote sensing. Landscape and Urban Planning, 75(1–2), 69-80. 

doi:http://dx.doi.org/10.1016/j.landurbplan.2004.12.005 

 

Xu, X., & Min, X. (2013). Quantifying spatiotemporal patterns of urban expansion in 

China using remote sensing data. Cities, 35, 104-113. 

doi:http://dx.doi.org/10.1016/j.cities.2013.05.002 

 

Yang, L., Xian, G., Klaver, J. M., & Deal, B. (2003). Urban Land-Cover Change 

Detection through Sub-Pixel Imperviousness Mapping Using Remotely Sensed 

Data. Photogrammetric Engineering & Remote Sensing, 69(9), 1003-1010. 

doi:10.14358/PERS.69.9.1003 

 

Yuan, F., Sawaya, K. E., Loeffelholz, B. C., & Bauer, M. E. (2005). Land cover 

classification and change analysis of the Twin Cities (Minnesota) Metropolitan 

https://www.census.gov/newsroom/press-releases/2016/cb16-81.html
http://dx.doi.org/10.1016/j.landurbplan.2004.12.005
http://dx.doi.org/10.1016/j.cities.2013.05.002


50 

Area by multitemporal Landsat remote sensing. Remote Sensing of Environment, 

98(2–3), 317-328. doi:http://dx.doi.org/10.1016/j.rse.2005.08.006 

 

Zhang, K., Chen, S.-C., Whitman, D., Shyu, M.-L., Yan, J., & Zhang, C. (2003). A 

progressive morphological filter for removing nonground measurements from 

airborne LIDAR data. IEEE Transactions on Geoscience and Remote Sensing, 

41(4), 872-882. doi:10.1109/tgrs.2003.810682 

 

Zhang, K., Yan, J., & Chen, S. C. (2006). Automatic Construction of Building 

Footprints From Airborne LIDAR Data. IEEE Transactions on Geoscience and 

Remote Sensing, 44(9), 2523-2533. doi:10.1109/TGRS.2006.874137 

 

Zhou, W., Huang, G., Troy, A., & Cadenasso, M. L. (2009). Object-based land cover 

classification of shaded areas in high spatial resolution imagery of urban areas: 

A comparison study. Remote Sensing of Environment, 113(8), 1769-1777. 

doi:http://dx.doi.org/10.1016/j.rse.2009.04.007 

 

Zingale, N. C., & Riemann, D. (2013). Coping with shrinkage in Germany and the 

United States: A cross-cultural comparative approach toward sustainable cities. 

URBAN DESIGN International, 18(1), 90-98. doi:10.1057/udi.2012.30 

 

 

http://dx.doi.org/10.1016/j.rse.2005.08.006
http://dx.doi.org/10.1016/j.rse.2009.04.007

