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ABSTRACT

INNOVATIVE HYDROGEN STATION OPERATION STRATEGIES TO INCREASE

AVAILABILITY AND DECREASE COST

Major industry, government, and academic teams have recently published visions and
objectives for widespread use of hydrogen in order to enable international energy sector goals
such as sustainability, affordability, reliability, and security. Many of these visions emphasize the
important and highly-scalable use of hydrogen in fuel cell electric cars, trucks, and buses,
supported by public hydrogen stations. The hydrogen station is a complicated system composed
of various storage, compression, and dispensing sub-systems, with the hydrogen either being
delivered via truck or produced on-site.

As the number of fuel cell electric vehicles (FCEVs) on roads in the U.S. have increased
quickly, the number of hydrogen stations, the amount of hydrogen dispensed, and the importance
of their reliability and availability to FCEV drivers has also increased. For example, in
California, U.S., the number of public, retail hydrogen stations increased from zero to more than
30 in less than 2 years, and the annual hydrogen dispensed increased from 27,400 kg in 2015 to
nearly 105,000 kg in 2016, and more than 913,000 kg in 2018, an increase of nearly 9 times in 2
years for retail stations. So, although government, industry, and academia have studied many
aspects of hydrogen infrastructure, much of the published literature does not address hydrogen
station operational and system innovations even though FCEV and hydrogen stations have some

documented problems with reliability, costs, and maintenance in this early commercialization
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phase. In general, hydrogen station research and development has lagged behind the intensive
development effort that has been allocated to hydrogen FCEVs.

Based on this understanding of the field, this research aims to identify whether
integrating reliability engineering analysis methods with extensive hydrogen station operation
and maintenance datasets can address the key challenge of station reliability and availability. The
research includes the investigation and modeling of real-world hydrogen station operation and
maintenance.

This research first documents and analyzes an extensive dataset of hydrogen station
operations to discover the state-of-the-art of current hydrogen station capabilities, and to identify
performance gaps with key criteria like cost, reliability, and safety. Secondly, this research
presents a method for predicting future hydrogen demand in order to understand the impact of
the proposed station operation strategies on data-driven decision-making for low-impact
maintenance scheduling, and optimized control strategies. Finally, based on an analysis
indicating the need for improved hydrogen station reliability, the research applies reliability
engineering principles to the hydrogen station application through development and evaluation

of a prognostic health management system.
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CHAPTER 1 - INTRODUCTION TO TRANSPORTATION HYDROGEN
INFRASTRUCTURE PERFORMANCE AND RELIABILITY

1. Introduction to Hydrogen Infrastructure

Hydrogen infrastructure is a broad system of systems that are required for a hydrogen
market. One way to illustrate a high-level hydrogen infrastructure is shown in Figure 1 from the
vision of Hydrogen at Scale (H2@Scale) [1]. An example path through this hydrogen
infrastructure is hydrogen production via electrolysis interfaced with the grid to produce for an
end use like transportation, upgrading biomass, ammonia production, and metals refining.
Details of each of these transitions, such as the dynamic grid control interface and hydrogen
delivery, must also include the concept and function of hydrogen infrastructure. There are many
active areas of research in hydrogen infrastructure, from the holistic systems-level integrations

that are proposed in H2@Scale, to hydrogen material compatibility.
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Figure 1. H2@Scale energy system illustration (not comprehensive)



This research focuses in on a critical and highly visible (i.e., directly interfacing with general
consumers) subsystem of the hydrogen infrastructure system needed for transportation,
specifically the hydrogen station for fueling fuel cell vehicles. This chapter reviews hydrogen
infrastructure for transportation. The results of this review identify hydrogen station reliability as
a key driver of hydrogen system operating expense.

Transportation is a major contributor to the productivity of the U.S. economy, but the
pollution costs and economic costs of a petroleum-fueled transportation system are high.
Transportation produced 57% of total nitrogen oxide emissions, 52% of carbon monoxide
emissions, and 21% of total volatile organic compound emissions in the U.S. in 2016 [2].
Aggressive federal and state goals aim to reduce transportation emissions through regulation,
improvements in existing technologies, and alternative transportation technologies. Three main
objectives can be generalized from some U.S. transportation policies: 1) reduce greenhouse gas
(GHG) emissions in the transportation sector, 2) diversify transportation energy sources to
reduce petroleum consumption and promote U.S. energy security, and 3) reduce human health
and environmental impacts from air pollution. Achieving these targets requires more than just
improving the existing petroleum-fueled technologies. Alternative technologies such as battery,
hydrogen, and biofuel vehicle technologies are understood to be required to realize deep
emissions reductions within the transportation sector [3], [4].

Hydrogen-fueled vehicles, along with their associated hydrogen infrastructure, are a key
component of an “all-of-the-above” strategy for reducing the environmental impacts of
transportation. Hydrogen-fueled vehicles can be powered by either hydrogen internal combustion
engine vehicle powertrains or fuel cell electric vehicle (FCEV) powertrains. FCEVs are the only

hydrogen-fueled vehicles currently in production. In general, FCEVs are able to meet many of



the environmental, policy, and consumer acceptability requirements of transportation. They are
“zero-emission vehicles” [5] with low life-cycle GHG emissions [6], [7], long range and fast
fueling [8], competitive market price (with lease and purchase options) [9], [10], [11], and
durability [12]. As is widely understood, the beneficial characteristics of hydrogen-fueled
vehicles are dependent on the lifecycle characteristics and function of their fueling infrastructure.

For example, the life cycle environmental impacts of hydrogen-fueled vehicles are highly
dependent on the pathway by which the hydrogen is generated, transmitted, and delivered.
Today, 95% of hydrogen produced in the U.S. is derived from natural gas via steam methane
reforming. This is the most common and the most cost-effective method for hydrogen
production. While producing hydrogen from natural gas is not aligned with long-term emissions
reduction strategies, the current hydrogen pathway does reduce lifecycle emissions relative to
conventional hydrocarbon fuels [13], [14], [15], [16]. In the long term, hydrogen production
from water via electrolysis using renewable electricity has the potential to even further improve
the economics and impacts of hydrogen-fueled transportation.

To introduce the technologies, systems, and economic characteristics of the hydrogen
infrastructure that will enable FCEV technologies, this section reviews the state of the art in the
U.S. for hydrogen infrastructure technologies, station roll-out, performance, and reliability. The
emphasis is on developments in the past 10 years, although these developments are placed within
historical context. However, the hydrogen infrastructure literature is relatively limited, as shown
in Table 1. Research literature on fuel cells far exceeds the amount of research literature related

to hydrogen infrastructure.

Table 1. Quantified Google Scholar search results, 2008—2018

Search Criteria (“allintitle”) Results Count
Fuel cell(s) >23,000




Fuel cell vehicle(s) >2,000
Hydrogen infrastructure (or station or stations) ~800
Hydrogen station(s) data <10
Hydrogen station reliability <5
Hydrogen station operation ~15
Hydrogen station costs ~15

This review of the state of the art of hydrogen infrastructure demonstration, performance,
and commercialization is to propose an infrastructure operation-centric research agenda for
increasing hydrogen infrastructure reliability and availability and reducing near-term costs.

1.1.  Hydrogen Infrastructure for Transportation

Hydrogen is an energy carrier that can be produced from a variety of sources and can be
converted into useful work via a variety of mechanisms. Hydrogen is a mass-produced industrial
gas most commonly used in petroleum refining, ammonia production, and paper processing. The
U.S. produces approximately 10 million metric tons of hydrogen a year, which would be enough
hydrogen for approximately 50 million vehicles [17]. The steps necessary to supply hydrogen to
the vehicle include production and delivery to the station (or production at the station), storage,
compression, and dispensing. The systems that perform these functions are collectively referred
to as transportation hydrogen infrastructure for the purpose of this review.

To generate useful motive power from stored hydrogen, hydrogen must be converted to
mechanical work through either thermodynamic (e.g., internal combustion engine) or
electrochemical/electromechanical means (e.g., FCEV and electric drivetrain). At present,
FCEVs are the highest efficiency [18] and most production-ready hydrogen-to-energy
technology available [19], and they will be the baseline vehicle technology considered for the
remainder of this dissertation. Fuel cells consume hydrogen in an electrochemical reaction with

oxygen to produce electricity, water, and heat. The most common hydrogen-fueled fuel cell



system is a polymer electrolyte membrane (PEM) system, which includes subsystems for thermal
management, hydrogen storage, electric powertrain, power electronics, and safety [20]. The fuel
economy of an FCEV is typically 2—3 times higher than that of an internal combustion engine
(e.g., 50—68 miles per gallon of gasoline equivalent compared with the EPA 24.7 miles per
gallon model year 2016 average [21], [22]), and an FCEV has many of the same attributes
(fueling time, range, mass, and size) as conventionally-fueled vehicles today. Effective FCEV
applications are those that require these attributes, and fuel cells can enable many of the more
general benefits of an electric-drive vehicle such as zero harmful tailpipe emissions (emitting
mostly water, a small amount of hydrogen, and passing through nitrogen from the air), high
performance, and quiet operation.

Some of the mobility applications available for fuel cells today include forklifts, airport
ground support equipment, light- and heavy-duty vehicles, and public transit [23], [24]. Different
vehicle types require different types of hydrogen infrastructure. Hydrogen is dispensed to
vehicles at two different pressures: 35 MPa and 70 MPa. Light-duty passenger vehicles store
gaseous hydrogen on-board with carbon-fiber-wrapped tanks that typically hold 4 to 6 kg of
hydrogen at 70 MPa. The higher pressure is necessary to provide the light duty vehicles with a
desirable range without sacrificing useable vehicle space (e.g., trunk and passenger areas). Other
fuel cell vehicles, like buses, forklifts, and trucks, typically store hydrogen at 35 MPa. Light-duty
FCEVs for personal and fleet applications have been in limited production since the early 2000s.
Some FCEV manufacturers (Toyota, Hyundai, and Honda) are now selling commercial
production vehicles [25], [26], [27]. Other manufacturers have been leasing pre-commercial
FCEVs (Mercedes-Benz), have FCEVs in various development phases (GM and Nissan), or are

in partnerships to develop commercial FCEVs.



In general, these long-term industrial investments in FCEV technologies have outpaced
comparable types of investments in hydrogen infrastructure technologies. Hydrogen
infrastructure, energy infrastructure, and FCEVs rely on one another for successful deployment,
and many of the technological, consumer, and societal challenges with FCEV's involve the

availability, reliability, and cost of hydrogen infrastructure.

1.1.1 Hydrogen Production Pathways

Hydrogen fuel pathways (Figure 2) are classified by hydrogen source (e.g., reformed
methane, electrolyzed water). The pathways can also be categorized by the distribution
mechanism (on-site generation or delivered). Various studies performed at universities,
consultancies, and governments have considered the costs and benefits of different combinations
of these pathways. The most relevant hydrogen pathways have been the subject of detailed
analysis for their energy use and GHG emissions. Of the 10s of hydrogen pathways that might be
considered scalable and relevant, hydrogen produced by central renewable electrolysis and
delivered by pipeline is consistently found to have the lowest well-to-wheel GHG emissions [3],
[28], [29], [30]. These studies also find that improvements in vehicle efficiency and fuel-path
efficiency must both be realized to achieve long-term environmental and economic targets for
hydrogen-fueled vehicles. These vehicle efficiency improvements will include mass reduction,
aerodynamic improvements, and auxiliary load reductions. The hydrogen source must also be
considered for an accurate understanding of the carbon intensity. Many researchers have
published comparisons of hydrogen pathways to other vehicle and fuel pathways [6], [7], [14],
[31], [32]. These studies show varying GHG emissions according to the various pathways and

vehicle powertrain configurations, but in general, hydrogen-fueled FCEV GHG lifecycle



emissions (g COze/mi) are demonstrated to be 20%—70% lower than those of conventional

petroleum-fueled vehicles.
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Figure 2. General hydrogen pathways

Hydrogen infrastructure for fueling FCEVs can be simplified into functions like source,
make, store, move, use, and decision (as shown in Figure 3). The source function covers the
beginning of the hydrogen production pathway and the make function covers the different
production methods. Store and move network functions have similar attributes like hydrogen
pressure and phase, but the difference is that the move function is dynamic, transporting
hydrogen from one location to another. The decision function has a direct relationship to the
other blocks because the attributes include safety, monitoring, and analysis. The use function is
for the hydrogen fueling station, where a fill is completed with the transfer of gas happens from

the station to the customer.
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1.1.2 Hydrogen Station Types

There are many types of hydrogen stations that will be or have been deployed. The
majority of current stations use delivered gaseous hydrogen from steam methane reforming [33].
This configuration is a result of commonality in station design and supply and minimizes costs at
the scale of interest (see Figure 4 for the subsystems of a hydrogen station). The two leading
categories of stations are 1) delivered hydrogen from steam methane reforming and 2) on-site
hydrogen production via water electrolysis [33]. Delivered liquid hydrogen is likely to be a
preferred hydrogen station storage option for a high throughput (i.e., kg/day) station and/or
where space is limited. Other hydrogen pathway options utilized in low numbers today include

delivered hydrogen produced from renewable sources and hydrogen delivery via pipeline [34],

[35].

Figure 3. General hydrogen infrastructure for vehicle fueling
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Figure 4. General hydrogen station subsystems diagram

1.1.3 Hydrogen Station Deployment

Because of the high costs of hydrogen infrastructure, planning and optimizing the
hydrogen fueling system roll-out has been a key component of the community’s research agenda
[36]. Under the assumption that the quantity of hydrogen infrastructure may limit the adoption of
hydrogen vehicle technologies in the near term, many studies have focused on comparisons to
the history of gasoline station deployments [37] and on determining the optimal locations or
timing of infrastructure roll-out to minimize costs or maximize the number of vehicles that can
be served [38], [39], [40], [41], [42], [43], [44], [45], [46]. These studies have debated the costs

and benefits of highway-centric infrastructure rollout plans, and or more concentrated



infrastructure rollout plans, but in general, the rollout of hydrogen infrastructure in the US has
incorporated aspects of both philosophies, as illustrated in Figure 3.

As of 2017, there are 35 public hydrogen stations in the U.S., with 34 stations in
California [47] (Figure 5) supporting approximately 6,000 FCEVs. If private stations are
included, there are 62 stations in the U.S. with another 26 stations planned. Hydrogen
infrastructure is also expanding in the U.S. [48] and internationally, with 180 active stations
outside of the U.S. [49], [50]. The State of California has established a near-term target of
approximately 100 hydrogen stations in California, which is estimated to be a minimum
hydrogen infrastructure network to support a near-term goal of 25,000-40,000 FCEVs in the
state [51]. The California Fuel Cell Partnership has identified three priorities in order to realize
1,000 hydrogen stations and up to 1,000,000 vehicles by 2030: enable, establish, and expand the

market [52].
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Figure 5. Hydrogen stations in California, U.S., from the Alternative Fuels Data Center Alternative

Fueling Station Locator (stations shown with blue circle points)

10



The process to build a hydrogen station from start to finish includes design, permitting,
construction, and commissioning. These general steps can vary significantly in duration based on
factors like site-specific challenges and local/multiple jurisdiction requirements [53]. Out of
seven station construction timelines studied in NREL’s National Fuel Cell Technology
Evaluation Center (NFCTEC) in 2015, the permitting process for one station lasted 90 days,
while for another it lasted 255 days. These long delays to a station’s construction timeline can
result in increased costs and risk. Decreasing the time for a station to go from design to retail
fueling is being addressed through a number of activities such as the California Governor’s
Office of Business and Economic Development permit assistance, Hydrogen Station Permitting
Guidebook [54], a collection of safety, codes, and standards guides [55], [56], [57], and the
Hydrogen Station Equipment Performance Device [58]. In general, these efforts are working to
disseminate information to builders and investors about hydrogen station construction, codes,

and best practices.

1.1.4 Hydrogen Station Capital Costs

Hydrogen station capital costs are a challenge to the commercialization of hydrogen
infrastructure. The primary source of data for understanding hydrogen station costs is the data
collected for documentation of the California Energy Commission’s (CEC’s) cost sharing of
station installation costs [59]. All CEC-funded stations (46 as of the end of 2015) record and
publish their budgeted costs and actual costs (for stations that are either in operation or in
development). Cost data collected from the CEC awards provide the low-volume basis for the
economic evaluation of current stations (i.e., stations with capacity to dispense hundreds of
kilograms per day instead of thousands of kilograms per day). At present, the lowest station cost

is $0.91 million and the highest station cost is $4.6 million. The average station cost (from 46
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stations) is $2.2 million, and the average breakdown of this cost is 5% for general/administration,
4% for data reporting (quarterly reporting on performance, operation, and maintenance to CEC
and NFCTEC), 7% for commissioning, and 84% for the station itself, which includes equipment,
engineering, fabrication, procurement, site preparation, construction, and installation. Another
review of station installed costs, compares conventional station configurations with modular
configurations [60], showing the authors expect to see more modular configurations in the future
to reduce cost and station footprint.

As shown in Figure 6, the stations that have a common design and capacity have similar
costs. The lowest-cost stations rely on delivered compressed gas with a minimum cost just under
$1 million. The highest-cost stations have either relatively high daily capacity (e.g., 350 kg per
day and station costs greater than $2.5 million) or on-site production (e.g., 100 kg per day and
station costs greater than $3 million). The low-cost delivered gas stations and higher capacity
liquid stations have capital costs of around $5,000 per daily capacity kilogram. This is a
significant decrease from station capital costs in 2009, which exceeded $20,000 per daily

capacity kilogram [61].
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Figure 6. Station capital cost by daily capacity for CEC-funded stations

1.2.  Conclusion

The development cycle of hydrogen station technologies has progressed to the point
where there exist more than 30 retail hydrogen stations in the California. It is now possible, in
limited geographic regions like Southern California, to simply drive up to a local hydrogen
station, pay, get fuel, and drive away. In the context of system engineering life cycle stages,
nearly all of the hydrogen station systems are in the post-development stage. This post
development stage for hydrogen stations includes constructing, deploying, operating, and
maintaining phases. Table 2 provides a brief look back on hydrogen station development stages

and looks at what the next stages will likely include.
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Table 2. Systems engineering stages of U.S. based hydrogen infrastructure

Current and future hydrogen station

Phase Past hydrogen station development development
<2006 2018 (current timing) - ~2020
e Need for hydrogen infrastructure driven e Next iteration of need for hydrogen
by emissions reductions, domestic stations grows in demand, location,
Concept sourcing, and a vision of renewable variety, renewable requirements, and
Development generation future transit solutions
e  Station concepts include hydrogen e New concepts in development
production/delivery, compression,
storage, and dispensing
2006 — 2015 ~2020 - ~2025
e Hydrogen stations designed, built, and e  Advanced system and component

deployed through a DOE Learning design

Demonstration project e  System boundary may increase to

e  Station evaluation on-going for include hydrogen sourcing, integration
Engineering performance, safety, and maintenance, with other sectors (e.g., grid), station-
Development e . . .
providing input to the next iteration of to-X communications, autonomous
hydrogen station development in the operations
concept stage e Multiple applications (e.g., cars, trucks,
e Primarily for light duty vehicles, some buses, and forklifts)
buses
2015 — 2017 (current timing) ~2030
e Retail hydrogen sale starting around 2015 | ©  Construction and deployment of
Post e Operation focused on availability and hydrogen stations and hydrogen
Development cost, providing input to the next iteration dispensing at least an order of

of hydrogen station development in the magnitude more than current levels

concept stage

Based on these high-level observations, there exists a gap in the understanding of
transportation hydrogen infrastructure and what is needed for a commercial market. We know
that this infrastructure is small compared to those of other fuels, yet it is growing in both amount

and the number of hydrogen fueling stations. However, based on this data, we do not know how
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these stations meet consumer expectations and requirements for expectations such as availability,
reliability and cost.

Hydrogen station reliability directly impacts station availability and is one area where
more research and information are needed to understand the topic. Reliability is important to our
understanding of infrastructure because reliability influences consumer acceptance, costs, safety,
and commercial success. Understanding station reliability requires data analysis on failures,
maintenance, and demand for hydrogen fueling. Analysis of the performance of current hydrogen
stations will identify existing reliability challenges and will set the research agenda for
improving the economics and performance of hydrogen stations as the infrastructure and demand

for hydrogen grows in the future.
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CHAPTER 2 - RESEARCH QUESTIONS AND METHODS

2. Research Questions

Because hydrogen infrastructure for transportation has only recently advanced from the
engineering development stage to an early commercialization phase, there is little published
research literature on hydrogen station operation strategies and reliability, with the bulk of
hydrogen station research literature focused on deployment strategies and long-term market
scenario analyses. Based on this and technical research challenges outlined in Chapter 1, a
primary research question can be posed:

Primary Research Question: Can a data-rich model of a hydrogen station system
support the integration of predictive reliability engineering to address key technical challenges
of availability and cost?

The primary research question is broken down into three research questions of smaller
scope and the work required to answer each research question is broken down into tasks. Each
task provides outputs which contribute to answering the primary research question and to

accomplishing subsequent tasks.

2.1.  Research Question 1 — What is the measured operational performance of current,
consumer-oriented, retail hydrogen stations?
Previous research questions about hydrogen infrastructure sought to answer whether the
technology would work under normative conditions, whether it was possible to do more than
limited demonstration-type operation, and where and when stations should be deployed. Those

questions have been answered through analysis and real-world evaluations primarily from the
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DOE’s technology validation program [62]. For this research, we can use current hydrogen
station data to answer additional questions based on retail (instead of demonstration) operation.
For example, 1) what are the gaps between actual performance with what was projected, 2) what
are the gaps between actual performance and the station performance that would be required to
meet future demand, 3) what is the current system readiness level, and 4) how can past data on
performance successes and failures inform future designs and operational strategies. These
questions are important to inform industry-specific stakeholders, measure progress, and educate
a general audience about why hydrogen infrastructure technologies are relevant contributors to a
sustainable mobility solution.

The first task for this research question is to complete an objective baseline assessment of
FCEV and hydrogen infrastructure status and progress. This analysis relies on data from NREL’s
NFCTEC, where real-world data from both FCEV's and hydrogen infrastructure are stored,
processed, and analyzed. These data include confidential and commercially sensitive data, which
must be considered to enable an accurate technology evaluation. The second task is a gap
analysis to understand the status of current hydrogen stations against their performance
requirements. The gap analysis will look at near-term and long-term hydrogen station
requirements such as cost and demand.
2.2.  Research Question 2 — What are the sources of potential for station controls and

operations optimization to improve the economics and effectiveness of hydrogen stations?

Real-world data on the operation and demand experienced by hydrogen stations has
increased over the last decade and is at a point where data on real behaviors can drive optimized,
data-based operation and maintenance (O&M) decisions. Time-varying demand for hydrogen

impacts station availability and operation costs because demand can be variable and difficult to
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predict. This research question asserts that a station operation strategy that allows for the
prediction of fueling demand can 1) schedule high cost operation (e.g., compression) at specific
times to lower operating costs and not negatively impact customers, 2) participate in alternative
revenue generating conditions (e.g., grid services), 3) optimize station component sizing, and 4)
schedule downtime when there is the lowest risk of lost revenue and dissatisfied customers. The
expected net effect of these improvements to hydrogen station operation will be an improvement
in station economics (as measured by $/kg) and effectiveness (as measured by availability and
reliability) that can be quantified explicitly.

The first task for this research question is to construct a dataset of driving and fueling
behaviors from both FCEVs and hydrogen stations. These data will be mined for driving day,
time, and distance as well as fueling day, time, and amount, to serve as the learning dataset for a
near-term fueling demand scenario. Future demand scenarios will be constructed based on
available data and forecasts. The second task is to build and verify a predictive fueling demand
model from the fueling behavior database. The task requires the model to be flexible and capable
of modeling under many different input variables. Scenarios will seek to model the number of
FCEVs, other fuel cell vehicle types, and number of hydrogen stations deployed. Real-world
station data provides the learning dataset for the model.

2.3.  Research Question 3 — What strategies for active hydrogen station health monitoring
are actionable and effective at improving hydrogen station reliability?

Hydrogen station availability and reliability is a leading concern because of its direct
impact on FCEV drivers’ satisfaction. Low station reliability results in dissatisfied customers,
high costs, and unnecessary system complexity (e.g., redundancy, spare parts, and technician

support), ultimately creating a station availability problem that can decrease consumer
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confidence. At present, the reliability of hydrogen stations is expected to not be high enough to
meet the requirements of FCEV drivers. In 2018, the industry median “mean number of fills
between failures” is less than 500, which results in frequent unscheduled maintenance activities.
Another way to describe is this is in terms of technology readiness level [63], where the
hydrogen system must be at a level of 9, a proven system, reliable in real-world operation.

There are many possible reasons for hydrogen stations’ low reliability. One reason is
from one-off failures that simply need a solution identified and implanted so those failures aren’t
seen again. Another reason is that hydrogen is a challenging fuel to manage in a consumer-
oriented station system. Hydrogen’s embrittlement properties and thermal/pressure operating
conditions require complex systems to ensure user safety. Another reason is that the field of
hydrogen station operation is early in a deployment/development cycle, and not enough of the
reliability engineering best practices have been integrated into station O&M. The hypothesis
associated with this research question is that the application of advanced reliability engineering
methods like prognostic health management (PHM) for hydrogen station O&M will minimize
unscheduled failures, thus increasing station availability.

