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The global electrification of bus fleets has advanced significantly in recent years, yet critical
technological and operational challenges persist. First, many existing methodologies for battery
electric bus (BEB) deployment focus on cost minimization, often using just enough charging
stations to meet demand. This limited setup creates rigid schedules that are vulnerable to delays
or charger failures, leading to charging station congestion and service disruptions. Second, large-
scale BEB systems often depend on both in-depot and on-route charging, resulting in high
charging costs. To address these challenges, this study proposes a multi-stage optimization
framework. Stage 1 ensures a cost-effective and robust deployment plan by considering in-depot
charging activities, differentiated charger costs and integrating mobile charging units (MCUs) as
backup solutions. Stage 2 transforms charging stations into profitable renewable energy hubs by
incorporating solar photovoltaic (PV) systems and battery energy storage to reduce grid depen-
dence and generate revenue through surplus energy sales. Stage 3 develops detailed MCU oper-
ational strategies to mitigate the impacts of charger failures and bus line delays. The model is
applied to a city-scale public transit network in the State of Utah, United States. Results show that
MCUs significantly reduce the operational delays and enhance system resilience, while the
integration of PV and storage reduces charging costs and increases profitability, particularly
during summer months. A comprehensive sensitivity analysis is conducted to identify the most
influential parameters affecting system cost, energy performance, and resilience. This research
offers practical guidance for public transit agencies in both BEB deployment and renewable en-
ergy investment planning.

1. Introduction

Transportation electrification has become a mainstream global trend driven by environmental concerns over greenhouse gas
emission and urban air quality. Among the various efforts, battery electric bus (BEB) deployment is accelerating across many countries.
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For instance, China had deployed over 554,000 BEBs by 2024, accounting for 80 % of its total bus fleet (State Council of China, 2024).
Cities like Shenzhen have already achieved full bus fleet electrification (ITDP, 2018). In the United States, several cities and states, such
as Chicago, Boston, Denver, and California, have committed to zero-emission transit targets (He et al., 2022). However, the cost of
electrification remains a significant barrier. A recent study from Germany shows that full fleet electrification increases overall costs by
approximately 12 % (Sistig et al., 2025). Beyond capital investment, many transit agencies face high operational expenses post-
electrification, particularly related to electricity costs, which presents a sustained financial burden (Jeffers et al., 2021). Integrating
renewable energy sources, such as solar photovoltaic (PV), offers a promising strategy to offset these electricity costs. But the inherent
uncertainty of renewable energy, driven by external factors such as weather, poses significant challenges for its reliable use in BEB
charging operations (Zhao et al., 2024). All these hinder large-scale BEB deployment and highlight the need for strategies that not only
reduce upfront costs but also enhance long-term operational profitability and resilience.

BEB deployment problem is commonly modeled through mathematical optimization that address bus replacement strategies,
scheduling, and charging station planning (Dirks et al., 2022; Zhou et al., 2020; He et al., 2023a). Many of these models rely on
simplifying some assumptions, particularly in large-scale BEB deployment contexts, which may overlook factors critical to real-world
implementation. For example, some models incorporate both in-depot and on-route charging but oversimplify critical cost and
operational elements, such as charging station types, charger power levels, and operational robustness (Zhou et al., 2020; He et al.
2023a). A closer look at charging station modeling reveals that while many studies configure on-route charging stations in detail, they
often treat in-depot charging with simplified assumptions (Ye et al., 2022). A common approach is to assume that each BEB begins the
day at the start terminal with a fully charged battery, without explicitly modeling the location, capacity, or scheduling of in-depot
chargers, or the overnight charging process (Li et al., 2024). In practice, however, in-depot overnight charging plays a critical role
in system performance (Wang et al., 2025a). Factors such as the distance between depots and start terminals can result in vehicles
arriving at the first terminal with less than a full charge, which in turn affects subsequent charging needs and station deployment
decisions. BEBs also have varying overnight dwell times at depots, which adds complexity to scheduling and energy management. Yet
very few studies have examined the detailed operational and infrastructural implications of depot-based charging within large-scale
BEB system. From a renewable energy perspective, depots are particularly important: they typically provide larger, less space-
constrained areas for PV installation, enabling greater potential for onsite renewable generation compared to on-route charging
stations.

