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Abstract

:

As cities continue to grow, their urban form continues to evolve. As a consequence of urban growth, the demand for infrastructure increases to meet the needs of a growing population. Understanding this evolution and its subsequent impingement on resources allows for planners, engineers, and decision-makers to plan for a sustainable community. Patterns and rate of urban expansion have been studied extensively in various cities throughout the United States (U.S.), utilizing remote sensing and geographic information system (GIS). However, minimal research has been conducted to understand urban growth rates and patterns for cities that possess borders, geological attributes, and/or protected areas that confine and direct the cities’ urban growth, such as El Paso, Texas. This study utilizes El Paso, Texas, as a case study to provide a basis for examining growth patterns and their possible impact on the electricity consumption resource, which lies on the U.S./Mexico and New Mexico borders, contains the largest urban park in the nation (Franklin Mountains State Park), and Ft. Bliss military base. This study conducted a change analysis for El Paso County to analyze specific areas of concentrated growth within the past 15-years (2001–2016). The results indicate that county growth has primarily occurred within the city of El Paso, in particular, Districts 5 (east side), 1 (west side), and 4 (northeast), with District 5 experiencing substantial growth. As the districts expanded, fragmentation and shape irregularity of developed areas decreased. Utilizing past growth trends, the counties’ 2031 land-use was predicted employing the Cellular Automata (CA)-Markov method. The counties’ projected growth was evenly distributed within El Paso city and outside city limits. Future growth within the city continues to be directed within the same districts that experienced past growth, Districts 1, 4, and 5. Whereas projected growth occurring outside the city limits, primarily focused within potential city annexation areas in accordance with the cities’ comprehensive plan, Plan El Paso. Panel data analysis was performed to investigate the relationship between urban dynamic growth patterns and electricity consumption. The findings suggest that, as urban areas expanded and fragmentation decreased, electricity consumption increased. Further investigation to include an expansion of urban pattern metrics, an extension of the time period studied, and their influence on electricity consumption is recommended. The results of this study provided a basis for decision-makers and planners with an understanding of El Paso’s concentrated areas of past and projected urban growth patterns and their influence on electricity consumption to mitigate possible fragmentation growth through informed decisions and policies to provide a sustainable environment for the community.
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1. Introduction


The world’s population is estimated to grow by approximately one billion people within the next decade, reaching 8.5 billion by 2030 [1]. According to the United Nations, 3.5 billion people, half of the world’s population, currently reside within cities and is expected to increase to 5 billion by the year 2030 [2]. This results in “60% of the world’s population will live in cities by 2030” [1]. Within the United States (U.S.), the term “cities” is commonly referred to as incorporated areas that have legal jurisdiction to conduct governmental activities, such as collecting taxes, within “legally defined geographic boundaries” [3]. The U.S. Census Bureau defines urban areas as “a cluster of densely settled census blocks that together have a population of at least 2500 people” [3]. Thus, the term “urbanization” refers to the spatial distribution of former rural areas into urban, built environments [4] to accommodate the needs of a growing population. Within the past eight years (2010–2018), the United States has experienced an approximate 6% population increase, with Texas ranked first in population growth at nearly 3.6 million people added [3]. In 2001, 79% of the U.S. population lived in urban areas. The percentage increased to 82% in 2016 and is projected to increase to 85% by 2031 within the U.S. [4]. As the population increased, the number of cities grew, as well. The number of cities in the U.S. in 2018 was144 and is projected to increase to 158 cities in 2030 [4]. As a result, rapid land cover change has occurred as cities continue to expand [5]. Land cover pertains to the current land features [6,7], which can include the natural environment [8], while land-use relates to human dwellings and resulting modification of land cover [5,8,9]. Land-use and land cover (LULC) change refers to the transformation of one land classification to another. This transformation occurs during urbanization when the native land cover is transformed to built-up urban areas. Urbanization is the fastest growing classification of land-use [2]. Synonymous with impervious surface cover, urbanization includes roads, residential/commercial buildings, and structures. LULC change of cities exhibits various growth patterns and size over time. This spatial-temporal relationship has played a critical role in analyzing urbanization trends for cities to manage their urban development. The tools used in analyzing and understanding spatial-temporal trends are Remote Sensing (RS) and Geographic Information Systems (GIS). This relationship incorporates satellite imagery to perform LULC changes and ultimately a change detection analysis [10]. Change detection analysis provides both a visual and quantitative analysis, as to the amount of change that has occurred over a specified length of time allowing to measure, monitor, and evaluate LULC changes that have transpired within a study area [10].



Landscape metrics enhance the change detection analysis by providing an effective means to quantify spatiotemporal patterns of the urban landscape at various time periods [5]. Landscape metrics measure land-use change, land-use pattern transformation, and is an effective means to compare landscapes over time. Metrics analyze various growth attributes, such as shape, complexity, aggregation, and diversity of growth [5], through the use of size, shape, and patches of land-use. Research suggests that a few selected landscape metrics are capable to successfully explain the spatiotemporal characteristics of urbanization [11], which include patch density, number of patches, and class area [11,12,13]. Landscape metrics are typically used for entire city areas. This includes analyzing landscape metrics at differing spatial resolutions [11] and concentric circles with an increasing specific distance surrounding the study area [5]. However, limited research has been conducted on narrowing the study area to specific districts within a city that have exhibited the highest concentration of urban growth.



Globally, cities contribute to 70% of energy use and an average of 45% of greenhouse gas emissions [14]. For energy consumption within the U.S., 40% is attributed to residential and commercial sectors [15]. Thus, as urban growth continues, the demand for energy will increase to meet the communities’ needs. Various socio-economical and physical attributes contribute to a society’s energy use. Income, education, and unemployment percentages are examples of socio-economical attributes [16], while travel distance, building characteristics, and land-use are physical attributes that contribute to energy consumption [16,17]. The relationship between urban form and energy consumption, in particular electricity consumption, has been studied at various levels. Levels include neighborhood attributes, including street configurations and tree shade [18], to the city level where density and location were factors found to contribute to electricity consumption [18]. While these relationships have been extensively studied, minimal research has been conducted to quantify the correlation between spatiotemporal information, utilizing landscape metric results, to energy consumption [17]. Studies have indicated that urban growth and irregular patterns contribute to energy consumption [17]. Therefore, it is imperative to examine the impact of urban dynamics on energy consumption to allow decision-makers and planners to make informed decisions and policies for a sustainable community.



