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Executive Summary
Client:
Our client for this project was NextEra Energy’s (NEER) Mobility Team. NEER is the world’s largest Independent Power Producer (IPP) by market capitalization. The Mobility Team builds EV charging infrastructure for commercial vehicle fleets and provides advisory services for fleets considering moving towards electrification. 

Objective:

The Mobility Team tasked us with doing much of the early-stage development work necessary to decide whether to move forward with a ground lease in NYC to build a charging depot on that site. The objectives of this study were two-fold:

1. Validate the proposed site for lease execution. At the time NEER was deciding whether to execute a lease and begin development of an EV fleet charging station on the proposed site. They requested data on several variables that would indicate the density and value of potential customers in the area. These data would inform NEER’s decision to execute on the lease.
2. Build a customer prospecting database. The Mobility Team was looking for ways to streamline their sales prospecting process. A database populated with these variables would generate higher quality leads than the Mobility Team’s existing solutions.

Data Analysis & Findings:

Using a detailed analysis of satellite imagery, we found 367 suitable customers for NEER within a 3-mile radius of their site. NEER was pleased to find that the majority of these customers were local businesses which owned small fleets of locally-operated box trucks and vans. These elements detailed composed ideal customer profile. The Mobility Team informed us our data was of much higher quality than what other market intelligence providers on the market were able to obtain.

Business Plan & Summary:

Soon after delivering our materials, the Mobility Team’s parent company decided not to move forward with the site based on outside factors. This opened the door for us to hone the data collection process we had used in our original analysis and market it to other companies in the electric vehicle fleet charging space. We built a product roadmap for a computer-vision based sales prospecting tool for which we are conducting ongoing research.

Introduction
[bookmark: _Toc164893375]Environmental Effects of Commercial Vehicles
Electric vehicle (EV) adoption has increased from early adopters in the passenger vehicle market to 10% of total passenger vehicle sales in the US this year. Commercial EV market sales, however, have lagged. Commercial vehicles are composed of multiple vehicle classes. Light Duty vehicles might be cars, trucks or vans used in taxi fleets, for contractors, and delivery services. Medium and Heavy-Duty vehicles range from the local garbage truck to semi-trucks that haul goods across the country. Medium Duty (MD) and Heavy Duty (HD) Vehicles account for only 4.8% of the vehicles on the road globally but account for 30% of global emissions from road transport.[footnoteRef:2]  [2:  BNEF (2023)] 


Emissions from trucking are concentrated in specific corridors such as ports, highways, and logistics hubs.[footnoteRef:3] These areas have worse air quality, and higher levels of asthma, heart disease, and respiratory illness than surrounding communities.[footnoteRef:4] In Long Beach, California for example, the areas adjacent to the Port of Long Beach and the intersection of the 710 and 405 freeways have the worst air quality[footnoteRef:5], lowest life expectancy, and largest minority populations of all census tracts in the surrounding Long Beach metropolitan area.  This is one example of the correlation between negative health outcomes, environmental injustice, and climate change associated with the commercial vehicle sector. Such inequities highlight why the commercial sector is an important area of focus for innovation and electrification.  [3:  US EPA U. of T. A. Q. (2017)]  [4:  US EPA NCEA (2002)]  [5:  Manguia (2021)] 

[bookmark: _Toc164893376]The Role of Policy in Driving Vehicle Electrification in the United States
As EV battery costs have fallen, passenger EV adoption has increased, and as automakers have released more MD and HD vehicle models, members of the policy and business community have paid increased attention to the electric commercial vehicle transition. Several policy developments in the US have pushed operators, manufacturers, and infrastructure developers to consider new business models to cater to the bevy of coming commercial EVs. These policies include the Inflation Reduction Act (IRA) and Bipartisan Infrastructure Act (BIL) but also include state level regulations such as the Advanced Clean Trucks Rule (ACT) and the Advanced Clean Fleets Rule (ACF). The IRA provides two tax credits targeted at medium and heavy duty EVs[footnoteRef:6]. The BIL includes NEVI, which provides states with funding for public facing DC fast charging. [6:  Deangeli (2023)] 

In many ways the state level policies have been a more powerful factor than federal policies in driving the transition toward EVs.  The ACT, originally passed in 2020 by California under their authority under the Clean Air Act, has now been adopted by 10 states representing 24% of the market for new truck sales.[footnoteRef:7] The law forces vehicle manufacturers that sell Class 2b-8 vehicles (vans to long-haul semi-trucks) in those respective states to increase the percentage of EVs that they sell every year from 2024 to 2035. “By 2035, zero-emission truck sales will need to be 55% of Class 2b – 3 truck sales, 75% of Class 4 – 8 straight truck sales, and 40% of truck tractor sales[footnoteRef:8].”  The ACF, a California-only state rule, requires all fleet operators with over 50 vehicles or $50 million in annual revenue to convert their fleets to EVs over a similar time period. [7:  Ortiz (2023)]  [8:  CARB (2021)] 