In modeling charger costs, most studies assume uniform installation costs across all chargers (Lim et al., 2023). In practice, though,
charger installation expenses vary considerably: the first charger at an on-route charging station typically incurs higher costs than
additional chargers installed at the same site. Ignoring this cost heterogeneity may lead to suboptimal deployment strategies, for
example, favoring one-charger installations across many stations rather than deploying multiple chargers at fewer, high-demand
locations.

Even after deployment, long-term operational cost and pricing complexity remain key challenges. Fast on-route charging can drive
up electricity expenses, especially when used during peak hours (Johnson et al., 2020). In-depot charging, on the other hand, are
typically performed off-peak, follows different tariff structure. While most existing models adopt simple time-of-use pricing, actual
utility tariffs, e.g. those applied by Utah Transit Authority (UTA), combine peak-demand charges with energy-usage tiers (Wang et al.,
2025b; RMP, 2024). Similar rate policies are observed in cities such as New York and Denver (CARB, 2022; Atlas Public Policy, 2023).
Accurately modeling these rate structures is essential for evaluating the economic feasibility of BEB systems. Beyond minimizing costs,
generating operational profit is an increasingly desirable goal. Incorporating renewable energy, particularly PV, into charging
infrastructure has been widely studied as a strategy to reduce grid dependence (Liu et al., 2024; Ozturk et al., 2025). However, few
studies jointly optimize charging operations and renewable generation to balance PV uncertainty, grid pricing, and potential energy
sales.

In addition to cost, resilience is another important consideration in the BEB system. Models that minimize only deployment cost
tend to produce narrow and inflexible charging windows, making operations sensitive to arrival delays or charger failures. One study
shows that the failure of a single charger can reduce station service capacity by 34% (Foda et al., 2023). This vulnerability is even more
pronounced at stations equipped with only one charger, where a single failure can halt all charging activity, disrupt service reliability.
An emerging solution is the use of mobile charging units (MCUs) - portable, battery-equipped vehicles capable of delivering off-grid
charging at flexible locations. MCUs are already adopted in commercial charging applications to handle uncertain demand (Godfrey
and Sipiora, 2023). Yet their potential as emergency backup for public transit has not been fully explored. In addition, BEB system with
renewable energy also face resilience challenge. The stochastic nature of solar generation adds energy generation uncertainty, making
it necessary to evaluate not only operational resilience but also the robustness of profit (Mouli et al., 2016).

To address these limitations, we propose a multi-stage optimization framework that jointly models BEB deployment and renewable
energy hub operation. In Stage 1, the model minimizes deployment cost while enhancing system resilience by incorporating MCUs to
offset delays and charger failures. Stage 2 builds on this foundation and upgrade charging stations into renewable energy hubs through
the integration of PV systems and energy storage, with the objective of maximizing profit under solar generation uncertainty. In Stage
3, the model minimizes disruption-related operational costs by optimizing MCU dispatch and relocation decisions under charger
failures and BEB delays. The key contributions of this study are:

e A multi-stage optimization framework that enables end-to-end planning of BEB deployment, renewable energy hub operations, and
MCU operations under uncertainty, capturing the dynamic and interactive decision-making process across infrastructure invest-
ment and long-term operations;
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e A BEB deployment model that incorporates differentiated charger-cost structures and MCU-based backup strategies to enhance
system resilience; and

e A stochastic optimization model for urban-scale renewable energy hubs, capturing the effects of dynamic electricity tariffs, solar
generation uncertainty, energy storage constraints, and spatial heterogeneity across charging hubs.

The remainder of this paper is organized as follows. Section 2 reviews literature on deployment optimization, resilience, MCUs, and
renewable energy integration in BEB systems. Section 3 describes the proposed multi-stage optimization model in detail. Section 4
introduces the case study area and data. Section 5 presents the results from Stage 1, which addresses BEB deployment; and Stage 2,
which integrates solar PV and energy storage into an urban-scale energy hub; and Stage 3, which develops the detailed MCU oper-
ational strategies under simulated disruptions. Section 6 discusses additional model improvements and extensions. Finally, Section 7
concludes the study and outlines potential directions for future research.