The first task for this research question is the development of new metrics, datasets, and
diagnostics to improve the reliability of hydrogen stations in practice. To date, hydrogen station
evaluation projects have analyzed past events to study and report on station maintenance and
reliability. This task will add to the existing research, with a framework that can be implemented
and validated at hydrogen stations. The second task is to estimate the remaining useful life
(RUL) for key subsystem and components. In addition, this task will estimate the benefits
expected, specifically that the station O&M costs will decrease because 1) preventative

maintenance will be informed by both best practices and current health estimates, 2) preventative
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maintenance will be scheduled to minimize impact hydrogen sale revenues, and 3) predictive

fueling demand will enable controlled operation for additional revenue options like grid services.
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CHAPTER 3 - REVIEW OF HYDROGEN STATION OPERATION, MAINTENANCE, AND
DEMAND

3. Introduction to Hydrogen Station Performance

Quantifying the operational performance of current, consumer-oriented, retail hydrogen
stations is the aim of the first research question. In order to answer this research question, an
objective baseline assessment of fuel cell vehicle and hydrogen infrastructure was completed to
provide the foundation of status and a benchmark for measuring gaps and progress. A gap
analysis was also performed to understand the status against specific technical and economic
criteria for successful hydrogen station operation. The gap analysis informs critical research
needs that are necessary for the projected deployment of fuel cell vehicles and successful
hydrogen station market.

This chapter reviews the engineering and practice of modern hydrogen infrastructure
including the costs, benefits, operations (including safety, reliability, availability), and challenges
to the scale-up of hydrogen infrastructure. The results of this review identify hydrogen station
reliability as a key driver of hydrogen system operating expense. This chapter places hydrogen
station reliability and its pathway forward within the context of the larger reliability engineering
field.

3.1.  Current Hydrogen Station Performance Status

The broad set of options for different hydrogen station designs, sources, and costs have
largely converged to realize the retail hydrogen stations being installed today. At present, the
state-of-the-art retail hydrogen station uses is functional and capable of meeting the relatively

low demand of the current FCEV fleet. Numerous successful station demonstrations and their
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associated data sets have shown that disruptive advancements in the basic technology of
hydrogen infrastructure are not needed for successful near-term hydrogen-fueled transportation,
but that the operation of hydrogen stations must be improved to be able to move toward mass
market hydrogen-fueled vehicles.

Because much of the hydrogen infrastructure that has been developed in the U.S. has
been subsidized with public funding and is therefore subject to extensive data reporting [64],
there is a relatively rich data set available for understanding the construction, operation, and
economics of hydrogen fueling systems. Universities and national laboratories have published
the operational characteristics of their single on-campus hydrogen stations [65], [66], [67]. Other
relevant data sets document operating costs, operational uptime, and more [68], [69], [70]. The
most extensive data set available to date that includes multiple stations and operators is at
NREL’s NFCTEC. The NFCTEC project collects hydrogen infrastructure operation,
maintenance, and safety data for fuel cell systems and infrastructure [34], [71] from more than
10 project partners to a centralized site. The set of NFCTEC-reporting stations are the primary

source of data for the operations-centric portion of this review.

3.1.1 FCEV Demand

With many thousands of FCEVs on the road, primarily in California in the hands of early
technology adopters, the expectations of hydrogen infrastructure and the demand for hydrogen
fueling can vary significantly as a function of time, and geography. New generations of FCEV
technology have improved the vehicle’s range while emphasizing the performance benefits. A
decade long study of FCEV driving, fuel cell performance and durability, and vehicle range and

fuel economy documented the significant progress in the technology (
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Table 3). A recent FCEV evaluation included 42 vehicles with more than 2.3 million
miles traveled and more than 72,000 fuel cell operation hours.

Table 3 summarizes the primary DOE targets and analysis results for four evaluation
phases. The FCEV-specific data in Table 3 provides an insight into how the drivers fill their

vehicles and their driving behavior between fills.
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Table 3. Current Status against DOE 2020 Targets

DOE
Vehicle Performance Target
LD3® LD2+¢ LD2¢ LD1¢
Metrics (Year
2020)2
Durability
Max fuel cell durability
o 5,000 4,130 - 2,521 1,807
projection (hours)
Average fuel cell durability
o 2,442 1,748 1,062 821
projection (hours)
Max fuel cell operation (hours) 5,648 1,582 1,261 2,375
Efficiency
Adjusted dyno range (miles)
) ) 200-320 -- 196-254 103-190
(window sticker)
Median on-road distance
) ) 122 miles 98 81 56
between fuelings (miles)
Fuel economy (mi/kg) )
i i 52 (median)  -- 43-58 42-57
(window sticker)
o 57% 53%—-59%
Fuel cell efficiency at ¥4 power 60% -- 51%—-58%
(average) (max)
Fuel cell efficiency at full 43%
-- 42%—-53% 30%—54%
power (average)
Specs
Specific power (W/kg) 650 240-563 -- 306—406 183-323
Power density (W/L) 850 278-619 -- 300—400 300—400
Storage
System gravimetric capacity
5.5% 2.5%—3.7% -- -- 2.5%-4.4%
(kg H2/kg system)
System volumetric capacity 0.017-
0.04 0.018-0.054 - --
(kg H2/L system) 0.025

@ Fuel Cell Technologies Office Multi-Year Research, Development, and Demonstration Plan [1]

b Current results are available online [3] (updated May 2017) from Learning Demonstration 3 (LD3)
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¢ National Fuel Cell Vehicle Learning Demonstration (LD) Final Report [2] which included two more phases Learning
Demonstration 2 (LD2) and Learning Demonstration 2+ (LD2+) that had different generation vehicles and number of

participating OEMs

3.1.2 Hydrogen Station Dispensing and Utilization

The quantity of hydrogen dispensed has increased significantly as hydrogen stations have
moved from demonstration to retail and as FCEVs have moved from prototypes to commercial
products.! As an example, among the stations in NFCTEC, less than 2,000 kg hydrogen was
dispensed in all of 2009 while nearly 105,000 kg was dispensed from retail stations in 2016, and
more than 913,000 kg was dispensed in 2018. Typical hydrogen stations being installed today are
capable of dispensing 100—400 kg per day with typically one to two dispensers per station.
Assuming typical values of 4 kg per fill and approximately 10 min per fill (includes time to
connect, fuel, and drive away), a current station (capable of 200 kg per day, 90% availability)
could complete fills for approximately 45 FCEVs spanning less than 8 hours of fueling per day.

The fill time is an important metric of station operation to understand the value
proposition of hydrogen infrastructure and FCEVs relative to other technologies. A fill time of
<5 minutes compares favorably with the fueling time of current gasoline technologies, or fast
charge electric vehicle technologies. Hydrogen station dispensing pressure was increased to 70
MPa for light-duty vehicles around 2009 [§8], and fueling protocols [72] for this higher pressure

were developed at that time. From NFCTEC analysis of more than 35,000 fills, the average fill

! All referenced NFCTEC data figures are available on NREL’s website:

https://www.nrel.gov/hydrogen/infrastructure-cdps-all.html
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time for the most modern retail stations is 3.6 min, with an average fill amount of 2.9 kg. For just
the 70 MPa fills, the average fill rate is 0.84 kg/min and the average fill amount is 3.1 kg per fill.
Daily hydrogen station utilization is defined as the ratio of daily hydrogen dispensed to
the daily station nameplate capacity (which includes estimates of throughput and maintenance).
Actual daily usage may exceed a station’s nameplate capacity, as that capacity is not necessarily
a physical limit and is not defined uniformly across all stations. High hydrogen station utilization
is an important indicator of the economic viability of the hydrogen stations, and lower utilization
indicates the capacity to serve more vehicles. Early hydrogen stations were deployed so as to
achieve geospatial coverage of a region, as opposed to high utilization [52]. There has been a
large variation in fills from quarter to quarter and station to station, as well as times with low
utilization, which indicates a capacity for more fills. The average daily utilization of the average
individual hydrogen station is currently ~35%, which is lower than what would be required for to
maximize the economic return on investment. Hydrogen station utilization is expected to
increase as more FCEVs are deployed. Overall the utilization trend is increasing and some
stations have seen a large increase in utilization rate (which is proportional to dispensing rate, see

Figure 7), averaging 50—100 kg/day or 10-30 fills/day.
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Figure 7. Hydrogen dispensed by month and by station for NFCTEC stations

3.1.3 Hydrogen Station Operation Costs

To maximize revenue from hydrogen sales, the capital costs along with O&M costs must
be minimized. At present, current prices (Figure 8) at the pump for 70 MPa hydrogen are
between $10/gge (gasoline gallon equivalent, where the energy of one kilogram of hydrogen is
approximately equivalent to the energy of one gallon of gasoline) and $16/gge [73], [74]. This is
significantly higher than the price that is required for cost competitiveness with conventional

fuels ($3/gge to $5/gge).
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Figure 8. Hydrogen price over 2016 and 2017

Numerous studies have concluded that cost competitive hydrogen is possible today using
low-cost production methods and high station utilization [75], [76], [77], [78], [79], [80], [81].
These studies indicate that the primary driver for low-cost hydrogen is the economies of scale
that are available to achieve lower capital costs with large stations operating at a high hydrogen
dispensing rate. At an average throughput of 750—1,000 kg of hydrogen per day, the costs of
delivered hydrogen can be cost competitive because the capital cost of the hydrogen
infrastructure can be reduced per kilogram of hydrogen delivered. This rate is much higher than
the dispensing rate (<400 kg/day capability and <100 kg/day in practice [34]) of current stations.
Uncertain demand can also present hydrogen stations with cost challenges. An example of this
can be found in a study of hydrogen station deployment in New Jersey, which does not have a

strong demand already in place [82]. The researchers studied the hydrogen station supply chain
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based on size, location, and demand scenarios, including the process from hydrogen production
to dispensing. The results provided recommended type, size, and location for stations (e.g., steam
methane reformed hydrogen supporting three stations in the first 5—10 years) to minimize the

economic risk due to uncertainty in hydrogen demand.

3.1.4 Hydrogen Station Safety

Safe operation is essential for successful deployment and operation of hydrogen stations.
A guiding safety code is the National Fire Protection Association (NFPA) 2 Hydrogen
Technologies Code. The NFPA 2 code “provides fundamental safeguards for the generation,
installation, storage, piping, use, and handling of hydrogen in compressed gas form or cryogenic
liquid form” [83]. A quantitative risk assessment informs hydrogen station permitting and can be
useful for evaluating compliance with code requirements [84]. Traditional fault and events trees
[85] and Bayesian Networks have been studied for hydrogen station risk modeling. Risk analysis
and hazard identification are critical steps to inform the codes and safety requirements in a
reliable and cost-effective manner for many different hydrogen station scenarios. For example, a
hazard analysis for a hybrid gasoline-hydrogen fueling station in Japan identified 314 scenarios
(e.g., leaks and collisions) that should be mitigated for this particular system with its unique
considerations [86].

During station operation, the safety is monitored through tracking alarm data sets and
safety-related records in the station maintenance logs. These safety reports, per the NFCTEC
data (Table 4), are classified by a severity category: minor hydrogen leak, near-miss, or incident.
A “near-miss” is an event that could have become an incident and an “incident” is an event that
results in injury, damage, or impact to the public or environment. To date, the hydrogen station

safety record is excellent. As might be expected, minor hydrogen leaks correlate with the
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commissioning of new stations; no single subsystem dominates these incidents; and the hydrogen

leaks are generally minor, without accumulation.

Table 4. Summary of safety reports and station count by year

Safety Reports 2012 2013 2014 2015 2016 2017
Station Count 3 4 5 11 30 36
Incidents 0 0 0 0

Near Miss 1 1 1 1 3 6
Minor Hydrogen Leak 16 7 16 4 19 7

3.1.5 Hydrogen Station Reliability

Hydrogen station availability and reliability is a leading concern raised from the
perspective of the FCEV manufacturers because of its direct impact on the FCEV customer
experience. Low station reliability results in high maintenance costs, lowered revenues, system
complexity, low availability, and dissatisfied customers. NFCTEC publishes the only regular
studies of the reliability of retail hydrogen stations based on maintenance data supplied from
station operators. These data include date, system, type, labor time, cost, and description. The
NFCTEC analysis is separated into maintenance analysis and reliability analysis. The
maintenance results focus on the categorization of maintenance events, and aggregated
maintenance statistics, such as percentage of maintenance events that were unscheduled. The
reliability analyses focus on characterizing those maintenance events against time, such as mean
fills between failures (MFBF). The four most common equipment categories for maintenance
events are compressors, dispensers, entire system, and chiller systems. These subsystems and
their interfaces may be particularly amenable to reliability improvement strategies.

The hydrogen stations reliability data are also categorized into scheduled issues, and
unscheduled issues. Maintenance data is collected from operational stations via maintenance logs

and submitted to NFCTEC, which is used to analyze station reliability. NFCTEC maintenance
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data for retail hydrogen stations includes more than 5,600 maintenance events, and more than
14,700 hours of labor, with 69% of those events being unscheduled maintenance. The leading
equipment categories for maintenance are dispenser and compressor. For an analysis of the
MFBF, the station is separated into sub-systems. The sub-systems are the:

e Air management

e Thermal management

e Flectrical

e Safety

e (Gas management panel (used for mechanical control)

e Storage

e Chiller

e Dispenser

e Compressor

There are three other categories (entire, station other, and summary) which are specified

by the data providers for events that are not easily categorized by either the sub-system.
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Limiting the analysis to only the latest retail stations so as to remove aging stations, there
are five different subsystems that have an MFBF of approximately 500 fills or less. These
categories include compressors and dispensers, the two leading maintenance equipment
categories. In 2017, the dispenser category had an MFBF of less than 250, which leads to high
levels of unscheduled maintenance activities (Figure 9). It appears that the reliability of hydrogen
stations is not high enough to meet the requirements of FCEV customers since a station MFBF
will not be better than the poorest subsystem MFBF and many subsystems have a MFBF of less
than 500.

3.2.  Addressing Station Operation Challenges with Reliability Improvements

This review of publicly available data has identified a set of near-term challenges,

specifically reliability, throughput, and O&M cost. Low reliability presents a barrier to

economically viable hydrogen infrastructure because it not only increases the maintenance cost
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contribution to the pump price but also decreases availability and the amount of hydrogen
dispensed. By addressing reliability issues, the industry should enable improvements to

throughput and lower maintenance costs, and thereby to the cost to dispense retail hydrogen.

3.2.1 Reliability as a Primary Research and Development Challenge

The station O&M data show that reliability and throughput are significant contributors to
the price of hydrogen per kilogram, which is currently about 4 times the gasoline price. O&M
cost contributions represents periodic costs (e.g., initial failures, end-of-life failures, and learning
failures) as well as costs due to a persistent reliability issue. On average, stations have less than
500 fills between failures for critical subsystems like compressors, dispensers, safety, and
chillers, and more than 50% of all recorded maintenance hours are for unscheduled events.
Although station monthly availability values may be greater than 90%, the unsteady nature of
station demand means that the station may be unavailable (due to unscheduled maintenance)
during periods of high demand and high potential revenue.

Figure 10 illustrates a possible cost reduction pathway based on improving reliability.
Benefits of improving reliability are:

e Decreased cost to maintain the station,

e Increased revenues due to increasing the time that the station is available because of

proactive instead of unscheduled maintenance practices

e Mitigated failures improve next-generation component and subsystem technologies.
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Figure 10. Conceptual cost reduction pathway due to reliability improvements and technological

innovations

3.2.2 Reliability Engineering for Hydrogen Stations

Generally speaking, availability and reliability are closely related. For example, if a
station is unable to complete a successful fill when requested, unscheduled maintenance will
likely be triggered resulting in station downtime and lower availability. This section presents a
high-level definition of availability and reliability in the context of hydrogen stations.

Hydrogen station availability is defined as the fraction of the time over which the station
is able to fuel a vehicle when requested. The station operational availability (Equation 1) is

defined as

Uptime

(1)

o~ Operation Period

The operation period is daily hours and weekdays that the retail station is open for fueling
and station uptime is the collection of time the station is online [87]. The operation period for a
station excludes preventative maintenance time. For example, a station that is capable of 24/7
operations, and had 14 hours of downtime to repair an unscheduled compressor failure in May,

has an availability of 98% in that month. Even with a relatively high monthly availability of
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98%, the costs associated with 98% unavailability may be high, as the unavailable times may
occur during a high use time of the month. Connecting station availability with station operation
strategies becomes important, because there will be periods of time when the economic impact of
an unavailable station is higher than other times.

One measure of reliability is if the station can complete a full fill that is requested. The

station reliability (Equation 2) is defined as

Unsuccessful Fills (2)
Attempted Fills

R=1

For example, a station with 5 unsuccessful fills over a period when 100 fills where
attempted has a reliability of 95%. An unsuccessful fill is defined as any attempted fill that did
not end with over 95% of the storage capacity.

Reliability is a focus for the remainder of the research because there is an opportunity to
apply best reliability engineering practices to improve station reliability, which in turn should
improve both station operation cost and availability.

The reliability engineering literature describes a number of ways to improve the
reliability and ultimately the availability of complicated systems, many of which have not been
applied to hydrogen system infrastructure. One way to systematically improve the system is to
improve the reliability of the subsystem or component with the poorest reliability. This method
involves developing a reliability engineering project or program for individual component(s) or
subsystem(s). The U.S. Army Material Systems Analysis Activity published an AMSAA
Reliability Growth Guide [88] that summarized the benefits of reliability growth management to
be finding unforeseen deficiencies, designing improvements, reducing risk, and increasing the

probability of meeting objectives. These methods, aimed at improving reliability and decreasing

unforeseen failures, have been developed and are applied in many different industries and
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include considerations for cost [89]. Rotating equipment is a common application for reliability
engineering [90], [91], and the wind industry is applying diagnostics and prognostics to improve
wind farm reliability [92], [93]. Application of these methods with retail hydrogen stations is
new and there are little to no published results on using advanced reliability engineering tools to
improve hydrogen station availability.

In addition to reliability improvement programs, conducting system-level active
monitoring and diagnostics to determine station health, as well as prognostics may have the
potential to improve hydrogen infrastructure reliability. This assertion is based on best practices
from other industries that have made reliability improvements from implementation of
prognostics and health management (PHM) [94], as well as the application to new technologies
like unmanned aerial vehicles [95]. PHM allows for the dynamic processing of information to
predict failures before the failures happen, which can be used to drive optimal O&M strategies.
The potential to actively integrate maintenance operations into times of the day or times of the
week that experience low-demand for fueling services could improve the cost and availability of
hydrogen infrastructure.

3.3.  Conclusions

Hydrogen infrastructure for fueling light-duty passenger vehicles has moved beyond an
idea to a reality and is operating in a conventional retail manner, with simple access and sale.
Hydrogen stations are operating in a 24-hour, 7 day a week retail environment, satisfying the
basic consumer needs of dispensing hydrogen quickly and safely. Through analysis of the current
station performance of hydrogen stations in California, this chapter has demonstrated that FCEV
drivers can fill with much of the same ease and convenience of a gasoline vehicle, although there

exists some market limitations such as higher fueling costs, low numbers of hydrogen stations in
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California, and problems with station availability and reliability. As an example of the infant
market stage there are approximately 6,000 FCEVs in California, which has millions of gasoline
vehicles. California has 35 hydrogen stations and over 8,000 gasoline stations. Hydrogen
dispensed prices range from $12-$16/kg, which exceeds the typical gasoline price of $3-
$5/gallon. A hydrogen station dispenses approximately 100 kg per day on average, which is
significantly smaller than the daily average gasoline dispensed amounts of around 4,200 gallons.

FCEV customers rely on the hydrogen infrastructure now to meet their transportation
needs, and they require hydrogen stations with low cost, high reliability, and high availability.
Only by meeting these metrics of customer satisfaction and commercial viability will hydrogen
infrastructure be able to grow to meet the economic and sustainability goals of hydrogen-fueled
transportation.

Various stakeholders have been studying retail hydrogen station development, renewable
hydrogen production, and innovative hydrogen station components and operation strategies
through both analysis and hardware experiments to enable commercial viability for hydrogen-
fueled transportation. Industry (e.g., industrial gas suppliers, oil and gas companies, and small
station operation businesses), agencies like the CEC and California Air Resources Board, and
research organizations have supported hydrogen station advances as evident in the rapidly
increasing station utilization and demand in the 2 years. This has revealed other technical
challenges like include how to accommodate increasing demand while decreasing costs and
improving station availability and reliability.

Based on this analysis, the hydrogen station system has not yet achieved preferred
operation capability in all key areas, especially cost and reliability where maintenance costs

along exceed the price per kilogram dispensed hydrogen. Overall four gaps (capital costs,

37



reliability, multi-use (e.g., truck fills), and cost-effective renewable hydrogen) were observed as
challenges for economically viable hydrogen stations. Reliability is a specific technical gap that
is largely unaddressed by the active hydrogen research community and is identified in this
analysis as an area where improvements can realize significant economic and consumer
acceptability benefits.

A systems engineering approach to improve hydrogen station reliability points some of
the tools of reliability engineering that could be applied to hydrogen stations for economic
benefits and improved reliability. For instance, the application of PHM, is used by many
industries because of its proven ability to improve operation strategies, reliability, and costs.
While there is an abundance of published literature on PHM, there is little to no research and
published results on hydrogen stations implementing PHM. Based on the PHM literature and
realizing that this is may be an ideal application to hydrogen stations, the application of PHM to
hydrogen stations should improve (i.e., decrease) the operating and maintenance costs by
predicting the health of the system and its components so that costly (parts, labor, and lost
fueling revenue) unscheduled failures will be minimized.

This review indicates that a comprehensive PHM could be a key component of improving
the commercial potential of hydrogen fueling stations, especially when demand is factored into
the O&M strategies. Improved hydrogen station O&M is expected through a continuous, real-
time assessment of subsystems and components so that maintenance can be planned for optimal
times and to identify the highest priority components that need dedicated reliability
improvements based on frequency, severity, and cost for repair/replacement. More detail is

needed on the status of hydrogen station to develop and integrate a PHM with hydrogen station
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operation. Therefore the next chapter of this work studies hydrogen station reliability and

proposed methods to evaluate the benefit for station O&M.
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CHAPTER 4 - RETAIL HYDROGEN STATION RELIABILITY STATUS AND ADVANCES

4. Introduction to Hydrogen Station Reliability

Hydrogen station component reliability varies station-to-station and subsystem-to-
subsystem, as observed in Chapter 3. All hydrogen stations generally have the same basic
functions of storage, compression, and dispensing managed with system controls and safety.
However, the details of the hardware and software to achieve those functions can vary
significantly between stations, which can account for some variation in reliability. For example,
the hydrogen source may be delivered gas, delivered liquid, pipeline, on-site generation via
electrolysis, or on-site generation via reformation. Additional station design and operation
variety includes component selection and sizing, station capacity, fueling positions, and fill
method. These station configuration differences, along with different station operators and
station ages, present a challenge in interpreting and utilizing the maintenance data as has been
published to date. This study seeks to further characterize the relevant reliability information that
can be gathered from an analysis of real-world station O&M data, leveraging the basic functions
and protocols that are shared for all stations.

This study uses extensive datasets of the operation, safety, and maintenance of both
hydrogen stations and fuel cell electric vehicles. The reliability analysis, described in this
chapter, quantifies the current state and the challenge of hydrogen station reliability. In 2018, the
industry median “mean number of fills between failures” (MFBF) was less than 500, with
correspondingly high levels of unscheduled maintenance activities. By connecting the records of

these failures with those of over 5,000 maintenance events, this work presents the categories and
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maintenance reasonings that are the prerequisites to a deeper understanding of system failures
and industry-wide data-driven reliability improvement plans.
4.1.  The System of a Hydrogen Station

Hydrogen can be a key enabler for U.S. energy goals such as affordability, reliability,
sustainability, and security as described in the U.S. Department of Energy’s (DOE) Hydrogen at
Scale (H2@Scale) research [1]. Embedded in the H2@Scale system of systems concept is the
infrastructure to enable robust connections between the generation and consumption of
hydrogen. Hydrogen infrastructure is presently used to support many applications such as fuel
cell transportation (like forklifts, cars, buses, and trucks), stationary power (e.g., baseload
distributed heat and power, peak shaving, and backup power), and industrial processes (e.g.,
ammonia, petroleum refining, and paper processing). To meet these needs, the United States
produces approximately 10 million metric tons of hydrogen a year [17]. For the purpose of this
dissertation, the focus is on a key and growing subset of the H2(@Scale vision hydrogen stations
for light-duty passenger fuel cell electric vehicles (FCEVs).

An FCEV has many of the same consumer-preference attributes (fast fueling time, range,
mass, and size) as today’s conventionally fueled vehicles. The infrastructure necessary to supply
hydrogen to the FCEV provides production and delivery to the station (or production at the
station), storage, compression, and dispensing. These systems are collectively referred to as a
hydrogen station for the purposes of this paper. Hydrogen stations must have many of the same
consumer-preference attributes as conventional (gasoline) fueling stations (e.g., location, 24/7
operation, and accessibility). Technically, the goal of a station is to safely transfer hydrogen fuel
into a vehicle’s storage system while meeting time, pressure, and temperature requirements.

These activities must be performed with high reliability, while minimizing maintenance costs.
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The numbers of hydrogen stations are growing as their importance in supporting public
FCEV fleets increases. There are currently 35 retail hydrogen stations operational in California,
the region with the highest U.S. deployment of hydrogen stations and FCEVs [47]. More than
6,000 FCEVs, which have been bought or leased through automobile dealers, are on US roads.
Hyundai, Toyota, and Honda all offer FCEVs for purchase and/or lease [22]. In their early
demonstration stages (prior to 2015) most hydrogen stations were private stations, not for retail,
and had restrictions on users, training, and hours of operation. There were fewer than 10 U.S.
retail hydrogen stations prior to 2016 [34], and in less than 2 years the number of retail hydrogen
stations has climbed to 39%. The majority of stations have hydrogen delivered to the station, and
fewer than 5 have on-site hydrogen production. In California alone, the number of hydrogen
stations is expected to exceed 60 within 2 years [96]. The California Fuel Cell Partnership
released a vision for 1,000 hydrogen stations supporting 1,000,000 FCEVs in California by 2030
[97]. This vision addresses near-term deployment strategies that are focused on coverage and
high-density urban areas, then moving towards a self-sustained market for hydrogen stations and
FCEVs. In a report reviewing deployment options for the Northeast US [98], 50 hydrogen
stations are projected to be operational in the region by 2022. Another future deployment study
considered two scenarios for hydrogen station deployment [99]. One scenario with only limited
FCEV adoption in populated urban areas and the second scenario with widespread FCEV

adoption across the U.S. The urban area analysis, used to understand requirements and not to

2 Refer to the Alternative Fuels Data Center (afdc.energy.org) for the latest station count (and planned stations) as

the number of stations changes frequently
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project FCEV deployment, suggests a need for 105 stations in 2020 and over 700 stations in
2030 dispensing approximately 300 kg/day and 550 kg/day respectively.

