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Abstract

:

Stakeholders expect emerging urban air mobility (UAM) services that use electric vertical takeoff and landing (eVTOL) aircraft to revolutionize transportation systems. However, to be effective, eVTOL facilities, known as vertiports, must seamlessly integrate with the existing multimodal transportation infrastructure. This research analyzes how to best integrate vertiports with the existing public transit network of a city, with San Francisco in the United States as a case study. This study developed a composite optimization model to identify the locations for an optimum number of vertiports within each of the eleven (11) supervisorial districts of San Francisco that would minimize the network distance to its bus stops. The results revealed that 38 locations for vertiports covered 3245 bus stops with an average walk time close to 10 min. Walking 10 min from each vertiport would cover 41.6% of the total road network length and 49.8% of all bus stop locations. Power-law regressions of the average distances as a function of the number of vertiports will help planners to make informed decisions about the optimal vertiport placements in each district by identifying diminishing returns in travel-time savings, and adjustments that consider income and population as additional demand factors.
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1. Introduction


Urban air mobility (UAM) is emerging as an air passenger mode of transport for both intra and inter-urban trips. The concept of utilizing air taxis to alleviate urban traffic congestion has been gaining popularity as manufacturers demonstrate their electric vertical takeoff and landing (eVTOL) aircraft. Numerous eVTOL prototypes are undergoing tests for regulatory compliance [1] and preliminary network operations [2]. Analysts forecast that UAM will be growing at a rate of 45.9% by 2040 [3]. Market studies have predicted that the UAM passenger service has a market potential of between USD 2.8 and USD 4 billion in the U.S. alone, by 2030 [4].



UAM is a disruptive service [5] and eVTOL aircraft will have capacity constraints based on the infrastructure availability for vertiports that support eVTOL aircraft services [6]. Several factors such as weather may pose challenges to the quality of a UAM passenger service [7], requiring passengers to use alternative modes of transportation such as public transport or ride sharing. Hence, vertiports integrated into a public transportation system should accommodate station-to-station travel options [8]. Integrating vertiports into the existing transportation system, and particularly the public transportation system, will assure equitable accessibility for everyone [9]. Vertiports and public transit stops share the same principle—designing the network to attract passengers [10].



To establish an economically sustainable service, the placement of vertiports should cover the potential demand for UAM [10]. There is a gap in the studies that have considered the public transit facility distribution to identify potential accessibility points for vertiports. Previous studies attempted to identify suitable vertiport locations in metro areas [1,11]. One study identified ground-based congestion as a criterion for designing the UAM infrastructure [11]. Another study optimized the number, sizes, and locations of vertiports in a metropolitan area using a facility location structure, a queuing network, and a demand function [12]. In 2021, the U.S. Federal Aviation Administration provided vertiport design guidance that focused on the foundational aspects while acknowledging the evolving nature of VTOL technology and operations [13]. The FAA guidance provided detailed design considerations for the touchdown and lift-off area, final approach and takeoff area, safety area, and various operational aspects like hover performance, takeoff, landing, downwash/outwash effects, load-bearing capacity, surface characteristics, gradient for drainage, visual aids to aid pilot navigation especially at night, firefighting support, charging facilities, and elevated vertiport considerations. Studies that identified candidate locations based on spatial optimization techniques did not provide an adequate rationale regarding the optimal number of vertiports required when considering walkability and accessibility from public transit access points [14,15].



This study addresses these research gaps by developing a composite model to identify the optimum number of vertiport locations within an urban area, considering walkability and accessibility to public transit access points. The typical approach when applying spatial analysis to estimate travel demand is to select pre-defined activity centers in pre-defined transportation zones as candidate locations for a facility. However, obtaining data about activity centers is not only difficult and costly, but those centers may not be easily accessible to public transit. Therefore, this study considered areas near existing bus stops as candidate locations because they inherently capture demand for public transit and accessibility. These are also factors considered in transit-oriented development (TOD) to integrate other modes like micromobility, commuter rail and subways, and bike path accessibility [16]. This study also produced trends between the optimal number of vertiports and other factors such as mean network distance to demand points, population, employment, and income so that transportation planners can determine the optimum number of vertiports to install that maximizes travel-time savings and accessibility. The authors selected San Francisco, a city in the state of California for the case study area because of its high percentage of long-distance commuters and suitable weather [17]. Additionally, the city has multiple urban centers that can offer profitability for UAM operations [18].



