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ABSTRACT

ANOVEL METHODOLOGY FOR THE RESILIENCE ASSESSMENT OF ELECTRIFIED

ROAD TRANSPORTATION SYSTEMS

Progression of climate change causes increased exposure of transportation infrastructure to natural
hazards. Subsequent decarbonization efforts such as the shift to electric vehicles (EVs) introduce
new operational dependencies, which can adversely affect the functionality of road transportation
following disruptions. These trends motivate the need for methods to characterize and quantify
resilience of electrified transportation systems. This thesis develops a two-stage modeling
framework that quantifies resilience using three performance dimensions: travel delays, charging
delays and queueing delays. In the first stage a novel traffic assignment model with an integrated
energy model and range constraints is formulated to yield equilibrium travel delays and charging
demands. In the second stage, these charging demands are used in a Monte Carlo simulation of
charging station locations to estimate charging and queueing delays. This methodology was
applied to two case study scenarios of Northern Colorado with the prolonged closure of a major
roadway, based on conditions during the Cameron Peak wildfire. At 4.52% EV ownership rate,
results indicate that the overall performance degradation experienced by EVs is strongly
contingent on high-power high-capacity charging facilities remaining operational in the disrupted
region. For further analysis disaggregated resilience results inform interventions, which are
modeled and evaluated to provide decision support. These findings support the use of

disaggregated resilience metrics and the proposed assessment methodology for the identification
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and evaluation of targeted interventions to mitigate bottlenecks and improve -electrified

transportation system resilience.
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1. Introduction

Transportation systems represent an important element of a functioning society. They facilitate
the transport of goods and services and enable personal mobility [1]; but the performance of the
transportation system can be degraded under environmental or human-induced disruptions.
Making a system entirely resistant to these hazards, particularly one as diverse and expansive as
transportation would be extraordinarily costly. Instead, the concepts of resilience provide a means
to quantify and improve the performance of transportation systems before, during and after
disruption [2]. Resilience concepts include resistance to functionality loss following a disruption
but also emphasize the timeliness of recovery [3]. In the domain of transportation engineering,
resilience enhancements have been shown to yield high economic and functional returns, relative
to cost of repairs or reconstruction [4], [S]. The interest in resilient transportation infrastructure
has increased due to growing exposure of infrastructure to environmental hazards from climate
change and other stressors [6], [7].

In the past decade electric vehicles (EVs) have emerged as a new technology to be integrated
into the transportation sector. Road transport using EVs, however, presents particular resilience
challenges, due to its reliance on the networked function of a diverse set of supporting systems,
including a high-power electricity grid system, telecommunication system, the road network
system, maintenance systems, and more. Electrified transportation infrastructure is, therefore,
perhaps particularly vulnerable to prolonged loss of functionality under resilience stressors, which
will carry implications for performance of the transportation system as a whole, as the importance

and adoption of electrified transportation increases.



EVs have been the subject of transportation system resilience research, which generally finds
that EVs have measurable resilience challenges in concepts. EVs have a characteristically slower
“refueling” (or recharging) rate than internal combustion engine vehicles (ICEVs), which along
with fewer charging stations than gasoline/diesel refueling stations can lead to large increases in
queueing times [8] from increases in demand. The reduced geographical coverage of EV charging
stations, compared to petroleum stations, may necessitate detours and delays in transportation
system function.

These issues disproportionately affect rural areas and underserved communities, due to the
quality and insufficient availability of enabling systems, as well as a lack of capital investment.
Such communities are typically located in areas with greater exposure to natural hazards [9], [10],

warranting special attention when considering equitable accessibility to electrified transport.

1.1. Resilience Definition

The term resilience first appeared in a systemic context in the field of ecology, where it was
used to describe an ecosystem’s capability to retain stability when subjected to changes and
disturbances, or to rapidly return to an equilibrium state [11]. It was later adopted within numerous
other domains, including engineering. Engineering resilience describes a system’s capabilities to
maintain functionality, lose functionality “gracefully”, and rapidly return to the original or an

improved system state [12], [13].

1.1.1. Infrastructure and Transportation Resilience

Resilience can be characterized in a number of ways, and examples from the literature are
relevant to the discussion. In the context of earthquake engineering, Bruneau et al. [14] define

community seismic resilience as “the ability of social units (e.g., organizations, communities) to



mitigate hazards, contain the effects of disasters when they occur, and carry out recovery activities
in ways that minimize social disruption and mitigate the effects of future earthquakes”. Four
dimensions — Technical, Organizational, Social, Economic (TOSE) — that shape a community’s
ability to withstand and recover from earthquakes are described. Technical resilience can be further
disaggregated into four components, the four R’s — Robustness, Redundancy, Resourcefulness and
Rapidity, which are widely recognized as ways to characterize resilience [15], [16], [17], [18].
Robustness considers the extent to which a system can be stressed without exhibiting a loss of
performance; Redundancy describes the number of alternative resources a system provides that
facilitate comparable performance; Resourcefulness is a system’s capability to identify problems,
establish priorities, and mobilize resources (e.g., human, or monetary resources) to mitigate system
disruption; and, Rapidity describes the rate at which system performance is recovered.

Robustness and Rapidity are the explicit performance characteristics of the system (“ends”),
whereas Resourcefulness and Redundancy are their enabling characteristics (“means”). These
“means” represent the resources invested into a system to facilitate its performance, either through
maintaining or recovering functionality.

Key to this work is the concept of a resilience triangle. It represents a way to quantify resilience
as the total, relative loss of functionality over time. This is shown in Figure 1, where the y-axis
shows the relative performance of the system, given in percent at time ¢, through the quality
function, Q(t). The resilience triangle gets its name from the linear interpolation of the dynamic
relative performance of a system, as shown in Fig. 1. The height of the triangle then shows the
severity of performance loss. Robustness and Rapidity can be described using the resilience

triangle, where robustness is the remaining functionality of a system after the disruption [19] and



rapidity is the length of the triangle, showing the total time and characteristics of the system’s

recovery [14]. The associated metric presented on this basis is Eq. (1) (also taken from [14]):

L= f 1100 — 0(0)]dt, (1)

0

where t, is the time right before the disruption manifests, and ¢t; is the time at which the system
recovers full functionality. It calculates the area of lost performance relative to the baseline level

at tO .
Quality
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Figure 1 Relative system performance over time during a disruptive event (modified from [14])

The work of Bruneau et al. [14] has been adopted and expanded to additional disciplines by
other authors. Chang and Shinozuka [20], for example, develop a probabilistic metric for
quantifying system functionality, based on standards for robustness and rapidity. These are
evaluated by comparing baseline and disrupted conditions and applied to a case study of the water
system of Memphis, TN. Cimellaro et al. [21] build on the TOSE resilience dimensions to develop
the PEOPLES framework, which quantifies community resilience by determining an index that
considers the following dimensions: Population and demographics; environment and ecosystem;
organized government service; physical infrastructure; lifestyle and community competence;
economic development; and social-cultural capital.

Also based on the framework presented in [14], Reed et al. [22] develop an approach for the
assessment of resilience of networked infrastructure. They use fragility and quality as metrics of

performance and create an interdependency matrix based on Leontief’s input-output model to



assess the interoperability of various infrastructures for hurricanes and seismic events. To quantify
resilience, they build on the resilience triangle concept (described above), by normalizing the

relative performance function to define the resilience index as:

[ dt
R="o "~
t1 — to

(2)

Eq. (2) yields a mean performance retained over the simulated duration and serves as the basis
for the resilience metrics developed in the present study.

Numerous methods for measuring transportation resilience have been proposed. Previous
studies have employed graph theoretical methods and metrics [1], [23], [24], [25], probabilistic
methods [26], fuzzy-logic approaches [27], [28], simulation models [13], and optimization models
[29], [30].

Measures of resilience can be grouped into topological, attribute-based, and performance
metrics [19]. The latter category measures system functionality based on its intended purpose. One
frequently utilized performance metric, for instance, is the expected demand satisfied by the
system under disruption relative to its baseline [26], [31]. Alternatively, several authors have
leveraged optimization models in the form of traffic assignment problems (TAP) to derive travel
times as a functionality metric [18], [29], [32]. The use of system performance metrics as a basis
for resilience quantification enables the capture of system behavior in a comprehensive way.
Attribute-based metrics, on the other hand, quantify only the specific contributors to a resilient
system (e.g. robustness, rapidity) [19]. This thesis defines resilience as the mean retained

performance across discrete steady-state system states, rather than modeling continuous system

dynamics.



1.1.2. EV Infrastructure resilience

Given the compounding challenges electrified transport is faced with, recent research has begun
extending resilience concepts to this domain. While transportation system resilience has been
widely studied, the body of research addressing the resilience of EV road transport remains
comparatively limited.

Zhang et al. [33] developed a multi-objective optimization (MOO) program for the resilient
location of charging infrastructure in flood-prone areas by integrating a flood impact model. To
this end, customer satisfaction is maximized, flood impact is minimized and distance between
charging stations is maximized. Customer satisfaction, or charging willingness, is characterized
by the dwell time at the charging location and its distance from the destination. The authors utilize
a non-dominant sorting genetic algorithm-III (NSGA-III) to solve the MOO problem, after which
the technique for order of preference by similarity to ideal solution (TOPSIS) is proposed to
determine the best solution out of the feasible candidates. This framework was applied to a case
study of the Waikiki area in Oahu, HW for a short- and long-term planning scenario with respect
to sea-level rises.

Hussain et al. [34] proposed an MOO program for optimally supplying electricity to EVs during
a power outage to enable critical transport functions despite system disruptions. This program
distributed constrained energy resources such that customer satisfaction is maximized, first
prioritizing societal, then community, and last, individual satisfaction. The program is solved using
five different techniques, comparing the results using the demand and total demand fulfillment
indexes. These represent the fraction of EVs whose charging demands were satisfied for each

priority level and the system as a whole, respectively.



Raman et al. [35] conducted data-driven case study of the charging station resilience of the
Greater London area to urban flooding. The authors simulated EV trips based on vehicle driving
pattern data to evaluate the usage of the charging stations in the area at a baseline and flooded state
with three different intensities. To assess the network, charger utilization and the distance between
charging stations and trip destinations are proposed. Additionally, based on the first results, the
authors suggest strategies for placing charging stations to alleviate overutilization and improve
accessibility.

Hamim et al. [36] propose a framework for the resilience assessment of EV charging station
networks. To this end, a Voronoi graph of the EV charging infrastructure network is created, where
Voronoi diagrams are weighted on the attractiveness potential of the corresponding charging
stations, based on output power, daily trips per person, the number of visits to commercial points
of interest, and EV penetration. The centroids are then shifted in their respective polygons
according to their relative attractiveness to adjacent centroids. The authors represent network
performance using betweenness centrality and graph efficiency. They then apply this framework
to 12 U.S. states and characterize their EV charging station network resilience by progressively
removing targeted and random nodes while observing network performance.

Finally, Wang et al. [37] develop a framework to study the resilience of road networks to fast
charging station failures. To this end, a cell transmission model was extended to develop a dynamic
traffic assignment model. Wang et al [37] further propose an index-based metric for system-level
resilience, using the number of EVs completing their trip as a performance function. At a
component-level they define the cumulative utilization metric that quantifies each charging

station’s contribution to the total energy delivered to EVs over the studied period. This framework



was applied to a benchmark network under different combinations of charging stations failures,
failure durations, and locations.

Our review of the literature suggests that the resilience of electrified road transportation is
proportionally understudied, despite the challenges it faces. Existing research primarily quantifies
EV transportation resilience at a charging station-level [35], [36], [37], often neglecting the effects
that necessary detours and knock-on effects on surrounding traffic have on system-level

performance.

1.2. Contributions

To fill the gaps noted above, this thesis contributes to the body of literature on resilience
assessment for EVs in three ways. First, it develops a two-class queueing-agnostic EV user
equilibrium traffic assignment problem (TAP), that incorporates energy-based range constraints
through stochastic state-of-charge (SOC) distributions. Second, it provides steady-state estimates
for queueing and charging delays at charging locations with heterogeneous electric vehicle supply
equipment (EVSE), by coupling traffic assignment results with a Monte Carlo simulation of
charging stations. Third, it develops a set of disaggregated performance-based resilience metrics,
that extend the resilience index of Reed et al. [22] along three dimensions - travel, charging, and
queueing delays. This enables component-level diagnosis of performance degradation to provide
actionable identification of bottlenecks. Together, these contributions provide a unified

methodology for the quantification of resilience of energy-constrained electrified transport.



2. Electrified Transportation System Performance Assessment

Framework

To assess the resilience of an electrified transport system, the set of system-level performance
losses relevant to electrified transportation - travel delays, charging delays, and queueing delays -
must be determined. To this end, the proposed framework evaluates individual performance
dimensions by integrating energy-constrained route choice behavior with stochastically distributed
starting SOCs and simulations of charging station operations within a unified architecture
(illustrated in Fig. 2). The simulation consists of three modules: (i) Feature extraction from
transportation system and EV user base data, (ii) a static traffic assignment (STA) model with
stochastic range constraints, and (iii) a Monte Carlo simulation of charging station operations.
Together these modules enable a steady-state performance assessment of the electrified
transportation system. This framework is executed for a baseline and one or more disrupted system
states, and the resulting performance measures serve as the basis for computing resilience metrics
(defined in Section 5).

First, the simulation (illustrated in Fig. 2) begins with a feature extraction stage which
synthesizes and appropriately parameterizes a detailed traffic and charging network model within
the spatial boundaries of the analyzed region. Charging station data is aggregated into charging
station locations and assigned to network links, their expected output powers are estimated, and
EV ownership fraction within each traffic analysis zone (TAZ) are specified. The spatial
aggregation of TAZs serves as the basis for analysis. Origin-destination (OD) trip data is

aggregated and assigned to the centroid representing TAZs. Each OD matrix value, then, represents

h : :
the steady-state travel demand [%] between centroids that correspond to its row and column



indices. The framework, thus, yields steady-state outputs for each system state, where the TAP
produces equilibrium path flow rates. The temporal scope of a simulation is defined by a set of
discrete system states of specific durations, {Tj, ..., T, }, each with constant demand, topology, and
charging infrastructure, producing a set of steady-state performance measures. The proposed TAP
distinguishes between two vehicle classes: non-recharging vehicles (ICEVs and high SOC EVs)
and recharging vehicles (EVs with SOCs inadequate to reach their destination). The OD matrix is
vehicle class-agnostic. Path sets are then created to connect each OD-pair in the matrix that
includes shortest paths through the unloaded network. For recharging EVs, these take into account
the distance of charging stations using deterministic OD-pair travel distances and probabilistic
SOC distributions (see Section 3.2.5). These initial path sets serve as the basis for justification of
trip feasibility and vehicle classification (into recharging or not recharging EVs). Infeasible
shortest paths determine the EV travel demand that cannot be satisfied due to insufficient SOC,
which enables the creation of vehicle class-specific OD matrices.