In order to safely dispense hydrogen to a FCEV, a hydrogen station typically has those
major subsystems identified in Figure 11 [100]. The hydrogen source identifies where the
hydrogen comes from for the station. For example, delivered hydrogen (either gas or liquid) is
produced away from the station and brought to the station via truck or pipeline. The source,
along with how the hydrogen will be dispensed and estimated capacity, determines the size and
type of station storage. Dispensed hydrogen gas is compressed by the compression subsystem to
either 35 MPa or 70 MPa, depending on the vehicle type. Hydrogen station dispensing pressure
was increased to 70 MPa from 35 MPa for light-duty vehicles around 2009 [8], and fueling
protocols [72] for this higher pressure were developed at that time. The 70 MPa fueling protocol
require a hydrogen dispensing temperature of -40°C to enable safe and fast fueling without
overheat the on-board vehicle storage tank(s). The chiller subsystem performs fuel cooling
immediately before dispensing to the vehicle. The user interface, and station-to-vehicle interface
are typically contained within the dispenser subsystem. An overall management subsystem and

safety subsystem interface with all aspects of the station equipment and control.
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Figure 11. Generic hydrogen station block diagram (color code corresponds to subsystems in

Figure 12)

With over 6,000 FCEVs on the road, the demand for hydrogen is high enough that some
current stations have a high utilization percentage (>80%) [101]. Projections [96], [48], [102],
[68], [103] indicate that the number of FCEVs is expected to continue to increase, with more and
bigger hydrogen stations needed to fuel the FCEVs as well as trucks and buses [104], [105]. One

anecdotal concern for FCEV drivers, as detailed in a consumer survey [106], is hydrogen station
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availability, which is directly connected with station reliability. In order to more completely
characterize reliability, this chapter describes an analysis of hydrogen station maintenance data,
and a reliability growth analysis using field data from hydrogen stations and an understanding of
the hydrogen fueling market.

This chapter is organized as follows. The overview of the data and reliability analysis
methods is covered in Section 2. The reliability of current hydrogen stations is provided in
Section 3. Section 4 reviews on-going research into the failures of hydrogen dispenser
components that can improve hydrogen station reliability with conclusions covered in Section 5.
This work is novel in that it uses a consistent reliability analysis method to provide a status of
hydrogen station reliability as a benchmark to track progress and needed improvements. This
research originates from a unique dataset of multiple hydrogen stations operating under real-
world conditions. This work also connects the current reliability status, where dispensers are the
leading subsystem requiring maintenance, with dispenser component failure research that is
expected to improve station reliability.

4.2. Hydrogen Station Datasets and Analysis Methods

4.2.1 NFCTEC Datasets and Methods

Researchers at NREL’s NFCTEC, supported by DOE’s Fuel Cell Technologies Office,
have studied the operation, maintenance, and safety of hydrogen stations and FCEVs for nearly
15 years [34], [8], [107]. In order to understand the current status and gaps for hydrogen station
reliability, this study mines the NFCTEC datasets that are communicated from the hydrogen
stations and their operators. The NFCTEC collects hydrogen infrastructure data from more than
10 project partners to a centralized site. Project partners report operation, performance,

maintenance, station cost, and safety data for fuel cell system(s) and infrastructure. This data is
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received at least quarterly and is then processed, stored, analyzed, and aggregated. An internal
analysis of all available data is completed quarterly and a set of technical composite data
products (CDPs) is published every 6—12 months.

To inform stakeholders, data-driven results are uploaded to NREL’s technology
validation website [107] and presented at industry-relevant conferences. The CDPs present
aggregated analysis results across multiple systems, sites, and teams in order to protect
proprietary data and summarize the performance of hundreds of fuel cell systems and thousands
of data records. A review cycle is completed with the data partners before the CDPs are
published. This review cycle includes providing detailed data products of individual system- and
site-performance results to the specific data provider. Detailed data products also identify the
individual contribution to the CDPs. Analyses are created for general performance studies as
well as for application- or technology-specific studies. By working closely with the data
providers, the quality and validity of the dataset can be continuously assessed and improved.

The hydrogen station operators report to NFCTEC using data templates (the maintenance
data template is shown in Table 5). All of the NFCTEC maintenance and reliaiblity analyses use
data from the maintenance template, which includes one row entry for each maintenance event.
The date, component, subsystem, action, cause, effect, downtime, category, labor time, and costs
are recorded and reported. For this study, we use both the NFCTEC maintenance log from each
station, and the NFCTEC log of hydrogen filling events data that includes fill date/time and fill
amount. Both of these data sources are available for every station. The data is analyzed and
aggregated to benchmark station performance and maintenance events and to inform research

needs to improve the reliability of hydrogen station subsystems and components.
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Table 5. Sample NFCTEC maintenance data template

Maintenance Template Example Entry
Site Station A
Date of Repair/Replacement 10/5/16
Component Name Dispenser Nozzle
Subsystem Dispenser
Component Nozzle
Action Replace
Cause Material Fatigue
Effect Functionality Lost
Station Unavailable (hours) 8
If'still available, station 0
performance affected (hours)

The NFCTEC maintenance data is then parsed into categories of maintenance data and
reliability data. The maintenance data focus on maintenance categories and aggregated statistics,
such as percentage of maintenance events that were unscheduled. Tracking of hydrogen leaks is
included in the maintenance dataset because it has proven relevant to investigations into
hydrogen leak frequency and quantitative risk assessment tools such as the Hydrogen Risk
Assessment Model [84]. The reliability data focuses on characterizing maintenance and failure
events as a function time, including metrics such as MFBF. The fill event data includes over

183,000 fills from 29 stations with over 4,600 maintenance events from 2015 to 2017.

4.2.2 Reliability Analysis Methods

This study presents a reliability analysis based first on an analysis and categorization of
the types of failure modes and maintenance events that were recorded in the NFCTEC datasets.
Each type of failure and maintenance event is allocated to a subsystem, cause, effect, operation

mode, and more. These analysis results are presented to communicate the types of failures that
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these hydrogen stations encounter, their frequencies and subsystems that are particularly failure
prone.

The second set of results use the Crow-AMSAA reliability growth model [108], [109],
[110] to more quantitatively understand the dynamics of hydrogen station system failure.
Although other methods of analysis were considered (e.g., Weibull [111], [112], [113], [114],
failure modes and effects [115], physics of failure, and fault tree analyses), for a few reasons, the
fundamental Crow-AMSAA model was found to be most effective and applicable for analysis of
the NFCTEC dataset. First, the NFCTEC data can be characterized as dirty data in that it is not
specifically controlled for reliability analysis and it may be incomplete with mixed failure
modes. Second, this analysis considers each hydrogen station to be a repairable/maintainable
system [116], so that the Crow-AMSAA modeling can be used to track reliability growth and
predict failure modes and forecasting of future failures. Finally, the Crow-AMSAA model can
also be used to evaluate the success of a reliability improvement plan by studying the rate of
failures before and after improvements.

The instantaneous failure rate Crow-AMSAA equation is:

p(t) = Apth1 (3)

where p(t) is the rate of occurrence, A is the scale parameter, 8 is the shape parameter,
and t is the aging parameter (often time but it may be fills or dispensed hydrogen amount for
candidate hydrogen station reliability models). A shape parameter that is greater than one
indicates an increasing failure rate and less than one indicates a decreasing failure rate. This
instantaneous failure rate is the first derivative of cumulative events:

n(t) = Atf 4)
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where n(t) is the cumulative failure events. The reciprocal of the instantaneous failure

rate is the mean time between failure (MTBF):

1
MTBF =~ (5)

This type of Crow-AMSAA model is applied to each station, subsystem, and key
component for all available NFCTEC datasets.
4.3.  Current Status of Hydrogen Station Reliability

Results of the categorization of each of the failures and maintenance events in the
NFCTEC dataset is presented in this section. No differentiation among the stations is made for

these results.

4.3.1 Analysis of Hydrogen Station Maintenance Data

Each of the hydrogen station maintenance events are allocated to categories (allocation to
systems, subsystems, etc.), and maintenance types (scheduled or unscheduled). The analyzed
maintenance data through 2017 included 4,663 maintenance events, 69% of which were
unscheduled. Maintenance events for the major station subsystem and component categories
(dispenser, compressor, and chiller) account for 78% of the events (Figure 12). A miscellaneous
category captures 14% of the maintenance events and includes subsystems such as feedwater,
electrolyzer, thermal management, storage, safety, gas management, air, electrical, and other.
The events are categorized based on the station operator-supplied categories and are aggregated
among all the stations providing data.

The results of this categorization are shown in Figure 12. The largest fraction (46%) of
maintenance events (planned and unplanned) and maintenance hours are associated with the
dispenser subsystem. This subsystem includes various components that have relatively high rates

of failure including the flexible hoses, dispensing valves, and user interfaces. On the other hand,
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unclassified station events make up a disproportionate fraction of the maintenance hours, and
therefore maintenance costs. Several failures (~930) were recorded as allocated to the station as a
whole (identified as “Station System”), which are primarily scheduled maintenance events like
preventative maintenance, and upgrades. The “Station System” or “Entire” category is for any
feature or detail that station operators and technicians categorize as encompassing multiple
subsystems such as overall station controls and interfaces. There is also large number of
maintenance hours allocated to this system’s repair in the “Station Other Subsystems” category.
This is representative of maintenance events that may require more time to identify and fix. The
“station other” category represents general station electrical, gas management, storage, on-site
production, and thermal management systems which can be high hour maintenance events. This
breakdown of events and maintenance hours provides a benchmark to inform hydrogen station

stakeholders of the leading maintenance categories.

IDispenser Subsystem
Compressor Subsystem

46%

19% Station System
Chiller Subsystem 14%

Station Other Subsystems

B W
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21% feedwater, electrolyzer,
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storage, safety, gas mgmt
panel, air, electrical

21%

Figure 12. Maintenance events and maintenance hours by equipment type for NFCTEC retail

stations

Expanding on the results of this benchmark, we studied unscheduled maintenance events
associated with particular failure modes, as shown in Figure 13. In the case of the dispenser

subsystem, the failure modes can be categorized as either communication-related, undetermined,

50



miscellaneous, or scheduled. Of the recorded dispenser maintenance events, 18% are scheduled
maintenance and more than 75% are the undetermined/miscellaneous failure mode, indicating
that many of the failure modes are failures, leading to unplanned maintenance. As comparison,
the compressor subsystem has significantly less frequent maintenance events than the dispenser
category does, but it has a higher fraction of undetermined or miscellaneous (i.e. unplanned)

maintenance events.
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Figure 13. Failure modes for four key maintenance categories, percentage of total events does not

sum to 100% because of allocation of events to other (ungraphed) maintenance categories.

As a final means to gain insight into the maintenance of hydrogen stations, we studied
correlations among maintenance cause and effects. For this example, we consider the hydrogen
dispenser subsystem and dispenser nozzle. For each maintenance event, the station operator, or
maintenance technician, completes the data template and the data is categorized, aggregated, and
reported through NFCTEC. The NFCTEC researchers interpret the narrative that is input to the
database to categorize the types of causes and effects, and to allocate them to components and
subsystems. Figure 14, presents the data subset where maintenance was performed on the
dispenser subsystem and the failed component is classified as “entire”, which means that either a
dispenser component was not identified and entered, or the maintenance events were for the

entire dispenser subsystem. As illustrated in Figure 14, the majority of causes were categorized
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as “undetermined”, and the majority of effects were categorized as either “undetermined”,
“hydrogen leaks”, and “alarms”. This example illustrates that when considering maintenance
logs for complicated components (such as the entire dispenser subsystem), the probability of
having failures for which the root component cause is not known can be high.

In Figure 15, we consider the dispenser nozzle (a subset of the dispenser subsystem) as
the subsystem. As illustrated in Figure 15, although undetermined failure effects due to
undetermined failure causes was still a large fraction of the maintenance events, this system is
small or simple enough that the technician is more easily able to determine and record failure
causes and effects. For dispenser nozzles, failures that are root caused by part failures,
communication errors, and design flaws are significant sources of unplanned maintenance
events.

These examples illustrate that additional data, analysis, and experiments are often needed
at subsystem and component level because the undetermined or miscellaneous failure mode is so
common when failures are described at system level. In the case when many of the maintenance
events are categorized as undetermined, further investigation is needed to evaluate why
undetermined was selected. If the cause of failure is unknown and of high priority, root cause

analysis should be completed.
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Figure 14. Dispenser maintenance cause and effects—entire
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Figure 15. Dispenser maintenance cause and effect—nozzle
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4.3.2 Hydrogen Station Reliability

The unscheduled maintenance event data can also be used to quantify station reliability.
This section presents the failure rates and reliability growth as a function of the number of fills
and by station for 29 stations. For this analysis, the aging variable, ¢, is fill count. Fill count was
chosen instead of time (days) or kilograms dispensed (kg) because fill count represents a
convenient unit of thermal/pressure cycling, user operation, and control system operation for a
hydrogen station. A time-based aging equation may be a more representative station aging
variable in a phase of the station lifeycle with higher demand and higher station technology
maturity.

Using fill count as the aging parameter for station reliability, the reliability results as a
function of fills are presented in Figure 16, which shows the MFBF for the 29 stations by station
cumulative fill count. All stations except for one have an MFBF of approximately 500 or less. To
provide context with calendar time, the average monthly fill count was just under 600 fills at the
end of 2017. Figure 16 also provides insight into the distribution of total fill counts relative to the
stations. There are a few high-fill-count stations, but most are grouped on the first half of the x-
axis’. One failure and unscheduled maintenance visit per month is not adequate to meet retail
customers’ expectations, as an unscheduled maintenance event may indicate the station is
unavailable for fueling. This implies that station reliability is a major problem for current
hydrogen stations, yet it does not provide insight into whether failure rates are changing over

time.

3 Note that the x-axis tick numbers were intentionally left off Figure 16 to obfuscate a secure data set

54



2500 T T T T T -m
'g-'; 2000 . A
™
=
@ 1500 - ]
]

@
c
£1000 B
c
8
17}
£ 500 . _
- L]
0 P Ry %° o °® o ° o? = | o ! 9
0 Normalized Fills Max

Figure 16. Station MFBF by cumulative fills

Figure 17 illustrates the instantaneous station failure rate at various stages of station life.
The station on the far left is the station with the lowest fill count and the station on the far right is
the station with the highest fill count. (This sorting may not directly correlate with how long a
station has been operational.) Three metrics are shown for each station: the shape parameter for
the early failure event history, entire failure event history, and latest 20% of failure events. Shape
parameters that are greater than 1 indicate a failure rate that is decreasing as a function of fills.
Shape parameters that are less than 1 indicate a failure rate that is increasing as a function of
fills. The shape parameter for all failure data and for each station is shown in the blue bar. Out of
29 stations that supplied detailed enough maintenance records, 24 stations have seen a decrease
in failure rate, meaning that the number of fills between failures is increasing as the station
operates. The early history shape parameter is shown by the red star markers, 15 stations had a
shape parameter of greater than 1 meaning that their failure rate was increasing early in their
operation lifetime. The early history and last 20% of events (yellow) bar are specified in the
figure because reliability growth and the instantaneous failure rate (Equation 3) can vary
significantly over the aging parameter. For instance, station #7 has a shape parameter value of

approximately half its initial value. The instantaneous failure rate improved for 20 stations in the
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last 20% of failures per station, while the four stations with the highest total fill count (stations

#26-29) saw an increase in failure rate.
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Figure 17. Retail station reliability growth

Comparing station failure rates can be a challenge because the stations are at different
operation phases (such as a newly commissioned station), utilization, technology generations,
and dispensing capabilities. All station and historical failure rate data were plotted to study how
the data fits the trend of a reliability bathtub curve (Figure 18). Individual station operation data
like fill count and early (identified by the star) and current failure (identified by the yellow bar)
history are shown with various features in Figure 18. Each failure event and accompanying fill
count is plotted for all the stations, shown in the blue dot. The x- and y-axes have been limited
because only a small percentage of the data exceeds a failure rate of 0.4 and fill count greater
than 10. The green line represents a least-squares fit of the scatter data, with a similarity to the
left side of the bathtub curve, with the following equation:

p(t) = 1.3 % 0.62 = Fil[%62~1 (6)
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The heel of the curve is approximately around 1,000 fills, where the MFBF is 17 (the
inverse of p(t)). This is an indication that failures seen today are likely either early or random
failures. Fatigue or gaining failures are not in evidence in this dataset yet. One significant caveat
is that this is for all stations and all failures, so there is the potential for individual stations to be
exhibiting failure behavior that is not captured in this bulk analysis.
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Figure 18. Historical failure rate by fills for retail hydrogen stations

The hydrogen station reliability growth analysis shows that:

e Failure rates are decreasing: most stations have a decreasing rate of failure, which
demonstrates positive progress by station operators and equipment suppliers.

e Reliability of most stations has improved compared to their early operation history: about
30% of stations had frequent failures early in the operating period yet approximately 65%
of the stations (including all of the stations with an increasing failure rate in the early

history) have decreased the rate of failure compared to the early history.
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e High fill count may lead to potential failures: the oldest four stations have an increasing
failure rate for the last 20% of events, which may indicate failures due to a higher cycle
count.

e Failure rates are still too high to achieve mass market acceptance: even with most stations

having a decreasing failure rate.

One assumption made in this hydrogen station reliability study is that the reliability has to
be as good as a traditional gasoline station. There is limited public information on gasoline
station reliability. One study of 41 gas stations and 577 dispensers aimed to decreased frequency
of corrective maintenance by optimizing preventative maintenance activities [117]. In this study,
three categories were created for high, medium, and low failure stations. The medium failure
station category (17 stations and 248 dispensers) had a failure rate of 0.001935
failure/hour/dispenser, which is a mean time between corrective maintenance (MTBCM)
activities of 516 hours or 21.5 days. The low failure station category (17 stations and 196
dispensers) had a MTBCM activities of 820 hours or 34 days.

In order to correlate this gasoline MTBCM data with the hydrogen station data, it is
necessary to look at the frequency of fills against calendar time. The latest data shows an average
of approximately 1,000 fills per month for the studied stations [101]. Station MFBF, shown in
Figure 16, shows that the majority of hydrogen stations in this dataset have a MFBF of less than
500, which can be translated to approximately 15 days. This is less than the MTBCM of the
medium failure gasoline station category, however this is not to say that this comparison is done
with similar data or method so future study could be completed to benchmark hydrogen station
reliability against gasoline station or another alternative fueling infrastructure. One additional

challenge to meeting the same reliability as a gasoline station is there are significantly fewer
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hydrogen dispensers than gasoline dispensers. When one hydrogen dispenser is unavailable, it is
more likely that there would be a significant impact on the FCEV drivers who may have to drive
to another station for hydrogen than for gasoline vehicle drivers. This can be especially
problematic as the demand for hydrogen stations increases.

The amount of hydrogen dispensed in 2017 was 4 times what was dispensed in 2016, and
at the end of 2017, two stations had a utilization of greater than 80% (based on a daily capacity).
These two details indicate that hydrogen demand is changing rapidly, and this has an impact on
station maintenance and reliability. For instance, maintenance cost per kilogram is decreasing
(Figure 19). This decreasing trend is primarily due to an increase in the amount of hydrogen
dispensed. The demand for hydrogen is expected to increase, along with demand for additional
hydrogen stations [51]. There are few other inferences from maintenance cost data in that some
maintenance is becoming routine and doesn’t require in-depth failure investigation or advanced
training. The cost of some replacement parts may also be decreasing with more online stations

and bulk purchases [118].
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Figure 19. Maintenance cost per kg dispensed over time

4.4.  Using Maintenance Data to Improve Hydrogen Station Reliability

Much of the reliability growth analysis presented here has been focused on
commonalities and straightforward reviews of station maintenance, which includes both
preventative maintenance and unscheduled maintenance due to failures and alarms. One gap in
the data for this analysis is that the condition of components at failure is not known, nor is the
reason for failure. Condition and cause of failure identification is needed for the development of
corrective actions that will improve station reliability. This section covers on-going research for
dispensers, a subsystem with the highest count of unscheduled maintenance events (46%) of all
stations analyzed.

This in-progress research aims to supply data component condition at failure from
laboratory-controlled experiments. Controlled failure condition data like this will help

researchers and operators answer questions about how differently a component fails based on the
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field operating conditions. These additional scientific findings combined with the maintenance
and reliability benchmarking completed so far provide researchers and operators valuable
information about early failures that are due to new stations coming on line, how experience
gathered during station O&M can improve reliability, and how station failures change as a

station ages in both cumulative fill counts and time.

4.4.1 Failure Condition Data Experiments

Recurring failures, especially those which are experienced at high utilization, are ideal
failures to focus on for additional research. In the past, the compressor system was the leading
maintenance category, but compressor research and development has contributed to an improved
compressor system MFBF. For example, NREL researchers studied compressor reliability and
provided data on physics of failure of compressor seals. This research identified metal fragments
as a major contributor to seal failure. Also, lubricants used on elastomer seals were found
downstream of compressor systems, which identified a need to use hydrogen-compatible
lubricants [119]. In addition, the project showed that seal failures are the main driver for
compressor downtime, that typical failures take more than 2 hours to repair with multiple people,
and that downtime can be avoided with real-time monitoring of the compressor leak detection
circuit [120].

The results of this research show that dispensers are a leading category for unscheduled
maintenance. In response, NREL has developed a set of active controlled experiments on
dispenser subsystem reliability. During a fill, the dispenser system components experience a
rapid change in both pressure (ambient to 70 MPa) and temperature (ambient to -40°C). These
rapid pressure and temperature changes are thought to be a primary contributor to dispenser

component failures. Benchmark data along with hardware experiments to improve dispenser
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reliability provide performance data back to manufacturers on how their components perform
under controlled, retail-like conditions, with particular attention given to operating conditions
that should generate valuable failure data. Extreme operating conditions and the external
interfaces, which include both the driver and the vehicle, make for an interesting and challenging
dispenser system and a top priority for reliable and safe operation.

Therefore, NREL’s hydrogen dispenser reliability research is focused on critical
dispenser components. The hose reliability project is an ongoing effort at NREL’s Hydrogen
Infrastructure Testing and Research Facility (HITRF). The project utilizes a six-axis robot to
mimic the mechanical bending and twisting of a person fueling their vehicle. The system
performs a fill like what would be experienced in the field. Current results, from over 5,000 fill
cycles, show that leaks tend to happen at the metal crimp-to-hose connection [121]. This project
was initiated during a period of low station utilization and was first focused on completing a high
fill count. With this data as a baseline for accelerated hose reliability, additional features are
planned that include additional hose stresses such as varying interface angles and other thermal
and mechanical conditions.

Benchmark data from the field lacks the design of experiments that are best able to
identify failure conditions and causes. Another active NREL research project is the dispenser
reliability project [ 122], which measures the mean fills and kilograms dispensed between failures
of hydrogen components subjected to pressures, ramp rates, and flow rates similar to light-duty
FCEV fueling. The project is exploring three different required cooling levels, at -40°C, -20°C,
and 0°C, with -40°C being the current standard for light-duty vehicle fueling. The experiment
(Figure 20) consists of flowing hydrogen through eight “dispenser like” systems simultaneously.

The flow rates and ramp rates are in the range of a typical SAE J2601 fill. The components are
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ramped at ~17.5 MPa/min at a flow rate of ~0.5 kg/min through each component. The systems
are packaged with two dispenser sets in series and four sets in parallel to complete the full
system. The flow rate, ramp rate, and gas temperature are controlled on the front end with a
research dispenser. The back end has a flow controller as well as a recycle loop to accelerate

system recovery time at NREL’s HITRF.
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Figure 20. Dispenser reliability test setup

4.4.2 Data to Drive Failure Investigation and Reliability Improvement Efforts

Reliability improvement efforts are most effective when the improvements are informed
by data, both from real-world operation and controlled reliability experiments. The retail
hydrogen station maintenance data studied to date has many instances of undetermined failure
modes. The combination of a lack of failure condition data with the maintenance benchmarking
is guiding NREL’s hardware research. More specifically, it is guiding what systems and
operating conditions are studied. A basic objective of this research is to provide controlled data
that can accurately and consistently identify failure conditions. Data from these experiments is
expected to guide failure analysis only on the highest-priority components, which should
generate meaningful feedback to equipment manufacturers for product improvements. This is a
methodical process, driven by both field and lab data, to identify failures and improvements with

more complicated and expensive diagnostic studies and instrumentation. For example, results
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from the dispenser reliability project will inform experimental setup and test plans based on the
highest-frequency component failures and the accompanying conditions that generated failures.
The future experiments will dissect the components to identify failure root cause with various
mechanical, thermal, and humidity stresses and material investigations.
4.5.  Conclusions

Hydrogen stations play a critical role in the supply of hydrogen to fuel cell technologies
like cars, trucks, and buses. An exponential increase in hydrogen demand in California has
pushed stations to be able to reliably dispense hydrogen whenever the FCEV driver pulls up to
the station. Yet the station reliability is lower than what the customers expect, as identified by the
results presented here, and when compared with traditional gasoline station reliability. There are
some concessions that can be made in this comparison because gasoline and hydrogen stations
are at different commercialization phases and data processing may not have been similar
between the gasoline and hydrogen station analyses. The maintenance benchmarking results
presented here by category, frequency, labor time, and failure cause/effect create a trackable
status of station maintenance and reliability. The reliability analysis has identified the two
leading maintenance categories as dispensers and compressors, which represent 67% of the retail
station maintenance events. Crow-AMSAA was the analysis method of maintenance data from
hydrogen stations, where the majority of hydrogen stations have a MFBF of less than 500 fills,
which can roughly translate to every 15 days. This is lower than the MTBCM of 21.5 days for
the medium failure gasoline station group.
Results to date show improvements in MFBF and changes in the leading maintenance category
as a function of time. There have been target component reliability improvements, for example

with compressors, and lessons learned from the initial station deployments that make some
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failures only a one-time event. A couple of years ago, compressors were the leading maintenance
category, but compressors have improved with updated technologies, preventative maintenance
strategies, control strategies, new designs, and increased station utilization. A reliability
improvement program is expected to also include changes in components and operation that is
informed from laboratory findings to reduce failures.