[bookmark: _Toc164893377]Industry Overview
One of the largest barriers to higher rates of EV adoption in the commercial vehicle market has been a lack of charging infrastructure to support commercial electric vehicles. Commercial vehicles operate in a much larger mix of formats and use cases than passenger vehicles. They can range from last mile delivery vans that are operated by Amazon, to a fleet of plumbing repair trucks operated by a local contractor, to the 18 wheelers that transport goods cross-country. These vehicles face a more difficult path to charging than passenger vehicles because of their larger battery sizes, more complex operating needs, and the poor match of public facing EV charging infrastructure. To meet this need, a whole crop of new companies has emerged over the past three years to develop charging infrastructure for commercial vehicle fleets.

Originally, there were several main business models developed to serve the budding passenger EV industry, all of which fall under the umbrella of “charge point operators”.  Tesla developed its own proprietary charging system in 2012 for its vehicles when there was no national charging network. They treated it as a loss leader, a business unit whose purpose wasn’t to be profitable but to help the company sell cars[footnoteRef:9]. Electrify America was a company founded in 2016 because of a settlement between Volkswagen and the US government. Volkswagen was found guilty of tampering with emissions monitoring equipment in its diesel vehicles to circumvent US air quality regulations. In addition to over $15B in civil fines the company was required to invest $2B to create the first public facing EV charging company[footnoteRef:10].  EVGo and ChargePoint are the other two largest charge point operators. ChargePoint installs and operates the largest network of EV charging stations in the US. However, all these stations are independently owned by retailers. [9:  Lambert (2024)]  [10:  Eisenstein (2019)] 

[bookmark: _Toc164893378]Commercial Vehicles and Suitability for Public Charging
Commercial vehicles have a variety of characteristics that make them ill-suited for the types of public charging infrastructure that I described above. The first and foremost is they have specific operating characteristics that make public charging inadequate for them as a refueling option.  Fleets perform a wide variety of tasks but most of them spend much more of the day moving than passenger vehicle. The second is that commercial vehicles come in a broader array of shapes and sizes than passenger vehicles; meaning they require different cable lengths, parking spaces, and power output from chargers than conventional direct current fast charging (DCFC) chargers. In sum, fleets need chargers that can be reserved ahead of time, are fast, reliable, purpose-built for their use case; all of which are characteristics that current public charging infrastructure fails to provide.
[bookmark: _Toc164893379]Types of Business Models
Given the difficulties of delivering charging infrastructure to vehicle fleet operators it is important to highlight some of the many business models that have emerged to serve them. Most of these businesses are lumped into a business category called “Charging-As-A-Service” but they have a variety of business models. The business model is that the developer takes on the capital investment of building out the site and then the fleet operator makes monthly payments to the developer, in a similar way that they currently pay for fueling.  One group of companies such as Watt EV and Forum Mobility own the vehicles and develop and own the charging depots and then lease out the vehicles and the refueling to operators at a bundled rate. They tend to develop depots in strategic locations such as adjacent to airports or ports and many of their clients are independent owner-operators who cannot afford the high costs of many commercial EVs.

The second group of developers mostly build “behind-the-fence” depots. These groups include NextEra Mobility and BP Pulse and develop and sell software services and sometimes maintain charging depots on a company’s site that the company owns for the fleets that operate in and out of that domicile.  The final group is composed of developers that build third party-owned depots but do not own the vehicles. Groups like Terawatt Infrastructure and VoltEra all build, own, and operate depots that either require some sort of subscription or are open the public.
















Figure 1: EV fleet charging infrastructure developer market map
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Materials and Methods
[bookmark: _Toc164893380]Objective
Our client for this project was NextEra Energy’s (NEER) Mobility Team. NEER is the world’s largest Independent Power Producer (IPP) by market capitalization. The Mobility Team builds EV charging infrastructure for commercial vehicle fleets and provides advisory services for fleets considering moving towards electrification. The team tasked us with doing much of the early-stage development work necessary to decide whether to move forward with a ground lease in NYC to build a charging depot on that site.  Specifically, NEER requested the location, size, vehicle type, drive time to the site, drive distance to the site, and contact information for each fleet within a reasonable drive time and distance of the site.