The organization of the rest of this paper is as follows: Section 2 conducts a literature review. Section 3 presents the methodology and Section 4 presents the results, including discussions. Section 5 concludes the study and proposes future work to address the limitations of this study.




2. Literature Review


2.1. Vertiport Locating


One study found that there has been an exponential growth in UAM-related research publications since 2018 [19]. UAM networks include vertiports that can support additional services such as electric vehicle charging, parking, and aircraft maintenance [1]. The U.S. Federal Aviation Administration (FAA) defined vertiports as “locations from which UAM flights arrive and depart” [20]. Vertiports are medium-sized eVTOL facilities with two to three landing pads, and a maximum of six parked aircraft. Vertiports cost between USD 500,000 and USD 800,000 to build [21]. One of the advantages of eVTOL vehicles is that they can take off and land on dedicated infrastructure, even on high rise buildings [22]. However, various challenges such as public acceptance, noise ordinances, air traffic restrictions, real estate availability, and the high costs of infrastructure development are factors for consideration in vertiport placement decisions [23]. These considerations increase uncertainties [24] that exacerbate eVTOL design challenges [25]. Therefore, planners must consider these challenges, and the need for convenient access, airspace sharing, and emergency procedures to provide for vertical take-off and landing services [26]. Moreover, predicting UAM demand is difficult because of uncertainties in factors such as pricing strategy, telecommuting trend, and the lack of Global Positioning System (GPS) trace data [27]. These uncertainties make the task of finding suitable locations for vertiports more challenging.



Identifying transportation facility locations using network planning and optimization techniques is a widely discussed topic among transportation researchers. Loidl et al. (2019) identified preferred locations for bike stations using a spatial framework and overlay analysis with demographic characteristics [28]. Askarzadeh and Bridgelall (2021) solved a location–allocation problem using a spatial optimization model within a geographic information system (GIS) framework and identified the best locations for five new bike-sharing stations in Fargo, North Dakota [29].



To identify candidate vertiport locations, a 2016 study used a k-means clustering approach that relied on data from long-distance Uber rides to identify potential vertiport locations in Los Angeles and London [30]. However, this study narrowly focused on demand for vertiports on uber routes covering heavily congested urban and suburban areas. Bulusu et al. (2020) also applied k-means clustering to the San Francisco Bay Area [31]. However, the demand data used in the study did not cover the entire metropolitan region, which is an important criterion for understanding the broader impacts on the transportation network. Other studies that used k-means clustering found that the location of vertiports was more critical than the number of vertiports [32,33]. One disadvantage of k-means clustering is that outlier data points may lead to vertiports being situated farther away from major demand points, which could affect UAM demand estimation. Furthermore, a subset of vertiport locations identified in the models may not be practical in real-world scenarios, considering noise, equity, and other factors. Moreover, none of the mentioned studies considered integration with the existing transportation network, and particularly public transit.



Previous studies attributed different demand factors to UAM services. For example, Schweigher and Preis (2022) considered population as a demand factor for vertiports by stating that vertiports should be in densely populated areas and inside city boundaries [19]. A focus group considered income as a demand factor for UAM by revealing that wealthy households are likely to embrace air taxi services due to more affordability [34]. However, such an assumption does not account for government or employer subsidies and price reduction with higher demand to increase equitable access. A comprehensive literature review, conducted in 2021, identified employment as one of the demand factors for UAM services [5]. These studies indicated that planners should consider demand factors such as population, income, and employment in vertiport placement decision making. However, a survey conducted in Ohio and California by NASA revealed that respondents wanted vertiports to be located close to public transit stations [26]. For predicting the long-term application potential of urban air mobility complementing public transport, Ploetner et al. (2020) suggested that UAM resembles a public transport mode in the mobility system and selected a transit mode (train) as the reference mode for UAM in developing an incremental logit model for mode choice [8].



There were only a handful of studies that considered the integration of vertiports in existing transportation networks. For example, Willey and Salmon selected and optimized 12 potential vertiport locations in three different metropolitan and micropolitan areas within the United States by formulating the vertiport selection problem as a single-allocation p-hub median location problem [1]. This study evaluated neighboring subgroups rather than evaluating the overall network. A related study identified the optimized number, size, and locations of vertiports in a metropolitan area using a facility location structure, a queuing network, and a demand function [12].