The second module (illustrated in Fig. 2) solves the two-class traffic assignment problem using
as inputs the feature extraction output data to output path flows that are congruent with the range
restrictions imposed by origin-specific starting SOC distributions. This TAP is solved using a using
MATLAB?’s interior-point optimizer for constrained nonlinear optimization programs (NLP). The
collection of path flows, then, enables the calculation of travel delays for each trip to represent the
first performance dimension necessary for resilience assessment.

Lastly, the integration of energy demands with path flows enables a stochastic simulation of
charging station function. The flow of vehicles into each charging station location, and their
respective energy demands, are used as inputs to a Monte Carlo simulation that provides a

simulation of charging behavior at each EVSE, yielding steady-state, path-specific estimates of
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mean queueing duration and charging duration for each travel path. These constitute the remaining
two performance dimensions utilized in this study’s resilience assessment of electrified

transportation systems.
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Figure 2 Proposed framework for performance assessment of electrified transportation systems

3. Traffic Assignment Model

To simulate the electrified transportation system’s functional performance, a novel two-class
static traffic assignment (STA) problem formulation is proposed. STA models have been widely
used for the assessment of transportation system resilience [17], [18], [29], [30], due to their ease
of customization, lower computational cost compared to dynamic and simulation-based models.

They are particularly pertinent to resilience assessment where the duration of system disruptions

11



are long relative to traffic transients and where the spatial scope of the transportation system is
large. The STA formulation proposed here is novel in that it links vehicle SOC modeling with
range-constrained path flows and provides integration with charging location-level simulation. The
integrated energy model enables modeling of a variety of scenarios and their effects on system,

and thereby, model parameters.

3.1. Behavioral Assumptions

There is a large body of research modeling the behavior of alternate fuel vehicles requiring
enroute refueling [38]. This material has been adapted to EVs for the purpose of optimal charging
station location [39], [40], [41] and load forecasting on the power grid [42]. To accurately represent
charging station selection and associated network flows, the traveler behavior must be modeled.
The charging pyramid, a commonly applied model for the frequency of charger usage, postulates
that owners prefer recharging their EV during long dwell time (e.g., home, at work) [43]. Since
the use of public chargers necessitates an extraneous time investment, EV travelers only choose to
visit them if their desired trip cannot otherwise be completed. In accordance with Wardrop’s first
principle [44], should an EV user need to refuel enroute, the charging station location is chosen
such that the lowest (value-of-time adjusted) cumulative commute time is achieved [45]. This
choice is not just dependent on the expected charging rate, but also the energy that one must
recharge. Additional factors such as amenities and cost of charging [46] are commonly found to
impact charging decisions. However, to maintain comparability between scenarios where
minimizing delays may be significantly favored due to the nature of the disruption, these factors
are not considered.

Other authors include queueing delays as a factor in the path choice of recharging EVs [47],

[48]. However, the congestion and associated queueing time at charging stations is invisible to

12



travelers as they plan their route. Furthermore, most EV owners select their charging station
location ahead of time, and without consideration for queueing [46]. The choice of charging station
is, therefore, influenced by its expected output power, its proximity to the origin, the length of
detour required to reach it, and the EV’s starting SOC.

Therefore, to model the reachability of charging stations from a given origin and the energy
required to recharge an EV to its target SOC, an energy model is implemented that stochastically
distributes the starting SOCs of EVs departing from a given node. This distribution enables (i) the
calculation of a path-specific mean total energy required at a charging station and (ii) stochastic
path constraints based on the proximity of a given path’s charging station to the origin (i.e., only
the fraction of EVs that can reach a path’s charging station can take that path). This permits the
modeling of detours to reach charging stations, modeling of charging delays from having to use
lower power charging stations, and modeling of resulting queueing times. For this study, the
feasible paths for enroute charging EVs are limited to a single recharging stop, with each vehicle
that stops at a charger always charging their battery to 80% of their maximum SOC [49] (as in [8],

[35]). Non-recharging vehicles are not subject to any path-choice constraints.

3.2. Mathematical Formulation

3.2.1. Network Topology and Vehicle Class definition

The topology and traveler class distinction presented in [47] are adopted in this study. A two-
class traffic assignment model is proposed, where it is differentiated between the travelers that
must visit a charging station enroute (RV) (m = 2), and those that do not recharge their vehicles
(NRV) (m = 1). The latter class constraints both ICEVs and EVs with sufficient charge to

complete their trip.
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Consider a directed graph G(N,A) composed of a set of nodes N and directed links a € A,
where nodes represent sources and destinations of travel demand from TAZs and intersections and
links represent roadways. Charging stations are represented in the network through secondary links
@ € A that run in parallel to the roadways on which they are situated, such that A € A. This allows
for the aggregation of charging stations along a road segment. To illustrate the topology, consider
Figure 3, which shows a simple network graph with 4 nodes connected in series. The road segment
between nodes 2 and 3 has a set of charging stations assigned to it. Therefore, a secondary charging
station link, d;, is present.

ay
Figure 3 Example network graph of topology convention

Nodes in the network graph serve as the sources r € N and destinations s € N of traffic. An
OD-pair (r,s) € W, then, describes the combination of nodes between which a traffic demand
q"° € Q'° exists. This traffic demand represents the overall, vehicle class-independent trip demand
between two nodes in the network. Based on the EV-penetration, y”, and energy distribution at the
origin node r € N, Q"° can be disaggregated for the vehicle classes m € M = {1,2}. Their trip

2,rs

demands between an OD-pair (r, s) € W are then g1 and q*"5, respectively.

This class-specific demand must be allotted to paths k € P™" | which is a sequence of links
a € A connecting the nodes of a given OD-pair (r,s) € W. Vehicles that recharge must do so at
charging stations. Therefore, their paths k € P%" must contain one, and only one, secondary

charging station link @ € A. Conversely, because NRVs do not recharge enroute, their paths k €

P17S must not contain secondary links. A link-path incidence matrix A™ defines the composition

14



m,rs

of paths using binary elements &, ",

where 8,5 ° = 1 if a € k connecting the OD-pair (r,s) €
W in vehicle class m € M and otherwise 8,5 ° = 0.

m,rs

The traffic assignment yields traffic flows f,"~ of vehicle class m € M on path k € P™'.
Since TAPs seek to allocate demands between OD-pairs to paths connecting them, the sum of all

flows for a given class m € M between each OD-pair must result in the demand:

TS = s vme M, (r,s) EW. (3)

kepTLTS

Clearly,
;5 =0, Vk € PSS, me M, (r,s) eW. (4)
The flow on individual links x, of the network, then, is the sum of all path flows using that

link, given in Eq. (5):

Xa=z Z z fmrs SIS, (5)

meM (r,s)EW kepmrs

3.2.2. Travel delays

The travel time experienced by road segment users, c¢,, is dependent on the vehicle flow x, on
a given road segment a € A. The formulation for this thesis applies the widely used Bureau of

Public Roads (BPR) travel time function defined as:

ca(xa) = toa <1 + ag (Qa)ﬁa>, 6)

where t, 4 [h] is the free flow travel time on link a € A, Q, is a link’s road capacity [%h], and a,

and B, are link-specific parameters that characterize their congestion behavior on a given road

segment. The flow on a given road segment is the cumulative flow of all paths, regardless of
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vehicle class and to accurately represent the travel delays between two nodes connected by a

primary and charging station link, their cumulative flow must be used in Eq. (6).

3.2.3. Energy Model

The energy demand (in kWh), E;°, of a set of EVs departing from origin node r € N using the
path k € P2 which uses the charging station @ € 4, is computed as:

Els = E" + EL, (7)
where E” is the starting energy demand and EL% is the energy required to travel from the origin
node r € N to the charging station link @ € A. It represents the total energy that EVs, using path
k € P%"S, require to recharge their battery.

The starting energy demand is determined from the node-specific starting energy distribution,
which is defined as:

f(x; a, B)~Beta(a’, BT). (8)

Eq. (8) represents a Beta distribution that reflects the starting SOCs [%] of EVs departing from

the origin node r € N, and is characterized by the shape parameters a” and ”. The charging

energy required for EVs to complete their trip can be computed as:

aT
B = Epax (1~ EIf" (50 B)]) = B (1 2757, ©)

where E),,, represents a singular value of the useful battery capacity (80% of the total capacity)
of the model of EVs in the transportation network [kWh].’
The energy expended during travel between the origin node r € N and the path’s charging station

link @ € A is calculated with:

" Only one “make and model” of EV is assumed to make up the entire fleet of EVs in this study. Distributions of EV battery
capacity and energy consumption are admissible inputs to this model
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. a-1 d, -~
E[S = (Z Cdig %) (10)
1=

where dy ; is the length of the i-th link [km] on path k, and u represents the globally constant

kWh

parameter for the energy consumption of EVs [W] % represents half the length of the charging

station link used in path k, which enables the modeling of bidirectional access to a charging station
location along a given road segment.
The resulting expected delay, c,i a» 1s dependent on the assumption around which SOC is

sufficient for travelers to end the charge cycle:
Cra=N—=, (11)

= . ) kWh . . . . .
where P; is the expected charging power [T] at a charging station location, and 7 is a unitless

scaling factor for the value of time (VOT), while waiting for the car to recharge, relative to the
VOT during active travel. It scales charging delays, converting them to a generalized cost that
enables direct comparison to travel delays. It is noted here that the modeled route choice behavior
is based on the assumption that EV operators recharge their vehicles to 80% SOC at each charging

stop.?

3.2.4. Vehicle Class Travel Demand

Because travel of EVs is energy constrained, the following equations describe the vehicle-class-

specific travel demands:

Trs

E’>.
qZ,T'S — quyTF <ﬂ; ar; Br> - qgtfranded (12a)

Emax

2 This behavior can be easily modified by adjusting Eq. (7) such that the minimal amount of energy to complete the trip is
recharged
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Emax

rs _ . TS,,T Eg:sl r pr
qstr = q°Y'F ;al,pB (12b)

ql,rs = qr - qz,rs - qggranded (120)

rs

where E,,;,, describes the energy required for completing the shortest path [kWh] between an OD-
pair (r,s) € W, q" is the total travel demand between OD-pair (r,s) € W, and y" is the fraction
of EVs in the vehicle population (EV penetration) of node r € N. To reiterate, g*™ and %"

represent the travel demands for the given OD-pair of vehicle typesm = 1 and m = 2 respectively.

qi:- represents the number of EVs that intend to travel between OD-pair (1, s) € W, but are unable
o h : : : :
to start their trip [%] due to insufficient SOC to reach the closest charging station and are therefore

stranded. F(*) is the cumulative distribution function corresponding to the SOC distribution in
Eq. (8). Here, E;’ represents the energy required to reach the charging station using the feasible
path with the smallest distance between origin node r € N and the charging station link @ € A.
Individual travel demands for every OD-pair (r,s) € W are stored in OD matrices, where the total
travel demand OD matrix is denoted Q and vehicle-class-specific OD-matrices are denoted Q1 and

Q?, respectively.

3.2.5. Range Constraints

The range restriction imposes further path flow constraints on charging EVs, because the
distance of a charging station from the origin of a certain path h € P?™ may be too far for a

fraction of EVs to travel. Therefore:

Z 2 <Upr,  VheP¥S,(r,s) EW, (13)
i€EER
ETS
U =q*>s(1-F; S aar, BT, (14)
Emax
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ERS : : : :
where Fr ( kL al, B T) computes the fraction of EVs that is unable to reach the charging station.

)
Emax

Fr(-), then, is a truncated cdf of the pdf in Eq. (8), having limits between the minimum SOC

TS
a1

required to reach the closest charging station and the SOC required to traverse the shortest-

max

distance path E, between the OD-pair (r,s) € W. U;® denotes the reachability threshold, which

defines the total number of recharging EVs capable of taking path h € P2 because they have

Epg
=—;a”,B" || denote

sufficient energy to reach the path’s charging station link. Let {, = [1 - Fr (Emax ;
the fraction of EVs with sufficient SOC to travel path h € P?"S. Then, £, is an index set that holds
the indices i of all paths that require the same or more range than path h € P>"S for a given OD-
pair (r,s) € W, that is:

En ={i: ¢ = G} (15)

With this in mind, Eq. (13) states that the cumulative flow of recharging EVs on a path h €
P?7S is less than or equal to the total number of vehicles able to reach its charging station, as
travelers in range of a given charging station are a subset of those capable of traveling to charging
stations that are even further away.

To visualize these constraints, consider the simple network shown in Fig. 4. It consists of seven
nodes and nine primary links. There is one OD-pair (1-7) and four connecting paths. Let the paths
containing charging stations be numbered from top to bottom P17 = {k,, k,, k3} and the path
without a charging station k, = P17, Path set P17 is limited to a single path for illustrative

purposes. In application, the vehicle class’s full path set would include the paths with charging

stations collocated by using the primary links.

19



Figure 4 Example network for illustrating range constraint

Consider then, the distribution shown on the left in Fig. 5 and let it be the starting SOC
distribution of the origin node 1. It is obvious that the charging stations are of different distances
to the origin node. Therefore, different amounts of energy are required to reach each charging
station. Given the continuous distribution of starting energy levels, there is only a certain fraction

of the vehicle population, that is able to reach a given charging station.

=1
=1
»

Relative SoC Probability of origin node r
Relative SoC Probability of origin node r

0 E; E, E5 Eo 0 E; E, E5 Eo

Figure 5 Division of recharging EVs (m = 2) into subsets based on starting SOC

The vertical lines in the distribution show the starting energy required to reach each charging
station, denoted by their respective path subscripts. It then becomes clear that the total area
underneath the graph before any given energy level constitutes the fraction of vehicles unable to
reach the charging station under consideration. Considering the above network, then, the red area
before E; is the fraction of vehicles unable to reach the first (closest) charging station, which are

therefore stranded at the origin node. This is the fraction of EVs calculated in Eq. (12b) with

TS
F ( Eay cal, ,BT). Similarly, the last area past E, represents the fraction of EVs that are able to

Emax
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finish the shortest path k, = P1™ between the OD-pair and are therefore counted towards g%,
Clearly, then, only the area between E; and E, is relevant to the distribution of recharging vehicles
(m = 2), which represents the total recharging vehicle demand. Hence, the starting SOC
distribution is truncated between those boundaries and used for the definition of the range
constraints in Eq. (14).