Studies have investigated the effects of urban change analysis for metropolitan areas centered within wooded or agricultural rich regions within the United States (U.S.). Sexton, et al. (2013) [19] examined impervious land cover patterns and dynamics for the Washington, D.C.–Baltimore area spanning nearly three decades, which indicates infill development and fragmentation of forest areas. The Twin Cities Metropolitan Area was studied by Yuan et al. (2005) for land cover change, which included urban change analysis [20]. For arid urban environments, research incorporated Phoenix, AZ, Las Vegas, and Tucson, AZ, in understanding urban growth patterns that have transpired as a result of expanding cities [11,13]. Phoenix Metropolitan was found to exhibit land fragmentation due to rapid urban growth by Shrestha et al. (2012) [13]. A comparison of spatiotemporal patterns among Phoenix, AZ, and Las Vegas, NV, was conducted by Wu et al. (2011) [11] to compare growth patterns of the vastly growing urban areas. Desert patch increase and urban expansion were examined using landscape metrics by DiBari (2007) for Tucson, AZ [21]. El Paso, Texas, is one such city located within an arid environment. Located on the Mexico and New Mexico border, few urban dynamic studies focused solely on the border region of El Paso to provide an extensive understanding of its spatiotemporal patterns and their consequential impact on electricity consumption. Instead, studies for the El Paso region incorporated remote sensing techniques to analyze critical areas within El Paso-Juarez for flood control as a result of the extreme weather events (such that occurred in 2006 [22]), evaluating extreme rainfall scenarios and subsequent runoff due to land-use change and studying its impact on watersheds within El Paso [23]. Ciudad Juarez is located directly adjacent to El Paso, separated only by the Rio Grande River. Remote sensing was also utilized to analyze air pollutants within the region [24], nighttime urban heat retention, and subsequent health effects within El Paso [25], and land-use change effects on the ecosystem [26]. Land-use change analysis was conducted for the Middle Rio Grande Basin along a 16-km swath on either side of the Rio Grande River, which includes portions of El Paso-Ciudad Juarez. Mubako et al. discussed the spatiotemporal changes occurring over a period of 25 years (1990–2015) for water resource and policy management [27]. Everett included portions of El Paso in land-use change analysis and its impact on the Native American community of Ysleta del Sur Pueblo’s culture [28].



El Paso County had a population of over 800,000 in 2010 and is expected to reach a population of over 1 million by 2030 [29]. The largest municipality in the county, the city of El Paso, has continuously expanded outward since its humble beginning in 1873 consisting of 2.2 square mile area [29]. El Paso has since grown to 255.24 square miles in 2010 [30]. El Paso experienced two major growth spurts in the 1950s and 1970s, with a population of roughly 130,000 and 322,000, respectively [29]. In 2000 and 2010, El Paso possessed a population of approximately 566,000 and 649,000, respectively. By 2019, the population has more than doubled that of the 1970s to approximately 681,000 [30]. As a result of population increase, understanding past and future urban growth and their patterns are vital in planning and designing sustainable and efficient future development for the border region of El Paso. To ensure a sustainable environment, consideration of energy efficiency within new development is a priority under the Energy goal in Plan El Paso. Meeting the energy needs for the present without compromising future El Pasoan’s resources, is the goal of understanding the relationship between urban growth and electricity consumption. This study provided a comprehensive analysis of past and future land-use within El Paso County and its subsequent areas of concentrated urban growth. The consequential patterns of growth and their effect on energy consumption were investigated to support decision-makers and stakeholders to implement informed and sustainable policies and decisions for future urban expansion. Land-use patterns were analyzed for the 15-year period, 2001–2016, within El Paso county. Past urban growth patterns were then utilized to predict future land-use in 2031 using the Cellular Automata (CA)-Markov method. The past and future spatiotemporal growth patterns were then quantified utilizing landscape metrics to better understand past and predicted future dynamic urban sprawl. The relationship between the growth patterns and electricity consumption was further investigated using panel data analysis to implement optimal growth patterns for the conservation of electricity.




2. Materials and Methods


2.1. Study Area


El Paso County is located at the westernmost point of Texas and borders the state of New Mexico and the country of Mexico. The region is comprised of a variety of features, including the Rio Grande River, desert shrublands, and the largest urban national park, Franklin Mountains State Park, at approximately 104 km2. Though the area resides within the largest desert region in North America, the Chihuahuan Desert, the area includes agricultural farmland of various crops, including cotton, pecans, and hay [31], as a result of irrigation from the Rio Grande. Several U.S. military reservations are also located within El Paso County, including the countries’ second-largest U.S. Army base—Fort Bliss, Castner Range, and Biggs Army Airfield [32]. El Paso County consists of several minor cities and towns, with the largest possessing a population of approximately 34,000 in 2019 [30]. By far, the largest city within El Paso County is the city of El Paso at nearly 681,000 population in 2019 [30]. The minor cities, boundaries, and military reservations are illustrated in Figure 1.



El Paso County was home to more than 566 thousand people in 2000 and increased to approximately 840 thousand people in 2018. The population is estimated to increase to over 952,000 by 2030 [30,33]. The county consists of several minor cities and towns, including Horizon City, Socorro, Clint, Vinton, and Anthony. The city of El Paso (hereafter El Paso) is by far the largest populous city in the county and was ranked 22nd among the most populous cities in the nation by 2018 [30] with an estimated population of over 683 thousand. El Paso accounted for 70% of the counties’ population in 2018 [30].