Figure 2: Site of the charging depot in middle of industrially zoned neighborhood of Greenpoint.
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One of the chief elements that NEER wanted to understand before making a commitment to the site was what the customer landscape looked like in that specific area. They knew based on assessing satellite imagery, zoning maps, customer interviews, and other data service providers that there was a high density of fleets in the area where they planned on building a charging depot. However, they had a hard time understanding where all the small and medium fleets were located, the types of vehicles in those fleets and which businesses to prioritize as customer prospects. Our contribution to the project was two-fold:
 
1. Validate the proposed site for lease execution. At the time NEER was deciding whether to execute a lease and begin development of an EV fleet charging station on the proposed site. The variables they requested would indicate the density and value of potential customers in the area. These data would inform NEER’s decision to execute on the lease.
2. Build a customer prospecting database. NEER was looking for ways to streamline their sales prospecting process. A database populated with these variables would generate higher quality leads than NEER’s existing solutions.
 
[bookmark: _Toc164893381]Data Collection
[bookmark: _Toc164893382]Method and Data Source
We collected fleet location data through a visual survey of Google Maps satellite imagery covering the area surrounding the prospective charging site. Our survey required us to digitally navigate satellite imagery and magnify smaller areas to locate fleets. We chose Google Maps as our data source for three reasons. One, Google Maps is high enough resolution to visually detect vehicle fleets (especially in certain urban areas like New York City, where resolutions can be as high as 2.5m/pixel[footnoteRef:11] ). Two, Google Maps includes geospatially associated business data[footnoteRef:12]. Three, out-of-the-box web scrapers integrate with Google Maps to filter for businesses based on business categories. This type of web scrape allowed us to narrow the number of locations we targeted in our fleet search, expediting the process. [11:  Potere (2008)]  [12:  Zhu, Y. (2012)] 

 
[bookmark: _Toc164893383]Web Scrape
One search for businesses on Google Maps by business category and Google Maps will return all businesses labeled as such. However, there are easier ways to search for many business categories at once. The most efficient way to find multiple business categories across a broader geographical area is with a web scraper. Web scrapers are code-based tools that automatically pull data from websites based on user-prescribed parameters.  We used a web scraper called “Google Maps Scraper” from a website called Apify that hosts custom web scrapers, to narrow candidate fleet [footnoteRef:13]￼ We specified that “Google Maps Scraper” should perform 250 search instances each of 76 unique business categories within a 3-mile radius of NEER’s prospective charging site. We chose these 76 business categories through trial and error, adding more with each pass until we began seeing marginal increases in the number of businesses returned with each successive search. A full list of business categories is included in Appendix A. [13:  Apify (2024] 

 
[bookmark: _Toc164893384]Visual Verification
“Google Maps Scraper” returned 1,377 positive matches for businesses that belonged to the specified categories. The web scraper presented the data in spreadsheet form, with each business’s contact information, address, latitude, and longitude. From this spreadsheet we created a custom Google Maps layer using Google’s “My Maps” tool that displayed the location of each business. Each business in the Google Maps layer is represented by a “pin” overlaid on satellite imagery, as shown in Figure 3.











Figure 3: Web scrape-populated Google Maps layer

[image: ]

We defined a fleet as a group of vehicles of similar make, model or type, often in the same color, clustered close to one another. To verify the presence of a fleet at a given location, we navigated to each pin and magnified the satellite image until vehicle clusters were visible. Fleets could be located in parking lots, garages or curbside.

If a fleet was present, we recorded the fleet’s approximate number of vehicles and vehicle types as new variables in the spreadsheet provided by the web scrape. We consulted an interactive map of New York City’s neighborhoods to segment the data by neighborhood as well[footnoteRef:14]. If a fleet was not present, we deleted the entry from the Google Maps layer and from the spreadsheet. [14:  Buchanan (2023)] 


When inspecting each candidate fleet location, we also navigated in a 3 or 4 block radius around the “pin” to find any fleets the web scrape did not locate. If there was a fleet present in the surrounding area, we entered the approximate number of vehicles and vehicle types into the spreadsheet, plus the latitude, longitude, address, neighborhood and contact information for the associated business. This method made filtering out false positives and inputting false negatives from the web scrape into the dataset more efficient.
 
[bookmark: _Toc164893385]
Calculating Drive Time and Distance
After filtering for false positives and inputting false negatives, we adapted an open-source Python coding language notebook which connected to Google Maps via an Application Programming Interface (API).[footnoteRef:15] This API gave our notebook access to Google’s drive time and driving distance functions. Our code sequentially calculated drive time and distance along the optimal route (assuming no traffic) from each fleet location to the prospective charging site. We added these data to the spreadsheet as new variables. [15:  UCSF (2024)] 

 
[bookmark: _Toc164893386]Data Summary
The resulting dataset contains 367 entries. Each entry is made up of 18 variables: Name, Category, Account, Fleet Type, Number of Vehicles, Onsite/Offsite, Neighborhood, Private or Government, Drive time from site, Distance from site, Street, City, State, Country, Latitude, Longitude, Website, Phone number. See Table 1 for variable definitions and sources.