2. Literature review

BEB deployment modeling often requires the incorporation of specific components to better capture real-world operational con-
ditions. These modeling components can be broadly categorized into two groups: fleet-focused elements and charging station-related
elements. Fleet-focused modeling often considers factors such as vehicle types (Tang et al., 2023), battery capacities (Zhang et al.,
2022), battery degradation (Wang et al., 2025a), uncertain energy consumption (Zhou et al., 2022), stochastic demand (Wu et al.,
2022; Bazarnovi et al., 2025), and stochastic travel times (Tang et al., 2019). Charging station modeling includes aspects such as smart
charging power allocation (Ye et al., 2022), tiered charging rates (Bao et al., 2023), waiting times (Bazarnovi et al., 2025), and layout
and configurations of in-depot and on-route charging stations (He et al., 2023b).

For charging station components, most existing models place greater emphasis on the spatial layout and scheduling of on-route
charging stations. For example, He et al. (2019) explored the use of fast chargers at on-route stations in an eight-line bus network.
Results show that effective charger deployment can greatly reduce the BEB battery cost and total deployment cost. An (2020)
developed a stochastic integer programming model to optimize on-route charging station locations and roughly estimated the over-
night in-depot charging costs. While some studies model in-depot charging exclusively within single-depot environments (Wang et al.,
2025a; Davatgari et al., 2024), others employ simplified charging strategies in a BEB system. Tang et al. (2019) incorporated virtual in-
depot stations that can estimate BEB fleet size more accurately. A static-dynamic scheduling model was tested on a six-line network,
showing its effectiveness in preventing operational disruptions. He et al. (2023a) developed a BEB schedule optimization model but
simplified the representation of in-depot overnight charging. The model was applied to a single BEB line using five days of operational
data. Results demonstrate that optimized charging strategies can significantly reduce in-depot charging costs. Few other papers
consider both on-route and in-depot charging stations, but they often simplify the operational details of both. For example, Zhou et al.
(2020) developed a bi-objective optimization model and applied it to a city-level transit system. While the model estimated the
required number of on-route and in-depot charging stations, it did not incorporate detailed in-depot charging schedules. Overall,
studies focusing on charging stations tend to prioritize on-route charging optimization, particularly in large-scale applications. While
some models incorporate in-depot charging, they often oversimplify the scheduling details and cost structures, and are typically
limited to small-scale networks involving only a few bus lines. Few studies have comprehensively addressed large-scale BEB
deployment that simultaneously integrates high-resolution overnight charging schedules and detailed in-depot station characteristics,
such as the number of chargers and operational costs.

With specific components considerations in place, the selection of model objectives is another critical aspect of BEB deployment
modeling. As cost reduction is often the top priority for transit agencies, most existing models adopt cost minimization as the primary
objective. This typically includes capital expenditures such as BEB procurement and charger installation (both in-depot and on-route),
as well as ongoing operational costs (He et al., 2023c; Tang et al., 2019). Additional costs considered include delay costs (Tang et al.,
2019), maintenance costs (Can et al., 2025), battery and charging costs (Li et al., 2024), driver costs (He et al., 2023c), passenger delay
penalties (Tang et al., 2023), and high-voltage infrastructure costs (Dirks et al., 2022). While existing studies have covered major cost
categories, they often overlook critical aspects that can significantly influence both model outcomes and practical implementation.
These include variations in charging costs across different station types and installation costs associated with different charger power
levels - factors that are especially important in large-scale BEB systems. Beyond cost minimization, alternative modeling objectives
include reducing greenhouse gas (GHG) emissions (Ye et al., 2022), charging frequency (Cokyasar et al., 2023), and maximizing
service levels (Yi et al., 2023). Several multi-objective approaches also considered cost jointly together with environmental equity
(Zhou et al., 2020) or reduction of non-BEB mileage (He et al., 2022).