Unlike many other cities that can expand in various directions around urban centers, such as Phoenix and Las Vegas, El Paso’s growth is restricted due to several jurisdiction entities. The jurisdictions include a country (Mexico) and states (New Mexico and Chihuahua, Mexico) that lie adjacent to the study area. This uniqueness adds to the complexity and interest of understanding the growth patterns of not only an urbanized area located within a desert region but the second-largest U.S.–Mexico border city next to San Diego, CA. El Paso wraps around the southern tip of the Franklin Mountains and extends along the west and east side of the mountain. On the eastern side of the Franklin Mountain, the city can expand northward and eastward. However, new development is limited on the western side as the boundaries to Mexico and New Mexico are in close proximity. The city is comprised of eight representative districts. Each district elects a representative to reside on the City Council for administering/amending the cities legislative duties, including budgets, taxes, policies, and ordinances. With the Council’s efforts, the city adopted a comprehensive plan titled “Plan El Paso” in March of 2012 to provide guidance for economic, health, and physical concerns utilizing policy and regulations for the expanding city and surrounding community [29]. Incorporating a discussion of past and current trends of the region and applying goals and policies to address community concerns, Plan El Paso provides the vision of El Paso’s future for the next 25 years. As part of urban management, the Plan provides a future land use map that indicates designated areas for preferred immediate growth and possible annexation areas outside the city limits for long-term growth. Management of these goals is implemented through city budgets, city approval for development projects that are in accordance with the Plan, economic incentives, and City Council to ensure their decisions are in agreement with the Plans’ goals.




2.2. Data Collection


The National Land Cover Database (NLCD) is a result of a collaboration among federal agencies (Multi-Resolution Land Characteristics Consortium) and was the pioneer in providing consistent land cover information for the conterminous United States utilizing Landsat imagery [13,34]. The most recent version of NLCD is the 2016 product suite, which covers a 15-year period from 2001–2016 (2001, 2004, 2006, 2008, 2011, 2013, and 2016) for the Continental United States (CONUS) using categorical land cover information. The suite was developed based on four extensive mapping techniques, which include: spectral signatures, time-dependent spectral succession and trajectory patterns, spectral patch shape, and ancillary data [35]. This comprehensive method updates previous NLCD releases and allows a comparison of land cover data among the time periods provided [34].



The NLCD 2016 provides 30-m revolution images with eight class categories for CONUS [35]. Within each class category, the categories are further divided into classification descriptions. The developed class category consists of four classification descriptions based on varying impervious surface percentages (Table 1). The developed class is updated every 5 years beginning in 2001. The remaining categories pertain to non-impervious areas, such as water, barren land, forest, and shrubland. Since the focus of this study is on urban expansion, two categories of land-use were utilized: 1) developed and 2) undeveloped (barren). The developed land-use combines the four NLCD impervious surface descriptions, while the undeveloped (barren) land-use representing the remaining classes. The NLCD 2016 classes and descriptions allow for the creation of land-use maps, which provide a visual interpretation of land-use for regions of interest.



The NLCD 2016 suite, which encompasses land-cover from 2001–2016, is the most accurate release in NLCD history [34] and has been used extensively to study urbanization [13,35,36]. However, an argument has been posed to question past versions of NLCD reliability in forest areas where satellite imagery does not detect minor development [36]. Shrestha et al. (2012) [13] found that the NLCD, in particular 2001 NLCD, was “very accurate” for assessing developed areas in the treeless desert region of Phoenix, due to the lack of satellite obstruction from the treeless environment. It was recommended that NLCD be used in analyzing urban dynamics in desert environments to save time and resources [13]. Due to this recommendation and its extensive use, the NLCD land cover data was adopted for this study and its corresponding data availability timeframe from 2001 to 2016.



FRAGSTATS is a popular computer software program that generates landscape metrics and was developed in 1995 by Dr. Kevin McGarigal and Barbara Marks of Oregon State University [36]. Past research study areas using FRAGSTATS include India, Canada, and China [36,37,38]. FRAGSTATS was used in this study to determine the landscape metrics for the study area.




2.3. Predicted Future Land-Use


Predicting future land-use has been used extensively in the past 15 years [3] for urban development planning and management using the CA-Markov model [7,8,39,40]. CA-Markov is a hybrid model that incorporates past spatial and temporal trends to predict future projections. CA (Cellular Automata) is limited due to its inability to consider outside factors, such as physical and socioeconomic factors [41]. Therefore, a quantitative system must be included, such as the Markov Chain model. The probability model, Markov Chain model, is used extensively in analyzing land-use change due to its stochastic process of predicting the probability of change from one state to another using the preceding state conditions [8,42,43]. The analysis is conducted for a specific time period, with the start time as the baseline and is discrete in time and state. The Markov model is based on transition probability [44]. Thus, it results in a transition probability matrix, which describes the probability of a state transitioning into another in matrix form. The following illustrates the Markov Chain probability matrix:
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  n = n u m b e r   o f   s t a t e s  ;



	
  t = p o i n t s   i n   t i m e  ;



	
  i = s t a t e   a t   t − 1  ;



	
  j = s t a t e   a t   t  .








Along with the Markov probability matrix, suitability maps are also implemented in the CA-Markov model. Suitability maps illustrate the probability of a cells’ transition by utilizing transition rules for each land-use class. Transition rules incorporate socio-economic and/or physical factors’ influence on land-use change through the use of multi-criteria evaluation (MCE) [43]. This study implemented two physical factors: (1) distance from developed areas and (2) distance from roadways due to the availability of data, while the constraints were the developed area and roadways themselves (Figure 2). The constraints dictate where urban expansion could not occur.



MCE combines transition rules for constraints and factors to form a single index accurately predicting land-use change [8]. Constraints do not allow class expansion, while factors provide a probability of class expansion typically based on distance [10]. The result of the MCE analysis is presented as suitability maps. The Markov transition probability matrix, along with suitability maps, are then applied in the CA-Markov model, where spatial relations among states are analyzed. Cellular Automata (CA) considers discrete spatial and time configurations for complex arrangements. Therefore, the study time period is incorporated, along with the state of neighboring cells. The hybrid model is expressed as follows [44]:


   S  i j   t + 1   = f  (   S  i j  t  ,  Ω  i j  t  ,   V  )  ,  



(2)








	
  l o c a t e d   a t   r o w   i   a n d   c o l u m n   j :  



	
   S  i j   t + 1   = s t a t e   o f   c e l l   a t   t i m e   t + 1  ;



	
   S  i j  t  = s t a t e   o f   c e l l   a t   t i m e   t  ;



	
   Ω  i j  t  = s t a t e   o f   n e i g h b o r s   a t   t i m e   t  ;



  V = s u i t a b i l i t y   f a c t o r s  ;



	
  f = t r a n s i t i o n   r u l e  .