The resulting distribution is shown on the right side of Figure 5. For a given OD demand, the
range constraints specify that the number of EVs visiting a particular charging station is, at a
maximum, the total number of EVs able to reach it. This considers that an EV capable of reaching
more than one charging station may visit any one of them. For instance, all vehicles with sufficient
SOC to reach the furthest charging station ds also have sufficient range to reach the other two
charging stations. Similarly, the sum of the areas between E, and E|, characterizes all drivers able
to reach d, and d,. Hence, the constraint for this path dictates that this is the maximum number of
EVs visiting d,. Crucially, the drivers within range of ds are a subset of those in range of a,.
Therefore, the sum of their flows must satisfy Eq. (14), as stated in Eq. (13). Lastly, the closest
charging station, d,, is clearly the only one that only a certain fraction of drivers can reach. This
is ensured through the range constraint in Eq. (13) (where &, will only have one element) in

conjunction with the flow conservation constraint in Eq. (3).

3.2.6. Problem Formulation

The behavioral model described in the previous section can be used to formulate the queueing-
agnostic EV user equilibrium TAP with stochastic starting SOCs. It states that no EV travelers can
unilaterally change between paths within their range to improve their cumulative travel and
expected, VOT-adjusted charging time (generalized cost). The corresponding nonlinear

optimization problem (NLP) can be constructed as:
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xa(f)

. _ d 2,rs El:s
min Z = ca()ds +1 e 5o (16)

’ acd o (r,S)EW kep2Ts a

s.t.
z fi" = @™, vmeM,(r,s) EW (3)
kepmrs
7S >0, vk € PSS meM,(r,s) e W (4)
Uz — Z f27°>0, VYheEP¥S,(r,s)eEW (13)
iEEh

Here, f = [f1, f2]" and x,(f) is defined through Eq. (5). Therefore x,(f) is affine in f since
it represents the link flow as the sum of path flows using link a € A. Note that Egs. (3) and (4) are
repeated from Section 3.2.1.

The first term of the objective function in Eq. (16) represents the Beckmann integral, which
guarantees a user equilibrium (UE), as defined by Wardrop’s first principle [44]. The second term
is a path-specific constant and quantifies the cumulative perceived disutility incurred from
charging, as defined in Eq. (11). The constraints (3) and (4) enforce flow conservation and non-
negativity and the constraint (13) represents the range constraint and enforces the maximum flow
on a set of paths below the range requirement for a given path h € P27,

The Wardrop conditions for this two-class user equilibrium can be formulated as in [44], [50]:

£ > 0= €7 (x) = uts, (17)
£ =02 € () = ut, (18)
£ > 0= i (x) = u?r, (19)
ka,rs —0> C,f‘rs(x) > ‘uz,rs' (20)
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where C,”"* and €™ describe the generalized path costs for the given vehicle classes, and "

2,1S

and u“" are the Lagrange multipliers representing minimal perceived travel cost between the OD-
pair (r,s) € W.
In other terms, Eqs. (17)-(20) state that any non-zero path flow for a given OD-pair must have

minimal cost, meaning the OD-pair has optimal flow.
Optimality Conditions
To describe the optimality conditions and demonstrate the proposed NLP’s optima reach a UE,

equivalent to Wardrop’s UE conditions, the Lagrangian, L(f1, f2, u, A, v), is defined in Eq. (21)

and from it the Karush-Kuhn-Tucker (KKT) conditions are derived.

xa(f)
L(fY, f2, ,u,/lv)—Zj ca(Q)dg + 17 z z ka,rsEi

Py
a€cA (r,s)EW kep2Ts

+ Z Z 'um,rs <qm,rs — Z fkm,rs>
kepmrs

meM (r,s)eEw

n Z Z ars Zfzrs y2rs _z z z YIS TS 21)

(r,s)EW hep2Ts iEE meEM (r,s)EW kepmrs

m, T'S T'S

Here, u , and v;""° are Lagrange multipliers corresponding to the constraints of the
NLP.

The first order necessary conditions for the NLP are:

aL 11 2’ IAI
(f ;flﬂ V) — Z a(xa)61 s _ o 1rs V; TS =, vk € P17, (r,s) EW, (22a)

a€eA

s

OL(fL, 2, u, A, E
(f gzlv‘ V)ZZ a(xa)52rs _k
f acA

+ z XS — p2rs — 27 =, vk € P?"S,(r,s) € W. (22b)
h:ke&y

ak
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These imply that for a given OD-pair, only paths with minimal perceived generalized cost carry
nonzero flow.
For primal feasibility, the constraints (3), (4), and (13) must hold. For dual feasibility,
=0, vk € P™S,(r,s) EW (23a)
vt >0, Vk € P™S,(r,s) EW,meM (23b)
must be satisfied.

The complementary slackness terms are:

hin Z f2r—UET | =0,  VYhEP¥S,(r,s)EW, (24a)
i€EER
viMTSETS = 0, vk € P™5,(r,s) € W,m € M. (24b)

Convexity and Uniqueness

The BPR function for link flow delays,

ca(Xa) = tog <1 + g (Z—a)ﬁ> 6)

is continuously differentiable, strictly increasing and convex. Therefore, the Beckmann integral,
and, thus, the objective function in Eq. (16), are convex since the generalized charging cost added
through Eq. (11) is a path-specific constant, which preserves convexity. The feasible region of the
NLP is defined by affine constraints and therefore also convex. Thus, the NLP is a convex
optimization problem, making any stationary point found using the KKT system a global
minimizer.
Equivalence to Wardrop conditions

The first order necessary conditions Eqs. (22) represent the TAP’s UE conditions. Notably,

Eq. (22a) exactly matches the equilibrium conditions defined in Egs. (17) and (18). To prove that
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the first order necessary condition for recharging vehicles matches Wardrop conditions, it must be

recognized that the range constraint term Y, ¢, Ap,’ represents the constraints shadow price. This

introduces additional costs for each path h € P?™S included in the set £, thus accounting for all
binding range constraints. Therefore, if active, the term’s value is considered an increased cost that
can be counted towards the total path cost. It follows from the convexity of the NLP and
separability of its objective function that the first-order optimality conditions of the proposed

optimization problem are equivalent to the UE conditions [50].

3.2.7. Solution Algorithm

This section provides a brief description of the solution algorithm used to solve the convex
program formulated in the previous section. A detailed breakdown of the algorithm is presented in

Appendix Al.

Traffic Assignment Problem

The proposed TAP is formulated as a path-based convex program with two vehicle classes. For
fixed path sets, the optimization variables are path flows. Link flows are obtained from path flows
using link-path incidence matrices (see Eq. (5)). Flow conservation is enforced through equality
constraints (3). Nonnegativity of path flows and range constraints are enforced through the
inequality constraints (4) and (13). The objective function is defined through Eq. (16) and consists
of the Beckmann integral and path-specific generalized charging costs. The problem is
implemented in MATLAB and solved using MATLAB’s fmincon (interior-point) optimizer for

constrained NLPs.
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Column Generation

To avoid extraneous computation from path enumeration, the constrained NLP solver is nested
in a column generation (CG) framework that computes the lowest cost paths for a given link flow
solution and expands the path sets if the newly evaluated best paths are not yet included. The TAP
solver execution is conducted with minimal, initial path sets {Pol‘rS,Poz’rs}, V(r,s) EW. Pol’rs
includes only the fastest paths without network loading. The initial path set for recharging EVs,
Poz'rs, includes both the path with the lowest generalized cost, but also the feasible path with the
shortest travel distance to any charging station. The latter must be included to ensure that range
constraints can be satisfied. For later iterations, if the CG step adds at least one path to any set, the
TAP solution procedure is repeated. Otherwise, it is considered to have converged with the given
path sets, {P17S, P27}, V(r,s) € W.

To further minimize computational cost, the CG framework utilizes a phased approach. In the
first phase, the solver utilizes relaxed parameters for the convergence threshold to enable faster

convergence. This expedites populating the path sets. After converging using the first parameter

set, the parameters are tightened and the algorithm continues running until convergence.

4. Charging Station Delay Modeling

The traffic assignment model presented in the previous section considers only expected
charging power at a charging station location and is queueing-agnostic. It provides vehicle flows,
sz’rs, and their associated energy demands, E}°, for each charging station link @ € A. But the
aggregation of a variety of charging stations with differing charging powers (some low-power,
some high power) into a single location in a link creates a set of charge points with heterogeneous

output powers. This type of queue is difficult to represent using closed-form approximations due
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to the diverse set of output powers and path-dependent energy demands [51]. Therefore, a discrete-
event Monte Carlo simulation is developed that models individual charging station locations as an
M/G/c queue with a first-in first-out (FIFO) protocol and heterogeneous EVSE. This algorithm
assigns EVSE to vehicles, and constrains their charging power according to the EVSE types and

power limits.

4.1. Monte Carlo Simulation Framework

The Monte Carlo-based simulation framework receives as inputs the network data and the flows
and associated energy demands of paths for each charging station location. These are aggregated
into location-specific data structures. The structure of the framework is represented in Fig. 6, which
can be divided into the following four computational steps (and one post-processing step not
included in the figure):

1. Arrival Modeling
2. Energy Demand Assignment
3. Charging Station Assignment and Queue Management

4. EV Charging and Queueing Time computation

“' = tstare = Max[tarr, texe]

Py={:,Pajs o

14 Dm{k] €] o = EifPy; i
! Dict[(r,s)] < [5 al | ¢4 = torare = tar !

Figure 6 Monte Carlo simulation framework for charging station locations
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Step 1: Arrival Modeling

The sample size of the Monte Carlo simulation is represented by ny, discrete vehicles, which
are assigned energy demands and EVSE. The commonly used Poisson process is used to model
EV arrival times, t,,.., because of its memoryless property and empirical fit to random arrival
patterns [52]. It represents a valid arrival model for disparate paths at a steady state, under the
assumption that traffic dynamic effects such as platooning are negligible. This assumption is valid
due to the small number of recharging vehicles relative to total traffic flows. To model arrival
times, the Poisson process uses the cumulative sum of exponentially distributed inter-arrival times,
Atgrri [h], given by:

Atgrr~Exp( = xg), (25)
where the arrival rate parameter, A, is equal to the total flow rate of recharging vehicles,

Xg [%],through the charging station location. This is, by construction, limited to recharging

vehicles (m = 2). It can be calculated using Eq. (5), as:

— 2,rs 02,18
Xg = fk 6d,k .

(r,s)EW kep2Ts
Let the set of paths through link @ € 4, then, be K; = {k:67}° = 1, ¥(r,s) € W}. Hence, the

set of arrivals times, is given by:
nmc

Tarr = { . .Atarr,j} . (26)
jsi

i=1
Arrivals are indexed chronologically and, therefore, processed sequentially.

Step 2: Energy Demand Assignment

The energy demand of vehicles visiting a charging station is path-specific. This means that each

path k € Kj is associated with a distinct expected energy demand, Ej, [kWh]. Therefore, a discrete
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sampling function is created that generates a random sample E; for each arriving vehicle, based on

the path-specific contribution of flow to the total EV flow, x;, at a charging station location, given

by:
E; = Discrete ({Ek}, %) (27)

Here, f; represents vehicle flow on path k € K;. So, the sampling probabilities encode the
likelihood that the energy demand of a randomly chosen EV corresponds to that of a given path.

Step 3: Charging Station Assignment and Queue Management

Randomly generated arrival times using a Poisson process represent the arrival times of

individual EVs. Each charging station location @ € A contains c; chargers with charging powers

P j [kW] and timestamps by which they are available next, {tnext’ J}]Cil Let the set of all available

EVSE upon the arrival of the EV i be:
Aai = €{1, .., ca} t tnexej < tarri): (28)
Then, an arriving EV i is assigned to the next EVSE, j,,.x¢, according to:
min[c/ld,i], ifAg; # O

min (arg rnjin [{tnextf}j;])' ifAgi =0 (29)

Jnext =

If Az; # @, the EV is assigned to the available EVSE with the lowest index. The set of EVSE
is ordered in descending power. Therefore, if there are more than one available EVSE, the
assignment prioritizes higher power chargers. In cases where multiple equal power options are
available, this also ensures a tiebreaker through the lowest index. Otherwise, A;; = @, the EV is
assigned to the charger with the smallest next-available timestamp, with ties broken by the lowest

index. The time by which the assigned charger is then available, t,.y;, is retrieved by indexing

{tnext’ J'}]C-il with j,ex¢. The timestamps at which the charge event begins, ts4, ;, 1s found with:
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Ustarti = max[tnextr tarr,i] . (30)

For each vehicle, the difference between their arrival time £, ; and service start time tgg¢ ;
corresponds to the queue delay ¢, ; = tseare,i — tarr,i €Xperienced by the i-th EV.

Once an EV is assigned to a charging station, its charging delay c.; [h] is calculated

deterministically through: ®

E;
Cc,i = P ’ (31)
a

Jjnext

where E; is its previously sampled energy demand [kWh] and P;; is the output power of the

charging station [kW] to which the i-th EV has been assigned. This marks the end of the

customer’s service, which serves as the time the charging station is available for the next customer,

tnext,jnext < tstart,i + Cei-

Step 4: EV Charging and Queueing Time Computation

The charging and queueing times experienced by travelers on different paths are aggregated by
path, location and OD-pair. The framework consecutively simulates charging station locations.
Therefore, the charging time is calculated using the stochastically generated energy demand and
the deterministic power output of the charging station a customer is assigned to. The charging
station energy demand is tied to a path, which in turn is tied to the OD-pair it is connecting. These
relations enable the aggregation by both charging station and OD-pairs, enabling calculation of

disaggregated resilience metrics (discussed in Section 5).