Table 1: Variable definitions

	Variable
	Definition
	Source

	Name
	Business name as listed on Google Maps
	Google Maps web scrape

	Category
	Metadata key phrase used by web scrape in initial filter
	Google Maps web scrape

	Account
	Business’s geographic footprint. Options are International, National, Regional, or Local
	Desktop research

	Fleet Type
	Fleet’s vehicle makeup. Options are Box, Trailer, Van or combinations of the three.
	Google Maps satellite imagery

	Number of Vehicles
	Range of vehicles observed in a fleet on satellite imagery. Options are 1-5, 10-25, 25-50, or 50-100.
	Google Maps satellite imagery

	Onsite/Offsite
	Whether or not a fleet is on the same property as the business that owns it. Options are Onsite or Offsite.
	Google Maps satellite imagery

	Drive time to site
	Google Maps estimate of drive time from fleet business location to prospective charging site
	Google Maps API

	Distance from site
	Google Maps estimate of driving distance from fleet business location to prospective charging site
	Google Maps API

	Street
	Business street address
	Google Maps web scrape

	City
	Business city address
	Google Maps web scrape

	State
	Business state address
	Google Maps web scrape

	Latitude
	Business latitude
	Google Maps web scrape

	Longitude
	Business longitude
	Google Maps web scrape

	Website
	Business website
	Google Maps web scrape

	Phone number
	Business phone number
	Google Maps web scrape


 
[bookmark: _Toc164893387]Results and Observations
[bookmark: _Toc164893388]Overall
A review of the overall dataset provided valuable statistics for NEER when deciding whether to execute on the prospective charging site lease. The average drive time from all confirmed fleets to the charging site was 12 minutes. The average driving distance was 2.8 miles, not accounting for traffic. The three most common fleet vehicle types were box trucks (52%), trailer (25%), and van (23%). The majority of fleets belonged to local businesses (73%) and contained 1-5 vehicles (21%). The three neighborhoods with the highest concentration of fleets were Maspeth, Long Island City and Greenpoint.














Chart 1: Most common fleet types in overall sample



Chart 2: Account types in overall sample











Chart 3: Highest fleet concentration neighborhoods in overall sample





NEER was pleased that most of the fleets in the overall sample were composed of box trucks and vans, belonged to local accounts, and were parked relatively close to the site. We expand on the reasoning behind these preferences in the following section.
[bookmark: _Toc164893389]Top 20 prospects
NEER requested we filter our results for the top 20 high value potential customers that sales associates should call first. Based on input from NEER, we prioritized the following criteria in selecting these fleets:
 
· Local accounts. The customer should be a local business. NEER informed us it was much more likely that their sales team had ongoing conversations with larger regional and national accounts. Our data provided unique insights into small and medium-sized businesses that operated locally.
· Short-haul vehicles. The fleet should be made up of vehicles that operate locally. Demand is harder to estimate for tractor trailer fleets while vans, box trucks and light duty vehicles return to the same location daily to park or charge.
· Medium-large fleet size. The fleet size should be 10-50 vehicles. Fleet size is often correlated with business account size. Local fleets tend to be smaller, and very few of these fleets number in the 50-100 range. The 10-50 range is a happy medium between a smaller business and high return on investment per sales conversion. NEER would prefer to begin by targeting customers with the highest possible demand for charging services.
· Short drive time and distance. The fleet should be close to the prospective charging site. According to NEER, proximity to the prospective charging site is a strong selling point for sales associates because it indicates convenience, lower costs, lower operational friction, and ease of use.

The top 20 prospects we selected based on these criteria have a high percentage of local accounts (89%). Only 11% of fleets contain tractor trailer vehicles. Fleets in the10-50 vehicle range make up 90% of the fleets in this group. Onsite fleets also make up 90% of the total. The average drive time to the prospective charging site is 11.58 minutes, lower than the overall dataset. The average driving distance to the prospective charging site is 2.42 miles, also lower than the overall dataset. 

NEER found these statistics to be indicative of high value target customers. Another key takeaway was which neighborhoods to concentrate most of their outreach efforts in (Maspeth, Long Island City and Greenpoint). Armed with this data, NEER felt ready to make their case to execute on the lease and make a strong sales prospecting push after construction was approved.

Discussion
[bookmark: _Toc164893390]Project Evolution
Soon after submitting our data to NEER, the company shuttered the project we were working on for the Mobility Team. NEER abandoned the commercial EV fleet charging station in Queens. Nevertheless, our advisors informed us that the data we’d provided was superior to what they could obtain from other data sources and encouraged us to find ways to refine our data collection processes. The Mobility Team also suggested that we consider building a business plan and soliciting feedback on our ideas from other commercial EV fleet charging developers. In this way, our project evolved from collecting customer data to exploring product development.
[bookmark: _Toc164893391]Problem Identification
Visually verifying each fleet location, weeding out false positives and inputting false negatives took 40+ man-hours. While performing this task it became clear to us that there was likely a more efficient, potentially more accurate way to record fleet locations. It also became clear that our data sourcing process was novel and worth iterating. 