CA is an iterative process that is composed of cells, each cell changes/maintains a state at each time iteration based on rules provided by the transition probability matrix and area and can be utilized from the simplest of patterns to complex algorithmic problems [45]. As a result, cells within close proximity to existing areas possess an increase in transition probability resulting in land-use changes [44]. The CA-Markov output provides a projected land cover map of the time period in question.



The advantage of the hybrid CA-Markov model is that the Markov Chain model considers the change of a cell from one point in time to another. However, the influence of the neighboring cells is not considered, whereas the CA model does consider the state of the surrounding cells. The state of the neighboring cells influences the potential for a cell to change the state [39]. The disadvantage of the CA-Markov model is the lack of integrating socio-economic influence within the expansion scenario. However, integration of models, such as fuzzy logic, logistic regression, and multiple criteria evaluation, allows the inclusion of socio-economic factors, such as population and income. These methods incorporate weighted factors from historical data, policies, surveys, and literature review [44].



Once the results are provided, a verification of the CA-Markov model output is conducted utilizing an error matrix and Kappa coefficient. An error matrix includes various probability terms that describe the performance of the classification data [27,46], whereas the Kappa coefficient provides an understanding of the classified data compared to the classification by chance. The CA-Markov model is used to predict the land-use of a time period with reference data. The predicted results are compared to the reference data for validation using the accuracy assessment procedure. If the accuracy assessment is acceptable, the projection of future land-use is predicted [7,8,39].




2.4. Past and Predicted Landscape Metrics


Using the projected and NLCD land-use data, FRAGSTATS, an extensively adopted program to calculate landscape metrics for urban spatiotemporal dynamics [11,13,47,48], was utilized in determining the landscape metrics for El Paso’s urban growth areas for this study. A minimal amount of landscape metrics can demonstrate the urban dynamic behavior within a study area [11]. Six metrics were utilized for the developed class level as this class is the focus of this study (Table 2). The metrics focus on the developed land-use type, as this class is the focus of this study. The metrics include the percentage of developed landscape (PLAND), number of patches (NP), mean patch area (AREA_MN), edge density (ED), landscape shape index (LSI), and patch density (PD). The term patch is used extensively in landscape metrics and refers to the cluster of joining cells with the same land-use type [49]. Patches provide an understanding of possible fragmentation within the class type. Edge density and landscape shape index provides a perspective of shape irregularity of the class type.




2.5. Panel Data Analysis


In order to examine the relationship between landscape metrics and their possible impacts on electricity consumption, a panel data analysis was adopted. Electricity consumption data for the area was graciously provided by the electricity company which services the study area (El Paso Electric Company). The data consisted of yearly average electricity usage (kWh) by the district. Incorporating the results from the past and future landscape results and the obtained electricity consumption data, a panel data analysis was conducted. Panel data analysis consists of three models: pooled regression, variable intercepts, and constant coefficients, and variable intercepts and variable coefficients models. Pooled regression considers constant coefficients and is expressed as the following [17,50]:


   y  i t   =   α +   β  x  i t   +    ϵ  i t   ,  



(3)




where:




	
  i = i n d i v i u d a l s ,   1 , … … , N  ;



	
  t = t i m e ,   1 , … … , T  ;



	
   y  i t   = d e p e n d e n t   v a r i a b l e  ;



	
  α = i n t e r c e p t  ;



	
  β = c o e f f i c i e n t   o f   t h e   v a r i a b l e s  ;



	
   x  i t   = i n d e p e n d e n t   v a r i a b l e  ;



   ε  i t   = e r r o r   t e r m  .








The variable intercepts and constant coefficients model pertain to both the fixed and random-effects models. Fixed-effects model applies to non-random sampling/selection panel data [51] and assumes “the intercept αi, is uncorrelated with xit and a constant value for i” [17,52], whereas the random-effects model applies to random sampling/selection data [51] where “αi is affected by xit, and αi involves not only a constant but also a random term caused by xit” [17,52]. The fixed/random-effects model is expressed as:


   y  i t   =    α i  +   β  x  i t   +    ε  i t   ,  



(4)




where:




	
  i = i n d i v i u d a l s ,   1 , … … , N  ;



	
  t = t i m e ,   1 , … … , T  ;



	
   y  i t   = d e p e n d e n t   v a r i a b l e  ;



	
   α i  = f i x e d   o r   r a n d o m   e f f e c t s  ;



	
  β = c o e f f i c i e n t   o f   t h e   v a r i a b l e s  ;



	
   x  i t   = i n d e p e n d e n t   v a r i a b l e  ;



	
   ε  i t   = e r r o r   t e r m  .








The third model indicates coefficients may vary among individuals, as demonstrated by the term    β i    as follows:


   y  i t   =    α i  +    β i   x  i t   +    ε  i t   ,  



(5)




where:




	
  i = i n d i v i u d a l s ,   1 , … … , N  ;



	
  t = t i m e ,   1 , … … , T  ;



	
   y  i t   = d e p e n d e n t   v a r i a b l e  ;



	
   α i  = f i x e d   o r   r a n d o m   e f f e c t s  ;



	
   β i  = c o e f f i c i e n t   o f   e x p l a n a t o r y   v a r i a b l e    x  i t    ;



	
   x  i t   = i n d e p e n d e n t   v a r i a b l e  ;



	
   ε  i t   = e r r o r   t e r m  .








An F-test is first conducted to verify which model to incorporate. The hypothesis states:


   H 1  =  β 1  =  β 2  =   ⋯ =  β N   










   H 2  =    α 1  =  α 2  = ⋯  α N      ;        β 1  ≠  β 2  ≠ ⋯ ≠  β N   








where H1 refers to the pooled regression model, where intercepts and coefficients are constant for individuals and time. H2 states intercepts are variable and coefficients are constant. If H1 is accepted, then the pooled regression model is incorporated. If H2 is accepted, intercepts are variable and coefficients are constant [52,53]. The Hausman test is then implemented to indicate whether the fixed or random model is implemented.



The panel data analysis is limited to the number of time-series observations, and t is at least as large as the total number of independent variables, indicating that t ≥ k +1. For this study, the number of time periods, t = 2, and the number of independent variables, k = 6. Therefore, a single independent variable at a time must be analyzed for this study.