2.2. Transit System Integration


According to Garrow et al. (2021), UAM can thrive if it seamlessly blends with current urban infrastructure in a manner that is agreeable to local populations [5]. The San Francisco Municipal Transportation Agency (SFMTA) Travel Decision Survey Report revealed that transit is one of the priority modes. Hence, one of the objectives of SFMTA’s 2021 transportation plan is to increase the trips taken by the priority modes [35]. UAM needs integration with the existing city infrastructure in ways that are acceptable to local communities, “while providing service levels that offer time savings over existing modes at a price point that individuals are willing to pay” [5]. The proximity of vertiports to intermodal public transit connections is ideal to accommodate “last mile” transit and to provide alternatives to “ridesharing” services [16].



Integrating UAM with the public transit system is also important from the viewpoint of TOD, which is to ensure that a transportation system fits with the mass-transit stations or centers developed to support and encourage public transport usage to achieve sustainable mobility [36]. Since areas with land use diversity and population density attract more trips to transit [37], TOD creates an interaction between transit infrastructure and its surrounding area. TOD locates major access points within 2000 feet or a 10 min walking distance to activity centers such as retail shops, residential areas, employments, and parks while considering housing types, densities, and costs in land use planning [36]. TOD also encourages development and redevelopment along existing transit corridors in the transportation network [38]. Therefore, locating vertiports near public transit stops embraces the principles and objectives of TOD.



Figure 1 shows an original illustration from the authors for a concept that integrates a vertiport with a bus stop.



This conceptual design includes stairs necessary for evacuation, a sheltered staging area on the ground and second floors for security screening, ticketing, and waiting for both eVTOL and buses, and an elevator to access each floor and the aircraft.



The above literature review revealed that despite the similarity between UAM network planning and TOD, none of the studies considered transit stops to be potential demand points for UAM. Therefore, a unique contribution of this study is to use existing bus stop locations as candidate vertiport locations, adhering to TOD design principles.





3. Methodology


The methodology focused on location optimization within districts of the city to maintain compatibility with local jurisdictional differences in planning, zoning, demographics, and budgeting. This approach was also more computationally efficient than attempting to optimize for the entire city at once. A GIS service coverage optimization model calculated the optimal placements for a given number of vertiports within each district by minimizing the total network distance between the vertiports and the demand points covered. The workflow varied the number of facilities within a range to evaluate the trend in reducing the average network distance to the covered demand points. The workflow then fitted a function to predict the reduction of average network distance with additional vertiport placements and to identify a point of diminishing returns. The authors then adjusted the number of vertiports within each district to equalize the average walk time. Finally, an isochrone map showed the demand points covered by the equalized average walk time along the road network. The authors then discuss additional factors to further adjust the number of vertiports within each district considering the three demand factors of population, employment, and per capita income. The next subsections provide details of the workflow.



3.1. Data


The authors collected relevant data for a case study of a U.S. city, San Francisco in California. The population, income, and employment data were census-block level and available from the American Community Survey [39]. GIS shapefiles of San Francisco transit stops and the district boundaries were available at the San Francisco Open Data website [40]. There were 3245 bus stops in the city’s road network. To reduce computational complexity, the authors organized the data into 11 supervisory districts. The workflow converted population, employment, and income data at the census-block level into point shapefiles associated with their geospatial locations and then spatially joined these to the census block polygons. Subsequently, a GIS dissolve procedure aggregated that data at the district level. Population, employment, and per capita income represent demand factors that would influence the number of vertiport placements in each district. The GIS workflow joined the transit stop points to the census block polygons and San Francisco district shapefile to show the bus stops within each of the 11 district boundaries. The workflow also sourced the latest data on registered businesses in the city of San Francisco from the San Francisco Open Data website [40]. This data enabled the calculation of the percentage of businesses covered by the proposed vertiports within a given walking distance threshold.