There remains a gap in the understanding of leading causes for failures in the hydrogen
station highlighting the need for systematic experiments investigating root causes of failures,
especially for high priority subsystems like dispenser. The dispenser system reliability
experiments, currently in progress, are expected to support root cause failure investigation. The
controlled operating conditions of these accelerated reliability experiments will be the basis for
future experiments to quickly replicate failures that can be deconstructed to identify the failure
cause and lead to potential improvements for equipment manufacturers. This should present
options to improve hydrogen stations, which in turn supports a critical pathway of H2@Scale,
enabling hydrogen mobility solutions. The next chapter continues the research through a study

on the FCEV demand and how predictive future demand supports station O&M strategies.
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CHAPTER 5 — PREDICTING DEMAND FOR HYDROGEN STATION FUELING

5. Introduction to Hydrogen Demand

A hydrogen station serves the purpose of fueling a FCEV and the station controls provide
the basic function of safely dispensing hydrogen from the station to the vehicle. These same
controls also have the potential to improve the effectiveness of hydrogen station O&M. It is
expected that a station control strategy that integrates a prediction of future fueling demand can
identify ideal times for maintenance and provide data to inform decisions driven by economic
trade-offs. This study describes the development and value of a model that simulates stochastic
future demand at a hydrogen filling station. The predictive hydrogen demand model described in
this chapter is trained from mathematical models constructed from actual hydrogen fill count,
amount, and frequency data. This is a first-of-its kind, study on predicting future hydrogen
demand by the time of day (e.g., hour-by-hour intervals) and day of week. This study can be
used for developing hydrogen station requirements and O&M strategies and to assess the impact
of demand variations and scenarios.

This chapter presents the current status of hydrogen demand and hydrogen station
utilization based on real-world station operation data, as well as the model development methods
and a set of sample results. Discussion and conclusions concentrate on the value and use of the

proposed model for improved station economics and effectiveness.
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5.1.  Hydrogen Station Utilization

Between 2017-2018, the customer demand for hydrogen for fuel cell electric vehicles
(FCEVs) increased more than 2 times, to more than 913,000 kilograms*. The FCEV market is
driving this growth in the United States, with an estimated 6,000 FCEVs on the road and a
network of 39 operational, retail hydrogen stations (24 more planned stations) supporting these
vehicles [22], [47]. This hydrogen infrastructure serves public and private fleets of light-duty
passenger cars, trucks, buses, forklifts, and ground-support equipment. These mobility-focused
FCEV applications have demonstrated benefits in terms of vehicle performance (e.g., fueling
time, range) and economics (e.g., total cost of ownership) [123], but the long-term success of the
hydrogen vehicles and infrastructure is far from assured. This emerging market is eager for more
stations, at a higher throughput and an economically viable price point. The development cycle
for new hydrogen stations is being compressed to meet the requirements of a growing market.
This compressed development cycle supports acceleration of new vehicles entering the
marketplace but may also increase the risk of stranded infrastructure, where even modern
hydrogen stations may be too costly, too slow, and not flexible enough to meet future needs. One
way to manage some of this risk is through an understanding of how the hydrogen demand, or
fill profile, will change over the operational life of the station.

Even considering its recent growth, demand for hydrogen for vehicles is still low
compared to demand for gasoline for vehicles. For example, there are approximately 60

operational and planned hydrogen stations (concentrated in California, United States). In

4 a kilogram of hydrogen has approximately the same energy content as a gallon of gasoline
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comparison, there are more than 8,000 gasoline stations in California, and more than 120,000
convenience stores selling gasoline in the United States, with 765,000 dispensers and
approximately 1.4 million fueling nozzles [124]. Approximately 39 million gasoline fills take
place in the United States every day, corresponding to 26 cars per fueling nozzle per day or 325
gas-powered vehicles per day for a station with 12 gasoline fueling nozzles. Hydrogen-fueled
FCEVs and their infrastructure must grow in function and scale to rival gasoline vehicles and
infrastructure if they are to become a mass-market transportation solution that can realize
economic, sustainability, and consumer preference benefits [125].

Many factors influence and determine the success of hydrogen infrastructure, and this
infrastructure is a prerequisite to marketing and acceptance of FCEV technologies. The
deployment of hydrogen stations has increased (primarily in California in the US) [33] and more
fuel cell technologies are also commercially available (e.g., forklifts and buses), or have been
developed/introduced to the market (e.g., trucks and ground-support equipment). One important
influencing factor is the ease of use, accessibility and availability of hydrogen stations. A
hydrogen station has many of the external features of a gasoline station, such as a dispenser and a
user interface for the transaction details and payment. It also has storage and the needed
equipment, controls, and safety to supply the hydrogen quickly. Analysis of real-world use for
fuel cell light-duty vehicles and hydrogen stations has shown behavioral trends similar to
gasoline fills and driving, including time of trips, time of fills, range, and fill time [33], [8],
[126]. Finally, and perhaps most importantly, cost of hydrogen is an important factor for
hydrogen station market success.

Consider that a basic objective of a hydrogen or gasoline station is to safely and

economically provide a fuel to the consumer. An understanding of consumer demand is then
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necessary to support the development, deployment, and operation of the hydrogen station. Yet,
there is little research in the scientific literature regarding modeling or measuring hydrogen
station demand or utilization. Demand uncertainty is shown to result in uncertainty in
deployment and supply analyses [127]. Our literature search (completed in March 2019) for
journal articles with keywords “hydrogen station demand or utilization” resulted in only three
results [128], [129], [130]. These studies view hydrogen demand from a regional perspective to
understand implications on locations and cost, but these studies do not have information or
models of the day-by-day or hour-by-hour changes in demand. Much of the scientific literature
regarding hydrogen infrastructure and stations deals with deployment topics, seeking to optimize
region, location, and size [96], [48], [102], [68], [103]. These analyses make general assumptions
about the number of on-road light-duty fuel cell vehicles, which create bulk hydrogen demand
scenarios. Bulk demand scenarios generally are based on region and total fleet size. They don’t
include change in demand over time, either hour-to-hour or day-to-day [131], [132]. Expanding
the search of scientific literature to include terms such as “operation” (18 results), the literature
focuses on strategies for existing, small-scale stations or bespoke future options. The results of
this literature review show that there is a significant gap in the literature published to date on
predicting the hourly demand for hydrogen fueling for vehicles. This gap is primarily due to the
fact that operations data is limited and not easily attained, especially for datasets that can be
extended across multiple hydrogen stations and operators. In addition, hydrogen demand is
constantly changing as the technologies and markets change. For example, fast fill technologies,
renewables-integrated electrolyzer-based stations, and long-haul fuel cell trucks have all changed

the dynamics of hydrogen station operation and hydrogen demand.
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The authors are in a unique position to develop a predictive hydrogen demand model
having gathered proprietary hydrogen station operation data with collaborative research
partnerships, the design, development, operation, and the maintenance of a hydrogen
infrastructure research facility. The hypothesis is that existing data from hydrogen and gasoline
fills can be used to build a predictive demand model that will improve hydrogen station O&M by
factoring in future fills with a current understanding of the station state. Neither the current
hydrogen or limited gasoline fill data are sufficient for predicting future demand because the
number of vehicles, number of stations, and station availability change frequently. Future
demand has the potential to be many orders of magnitude higher than what is seen currently at
hydrogen stations. These two gaps create a need for a model that can connect a path between
current and future hydrogen demand conditions, with the ability to correct and change along the
way.

By predicting demand—that is, when and how much hydrogen is needed for a fill and at
what frequency—this study seeks to mitigate the risk of investing and operating to build a lasting
business case for hydrogen stations. Funding, designing, and building a station when the market
for hydrogen is changing rapidly is a challenge, and station operators must identify ways to
rapidly be economically stable while handling a demand that is expected to increase steadily.
The demand model has the potential to be a tool used by station developers and operators to
make informed decisions on equipment specifications and size, and O&M strategies. Many
station operators and policy makers are rightly focused on the near-term challenges of enabling
and growing a market. Fine-tuning stations based on a predictive demand model does not likely
make sense at this stage. Yet, in the past few years the hydrogen station market has moved from

a precommercial phase to an emerging-market phase. This new market phase requires higher

70



reliability, improved customer service, and a more refined approach to understanding and
managing hourly, daily, and weekly consumer demand. Therefore, the creation of a predictive
demand model capable of adapting to demand changes will support hydrogen station operation in
the near-future, working in parallel with technological and operation advancements to support a
successful hydrogen fueling market.

This article is organized as follows. Section 5.2 describes the methods to estimate the
station types, fill frequency, fill amount, fill rate, time between fills, and the station state (i.e.,
filling, in standby ready to fill). With multiple types expected for future hydrogen stations, we
present the predictive demand model results for an Urban Medium station type (5,000 kg/week)
in Section 5.3. Predicting demand can be implemented for various sizing, operation, and
maintenance strategies as discussed in Section 5.4. Lastly, Section 5.5 presents the conclusions.
5.2. Demand Analysis Methods

The model is built on a framework that can project future fueling conditions, but can
adapt based on available, real-world data. Previous hydrogen demand models assume constant
demand as a function of yearly or daily time scales [133], [38], [96], [134], [103], [135]. This
assumption of constant demand can be justified early in the commercialization phase of the
stations when demand is low, and the station may be underutilized, or for analyses studying a
wide region and/or time period. Alternatively, a purely data-driven approach, where time
histories of fills can be replayed to populate demand profiles could be effective, but these
methods can be stymied by the low data availability for hydrogen stations, and the need for
broad extrapolations to model hydrogen station utilization as demand changes in the future.

This study seeks to construct a modeling framework that is based on fitting distributions

to broad operational datasets. These distributions are then sampled to construct synthetic
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operational data specific to a particular station type, bulk hydrogen demand, week day, and time
of day. The proposed analysis utilizes real-world fill data for training and validation. The real-
world data are from the NFCTEC which includes data from more than 465,000 fills from 30
hydrogen stations. The analysis will be able to adapt to future changes in vehicle deployment and
station use as more real-world data becomes available. Uncertainty is inherently included in this
probabilistic model, enabling stochastic future demand predictions.

The model is composed of four building blocks, as illustrated in Figure 21. The input
block (Step 1) interfaces with the user and accepts the following parameters: time period, time
interval, weekly demand target, probability limit (used for prediction), fill type (e.g., light-duty
or heavy-duty), and max fill amount (used for data processing). The data generation block uses
the variables defined in Step 1 to determine which measured datasets can be used for training
(e.g., NFCTEC aggregated fill data). Step 2 creates a representative fill data set for the training
step, Step 3. The training block fits filling distributions (frequency, rate, amount, and time) used
for the prediction step, Step 4. The prediction block evaluates the probability that a station is in
either a fill state or a standby state, based on probability interpretation and fill sequencing for
each time interval. The prediction output translates the station state into a time history of station

fill frequency and quantity as a function of time.
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1. User Input

Time Period: Days

Time Interval: Minutes
Weekly Demand: kilograms
Probability Limit: Percentage

2. Generate Data

Scale: Int
Filter: Int
Data Source: Real/Simulate

Station Operation Data (Actual)

Process (filter:actual)

Fill Date: Date
Fill Time: Hour, Minute
Fill Amount: Kilograms

Fill Rate: Kilograms/minute

Fill Type: Vehicle Type Simulate (source:simulate) Station Identifier: Int
Max Fill Amount: kilograms Fill Data () :
3. Train

Frequency: Count
Rate: kilograms/minute
Amount: kilograms
Time: Hour, Minute

Fill Estimate ()

4. Predict

Max Possible Fill Count: Int

Probability Analysis ()
Sequencing ()
Intreprete ()

Output ()

Figure 21. Predictive demand model development and validation flow diagram

5.2.1 Step 1: User Input

The user inputs determine the conditions under which the hydrogen demand will be
simulated. The user inputs the relevant simulation time span, and the type of hydrogen station
that will be simulated.

Hydrogen demand is not the same for all station types or locations, so the model must
distinguish between station type and location to provide useful data for making informed design-
and operation-related decisions. This study begins by classifying hydrogen stations according to
their location and usage characteristics. These classifications are based on analogous
classifications of gasoline stations, as presented in Table 6. The location of the station is
classified as either an urban station, or a community/rural/connector station under the assertion
that these locations have different usage characteristics. An urban station may be a street corner

station, at a major intersection, or collocated with a “big box™ store. A connector station is a
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rural/suburban station with on-off access to major highways but may not be close to large
population areas. The scale of the station is classified by its weekly fill amount. Current
hydrogen stations are classified as either small or large (indicating the highest used hydrogen
stations deployed to date). In the future, the scale of hydrogen stations is expected to converge to
the scale of current gasoline stations. We classify future hydrogen stations as small, medium and
large scale, by analogy to current currently deployed gasoline fueling stations, yet the future

large hydrogen station is still small compared with modern high-use gasoline stations.

Table 6. Hydrogen Station Classification Scheme

Weekly Fill .
Type Weekly Fill Count
Amount

Current—Small' 250 kg/week 187 fills/week

Current—Large' 750 kg/week 337 fills/week

Urban—Small? 2,000 kg/week 645 fills/week
Urban—Medium? 5,000 kg/week 1,612 fills/week
Urban—Large? 10,000 kg/week 3,387 fills/week

Community/Rural/Connector—
1,000 kg/week 322 fills/week

Average Medium?

1. Based on current hydrogen station demand NFCTEC data.
2. Based on future estimates for hydrogen station demand from the gasoline
fueling trend, using a consistent fill amount (3.1 kgffill) to provide a general

sense on the number of fills and amounts per day.

5.2.2  Step 2: Data Generation

We have utilized two primary data sets for training the predictive demand model. One
source is the hydrogen station fueling data analyzed through the NFCTEC. The data used for the
NFCTEC analysis is supplied to NFCTEC every 1 to 3 months by station operators. The data is

processed, analyzed, aggregated, and published typically every 6 months. The published results
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are assembled in a manner that does not reveal individual proprietary information while
providing data on technical capabilities, safety, cost, and trends. The NFCTEC collects, analyzes,
and reports on hydrogen infrastructure operation, maintenance, and safety data for fuel cell
systems and infrastructure from more than 10 project partners [72].

The other data source is a study of hydrogen delivery options [135] which includes data
on gasoline fueling data trends provided by Chevron. These data were used to determine an
hourly fuel-demand profile grouped by day of the week and are based on an average Chevron
station daily dispensing amount of 4,400 gallons. The profile was published with a percentage of
the daily transactions, so it can scale with different station capabilities and weekly dispensing
amounts. A challenge in using this gasoline data is that it represents the demand for fuel in a
fully-realized gasoline market. It may or may not represent fueling trends for hydrogen FCEVs,
in either the near or far term. Figure 22 shows aggregated data from all NFCTEC hydrogen fills,
presented as a function of the time of day. The maximum that a station is dispensing is
approximately 750 kg/week (> 90 kg/day Monday through Friday) and the average of all stations
dispensing is approximately 250 kg/week (~30 kg/day Monday through Friday). A statistical
comparison of the hydrogen and gasoline distributions (two-sample Kolmogorov-Smirnov test,
p=0.8), indicate that the distributions are similar. Therefore, this study uses both the hydrogen

and gasoline hourly distributions of fueling events to represent current and future fueling trends.
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7L © Gasoline Fueling Profile’

o
I

Total
465,794 H2 fills

Number of Fills (% of Total)
w » o
T T T

N
T

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time of Day (hours)

1. Friday Chevron profile "Hydrogen Delivery Infrastructure Options Analysis", T. Chen, 2008.

Figure 22. Fill time of day based on retail station data

5.2.3 Step 3: Training

The objective of this study is to predict the rate at which hydrogen will be demanded
from present and future hydrogen stations. This work uses a probability model to predict the rate
of arrival of vehicles at the hydrogen station, and another probability model to predict the fill
quantity for each vehicle.

To determine the fill probability, a fill is considered a discrete event in this analysis and a
mean event rate is determined for each time interval over each time period of interest based on a
Poisson process. The Poisson process, a common counting process, is used in this analysis
because the time at which each hydrogen fill is demanded is assumed random and independent of
the timing of the previous fill. The number and time of fills is not constant throughout the day
(e.g., there are typically more fills in the afternoon than in the morning), so the arrival of vehicles
to a station is modeled as a nonhomogeneous Poisson process, thus we use the Poisson

distribution to estimate the mean rate of arrivals per a discrete time interval.
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The probability of a certain fill count within a given time interval is defined by the
probability density function (Equation 7). Let Y represent the number of events (i.e., fills) in a

given period, and let A be the mean rate of arrivals, then for some y we have,

ﬂ
P(Y=y) = p(y; 1) = {e M forye {0,1_,2, e} -
0 otherwise
and,
—A/li
P(Y <) =FA) = Tio" (8)

i!

The probability of the number of events in the time interval is repeated for the total
number of time intervals of interest (e.g., 15-minutes intervals for a 1-week time period). The
maximum likelihood estimator is used for the Poisson distribution, A, for each time interval
based on the user input. The fill probability is used in the predictive model to determine the fill
count for each time interval within the period specified.

To estimate the fill amount and rate, the model must be able to estimate the amount and
dispensing rate (kilograms/minute) based on statistics of past fills. Amount of hydrogen and rate
per fill depend on the vehicle’s on-board storage volume, its state of charge, and the station’s
ability to complete a full fill. Therefore, both dispensing rates and amounts are random variables
and thus can be modeled by fitted distributions.

The fill amount and dispensing rate distributions are fit using current hydrogen station
data. The current distribution of fill amount for NFCTEC stations is shown in Figure 23,
showing that the average is 3.1 kg per fill. Because of the heavy negative skew and large
kurtosis, a transformation to make the fill amounts normal was not viable, so a kernel density

estimation for the probability distribution function (Equation 9) of amount of fuel per fill was
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used. The kernel density estimation was generated for the training data, where X is a random

variable representing the fill amount (in kg),

() = S3n, K (X2) 9)

where K() is the normal kernel (Equation 10),

2

K(x) = \/%e% (10)

and where /4 > 0 is the bandwidth (i.e., smoothing parameter) for sample amount values X;. Here,
h is fit based on the training data to ensure that neither over-smoothing or under-smoothing
occurs. Equations 9 and 10 define the fitted distribution of hydrogen fill amount for present and
future stations, enabled us to generate a random sample of simulated fill amounts by the inverse
transform sampling method. A statistical comparison of the amounts and distribution fit (two-

sample Kolmogorov-Smirnov test, p=0.6), indicate that the distributions are similar.
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Figure 23. Hydrogen station fueling amounts per NFCTEC data

Hydrogen fill rates are defined by the protocol for light-duty vehicle fueling [72], with
minor variations possible due to the station capabilities. The distribution of fill rate (averaged
over each fueling event) for all NFCTEC data is shown in Figure 24, with an event-averaged rate
of 0.9 kg/min. The normal distribution is used to model the fill rates and to create estimates of
fill rates per specific time intervals needed for the predictive demand model. A statistical
comparison of the rates and distribution fit (two-sample Kolmogorov-Smirnov test, p=0.8),
indicate that the distributions are similar.

Let Z be a normally distributed random variable (Equation 11) representing fill rate. Then

for mean u and variance o,

_z-p?

e 202 (11)

P(z|lp,0?) =

1
V2mo?
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Figure 24. Hydrogen station fueling rates within the NFCTEC dataset, with comparisons to the

Department of Energy Fuel Cell Technology Office targets

The estimate for the arrival time (within time interval i) of a fill event, T3, is based on the
waiting time between arrivals, W,. Waiting times are randomly generated according to an
exponential distribution with mean fill event rate 4;. Therefore, the probability that the waiting
time W is less than or equal to a specified wait time (w) is shown in Equation 12.

P(W <w)= de ™ (12)

Arrivals to the station occur according to a Poisson distribution (Equation 7). Each
vehicle’s fueling time is calculated as its random fueling amount (x) divided by its associated
random filling rate (z). Therefore, arrivals occur according to a Poisson process where the wait
time between arrivals is exponential, arrivals occur at the end of a waiting time, and the amount

of time a vehicle remains at the station is subject to fueling amount and filling rate. The
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estimated wait time W is used to determine time dependent predictions like the fill start time

within a time interval—which occurs at the end of a waiting time.

5.2.4 Step 4: Prediction

In Step 4, the model integrates the various data estimated from Step 3 to generate a
cohesive prediction of the time history of fill count, fill amount, and fill rate. The prediction
model utilizes the fill statistics from Step 3 and estimates future station fill states based on fill
probabilities for each time interval.

From the perspective of the hydrogen station, each vehicle fill is modeled as a random
independent, event, where each vehicle’s fueling characteristics (e.g., arrival time, fill rate, fuel
mass) are uncorrelated to the characteristics of the previous vehicle. A continuous-time Markov
process was selected to model the probability of each state per time interval, due to its stochastic
nature where the events are independent. A hydrogen station Markov system (Figure 25) is
defined with three states: state A is available but not fueling, state B is available and fueling, and
state C is unavailable due to maintenance. Fill times are dependent on fill amount (kg) and rate
(kg/min). Fill times corresponds to the length of time the station is in state B and waiting times
corresponds to the length of time the station is in state A. The current model, as described in the
remainder of this article, focuses on states A and B. The inclusion of a probability estimates for

station unavailability is suggested for future work.
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A. Available, B. Available,
standby fueling

C. Unavailable
Figure 25. State transition diagram for states A, B, and C

Let N(?) be a stochastic process where ¢ is time (Equation 13). Then, N(¢) is a Markov
process for everynand t1 <t ... <ty
P(N(tn) < Np | N(tn-1, .., N(t1)) = P(N(tn) < Ny |N(to-1)) (13)
Each iteration, n, has an associated state vector for the probability of transitioning from
each state, which is based only on transitioning from the previous state to a future state. That is,
the probability of the station transitioning into a future state depends only on the current state of
the station (Markov property, Equation 13). All states are recurrent, as the station can return to
the same state as the previous state (e.g., a back-to-back fill which has a wait time of 0 minutes).
Ques are not considered and could be included in a future iteration. The transition matrix, P,
chain (Equation 14) is also aperiodic and irreducible. The matrix is of the following form where
for allm € [0, ) and for all states i,j € S for the state space S = {State A, State B},
Py = P(Xpy1 = J [ X = 1) (14)
The model predicts the probability of the state the station state based on the distribution
for arrivals and time intervals and time in the state, which is independent of the station’s most
previous state. To look at long-term system behavior, the limiting distribution was computed for

each transition matrix. The limiting distribution gives the proportion of time the chain is
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expected to be in each state for a time interval and time period in the future. The limiting
distribution is equal to the unique stationary distribution which exists when a Markov chain is
irreducible and aperiodic. The limiting distribution is found by solving Equations 15 and 16.
nmP=nmn (15)
QiesTi =1 (16)
where 7 is a row vector consisting of the proportion of time that the chain is in each state.

The model output can take two forms. One output form is the Markov system with the
probabilities of each state and the transition in each iteration. This output format could be most
useful for evaluating scenarios and assigning an acceptable risk and reward for design and
operation strategies (e.g., preventative maintenance scheduling, participation in utility services).
The other output form is a time domain demand profile that estimates the number of fills,
amounts, rates, and arrival times at each interval in simulation time. This output format could be
most useful for sensitivity studies conducted on station capabilities and impact on station
economics.

5.3.  Predictive Demand Model Results
Each of these types of outputs are presented here as sample results from the hydrogen

station predictive demand model.

5.3.1 Sample Week Simulation, All Station Types

Figure 26 shows a sample modeled fill count as a function of the day of the week and
hour for each of the station classes. As is characteristic of the random processes used to model
hydrogen demand, each simulation results in a unique hydrogen demand profile. The fill count
for the larger scale hydrogen stations is larger than the fill count for the smaller stations. There is

some weekly periodicity, but each day of week has a similar trend in that the lowest use times
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are in the early and late hours of the day. Based on the real-world data for hydrogen fills, the fill
distributions on Saturday and Sunday do not have the same underlying distribution as the
weekdays, with lower mean fill counts per hour over the day compared to the weekdays. The
gasoline filling trend does not show this same weekend difference to the weekdays; therefore, it
is expected that hydrogen fills will approach the same daily distribution as gasoline as the
demand increases. Each of these trends probabilistically models the effects that are evident in the

large-scale measured datasets derived from NFCTEC data.