3. Results and Discussions


3.1. Land-Use Change Analysis


The land-use change analysis for this study incorporated land-use maps and the corresponding database management techniques to analyze land-use change over time. The land-use maps were generated based on the developed category, which combines all sub-categories within the NLCD developed category vs barren (undeveloped) class. The goal was to provide a comprehensive and detailed understanding of urban development within the region. The land-use classification process resulted in four land-use maps, which provided a detailed understanding of where the concentration of urban expansion took place within El Paso County from 2001 to 2016, excluding the military reservation areas and Franklin Mountains State Park.



At the county level, the results demonstrated the developed class increased by 24% from 2001–2016, with 68% of the expansion occurring within the City of El Paso. Figure 3 illustrates the specific areas of the counties’ urban growth from 2001–2016, with expansion concentrated within the city of El Paso.



The county saw the largest development growth occur from 2001 to 2006 at 12.73%, and continued to decrease from 5.66% (2006–2011) to 4.15% (2011–2016). Similarly, the city of El Paso (herein El Paso) grew by over 21% from 2001 to 2016 and experienced the largest developmental growth from 2001–2006 at almost 12% and continued to decline to 5% (2006–2011) and 3.25% (2011–2016). The growth percentages and patterns of El Paso reciprocated the growth patterns at the county level.



Due to the majority of development occurring within the city limits of El Paso, the 8 districts comprising the city were further analyzed to determine the amount and location of growth within the city boundary. Each districts’ urban growth was determined relative to the total growth within the city to allowed a comparison between the districts. From 2001–2016, the districts with the highest city contribution of growth were Districts 5 and 1 at approximately 31.5% and 28.00%, respectively. Districts 6 and 4 followed at 14.84% and 12.25%, respectively. The remaining districts contributed less than 6% of the cities’ urban growth as demonstrated in Figure 4.



District 6 is the third-highest contributor to growth at 14.84% from 2001–2016. However, District 6 growth mainly occurred from 2001–2006. After 2006, District 6 seen a drastic decline in its growth at 7.54% (2006–2011) and 6.32% (2011–2016). Districts 5, 1, and 4 had the largest contribution of growth and ranked in top contributing districts throughout 2001–2016. The contribution is illustrated among the 2006–2011 and 2011–2016 time series. For 2001–2006, District 1 and 5 were the top 2 districts in growth, followed by Districts 6 and 4. Due to Districts 5, 1, and 4 consistent top growth relative to the city, these districts were further analyzed for urban dynamic patterns




3.2. Landscape Metrics


To quantify the urban dynamics that transpired within the three city districts (Districts 5, 1, and 4) exhibiting the majority of urban growth, class-level metrics were utilized due to the limited number of classes (developed and undeveloped). Six metrics were selected for the developed class-level metrics (PLAND, NP, AREA_MN, ED, LSI, PD), as previously discussed, which were deemed acceptable to provide an understanding of the landscape [11,13,17]



The results for the class-level metrics were relative to the district itself. The developed percentage of landscape increased linearly for District 5 from 27% in 2001 to 74% in 2016 (Figure 5). Districts 1 and 4 also exhibited an increase in development from 36% to 51.5% and 27% to 33%, respectively. This reflects the vast urban growth within District 5 and the consistent growth that transpired within Districts 1 and 4 for the 15-year study period.



Urban growth can occur with fragmented patterns of patches. Patches are clusters of cells with the same land-use type. The number of patches significantly decreased for Districts 5 and 1. District 5 decreased by 73% of the number of patches from 2001 to 2016. District 1 had an approximate 63% decrease in the number of patches. District 4 had a smaller decrease in the number of patches at over 16.5%. This indicates that District 5 and 1 had an extensive decrease in fragmentation of the developed land-use. This also illustrates in-fill development to connect the patches of existing urban development. Thus, the significant decrease in patch density for District 5, a relative decrease in District 1, and a slight decrease in District 4. The edge density for District 5 decreased, while remained relatively constant for the remaining districts. This can be attributed to Districts 5 drastic urban growth that encompasses a large amount of the landscape, while the remaining districts saw relatively constant edge density due to the smaller developed area relative to the districts themselves. In other words, the landscape of the districts is not dominated by the developed area. Therefore, the length of all edge segments per hectare remained relatively constant. As the developed class increased, the mean patch area also significantly increased for Districts 5 and 1. As the number of patches decreased, the complexity of the shape of the developed class also decreased as illustrated with the landscape shape index (LSI). The decrease in LSI indicates a decrease in the irregularity of the developed class shape.



The percentage of developed landscape demonstrates that District 5 experienced a linear growth rate from 2001–2016, compared to the remaining districts (Districts 1 and 4) which experienced gradual continued growth. As the districts expanded, fragmentation decreased as illustrated by the decrease in the number of patches and patch density, as well as the increase in mean patch area. The increase in urban development also decreased the irregularity of the developed shape areas within the districts.




3.3. Future Projection Land-Use Change Analysis


To model future urban expansion, the model itself was first verified using existing data. Verification of the CA-Markov model was conducted using the acquired NLCD data for 2001 and 2011 to predict the land-use for 2016. Adopting the Anderson classification system, all of the accuracy terms exceeded the stringent 85 percent minimum accuracy [54] for both the county and city level as illustrated in Table 3. The Kappa coefficient rated “almost perfect”, above 81% accuracy, for both levels. This is consistent with previous research where the CA-Model accuracy was found to possess a Kappa coefficient of 81% and greater [7,8,42,44], and an overall accuracy of 91% [44]. The assessment results verify the use of the CA-Markov method for predicting future land-use in the El Paso area.



Once the model was verified, the resulting 2031 land-use map prediction was determined. Using the predicted map, a change analysis was conducted. Comparing the 15-year incremental time periods (2001–2016 and 2016–2031), the county urban growth from 2016 to 2031 decreased to 18.24%, in comparison to the previous 15-year period (2001–2016) which possessed a 24% change in development (Table 4). The decline is expected, as previously discussed, the 5-year incremental time periods from 2001–2016, continuously declined, as well.