3 The assumption of deterministic recharging times is defensible under constant power (CC-CV) charging profiles for vehicles at
<80% SOC.
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The queueing model is susceptible to unstable queues, which produce nonlinear queueing time
growth. In queueing theory, queue-stability is characterized by the server utilization p [52]. The
utilization of EVSE at the charging location @ € 4 is calculated with:

AE& _ XaEa
YjecsPaj YjecyPaj

Pa = (32)

where x; is the traffic flow through the charging station location link, ;.. Pg,; is the sum the

output power of all EVSE at the location @ € A, and Ej is the mean path flow-weighted energy
demand at the charging station location. The latter is calculated with:

_ ZkEKa kak
Xa ’

&3]

(33)

a

where it is reiterated that K is the set of paths using the charging station link @ € A. This gives:

Ykeky fkEk

pa = -
“ ZjECan,j

Eq. (32), then, represents the utilization of the total output power capacity of a charging station
location through the mean energy demand flow by incoming EVs [%] Charging station locations

are overutilized when p; > 1, which results in unstable queues. Thus, steady-state queues at
charging station locations only provide sensible queueing delays for:

ZkEKﬁkak < 1.
ZjECa Pd,j

This threshold is implemented as termination criterion for a charging station location’s Monte
Carlo simulation execution. When crossed, the resulting utilization is saved, and the queue is
marked as unstable. Unstable queues result in queue delays growing indefinitely, making queueing

and trip delays unbounded. Therefore, the trip and queueing time resilience values (see Section 5)

31



of OD-pairs with unstable queues are excluded from considerations - instead being reported as
unstable.

Step 5: Post-processing

To ensure repeatability, a fixed, large number of arrivals n,, (=500,000) is chosen (see
Appendix A3.2.1.), and a warmup set of the first w (=1,000) samples is removed from the recorded
data. The latter additionally ensures that the resulting mean queueing and charging times are not

skewed from the warmup of the simulation, since EVSE are instantiated empty.

5. Resilience Metrics

This section presents the resilience metrics that are derived from the performance measures
produced by the modeling framework.

The function of a transportation system is to enable the movement of people, goods and services
between two points. Therefore, the resilience metrics seek to quantify a system’s capacity to satisfy
existing travel demands when subjected to resilience events. The transportation system’s
functionality can be described using the dimensions of (i) overall accessibility — how much travel
demand can be satisfied — and (ii) quality-of-service— how well the travel demands are satisfied.
As a result, two metrics for the quantification of general resilience (Accessibility Resilience and
EV Trip Time Resilience) that characterize these dimensions are proposed. Further, resilience
measures to characterize each performance measure of the electrified transportation system are
proposed (EV travel time resilience, charging time resilience and queueing time resilience). These
resilience metrics are derived from the resilience index according to Eq. (2). Its integral is adapted
to the equilibrium models as the sum of n discrete timesteps weighted by their respective durations

Ti:
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[ dt 1 n
R=20 """ L pr= T.0;, (34)
1

t1 — %o ty — to L&~i=
where Q; is normalized performance (quality function) during the i-th timestep. Each timestep
represents a discrete network state, which enables the modeling of recovery dynamics. Lastly, to

provide insight into the level-of-service experienced by EVs compared to ICEVs, the relative

travel time resilience is proposed.*

5.1.  Accessibility Resilience

This thesis defines accessibility to electrified transport as the ability to satisfy travel demand
given one’s starting SOC, under the restrictions of the modeling framework (one charging stop per
trip). The rate of stranded EVs is, therefore, quantified, by Eq (12b), as the number of EVs that is
unable to travel to the closest charging station to their origin, that enables a feasible path to the
destination on 80% SOC. To quantify accessibility of the electrified transportation system, first
accessibility A™ between an OD-pair (r,s) € W is defined as the fraction of EVs whose travel

demand can be satisfied. Accessibility resilience, R:7,, is, then, defined as:

1 n qz,rs.
ATS = Z T, l1— j”:sl, (35a)
by — Lo &mdi=1 Y'q;
AT'S
str =V 40 5275 (35b)
0 ~ Ystro

where ¥ is the EV ownership rate of the OD-pair’s origin zone, and T; is the duration of the i-th

2 2,
i 2% are the total travel demand and number of stranded

timestep [h]. q° and q and q;° and q

EVs per unit time at baseline and during timestep i, respectively.

4 Temporal metrics (with units of time) for performance assessment are widely used in traffic analysis [53]. In the present research,
their application is favored due to their ability to characterize the complex interdependencies between vehicles flows, network
conditions, and exogenous parameters at an OD-pair-level in centralized measures.
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Accessibility resilience, RZ;., represents the mean accessibility retention for EVs between an

OD (r,s) € W. Values near unity show strong retention of accessibility, whereas smaller values
indicate the travel demands of an increased number of EVs cannot be satisfied during the disrupted

system states.

5.2. EV Trip Time Resilience

EV Trip Time Resilience, R;;;,, (Eq. 36a), describes the mean change in total trip time between
a given OD-pair. It includes time spent on the road (travel time), waiting time in queue at a charging
station (queueing time), and waiting time while recharging the vehicle (charging time). The
superscripts 2’ (which denotes the vehicle class m = 2 which requires recharging enroute) are

omitted in the remaining discussions for clarity of notation.

1 " Clrip,0
s = — E Ty [ === ). 36a
trip t; — to =1 l < ( )

rs
Ctrip,i
Ctrip 1S the mean trip time EVs require to travel between a given OD-pair.

1
rs  _ 2,rs( .rs rs rs
Ctrip — 27rs fk (Ctt,k + Cc,k + Cq,k (36b)
kep27s

Eq. (36b) shows that this value is calculated as an average of the trip times of all paths connecting
the OD-pair, weighted by their path flows fi*. ¢y, (%, and ¢’ are the generalized travel time,
mean charging time, and mean queueing time on the k-th path, respectively. The path travel time
is the sum of its link travel times (see Eq. 6). The mean trip time must be calculated because the
respective delays may vary between paths. Variations between paths of the same OD-pair may
arise from detours due to range restrictions and stochastic charging delays, requiring path-flow
weighting to represent OD-specific means. In Eq. (36a), the trip time degradation is calculated.

The normalization over the modeled period then yields the mean retained performance relative to
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the baseline (undisrupted) trip time, c/y;,, o. For example, a trip time resilience of 0.5 would mean

that over the modeled duration, it takes EVs an average of twice as long to reach their destination.

5.3. Component Resilience Metrics

Since the total trip time of recharging EVs is comprised of travel, recharging, and queueing
delays, it can be unclear which performance dimension is the primary contributor to an experienced
level-of-service degradation. Therefore, a resilience metric for each performance dimension is
proposed here to quantify the mean retained performance for each individual delay component

relative to baseline. The performance dimension resilience can be calculated using:

RTS ! Zn T, (CB’S‘)) (37q)
= i\l—, a
Pty —tg L=t T\ cp
rs 1 2,rs rs
CD = qz’rs fk CD,k 4 (37b)
kep2rs

where c[,%y and cp; are the mean delays caused by dimension D = {tt, c, q} at baseline and the i-
th timestep, respectively. Similarly to the mean trip time, c¢;,;,, these delays must be calculated as
the mean of the respective delays for all paths k € P?"S between an OD-pair (r,s) € W. Hence,
these are calculated in Eq. (37b) as path flow-weighted mean delays.
This template can then be applied to the individual performance dimensions to calculate travel
time resilience, R, charging time resilience, R;°, and queueing time resilience, Rg®. The
s

individual performance measures for the latter two metrics, c.} and cg, are mean charging and

queue times determined with the Monte Carlo-based simulation framework for the given path, k €
P27S_ at the charging station location the vehicle visits. The travel time experienced by EV

operators for a given path, k € P%"S, is calculated with Eq. (6), as the sum of its link travel times.
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54. Relative EV travel time resilience

The constraints on the path choices for EVs that require recharging enroute might necessitate a
large detour, which can cause a significant increase in time spent in transit. In contrast, because of
the prevalence of gasoline stations and the associated capacity for quick refueling, it is assumed
that conventional vehicle travel is functionally unconstrained by refueling. For EVs, the limited
path set available with enroute charging might require the use of more congested road links. This
leaves EV travelers vulnerable in hazard scenarios, in which detours might significantly amplify
their travel times. To identify how these resilience aspects disproportionately affect EV travelers,
rs

the relative EV travel time resilience, R}¥, is proposed. It determines the relative increase in EV

travel time compared to non-recharging vehicles and is calculated as:

2,
pp = Re 38
tt — Rl,rs’ ( )

tt
where R} and RZ™ are the travel time resilience values for non-recharging and charging
vehicles as defined in Section 3. Hence, the relative EV travel time resilience quantifies the mean
travel time performance loss experienced by EVs relative to vehicles not refueling enroute. For

example, a value of R[ = 0.5 indicates that the travel time of EVs, on average, is affected twice

as much compared to ICEVs and EV that don’t recharge.

6. Case Study: Cameron Peak Wildfire

In this section a numerical example is provided to demonstrate the utility of the proposed
methodology for resilience assessment. This case study is based on the 2020 Cameron Peak
Wildfire in Northern Colorado, which persisted for several months, causing multiple evacuations

and road closures throughout its duration [54]. Most importantly, it led to the closing of US-34,
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which represents the primary connecting link between the town of Estes Park and the Front Range
region [55]. This disruption necessitated major detours for East-West travel in that region, whose
knock-on effects on performance of the electrified transportation system can be quantified.

The case study seeks to develop this scenario as a model of wildfire and other resilience
challenges to Northern Colorado’s EV transportation networks, not to model historical occurrences
or conditions. Modeling parameters and variables will be modified so as to stress-test the network

model and thereby inform infrastructural and operational planning activities.

6.1. Data Sources and Model preparation

The spatial boundaries of the chosen system include the transportation network of Northern
Colorado between the town of Fort Collins in the north, Greeley in the east, Estes Park in the West
and the county border of Larimer County in the south. The network model was synthesized by
extracting all major highways within the spatial boundaries of the analyzed area [56]. This
preliminary network was overlayed with existing charging stations to allocate them to roadways
based on proximity (see Section 3.2.1). Where charging stations could not feasibly be allocated to
existing links, roads of lower functional classes were added to the network. The resulting network
graph is shown in Fig. 7, where green roads indicate links with and black roads are links without
charging stations allocated to them. In cases where charging stations are close enough to a node
such that they cannot be reasonably assigned to a link, a “zero length dummy link” with no travel
time is created that starts at a given node and feeds back into it. These links are represented in the
figure by a green outline around a node. The red perimeter outlines the spatial expanse of the
wildfire, and the dashed link connecting nodes 36 and 37 shows U.S. Highway 34, which closed
to all traffic during wildfire scenario. Other rural roads affected by the wildfire were excluded from

the analysis due their very small travel demands. The network consists of 63 nodes and 285
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directed links. Each link’s congestion behavior is characterized by its a, and [, parameters (see
Eq. (6)). These are globally set to «, = 0.15 and S, = 4, which aligns with common practice.
Their free-flow travel time is calculated as a function of their length and the speed limit [57]. The
travel capacity of road links was assigned based on their functional class and number of lanes
according to publicly available data [56]. To that end, a generic per-lane capacity provided in [57]

were assigned to functional classes as follows:

Table 1 Assigned per-lane road travel capacities, Q,, based on functional class

Functional Class Per-Lane Capacity [U—Zh]
1 2400
2 1400
3 1000
4 800
5 800

Figure 7 Northern Colorado Region with traffic network and the area affected by the Cameron
Peak wildfire

The expected output power P; assigned to charging station links is determined using:

38



_ (P(nyz,my3), npz <15
Fa = {PL3: ngz = 15" (39)
with:
a a
maPiz (1= 7= g) + buaPis (1~ 5 2)
P(nyp,ny3) = Ty + briys ) (40)

where n;, and n;; are the number of level 2 (L2) and level 3 (L3) charging stations on a given
charging station link @ € 4, P;, and P, are the constant output powers of L2 and L3 chargers, and
a and b are scale parameters. a determines the weighting of both stations station levels, thereby
influencing the slope at which the expected output power increases with the number of stations at
a link. b only applies to L3 charging stations and defines how much more their presence contributes

to the overall expected output power. This models an g-fold preference for L3 over L2 charging

stations. Fig. 8 shows the surface plot of P; for the parameters used in the case study: a =1, b =

3, PLZ = 14kW, and PL3 = 50kW [58]
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Figure 8 Estimation of expected charging power as a function of the number of charging stations
of different power levels
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No high-granularity data on EV ownership within Larimer County is publicly available.
Therefore, every origin node is assigned to the county-level EV ownership rate of y = 0.0452
(4.52%) [59]. The value-of-time (VOT) of charging and queueing, relative to driving is chosen
was to be n = 2.0 [60], representing that EV users are willing to trade-off 1h of waiting for 2h of
driving. The choice of 1 is subject to a high degree of uncertainty given the large degree of intra-
population variability and large number of influencing factors [60]. However, a sensitivity study
has been conducted to show that resilience results are consistent across the parameter’s feasible
range (Appendix A.3.3.2). As stated in Section 3.2.3, starting energy is modeled using a Beta
distribution with parameters of « = 1.5 and f = 1.0. The EV characteristics for the case study

were an effective battery capacity (0-80% SOC) of E,;,o, = 75kWh and an energy consumption

ofu = 0.35% or 0.2175 %,
mi km

Travel demands for the modeled area were available from the Colorado Department of
Transportation (CDOT). The data provided consisted of average annual daily travel (AADT)
demands based on a source network of 1,151 centroids. To map the demands onto the analyzed
network, shown in Fig. 7, each network’s nodes are assigned coordinates. Based on these, the
source network’s nodes are assigned to nodes of the analysis network based on proximity with a
cut-off radius of 5 km to avoid overallocation of demand from rural areas. Finally, the resulting
trip data is limited to trips with a demand > 0.1 AADT. For this case study, peak hour traffic
demand is adopted, to test a high-strain scenario. The AADT trips are transformed into peak-hour
demand by multiplying the final OD-demand matrix by 0.093 [57]. This results in an OD matrix

with 3,297 OD-pairs for the depicted network.® The total travel demand OD matrix Q is

5 Despite being connected to I-25, which might introduce significant through and trans-boundary traffic, only internal traffic
demands are considered for this case study.
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disaggregated into the vehicle-class-specific OD matrices, Q! and Q2. To reduce ill-conditioning
caused by numerous very small-demand OD-pairs, the lowest demand OD-pairs are pruned from
each class-specific OD matrix until the cumulative removed travel demand equals 5% of the
respective matrix’s travel demand totals. To preserve consistency for the relative EV travel time
resilience RI¥, all OD-pairs present in Q7 are retained in Q1, even if they would otherwise have

been pruned.

6.2. Scenario Definitions

The 2020 Cameron Peak wildfire began on August 16™ and was declared fully contained by
December 2", It was the biggest wildfire in the history of Colorado and caused significant damage.
Over its course, several areas were evacuated, and two major highways and numerous local roads
were closed [54]. For this numerical study, most affected roads are excluded from the network.
The only affected road included in the network, highway US-34, is shown as a dashed line in
Fig. 7. It was closed for a span of roughly 72 hours, between October 16 [54] and October 19"
[61].