Our solution was of interest in part because the data ecosystem that exists for understanding commercial vehicle fleets in the US varies and is incomplete. Currently, charging infrastructure companies rely on third party data providers to understand the customers they want to target. These third-party data providers are companies like Prosper Fleet and S&P Global Fleet Intelligence. These companies were originally established to serve fleet management companies, auto dealers, telematics companies and anyone else that sold goods or services to vehicle fleets. These companies draw their data from various sources, but all of them are flawed in their own ways.

· Federal Motor Carrier Safety Administration (FMCSA). The FMCSA is responsible for maintaining a database of United States Department of Transportation (USDOT) registered vehicles.[footnoteRef:16] These are primarily interstate commerce vehicles (tractor-trailers, for-hire passenger vehicles, hazardous waste transport)[footnoteRef:17]. This list works well for companies selling federal compliance products but not for commercial EV fleet charging developers. The database leaves out many local fleets because it does not include locally-operated light duty vehicles, box trucks, or vans. Only 1/10 of all fleet vehicles are federally regulated.[footnoteRef:18] [16:  FMCSA (2019)]  [17:  FMCSA (2005)]  [18:  Valgen (2024)] 

· State level registration data. State level registration data provides much more complete data than FMCSA. These databases list 6.2 million fleets across 40 states and include a wider variety of vehicle types. The data is also more granular. VIN data allows access to the weight, manufacturer, engine type, body type, fuel type, and chassis/axles of a vehicle. The downside is state level data is compiled on varying timelines. These discrepancies make keeping records up-to-date a challenge. Timing variations also make the data more expensive to compile and standardize. Most glaringly, this data is highly incomplete. 10 states do not release commercial fleet vehicle registrations. The omitted states’ records account for 20% of fleet-owning companies in the US.[footnoteRef:19] In the states that do release data, fleets are not normally registered where they park. The lack of local level data makes it difficult for commercial EV fleet charging developers to sales prospect near prospective charging sites. [19:  Valgen (2024)] 

· Estimated fleet data. Some fleet data providers model fleet size based on a proprietary set of variables that include company size, location type, and company size. These providers can give data at the local level and include all vehicle types, private and government accounts.[footnoteRef:20] Because these are private companies, their modeling methods are unclear to us, but commercial EV fleet developers informed us they also found this data unreliable. [20:  Valgen (2024)] 

 
Though there are pros and cons to each data source, on aggregate they still indicate a hole in the market for EV fleet charging business development intelligence. This realization plus encouragement from other EV fleet charging developers led us to explore the possibility of building superior market intelligence services.
[bookmark: _Toc164893392]Customer Interviews
Before embarking on the product development phase of this project, we conducted interviews with many companies in the commercial EV charging industry while trying to evaluate product-market-fit and demand for a new commercial EV fleet sales prospecting product. We spoke with many team members at NextEra Mobility and developers and executives at Forum Mobility, Voltera Power, Electrada, Zemetric, Inspiration Mobility, the North American Council on Freight Efficiency, and others. Below you will find some of our key takeaways along with direct quotes about the product.

Key Takeaways:

1. Customers want a product with a variety of data inputs. Industry insiders we spoke with think the ability to match data on fleets from imagery is a great innovation but stressed the need to be able to validate and expand upon it with data from other sources. Many challenged the validity of using only imagery by proposing that imagery could be taken when fleets are out traveling for the day. Interviewees also worried that fleets could be parked in garages and private lots where they would not appear in satellite imagery. Interviewees suggested exploring other data sources such as DMV registrations, traffic volume data, and data on site electrical capacity.
2. All companies we spoke to felt current market intelligence providers were inadequate. These providers could not produce data on the type and number of vehicles a fleet owner operates, where the vehicles operate on a regular basis, or where they dwell (park permanently). Interviewees all indicated that they would welcome a more accurate software tool that could be used for sales or siting, and several indicated they would purchase our software if it was fully functional. However, we were not able to determine customers’ willingness-to-pay and have not found accurate pricing information for our closest competitors.
3. Customers think a product like ours could be useful for siting and cost estimating. Several interviewees, including those from Electrada and Inspiration Mobility, mentioned how helpful it would be to understand the electrical capacity of a site and be able to estimate infrastructure construction costs. One might be able to estimate the electrical capacity by the size of a ground mounted transformer in imagery, knowing the business’s normal use case and then backing out how much excess capacity they might have. In the same way, if there was a ground mounted transformer on the site, the developer would need to conduct trenching (digging and routing) and run electrical conduit from the transformer to wherever the chargers would be located on a site. That trenching and laying conduit is one of the costliest elements of building a site. Being able to determine trenching costs quickly is vital to assessing project viability.
4. Even after the fleets along with their respective vehicle types, number of vehicles and locations are identified, salespeople still need more information. First, they need the contact information of fleet and facilities managers to ensure they are contacting the right people. Second, they need a way to rank the top fleet targets we found. For example, we worked with NextEra Mobility’s sales team to identify top prospects, but in an ideal world we would take a company’s specific inputs for target customers and be able to pull fleets from the list algorithmically.