Of the projected expansion that occurred within the county, 51% occurred within the city of El Paso compared to approximately 66% for 2001–2016. Therefore, urban growth is projected to be evenly split within the city limits of El Paso and outside the city boundary. Due to the equally projected contribution of growth, both areas’ expansion patterns were analyzed. The 8 districts within the city were analyzed to determine the locations of concentrated growth within the cities’ boundary. District 1 is projected to have the largest percentage of growth at roughly 24% (Figure 6). Followed by Districts 4 and 5 at 22.66% and 13.76%, respectively. Districts 8 and 2 followed with projected percentage growth at 11.91% and 11.43%, respectively. The remaining districts possess less than 9% growth. Comparing the districts’ 15-year growth percentages between 2001–2016 and 2016–2031, Districts 4, 8, and 2 possess the largest increase in growth percentage. District 4 projects the highest increase at 10.41% compared to 2001–2016. Districts 8 and 2 have an increase of 8.42% and 5.5%. District 4 contained the cities’ majority of barren land for development in 2016 at 41.20%. Therefore, it is logical that District 4 would have an increase in development. District 1 contained the largest amount of the cities barren land in 2016 at 27.27%. However, the projection indicates that District 1 has a decrease in growth percentage by 3.61% compared to 2001–2016. District 5 exhibits the largest difference in growth percentage among the 15-year comparisons, at nearly 18%. The substantial growth that District 5 possessed during 2001–2016 may have an impact on the projected growth.



Outside the city limits of El Paso, 49% of the projected growth for 2031 is expected to occur. The county of El Paso is comprised of several cities including El Paso, Anthony, Clint, Horizon City, Socorro, Vinton, and Fabens. With the exception of El Paso, the cities’ total contribution to the counties’ projected growth in 2031 is approximately 25%. The majority of future growth is to occur outside the limits of the surrounding cities. The projected growth is concentrated in 3 main areas: Area 1) adjacent to District 5, Area 2) adjacent to District 6, and Area 3) adjacent to District 1 along the New Mexico border (Figure 7). Area 1 and 2 are located within the potential annexation areas proposed by the city’s comprehensive plan, Plan El Paso [29]. The potential annexation spaces will be utilized for urban growth by 2031. Area 3 is not located within a preferred annexation area. Therefore, the growth in Area 3 should be mitigated through policies to encourage growth within the designated immediate growth or possible annexation areas.




3.4. Future Projection Landscape Metrics


Landscape metrics were analyzed for Districts 1, 4, and 5 to provide an understanding of the projected growth patterns for 2031. The percentage of the developed area (PLAND) for District 1 increased by 18% (Figure 8). The number of patches (NP) decreased by 24%, indicating infill within the existing developed area. The patch density (PD), measuring the number of patches per 100 hectares of developed area, decreased slightly (23%) compared to 2016; also indicates infill development. Edge density (ED), which measures the total edge distance per developed patch, and the landscape shape index (LSI), indicates shape regularity, decreased. This suggests that, as the developed class increased, the edge length of the developed patches decreased, and the irregularity of the developed class decreased. The mean patch area (AREA_MN) also increased, due to the increase in the developed class.



District 5 possesses similar results as District 1 (Figure 9). The percentage of the developed area (PLAND) increased by 19%. The number of patches (NP), patch density (PD), and edge density (ED) decreased indicating infill within District 5. The mean patch area increase of 77% is indicative of the growth in the developed class area.



District 4 possesses slightly different metric results compared to Districts 1 and 5. The percentage of the developed area (PLAND) also increased in District 4 by 24% (Figure 10). The number of patches (NP) and patch density (PD) show a slight increase at 27% for both metrics, suggesting possible fragmentation within District 4. The decrease in edge density (ED) suggests the patch areas increased. The decrease in landscape shape index (LSI) indicates a decrease in shape irregularity for the developed class. The mean patch area relatively stayed constant, suggesting the developed growth area relative to the number of patches remained constant. According to the landscape metrics, Districts 1 and 5 experience infill development. However, District 4 experiences slight fragmentation compared to the other districts. The rate of infill for District 4 is slower than the other districts. Therefore, infill should be encouraged for District 4.




3.5. Urban Form and Electricity Consumption


The panel data analysis was implemented to investigate the relationship between urban form and electricity consumption using STATA software. To determine which panel regression model to use, the f-test was conducted. The constant intercepts and coefficients model contained one metric that was significant (Table 5), which was the mean patch area (AREA_MN), whereas the variable intercepts and constant coefficients indicate three metrics were significant, including the percentage of landscape (PLAND), landscape shape index (LSI), and mean patch area (AREA_MN). R-squared (R2) was also considered when choosing a model, due to its ability to interpret how well the model fits the data. The variable intercepts and constant coefficients model possess significantly higher R2 values than the constant intercepts and coefficients model, indicating this model fits the data well. Therefore, the variable intercepts and constant coefficients model was further analyzed.



The Hausman test was implemented to determine if fixed or random effects should be implemented in the variable intercepts and constant coefficients model, using the following hypothesis:



Ho = random-effects model selected (null hypothesis);



H1 = Ho is not true, fixed effect model selected.



Using a significance level, α, of 0.10, the Hausman test results indicate the null hypothesis cannot be rejected (Table 6). Therefore, the random-effects model was selected for analysis.



The panel data analysis utilizing random-effects was performed to understand the impact of a metric on electricity consumption. The random-effects model indicates that one metric is significantly correlated with electricity consumption, mean patch area (AREA_MN), with a 0.01 significant level (Table 7). The remaining metrics were not significantly correlated with electricity consumption for this study.



The mean patch area describes the sum of all developed patch areas divided by the number of patches for a class. This metric increased within each district throughout the study period, with the exception of District 4, indicating that as the developed area increased, fragmentation decreased (Table 8). Districts 1 and 5 projected a decrease in the number of patches (NP) and an increase in the percentage of developed area; thus, an increase in mean patch area. However, District 4 projected a relatively constant mean patch area from 2016 to 2031. This is due to the increase in the developed area (24%) and the number of developed patches (27%) increasing from 2016 to 2031.