This case study considers two variants of the described wildfire scenario. The first scenario
mirrors the impacts of the 2020 Cameron Peak wildfire, with the disruption being modeled as the
removals of links between nodes 36 and 37, representing the closure of US-34. A second scenario
of the case study expands this disruption by including the common-mode failure of the power grid
supporting the charging station location at node 37. Along with this power outage, a reduced
starting SOC of EVs departing from node 37 is modeled with a3” = 37 = 1.0.

Due to the two-state comparison (no closure vs. closure), the disrupted period is represented as
a single disrupted state (n = 1). Under the steady-state assumption, the weighting of performance

metrics by the state’s duration, T;, therefore, does not change the computed resilience values. To
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enable comparability between the baseline and disrupted state, any hypothetical evacuations of

Estes Park and other zones are excluded from the operational boundary of the analysis.

6.3. Results Scenario 1

Using the methods presented in this thesis, the system’s behavior can be simulated by first
solving the proposed traffic assignment model. The TAP solution provides (i) the number of
stranded EVs, (ii) travel times between the different OD-pairs, and (iii) path flows through the
various charging station locations with associated energy demands. These results are used to
parameterize the Monte Carlo simulation, which yields mean charging and queueing times at each
charging station location and for all paths and OD-pairs. Based on these measures, the proposed
resilience metrics can be computed and compared. Here, accessibility and trip resilience serve as
the primary basis for resilience evaluation of the network. Then, the performance component
metrics are utilized as a diagnostic tool for identifying drivers of performance degradation.

Although the proposed resilience metrics can be computed for a sequence of discrete network
states, this case study only has a single disrupted state. This is consistent with traffic network states
during the wildfire, where the road was closed for 3 days and then reopened, without notable
recovery or repairs. Therefore, its resilience metrics present a special case, where n = 1 and T; =
t, — to, reducing each of the proposed resilience metrics (Section 5) to a state-wise comparison
(baseline vs. disrupted) that yields relative performance retention rather than recovery dynamics.
It is assumed that remaining recovery dynamics, such as traffic transients, can be neglected as their
duration is short relative to the disrupted period.

Under the default resilience scenario, we find that the electrified transportation network
performed well under disrupted conditions. The trip resilience values of all nonnegligible OD-

pairs exhibit a median of 1.000, with the 10th percentile at 0.986. Only 12 OD-pairs experienced
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increased total trip delays of >11% (Rfy;, < 0.90), which make up approximately 0.52% of the

total travel volume of recharging EVs. This suggests that OD-pairs and EV travelers were largely
unaffected and the effects of the disruption concentrate on a small, localized subset of OD-pairs.
No increase in stranded EVs between the baseline and disrupted network states was found.

Recharging EVs performed only marginally worse than NRVs across the metrics considered.

6.3.1. Traffic Assignment Results

The equilibrium flows computed in the TAP show that the network disruption yields a traffic

flow redistribution of the vehicle flows utilizing the disrupted link. At baseline the two directed
links connecting nodes 36 and 37 carry 152.3 % and 149.9 %, respectively. These are removed

under the disruption, causing these vehicle flows to be redirected along a detour, extending the
travel distance of several OD-pairs. These redistribution patterns are displayed in Fig. 9, which
shows the case study’s network graph with its links colored according to the change in vehicle
flow they exhibit between network states. Red links indicate an increase in vehicle flow, whereas

blue links indicate a reduction in vehicle flows.
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Figure 9 Vehicle Flow Redistribution between network states (baseline vs. disrupted)

The flow changes shown in Fig. 9 are consistent with the diverted flow around the closure of

link 36-37, as the sum of redirected traffic through the north-south corridors of the network closely
match the flow through the disrupted link to within < 2 %

The equilibrium flows produced by the TAP yield path flows for recharging EVs, which each
must visit a charging station link enroute. Aggregating these path flows and their associated energy
demands yields charging station utilizations. These utilizations change slightly with the
redistribution of traffic, as the feasibility and generalized costs of paths change. Fig. 10 shows the
changes in utilization at charging station locations, Ap, between network states for all locations
with |Ap| > 107>, These redistribution patterns are consistent across a range of feasible EV

penetration parameters (see Appendix A.3.3.1).
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Figure 10 Charging Station Utilization change between network states in Scenario 1

The largest change in utilization was experienced by the charging station links 55-56 and 51-
55. Other links experienced significantly smaller changes and were largely negligible.

The small values of |Ap| (<1%) indicate that the disruption to the network did not sufficiently
affect the expected trip delays of travelers to justify a change of charging station location choice.

The most highly utilized charging station location shows p,, = 0.352 (35.2%), thereby
remaining far below saturation. In both network states the charging station utilization is
concentrated at higher capacity charging station locations, where the charging station links with
the top 5 largest charging demands service 57.7% (baseline) and 57.8% (disrupted) of the total
charging demand of recharging EVs. The negligible increase in utilization concentration at the top-
5 highest utilization links further indicates that the disruption does not materially relocate EV flow
towards a smaller set of charging station links.

From the charging demands, charging and queueing delay estimates are derived using the
Monte Carlo simulation framework. For a given network state, each charging station location was

simulated with 1,000,000 Monte Carlo iterations and a warm-up set size of 1,000. These
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parameters produce stable convergence of delay metrics at an OD-pair-level at the given

utilization-levels (see Appendix A.3.2.1).
6.3.2. Accessibility Resilience

In each network state, the total number of stranded EVs is 2.31 % Therefore, accessibility

does not change and R}, = 1 for every OD-pair (r,s) € W. The accessibility of EVs to electrified
transportation is based on network topology and the starting energy distribution of origin nodes.
In the analyzed scenario, starting SOC distributions are not altered and the closure of a single road
is simulated, which does not affect the distance to the closest charging station for the origin of any

OD-pair.
6.3.3. Trip Time Resilience Results

Under this default resilience scenario, the electrified transportation network did not exhibit a
drastic loss in functionality. The majority of OD-pairs showed only minor increases in delays for
recharging EVs, while the most severe effects are concentrated on a small subset of OD-pairs. This
finding is illustrated in Fig. 11, which shows the counts of OD-pairs by their trip time resilience,
binned in intervals of 0.01 or 1%. It consists of 1640 OD-pairs with nonnegligible travel demand
as determined by the exclusion rule from Section 6.1. The resilience performance of the network
under stress is visible in the small number of OD-pairs with R, < 0.98 (106 out of 1640, or

veh

6.5%), which accounts for 5.1% of the total recharging EV travel demand (28.1 T) Only 12 (=

0.7%) exhibit Rgfip < 0.9, indicating that the disruption impacts are locally concentrated on the

small left tail (see Fig. 11) of OD-pairs.
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Figure 11 OD-pair Trip Resilience Counts binned by 0.01

6.3.4. Performance Resilience Results

The OD-pairs with reduced trip resilience values are disproportionately affected by (i) travel
delays, and (ii) charging delays. To further investigate the performance degradation of the network,
selected OD-pairs with a trip resilience R, < 1.0 are highlighted, to illustrate distinct
performance-loss mechanisms. This subset enables the demonstration of the diagnostic capabilities
of the proposed resilience metrics. The OD-pairs are shown in Table 2 in ascending order of the

trip-time resilience values R, alongside their component resilience values for travel time (R{?),

charging delay (R¢®), and queueing delay (Rg®), the relative EV travel time resilience (RY?) and
corresponding travel demands g%"S.

Table 2 Resilience metrics for illustrative set of OD-pairs with different performance-loss

mechanisms
Origin- rs rs rs rs ~rs 2, veh
NE Destination Pair  irie it Re Rq Rii 1 TS[ h
1 37-17 0.834 0.764 1.00 1.00 1.00 0.00573
2 4-37 0958 0951 0972 293 1.16 0.00492
3 52-35 0980 0961 0.997 0.779 0.964 0.0442
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The trip time resilience values range from 0.834 to 0.980, showing moderate performance
degradations. Each OD-pair in Table 2 contains node 37 as origin or destination. This reflects a
trend seen in the network’s overall resilience, where most of the heavily-affected OD-pairs seen in
the left tail in Fig. 11 have the origin or destination in the node cluster that was cut off by the road
closure (nodes 37, 38, 39, 40). Consequently, their trip resilience values are dominated by travel
delay increases. These delays equally affect recharging and non-recharging vehicles (I?{ts ~ 1).
An example of such an OD-pair can be seen in Table 2, line 1, which shows that recharging EVs
traveling between nodes 37 and 17 experience ~20% trip delay increase (Rf:i;” = 0.834). In this

case, the performance resilience metrics show that only the travel delay is noticeably increased,
suggesting that the travel delay increase is caused by the detour required to circumvent the road
closure. Crucially, charging and queueing delays related to EV charging do not show changes,
which indicates that the present charging infrastructure is adequate for accommodating the
rerouting of vehicles. This pattern is represents the 46 OD-pairs (2.8%) with the lowest Rfrsl-p—
values, suggesting that the network’s resilience performance is not bottlenecked by the charging
infrastructure.

Other OD-pairs exhibit RIf < 1.00, which shows that travel delays increase more for
recharging EVs than NRVs over the disrupted period. Such is the case for OD-pair 52-32
(ﬁft2_35 = 0.964). This suggests that the disruption requires a subset of recharging EVs travelling
between the OD-pair to take a longer detour (compared to NRVs) during the disrupted network
state(s) to visit charging station links. In this case, the path flows of the OD-pair 52-32 are
predominantly assigned to charging station link 52-51. The increased congestion at this link in the
disrupted state (Fig. 9) increases delays incurred when traversing it. Unlike NRVs, recharging EVs

travel between the OD-pair 52-32 must travel on that link twice, to reach their destination,
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consequently incuring this increased travel delay twice, increasing their overall travel delays more
than NRVs (as reflected in R3?3° = 0.964).

OD-pairs exhibiting RIF > 1.00, show that travel delays increase more for NRVs than
recharging EVs. Exemplary of this is the OD-pair 4-37 whose path flows are redistributed from
largely visiting the charging station link at node 1 at baseline, to paths incorporating link 52-51
during the disrupted state. The avoidance of this detour in the disrupted network state yields
reduced travel delays. In turn travelers visit the charging station link that is significantly further
from their starting location, increasing charging delays and trip delays overall, as reflected in
Ri% = 0.958.

This rerouting of recharging EVs coincides with different charging station link choices and
different charging demands. These changes may drive increased charging delays, as EVs may
recharge at lower-power EVSE or require more energy compared to the baseline network state.
Such is the case for OD-pair 4-37 (Table 2, lines 2), as indicated by RZ737 = 0.972. At baseline,
the lowest cost path incorporates the charging station link at node 1, with an energy demand of
36.02kWh. During the disrupted network state, 75.8% of that flow is redirected to a path
incorporating the higher-capacity charging station link at node 44, where EVs recharge 39.35kWh
because the charging station link is further from the OD-pair’s origin. Both links only have L3
EVSE (ny31 = 4,13 44 = 12) assigned to them. Therefore, the effective charging power for each
charging event is equal (P53 = 50kW). This indicates that the observed increase in mean charging
delays is driven by the increase in energy demand per charge event. Conversely, the lower EVSE
count at node 1 makes it more susceptible to transient queues, whereas the charging station link at
node 44 has higher capacity. Therefore, queueing delays improve in the disrupted state, as

indicated by Rg ™37 = 2.93.
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Due to the low utilization at charging station locations. Queueing delays are small relative to
overall trip delays. This drives large volatility in queueing resilience values, as queueing delays
are the only performance component, which can feasibly range from 0 to co. To visualize the
contribution of individual performance dimensions to the trip delays, consider Fig. 12. It shows
the changes of trip delays experienced by the OD-pairs highlighted in Table 2 in a stacked column
diagram, where each segment shows the relative contribution of each performance component to
the trip delay. For each OD-pair the right column represents the baseline trip performance and the
left column represents the disrupted trip performance. Both columns are normalized by the trip

delay at baseline, such that the right baseline-column serves as reference of the delay increases.
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Figure 12 Performance Metric-level decomposition of trip resilience values for OD-pairs from
Table 2

The figure shows that queueing delays are visually undetectable in the columns, making them
largely negligible w.r.t. trip delays. These small values make the ratio-based resilience metric Rg*
sensitive to fluctuations, which explains the large deviation in queueing resilience values in lines

2 and 3 of Table 2, that is, however, not reflected in the respective overall trip resilience values.
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6.4. Results Scenario 2

This section shows the model and resilience results of scenario 2, in which the loss of charging
power at node 37 is added to the disruption of the links between nodes 36 and 37. The results are
compared to the results of scenario 1 from the previous section and show that charging station
location at node 37 plays a pivotal role in ensuring the resilience of OD-pairs departing from the
region west of link 36-37, when subjected to the closure of Highway US-34. Compared to the first

scenario, the number of stranded EVs increases by 8.6%, and the number of OD-pairs with Ry}, <

0.9 increases from 12 to 72, with the min(R{ﬁip)-Values of the most heavily affected OD-pairs

significantly degrading from 0.835 to 0.238.
This result is driven by the redistribution of charging demand, originating in the cut-off node
cluster, to charging station links, that cannot provide the same level of charging power and capacity

as the location at node 37, thereby degrading trip delays.

6.4.1. Traffic Assignment Results

The charging station location at node 37 serves as central provider of charging for EVs

originating in the region that is cut-off by the disruption of link 36-37. At baseline it serves 76%
of all recharging EVs departing from nodes 37-40 (0.814 % out of 1.07 %). The removal of the
node introduces are large shift in the utilization of charging station locations of the network. This

shift is further increased by the change of a3, which reduces the mean starting SOC of EVs

departing from 37, increasing the total volume of recharging EVs departing from node 37 from
veh veh

0.575 - to 1.29 - Fig. 13 illustrates the absolute change in charging station utilization, Ap,

between the equilibrium flows at baseline and the disrupted network state of scenario 2 for all
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charging station links with |Ap| > 1072, illustrating the redistribution of charging demand

resulting from the disruption modeled in scenario 2.
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Figure 13 Charging Station Utilization change between network states in Scenario 2

The figure shows that the link at node 37 loses its entire utilization (Apz; = —0.035). This
charging demand is largely redistributed to surrounding charging station links. The redistribution
of charging demand, as well as the overall increased number of recharging EVs departing from
node 37 explains the large increase in utilization at links 38-39 and 51-52. Due to the reduced
number of EVSE at these locations, their utilization increases disproportionately to that of the

location at node 37.