3.2. Optimization Model


Service coverage optimization is a spatial model to identify locations where a finite number of service facilities will minimize the cost of serving a finite number of demand locations within a region [41]. In transportation planning, the cost C is usually a travel distance or a travel time [42]. The constraint of the model is that a facility can serve multiple demand points, but more than one facility cannot serve the same demand point. To identify a trend in cost reduction with the number of vertiports placed, the workflow iterated the number of facilities within a range and for each calculated the average network distance from the optimally placed vertiports to the demand locations. The optimization problem formulation is to minimize the cost C as follows:



Minimize:


  C =   ∑  i = 1   N      ∑  j = 1   M      d   i j     Y   i j        



(1)







Subject to:


    ∑  j = 1   M      Y   i j   = 1 ,     ∀ i ∈ I        



(2)




and


    ∑  j = 1   M      X   j   = P ,            



(3)




and


    Y   i j   ≤   X   j   ,     ∀ i ∈ I , ∀ j ∈ J  



(4)




where


    Y   i j   =       1 ,     l o c a t i o n   i   i s   s e r v e d   f r o m   l o c a t i o n   j ,   ∀ i ∈ I , ∀ j ∈ J         0 ,     o t h e r w i s e                   ,   ∀ j ∈ J        



(5)




and


    X   j   =       1 ,     i f   v e r t i p o r t   i s   p l a c e d   i n   l o c a t i o n   j   ,   ∀ j ∈ J         0 ,     o t h e r w i s e        



(6)







	
I: the set of N demand node locations indexed by I (bus stop locations).



	
J: the set of M candidate vertiport station locations indexed by j.



	
P: the number of vertiports to deploy.



	
dij: the network distance between bus stops i and candidate locations of vertiports j.






The input parameters used in the network optimization model were the bus stop locations from an associated points shape file. Each iteration of the optimization, incrementing the number of vertiports, produced an average network distance from the optimally placed vertiports to the bus stop locations, for each of the 11 districts.



The expected reduction in average distance with each additional vertiport placed in a district should follow a monotonically decreasing function. The best fit trend were power-law regressions, estimating predictive models for the mean network distance as a function of the number of optimally placed vertiports in each district. Planners can use these regression models to make data-driven decisions regarding vertiport placement by anticipating trends in the reduction of average network distance between vertiports and activity points. The models enable planners to reliably predict walk-time reduction and identify points of diminishing returns when adding more vertiports to a district. Subsequently, planners can adjust the number of vertiports to equalize the average walk time among the districts.



The workflow calculated the average walk time based on a walking speed of 4 feet per second or 2.72 mph that the U.S. Federal Highway Administration (FHWA) proposed for planning purposes [43]. An isochrone map of the average walk time obtained at the point of diminishing returns from each vertiport in a district provided a visualization of the demand location catchment and gaps within each district. The visualization will inform further adjustments in the number of vertiports to place in each district.



Previous studies suggested that planners should consider the population, employment, and income of users in vertiport placement decision-making [5,19,34]. The workflow showed the relationship between the number of vertiports placed in a district, overlaid with data on the population, employment, and income. This additional information would allow planners to further adjust the number of vertiports in each district to balance demand based on those other criteria.



An alternative placement strategy may be to simply locate vertiports in the highest population tracts of each district to serve a potential demand. To compare the impact of the two placement strategies, the workflow placed a single vertiport at a bus stop near the centroid of the highest population tract in each district. The workflow then placed a single vertiport in each district by using the spatial optimization method. The workflow then created a distribution of the walk times from all districts, one for each approach. The workflow then fitted a function to each distribution and conducted a statistical test for goodness-of-fit.





4. Results and Discussions


There were 3245 bus stops that all vertiports covered. Figure 2 shows the trend in mean network distance with the number of vertiports placed in each district, D1 to D11. The optimization runs ranged the number of vertiports from one to ten. The best fit function was the power law of the form,


  d = α   n   − β    



(7)




where



	
d = mean network distance from facilities to the demand points in meters;



	
n = number of vertiports with optimal placements;



	
α = mean network distance when n = 1;



	
β = a parameter that maximizes the R2 value of the model.
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Figure 2. Trends in the reduction of average network distance between vertiports and activity points. 