Table 2: Customer feedback

	Business
	Name & Title 
	Quotes 
	Product insight 
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      Electrada
	


Chris Freitas, CCO
	
· “We are focused on creating a product with the “lowest cost per mile” for the customer in order to convince more fleet operators to convert.”
· “The DMV registration data is garbage. I have it, all my competitors have it.”
	
· “Is there a way to estimate duty cycles or vehicle use patterns?”
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 Inspiration Mobility
	




Dan Wilson, 
VP Energy Services
	· “If you were able to figure out which properties had larger transformers meaning they might have excess capacity for charging infrastructure that could be useful.”
· “We are currently working with a large REIT to look at their entire portfolio of properties and determine which sites might be ideal for fleet charging.”
	· “You should consider pulling in other data sources. For example, Costar often has information about the electrical capacity on a site.”
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    VoltEra Power

	




Jonathan Colbert, 
VP Marketing
	
· “We are creating our own internal software but if this had existed a year ago, we would have bought it”
	
· “What other types of data are you considering pulling in? I might suggest highway traffic data, routing data, data around available incentives for installing EV chargers.” 




[bookmark: _Toc164893393]Product Concept
Armed with input from industry insiders, we began to build a product concept. We assumed it would be difficult to scale our visual verification process manually. We would be most competitive with other fleet location providers if we could provide up-to-date locations across a vast geography, and the task we had performed for NEER was too time consuming to meet those criteria. We hypothesized that by replacing human visual verification with computer vision verification, we could maintain the same level of accuracy at higher refresh rates for larger areas. In our minds, a computer-vision based sales prospecting tool would work in the following steps:
 
· Locate fleets. A computer vision model locates all fleets in a geographic area captured on high resolution satellite imagery. The model records the fleet latitude and longitude, the number of vehicles in the fleet, and the types of vehicles in the fleet.
· Web scrape for businesses. A web scraper searches the area for high likelihood fleet-owning businesses in parallel with model analysis. The web scraper records a separate dataset containing each business’s latitude, longitude and contact information.
· Co-locate by proximity. A GIS model compares fleet location co-ordinates with web scrape business location co-ordinates. The model associates fleets with businesses based on proximity. Any businesses outside of a certain radius of fleet locations is removed and a final dataset containing fleet location, number of vehicles, vehicle type and business contact information is recorded.
· Feed data to online service. An online access point is populated with fleet data via an API. This data is offered as a software as a service and is updated at regular intervals. Users can filter this data by a number of variables or parameters to identify their top customer prospects.

[bookmark: _Toc164893394]Model Selection
When fleshing out our product concept, we considered multiple computer vision model types for locating objects in static imagery. Three options revealed themselves as top candidates throughout our research: object detection, instance segmentation and semantic segmentation. Each has its merits and pitfalls, but object detection best matched our project’s criteria.
 
· Object detection. This model type identifies and locates instances of objects in an image and defines a bounding box around each.[footnoteRef:21] Object detection models only need to look at an image once to locate objects, whereas others require multiple passes. This feature makes object detection fast and cost-effective, reducing variable costs and increasing data refresh rates. Object detection model training datasets are also simpler to produce than those for other models, yielding similar benefits.[footnoteRef:22] [21:  Ruiz (2020)]  [22:  Lakshmanan (2021)] 

· Instance segmentation. Instance segmentation detects the location of objects in an image with a more precise outline than object detection. This feature makes instance segmentation more accurate. This level of accuracy, though, is beyond our requirements for our minimum viable product. Additionally, instance segmentation requires two looks at an image to locate an object, making it slower and more expensive than object detection. Constructing training datasets is also more laborious for instance segmentation models.[footnoteRef:23] [23:  Lakshmanan (2021)] 

· Semantic segmentation. Semantic segmentation defines every pixel in an image as belonging to a pre-defined category depending on how the model is trained. For instance, all people in an image might belong to one segment, while all trees in an image might belong to another.[footnoteRef:24] Our model is intended to count individual vehicles in a fleet, which semantic segmentation cannot do, making it a poor option for our needs. [24:  Lakshmanan (2021)] 