6.4.2. Accessibility Resilience

The charging station link at node 37 represents the closest charging station for EVs departing
from node 37. Removing it requires recharging EVs departing from node 37 to visit a different,
further charging station, increasing the number of stranded EVs. Because the removed charging
station link is directly at node 37, in scenario 1, there are no stranded EVs for any OD-pair

departing from node 37. Conversely, in the disrupted network state of scenario 2, the total number
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of stranded EVs for all OD-pairs with node 37 is 0.203 % This increases the total number of

h h o e :
stranded EVs from 2.31 % to 2.51 % The accessibility resilience values are zero, as the baseline

network state exhibits no stranded EVs for all these OD-pairs.

6.4.3. Trip Time Resilience Results

Compared to the results of scenario 1, scenario 2 exhibits a significant degradation of
functionality. While the impact of the disruption is also focused on a small subset of OD-pairs, its
magnitude is significantly larger. This finding is illustrated in Fig. 14, which shows the counts of
OD-pairs by their trip time resilience, binned in intervals of 0.01 or 1%. It consists of 1631 OD-

pairs (compared to 1640 in scenario 1)°.
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Figure 14 Charging Station Utilization change between network states (baseline vs. disrupted) of
the modified disruption scenario (road closure + node 37 charging removed)

The figure shows a significant degradation of the network’s resilience performance as illustrated

by the greatly reduced Ry;;,-values within the left tail of the distribution. Table 3 shows a set of

® This decrease is caused by the filtering of OD-pairs discussed in Section 6.1. The change in @37 increases the
travel demand of recharging EVs departing from node 37, pushing 9 OD-pairs underneath the filter threshold.
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summary statistics characterizing the degradation of the resilience performance with the loss of
the charging station location in node 37. It includes the arithmetic mean and median of R(;;,-
values over (r,s) € W, the lowest R;;;,,-value, the number of OD-pairs with R, < 0.9, and the

total number of excess stranded EVs compared to the baseline.

Table 3 Summary Statistics comparing the resilience performance of the networks in scenario 1
and scenario 2

Statistic Scenario 1 Scenario 2
Mean Ry 0.996 0.975
Median Ry, 1.00 1.00
min, RES) 0.835 0.238
N(Rrip < 0.9) 12 72
A[ Z qggr] 0.0 % 0.203 2
(r,s)ew

The table results support the qualitative findings from Fig. 14. The mean of the trip resilience
values drops under the influence of the more heavily affected tail, while the median remains largely
unchanged, showing that the loss of the charging stations at node 37 has a highly localized effect.

This effect, nevertheless, dramatically degrades the trip time resilience of a subset of OD-pairs as

rs

indicated by the reduction in the lowest Ry.;,,-value.

6.4.4. Performance Resilience Results

The loss of EVSE at node 37 increases the distance that recharging EVs departing from that
node must travel to reach the next closest charging station location, which requires a 5.8km detour.

This increases the required starting energy for EVs to be able to depart on their trips by 1.26kWh’,

7 Based on the consumption constant of 0.2175 % defined in Section 6.1
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which increases the number of stranded EVs by 0.0203 %, or 3.0% of the total travel demand of

recharging EVs.

The degradation of the highly-affected OD-pairs is driven by charging and queueing delays as
illustrated in Fig. 15, which shows the component-wise breakdown of the trip time resilience
results for three of the bottom-7 OD-pairs. The displayed OD-pairs have been selected based on

the difference in location of their destination within the network model.
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Figure 15 Performance metric-level decomposition of trip resilience values for three of the seven
most affected OD-pairs in scenario 2

The figure shows that the primary driver behind the trip resilience degradation of OD-pairs is
the large increase in charging delays. This increase is consistent with a lack of L3 EVSE at alternate
charging station locations. Additionally, significant queueing delays are introduced, further
degrading the trip resilience, which is consistent with the shift in charging station link utilizations

(Fig. 13) alongside the reduced charging capacity of alternate locations.

7. Discussion

The resilience of the Northern Colorado network was evaluated when subjected to road closure
conditions present during the 2020 Cameron Peak wildfire as well as the additional power outage

at node 37. The results show that the electrified road transport, on the whole, has a high resilience
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to the road closure of US-34, between nodes 36 and 37, with only a small set of OD-pairs
experiencing moderate delay increases and no measurable loss of accessibility (stranded EVs). The
loss of electricity at node 37 severely increases the degradation of resilience while remaining
localized to a subset of OD-pairs. The concentration of performance degradation is a central
finding, as it demonstrates localized vulnerabilities of the electrified transportation system to the
modeled disruption.

To understand the implications and capabilities of the modeling framework proposed here, this
discussion section investigates the disaggregated contributors to resilience, plausible additional
mechanisms that may affect performance dimensions, and the framework’s application to

assessment of interventions.

7.1. Holistic Performance View on Resilience of the Electrified
Transportation System

Previous authors have evaluated the resilience of electrified transportation systems through the
lens of charging station utilization [35], [36], [37] and satisfaction metrics [33], [34]. These
approaches, while yielding valuable insights into the extent to which charging stations serve their
purpose, do not capture network-level effects such as increases in travel time due to detours or
charging-related delays from changes in route-choice behavior or increased congestion.

This proposed methodology, on the other hand, provides aggregate metrics that capture holistic
temporal performance dimensions of both conventional and electrified transport using accessibility
and trip delays as high-level performance metrics. The latter can be disaggregated into its
performance dimensions, travel, charging and queueing delays, enabling the identification of

network effects brought on by changes in travel behavior.
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The above case study above shows that OD-pairs can be divided into two categories: 1) directly
affected OD-pairs, whose connecting paths from the baseline scenario were rendered infeasible
due to the disruption, and 2) indirectly affected pairs, that were affected by the rerouted traffic.
The latter demonstrates that the framework is adequate for characterizing network effects induced
by disruptions. An illustrative set of OD-pairs was discussed that demonstrates that the
interpretability of the chosen resilience metrics with respect to one another. It should be noted that
due to the travel demand threshold (Section 6.1), several nodes representing smaller zones are not
included in the OD-pair set W, while other larger zones are overrepresented (e.g. Longmont, Fort
Collins). The omission of negligible EV flows is justified because (i) queueing and charging delays
are derived from stochastic arrivals, which introduce uncertainty for small flows, (ii) OD-pair-
level traffic demand assignment to paths can cause disproportionate relative changes in computed

ratios, and (ii1) small flows have reduced network-level impact.

7.2. Disaggregation of Resilience by Performance Dimensions,
and Delay Mechanisms

Viewing resilience of electrified travel through the lens of total trip delay (decomposable into
the sum of travel, charging and queueing delays) has received limited attention in literature.
Previous works on transportation resilience utilize only travel delays as the basis for resilience
quantification [18], [29], [30]. Existing research on EV resilience primarily focuses on charging
station-level metrics such as utilization or trip completion [35], [37], which can miss the effects
that the complex interplay between detours, congestion and charging station selection have on total
trip delays. Hence, the present research applied OD-pair-level resilience metrics that take into

account all major delay dimensions of electrified transportation (travel, charging, and queueing)
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through a modeling framework that links traffic assignment outputs to delays simulations at the
charging station-level. These performance measures are made tractable through their explicit
modeling in a coupled workflow, rather than being implicitly included in e.g., topological metrics
[36].

The proposed methodology captures several mechanisms by which the individual performance
dimensions are affected.

Travel time may increase from necessary alterations to path choice due to disruptions in the
network, causing longer travel distances and in turn delays (e.g. OD-pair 37-17 — scenario 1).
Additionally, it may be affected by an increase in link congestion as vehicle streams are rerouted,
raising travel times (e.g. OD-pair 52-35 — scenario 1) and potentially driving changes in route
choice for a certain fraction of vehicles.

Charging times for EV travelers may increase in the mean due to (i) higher energy demands
(e.g. from detours or reduced starting SOC, as seen in OD-pair 4-37 — scenario 1) and (ii) reduced
effective charging power®. The latter may result as an emergent effect of adaptive route-choice
behavior to disrupted conditions. Alternatively, it may be caused by increased utilization at
charging station locations with heterogeneous EVSE. Here, increased charging demand raises the
probability of high-power EVSE being fully occupied, making it more likely for EVs to be
assigned to lower-power EVSE, which increases the mean charging time. This mechanism is
conditional on the charging demand and the heterogeneity of present EVSE, since it requires
utilization changes to shift a charging station from low-utilization regime, where high-power

EVSE primarily charge EVs, to a high-utilization regime, where lower-power EVSE supplements

supply.

8 This mechanism was not observed in the case study, but is briefly discussed in Section 7.4

58



Queueing delays are an emergent behavior of charging time and flows through charging station
kWh S . : . .
demand [T]’ which in turn may increase through increased vehicle flow or increased energy

demands. Additionally, if the total charging power of a charging station location is diminished (e.g.
due to vandalism, or power outages — see below) the queue delays also increase.

These mechanisms enable the inference of system properties based on the resilience and
performance metrics. For instance, for our baseline EV fleet fraction of y = 4.52% in scenario 1,
the network’s loading does not measurably strain the capacities of charging stations, despite
choosing peak-hour travel demands and reduced EV ranges (battery capacity and energy
consumption, starting SOC). The queueing times represent a negligible component of total delays
in both the baseline and disrupted state (as in Fig. 10). The results further show that charging and
travel delays are notably increased. Travel delays moderately increased for some OD-pairs, whose
path sets are directly affected by the disruption. Hence, recharging EVs and NRVs were delayed
to similar extents (R}§ ~ 1, for e.g. 37-17), indicating that travel delays are not driven by route
choice behavior specific to EVs, but instead by detours and congestion. Further, increased travel
delays in indirectly affected paths (e.g. OD-pair 52-35) increased despite retaining identical path
sets between network states.

In summary, the disaggregation of resilience metrics allows for systematic and defensible
identification of the sources of resilience challenges, and the development of solutions that can

improve transportation system resilience in sum (see Section 7.4).

7.3. Discussion of ratio-based resilience metric interpretation

This work chooses to employ ratio-based resilience metrics. Such metrics are conventionally

used for resilience assessments for their ease of interpretation as retained level of performance
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[22], [29]. However, because these metrics represent resilience in relative terms to the performance
level at baseline, their values are influenced by the magnitude of the chosen performance metric
at baseline.

This introduces challenges in interpretation using temporal performance metrics, as the same
absolute change in delays between OD-pairs can appear overstated in OD-pairs with shorter delays
at baseline. This effect overrepresents shorter trips in subsets of highly affected OD-pairs, as well

as drives the challenges in evaluating queueing resilience in low utilization regimes.

7.4. Intervention Evaluation

The results of the case study scenario 2 show that the high-power charging capacity at node 37
is pivotal for the network’s resilience performance. Loss of the node’s charging station location
significantly degrades the resilience performance of OD-pairs departing from the node cluster west
of the disrupted road link. This section proposes three network interventions to scenario 2 and
assesses their resilience performance as a means of demonstrating the framework’s capability to
evaluate measures to improve resilience.

To mitigate this limitation, results should be conclusively interpreted under consideration of
absolute delay metrics or, as has been done throughout this work (Figs. 12, 15 and 16), by

evaluating performance dimensions in terms of their overall contribution to trip delays.

7.4.1. Resilience Interventions

To address the resilience loss observed in scenario 2, three interventions are proposed based on
resilience results of Section 6.4 and evaluated.
In intervention 1 (I-1), four (4) L2 (14kW) EVSE are added to node 37. In intervention 2 (I-2),

one (1) L3 (50kW) EVSE is added to node 37. These interventions provide low-level charging
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capabilities that may be facilitated through backup generators to address the loss of accessibility
reported in Table 3. The single high-power EVSE added in intervention 2 reduces individual
charging times, to enable a comparable service level at node 37 to the baseline state and address
the significant increase in charging delays (Fig. 15). However, the single EVSE may be susceptible
to queue build-ups. Therefore, the multiple parallel EVSE were added in intervention 1, where the
total power output in each alternative is similar (56kW (I-1) vs. 50kW (I-2)). In intervention 3 (I-
3)one (1) L3 EVSE is added to link 38-39, as it is the charging station location that accommodates
a large fraction of the charging demand originally serviced at node 37 (Fig. 13). All other
parameters remain unchanged from scenario 2. Each intervention is then simulated end-to-end
using the proposed framework to yield resilience results that provide decision support regarding
their impact.

Table 4 shows a set of summary statistics that enable the comparison of the resilience

performance of the proposed intervention strategies. It includes the arithmetic mean and median

rs

of Riyi,-values over (r,s) € W; the lowest Ri,

trip -value and the 4th percentile of OD-pairs. The
4th percentile was chosen to characterize the tail because the tail comprises 72 (Table 3) out of the
total 1631 demand OD-pairs (~4.4%).

Table 4 Summary Statistics comparing the resilience performance of the networks in the default
and modified scenario and interventions added to the modified scenario network

Statistic Scenario 1 Scenario 2 I-1 1-2 I-3
Mean Ry 0.996 0.975 0.974 0.963 0.983
Median R 1.00 1.00 1.00 1.00 1.00
. rs
(rr,rsl)lélw trip 0.835 0.238 0.200 0.088 0.411
4% Percentile R[S, 0.977 0.643 0.650 0.301 0.781
veh veh veh veh veh
A [ Z qggr] 00225 020322 00%% 0.02%  0.203%%
(r,s)ew

61



The results for the mean and median of the alternatives show that, there is little change in the
overall resilience performance of the network. The disruption impact remains localized to a small
subset of OD-pairs, as demonstrated in the tail metrics.

Out of the three alternatives, intervention 3 yields the largest improvements to the network’s
level-of-service-based resilience metrics, increasing the trip resilience of the tail metrics (4th
percentile) from 0.643 to 0.781 and raising the minimum trip resilience from 0.238 to 0.411. It
adds charging capacity at a link that already has EVSE allocated to it, which does not improve
accessibility over the modified disruption scenario. The higher-power EVSE added to the link
enables reduced charging times, yielding large improvements to the trip resilience tail. The added
charging capacity in link 38-39 provides the same number of high-power charging stations as node
37 in intervention 2, yet the interventions perform significantly better due to the additional

charging capacity at the location, which reduces the overall utilization in the disrupted state

(Apgé)_39 = (0.335) attenuating queue build up. It should be mentioned that the low utilization at
link 38-39 is further driven by the reduced overall charging demand in the node cluster, due to the
increased number of stranded EVs. Nevertheless, resilience is heavily degraded compared to
scenario 1, as the single added L3 EVSE does not provide sufficient capacity to service all
recharging EVs. This pushes the location with a boundary utilization regime®, where EVs that
would otherwise wait in queue (Fig. 16) are serviced at a L2 EVSE. However, the resulting increase
in mean charging times is far outweighed by the alternative increase in queueing delays
experienced at node 37 in intervention 2. This operational regime is indicated by the effective

charging power of 35.3kW at the charging station location (arithmetic mean of assigned EVSE

° This utilization regime is discussed in Section 7.2 as a potential driver of charging resilience degradation
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power for all simulated charging events), showing that a significant number of charge events
(~40%) 1s assigned to L2 (14kW) EVSE, reducing the effective power.
In contrast, intervention 1 yields small benefits, through the restoration of accessibility and

small improvements to the 4th percentile of Rj;,-values (0.650), compared to the complete

removal of the charging station location in node 37. However, it does not address the drastic

reduction in trip time resilience shown by the minimum Ry;,-values, with (m)in ( trip
r,s)EW

degrading slightly. Interventions 1 and 2 improve accessibility to electrified transport, because
they retain charging capability at node 37.