Besides cost and service-oriented objectives, recent studies have also examined the robustness of BEB operation. Tang et al. (2019)
introduced a buffer-distance and rescheduling strategy to improve BEB schedule robustness under traffic uncertainty. Yi et al. (2023)
integrated agent-based modeling with a robustness optimization framework to address the charging station location problem, aiming
to maximize service coverage under potential disruptions. The results show that the optimized station layout can significantly enhance
the overall charging performance of the system. Fan et al. (2025) investigated the impact of weather uncertainty on charging station
operations. To balance economic feasibility with environmental sustainability, they developed a globalized robust optimization model.
Their results demonstrate that employing a probabilistic risk measure can effectively mitigate the risk of unmet charging demand.
Zhang et al. (2025) proposed a robustness assessment framework for BEB networks based on complex network theory. Their results
demonstrate that the failure of a single charging station can trigger cascading impacts across the network. However, most robustness-
oriented models neglect deployment cost considerations, while cost-minimization models often treat robustness only through post hoc
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sensitivity analysis. Chen et al. (2023), for instance, developed a network flow model to evaluate the cost-efficient resource allocation
and performed a sensitivity analysis to assess system robustness. Their results indicated that increasing charging capacity beyond a
certain threshold can enhance robustness but yields diminishing economic returns. Overall, only a few studies have integrated both
deployment cost and robustness into a unified optimization framework.

To enhance the operational robustness and flexibility of BEB, the use of MCUs has emerged as a promising solution. Existing
literature predominantly highlights three key benefits of MCUs: complementing fixed infrastructure, improving spatial coverage, and
serving as flexible components within integrated energy systems. First, MCUs are widely explored as a flexible supplement to fixed
charging infrastructure, especially for managing peak demand or addressing unexpected charging needs. Afshar et al. (2022), for
instance, developed an optimization framework to identify optimal MCU deployment strategies, highlighting their effectiveness as a
flexible supplement to fixed charging during peak demand periods. This strategic value is further supported by studies that emphasize
the economic and operational benefits of deploying MCUs over fixed stations under specific conditions. Zhang et al. (2020) found that
MCUs can significantly reduce user waiting times and are more cost-effective, particularly under conditions of low station utilization
and high land costs. Second, MCUs are shown to significantly improve spatial coverage and service quality, particularly in dense urban
or underserved areas. Chen et al. (2024) assessed the feasibility of MCU deployment using agent-based simulation, demonstrating that
MCUs can improve spatial coverage and enhance users’ charging experiences cost-effectively. Third, and more recently, MCUs have
been explored as components of integrated energy systems within broader energy architectures, demonstrating their sophisticated role
beyond simple backup charging. Duan et al. (2025) developed a multi-event scenario-based model to schedule MCU charging from
solar PV and discharging to EV customers. The results indicate that this integrated strategy can substantially reduce operating costs and
enhance renewable energy utilization. Collectively, these studies suggest that MCUs are ideal candidates for flexible and backup
charging in electrified transportation. Yet, few have investigated their role in BEB systems for enhancing system robustness against
disruptions and failures, which is the focus of this paper.

The integration of renewable energy, particularly solar PV, into BEB charging systems is a critical strategy for reducing grid
dependence. Research in this area shows a dual focus: operational optimization and economic viability. On the operational front,
studies incorporate PV, energy storage, and advanced scheduling (Liu et al., 2023) to align intermittent renewable energy generation
with dynamic BEB charging demands. For example, Najafi et al. (2025) considered solar PV integration in the power distribution
network with BEB charging. Their results showed that renewable energy integration can reduce violations of technical constraints in
the power distribution network. However, the specific impacts of depot-level solar PV deployment were not explicitly considered. Ren
etal. (2022) proposed a control strategy to align PV generation with BEB charging demand, demonstrating improved system utilization
and reduced grid reliance. Economically, literature confirms that renewable energy integration significantly reduces operational costs
and carbon emissions (Islam et al., 2022). Furthermore, research explores the potential of converting charging stations into energy
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hubs that can generate revenue from surplus energy sales (Liu et al., 2024). However, studies caution that profitability is highly
sensitive to external and internal factors like weather uncertainty, PV deployment constraints and energy storage sizing. Despite these
advancements in short-term charging and economic analysis, the system-level robustness and long-term scalability of renewable-
integrated BEB operations against uncertainties remain largely unexplored.