Figure 2. Trends in the reduction of average network distance between vertiports and activity points.
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Table 1 summarizes the parameters of the power-law regression that estimated predictive models for mean network distance as a function of the number of optimally placed vertiports in each district. All predictive models had an R2 value of at least 0.98, suggesting an excellent predictive performance. The coefficients indicate the scale of the distance when there is a single vertiport. For example, the regression model for district 1 had a coefficient of 1731.65 which indicates that when there is a single vertiport, 1731.65 m is the mean network distance that can cover all the bus stop locations. The beta coefficient characterizes the relationship between the mean network distance and number of vertiports, with the negative sign indicating that the mean network distance decreases as the number of vertiports increases. However, selecting the point of diminishing returns for each district is both empirical and heuristic. For example, the mean network distance to all bus stops in D1 is 1767.7 m with a single vertiport placement and reduces by 40% with a second vertiport placed. The reduction is 16.7% and 12.7% with a third and fourth vertiport placement, respectively. Adding up to 10 more vertiports results in only another 12.6% reduction in mean network distance, which was comparable to the reduction after adding a fourth vertiport. Therefore, adding more vertiports after four did not generate an appreciable reduction in network distance to justify the investment. As observed, all districts show a similar trend of four vertiports as the point of diminishing returns. Table 2 shows the average walk time for at most four vertiports per district. This scenario showed that 38 locations for vertiports covered 3245 demand points with an average walk time of close to 10 min.



Figure 3 shows the 10 min street walk isochrones (red lines) from each vertiport (green circles). Walking 10 min from each vertiport covered 41.6% of the total road network length and 49.8% of all bus stop locations (yellow dots). That is, the walk time to reach the remaining 50.2% of activity points will be longer than 10 min. The isochrone map also revealed that 124,027 of the 252,891 businesses (49%) are accessible within the 10 min walk time from each vertiport. Additionally, the isochrones cover approximately 47% of the schools in all districts. As observed, the gaps on the isochrone map are mostly parks, green areas, and lakes, which is a consequence of a lack of activity points in those locations.



Figure 4 shows the walk-time distribution for the above coverage scenario with a Gaussian distribution fit. The outliers of this distribution are from 28 to 38 min which contained only 0.89% of the instances. After excluding the outliers, a chi-square test for normality produced a p-value of 0.35, which means that the test could not reject the null hypothesis that the distribution follows a Gaussian. This finding suggests that, based on the properties of a normal distribution, a spatially optimized placement of vertiports in this scenario has a central tendency towards a 10 min walk for two-thirds of the demand locations.



Figure 5 presents the tradeoff scenarios considering three additional demand factors: population, employment, and per capita income. Table 3 presents all trade-off scenarios including minimum distance, population, employment, and income. The “N 10 min” column represents the number of vertiports required for a 10 min average walk time to all bus stops within the district. The “N Capped” column represents capping the number of vertiports per district to four, which is the point of diminishing returns per the trend charts. The values under µ minutes are the resulting average walk time to all the bus stops for that district. PPV, EPV, and PCI are the population, employment, and income per vertiport, respectively. Planners can use these figures to tradeoff walk time equalization (accessibility) with demand equalization based on population, employment, and income level. For example, district 7 has the highest number of vertiports, but the lowest potential demand based on employment and population. Therefore, reducing the number of vertiports will trade off an increase in walk time for an increase in potential demand. District 2 may require more than four vertiports based on potential high demand due to population and income.



Figure 6 shows the highest population tracts in each district to consider for the case of placing a single vertiport to compare the distributions with the single optimal placement. Figure 7 and Figure 8 show the walk-time distribution for the single vertiport placement in the highest population tracts of each district and the optimal placement, respectively. The best fit distributions for each are the lognormal. The chi-squared test provided a p-value of zero and 0.25 for the highest population tract and optimal scenarios, respectively. Therefore, only the optimal placement case followed a classic distribution for the walk time. Moreover, the highest population tract exhibited some bi-modality, suggesting a strong bias toward poor accessibility. The optimal placement strategy reduced both the mean and variance in walk time over the alternative placement strategy.




5. Conclusions


The previous studies related to vertiport ground infrastructure planning mostly focused on the integration of UAM within the National Airspace System (NAS). Very few of the previous studies considered integration with the existing public transportation system as a criterion for selecting vertiport locations. Additionally, there were gaps in the methodologies such as considering sub-groups of networks rather than the entire transportation network. This study mitigated the above study gaps and developed a methodology to identify vertiport locations that optimize UAM access to a maximum number of bus stops with minimum travel time. This study also established a rationale for planners to identify tradeoff points to make data-driven decisions regarding the optimal number of vertiports to place in each district of San Francisco. Planners can replicate the approach to make decisions regarding the integration of UAM with existing public transit systems in other urban areas suitable for UAM services, for example, Phoenix and Dallas.