Intervention 2 adds one (1) high-power EVSE to the disrupted location at node 37. This makes
the location highly attractive, drawing significant charging demand from origins in the cut-off node
cluster. This drastically increases the location’s utilization in the disrupted state to Apg) = 0.952,
driving queueing delays (Fig. 16b).

These findings suggest that care must be taken when adding backup charging capacity during
disruption scenarios, as a balance must be struck between the provided capacity, and projected
demand at the location given the attractiveness of the location. The single high-power EVSE is not
sufficient to service the charging demand of the node cluster, causing queueing delays to outweigh
the benefits of the reduced charging delays. This conclusion is illustrated in Fig. 16, which shows
the component-level breakdown of trip delays for the same OD-pairs shown in Fig. 15 for each

proposed intervention.
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Figure 16 Performance Metric-level decomposition of trip resilience values for the OD-pairs
shown in Fig. 15. a) Intervention 1, b) Intervention 2, and c) Intervention 3

The figures show that the queueing delays are the primary driver behind the degraded
performance of Intervention 2. The difference in performance between interventions 1 and 3 is less
pronounced. However, it is obvious that Intervention 1 exhibits significantly increased queueing
as well as charging delays in the disrupted state, with the latter being driven by the difference in
effective charging power. This improvement in level-of-service performance comes at the expense
of accessibility to the electrified transportation system. Such findings serve as valuable decision-

support and should be carefully considered in the context of trade-off analyses.
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7.5. Limitations

In the proposed framework, several assumptions were made to simplify the model and make its
results more tractable and interpretable. These modeling choices introduce uncertainty and limit
the spatial and temporal scope over which the framework is applicable. The following section
contains an in-depth discussion of the three highest-impact model limitations, with a
comprehensive list of assumptions and their impacts shown in the Appendix A2.

First, the model limits charging station arrivals to the enroute recharging of EVs derived from
the TAP. However, a significant proportion of charge events are destination charge events, where
the charge event is coincident with and conducted during an extended dwell time at one’s
destination [43]. This assumption may introduce an underestimation of charging demand at
charging stations that coincide with large destination-TAZs, which may cause an underestimation
of charging station utilization and, thereby, associated delay metrics. To address this limitation,
additional path flows can be added into the data pipeline, that correspond to a fraction of non-
recharging EV flow into either end node of a charging station link. The energy demand of each
path flow, then, corresponds to the difference between starting energy and the energy required to
travel a given path.

Second, the simplification of modeling discrete steady-state network operations limits the
framework’s application to disruptions whose durations are materially longer than traffic transients
and queueing dynamics. Awareness of this limitation is particularly crucial for high-congestion
regimes, as it does not allow for carrying over queueing states and the simulation of queue
resolution across network states. This may cause underestimation of all delays, but it is particularly
relevant to the queueing model, as transient effects are longer than those of road traffic. This

limitation can be addressed by restructuring the Monte Carlo simulation framework to model the
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entire simulation time horizon of a charging station location, such that arrival and energy
parameters vary with the simulation time according to the TAP results at each timestep.

Lastly, the proposed model framework has unidirectional coupling that feeds TAP results into
the queueing simulation. This structure does not accommodate non-linear charging behaviors such
as EVSE shopping or balking'™. Through the aggregation of EVSE along links, these behaviors
can be locally simulated by the queueing mechanisms of the Monte Carlo simulation. However,
travel between different charging station locations is omitted, enabling overutilization of charging
stations. In the case study presented in Section 6, this limitation has limited impact, as queueing
delays are negligible compared to travel and charging delays (Fig. 12). However, as charging
station utilization across the network approaches saturation (e.g., in I-2, Section 7.4), the limitation
may introduce inaccurate modeling results in that vehicle flows contributing to overutilized
charging stations are not redirected to nearby alternatives. This overstates the utilization of highly
utilized charging station locations, while underestimating the spread of utilization of charging
station locations in its neighborhood, likely skewing the resilience results into two categories, that
underestimate the resilience of the highly utilized links and overestimates that of the links in its

vicinity.

7.6. Future Work

Future work to address the following key limitations of the proposed framework should focus

on including (i) balking into the behavioral model and (ii) destination charging demand.

0 _EVSE shopping® involves driving by closely located charging stations to derive information on charging queues.
“EVSE balking” involves the abandonment of an initial charging station choice upon arrival, for example in case
there is a long queue
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The first limitation can be addressed by incorporating a flow diversion criterion for charging
station links, such that a fraction of the arriving flow is redirected to an alternative charging station
link when congestion exceeds a specified threshold. The expected delay at a charging station can
be approximated through a closed form queueing model (e.g. M/M/c approximation), using the
utilization from Eq. (32). The fraction of diverted flows can, then, be determined by considering
every path of a charging station link and computing the redirected flow to the lowest delay
alternative such that an equilibrium between the queueing and alternative delay is achieved.
Implementing this diversion into the framework would require an iterative feedback loop between
the TAP and queueing simulation, or an extending the TAP formulation by a utilization-based
penalty term that approximates queueing awareness.

As discussed in the previous section, destination charging can be implemented in the model as
a charging station location-specific background flow. This flow could be modeled as a specified
fraction of EV flows into the end nodes of a charging station link. The energy demands of these
flows can be modeled as the arrival SOC of a given path. This extension would enable more

realistic delay estimates for charging station locations in destination-heavy TAZs.

67



8. Summary and Conclusion

In this research, a methodology for the resilience assessment of electrified transportation is
developed to account for travel, charging, and queueing delays. The framework couples an energy-
constrained traffic assignment model with a queueing simulation of charging station locations to
produce OD-pair-level resilience metrics. These metrics are both interpretable and diagnostic,
enabling the decomposition of trip time resilience into its underlying performance dimensions
rather than relying aggregated indicator metrics.

The methodology is applied to a case study of a wildfire in Northern Colorado, with results
showing that the disruption has uneven impacts across OD-pairs (Figs. 11 & 14 and Table 2).
Decomposition of the trip delays further provides insights into the performance loss mechanisms,
such as: (i) changes in travel delays from increased road congestion and detours; (ii) increases in
charging delays due to shifts in EVSE assignment at locations with heterogeneous EVSE as higher
power chargers become occupied; and (iii) emergent growth in queueing delays with increasing
utilization of charging station locations. Analysis of system interventions shows that charging
station utilization and corresponding delays are shaped by network effects, where adding capacity
to charging station links can redistribute flows such that materially different utilization patterns
and thereby resilience outcomes are achieved.

These findings underscore the utility of assessing the resilience of electrified transportation
systems at an OD-pair-level and decomposing resilience by its performance dimensions. This
approach supports diagnosis of the most affected OD-pairs and provides indicators for the
mechanisms that drive the performance degradation. The results enable targeted intervention
design as well as their evaluation in terms their effects on resilience at both the charging station-

and network level.
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Results demonstrate that the loss of a single strategically located charging station location can
produce severe localized resilience impacts. This loss cannot be mitigated through the addition of
high-power backup capacity at the same location, as its benefits can be negated through induced
queueing. The findings yield direct implications for the siting of electrified transportation
infrastructure in hazard-prone regions. Resilience requires not only the preservation of charging
service levels (power) but its geographic distribution and capacity under resilience conditions.

As EV adoption accelerates and climate change-driven disruptions intensify, the proposed
methodology provides a tractable tool for planners and policymakers to identify, quantify and
mitigate the most critical vulnerabilities of electrified transportation systems before disruptions

occur.
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Appendix

Al. Traffic Assignment Problem (TAP) solution algorithm

This section summarizes the numerical procedures used to solve the proposed constrained
nonlinear optimization program (NLP). The TAP is formulated as a path-based convex
optimization problem with two vehicle classes: non-recharging vehicles (m = 1) and recharging
EVs (m = 2). The convex program is solved using MATLAB’s constrained optimizer (fmincon,
interior-point).

Because the path flows are the optimization variables, the algorithm may require full path
enumeration to converge to a global optimum of the path-based convex program. This approach is
very computationally expensive. Therefore, the MATLAB solver is nested in a column generation
(CQ) algorithm, which iteratively adds paths to path sets, where a new, fastest path could be
determined. This approach ensures a full path set at the global solution, while lowering

computational costs.

Al.1. TAP Solution Algorithm

Figure A-1, summarizes the solution algorithm used to solve the TAP for a given set of path sets.
It is solved separately for each network state using a path-based convex program with two vehicle
classes. The solution produces equilibrium path flows and link flows, path travel times, and

recharging EV charging demands at charging station links.
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Figure A-1 Flow Chart of the TAP solution algorithm

The modeled electrified transportation systems is represented by a directed network graph G =
(N, A) with link free-flow times t, 4, capacities @, and delay characteristic parameters a, and f,,
as well as a subset of charging station links A € A, with charging station location attributes:
expected output power P;. The travel demands of each vehicle class (m = {1,2}) are specified
through class-specific OD-matrices, which are assigned to path sets, P! and P2,

Given the path set of each OD pair P™"S € P™, Vvm € M, (r,s) € W, the total number of total

number of paths for a given vehicle class, K™, is determined using:

=y Y
(r,s)ew kepmrs

Using these, the path flow optimization variables, f1 and f2, are initialized as vectors of size

K™ x 1. Through the path sets and list of network links, the link-path incidence matrices A® and
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A? are computed, where each row corresponds to the binary values & ;n .'* which encode whether

the link a € A is an element of the path k € P™"°. These enable the definition of the link flow
vector optimization variable required to define the objective function Eq. (16), as:

x = AUf1 4+ A% f2
The optimization problem objective in MATLAB is defined through the instantiation of an
optimization-options objects, which specifies the solution algorithm (interior-point), subproblem
algorithm (factorization), convergence tolerances, and maximum number of iterations.

Additionally, the matrices to define linear constraints (4.4, beq), nonlinear constraints (Ajpeq,

eq»
bineq) and upper and lower bounds of optimization variables (Ib, ub) are specified, such that:

min f(y)
y

S.t.

To define the objective function, path specific generalized charging costs, ¢2, are computed using

Eq. (11). The objective function is then initialized as:

Py xﬁa+1
Z(f) = ; [to,axa +toa ﬁa—-cll-l gﬁa + [CZ]Tf'
a

where f = [f1; f2]. The fully initialized convex constrained program is solved using MATLAB’s
fmincon (interior-point) function. Solver options specify the algorithm, subproblem strategy

(factorization), maximum iterations, and convergence tolerances.
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Al1.2. Column Generation Algorithm

The TAP optimization program is executed within an outer Column Generation (CG) algorithm,
which iteratively adds paths to path sets, if, at a given traffic assignment, a new, lower cost path
can be found. The CG algorithm initializes with minimal path sets. In a realistic network, this
necessitates several iterations to populate the path sets and arrive at a global solution. Therefore,
the algorithm operates in two stages. The first stage has relaxed convergence criteria parameters:
€opt1 = 107>, €consts = 1078, €501 = 1071%,  MaxIter; = 1,500,
to enable faster convergence and thereby population of path sets. Once the path no better paths can
be found, the second stage is initialized, which utilizes tighter convergence criteria:
€optz = 1078, €conse2 = 10710, €gpep = 1072, Maxlter, = 1,500,
to ensure a more accurate solution.
Figure A-2 shows a flow chart resembling the structure of the CG algorithm. It initializes the
minimal path sets. For non-recharging vehicles (m = 1) path sets consist of only the lowest delay
path using the unloaded network. Recharging vehicles’ path sets (m = 2) include the path with the
generalized cost path as well as the lowest cost, feasible path that incorporates the closest (by

distance) charging station location to a given OD-pair’s origin. This ensures consistency with the

2,rs

range constraints and the number of stranded EVs, qg,. .

The TAP optimizer’s first stage

convergence parameters are specified and the CG loop is entered.
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Figure A-2 Flow Chart of CG algorithm with nested nonlinear constrained optimizer
Within the main CG algorithm loop, MATLAB’s fmincon function is executed, which yields
optimal path flows for the i-th iteration’s path sets, P! and PZ%. This is converted to link flows to

enable the calculation of path costs and efficient execution of shortest path algorithms. Then, the
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link flows of primary and secondary links are, again, combined to accurately reflect the actual
traffic on a given road segment.
To populate path sets, each OD-pair is checked for improving paths. For non-recharging vehicles,

the path cost is calculated as the sum of its link travel times at the CG iteration’s network loading.
For the lowest travel cost a path set Pil’rs for (r,s) € W is then:

1rs _ min Cl,rs

Cmin KepLTs k

The candidate path that may be added to the path set k23, is the path through the loaded network

connecting the OD-pair with the lowest cumulative travel time. If its cost c;au is smaller than or

1,rs

equal to ¢ 7> and ke is not yet contained in P27, it is added to the path set.

For recharging EVs (m = 2), the range constraints limit the accessibility to charging stations for

subsets of the travel demand. Therefore, the fastest path for each subset must be considered. These

2,rs
i .

are demarcated by their reachability thresholds UZ"S, associated with each path k € P

A path k222 is added if its generalized cost is lower than that of every path in the path set with a
greater reachability threshold. In other words, a path is only added if it has a lower cost than every
alternative available to the given subset of recharging EVs capable of reaching it, given their

starting SOC. To that end, the candidate path is being compared to:

Zn(Uz) = minlc?™ | € P UP 2 U2 ]
If no new paths were added to any set, the algorithm advances to the second stage by setting the
tighter convergence criteria for the TAP solution algorithm and setting a flag that the second stage
was entered. The algorithm, then, continues its loop, possibly adding new paths, since the tighter
convergence criteria yield different path flows. The CG algorithm terminates when (i) the

optimizer converges and (i1) no improving paths are found using the second stage’s convergence

criteria.
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Al.2.1. Shortest Path Algorithm

The CG algorithm is heavily reliant on shortest path algorithms to populate path sets and determine
convergence. Since non-recharging vehicles (m = 1), do not have constraints on their path
choices, shortest paths can be found using a common k-shortest path algorithm on a link travel
time-weighted network graph.