3. Problem Description and Formulation

This study investigates a practical planning problem in which public transit agencies aim to transition from a conventional bus
system to a BEB system by setting an anticipative bus replacement target. To ensure long-term operational sustainability, agencies
might also seek to integrate renewable energy infrastructure in potential charging stations, such as solar PV systems. To address this
challenge, we propose a comprehensive and transferable multi-stage optimization framework, as illustrated in Fig. 1. A conventional
bus system consists of buses, routes, intermediate stops, terminal stations, and garages. As shown in Stage 1 of Fig. 1, each bus route is
served by a fleet of buses that begin service from an assigned depot, travel to the origin terminal, and operate along a predefined

Table 1
Summary of Stage 1 notations.
Sets Description
o Set of feasible MCU relocation arcs (j,j) € ./
By Set of bus-sequence pairs that may charge at station j
2 Set of candidate in-depot charging stations, g € &
S Set of buses in the fleet, i € .7
g Set of buses located at depot g, i € ./
J Set of candidate on-route charging stations,j € /
Fi Ordered set of route segments (sequences) for bus i,k € .%;
M Set of MCUs,m € ./
T Set of time steps in a day, t € .7~
T Set of time steps with overlapping bus presence at station j
e Set of buses dwelling at station j at time step t
Parameters
chat Battery cost per kWh ($/kWh)
B Capital cost of replacing a bus with a BEB
¢ Capital cost of building one in-depot charger
cF, S Capital cost of first and subsequent on-route chargers
cn Capital cost of MCUs
D Operating days per year
dix Distance covered in route segment k of bus i
dff First and final segment distance from depot to first stop of bus i
EFull pMax pMin Full, max, and min energy capacity of BEB battery (kWh)
Ind Overnight charging capacity per depot charger
x© Capacity (simultaneous sessions) per on-route charger
L; Number of route segments for bus i
M A large number used for big-M constraints and binary logic constraints
Novele Battery cycle life
P Charger power (kW)
Y Planning horizon (years)
y}.C Available charger deployment area of station j (m?)
a Small positive constant for enforcing logic
Sik 1 if charging of bus i at step k is peak
A€ Unit area of one charger (m?)
n Energy efficiency (kWh/mile)
¢ Charging power penalty factor
Tik Time available for charging at step k of bus i (minutes)
wleg Weight factor for degradation cost
N Bus replacement target
Decision variables
R Number of mobile charging units
Xik 1 if bus i is charged at segment k
Yg Number of chargers to install at depot g
YJ.S Number of subsequent chargers to install at station j
Z; 1 if bus i is replaced with BEB
T; 1 if first charger is built at station j
Auxiliary variables
ek Energy level of bus i at step k
M;, Number of chargers used at station j and time t
Qik Depth of discharge of bus i at segment k (kWh)
0; grour Whether need mobile charging station at station j and time "
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sequence of stops until reaching the destination terminal. A single bus may complete multiple trips on different routes within a service
day. Upon completing its scheduled runs, each bus returns to the depot for overnight storage and maintenance. In BEB system, depots
can be retrofitted as in-depot charging facilities, selected terminals are upgraded with on-route chargers, and traditional buses are
replaced with BEBs with limited driving ranges.

Stage 1 addresses the infrastructure deployment and fleet transition problem. It determines which buses are to be replaced, where
to locate charging stations (both in-depot and on-route), how many chargers to install, charging schedule, and how to allocate MCUs as
backup resources. Stage 2 focuses on renewable energy integration problem, where each charging facility is modeled as a local energy
hub. It optimizes the installation of solar PV panels and battery energy storage at depots and terminals, and determines real-time power
exchanges among PV systems, power grid, energy storage, and BEBs. For example, as shown in Stage 2 of Fig. 1, PV-generated energy
can be used to charge BEBs, stored for later use, or be exported to the grid for profit. Stage 3 addresses operational resilience under
disruption scenarios. It optimizes the real-time dispatch and relocation of MCUs to mitigate charging shortages caused by charger
failures or bus operation delays. The model determines MCU movements, charging support assignments, and energy usage over time to
minimize unmet charging demand and maintain charging service continuity across the network. Together, these three stages form a
resilient, end-to-end planning framework that captures both infrastructure deployment and long-term energy management perfor-
mance under operational and renewable uncertainties. The detailed formulation of each stage is presented in the following
subsections.