35 |
——Urban, Large Scale Station
——Urban, Medium Scale Station
Urban, Small Scale Station
= Community Scale Station
30 —Current, Large Scale Station
~—Current, Small Scale Station

25— —

20— =
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0 " )
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Day of the Week

Figure 26. Modeled fill count for each station class over a 7-day time period, Sunday through

Saturday

5.3.2 Mean Fill Estimates, Urban Medium Station Type

Statistical estimators are used to represent the hydrogen demand prediction. For example,

Figure 27 illustrates estimates of the mean of key hydrogen demand parameters as a function of
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an hour of a particular day. The simulation data is filtered and binned based on day of the week
and hour, as defined by the time period and interval selected as a user input. The maximum
likelihood estimates are generated for each data segment and are based on a Poisson distribution
for fill count, an exponential distribution for waiting times between fills, a normal distribution
for fill rate, and the kernel density estimator for amount. Figure 27 provides examples from a
Friday for the mean count, rate, and amounts by hour. Friday serves as a good example as it is
normally a high-use day (as seen in Figure 26). The model has the capability to adapt and adjust
these trained values as new data becomes available. New data, such as the number of FCEVs and
the station count, availability, capacity, and configuration, is needed to keep this model segment
relevant as the hydrogen market and technologies change.
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Figure 27. Mean rate (A), fill amount, and rate estimates by hour for Friday,

Urban Medium Station Type
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5.3.3 Fill Count Probability, Urban Medium Station Type

The probability cumulative density function of fills, as described in Section 2.3, is shown
in Figure 28. The probability is shown for 0 to 24 hours on a Friday, and for 0 to 28 fills in each
hour-long time interval. A 50% cumulative probability limit (specified as a user input) is applied
to estimate the number of fills in the time interval (Section 3.4). For instance, the model predicts

16 fills with a 50% cumualtive probability in the interval from 4 p.m. to 5 p.m. (1600 to 1700

hours).
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Figure 28. Fill cumulative probability map for a Friday, Urban Medium Station Type

5.3.4 Transition Matrix—Result Urban Medium Station Type

The transition matrix, with a discrete state space and time, varies for each observation
period, n, which for this example is 1-hour intervals over 1-week period. This interval creates
168 transition matrices (one for each observation period). The probability of a fill changes based

on the time of day and day of the week, so this is the basis for each transition matrix per
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observation period. The transition vector is square, using state A (available and standby) or state
B (available and fueling). The wait time and filling times define the probability of the station
state transitioning to either state A or B. Fills occur randomly following a Poisson process with
filling times dependent on the two random variables, rates and amounts, over each 1-hour
interval, which is further broken down by timesteps to estimate waiting times. Based on the
timesteps, fills that elapse over the timestep is a transition from B-to-B. Likewise, a waiting time
that elapses over the timestep is considered to be a transition from A-to-A. At any other point
within each timestep, transitions will either be from A-to-B or B-to-A. A sequence is generated
based on the simulated data and from that sequence of events, the probabilities of each transition
is determined. At a minimum, the station state will switch to state A (available, standby) once the
fill is completed, unless there is another fill immediately following. The transition matrix

(Equation 17) is of the form,

Pya (n) P A,B (n)

PB,A (n) PB,B (n) 17

P(n) = I

Where the first element represents the probability of a transition from state A back to
state A, the second element (P4 5(n)) represents the probability of a transition from state A to
state B, and so on. The probability of a back-to-back fill is Pz p(n). Each row must sum to 1 and
each state is discrete, that is, the station will not be available and fueling and also in standby
simultaneously. The model assumes that the station has sufficient fueling positions to handle the
demand. (The addition of fueling positions and queueing is expected to be important to the
model for high-throughput demand scenarios.) Each observation period, #, has an associated
probability vector (Equation 18) of the form,

™ = [ty 7p] (18)
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We begin with an initial probability vector (Equation 19) that assumes the station is
available and ready for fueling in (state A).
70 = [1 0] (19)

The limiting distribution for an hour interval, 7™, is computed by solving Equation 20,

nj=7li_r)£10P(Xn=j|X0=i),Vi,jES (20)
This is completed for the time period specified by the user (e.g., 7 days).

The procedure to create the fill demand results for 1-hour intervals over a week are as
follows. The fill count is found based on the ¥ with at least 50% cumulative probability. Fill
amounts and rates were randomly generated, as described in Section 2.4, and provided as an
example Section 3.4. Table 7 is a subset of the station state estimation for two periods on a
Friday, from 6 a.m. to 8 a.m. (0600 to 0800 hours) and from 2 p.m. to 8 p.m. (1400 to 2000
hours). These two periods were selected to provide a comparison between morning and
afternoon, as well as using the busiest fueling period (Friday afternoon). The Urban Medium
Station Type, the example type used in Section 5.3, is the middle column. Two other station
types are provided to show how the transition states vary for different station classifications. For
each 1-hour time interval, the transition matrices were generated as well as the limiting
distribution which are represented in the table as the transpose of 7 (i.e. the first element is the
proportion of time the station will spend in standby, the second element is the proportion of time

spent fueling).
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Table 7. Example Station Transition Matrix and Limiting Distribution, Three Station Types

Counter Day, Hour

125

126

127

133

134

135

136

137

138

139

Current Station type whereas the majority of time is spent in state B, fueling, for the Urban Large

Friday, 600
Friday, 700
Friday, 800
Friday, 1400
Friday, 1500
Friday, 1600
Friday, 1700
Friday, 1800
Friday, 1900

Friday, 2000

W WP W>wEW W W>W> W > WP

Max Current Station

A

B

State
Probability

1
1
0.49
0.59
0.49
0.59
0.47
0.59
0.48
0.59
0.48
0.59
0.37
0.9
0.48
0.59
0.48
0.59
0.48
0.59

0 |-
0
0.51
0.41
0.51
0.41
0.53 7
041 |
0.52
041 |
0.52
041 |
0.63 7
0.1 |
0.52
041 |
0.52
0.41

0.52 7

0.41

Lim.
Dist.
1.00
0.00
0.54
0.46
0.53
0.47
0.53
0.47
0.53
0.47
0.53
0.47
0.59
0.41
0.53
0.47
0.53
0.47
0.53
0.47

Urban Medium Station

A

B

State
Probability

0.48
0.6
0.46
0.59
0.45
0.58
0.36
0.59
0.31
0.68
0.35
0.58
0.3
0.67
0.36
0.58
0.35
0.6
0.36
0.59

0.52
0.4
0.54
0.41
0.55
0.42
0.64
0.41
0.69
0.32
0.65
0.42
0.7
0.33
0.64
0.42
0.65
0.4
0.64
0.41

Lim.
Dist.
0.53
0.47
0.53
0.47
0.51
0.49
0.48
0.52
0.50
0.51
0.47
0.53
0.49
0.51
0.48
0.52
0.48
0.52
0.48
0.52

Urban Large Station

A B
State
Probability
0.47 0.53 7
0.59 0.41 |
0.35 0.65 7]
0.78 0.22 |
04 0.6 7
0.59 0.41 |
0.28 0.72 7
06 04 |
0.26  0.74 7
0.59 0.41 |
0.25 0.75 7
0.61 0.39 |
0.24 0.76 7
0.58 0.42 |
0.25 0.75 7
0.58 0.42 |
0.25 0.75 7
0.59 0.41 |
0.26  0.74 7

0.59 0.41

Lim.
Dist.
0.53
0.47
0.55
0.45
0.50
0.50
0.45
0.55
0.45
0.55
0.45
0.55
0.44
0.56
0.44
0.56
0.44
0.56
0.44
0.56

As is illustrated in Table 7, most of the time is spent in state A, standby, for the Max

Station type. In the scenario when the station is consistently in state B, the addition of multiple

fueling positions and application of queueing theory is particularly relevant and needed. The

Urban Medium station is in state B more than half of the time, observed in the limiting

distribution for a Friday between 1600 and 1700, with an estimated 31 minutes spent fueling.

Higher demands, with more time in state B, suggests a future addition could be model for

individual nozzles and queuing. The model currently allows for up to 4 fueling positions without

assigning individual states per nozzle.
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5.3.5 Fill Profile, Urban Medium Station Type

A demand profile can be general with probabilities for the different variables and time
intervals, or the demand profile can be more specific, including estimated arrival times of
vehicles for fueling. A time interval of 1 hour over 1 week could provide the right amount of
visibility to determine storage needs and delivery schedules. Whereas a time interval of 5
minutes in 1 day could provide better insight into operating strategies and component sizing,
especially when a station operator is balancing the performance and economics of a peak demand
versus a base demand. The fill amounts and rates are randomly generated based on the mean and
standard deviation of the training data set. The wait times, or time between fills, are used to
generate fill start times to create a demand profile matrix (Table 8). The predicted fill profile for

one week is shown in Figure 29.

Table 8. Fill Profile Example, Friday 1600 Hours, Urban Medium

Day ID Fill Start, | Fill Start, Amount, Rate’,
Hr Min kg kg/min

6 16 0 3.5 1.0
6 16 1 3.2 0.8
6 16 2 4.1 0.9
6 16 6 3.2 0.9
6 16 7 3.0 1.0
6 16 9 2.0 1.2
6 16 12 1.8 1.1
6 16 14 2.3 1.2
6 16 17 2.2 1.2
6 16 19 3.1 0.8
6 16 21 3.4 1.1
6 16 29 3.2 1.3
6 16 29 3.1 0.9
6 16 29 3.6 0.7
6 16 30 3.7 0.8
6 16 31 3.4 0.8
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5.4. Applying the Predictive Hydrogen Demand Model

Hydrogen station design and operation is typically based on manufacturer models,
economics, policy, and best practices learned from past stations. All of these inputs provide
valuable insight and have been successful in the early demonstration and market phases. The fuel
cell mobility market is evolving quickly, however, with more vehicles leased and sold, new
deployment regions, and even new technologies (such as trucks) with drastically different fueling
conditions and requirements. Changes like these indicate there is opportunity for improvements
to improve station flexibility, performance and economics when implementing an adaptive,

predictive hydrogen demand model.

5.4.1 Fueling Stations for Light-Duty Vehicles

A primary challenge for hydrogen infrastructure success is cost, including capital cost,
hydrogen supply costs, supply chain costs, and O&M costs [133]. The costs challenge is
magnified when a station has a low utilization. To be profitable, a hydrogen station operator
requires high utilization so that operating costs can be spread across more hydrogen sales [34].
Although controlling demand is not feasible, there are a few ideas about how to lessen the impact
of low utilization, especially in the early stage of commercialization [136].

An option that is enabled by this work is to integrate an adaptive hydrogen demand
model into the station planning, controls, and operation processes. The proposed hydrogen model
must evolve over time as conditions change (such as the number of FCEVs, station age, and
availability) to improve station economics [137], [138], [139] without sacrificing performance
for the station customers (e.g., FCEV drivers), but key ways that the hydrogen demand

prediction model developed for this study could benefit the industry would be through:
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54.2

Station and equipment sizing: The size of station components influences station capital
costs and capability, with the expectation that the station can sufficiently handle demand
on both day 1 and in year 5. Predicting demand based on actual fill data and future
predictions for FCEV deployment provides a tool for sensitivity studies on the impact of
economics and capabilities when ensuring base- or peak-demand scenarios. Decisions
made by the station operators on when, how, and what to upgrade also can be informed
by a predictive demand model.

Maintenance strategies: The reliability of hydrogen stations is a current challenge with
regard to both frequency and cost [33]. By adding the station state of “unavailable” into
the model, the station transition matrices and the reliability engineering best practices
should enable business-based decisions that evaluate the economic impacts of when and
what to maintain versus staying available for the high-value fueling.

Operation strategies: Selling hydrogen is the primary function of a hydrogen station and
the method of doing so ultimately dictates the consumer price. Station operation
conditions such as when to compress, deliver, and chill, all impact the cost of dispensing
hydrogen to vehicles and therefore station operation economics. The utilization of a
predictive demand model can enable station operators to evaluate the impact of new

operation strategies based on individual business models.

Application for Other Technologies Such as Buses and Trucks

Our demand model has been built using data derived from light-duty, passenger FCEV

fueling. Many other technologies (for both fuel cells and batteries) that show promise, and the

need for an alternative infrastructure for fuel other than gasoline also can benefit from this

model. As new data becomes available, this model can be adapted for new station types such as a
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truck-stop type station, multi-use commercial station, and a hub such as an airport or marine port.
The biggest hurdle to adapting the model to other demands is data availability. Currently
underway are projects (e.g., DOT and California funded hydrogen stations, fuel cell bus, and fuel
cell truck demonstrations) that have the potential to generate valuable training and validation
data for the adaptation of the hydrogen, light-duty demand model to an alternative infrastructure
demand model.
5.5. Conclusion

Gasoline stations and the required infrastructure are well established in the United States,
with decades of legacy data to inform and optimize performance and economics. As hydrogen
fueling stations grow to comparable size and capability of gasoline infrastructure, there is a need
to understand the demand for hydrogen fueling for an informed and optimal scale-up process.
Informed by a broad dataset of hydrogen fueling events, this study proposes a statistical model to
predict the hour-by-hour demand for hydrogen fueling, as a function of variables such as
hydrogen station type, size, location, time of day, and more. By comparing hydrogen to gasoline
fueling datasets, his study demonstrates that the infrastructure supporting new mobility
technologies can utilize gasoline fueling trends to inform decisions. The predictive hydrogen
demand model that was developed for this study demonstrates the ability to model the station
state (fueling or standby), estimates of fill count, amount, rate, arrival times, and time between
fills. These results are valuable as inputs to station builders and operators who can make more
informed decisions on requirements, future needs, operation, and maintenance strategies that
directly impact the future and economics of hydrogen infrastructure.

The fueling demand model was trained with real-world station data, estimating the

probability for future fill time, amount, frequency, and times, starting from the assumption that

94



station fueling can be based on legacy hydrogen filling data and gasoline fill trends. A station
operator will be able to customize station sizing and capability, as well as estimate ideal times
(i.e., times during low use or low risk) for station maintenance or even to assess and incentivize
fueling during particular times. An example is an assessment of station capability for current
demand versus future demand, or the risk of expensive capital equipment versus future fueling
revenue. When the station operator integrates the station capability with operating economics,
maintenance decisions are driven by data so that revenue generation has minimal interruptions.
Researchers are also able to utilize the predictive demand model for future scenario studies like
integration of a hydrogen station with grid services, where future demand and station state of
charge dictates whether the station is available for grid services.

Based on these expected benefits, the predictive demand model can improve economics
of hydrogen station operation. Many factors influence the benefits of predicting demand, such as
the deployment timeline for FCEVs and station availability. Therefore, benefits will be
quantified with individual station operators and stations where implementation of the predicting
demand model can be customized to an individual station’s current output, capability, and

projected FCEV deployment.
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CHAPTER 6 - HYDROGEN STATION PROGNOSTICS HEALTH MANAGEMENT
MODEL

6. Introduction to the Hydrogen Station PHM

Research Question 3 aims to identify an active hydrogen station health monitoring system
that is actionable and effective at improving hydrogen station availability. Based on widely used
reliability engineering methods and the low reliability of current stations, this research advances
the hypothesis that a hydrogen station PHM could increase station availability by proactively
managing maintenance in order to minimize unscheduled failures. Individual station operators
are growing their experience and have specific strategies in development, yet there little to no
published information on the application of reliability methods for station operation. A gap in
available information and an observed challenge with station reliability, make this an ideal
application to study a system-level PHM for hydrogen stations.

The observed reliability challenge can be seen in a high frequency of component failures
[101]. The MFBF for the leading maintenance category (dispenser system) is less than 500. And
a high number of failures results in high O&M costs, over $10,000 per station per calendar
quarter, which is seen by hydrogen prices that are currently 4 to 5 times higher than parity with
gasoline prices at the pump. Demand is expected to grow [96], which is likely to exacerbate the
reliability challenge.

There is renewed momentum with supplier involvement [140], holistic hydrogen system
solutions [1], [118], and commercially available and planned fuel cell vehicles [25], [26], [27],
[105]. All this activity is pushing progress in lowering hydrogen production costs with

aggressive targets for supply chain, utilization, and deployment. However, there is a gap in
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publicly available information addressing a near-term challenge of hydrogen station reliability.
Hydrogen station reliability directly influences consumer acceptance of hydrogen technologies
and can also be improved through the application of reliability engineering.

6.1. Hydrogen Station Status

Publicly available hydrogen fueling stations are essential for mass adoption of hydrogen
fuel cell electric vehicles (FCEVs). Hydrogen-powered vehicles exhibit numerous benefits
relative to conventional vehicles and other zero-emission vehicles [5], specifically related to their
low life-cycle greenhouse gas emissions [6], [7], long range and fast fueling [8], competitive
market price (with lease and purchase options) [9], [10], [11], and durability [12]. As the demand
for hydrogen-fueled vehicles has increased with advancements in fuel cell vehicle technologies,
the number and variety of hydrogen stations has increased accordingly [96].

The hydrogen fueling station capital investment costs, and the O&M costs make up a
significant fraction of the cost of hydrogen delivered to vehicles. For instance, in the fourth
quarter of 2018, the average maintenance cost per kilogram hydrogen dispensed was $1.30 [101],
which is likely too high to meet the gasoline price parity target of less than $4 per kilogram. This
estimate is based on the assumption that maintenance costs directly contribute to the dispensed
hydrogen fuel price, but in many ways the non-monetized costs of hydrogen station
maintenance—particularly unscheduled failures—are higher than the monetized cost of
maintaining the fueling station.

When a hydrogen fueling station fails in its function to deliver hydrogen, this can have a
detrimental effect on vehicle users’ acceptance of hydrogen technology. For example, FCEV
drivers fill up their vehicles when their tanks are 30% full on average [141]. This fueling

behavior can be attributed in part to the range anxiety of electric vehicle drivers, which is
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different than gasoline vehicle fueling behavior [21], and is due in part to consumers’ concern
that the hydrogen station may not be available due to breakdown or unplanned maintenance
[106]. Hydrogen station availability is so essential for consumers that both industry and
government have developed software for real-time station availability status [87], [142]. At
present, station operators are servicing hydrogen stations with dueling objectives. On one hand,
they must service the system quickly to maintain the availability of the hydrogen station to meet
consumers’ reliability demands. On the other hand, they must take time to investigate the root
cause of the failure to avoid future failures. The current frequency of hydrogen station
component failures is too high—the MFBF for the leading maintenance category (dispenser
system) is less than 500 [101]. This is approximately one failure every 15 days, based on current
fueling trends, and is lower than the mean time between corrective maintenance activities of 21.5
days for gasoline stations in a “medium failure station” category [117].

Based on this understanding, there is a significant need to understand and improve the
reliability of hydrogen fueling stations. This study seeks to apply reliability engineering concepts
to hydrogen station O&M so as to reduce the cost of O&M and thereby reduce delivered
hydrogen costs. This study presents the development of a hydrogen station prognostics health
monitoring (H2S PHM) model. The H2S PHM model includes steps to identify the needed data,
observe operation, analyze the condition, and decide on actions, if any. This modeling should
enable a station operator to perform preventative maintenance instead of reactive maintenance to
system failures, with real-time processing of information to predict failures and realize lower
cost than conventional maintenance plans [143]. A primary value of PHM is that it can inform

O&M strategies that balance technical function and economic business decisions. In order to do
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that, PHM estimates RUL to determine future component functionality and to economically
evaluate a course of action [144].

6.2.  Review of a Hydrogen Station and Reliability

6.2.1 Hydrogen Station Overview

A hydrogen station is a complicated system with numerous mechanical, electrical,
chemical, safety, and structural subsystems. A hydrogen station must seamlessly and safely
manage the delivery of high-pressure, nearly-cryogenic hydrogen across varying ambient and
throughput conditions and provide a user interface that is safe for the general public (see Figure
30). There are numerous suppliers for hydrogen stations and their components, across the
engineering specialties such as rotating equipment, cooling, pressure vessels and piping, safety,
and electrical. Not all of the components are hydrogen-specific designs because the supply hasn’t
justified the development of hydrogen-specific subsystems. To date, hydrogen station evaluation
projects [34], [69], [65], [123] have analyzed past events to study and report on station
performance, economics, maintenance, and reliability. Through these projects, data is available
to benchmark the challenge of reliability, along with targeted component reliability efforts [122],

[120].

99



Figure 30. Fuel cell electric bus fueling at a hydrogen station (photo credit: NREL)

6.2.2 Reliability Engineering and PHM Overview

At present, the individual operators of hydrogen stations are improving the reliability of
hydrogen station operation through station operation and repairing failures. The published
literature does not reveal any comprehensive research on hydrogen station system-level
reliability engineering, although there is demonstrated potential to improve station reliability and
availability, based on existing reliability engineering literature and an assessment of the current
hydrogen station reliability [145].

Reliability Engineering methods aimed at improving reliability, decreasing unforeseen
failures, and lowering operational costs have been in development and are applied in many
different industries [89]. For example, the U.S. Army Material Systems Analysis Activity
(AMSAA) published an AMSAA Reliability Growth Guide [88] that summarized benefits of
reliability growth management to be finding unforeseen deficiencies, designing improvements,
reducing risk, and increasing probability of meeting objectives. Reliability engineering is
commonly applied to rotating equipment [90], [91], and the wind industry is applying
diagnostics and prognostics to improve wind farm reliability [92], [93], [146]. PHM, specifically,

is also regularly applied to equipment and complicated systems to predict failure, as evident by
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many scholarly articles reviewing, researching, and applying prognostics and health management
to engineering systems. Just a few examples of these systems include rotating equipment [147],
wind turbines [144], fuel cells [143], batteries [148], and development of monitoring systems
[149]. Sun et al. summarizes the benefits of PHM for system design, reliability prediction,
logistics design, safety, quality control, extending service life, and cost [150].

Although there is no strong consensus on what the best methods for PHM modeling
might be, or what metrics define success [151], there are some common classifications of
methods (Figure 31), which are applicable to a hydrogen station. Generally, a PHM method is
based on either a data-based, physics-based, or hybrid approach [152], [153]. Options for a data-
driven model are historical failure data and empirical operation lifetime data. The data-driven
model is typically a statistical model or an artificial intelligence model. Options for a physics-
driven model are theoretical or empirical models, with numerous model options that are specific
to the equipment function and operation being modeled. The hybrid model combines historical
data, available component models, and future loading conditions with the intent of a more
accurate model than an either-or model [154]. Section 6.3 will present PHM methods and

propose options for application to hydrogen stations.
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Figure 31. Summary of PHM methods and options

6.3.  Hydrogen Station PHM Model Methods

With the overarching objective of improving the reliability costs of hydrogen stations,
this section presents the methods for developing the H2S PHM, where stations have attributes
that complicate the selection of PHM approaches to operational improvement. For instance,
complicated systems, like a hydrogen station, can be difficult to operate and maintain especially
when one small component can have a large impact on system operation and function. Another
challenge is that there are mixed failure modes and the real-world failure data is noisy and
uncontrolled for identification of failure modes. Understanding the interconnections within
complicated systems requires sophisticated models capable of handling multiple data inputs,
technical/human decision making, and an understanding of uncertainties [155]. These high-
fidelity, validation-rich models do not yet exist for many of the equipment and systems in
hydrogen stations. For example, hydrogen embrittlement is a well-known issue [156] and an
active area for research to find low-cost materials and designs that are safe for hydrogen use.
Material failures, such as crack growth, may be accelerated in a hydrogen environment

especially in high-fatigue operating conditions. Therefore, a hybrid method is not yet feasible for
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the H2S PHM because there are not existing models of hydrogen balance of plant components
based on the current operating conditions that includes hydrogen embrittlement issues, at high
pressure (70 MPa) and cold gas temperatures (-40°C).

The decision for which PHM method to use is based on what inputs are available. In this
case, hydrogen station operation data is more readily available than physics-based hydrogen
equipment models. In fact, we are in a unique situation because 30 stations operational in the
U.S. regularly report O&M data that includes historical failure data and operation lifetime data.
Therefore, a data-driven method is recommended for the H2S PHM at this initial stage, framed
by a statistical regression model. The proposed Weibull statistical model (a well-established
lifetime data analysis method) was selected instead of an artificial intelligence model because
there was not enough, consistent data for the artificial intelligence inputs.

The proposed, data-driven, H2S PHM model has four main segments. The initial segment
(“identify data™) is added to the 3-part framework of Jouin et al., and includes development of
instrumentation data, historical maintenance data, and data from model(s) [149]. The “observe”
model segment includes data acquisition, data processing, and faults. The “model/analyze”
segment includes condition assessment, diagnostics, and the calculation of prognostic metrics
such as RUL. The final segment, termed “decide”, includes decision support and human-machine
interface that relies on technical expertise and understanding of the system. This architecture was
used to break down the inputs and outputs of the H2S PHM model and defines means for
implementation with hydrogen station operation to improve reliability. Each segment of the H2S
PHM (shown in Figure 32) feeds information to other segments, including feeding new lessons
back to the segments for improvements as more operation data and physics of failure modeling

becomes available.
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Figure 32. General H2S PHM model segments

6.3.1 Step 1: Identify Data

Datasets to inform the H2S PHM are available from the instrumentation used to control
every hydrogen station. The subsystems with instrumentation are the hydrogen source (on-site
production or delivery), compression, storage, dispensing (which includes chilling), and safety
monitoring. These instruments are shown in the generic gaseous hydrogen station process and
instrumentation diagram (P&ID), shown in Figure 33. This P&ID is simplified to show typical
instrumentation on hydrogen stations without extensive details on the multiples of components

like valves and storage [100].
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Figure 33. Simplified station (gaseous) P&ID diagram

The most common instrumentation in hydrogen stations measures gas pressure and
temperature. Pressure is monitored upstream and downstream of compression and dispensing, as
well as at the storage system. Temperature is monitored at the chiller and dispenser. Other
measurements include cycle counts on the storage system (e.g., depletion/fill), valves, and
dispenser (e.g., fill count). On-board vehicle storage tank temperature, pressure, and volume are
also recorded during every fill with communication between the station and the FCEV. Table 9
lists component and subsystem measurements.

The frequency of data acquisition varies by signal and purpose. For instance, ambient
temperature conditions and general station state information such as the quantity of stored
hydrogen may be collected only once or twice a day. Other instrumentation could be stored every
second while that subsystem is operating (e.g., high-pressure compression) or during a fill (e.g.,

dispenser gas temperature). Instrumentation for data acquisition contributes to capital and O&M
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costs, so not all instrumentation will be available for PHM purposes, especially given the capital
and O&M cost challenges of hydrogen infrastructure that were discussed in Chapter 1. A clear

benefit must be demonstrated in order to justify additional costs for system instrumentation.