Electricity consumption will increase by 4.1058 (106 kWh) for every unit increase in the mean patch area. This indicates that District 1 will increase by 209.27 (106 kWh), exhibiting a linear increase in electricity consumption (Figure 11). District 5 increase of 262.035 (106 kWh), indicating a sharp increase within the 5-year period from 2011 to 2016. However, a slight decline in electricity consumption from 2016 to 2031. This is indicative of the decline in urban development within the district. District 4 increases the least at 18.96 (106 kWh). This is due to District 4 experiencing a relatively constant mean patch area, AREA_MN, from 55.1832 (2016) to 54.1004 (2031).



District 1 and 5 findings are consistent with recent research, as urban areas expand consequentially electricity consumption increases [17,47]. However, additional factors of fragmentation, such as the number of patches (NP) and the percentage of developed area, were found to be correlated with energy consumption [47]. This study did not support this finding. It is suggested to increase the number of time periods analyzed and the number of metrics in order to provide a better understanding of the relation of landscape metrics and electricity consumption over time.





4. Conclusions


This study provides a deeper understanding of urban development trends within the past 15-years (2001–2016) and projected urban growth for the next 15-years (2031) of the El Paso region by analyzing concentrated locations of development. Previous research on studying urban trends solely for the El Paso area is limited. It was concluded that El Paso County and El Paso city exhibited similar growth trends. The urban expansion was highest within the 2001–2006 5-year period. The vast majority of the counties’ growth transpired within the city of El Paso for both the 15-year and 5-year incremental study period. Within the city, the consistent growth occurring within District 5 (east side), 1 (west side), and 4 (northeast), with District 5 experiencing the largest growth rate. District 6 experienced extensive growth between 2001 to 2006 but drastically decreased after this time period. Due to consistent and high growth rates within District 5, 1, and 4, these districts’ landscape patterns were further analyzed. The predicted county urban growth is expected to decrease to 18.24% from 2016 to 2031, compared to the 24% urban growth from 2001 to 2016. The 15-year projected development growth is expected to be evenly distributed between the city of El Paso and outside the city limits at 51% and 49%, respectively. The leading districts in projected growth are similar to the previous 15 years with Districts 1, 4, and 5 experienced the concentration of growth. However, the order is predicted to change with District 1 expected to experience the highest growth, followed by District 4 and 5. Districts 1 and 4 coincide with Plan El Paso’s Comprehensive Plan proposed policies, which indicate District 1 and 4 are preferred districts for immediate growth. District 4 experienced projected growth within the districts’ designated area for immediate growth. However, District 1 predicts growth outside of the district’s designated area for immediate growth. This may suggest possible fragmentation of future development. District 5 expansion is expected, as the district continues to expand within the city’s plan for the designated suburban area for this district. Outside the city limits of El Paso, urban growth adjacent to Districts 5 and 6 occur within potential annexation areas in accordance with the city’s comprehensive plan, Plan El Paso. The growth projected adjacent to District 1 (Area 3) does not occur within a potential annexation area. Therefore, actions should be taken to mitigate growth within this area and encourage growth within the designated immediate or possible annexation areas. The landscape metrics indicate the percentage of developed landscape within District 5 experienced linear growth from 2001–2016, compared to the remaining districts (Districts 1 and 4) which experienced gradual continual growth. As the districts expanded, fragmentation decreased as illustrated by the decrease in the number of patches and patch density, and the increase in mean patch area. The increase in urban development also decreased the irregularity of the developed shape areas within the districts. Thus, indicating possible infill with Districts 1 and 5. However, District 4 experienced slight fragmentation compared to the other districts. The rate of infill for District 4 is slower than the other districts, suggesting infill should be encouraged for District 4. The projected growth patterns are suggested to be managed utilizing the implementation tools discussed in Plan El Paso, including development approvals that are strictly in accordance with the comprehensive plan [29]. District 1 and 5 findings are consistent with recent research; as urban areas expand, consequentially, electricity consumption increases [53,55]. However, additional factors of fragmentation, such as the number of patches (NP) and the percentage of developed area, were found to be correlated with energy consumption [55] in past research. This study did not support this finding. Therefore, continued research will be conducted to expand the study time period and incorporate additional metrics to provide a better understanding of the relation of landscape metrics and electricity consumption over time.
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Figure 1. The state park, military reservations, minor cities, and boundaries comprising El Paso, Texas, county utilized in this study. 
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Figure 2. Input data of constraints utilized in this study (a) developed area (b) roads. (0 = non-constraint area, 1 = constraint area). 
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Figure 3. Urban growth from 2001 to 2016 within the County of El Paso, with a concentration of growth occurring with El Paso city. 
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Figure 4. Results of district percentage of urban growth relative to city growth from 2001 to 2016. 
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Figure 5. Class metrics results for the developed class within Districts 1, 4, and 5 from 2001 to 2016. 
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Figure 6. Results of district percentage of urban growth relative to city growth from 2016 to 2031. 
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Figure 7. Projected 2031 urban growth clusters outside the city limits of El Paso. 
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Figure 8. Comparison of District 1 developed class (red) in 2016 (left) and 2031 (right) and class metrics results for 2016 and 2031. 
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Figure 9. Comparison of District 5 developed class (red) in 2016 (left) and 2031 (right) and class metrics results for 2016 and 2031. 
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Figure 10. Comparison of District 4 developed class (red) in 2016 (left) and 2031 (right) and class metrics results for 2016 and 2031. 
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Figure 11. Projected electricity consumption trend utilizing 2011, 2016, and projected 2031 data from this study. 
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Table 1. National Land Cover Database (NLCD) land cover classification and classes used in this research.






Table 1. National Land Cover Database (NLCD) land cover classification and classes used in this research.