3.1. Stage 1
The notation used in the Stage 1 model is summarized in Table 1.
Objective
The objective function of Stage 1 is to minimize the total cost of transitioning the fleet to BEBs:
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power, and deep battery discharge, may accelerate battery degradation and increase lifecycle costs. Therefore, the last term in the
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Table 2
Summary of Stage 2 notations.
Sets Description
J Set of built charging stations, j € # and / = /8 u_7¢
I8 Set of built on-route charging stations,j € /®
VAl Set of built in-depot charging stations,j € 7
Vs Set of time steps in a day, t € .7
Q Set of PV generation scenarios,s € Q
Parameters Stage 2
c® Daily amortized cost of storage per kWh capacity, including installation, operation, and maintenance cost
PV Daily amortized cost of PV investment per m?, including installation, operation, and maintenance cost
Cr Storage C-rate (max charging/discharging rate as a fraction of capacity)
d?,r PV output per unit area at station j, time t, scenario s (kWh/m?)
M A large number used for big-M constraints and binary logic constraints
P Total real-time charging power required by BEBs at station j, time t (kW)
Prmax Maximum allowable grid power draw (kW)
Smax Maximum storage capacity (kWh)
yjl?" Maximum allowable PV deployment area station j (m?)
Nes Efficiency of energy storage system
p Feed-in tariff or grid value of exported PV at station j, time t ($/kWh)
5{'6'1" 1 if time t is peak period (e.g., 7am-11 pm), O otherwise
pPepot Policy parameter at in-depot station: daily share of tier-1 billing energy
p Tier breakpoint (e.g., 1500 kWh)
B Policy parameter at on-route station: daily share of tier-1 billing energy
A; Duration of one time step (in hours, e.g., 1 min =1/60 h)
7o Fixed electricity connection charge
m Rate for first 50 kWh/kW block (peak usage)
72 Rate for additional peak kWh
Toff Credit for off-peak charging
,,gzl"", ﬂ’l’@“‘ R ,,’2361’0‘ Fixed electricity access fee, rate for first 1500 kWh, and rate for additional energy
Decision variables Stage 2
D, Energy discharged from storage to buses at station j, time t, scenario s (kWh)
E, State of charge of storage at station j, time t, scenario s (kWh)
G]?fs Grid energy sent to storage at station j, time t, scenario s (kWh)
G, Grid charging power for BEB charging at station j, time t, scenario s (kW)
Pf‘rs PV energy sent to storage at station j, time t, scenario s (kWh)
S; Installed energy storage capacity station j (kWh)
U, PV energy used directly for bus charging at station j, time t, scenario s (kWh)
Y PV deployment area of station j (m?)

Stage 2
Additional peak energy usage at station j (kWh)

B First-tier (up to 50 kWh/kW) energy block for billing 1 at station j (kWh)

G Total daily electricity cost from grid purchases at station j under scenario s ($)

H; Binary variable: 1 if peak energy exceeds policy threshold, 0 otherwise

H].Tvs Binary variable: 1 if total energy exceeds policy threshold, 0 otherwise

pfwké Peak grid power draw across the day at station j (kW)