To determine the best path for a given OD-pair for recharging vehicles (m = 2), the cumulative
generalized cost of travel and expected charge time must be considered. Since the charging delay
is a function of the travel distance to a charging station link, a conventional shortest path algorithm
is not sufficient. To determine the path with the lowest cumulative generalized cost, the best path
using each charging station location link, @ € A4, is determined, which enables us to find the lowest
cost path that includes any charging station location. Due to their efficiency, it is desirable to
leverage shortest path algorithms for finding the lowest cost path for a given charging station link.
To this end, paths are separated into two sections, (i) the path-section from the origin node to the
charging station link and (ii) the path-section from the charging station link to the trip destination.
Since it is assumed that travelers only visit one charging station during their trip, the latter can be
found directly through a shortest path algorithm on a link travel time-weighted network. As stated
previously, the path to the charging station link, however, impacts the charging delay, due to the
travel energy demand that is proportional to its length. Therefore, to determine the lowest
cumulative delay path to a charging station link, a temporary graph is created, with the link

weights:

ud
Wq = Ca(xa) + TIP_Na,

a
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where d is the length of link a € A, u is the energy consumption of EVs [%], n is the VOT-

factor for recharging delay relative to driving delays, c,(x,) is the travel delay incurred for
traveling over the road segment a € A and P; is the expected charging power at the charging
station location , @ € A, of the path. In other words, the added marginal generalized cost of
traveling along a link of length d, is added to the travel delay link weights. These link-weights
enable us to use conventional shortest path algorithms for each path section to determine the

minimal cumulative delay path for a given charging station location, @ € A.
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A?2. Limitations

Table A-1 Limitations of the proposed modeling framework, their impacts on simulation results

and approaches to mitigate them

Nr. Limitation Impact Mitigation
1 Only consider enroute Underestimate charging station Location-specific
charging utilization and thereby delays, TAP-invariant
overestimating resilience baseline demand on
top of enroute
demand
2 Discretization into Lack of state carryover and Adjust queueing
steady network states simulation of queue resolution may  simulation to simulate
overestimate resilience entire simulation time
horizon
3 Unidirectional coupling  No balking overestimates utilization Implement diversion
at high utilization links and criterion at charging
underestimates utilization at station links, where
surrounding links. This distorts flow pushing delays
resilience distributions past a threshold are
reassigned to
alternative charging
stations (Section 7.6)
4  Homogeneous battery Inaccurate charging demand
size and energy distribution compared to real-world
consumption may cause distort resilience
distributions
5 Homogeneous VOT Skews utilization towards lower or
across driver population  higher power charging stations,
depending on choice of 7,
consequently skewing resilience.
6  Charging Cost is Since cost is typically proportional  Include penalty for
negligible as choice to charger power, flow to high charging cost, similar
parameter power links may be overestimated,  to Ferro et al. [47].

underestimating their resilience and
overestimating resilience of lower
power alternatives.
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7  Amenities at charging Flow distribution may be skewed, Include reward
station locations are skewing resilience distribution. (negative penalty) for
negligible as choice ordinal amenity score
parameters at links.

8  EVsalways charge their May overestimate charging delay Monte Carlo
battery to 80% and create knock-on queueing simulation can be

delays, underestimating resilience modified such that
charging duration is
randomly sampled
between an SOC
interval.

9 EVsleave EVSE as May underestimate charging delay ~ Similar to §,
soon as their vehicle in some instances, where fully randomly sample
reaches the target SOC  charged still occupy EVSE, excess occupation

overestimating resilience. duration until EV is
unplugged

10  Effective SOC is 80% of May underestimate EV ranges, Separate target SOC
the total battery capacity thereby overestimating charging in queueing

demand, consequently simulation from
underestimating resilience available SOC in TAP

11  Charging demand based Disregarding range anxiety from A fixed offset to the
on physical route route feasibility OD demand of feasibility thresholds

feasibility

vehicle type m = 2,
underestimating charging demands,
thereby overestimating resilience

(Eq. (14)) may
emulate range anxiety
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A3. Model Verification and Validation

A3.1. TAP Constraint Violations

Table A-2 Constraint violations of the TAP solutions for the case study scenarios

Parameter Set

Max. Mean

constraint violation
(violating const.)

Max Constraint

violation

(violating const.)

Scenario 1
{a" =1.5,"=1.0,y" = 0.0452}y,cn, 1.61-10714 1.49-10711
n=2.0,u=0.2175,disrupted = false (flow cons.) (flow cons.)
{a" =1.5,"=1.0,y" = 0.0452},cn, 2.35-10711 2.62-10711
n=2.0,u=0.2175,disrupted = true (flow cons.) (flow cons.)
Scenario 2
{a" =1.5,"=1.0,y" = 0.0452},cn, 2.18-10711 2.58-10711
N =2.0,u=0.2175,disrupted = true (flow cons.) (flow cons.)

The maximum absolute values constraint violations are < 3 - 10~11, indicating that the algorithm
implementation produces feasible solutions. Every maximum constraints violation was committed
by the flow conservation constraints, where the other constraints (nonnegativity and range

constraint) exhibited smaller violation values.
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A3.2. Monte Carlo Simulation Stability

A32.1.  Stability

To establish the numerical stability of the Monte Carlo simulation results, the simulation is
executed 10 times for the parameter set:

{a" = 15,87 =1.0,y" = 0.0452}y,en,
n = 2.0, u = 0.2175, disrupted = true,

using nyc = 500,000 and 1,000,000, with w = 0. Using the set of simulation results, validation
metrics for charging and queueing delays of each OD-pair are calculated to determine whether

nyc 1s sufficiently large to enable sufficiently small uncertainties. The results for charging delays

are reported as relative halfwidth, 2 of a given OD-pair (r,s) € W:

Cc

where ¢, is the arithmetic mean of the sampled charging delays, te[n — 1] is the 1 —% quantile
2

(here 0.95) of the t-distribution with n — 1 degrees of freedom, s(c.) is the sample standard
deviation of the charging delays of an OD-pair and n is the number of samples (here 10).

Because queueing delays can take very small values (see Section 6.3), relative metrics can yield
misleading results due to the volatility introduced by small denominators. Therefore, the accuracy
of queueing results are reported as absolute halfwidth h of a given OD-pair (r,s) € W:

h=t
Vn

[n—1]

a
2
where s(c,) is the sample standard deviation of the charging delays of an OD-pair.

After the 10 Monte Carlo simulations, the halfwidths of queueing delays and relative halfwidth

of charging delays are calculated at 90% confidence (two-tailed). The results for ny,. = 500,000
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and 1,000,000 are illustrated in Figures A-3 and A-4 as histograms. Fig. A-3 shows the counts of
OD-pairs by the relative two-tailed halfwidth of their charging delays logarithmically binned by

magnitudes of 10. Fig. A-4 shows the counts of OD-pairs by the two-tailed halfwidth of their

queueing delays [h] logarithmically binned by magnitudes of 10.
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Figure A-4 OD-pair halfwidth of queueing delays counts with logarithmic (base 10) binning

Results show that queueing and charging delays have very little uncertainty. A small subset of
OD-pairs exhibit queueing delay halfwidths in the bin 0.01h > h > 0.001h (36s-3.6s), which

contains 111 (ny = 500,000) and 65 (ny = 1,000,000) OD-pairs, respectively. Given the size
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of the queueing halfwidth interval relative to travel delays durations, the queueing delay halfwidth
is sufficiently small for both ny--values.

Similarly, there are 212 (ny = 500,000) and 77 (ny = 1,000,000) OD-pairs, respectively,
with relative halfwidth >1% of the mean charging delays. The maximum relative halfwidth values

are 0.0396 and 0.0207, respectively. Both results are accepted as sufficiently stable. However, the

: . ) . . h
doubling of ny yields a disproportionate improvement to larger = —values. Therefore, ny,; =

c

1,000,000 1s chosen.

A3.2.2. Delay Sensitivity to Charging Station utilization

In this section the sensitivity of charging and queueing delay results provided by the Monte
Carlo simulation at a given number of iterations n,, are investigated. To collect appropriate data,
the Monte Carlo simulation is executed 10 times for the parameter set:

{a" = 1.5, = 1.0,y" = 0.09}y,en,
n = 2.0, u = 0.2175, disrupted = true,

where the EV penetration y is increased to yield a larger spread of link utilizations. The results
are aggregated by charging station locations and the corresponding two-tailed 95% confidence
intervals are calculated for each to investigate the relationship between utilization and the
uncertainty of delays.

Results show that the confidence intervals of charging and queueing delays are subject to the
composition of charging station locations. Uncertainty in each performance metric increases with
heterogeneity and small overall capacity (number of EVSE). Fig. A-5 shows the two-tailed
halfwidth of charging delays at charging station locations at 95% confidence plotted against their

utilization.
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Figure A-5 Correlation between utilization and two-tailed charging delay halfwidth at 95%
confidence

The figure shows that the confidence intervals of charging delays grow at different rates with
increasing utilization. The charging station locations can be classified into ones with homogeneous
and heterogenous EVSE. Every charging station location with a halfwidth >0.0001h has
heterogenous EVSE. The only heterogenous charging station locations with halfwidths <0.0001h
exhibit comparatively small utilizations (pz < 0.22) while having large numbers of L3 EVSE
assigned to them. This finding characterizes the uncertainty introduced by boundary operational
regimes at charging station locations, as sampled EVs may be assigned to L2 or L3 EVSE. The
outlier locations with larger utilizations enable small halfwidths by servicing most of the demand
through the larger number of L3 EVSE. Conversely, even high utilization charging stations (pz =~
0.7) exhibit low uncertainties in charging delays, since they are comprised of only homogeneous
EVSE. Nevertheless, charging delay uncertainty remains very small, as demonstrated by the
maximum relative halfwidth of 0.00064.

Fig A-6 shows the two-tailed halfwidth of charging delays at charging station locations at 95%

confidence plotted against their utilization.
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Figure A-6 Correlation between utilization and two-tailed queueing delay halfwidth at 95%
confidence

The figure shows that, generally, queueing delay uncertainty increases with utilization. This is
consistent with queueing theory, as queueing delays become more sensitive to stochastic noise
with p — 1. However, the rate constant with which the uncertainty increases with utilization
differs. Similar to the charging delays, this rate is determined by the number and type of EVSE
assigned to a location. The three charging stations locations with a halfwidths >0.0004h are
comprised of two L2, two L2 and four L2 EVSE, respectively. Conversely, the low uncertainty
locations with p; = 0.7 have 12 and 15 EVSE assigned to them, respectively, providing a higher

likelihood of every EVSE being occupied for a prolonged period.
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A3.3. Sensitivity Analysis

A3.3.1. EV ownership

A sensitivity analysis of the TAP results was conducted for a parameter sweep of the global EV
ownership rate y. For the analysis all parameters were kept constant and the TAP was solved for
y = {0.0452,0.06,0.07,0.08,0.09}.

To investigate if the equilibrium flow results are stable with increasing EV ownership and
consistent with expectations, the absolute change in the utilization of each charging station, Apg,
is computed for each parameter values. The results for y € [0.06, 0.09] are plotted against Ap; at

y = 0.0452 on a scatter plot and shown in Fig. A-7.
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Figure A-7 Absolute utilization change of charging station locations for y € [0.06,0.09] against
y = 0.0452

The relationship between the results for the parameter sweep exhibit high linear agreement (R? >
0.999), indicating that the spatial redistribution of charging demand is largely invariant across y,

besides a linear scaling. Additionally, the Apz increases monotonically with y. Notably, the
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increase in Apg , which is shown in the graph’s slope of the linear regression, very closely matches
the increase of EV penetration relative to the default of y = 0.0452.

This linear increase in charging station locations with y is separately confirmed through the
heatmap shown in Fig. A-8, displaying the utilization charging station locations (at baseline) across

the parameter sweep.

Charging-link utilization (p) vs EV ownership
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Figure A-8 Charging station link utilization progression with y
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These results are consistent with a monotonous increase in charging demand driven by the increase
in EV ownership. Notably, the stability of the redistribution patterns is consistent with the small
travel demand of recharging EVs, so that feedback between redistributed flows and emergent

congestion delays is limited.

A3.3.2. VOT parameter

A sensitivity analysis of the TAP results was conducted for a parameter sweep of the value-of-time
(VOT) constant 1. For the analysis all parameters were kept constant and the TAP was solved for
n = {1.5,2.0,2.5}. The interval of n = [1.5, 2.5] is chosen, as it represents the typical region for
parameterizing the VOT of waiting relative to driving in literature [60].

Because 7 characterizes population-based user preferences, it is associated with a high-degree of
uncertainty. Therefore, the sensitivity analysis seeks to investigate the sensitivity of resilience
results against changing values of 7.

Fig. A-9 shows a histogram of the relative error &,,; in resilience measurements between for each
OD-pair between n = {1.5, 2.5} relative to the default value of n = 2.0, with

&S — {:lp(n) - R{:ip(n = 20)
rel R[S, (n = 2.0)
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Figure A-9 Relative Error counts between 1 = {1.5,2.5} and n = 2.0
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The figure shows that the relative errors of resilience values for OD-pairs are largely <1%. 167
OD-pairs for n = 1.5 and 164 OD-pairs for n = 2.5 exhibit relative errors >1%, with a maxima of
6.8% and 8.6%, respectively. These maxima represent outliers, as the mean relative error for both
n-values shows 0.00348 with standard deviations of 0.00604 (n = 1.5) and 0.00647 (n = 2.5),
respectively.

The relative errors appear to be stochastically distributed across the full set of OD-pairs, thereby
not affecting the conclusions drawn from the case study. Table A-3 confirms this, as it shows the
set of summary statistics previously used in Section 6.3 to characterize the network-level and tail-
resilience performance of the case study.

Table A-3 Summary statistics comparing resilience results of different VOT-parameters

Statistic n=15 n=20 n=25
Mean Ry 0.996 0.996 0.996
Median Reygp 1.00 1.00 1.00
4™ Percentile Ryyip 0.976 0.978 0.977
N(R, < 0.9) 12 12 12
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These findings show that within the tested range of 1 the resilience results of the case study are
largely insensitive to changes in the VOT-parameter. Summary statistics remain largely unchanged

and the majority of OD-pairs show changes <1%.
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