There are several limitations in this study. The optimization model for each district only considered minimizing the network distance among the vertiports and bus stops within a district boundary. This study did not conduct any location suitability analysis near SF bus stops to identify if there is any available land or buildings to repurpose near an existing SF bus stop. Analysts may consider extending this optimization model with an objective function that minimizes network distance from the vertiports within a district to all the bus stops within the city. In future studies, planners can conduct a location suitability analysis by scouting locations near transit points to identify available space for vertiports, including considerations for cost, economic, and environmental impacts. This study only considered bus stops as representative of the transit system.



The current scope is a first step in exploring the possibilities of UAM integration with the existing transportation system of a large city. By focusing the analysis on a city, this study captured the impacts from its unique urban layout and transportation challenges as they relate to the development of urban air mobility. Hence, future work should consider the impact of layout factors when extending the case study area outside of the city, such as the entire SF Bay area. Future studies could also include BART rail stations or multimodal transit centers in addition to bus stops to cover the entire multimodal surface transit infrastructure in the city. Researchers may also consider other demand factors such as income and employment to observe changes in the isochrone map and walk-time distribution. The outcome of this study will help agencies and service providers to make investment decisions regarding the infrastructure development of UAM.
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Figure 1. A conceptual transit-oriented design for vertiports. 
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Figure 3. Ten-minute street walk isochrones from each vertiport. 
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Figure 4. Walk-time distribution to all bus stops with equalized walk-time scenario. 
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Figure 5. Candidate locations of vertiports in San Francisco. Vertiports per district for a 10 min walk compared with (a) population per vertiport (PCV), (b) employment per vertiport (EPV), and (c) per capita income (PCI). 
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Figure 6. Highest population tracts within district. 
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Figure 7. Overall walk-time distribution for a single vertiport placed in the highest population tracts. 
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Figure 8. Overall walk-time distribution for a single vertiport optimally placed in each district. 
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Table 1. Parameters for power-law regressions.






Table 1. Parameters for power-law regressions.





	District
	α
	β
	R2





	District 1
	1731.65
	−0.61
	0.99



	District 2
	1946.26
	−0.59
	0.99



	District 3
	1062.03
	−0.56
	0.99



	District 4
	1706.30
	−0.59
	0.99



	District 5
	1496.67
	−0.64
	0.99



	District 6
	1410.37
	−0.62
	1.00



	District 7
	2242.65
	−0.56
	0.98



	District 8
	1441.25
	−0.55
	1.00



	District 9
	1711.73
	−0.66
	1.00



	District 10
	2317.63
	−0.64
	0.99



	District 11
	1480.53
	−0.65
	1.00



	Overall
	1688.35
	−0.61
	1.00










 





Table 2. Walk time to bus stops from the vertiports.






Table 2. Walk time to bus stops from the vertiports.





	District
	Vertiports
	Minutes





	District 1
	4
	10.58



	District 2
	4
	11.88



	District 3
	2
	10.45



	District 4
	4
	10.62



	District 5
	3
	10.16



	District 6
	3
	9.51



	District 7
	4
	14.81



	District 8
	3
	10.56



	District 9
	4
	9.21



	District 10
	4
	12.74



	District 11
	3
	9.73










 





Table 3. Trade-off scenarios with maximum 4 vertiports per district.






Table 3. Trade-off scenarios with maximum 4 vertiports per district.





	District
	Bus Stops
	PPV
	EPV
	PCI
	N 10 Min
	N Capped
	µ Minutes





	District 1
	265
	18,574
	5154
	72,537
	4
	4
	10.58



	District 2
	292
	15,031
	9644
	271,464
	5
	4
	11.88



	District 3
	277
	35,727
	79,468
	85,808
	2
	2
	10.45



	District 4
	219
	14,323
	1813
	60,376
	5
	4
	10.62



	District 5
	250
	26,947
	17,913
	96,251
	3
	3
	10.16



	District 6
	280
	35,168
	66,182
	91,350
	3
	3
	9.51



	District 7
	403
	10,978
	3787
	82,275
	7
	4
	14.81



	District 8
	329
	27,663
	5710
	125,217
	3
	3
	10.56



	District 9
	241
	19,552
	7269
	69,193
	4
	4
	9.21



	District 10
	475
	14,618
	7396
	56,946
	6
	4
	12.74



	District 11
	214
	25,304
	2143
	39,835
	3
	3
	9.73
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