QjT{ QjF-S’Qf-S Total grid energy, first-block and additional energy charged at in-depot station j (kWh)

j" , Q}” Total grid energy during peak and off-peak hours at station j (kWh)

zjcf 1 if storage is being charged at station j, time ¢, 0 otherwise

Z;pis 1 if storage is discharging at station j, time t, O otherwise
ZEM < ey < P X, (EF"" - EM“"> Vie 7 ke {1, L} (13)
eix = g1 +XixPrixA — Zidigan Vie S ke Hik>1 14
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Constraint (2) enforces the predetermined bus replacement target X, making sure the total number of conventional buses converted to
BEBs meets (or exceeds) the planning goal. Constraint (3)-(8) define the charging availability & capacity. Constraints (3) and (4)
ensure that on-route charging is only permitted at terminal stations with installed chargers and that only BEBs can utilize them.
Constraint (5) enforces that the number of BEBs charging at any given time does not exceed the station’s charger capacity. The set 7,
is constructed from historical operational schedules and capture the potential number of buses that may compete for charging service
at the same station and time. Constraint (6) links binary and integer variables to guarantee that chargers are installed only at charging
stations that are selected for construction. Constraint (7) ensures that a sufficient number of chargers are deployed at in-depot stations
to support overnight charging. Constraint (8) limits the number of chargers at each on-route station based on available installation
space.

Constraint (9)-(11) determine optimal MCU deployment within the model. Constraint (9) ensures that an MCU is deployed only
when all fixed chargers at a charging station are fully occupied. A small positive constant « is introduced to significantly improve
computational efficiency, reducing the optimization time from several hours to just minutes. Since prolonged charging peaks require
longer MCU occupancy and potentially additional MCU deployment, this constraint is incentivized to reduce peak duration. Together,
Constraints (8) and (9) indirectly mitigate excessive charging peaks by limiting charger deployment and discouraging prolonged
periods of simultaneous charging. Constraint (10) ensures that MCUs can only be deployed at charging stations where chargers are
installed. Constraint (11) calculates the maximum number of MCUs that are being used at any given time for all charging stations. The
activation time steps t2° are set to 20 minutes to balance the MCU movements and time efficiency.

Constraint (12)-(17) define the energy transition logic. Constraint (12) initializes the battery energy level at the beginning of each
operating day. Each BEB departs from the in-depot with a full battery (E*"!!) and arrives at the first terminal with Ef"l —df"aly energy
remaining, where di'"¥ is the distance from depot to the first terminal and 7 is the energy consumption rate. Constraint (13) ensures
that the battery capacity of each BEB remains within 20% to 80% at all stops, terminals, and charging stations in each trip, maintaining
operational safety and charging efficiency. For non-electrified buses, energy is allowed to range from 0% to 100%. Constraint (14)
models the energy transition across sequential segments of each bus route. Constraints (15) and (16) determine the final energy level as
the BEB returns from the last terminal to the in-depot station. Constraint (17) define the depth of each discharge.

3.2. Stage 2

The notation used in the Stage 2 model is summarized in Table 2.

Scenario-based uncertainty representation

To explicitly capture the variability of solar generation, a scenario-based stochastic programming approach is adopted. Let Q
denote the set of PV generation scenarios, where each scenario s € Q represents a typical daily PV generation profile derived from
historical data. To capture seasonal and intra-day variability, the historical PV profiles are first divided into four seasons (Winter,
Spring, Summer, and Fall). K-means clustering is then applied within each season using features including total daily generation, peak
output, and ramping variability. Two representative clusters are generated for each season, representing relatively high-generation
and low-generation PV conditions, resulting in a total of eight PV generation scenarios across the year. Each scenario is associated
with a probability p;, determined by the proportion of days represented by the corresponding cluster.

ClusterSizeg

_ 18
> scaClusterSize; (18

s

where ClusterSize; denotes the number of historical days assigned to scenario s. These scenarios are used to represent uncertainty on
the renewable energy supply side, while on the demand side, a fixed BEB charging demand obtained from Stage 1 is used across all
scenarios.

Objective

The objective is to maximize the expected net profit across all energy hubs and scenarios:

maxy pY [ (dy — Ui = B ) = G = ™y — ¢S} 19)

S€EQ  jes teT

where /1}[ represents the electricity value or feed-in tariff, C; is the grid electricity cost under scenario s, and cPV and ¢ denote the

amortized costs of PV and storage investments, respectively.

i<y Yies (20)

PPk > G, Ve Bite TseQ @D
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Constraint (20)-(22) define the PV and peak power. Constraint (20) limits the PV deployment area at each energy hub to the available
rooftop or ground-mounted space. Constraint (21) defines the peak grid electricity usage within a day, which is used to calculate peak
demand charges. Constraint (22) determines the total charging power at each time step, reflecting real-time power flows and ac-
counting for contributions from both PV generation and energy storage.