 
[bookmark: _Toc164893395]Unique Product Features and Challenges
Object detection models are currently used to identify objects in aerial satellite imagery for multiple purposes. Researchers are leveraging object detection to locate solar panels on roofs,[footnoteRef:25] read medical imagery,[footnoteRef:26] to distinguish between multiple types of vehicles, and help robots pick up different types of objects.[footnoteRef:27] The common thread between these existing use cases is they identify individual objects. What makes our problem and solution unique is the nature of the object the model must identify.  Our model’s target is a fleet, which is more difficult than other instances to define. Fleets are in essence a group of similar or dissimilar objects, arranged in several possible configurations, often in complex contexts. For instance, a fleet can be all one vehicle class or contain a combination of vans, box trucks, and light duty trucks. All vehicles in a fleet can be one color or multiple colors. Fleet vehicles can be parked directly next to each other or spread out across a larger area. Two groups of vehicles can belong to the same fleet or constitute individual fleets belonging to different businesses. Fleets can dwell in parking lots, loading bays, or curbside. It is difficult to write in words exactly what a fleet is, let alone teach a computer how to find one. This is the challenge of our ongoing research into this topic and the basis for the next steps needed to achieve such a model. [25:  Bradbury (2016)]  [26:  Li (2019)]  [27:  Coates (2010)] 

 
Next Steps
Having chosen a model type and identified the challenges inherent to our unique solution, multiple steps remain before we can bring our product concept to market. Doing so will require training an object detection model, streamlining a GIS pipeline, and designing a user interface that’s intuitive and delightful to interact with. Our research has revealed x milestones necessary to fill gaps in our product roadmap: image annotation, model training, georeferencing and UI design. We have achieved varying levels of progress and knowledge in the disciplines required to realize a viable solution.
 
Image Annotation

Training computer vision models to recognize unique vehicle classes requires it to look at images tagged with multiple instances of each object. The process of tagging the name and location of each object is called image annotation. Depending on model selection, model developers may annotate images by manually drawing boxes, polygons or more exact outlines around each object instance.[footnoteRef:28] The number of images necessary for model training varies by model, and often requires trial and error.[footnoteRef:29] Based on conversations with Blue Sky Robotics computer vision engineer Bhargav Bompalli, we will begin by annotating 5,000 instances of each vehicle class. We will also annotate instances of entire fleets. It is unclear without further trial and error how many fleets will need annotating. We find the fleet annotation process to possess the highest level of uncertainty in this step of the product roadmap. [28:  Roller (2022)]  [29:  Ma (2022)] 

 
Model Training
 
Once enough images have been gathered, model training begins. This will be time-intensive and require multiple rounds of honing. In this step, we will begin by prioritizing minimizing false negatives to ensure we capture all fleets in the target area. False positives can then be visually inspected and manually filtered out. Model training can be broken down into a few discrete concepts.
 
· Weights. Computer vision models are a form of neural network. Neural networks convert inputs (such as pixels in an image) into matrices of values. Model outputs are the product of input matrices and a series of “weights”. Weights are values in a model that change based on how and with what material the model is trained.[footnoteRef:30] [30:  D’Agostino (2022)] 

· Complexity. Models mostly train by looking at ground truth examples of desired output (in our case, aerial satellite imagery with bounding boxes around individual vehicles and fleets of different classes).[footnoteRef:31] The more ground truth a model trains on, the more weights a model contains. Even relatively simple models contain billions of weights, and it takes billions of arithmetic calculations to produce them, requiring a massive amount of compute.[footnoteRef:32] [31:  Yao (2007)]  [32:  Dsouza (2020)] 

· Processing. Some computer chips are better at performing the billions of calculations necessary for training than others. We will use Graphical Processing Units (GPUs). This chip type governs what computer screens display. Central Processing Units (CPUs) are the chips that perform the underlying calculations necessary for a computer’s function, but they run arithmetic calculations sequentially. GPUs perform the same tasks in parallel, allowing them to train models 10-15x faster.[footnoteRef:33] The most cost-effective and common way for small-scale operations like ours to train models is through cloud-based services. Amazon Web Services is the industry standard and provides multiple performance and pricing options.[footnoteRef:34] [33:  Dsouza (2020)]  [34:  AWS (2019)] 

· Honing. An adequately accurate model will require multiple rounds of training, changing variables each time to find patterns in how the model performs. The two primarily levers one can pull when training a model are the size of the training dataset and the complexity of the model.[footnoteRef:35] We will test different base models and adjust the size and composition of our training dataset throughout the training process to achieve the lowest false negative rate while capturing the optimal number of fleets. [35:  Zhu, X. (2012)] 