	
Class

	
Descriptions






	
Developed

	
Developed, Open Space: <20% impervious surface




	
Developed, Low Intensity: 20–49% impervious surface




	
Developed, Medium Intensity: 50–70% impervious surface




	
Developed, High Intensity: 80–100% impervious surface




	
Undeveloped (Barren)

	
Barren

	
Barren Land: <15% vegetation




	
Forest

	
Deciduous Forest: >20% vegetation, >75% of trees shed leaves seasonally




	
Evergreen Forest: >20% vegetation, >75% of trees maintain leaves yearly




	
Mixed Forest: >20% vegetation, neither deciduous/evergreen >75%




	
Shrubland

	
Dwarf Scrub: >20% shrub, <20 cm tall shrubs




	
Shrub/Scrub: >20% shrub, <5 m tall shrub




	
Herbaceous

	
Grassland/Herbaceous: gramanoid/herbaceous vegetation >80%




	
Sedge/Herbaceous: sedges/forbs >80%




	
Lichens: fruticose/foliose lichens >80%




	
Moss: >80% moss




	
Planted/Cultivated

	
Pasture/Hay: >20% pasture/hay vegetation




	
Cultivated Crops: >20% crop vegetation




	
Wetlands

	
Woody Wetlands: >20% forest/shrubland, soil/substrate saturated/covered with water




	
Emergent Herbaceous Wetlands: >80% perennial herbaceous, soil/substrate saturated/covered with water




	
Water

	
Open Water: <25% of vegetation or soil




	
Perennial Ice/Snow: >25% of ice and/or snow
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Table 2. Class metrics and descriptions utilized in this study for urban dynamic analysis.
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	Metric
	Acronym
	Range
	Units
	Description
	Comments





	Percentage of Landscape
	PLAND
	0 < PLAND ≤ 100
	%
	Percentage of a specific class area within data
	PLAND increases, class increase



	Number of Patches
	NP
	NP ≥ 1
	Dimensionless
	Number of patches within the landscape
	NP increases, fragmentation increases



	Mean Patch Area
	AREA_MN
	AREA_MN > 0
	m2
	Sum of all patch areas for specific patch type, divided by the number of patches of the same type.
	AREA_MN increases, decline in fragmentation



	Edge Density
	ED
	ED ≥ 0
	m/ha
	Total length of edge segments per area for class or landscape
	ED = 0 when the entire landscape consists of one patch type



	Landscape Shape Index
	LSI
	LSI ≥ 1
	Dimensionless
	A standardized measure of edge density which adjusts for the size of the landscape.
	LSI increases as shape irregularity increases



	Patch Density
	PD
	PD > 0
	Number per 100 hectares
	Indicates the number of patches per unit area of the landscape.
	PD increases, increase in fragmentation
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Table 3. Cellular Automata (CA)-Markov accuracy results utilizing land cover data for 2001 and 2011 to predict the 2016 land cover for the El Paso region.
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Using 2001 and 2011 Data to Predict 2016






	

	
Overall Accuracy

	
Kappa Coeff.

	
Kappa Coefficient Agreement

	
User’s Accuracy

	
Error of Commission

	
Producer’s Accuracy

	
Error of Omission




	

	
Dev.

	
Barren

	
Dev.

	
Barren

	
Dev.

	
Barren

	
Dev.

	
Barren




	
County

	
96%

	
89%

	
Almost Perfect

	
91%

	
98%

	
9%

	
2%

	
93%

	
97%

	
7%

	
3%




	
City

	
93%

	
85%

	
Almost Perfect

	
94%

	
91%

	
6%

	
9%

	
95%

	
89%

	
5%

	
11%
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Table 4. El Paso County land-use and change percentage for 15-year increments between 2001 and 2031.






Table 4. El Paso County land-use and change percentage for 15-year increments between 2001 and 2031.











	Land-Use Type
	2001 Class Area (km2)
	2016 Class Area (km2)
	2031 Class Area (km2)





	Developed
	382.52
	474.54
	561.12



	Barren (Undeveloped)
	1619.20
	1527.12
	1439.60



	
	2001–2016
	2016–2031
	



	% Change in Development
	24.06%
	18.24%
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Table 5. F-test results among class metrics to determine which panel regression to use in analysis for this study.
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F-test

	
PLAND

	
NP

	
PD

	
ED

	
LSI

	
AREA_MN






	
Constant Intercepts and Coefficients

	
Prob > F

	
0.5924

	
0.8614

	
0.5395

	
0.9291

	
0.6756

	
0.0325 **




	
R-squared

	
0.0778

	
0.0086

	
0.1009

	
0.0022

	
0.0483

	
0.7206




	
Variable Intercepts and Constant Coefficients

	
Prob > F

	
0.0763 *

	
0.2984

	
0.1143

	
0.1051

	
0.0166 **

	
0.0916 *




	
R-squared

	
0.8531

	
0.4923

	
0.7844

	
0.8008

	
0.9670

	
0.8252








* Significant at 0.10; ** Significant at 0.05; where PLAND (% of Landscape), NP (# of Patches), PD (Patch Density), ED (Edge Density), LSI (Landscape Shape Index), AREA_MN (Mean Patch Area).
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Table 6. Hausman test results among class metrics to determine if a fixed or random-effects model should be implemented for this study.
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Hausman Test Results




	

	
PLAND

	
NP

	
PD

	
ED

	
LSI

	
AREA_MN






	
Probability

	
0.0002 ***

	
0.1543

	
0.0057 ***

	
0.0044 ***

	
0.0000 ***

	
0.2463








* Significant at 0.10; ** Significant at 0.05; *** Significant at 0.01. PLAND (% of Landscape), NP (# of Patches), PD (Patch Density), ED (Edge Density), LSI (Landscape Shape Index), AREA_MN (Mean Patch Area).
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Table 7. Random effects panel data analysis results for class metrics.






Table 7. Random effects panel data analysis results for class metrics.














	
	PLAND
	NP
	PD
	ED
	LSI
	AREA_MN





	Coefficient
	2.0280
	−0.3468
	−138.7726
	−0.1452
	−46.8625
	4.1058 *



	Constant
	183.1866
	307.6474
	391.2038
	290.9861
	980.9685
	14.5148







* Significant at 0.10; ** Significant at 0.05; ***Significant at 0.01. PLAND (% of Landscape), NP (# of Patches), PD (Patch Density), ED (Edge Density), LSI (Landscape Shape Index), AREA_MN (Mean Patch Area).
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Table 8. Districts 1, 4, and 5, class metrics percentage change from 2016 to 2031.






Table 8. Districts 1, 4, and 5, class metrics percentage change from 2016 to 2031.





	

	
District Class Metrics Change Percentage from 2016–2031




	

	
AREA_MN

	
PLAND

	
NP






	
District 1

	
55%

	
18%

	
−24%




	
District 4

	
−2%

	
24%

	
27%




	
District 5

	
77%

	
19%

	
−33%








PLAND (% of Landscape), NP (# of Patches), and AREA_MN (Mean Patch Area).
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