Table 9. Preferred measurements by hydrogen station part for purposes of the H2S PHM

Part Function/Tag Measurement(s)

Valves Open/close valves Open/close cycles, temperature (fluid and ambient),

pressure, MFBF, valve position

Conirol valves Conirol flow Adjustment cycles, temperature (fluid and ambient),

pressure, MFBF, valve position

Compress to storage tanks (up to  Operation time, pressure (inlet/outlet), vibration,

Compressors
~87 MPa) MFBF, ambient temperature, variable speed
Chiller Cool hydrogen prior to fill Operation time, pressure, MFBF, ambient temperature,
operation set point, solar gain
Storage Low-, medium-, and high- State of charge, discharge cycle, discharge amount,
pressure hydrogen storage ambient temperature, MFBF
Sensors Temperature, pressure, leak Operation time, ambient temperature, measurement

output (sensor dependent), MFBF

6.3.2 Step 2: Observe Operation

The station observation data stream for this study is based on two different sources of
data: real-world hydrogen station data supplied by 34 stations across the U.S. to NREL’s

NFCTEC, and research data collected at NREL’s HITRF.

This first data stream, real-world station data, includes data collected at every fill, at
every maintenance event, and at every time when the station transitions from available to
unavailable for fill (and vice versa). At every fill, the stations report date, time, amount, rate,
vehicle starting pressure, and vehicle ending pressure (example shown in Table 10). At every scheduled and
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unscheduled maintenance event, maintenance data for is collected and tracked by component, subsystem, date, type,
and action (example shown in
Table 11). At every available/not available transition, the stations report time, date and
available/not available status through a Station Operating Status [87]. A limitation of this dataset
is that it typically does not include second-by-second data for temperatures, pressures, and
storage state of charge, or root-cause failure findings. Ideally for PHM purposes, assignment of
all known component conditions prior to, or at, failure would be known and tracked for all

maintenance events and equipment. In addition, typical parameters that contribute to failures are

thermal, mechanical, chemical, physical, and electrical [157] should, ideally, be tracked.

Table 10. Retail hydrogen station sample fill data

Date Amount Rate Starting Pressure | Ending Pressure
(kg) (kg/min) (MPa) (MPa)
1/4/2018 9:03 am 3.1 0.83 28 70
1/4/2018 9:42 am 2 0.85 35 71
1/4/2018 10:39 am 3.7 0.83 21 70
1/4/2018 10:57 am 3.2 0.83 17 70

Table 11. Retail hydrogen station sample maintenance data

Date Category Action Duration Cause/Effect Mode
(system, (hours)
subsystem)
2/3/2018 4:43 pm Compression, Replace 8 Pressure loss, warning Failed part
Compressor high
3/28/2018 9:00 am | Dispense, Valve | Replace 1 Failed part, hydrogen Failed part
leak
3/28/2018 9:00 am Dispense, Upgrade 1 NA, NA Upgrade
Dispenser
4/9/2018 1:00 pm Compression, Repair 2 Communication error, Adjustment
Compressor lost functionality

The second data stream, research data, is from NREL’s HITRF, an exemplar, highly

instrumented hydrogen station on campus at NREL. HITRF has the level of data acquisition that
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could support more detailed causal analysis (Table 12), but it is operated for experimental

purposes that often do not match the operational conditions of retail hydrogen stations.

By using both of these datasets together, we can understand the potential for

improvement of hydrogen station PHM through the proposed methods.

Table 12. HITRF station sample fill data

Date Amount Rate Starting Ending Dispensing | Dispensing
(kg) (kg/min) Pressure | Pressure (MPa) | Temperature | Pressure
(MPa) (°C) (MPa)

1/4/2018 9:03:26 am 3.9 0.83 28 70

1/4/2018 9:42:16 am Fill in Fill in 35 Fill in progress -10 35
progress progress

1/4/2018 9:42:17 am Fill in Fill in 35 Fill in progress -12 353
progress progress

1/4/2018 9:42:18 am Fill in Fill in 35 Fill in progress -15 35.6
progress progress

6.3.3 Step 3: Analyze Condition

The goal of PHM development is to move from reactive maintenance (i.e., unscheduled)

after a failure occurs to preventative maintenance (i.e., condition-based), scheduled to not

negatively impact customers who want to fuel their vehicle. Condition-based maintenance

doesn’t wait until a component fails for repair or replacement. The component is proactively

replaced during a preventative maintenance event when the specified component condition (e.g.,

cycle count) is reached and before the component fails [158]. Condition-based maintenance, in

the context of hydrogen stations, may be the practice of a repair/replace event at a certain fill

count or time in operation. An issue this with this limited practice is that it doesn’t factor in the

probability of failure so O&M costs may increase if the repair/replace event is completed too

early. It is expected that this proposed analysis will improve condition-based maintenance
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strategy with enhanced data-detail regarding the survival rates by subsystem/component and
expected RUL, using a statistical model from real-world data.

This recommended statistical analysis method assumes that the subsystem/component
combination is the smallest model block for assessment and the aging parameter is the fill count
and not the number of operation hours or days. There are many common parts (e.g., valves)
across the subsystems yet each subsystem has significantly different operating conditions that are
expected to influence the current condition and estimation for RUL (e.g., gas temperature at the
storage system is approximately equal to the ambient temperature and gas temperature at the
dispensing system is approximately -40°C). The fill count was chosen as the aging parameter
because it has not yet been determined that station subsystems/components deteriorate simply
based on time. The system is basically a closed system, except for possible small hydrogen leaks
to the environment, and operation is almost entirely controlled by the request to fill.

Fill data by subsystem/component is required for this method and this data is generally
two types: complete run-to-failure data or incomplete failure data from field systems. The
complete run-to-failure data is preferred because it is controlled and thorough. This is not yet
publicly available for the hydrogen station subsystems and components included in this study.
Run-to-failure for hydrogen equipment is an active area of research however, with more data
expected in the next 1-2 years [122]. Over time this will become valuable data to include into the
analysis; in the meantime, the most extensive data available is incomplete failure data from retail
hydrogen stations. Until then, the H2S PHM analysis data input is this incomplete failure data
from real-world station O&M. The incomplete failure data will be analyzed with a traditional
lifetime data analysis, or Weibull [108], [159] method. The traditional, three-parameter Weibull

distribution function is shown in Equation 21.
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-n\B
F(t)=1—exp[—(%) ],tZT (21)
where « is the scale parameter, [ is the shape parameter, 7 is the location parameter, and ¢ is the
aging parameter. A combination of @ and £ is sometimes represented as a combined parameter,

A = a~F. The Weibull distribution probability density function is shown in Equation 22.

() =BaPt—1)FTexp [— (?)ﬁ] Jt>T (22)
The available failure data will allow the model to extract key features («, 5, and 1) to
assign the component condition and predict RUL. With the key features, the Weibull survival
function, or reliability function (Equation 23), provides the probability that the component will

successfully operate at time t.

R(t) = 1— F(t) = exp [— (%T)ﬁ] > (23)
The conditional survival function is shown in Equation 24, where the survival is
calculated at time t based on the successful accumulation of operation time 7. The component
will be assessed (green, yellow, red) based on the conditional survival function (Equation 24), as
shown in the sample diagram (Figure 34). The model will assign an approximate condition that is
simply a basic assessment of the component survival probability to complete the next fill, while

acknowledging that the component has survived through T [160].

R(m) =" = e [ ((57) - (5] e
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Figure 34. Placeholder for example survival function estimate (excludes infant mortality failures)

Weibull distribution data can be plotted against ¢, especially for complete run-to-failure
data. In the scenario of incomplete failure data from retail hydrogen stations, the Weibull hazard
rate (or failure rate in Equation 25) is recommended with the Weibull distribution data plotted

against the cumulated hazard rate (Equation 26).

_f _ p(t-r\F?
ho =15 =5(%) 23)
H(t) = —log R(¢t) = (%T)B (26)

The last step is to estimate RUL (Equation 27).
RUL =Tpp; —T (27)
where T,,; (depicted in Figure 34 as “predicted failure fill count™), or the end-of-life, is
the fill count at 10% survival probability, which is considered the failure point for the purpose of
this analysis and T is the current fill count, or a potential failure point. Another way to look at

this is as a health indicator (i.e., survival probability), tracking the delta between the failure and
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the latest observation [161]. Note, the predicted failure fill count is a subjective threshold that
should be updated with additional failure data, root-cause failure results, and physics-based
models to inform the precursors to component failure.

There are a few limitations with this analysis method, as described. For instance,
catastrophic (or sudden) failures are not expected be predicted in this analysis. The method is
only as good as the available data, which is varied in source, frequency, and fidelity. The
proposed method does not include physics-based failure models as thresholds and times to wear-
out failures are not yet known. The model uncertainty is not yet understood and should be
included in future work with the comparison predicted with actual time to failure should consider
not only the aging parameters but also the operating conditions. This proposed model sets the
statistical framework which can be adapted and learn from additional data and include operating
conditions or factors leading to failure as more root-cause failure data and physics-based models

are available.

6.3.4 Step 4: Decide Action

The last step in the model is the presentation of information so that the station operator
can make a data-driven decision (technical and economical) regarding O&M decisions and
strategies. This step assumes that the conditional survival function and RUL will inform the
operator, not automatically trigger an action, because at this early phase in commercial hydrogen
station deployment, there is too much uncertainty in the statistical model. Implementing the H2S
PHM model at this early stage is advantageous though because the model can be validated and
iterated on in parallel to the station technology development and deployment, allowing for a

validated model ready in future commercialization phases.
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Along with the H2S PHM outputs, the station operator will rely on other inputs such as
technician availability and economic impact, to determine the preferred actions, or no action at
all. There is some guidance in the literature on assigning economic value to the decision to
maintain or wait [ 144]. For example, the economic trade-off includes cost avoidance
(replace/repair costs of preventative and reactive maintenance as well as downtime penalty costs)
and generated revenue. Cost avoidance is the difference between the cost of an unscheduled
(failed) maintenance event and the cost of preventative maintenance per the recommendation of
the H2S PHM or prior to a failure. There is value in a “wait-to-maintain” option and this value is
dynamic, as both the predicted and actual end-of-life will change due to operation (or other aging
parameters like calendar time), discrete maintenance intervals based on the logistics (scheduling
maintenance technicians and part availability), risk tolerance, and model uncertainties.

An optimizer for the value of completing maintenance, with the input and decision power
of trained/skilled hydrogen station operators, could be developed in future work to evaluate the
real impact on the day-to-day hydrogen station O&M costs. In addition, preventative
maintenance planning based on a reliability centered maintenance method [162] can be improved
with additional logic like whether an overhaul is possible or a repair is needed and if a function
test is needed for further diagnostics.

6.4. Hydrogen Station PHM Model Results

The proposed H2S PHM model is an initial framework based on currently available data,
with the intention that the model will adapt with future data and technology advances. This is
important because leading categories for station maintenance may change as reliability
improvements are implemented at stations, new technologies are introduced, and early system

development failures are designed out with experience and lessons learned. To demonstrate the
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initial framework and the iterations, Figure 35, shows a general H2S PHM state diagram with the
station O&M states (shown in black outline) integrated with the H2S PHM model steps (shown
in green outline).

As a starting point, the station is initiated in a ready position and then is able or
unavailable to fill. If the station is available to fill, then the station state will move to the “Fill”
state when requested. The fill is either successful, with data sent to the H2S PHM “Observe
Operation” state, or unsuccessful, in which case the station moves into an “Unscheduled
Maintenance” state. This state also supplies data to the H2S PHM “Observe Operation” state and
the station may be unavailable for a period of time, depending on the issue. Another O&M state
is “Preventative Maintenance,” where the station may or may not be ready and able to fill,
depending on the specific preventative maintenance event. This state is scheduled and also
provides data to the H2S PHM model. The “Identify Data” state (described in Section 6.3.1)
identifies what data signals are needed. The “Observe Operation” state (described in Section
6.3.2) uses all data inputs to inform the “Analyze Operation” state (described in Section 6.3.3).

The last state in the model is the “Decide Action” state (described in Section 6.3.4).
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6.4.1 Step 1: Identify Data

Available data for retail hydrogen stations is based on the NFCTEC O&M data template
[34]. The NFCTEC data includes logs of hydrogen production, delivery, dispensing, costs, and
second-by-second fueling data and maintenance/safety events. Heavily instrumented hydrogen
stations (i.e., NREL’s HITRF or Cal State Los Angeles’s Hydrogen Research and Fueling
Facility) can serve as a test bed for new hydrogen infrastructure instrumentation and precursors
of component failures. This is expected for future study on the need and justification of

additional instrumentation for an accurate and consistent set of failure data.

6.4.2 Step 2: Observe Operation

The primary data source is the retail hydrogen station data, with more than 465,000

hydrogen fills from more than 30 stations. Station operators typically supply new data every 1-3
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months for NFCTEC analysis and reporting so this data could be used to update the H2S PHM
regularly. The NFCTEC hydrogen station maintenance analysis shows that the dispenser,
compressor, and chiller account for 90% of over 5,600 maintenance events. Therefore, these
subsystems are the top priority for observation. Fittings and valves are common failure points
within these subsystems, where failures often result in lost functionality and warning alarms.
This highlights a challenge with the data-driven PHM approach, where failure root cause and
operation conditions are not often found in the station maintenance records because the goal is
generally to get the station fixed as quickly as possible, and the effects (e.g., a hydrogen leak or
an alarm warning) do not often point to a failure cause (e.g., vibration, installation error, or
material degradation).

The observation continues, with the knowledge of this data gap, and correlates the
number of fills to each maintenance event, assuming that a component is considered new up until
the first time it is maintained. The condition after that maintenance event is then dependent on
the specific action like inspect, repair, or replace. Individual component tag numbers are not in
the current data, so the components are grouped by function (Table 9) and subsystem. Other gaps
in the existing data include individual component identification, gas pressure and temperature
cycles, and ambient temperature cycles. These data are captured in the research dataset from
HITRF and indicate that there are possible trends that could signal an impending failure. This is

another area for future study.

6.4.3 Step 3: Analyze Condition

The training data is from all relevant retail hydrogen station data at NFCTEC, which
introduces a problem of mixing different station configurations and failure modes. This data is

the best available however, so all data is categorized by subsystem and components. Stations do
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have various suppliers, operating conditions, designs, and utilization rates yet all have similar
functional subsystems and components (like a dispenser with valves and nozzles). Ideally failure
modes and individual stations will be separated as more data is available and as the market
continues to develop. Data from all stations are aggregated in this initial version to generate a
shape and scale parameter for each subsystem/component category because of this common
functionality. An expected advantage of using the H2S PHM at this early stage is that the
aggregated statistics are a basis for comparison and iteration for station technology development,
when there is insufficient data for the ideal scenario.

With the aggregated reliability analysis of all applicable maintenance data (i.e.,
unscheduled maintenance), the parameters are found by fitting the maintenance data in the H2S
PHM Step 2, as described Section 6.3.3. An example of these parameters from fitting the
aggregated and categorized maintenance data, using a 2-parameter Weibull distribution

(assuming T = 0) is shown in Table 13.

Table 13. Example subsystem and component RUL estimates (not real data)

Subsystem Component Pasrz;alliier Parsafr:fllgt:ers
Dispenser Valve 0.58 32.8
Dispenser Nozzle 0.66 830.8
Dispenser Fitting 0.85 2851.0
Dispenser Dispenser 0.62 2218.8
Compressor Compressor 0.55 2414.6
Compressor Valve 0.57 1362.5
Chiller Chiller 0.43 1299.1
Chiller Heat Exchanger 0.73 1361.6

The shape and scale parameter are determined from the aggregated maintenance data, but

the RUL estimate is completed for an individual subsystem/component at a specific time for a
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station. Let us use the hypothetical example of a dispenser valve completing T = 92 fills without
a failure. The H2S PHM model first calculates the conditional survivability function, which
estimates the probability that the component will continue operating without a failure, with the
benefit of knowing that the component has already completed T fills. Figure 36 has both the
survival function and the conditional survival function for comparison in this hypothetical
example. The difference in the blue and orange lines show the increase in probability for a
component that has completed 92 fills (blue line) instead of a component that has not completed
any fills (orange line).

The initial end-of-life criteria is a survivability probability of 10%. As noted earlier, this
criterion should be updated based learnings comparing the actual failures with predicted failures,
the economic trade-off of wait-to-maintain and the acceptable level of risk from individual
station operators. In this hypothetical example, the T,,; = 403 fills and the RUL is 193 fills,

based on the shape and scale parameters in Table 13.
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Figure 36. Sample RUL estimate for a dispenser valve

6.4.4 Step 4: Decide Action

When requested by the station operator, the H2S PHM estimates a RUL for each of the
priority subsystem/components based on their real-time condition. Combining the RUL with
other decision factors like technician availability, part availability, predicted future fueling
demand, and economics trade-offs, supports the O&M decisions like when to perform
maintenance, order parts, or continue active monitoring.

Continuing with the hypothetical dispenser valve example, let us consider a longer period
of approximately 1 month, or 3,200 fills for a station averaging 2,500 kg/week. The RUL
changes as fills are completed until failure or pro-active repair/replacement of the component.

Figure 37 shows an example of how the RUL estimate changes over fill counts for the dispenser
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valve. This simple example has two scenarios for the same component. One scenario does not
have a PHM (black dashed lines) and the other scenario with the H2S PHM (blue lines).

In the scenario without PHM, the dispenser valve fails and is replaced with an assumed
station downtime of 3 times the median labor repair hours [101]. This multiplier captures the
time margin that would be necessary for maintenance logistics like notification, part availability,
and technician availability. The downtime (assumed constant for each reactive maintenance
event and is captured when RUL = 0) is translated to the number of fills based on the predicted
demand so that the number of fills varies based on the failure day and time of day. Note in this
example the valve fails and is repaired at exactly the same fill count each time (identified by the
black circle). This is used for illustrative purposes only and is not intended to state that the
failure is known and repeated exactly.

In the scenario with the H2S PHM, the dispenser valve is replaced at different intervals
(identified by the blue *). These illustrative replacement intervals show one possible path of
utilizing the H2S PHM with different repair criteria as more is learned and uncertainty is reduced
in predicting the RUL. For example, at the cumulative fill count of 1,346, the valve is on its third
replacement cycle, with 382 fills on the current valve. At this point of maintenance, the RUL
estimate is 54 fills, so the replacement may have been too early, but the next replacement cycle is
completed with a RUL less than 50 fills. This simplified example assumes the H2S PHM model
shape and scale parameters are consistent therefore the RUL estimate is repeated with each repair
cycle. In an actual implementation, the parameters may be updated regularly in order to
incorporate learning and comparisons from the actual failures and predicted failures.

Over the cumulative fills in this example, the H2S PHM value estimate is trending higher

than the No PHM scenario, showing the potential that the H2S PHM is economically
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advantageous compared with the status quo maintenance method. This is primarily due to
decreasing the station downtime and lower maintenance costs, however it does not take into
account all the costs and influencing factors. Note that this is an overly simplified example meant
to illustrate the factors influencing the decision step and what actions are taken. Future research
is needed for an assessment on the return of investment of the H2S PHM and economic
optimization that considers a full range of avoided O&M costs, revenue gain, and the PHM
investment [163]. In its initial iteration, the H2S PHM may provide the most value in providing
one more data source for the station operator’s goal of high station availability but it is not yet
ready for the full economic analysis as more data is needed for key variables like downtime per

maintenance event and subsystem/category.
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Figure 37. Time-series RUL example with variable repair schedules

An economic study of hydrogen fueling revenue, cost avoidance, and H2S PHM return
on investment is suggested for future study. For example, the cost of unscheduled maintenance
for today’s hydrogen station is $1.30/kg [101] on average. The cost of PHM maintenance could
be 30% of the unscheduled maintenance costs, based on an engineering estimate informed by
other industry estimates [164], [165]. The maintenance cost in the H2S PHM scenario is lower

because maintenance can be scheduled, and the station is unavailable for less time than the base
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scenario. Once the RUL is less than a low limit specific to the station operator, then the cost of
preventative maintenance could be assumed to be the same as the cost for unscheduled
maintenance and the cost avoidance is zero. A critical data stream for this economic study is
station maintenance costs by subsystem/component for both planned and unscheduled
maintenance.

6.5. Discussion

The H2S PHM model presented here is a proposed framework meant to avoid frequent,
unscheduled maintenance events that are costly and negatively impact the customer trust in
receiving hydrogen when it is needed. This model is entirely data-driven because physics-based
models are not yet available for the components and subsystems operating in a hydrogen
environment, which can have unique influences on failures like crack growth for steels,
especially under stress [156].

The statistical model is constructed from incomplete failure data, without individual
component identification (like a tag number) because the data supplied to NFCTEC doesn’t
include that level of detail. Implementation of the H2S PHM may be most effective with
individual station operators because details like the component tag numbers and specific
configuration would be available. In this case, the individual components can be tracked by tag
numbers, failure frequency, repair times, and costs that should enable a more meaningful
interpretation of the Weibull distribution parameters and maintenance economics than with the
generic parameters used for this study. For the purpose of illustrating how a station operator may
use the H2S PHM model, two hypothetical examples are provided below.

1. Valve replacement scheduling: a dispenser valve has a condition assignment of “yellow”

indicating that this valve is close to the lower threshold for survival probability. The
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yellow status highlights that the operator should monitor this closely and be prepared for
maintenance. The station operator reviews this with the predicted fill demand over the
RUL estimate. The operator also factors in logistical items like technician and part
availability. The station operator then determines the best time for replacement based on
all these considerations, ultimately minimizing the negative impact on the customers. If
the valve replacement is scheduled, the total station downtime may be short because the
station is only unavailable while the technician is actively working on the replacement. If
the valve fails, the station may be down for longer because a technician needs to arrive to
the site and make an assessment on the action required, and the action may not be
possible if the part(s) are not readily available. The RUL estimate is valuable because it
helps to balance the best time to do the repair/replace so that costs aren’t incurred
repairing a fully functional part and that a revenue is not lost due to an unscheduled

failure.

Major equipment overhaul: Let us assume that a compressor overhaul would require the
entire station to be unavailable for at least a full day. This is expensive and labor
intensive, so it does not make economic sense to complete this maintenance too early in
the operation life. The RUL estimate can be used to decide on the optimal time to
complete the overhaul. This will also allow the station operator to mitigate any revenue
or customer relationship risk with forewarning and other methods like pushing the station
storage state of charge to 100% before the overhaul. The primary difference with this
scenario and a basic maintenance practice is that the RUL estimate informs the timing

decision. A major component like a compressor is also an ideal candidate for integrating
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early warning signs (e.g., operation pressures), the statistical survival prediction, and a

physics-based failure model.

In both of these hypothetical examples, uncertainty may limit the H2S PHM model’s
usefulness. In an early market phase, infant mortality failures may be difficult to predict and
therefore the operator may not be confident in the RUL estimate. Any action initiated from the
H2S PHM model outputs will also be influenced by uncertainty in the predicted fill demand and
economic value. Another factor influencing uncertainty is whether the failures are systemic or
simply because the market is new. For instance, a particular component failure may only be an
issue because the component has not been customized for the hydrogen environment; when the
supply chain is more established than currently, the component will be replaced with a
customized with fewer failures and different failure modes.

As expected, when proposing a new method, there are a number of opportunities for
improvements. Another future consideration is to study the assumption of a continuous failure
model. If the behavior is discrete instead of continuous, the observations from the continuous
model may be inaccurate [113]. Information from field data and continued study of the modeling
will support the assessment of the data type and failures like burn-in or wear-out. If the
continued study of the hazard rates shows variations in the traditional bathtub curve, the model
should be adapted [112], [114], [166], [167]. The model may be also be customized as failure
mechanisms are identified and used to inform the component condition as not all components
may follow the typical aging phases as the traditional bathtub curve [168].

The number of variations and influences on the uncertainty are an indication that the H2S
PHM is not be ready to be the prime source for O&M strategies. However, implementing the

H2S PHM at this early stage can be beneficial because the model can have time for validation,
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additional training data, as well as develop in parallel to the understanding of failure modes, and
station operator insight. From over 465,000 fills, the data is the most extensive data available
from multiple station operators, configurations, and operating conditions. There is tremendous
opportunity is mine these data, even with the limitations, for advancing next generation systems.
6.6.  Conclusion

Currently, hydrogen station O&M is primarily reactive, which is reasonable in this early
stage of commercial productive development. Reliability is lower than needed for general
consumer acceptance based on a comparison with gasoline station reliability, so reliability was
identified as an ideal area for research and development. Data collected from retail hydrogen
stations is incomplete and still a valuable source to explore methods for improving reliability. A
promising option is a data-driven H2S PHM. The H2S PHM framework serves as the initial
building block to develop a way to increase station availability and improve O&M costs. The
H2S PHM could be adapted for an individual station or a network of stations, integrating a
reliability survival analysis with economic trade-off of cost avoidance and revenue.

In order to be adopted by a station operator a clear operational benefit must be identified
and model limitations addressed. The introduction of this model allows for validation and
iteration as the throughput of hydrogen stations increases and more data is available. Other
limitations of the data-driven H2S PHM can be mitigated with addition of more data, and
possible advances in physics-based models and physics of failure findings. Recommended future
research includes adding physics-based failure models, as well as iterating on the statistical
models to decrease the prediction uncertainty. An analysis identifying the primary contributors to

the uncertainty will highlight the priority areas for model improvements. A future economic
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optimization study will also identify the priority economic assumptions for use in the decision
for deferred maintenance actions versus failure risk costs.