 
 Georeferencing
 
A Google Maps web scrape pulls latitude and longitude for each business in its database. For our product to co-locate businesses with fleets by latitude and longitude, fleets must also be associated with latitude and longitude. Satellite imagery often comes in GeoTIFF format, which contains latitude and longitude co-ordinates for every pixel within its metadata.[footnoteRef:36] Model outputs do not necessarily contain coordinates, though. Luckily, GIS software like ArcGIS has a function called georeferencing that can add coordinate systems to images. Users can georeferenced a raster image to a coordinate system by adding ground control points (GCPs) to an image and a GIS base layer map of the same area. Users often choose GCPs because they are easily recognizable in both images. Examples include prominent buildings or intersections. This is particularly easy in urban environments where there are lots of GCPs to choose from. Once GIS software has been given the requisite number of GCPs, it can match the raster image to the base layer map and transfer the coordinate system onto the raster image. In our case, each object can now be given its own latitude and longitude. ArcGIS also has tools that can perform these tools without human input and that can be automated to do so with multiple files through a GIS model, which would expedite the georeferencing process.[footnoteRef:37] [36:  Propeller (2023)]  [37:  esri (2024)] 


Conclusion
The Mobility Team’s response to our data indicated that had the project not been shuttered for outside business reasons, our advisors believed our work would have bolstered their case for executing the lease on the Queens property. The surrounding customer base met many of the criteria that both NEER and other EV fleet charging developers look for when sting a charging station: locally owned businesses, small fleet sizes, and light duty vehicle fleet make up. By shuttering the project, though, NEER opened new possibilities for product development. The feedback we’ve received from industry insiders on a computer-vision based sales prospecting tool has been overwhelmingly positive. With the hurdles we’ve outlined above in mind, we plan to continue pursuing our product concept as a real-world business idea now that our project has concluded. The increasing public accessibility of computer vision and other machine learning make this ever easier. As programming becomes socialized through tools like ChatGPT, we and other aspiring entrepreneurs have more chances to bring software products to market. We look forward to learning more about the EV fleet charging space, software development and business as we move beyond the bounds of our academic pursuits.










Appendix A
	List of web scraper business categories

	Advertising

	Air conditioning system supplier

	Bakery

	Baking supply store

	Beverage Distributor

	Blood Bank

	Building materials supplier

	Bus charter

	Car Dealer

	Car rental agency

	Chauffeur service

	Communications

	Construction company

	Contractor

	Corporate office

	Courier service

	Customs broker

	Delivery service

	Distribution Service

	Equipment rental agency

	Film Industry

	Fire protection equipment supplier

	Fire Protection System Supplier

	Food Distributor

	Food Products Supplier

	Freight forwarding service

	Fuel Company

	Furniture wholesaler

	General contractor

	Government Agency

	Home improvement store

	HVAC Contractor

	Import export company

	Industrial Equipment Supplier

	Lab testing

	Law Enforcement

	Limousine service

	Local Agency

	Logistics service

	Manufacturing

	Medical

	Metal supplier

	Mover

	Moving and storage service

	Oil and Gas

	Packaging supply store

	Pest Control Service

	Promotional products supplier

	Public Transit

	Rental Car Agency

	Restaurant supply store

	Retail

	Retail Distributor

	Rideshare Service

	Sanitation

	School Bus Service

	Security Services

	Self-storage facility

	Shipping and mailing service

	Shipping company

	Shipping service

	Supplier

	Taxi service

	Telecom

	Tool rental service

	Transportation service

	Truck rental agency

	Trucking company

	Utility contractor

	Van rental agency

	Warehouse

	Warehouse club

	Water works equipment supplier

	Wholesale bakery

	Wholesaler

	Woodworker
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Most Common Fleet Types by % of Total Fleets

By %	Box	Trailer	Van	0.51912568306010931	0.25136612021857924	0.22950819672131148	Fleet Vehicle Type


% of Total Fleets



Account Type by % of Total

% of Total	Local	National	International	Regional	0.73497267759562845	0.22950819672131148	1.092896174863388E-2	1.3661202185792349E-2	Account Type


% of Total



Highest Fleet Concentration Neighborhoods by % of Total Fleets

% of Total Fleets	Maspeth	Long Island City	Greenpoint	0.24043715846994534	0.1830601092896175	0.11202185792349727	Neighborhood Name


% of Total Fleets





1

image1.png
Charging Infrastructure Developers

Charge Point Operators

-chargepoin+

| FAST CHARGING

!/electrlf
[ omer/co

/
h
rU

oBILITY

WattEVv

N

J

N (L

voltera

Terawatt

Charging-As-A-Servica
N (O
| Thirdparty

-

o

rpulse s

2
NEXTera

o

\C

MOBILITY
=





image2.png




image3.png
H @ The Museim =&
S/ 5N of ModernAniS.

A /
® Empire State Building”
MURRAY/ HIEX





image4.png
<

electrada




image5.png
Inspiration




image6.png
voltera