Looking toward the future requirements for a low cost of hydrogen per kilogram (and the
exponential increase in hydrogen demand for multiple technologies), the H2S PHM model is
expected to decrease maintenance-related cost contribution to the cost per kilogram. A decrease
in cost is especially possible when the H2S PHM model is implemented in parallel with other
developmental efforts like a component reliability improvement plan, specifically designed
hydrogen components, and low-cost, high-volume manufacturing. Another impact that is not
easily quantified is how an increase in station availability, driven in part because of the H2S
PHM, could result in higher customer acceptance, thus improving the bottom line with both
increased utilization and reduced O&M costs. Ultimately improved station availability with the
H2S PHM increases confidence of FCEV drivers that the station will dispense hydrogen when
requested, a needed step for continued market acceptance of FCEVs. Therefore, we can conclude
that the application of traditional reliability engineering methods to a new field (hydrogen station

operation) is one method that can address a leading challenge for hydrogen stations.
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CHAPTER 7 — CONCLUSIONS

7. Summary

Hydrogen infrastructure to fuel light-duty passenger vehicles has moved from an idea to a
reality. These hydrogen stations are fueling commercially available FCEVs, in the limited
geographic regions where the stations are located. A review was completed in order to assess the
hydrogen station technology status and improvements needed for the future hydrogen stations,
both in California and for the national roll-out of hydrogen infrastructure and FCEVs.

While there are many research and development opportunities for hydrogen
infrastructure, this research focused on a set of high priority technical challenges, station
availability and dispensed hydrogen cost. This focus was selected because the review of station
performance status identified because hydrogen station reliability is lower than the incumbent
gasoline technology and the dispensed price of hydrogen is higher than the incumbent gasoline
technology. In addition, these challenges were ideally suited to utilize a systems engineering
process to identify possible solutions because the interrelationship of subsystems also influences
reliability, cost, and the ability to successfully meet the consumer needs in a real-world setting

Hydrogen station reliability is directly related to availability and dispensed price, because
unscheduled downtime reduces availability and adds cost due to maintenance. Both of these
topics also have a direct relationship to consumer acceptance, which is necessary for successful
commercialization of the hydrogen stations. Therefore, this research aimed to investigate
systems level innovations that could improve availability and decrease cost by improvements to

station reliability by reducing downtime and maintenance costs. I proposed that innovations like
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predicting the future fueling demand integrated with PHM would support O&M strategies
needed to improve the commercial potential of hydrogen fueling stations.
7.1.  Research Question Summary

The research set out to answer how can a measured and modeled hydrogen infrastructure
system based on real-world operation be used to understand the benefit of integrating a new
predictive reliability model to address key technical challenges of availability and cost. To
answer this question, this research established the methods and framework for operational
analysis and predicting demand and failures for a hydrogen station, through three smaller scope

research questions, summarized as follows.

7.1.1 Research Question 1 — What is the measured operational performance of current,

consumer-oriented, retail hydrogen stations?

The operation performance of current, consumer-oriented, retail hydrogen stations is
safely filling FCEVs, with over 913,000 kilograms dispensed in 2018, having moved from a pre-
commercial phase (prior to 2016) to an early commercial, retail phase. The number of retail (i.e.,
24/7 publicly available) hydrogen stations is 39 in the U.S. supporting over 6,000 FCEVs. Safety
is fully integration into station monitoring and control, with minor hydrogen leaks as the top
category for safety reports. Hydrogen station capital costs of stations are approximately $5,000
per daily capacity (kg), which is much lower cost than the early demonstration stations in 2009
which had costs of approximately $20,000 per daily capacity. And new stations are being
designed today that are expected to have lower costs. The hydrogen price at the pump is
approximately 4 times the price of a gallon of gas. And a low MFBF negatively impacts station
availability — a key consumer requirement — with unscheduled maintenance events and station

downtime. This review of U.S. retail stations included deployment, safety, cost, fueling trends,
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and maintenance trends. The analysis identified four gaps (capital costs, reliability, multi-use
(e.g., truck fills), and cost-effective renewable hydrogen) were observed as challenges for
economically viable hydrogen stations.

Hydrogen station reliability has demonstrated improvements like lower maintenance
costs and higher MFBF than the pre-commercial hydrogen demonstration stations. However, the
station reliability is not as good as the incumbent gasoline fueling stations and station availability
is a reported concern for FCEV owners. Hydrogen station reliability is a key influencer of
hydrogen station market success. Cost and reliability gaps were the research motivation, focusing
on how this research could improve reliability with hydrogen station system innovations that will

increase availability and decrease cost.

7.1.2  Research Question 2 — What are the sources of potential for station controls and
operations optimization to improve the economics and effectiveness of hydrogen

stations?

The primary function of a hydrogen station is to safely and effectively transfer gas from
the station to a FCEV. The hydrogen station has no control or insight of the FCEV demand,
however. The FCEV driver is influenced by factors like accessibility to a station, FCEV tank
level, hydrogen sourcing, and confidence in station availability. The industry has seen drastic
changes in hydrogen fueling demand over the past 2-3 years with more FCEV's on the road and
other applications like buses and trucks gain interest of fleet operators. Given the variability of
hydrogen fueling demand in the future and critical demand is to the success of a hydrogen
station, predicting future hydrogen demand has the potential to improve the economics and
effectiveness of hydrogen stations. The predictions of fill trends (amount, frequency, and arrival

time) by hour, day, and week guide station development and O&M strategies.
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A hydrogen station design, permit, construction, and commission timeline can take more
than a year according to the assessment of stations. This same assessment has also shown there
are significant increases in demand in this same time frame of 1-2 years. A predictive hydrogen
demand model allows a station operator to evaluate how well station configurations can dispense
hydrogen for both near-term and future fueling demand. This can be accomplished by integrated
the future demand with other station capability models (e.g., like a hydrogen capacity model
[169] and hydrogen station equipment cost model [133]).

An unavailable station influences consumer confidence in hydrogen fueling as observed
from fueling behavior trends and FCEV driver surveys. As consumer confidence is a factor in
station demand, it is important for a station to maintain high consumer confidence. The
predictive demand model allows for strategic station O&M decisions, like scheduling
preventative maintenance at low use times and ensuring station storage state of charge is 100%

prior to high use times.

7.1.3 Research Question 3 — What strategies for active hydrogen station health monitoring

are actionable and effective at improving hydrogen station reliability?

There are multiple options for improving station reliability such as individual component
reliability improvement programs and next-generation technologies. More holistically, this
research proposes a framework for a hydrogen station prognostics health monitoring (H2S PHM)
model that can minimize unexpected downtime by predicting the RUL for primary components.
This H2S PHM is complementary to other reliability improvement efforts as it is implemented at
the hydrogen station system level and can continue assessing when with multiple equipment

generations and capabilities.
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The H2S PHM model is a data-driven statistical model, based on O&M data collected
from 34 hydrogen stations and more than 1,470,000 dispensed kilograms and 465,000 fills. The
highest priority subsystems (determined by the most frequent maintenance activity) studied are
the dispenser, compressor, and chiller. The RUL estimates are used to decide whether
maintenance should be completed or not based on the prediction and expected future station use.
The H2S PHM model is initially built on incomplete, real-world failures for a statistical model.
This data is available for multiple stations as part of NFCTEC but is also tracked at each
individual station, thus the statistics that are used to estimate the RUL for key components can be
customized.

Answers from these three research questions have shown that hydrogen station system
innovations such as predicting hydrogen demand and failures has the potential to improve station
reliability. This is accomplished by proactive management of station downtime, economical
preventative maintenance, and decreasing the number and frequency of unscheduled failures. As
hydrogen station subsystems and components are still in an early commercialization phase so
there is little publicly available research on component level physics-based failures so real-world
O&M data is essential to the predictions.

This research is novel in part because of the combination of field hydrogen station
performance benchmarking, reliability growth, predictive demand, and survival predictive
analyses. A summary of the primary research contributions is:

e A survey of existing hydrogen station operation literature,
e A gap analysis to inform station requirements and operations to enable consumer

acceptability, reliability, and reduction in the cost of delivered hydrogen,

131



An analysis of a unique set of station O&M data from over 30 retail hydrogen
stations in the U.S. There is no other published research that includes the amount
and variety of real-world station data along with a focus on technical aspects of
station O&M,

A quantification of the reliability, consumer acceptability, and cost trade-offs
associated with optimization of hydrogen station operations,

A predictive fueling demand model, based on statistics of current hydrogen and
incumbent gasoline fueling trends. The model is novel in that is the first to predict
hydrogen fueling demand hour-by-hour and day-by-day,

A H2S PHM model, based on statistics of hydrogen station maintenance events,
particularly unscheduled failures. The model is built from over 465,000 fills and
5,600 maintenance records. An important model output is the estimate of RUL for
high priority (based on current failures or impact) subsystems and components.
This model is novel because it applies reliability engineering methods to reduce a
hydrogen station’s unscheduled failures and resulting downtime, and
demonstrates the economic value of PHM in this new application,

A set of peer-reviewed research material that provides new tools and methods to
improve two leading challenges (availability and cost) for economically viable
hydrogen station operations. A manuscript has been published in the International
Journal of Hydrogen reviewing the operational performance of current, consumer-
oriented, retail hydrogen stations, based on the first research question [145]. A

manuscript covering the reliability analysis and real-world station status, is in the
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final review stage. A manuscript covering the method and results of a predictive
fueling demand model is in the review stage.
7.2.  Future work

The suggested future work aims to address challenges with the proposed innovations and
to build on the initial modeling framework with iteration, validation, and re-assessment. An
example of a challenge is that the data the models are built on is from a variety of hydrogen
stations in an early commercialization phase. The proposed innovations are only as good as the
input data used to build the models, so additional data is needed. Therefore, one area for future
work is continued model iterations with new and updated training data inputs from both real-
world station O&M data, as well as laboratory benchmarking data.

Another area for future work is the addition of physics-based failure models that provide
insight into the modes and indications for failure. A hybrid of both statistical data and physics-
based models should improve the accuracy of predicting the RUL. The last recommendation for
future work is to include more real-world economic values for component and system
maintenance so that an optimization can be completed for the cost trade-offs waiting-to-
maintain, preventative maintenance, and lost revenue due to unscheduled failures.

There are many hydrogen infrastructure variables that are rapidly changing, which
challenges the assumptions and targets for hydrogen station reliability. The subsystem and
component suppliers are improving designs and pushing the performance capabilities within a
high-pressure hydrogen system so end-of-life criteria is not constant. New applications, such as
heavy-duty fuel cell trucks, demand at least an order of magnitude increase in both fill amount
and rate. New station operators are entering the market, which means that one-time errors that

are avoided based on experience will likely be repeated. Reliability improvement programs that
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are adaptable and based on data and physics-based modeling are needed to ensure safe operation
with this rapidly changing station configurations, capabilities, and requirements. Longer term
future hydrogen station reliability engineering will have to include a more robust structure for
spares, warranties, and technicians. This structure needs to be informed by the statistical models
proposed here as well as reliability testing. The reliability testing should include failure root
cause investigation and quality control features for critical subsystems and components, with
run-to-failure data and accelerated failure benchmarking. The testing will also investigate and
identify failure contributions due to mechanical, thermal, and humidity stresses, along with
informed study on material capabilities when exposed to hydrogen. All the data from reliability
modeling and testing will be used to direct customized hydrogen station designs for high
reliability.

The extent of future reliability modeling and testing data that is expected will be an
indicator of hydrogen stations commercialization and the required supply chain. With more
reliability-based contributions from industry, government, and academics, the hydrogen station
product will begin to model the function and reliability of other established gas infrastructures.
Much of the reliability work proposed assumes continuity with current hydrogen station
functions and operating requirements. Disrupting the status quo for hydrogen station function,
design, and operating requirements is another compelling area for future work. Examples of
future disruptive hydrogen station designs include high-pressure electrolyzer output (reducing or
removing the need for compression), low-cost and safe bulk hydrogen storage in liquid and gas
form. Research pushing the boundary of hydrogen stations component design and integration
with other aspects of the energy systems (e.g., energy production, natural gas, industrial gas

applications, cyber-security, and resiliency) should also include options to increase renewables
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on the grid, improve controls for optimal operation for reliability, and economically viable

hydrogen infrastructure.

135



REFERENCES

[1] B. Pivovar, N. Rustagi, and S. Satyapal, “Hydrogen at Scale (H2@Scale): Key to a
Clean, Economic, and Sustainable Energy System,” Electrochem. Soc. Interface, vol. 27, no. 1,
pp. 47-52, Jan. 2018.

[2] U.S. Environmental Protection Agency, “Air Pollutant Emissions Trends Data,” Feb-
2017. [Online]. Available: https://www.epa.gov/air-emissions-inventories/air-pollutant-
emissions-trends-data. [Accessed: 06-Apr-2017].

[3] C. Gearhart, “Implications of sustainability for the United States light-duty transportation
sector,” MRS Energy Sustain., vol. 3, 2016.

[4] S. Davis, N. Lewis, M. Shaner, and S. Aggarwal, “Net-zero emissions energy systems,”
Science, vol. 360, no. 6396.

[5] Governor’s Interagency Working Group on Zero-Emission Vehicles, “2016 ZEV Action
Plan: An Updated Roadmap Toward 1.5 Million Zero-Emission Vehicles on California
Roadways by 2025,” Sacramento, Calif., Oct. 2016.

[6] T. Nguyen and J. Ward, “Life-Cycle Greenhouse Gas Emissions and Petroleum Use for
Current Cars,” U.S. Department of Energy, Washington, D.C., 16004, May 2016.

[7] D. Andress, T. Nguyen, and G. Morrison, “GHG Emissions and Petroleum Use
Reduction from Fuel Cell Deployments,” U.S. Department of Energy, Washington, D.C., 16003,
May 2016.

[8] K. Wipke, S. Sprik, J. Kurtz, T. Ramsden, C. Ainscough, and G. Saur, “National Fuel
Cell Electric Vehicle Learning Demonstration Final Report,” National Renewable Energy

Laboratory, Golden, CO., NREL/TP-5600-54860, 2012.

136



[9] A. Wilson, J. Marcinkoski, and D. Papageorgopoulos, “Fuel Cell System Cost - 2016,”
U.S. Department of Energy, Washington, D.C., DOE Hydrogen and Fuel Cell Program Record
16020, Sep. 2016.

[10] E.J. Carlson, J. H. Thijssen, S. Lasher, S. Sriramulu, G. C. Stevens, and N. Garland,
“Cost Modeling of PEM Fuel Cell Systems for Automobiles,” SAE Tech. Pap. 2002-01-1930,
Jun. 2002.

[11]  P. Davis, “Fuel Cell System Cost - 2002 vs 2005,” U.S. Department of Energy,
Washington, D.C, DOE Hydrogen and Fuel Cell Program Record 5005, May 2006.

[12]  A. Wilson, J. Marcinkoski, and D. Papageorgopoulos, “On-Road Fuel Cell Stack
Durability,” U.S. Department of Energy, Washington, D.C., 16019, Nov. 2016.

[13] NREL Technology Validation Team, “Well-to-Wheels CO2 and GHG Emissions by
FCEV On-road Fuel Economy,” 2016. .

[14] T. Nguyen, J. Ward, and K. Johnson, “Life-Cycle Greenhouse Gas Emissions and
petroleum Use for Mid-Size Cars,” U.S. Department of Energy, Washington, D.C, Program
Record Record #16008, Dec. 2016.

[15] M. Yazdanie, F. Noembrini, L. Dossetto, and K. Boulouchos, “A comparative analysis of
well-to-wheel primary energy demand and greenhouse gas emissions for the operation of
alternative and conventional vehicles in Switzerland, considering various energy carrier
production pathways,” J. Power Sources, vol. 249, no. 1, pp. 333-348, Mar. 2014.

[16] “Argonne GREET Publication : Cradle-to-Grave Lifecycle Analysis of U.S. Light-Duty
Vehicle-Fuel Pathways: A Greenhouse Gas Emissions and Economic Assessment of Current
(2015) and Future (2025-2030) Technologies.” [Online]. Available:

https://greet.es.anl.gov/publication-c2g-2016-report. [Accessed: 09-Oct-2018].

137



[17] F.Joseck, T. Nguyen, B. Klahr, and A. Talapatra, “Current U.S. Hydrogen Production,”
U.S. Department of Energy, Washington, D.C., 16015, May 2016.

[18] A.Rousseau, S. Pagerit, T. Wallner, and H. Lohse-Busch, “Comparison Between Fuel
Cell and Hydrogen Engine Fuel Consumption,” presented at the SAE 2008-01-0635, Apr-2008.
[19] T.Bono et al., “Development of New TOYOTA FCHV-adv Fuel Cell System,” SAE Int.
J. Engines, vol. 2, no. 1, pp. 948-954, Apr. 2009.

[20]  O. Erdinc and M. Uzunoglu, “Recent trends in PEM fuel cell-powered hybrid systems:
Investigation of application areas, design architectures and energy management approaches,”
Renew. Sustain. Energy Rev., vol. 14, no. 9, pp. 2874-2884, Dec. 2010.

[21] J. Kurtz, S. Sprik, G. Saur, and S. Onorato, “Fuel Cell Electric Vehicle Driving and
Fueling Behavior,” National Renewable Energy Laboratory, NREL/TP-5400-73010, Mar. 2019.
[22] U.S. Department of Energy, “Compare Fuel Cell Vehicles, www.fueleconomy.gov.”
[Online]. Available: https://www.fueleconomy.gov/feg/fcv_sbs.shtml. [Accessed: 07-Jan-2019].
[23] S. Curtin and J. Gangi, “Fuel Cell Technologies Market Report 2015,” U.S. Department
of Energy, Washington, D.C., DOE/EE 1485, Aug. 2016.

[24] K. Mahadevan et al., “Identification and Charcterization of Near-Term Direct Hydrogen
Proton Exchange Membrane Fuel Cell Markets,” U.S. Department of Energy, Washington, D.C.,
Apr. 2007.

[25] J. Trainor and D. Joyce, “Capitol Hyundai of San Jose Celebrates First Fuel Cell
Customer Delivery in Northern California,” Hyundai News, 02-May-2016. [Online]. Available:
http://www.hyundainews.com/us/en/media/pressreleases/45378/capitol-hyundai-of-san-jose-
celebrates-first-fuel-cell-customer-delivery-in-northern-california. [ Accessed: 03-Mar-2017].

[26] J. Hartline and S. Ingram, “First Toyota Mirai Owners Get a Jump on the Future |

138



Toyota,” Toyota-USA Newsroom, 21-Oct-2015. [Online]. Available:
http://toyotanews.pressroom.toyota.com/releases/toyota+mirai+owners+jump-+future.htm.
[Accessed: 03-Mar-2017].

[27] “Honda begins sales of Clarity Fuel Cell, first car delivered to METL,” Fuel Cells Bull.,
vol. 2016, no. 4, p. 2, Apr. 2016.

[28] T.Ramsden, M. Ruth, V. Diakov, M. Laffen, and T. A. Timbario, “Hydrogen Pathways:
Updated Cost, Well-to-Wheels Energy Use, and Emissions for the Current Technology Status of
Ten Hydrogen Production, Delivery, and Distribution Scenarios,” National Renewable Energy
Laboratory, Golden, CO., NREL/TP-6A10-60528, Mar. 2013.

[29] J.-J. Hwang, “Sustainability study of hydrogen pathways for fuel cell vehicle
applications,” Renew. Sustain. Energy Rev., vol. 19, pp. 220-229, Mar. 2013.

[30] G. Mulder, J. Hetland, and G. Lenaers, “Towards a sustainable hydrogen economy:
Hydrogen pathways and infrastructure,” Int. J. Hydrog. Energy, vol. 32, no. 10, pp. 1324-1331,
Jul. 2007.

[31] T. Nguyen, J. Ward, and K. Johnson, “Well-to-Wheels Greenhouse Gas Emissions and
Petroleum Use for Mid-Size Light-Duty Vehicles,” U.S. Department of Energy, Washington,
D.C, Program Record Record #13005, May 2013.

[32] F.Joseck and J. Ward, “Cradle to Grave Lifecycle Analysis of Vehicle and Fuel
Pathways,” U.S. Department of Energy, Washington, D.C., 14006, Mar. 2014.

[33] S. Sprik, J. Kurtz, G. Saur, M. Ruple, C. Ainscough, and S. Onorato, “Next Generation
Hydrogen Station Composite Data Products: Data through December 2017,” National
Renewable Energy Laboratory (NREL), Golden, CO., May 2017.

[34] S. Sprik, J. Kurtz, C. Ainscough, G. Saur, and M. Peters, “Performance of Existing

139



Hydrogen Stations (Presentation),” Fuel Cell Seminar and Energy Exposition, Nov-2017.

[35] K. Reddi, A. Elgowainy, N. Rustagi, and E. Gupta, “Impact of hydrogen refueling
configurations and market parameters on the refueling cost of hydrogen,” Int. J. Hydrog. Energy,
vol. 42, no. 34, pp. 21855-21865, Aug. 2017.

[36] K. Reddi, M. Mintz, A. Elgowainy, and E. Sutherland, “13 - Building a hydrogen
infrastructure in the United States,” in Compendium of Hydrogen Energy, M. Ball, A. Basile, and
T. N. Veziroglu, Eds. Oxford: Woodhead Publishing, 2016, pp. 293-319.

[37] M. W. Melaina, “Turn of the century refueling: A review of innovations in early gasoline
refueling methods and analogies for hydrogen,” Energy Policy, vol. 35, no. 10, pp. 4919-4934,
Oct. 2007.

[38] B. Bush, M. Melaina, M. Penev, and W. Daniel, “SERA Scenarios of Early Market Fuel
Cell Electric Vehicle Introductions: Modeling Framework, Regional Markets, and Station
Clustering,” National Renewable Energy Laboratory, Golden, CO., NREL/TP-5400-56588,
2013.

[39] C. Yang and J. Ogden, “Determining the lowest-cost hydrogen delivery mode,” Int. J.
Hydrog. Energy, vol. 32, no. 2, pp. 268-286, Feb. 2007.

[40] J. M. Ogden, “Prospects for Building a Hydrogen Energy Infrastructure,” Annu. Rev.
Energy Environ., vol. 24, no. 1, pp. 227-279, 1999.

[41] Z.Lin,J. Ogden, Y. Fan, and C.-W. Chen, “The fuel-travel-back approach to hydrogen
station siting,” Int. J. Hydrog. Energy, vol. 33, no. 12, pp. 3096-3101, Jun. 2008.

[42] M. W. Melaina, “Initiating hydrogen infrastructures: preliminary analysis of a sufficient
number of initial hydrogen stations in the US,” Int. J. Hydrog. Energy, vol. 28, no. 7, pp. 743—

755, Jul. 2003.

140



[43] M. Nicholas, S. Handy, and D. Sperling, “Using Geographic Information Systems to
Evaluate Siting and Networks of Hydrogen Stations,” Transp. Res. Rec. J. Transp. Res. Board,
vol. 1880, pp. 126—-134, Jan. 2004.

[44] State of California, Assembly Bill 8: Alternative Fuel and Vehicle Technologies: Funding
Programs. 2013.

[45] California Air Resources Board, “CHIT Results Map Viewer.” [Online]. Available:
http://californiaarb.maps.arcgis.com/apps/webappviewer/index.html?1d=f2bc7847159843cb290
5dbc4a0391b6. [Accessed: 28-Sep-2017].

[46] J. D. Bucher and T. H. Bradley, “Modeling operating modes, energy consumptions, and
infrastructure requirements of fuel cell plug in hybrid electric vehicles using longitudinal
geographical transportation data,” Int. J. Hydrog. Energy, vol. 43, no. 27, pp. 1242012427, Jul.
2018.

[47] U.S. Department of Energy, “Alternative Fuels Data Center,” 24-Aug-2017. [Online].
Available: https://www.afdc.energy.gov/. [Accessed: 28-Sep-2017].

[48] M. Melaina, B. Bush, M. Muratori, J. Zuboy, and S. Ellis, “National Hydrogen Scenarios:
How Many Stations, Where, and When?,” National Renewable Energy Laboratory (NREL), Oct.
2017.

[49] “Hydrogen Data Book | Hydrogen Analysis Resource Center.” [Online]. Available:
http://hydrogen.pnl.gov/hydrogen-data/hydrogen-consumption. [Accessed: 11-Mar-2017].

[50] J. Alazemi and J. Andrews, “Automotive hydrogen fuelling stations: An international
review,” Renew. Sustain. Energy Rev., vol. 48, pp. 483-499, Aug. 2015.

[51] “2017 Annual Evaluation of Hydrogen Fuel Cell Electric Vehicle Deployment and

Hydrogen Fuel Station Network Development,” California Air Resources Board, Sacramento,

141



Calif., Aug. 2017.

[52] California Fuel Cell Partnership, “A California Road Map: The Commercialication of
Hydrogen Fuel Cell Vehicles,” California Fuel Cell Partnership, West Sacramento, Calif., Jul.
2014.

[53] C. H. Rivkin, M. C. Caton, and C. D. Ainscough, “Brentwood Lessons Learned Project
Report,” National Renewable Energy Lab. (NREL), Golden, CO (United States), NREL/TP-
5400-68769, Sep. 2017.

[54] T. Eckerle and T. Jones, “Zero-Emission Vehicles in California: Hydrogen Station
Permitting Guidebook,” Governor’s Office of Business and Economic Development,
Sacramento, CA, Nov. 2015.

[55] C. Rivkin, W. Buttner, and R. Burgess, “Guide to Permitting Hydrogen Motor Fuel
Dispensing Facilities,” National Renewable Energy Laboratory, Golden, CO., NREL/TP-5400-
64042, 2016.

[56] C. Rivkin, C. Blake, R. Burgess, W. Buttner, and M. B. Post, “Regulations, Codes, and
Standards (RCS)Template for California Hydrogen Dispensing Stations,” National Renewable
Energy Laboratory, Golden, CO., NREL/TP-5600-56223, 2012.

[57] C. Rivkin, R. Burgess, and W. Buttner, “Hydrogen Technologies Safety Guide,” National
Renewable Energy Laboratory, Golden, CO., NREL/TP-5400-60948, Jan. 2015.

[58] T. A.Johnson, C. Ainscough, D. Terlip, G. Meadows, L. Quinlan, and B. Wong,
“Development of the HyStEP Device,” presented at the SAE 2016 World Congress and
Exhibition, 2016.

[59] California Energy Commission, “California Energy Commission DRIVE Hydrogen

Projects,” Oct-2017. [Online]. Available:

142



http://www.energy.ca.gov/drive/projects/hydrogen.html. [Accessed: 23-Oct-2017].

[60] E.Hechtand J. Pratt, “Comparison of Conventional vs. Modular Hydrogen Refueling
Stations, and On-site Production vs. Delivery,” Sandia National Laboratories, SAND2017-2832,
2017.

[61] M. Melaina and M. Penev, “Hydrogen Station Cost Estimates: Comparing Hydrogen
Station Cost Calculator Results with Other Recent Estimates,” National Renewable Energy Lab.
(NREL), Golden, CO (United States), NREL/TP-5400-56412, Sep. 2013.

[62] J. Alkire, “Technology validation Program Area - Plenary Presentation,” U.S.
Department of Energy, Presentation, Jun. 2017.

[63] J. C. Mankins, “Technology readiness assessments: A retrospective,” Acta Astronaut.,
vol. 65, no. 9-10, pp. 1216-1223, Nov. 2009.

[64] California Energy Commission, “Hydrogen Projects: fueling infrastructure awards,”
2011. [Online]. Available: http://www.energy.ca.gov/drive/projects/hydrogen.html. [Accessed:
28-Sep-2017].

[65] D. Blekhman, “Sustainable Hydrogen Fueling, California State University, Los Angeles
(Presentation),” presented at the 2012 DOE Hydrogen Annual Merit Review, Mar-2012.

[66] T.Lipman, M. Witt, and M. Elke, “Lessons learned from the installation and operation of
Northern California’s first 70-MPa hydrogen fueling station,” Int. J. Hydrog. Energy, vol. 38, no.
36, pp. 15868-15877, 2013.

[67] National Renewable Energy Laboratory, “Hydrogen Infrastructure Testing and Research
Facility,” Feb-2017. [Online]. Available: https://www.nrel.gov/esif/labs-hydrogen-infrastructure-
testing.html. [Accessed: 28-Sep-2017].

[68] S.D. Stephens-Romero, T. M. Brown, J. E. Kang, W. W. Recker, and G. S. Samuelsen,

143



“Systematic planning to optimize investments in hydrogen infrastructure deployment,” Int. J.
Hydrog. Energy, vol. 35, no. 10, pp. 4652—4667, May 2010.

[69] T.Brown, S. Stephens-Romero, and G. S. Samuelsen, “Quantitative analysis of a
successful public hydrogen station,” Int. J. Hydrog. Energy, vol. 37, no. 17, pp. 12731-12740,
Sep. 2012.

[70] S. D. Stephens-Romero et al., “Projecting full build-out environmental impacts and roll-
out strategies associated with viable hydrogen fueling infrastructure strategies,” Int. J. Hydrog.
Energy, vol. 36, no. 22, pp. 1430914323, Nov. 2011.

[71] “NREL: Hydrogen and Fuel Cells Research - National Fuel Cell Technology Evaluation
Center.” .

[72] SAE International, “Fueling Protocols for Light Duty Gaseous Hydrogen Surface
Vehicles (J2601 201407).” SAE International, Jul-2014.

[73] E. Sutherland and F. Joseck, “Low Volume Production and Delivery Cost,” U.S.
Department of Energy, Washington, D.C., 15011, 2015.

[74] “Clean Cities Alternative Fuel Price Report,” U.S. Department of Energy, Washington,
D.C., Jul. 2018.

[75] G. Cipriani et al., “Perspective on hydrogen energy carrier and its automotive
applications,” Int. J. Hydrog. Energy, vol. 39, no. 16, pp. 8482—-8494, May 2014.

[76] S. Sharma and S. K. Ghoshal, “Hydrogen the future transportation fuel: From production
to applications,” Renew. Sustain. Energy Rev., vol. 43, pp. 1151-1158, Mar. 2015.

[77] S. Singh et al., “Hydrogen: A sustainable fuel for future of the transport sector,” Renew.
Sustain. Energy Rev., vol. 51, pp. 623—633, Nov. 2015.

[78] N. Rustagi, A. Elgowainy, and E. Gupta, “Hydrogen Delivery Cost Projections - 2015,”

144



U.S. Department of Energy, Washington, D.C., 16011, May 2016.

[79] J. M. Ogden, M. M. Steinbugler, and T. G. Kreutz, “A comparison of hydrogen, methanol
and gasoline as fuels for fuel cell vehicles: implications for vehicle design and infrastructure
development,” J. Power Sources, vol. 79, no. 2, pp. 143—-168, Jun. 1999.

[80] S. Shayegan, D. Hart, P. Pearson, and D. Joffe, “Analysis of the cost of hydrogen
infrastructure for buses in London,” J. Power Sources, vol. 157, no. 2, pp. 862—-874, Jul. 2006.
[81] M. Ball and M. Weeda, “The hydrogen economy — Vision or reality?11This paper is also
published as Chapter 11 ‘The hydrogen economy — vision or reality?’ in Compendium of
Hydrogen Energy Volume 4: Hydrogen Use, Safety and the Hydrogen Economy, Edited by
Michael Ball, Angelo Basile and T. Nejat Veziroglu, published by Elsevier in 2015, ISBN: 978-
1-78242-364-5. For further details see: http://www.elsevier.com/books/compendium-of-
hydrogen-energy/ball/978-1-78242-364-5.,” Int. J. Hydrog. Energy, vol. 40, no. 25, pp. 7903—
7919, Jul. 2015.

[82] M. Dayhim, M. A. Jafari, and M. Mazurek, “Planning sustainable hydrogen supply chain
infrastructure with uncertain demand,” Int. J. Hydrog. Energy, vol. 39, no. 13, pp. 6789—6801,
Apr. 2014.

[83] NFPA 2, “NFPA 2 Hydrogen Technologies Code, 2016 Edition.” National Fire
Protection Association, 2016.

[84] A.C. LaFleur, A. B. Muna, and K. M. Groth, “Application of quantitative risk
assessment for performance-based permitting of hydrogen fueling stations,” Int. J. Hydrog.
Energy, vol. 42, no. 11, pp. 7529-7535, Mar. 2017.

[85] G.P. Haugom and P. Friis-Hansen, “Risk modelling of a hydrogen refuelling station

using Bayesian network,” Int. J. Hydrog. Energy, vol. 36, no. 3, pp. 2389-2397, Feb. 2011.

145



[86] J. Nakayama, J. Sakamoto, N. Kasai, T. Shibutani, and A. Miyake, “Preliminary hazard
identification for qualitative risk assessment on a hybrid gasoline-hydrogen fueling station with
an on-site hydrogen production system using organic chemical hydride,” Int. J. Hydrog. Energy,
vol. 41, no. 18, pp. 7518-7525, May 2016.

[87] B. Xiong, “Station Operation Status System (SOSS) 3.0 Implementation, SOSS 3.1
Upgrade, and Station Map Upgrade Project,” Washington, D.C., Presentation, Jun. 2016.

[88] U.S. Army Material Systems Analysis, “AMSAA Reliability Growth Guide,” Aberdeen
Proving Ground, Maryland, Technical Report No. TR-652, Sep. 2000.

[89] J. H. Spare, “Building the business case for condition-based maintenance,” in 2001
IEEE/PES Transmission and Distribution Conference and Exposition. Developing New
Perspectives (Cat. No.0ICH37294), 2001, vol. 2, pp. 954-956 vol.2.

[90] A. Heng, S. Zhang, A. C. C. Tan, and J. Mathew, “Rotating machinery prognostics: State
of the art, challenges and opportunities,” Mech. Syst. Signal Process., vol. 23, no. 3, pp. 724—
739, Apr. 2009.

[91] A.K.Mahamad, S. Saon, and T. Hiyama, “Predicting remaining useful life of rotating
machinery based artificial neural network,” Comput. Math. Appl., vol. 60, no. 4, pp. 1078—1087,
Aug. 2010.

[92] S. Sheng, “Prognostics and Health Management of Wind Turbines: Current Status and
Future Opportunities (Presentation),” presented at the 2016 PHM Society Annual Conference,
Denver, CO, 2016.

[93] P.J. Dempsey and S. Sheng, “Investigation of data fusion applied to health monitoring of
wind turbine drivetrain components,” Wind Energy, vol. 16, no. 4, pp. 479—489, May 2013.

[94] M. A. Zaidan, R. F. Harrison, A. R. Mills, and P. J. Fleming, “Bayesian Hierarchical

146



Models for aerospace gas turbine engine prognostics,” Expert Syst. Appl., vol. 42, no. 1, pp. 539—
553, Jan. 2015.

[95] M. J. Roemer and L. Tang, “Integrated Vehicle Health and Fault Contingency
Management for UAVs,” in Handbook of Unmanned Aerial Vehicles, Springer, Dordrecht, 2015,
pp- 999-1025.

[96] 2018 Annual Evaluation of Hydrogen Fuel Cell Electric Vehicle Deployment and
Hydrogen Fuel Station Network Development,” California Air Resources Board, Sacramento,
Calif., Jul. 2018.

[97] California Fuel Cell Partnership, “The California Fuel Cell Revolution A Vision for
Advancing Economic, Social, and Environmental Priorities.” California Fuel Cell Partnership,
Jul-2018.

[98] M. Melaina, M. Muratori, J. Zuboy, and S. Ellis, “H2USA: Siting Refueling Stations in
the Northeast,” National Renewable Energy Lab. (NREL), Golden, CO (United States),
NREL/FS-5400-67401, 2017.

[99] M. Muratori, B. Bush, C. Hunter, and M. W. Melaina, “Modeling Hydrogen Refueling
Infrastructure to Support Passenger Vehicles 1,” Energies, vol. 11, no. 5, p. 1171, May 2018.
[100] J. Pratt, D. Terlip, C. Ainscough, J. Kurtz, and A. Elgowainy, “H2FIRST Reference
Station Design Task,” U.S. Department of Energy, Washington, D.C., NREL/TP-5400-64107;
SAND2015-2660 R, 2015.

[101] G. Saur, S. Sprik, J. Kurtz, S. Onorato, S. Gilleon, and E. Winkler, “Hydrogen Station
Data Collection and Analysis,” presented at the DOE Hydrogen and Fuel Cell Program 2019
Annual Merit Review, Washington, D.C., 30-Apr-2019.

[102] M. Moreno-Benito, P. Agnolucci, and L. G. Papageorgiou, “Towards a sustainable

147



hydrogen economy: Optimisation-based framework for hydrogen infrastructure development,”
Comput. Chem. Eng., vol. 102, pp. 110-127, Jul. 2017.

[103] J. M. Ogden, C. Yang, M. Nicholas, and L. Fulton, “NextSTEPS White Paper: The
Hydrogen Transition,” Institute of Transportation Studies, University of California at Davis,
Davis, Ca., UCD-ITS-RR-14-11, Jul. 2014.

[104] L. Eudy and M. Post, “Fuel Cell Buses in U.S. Transit Fleets: Current Status 2018,”
National Renewable Energy Lab. (NREL), Golden, CO (United States), Technical Report
NREL/TP-5400-72208, Dec. 2018.

[105] T. Milton, “"Nikola Showcases Five Zero-Emission Products at Nikola World,” Nikola
Motors, Apr-2019. [Online]. Available: www.nikolamotor.com/press_releases/nikola-
showcases-five-zero-emission-products-at-nikola-world-61. [Accessed: 06-Jul-2019].

[106] T.E. Lipman, M. Elke, and J. Lidicker, “Hydrogen fuel cell electric vehicle performance
and user-response assessment: Results of an extended driver study,” Int. J. Hydrog. Energy, vol.
43, no. 27, pp. 12442—12454, Jul. 2018.

[107] National Renewable Energy Laboratory, “Fuel Cell and Hydrogen Technology
Validation,” Jul-2017. [Online]. Available: https://www.nrel.gov/hydrogen/technology-
validation.html. [Accessed: 28-Sep-2017].

[108] R. Abernethy, The New Weibull Handbook: Reliability and Statistical Analysis for
Predicting Life, Safety, Supportability, Risk, Cost and Warranty Claims, 5th edition. Dr. Robert.
Abernethy, 2006.

[109] International Electrotechnical Commission, “Reliability growth - Statistical test and
estimation methods (IEC 61164 Ed. 2.0 b:2004).” 2004.

[110] P. M. Ellner and J. B. Hall, “An approach to reliability growth planning based on failure

148



mode discovery and correction using AMSAA projection methodology,” in RAMS "06. Annual
Reliability and Maintainability Symposium, 2006., 2006, pp. 266-272.

[111] G. Pulcini, “Modeling the failure data of a repairable equipment with bathtub type failure
intensity,” Reliab. Eng. Syst. Saf., vol. 71, no. 2, pp. 209-218, Feb. 2001.

[112] M. Xie, Y. Tang, and T. N. Goh, “A modified Weibull extension with bathtub-shaped
failure rate function,” Reliab. Eng. Syst. Saf., vol. 76, no. 3, pp. 279-285, Jun. 2002.

[113] M. Bebbington, C.-D. Lai, M. Wellington, and R. Zitikis, “The discrete additive Weibull
distribution: A bathtub-shaped hazard for discontinuous failure data,” Reliab. Eng. Syst. Saf., vol.
106, pp. 3744, Oct. 2012.

[114] M. K. Shakhatreh, A. J. Lemonte, and G. Moreno—Arenas, “The log-normal modified
Weibull distribution and its reliability implications,” Reliab. Eng. Syst. Saf., vol. 188, pp. 622,
Aug. 2019.

[115] D.P. Gaver and P. A. Jacobs, “Reliability growth by failure mode removal,” Reliab. Eng.
Syst. Saf., vol. 130, pp. 27-32, Oct. 2014.

[116] Y. Wang, Y. Liu, X. Li, and J. Chen, “Multi-phase reliability growth test planning for
repairable products sold with a two-dimensional warranty,” Reliab. Eng. Syst. Saf., vol. 189, pp.
315-326, Sep. 2019.

[117] M. Savsar, “Analysis and Scheduling of Maintenance Operations for a Chain of Gas
Stations,” Journal of Industrial Engineering, 2013. [Online]. Available:
https://www.hindawi.com/journals/jie/2013/278546/. [ Accessed: 09-Jul-2019].

[118] “Hydrogen scaling up: A sustainable pathway for the global energy transition,” Hydrogen
Council, Nov. 2017.

[119] D. Terlip, “Hydrogen Component Validation VII.C.1,” U.S. Department of Energy

149



Hydrogen and Fuel Cells Program FY2016 Annual Progress Report, Aug. 2016.

[120] D. Terlip, “Hydrogen Compressor Reliability Investigation and Improvement,” National
Renewable Energy Laboratory, Golden, CO, NREL/TP-5400-66027, Mar. 2016.

[121] O. Smith and K. Harrison, “700 bar Hydrogen Dispenser Hose Reliability and
Improvement I11.7,” U.S. Department of Energy Hydrogen and Fuel Cells Program FY2017
Annual Progress Report, Aug. 2017.

[122] M. Peters, “Dispenser Reliability 2018 DOE Annual Merit Review,” presented at the
U.S. Department of Energy Hydrogen and Fuel Cells Program Annual Merit Review
Proceedings, Washington, D.C., Jun-2018.

[123] T. Lipman, M. Witt, and M. Elke, “Lessons learned from the installation and operation of
Northern California’s first 70-MPa hydrogen fueling station,” Int. J. Hydrog. Energy, vol. 38, no.
36, pp. 15868-15877, Dec. 2013.

[124] National Association of Convenience Stores, “2016 Retail Fuels Report,” Alexandra, Va.,
2016.

[125] M. W. Melaina, “Turn of the century refueling: A review of innovations in early gasoline
refueling methods and analogies for hydrogen,” Energy Policy, vol. 35, no. 10, pp. 4919-4934,
Oct. 2007.

[126] M. Mintz, A. Elgowainy, and M. Gardiner, “Rethinking Hydrogen Fueling: Insights from
Delivery Modeling,” Transp. Res. Rec., vol. 2139, no. 1, pp. 46—54, Jan. 2009.

[127] P. Nunes, F. Oliveira, S. Hamacher, and A. Almansoori, “Design of a hydrogen supply
chain with uncertainty,” Int. J. Hydrog. Energy, vol. 40, no. 46, pp. 16408—-16418, Dec. 2015.
[128] M. Melendez and A. Milbrandt, “Regional Consumer Hydrogen Demand and Optimal

Hydrogen Refueling Station Siting.” Apr-2008.

150



[129] X. Liu, S. Zhang, J. Dong, and X. Xu, “A Short-term Analysis of Hydrogen Demand and
Refueling Station Cost in Shenzhen China,” Energy Procedia, vol. 104, pp. 317-322, Dec. 2016.
[130] M. Miralinaghi, Y. Lou, B. Keskin, Y. Hsu, and R. Shabanpour, “Hydrogen Refueling
Station Location Problem with Traffic Deviation Considering Route Choice and Demand
Uncertainity,” no. Transportation Research Board 96th Annual Meeting, 2017.

[131] T. Brown, L. S. Schell, S. Stephens-Romero, and S. Samuelsen, “Economic analysis of
near-term California hydrogen infrastructure,” Int. J. Hydrog. Energy, vol. 38, pp. 38463857,
Spring 2013.

[132] P. Agnolucci and W. McDowall, “Designing future hydrogen infrastructure: Insights
from analysis at different spatial scales,” Int. J. Hydrog. Energy, vol. 38, no. 13, pp. 5181-5191,
May 2013.

[133] K. Reddi, A. Elgowainy, N. Rustagi, and E. Gupta, “Impact of hydrogen refueling
configurations and market parameters on the refueling cost of hydrogen,” Int. J. Hydrog. Energy,
vol. 42, no. 34, pp. 21855-21865, Aug. 2017.

[134] H. Zhao and A. Burke, “Deployment of Sustainable Fueling/Charging Systems at
California Highway Safety Roadside Rest Areas.” National Center for Sustainable
Transportation, Dec-2016.

[135] T.-P. Chen, “Hydrogen Delivery Infrastructure Options Analysis,” DOE Report, Mar.
2014.

[136] California Air Resources Board, “Low Carbon Fuel Standard.” [Online]. Available:
https://www.arb.ca.gov/fuels/Icfs/lcfs.htm. [Accessed: 12-Jan-2019].

[137] M. Mohanpurkar et al., “Electrolyzers Enchancing Flexibility in Electric Grids,”

Energies, vol. 10, no. 1836, Nov. 2017.

151



[138] J. Eichman, K. Harrison, and M. Peters, “Novel Electrolyzer Applications: Providing
More Than Just Hydrogen.” Sep-2014.

[139] D. Wang, M. Muratori, J. Eichman, M. Wei, S. Saxena, and C. Zhang, “Quantifying the
flexibility of hydrogen production systems to support large-scale renewable energy integration,”
J. Power Sources, vol. 399, pp. 383-391, Sep. 2018.

[140] J. Adolf, C. Balzer, J. Louis, and M. Fischedick, “Shell Hydrogen Study Energy of the
future sustainable mobility through fuel cells and hydrogen.” 2017.

[141] J. Kurtz, S. Sprik, C. Ainscough, G. Saur, and M. Jeffers, “Fuel Cell Electric Vehicle
Evaluation,” Washington, D.C., Jun-2016.

[142] California Fuel Cell Partnership, “Station Status.” [Online]. Available:
https://m.cafcp.org. [Accessed: 15-Jul-2019].

[143] M. Jouin, R. Gouriveau, D. Hissel, P. Marie-Cecile, and N. Zerhouni, “Prognostics and
Halth Management of PEMFC - stat of the art and remaining challenges,” Int. J. Hydrog.
Energy, vol. 38, no. 35, pp. 15307-15317, Nov. 2013.

[144] G. Haddad, P. A. Sandborn, and M. G. Pecht, “Using maintenance options to maximize
the benefits of prognostics for wind farms,” Wind Energy, vol. 17, no. 5, pp. 775-791, May
2014.

[145] J. Kurtz, S. Sprik, and T. H. Bradley, “Review of transportation hydrogen infrastructure
performance and reliability,” Int. J. Hydrog. Energy, vol. 44, no. 23, pp. 12010-12023, May
2019.

[146] Y. Sinha and J. A. Steel, “A progressive study into offshore wind farm maintenance

optimisation using risk based failure analysis,” Renew. Sustain. Energy Rev., vol. 42, pp. 735—

742, Feb. 2015.

152



[147] J. Lee, F. Wu, W. Zhao, M. Ghaftfari, L. Liao, and D. Siegel, “Prognostics and health
management design for rotary machinery systems—Reviews, methodology and applications,”
Mech. Syst. Signal Process., vol. 42, no. 1-2, pp. 314-334, Jan. 2014.

[148] S. M. Rezvanizaniani, Z. Liu, Y. Chen, and J. Lee, “Review and recent advances in
battery health monitoring and prognostics technologies for electric vehicle (EV) safety and
mobility,” J. Power Sources, vol. 256, pp. 110-124, 15 2014.

[149] Z.S. Chen, Y. M. Yang, and H. Zeng, “A Technical Framework and Roadmap of
Embedded Diagnostics and Prognostics for Complex Mechanical Systems in Prognostics and
Health Management Systems,” /IEE Trans. Reliab., vol. 61, no. 2, pp. 314-322, May 2012.
[150] B. Sun, S. Zeng, R. Kang, and M. G. Pecht, “Benefits and Challenges of System
Prognostics,” IEEE Trans. Reliab., vol. 61, no. 2, pp. 323-335, Jun. 2012.

[151] A. Saxena, S. Sankararaman, and K. Goebel, “Performance Evaluation for Fleet-based
and Unit-based Prognostic Methods,” presented at the Second European Conference of the
Prognostics and Health Management Society, 2014.

[152] D. An, N. H. Kim, and J.-H. Choi, “Practical options for selecting data-driven or physics-
based prognostics algorithms with reviews,” Reliab. Eng. Syst. Saf., vol. 133, no. Supplement C,
pp- 223-236, Jan. 2015.

[153] T. Sutharssan, D. Montalvao, Y. K. Chen, W.-C. Wang, C. Pisac, and H. Elemara, “A
review on prognostics and health monitoring of proton exchange membrane fuel cell,” Renew.
Sustain. Energy Rev., vol. 75, pp. 440—450, Aug. 2017.

[154] S.T.Kandukuri, A. Klausen, H. R. Karimi, and K. G. Robbersmyr, “A review of
diagnostics and prognostics of low-speed machinery towards wind turbine farm-level health

management,” Renew. Sustain. Energy Rev., vol. 53, pp. 697-708, Jan. 2016.

153



[155] S. Sankararaman and K. Goebel, “Uncertainty in prognostics: Computational methods
and practical challenges,” in 2014 IEEE Aerospace Conference, 2014, pp. 1-9.

[156] R.P. Gangloff and B. P. Somerday, Gaseous Hydrogen Embrittlement of Materials in
Energy Technologies: The Problem, its Characterisation and Effects on Particular Alloy
Classes. Elsevier, 2012.

[157] D. Anand and M. Pecht, “Prognostics and health management for energetic material
systems,” in 2010 Prognostics and System Health Management Conference, 2010, pp. 1-7.
[158] R. Ahmad and S. Kamaruddin, An overview of time-based and condition-based
maintenance industrial application, vol. 63. 2012.

[159] C. Lai, D. Murthy, and M. Xie, Part A, 3: Weibull Distributions and Their Applications,
vol. Springer Handbook of Engineering Statistics. Springer, H. Phom, 2016.

[160] E. Bechhoefer, R. Schlanbusch, and T. I. Waag, “Estimating Remaining Useful Life
Using Acturial Methods,” Prognostics and Health Management Society, 2015.

[161] T. Wang, Jianbo Yu, D. Siegel, and J. Lee, “A similarity-based prognostics approach for
Remaining Useful Life estimation of engineered systems,” in 2008 International Conference on
Prognostics and Health Management, 2008, pp. 1-6.

[162] J.T. Selvik and T. Aven, “A framework for reliability and risk centered maintenance,”
Reliab. Eng. Syst. Saf., vol. 96, no. 2, pp. 324-331, Feb. 2011.

[163] R. Bakhshi and P. Sandborn, “A Return on Investment Model for the Implementation of
New Technologies on Wind Turbines,” IEEE Trans. Sustain. Energy, vol. 9, no. 1, pp. 284-292,
Jan. 2018.

[164] P. Knights, F. Jullian, and L. Jofre, “Assessing the ‘Size of the Prize’ - Developing

Business Cases for Maintenance Improvement Projects,” Australian Mining Technology

154



Conference, Sep. 2005.

[165] P. Knights and P. Oyanader, “Best-in-class maintenance benchmarks in Chilean open pit
mines,” Jan. 2005.

[166] R.Jiang, “A new bathtub curve model with a finite support,” Reliab. Eng. Syst. Saf., vol.
119, pp. 44-51, Nov. 2013.

[167] B. He, W. Cui, and X. Du, “An additive modified Weibull distribution,” Reliab. Eng.
Syst. Saf., vol. 145, no. C, pp. 28-37, 2016.

[168] K.S.Wang, F. S. Hsu, and P. P. Liu, “Modeling the bathtub shape hazard rate function in
terms of reliability,” Reliab. Eng. Syst. Saf., vol. 75, no. 3, pp. 397406, Mar. 2002.

[169] “Hydrogen Station Capacity Evaluation.” OpenEI.

155