Constraint (23)-(32) model two billing structures. First one considers peak demand charges with total energy usage which applies
to on-route charging hubs. Constraints (23) and (24) divide total electricity usage into peak and off-peak components. Constraint (25)
enforces tiered energy pricing rules based on usage thresholds. Constraint (26) identifies the portion of energy that qualifies for the
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lower-cost tier, while Constraint (27) calculates the total electricity cost incurred under this pricing scheme. Second one uses different
energy usage tiers which applies to in-depot charging hubs. An example about this billing structure with detailed illustration are shown
in Tables 11 and 12 of Appendix B. Constraint (28) calculates the total daily energy consumption. Constraint (29) separates the energy
use into first-block and additional energy usages for tiered billing. Constraint (30) applies the utility’s tiered pricing rules, while
Constraint (31) identifies the portion of energy that qualifies for the lower-cost tier. Constraint (32) computes the total electricity cost
under this billing scheme.

Constraint (33) models the temporal dynamics of battery energy storage levels across the day. Constraint (34) restricts the state-of-
charge (SOC) to remain between 20% and 100% of the total battery capacity. Constraint (35) ensures that the battery begins and ends
each day fully charged, maintaining a consistent daily energy cycle. Constraint (36)-(39) limit the PV generation and flow. Constraint
(36) ensures that the total PV energy used for BEB charging and energy storage at each time step does not exceed the available PV
generation. Constraint (37) limits the charging and discharging power of the energy storage system based on its capacity and C-rate.
Constraint (38) guarantees that the combined energy supplied from PV and storage does not exceed BEB charging demand at each
station and time step. Constraint (39) restricts the discharge quantity from storage to ensure it remains within feasible operational
bounds. Constraints (40) and (41) define the binary control variables that indicate whether the energy storage system is charging or
discharging at each time step. Constraint (42) ensures mutual exclusivity, preventing the energy storage system from charging and
discharging simultaneously.

3.3. Stage 3

The notation used in the Stage 3 model is summarized in Table 3.

To evaluate the operational resilience of the BEB system and the reliability of MCUs under disruption conditions, a set of opera-
tional disruption scenarios is developed first. Based on the baseline charging schedules obtained from Stage 1, disruption scenarios are
introduced, including: (1) charger failures at specific stations and time periods; and (2) bus arrival delays propagating through the
network. Under each disruption scenario w, the effective charging capacity is reduced, and the charging demand may exceed available
capacity. The resulting unmet charging requirement is defined as:

Table 3
Summary of Stage 3 notations.
Sets Description
o Set of feasible MCU relocation arcs (j,j') € .«/
J Set of built charging stations,j € /
T Set of time steps in a day, t € .7,7 = {0,1,--, H—1}
M Set of MCUs,m € .#
Parameters
ct Electricity price for MCU recharging
ct Penalty for unmet residual MCU demand
P Penalty for failing to satisfy the protection requirement
c Fixed cost of one MCU relocation
Cc Maximum MCU charging energy per bin, P°A /60
D Maximum MCU discharging energy per bin,P4A/60
Emax MCU battery capacity

H Total number of time steps in the planning horizon
N™ Number of available MCUs

2 Set of protected station-time pairs (j, t)

P MCU charging power

pd MCU discharging power

q’, Residual MCU demand at station j, time t, under disruption scenario
Uy, Charging demand at station j and time t under disruption scenario w.
{zﬁ Available chargers at station j, time t under disruption scenario @

a Minimum SOC ratio

a® Initial SOC ratio

A Duration of each time bin, in minutes

T Travel time from station j to j/, measured in time bins

Vig Energy consumed by an MCU moving from j to j/

Decision variables

Cmjt Energy charged into MCU m at station j,t

Dt Shortage of protection requirement

Uje Unserved residual MCU demand

Ymjjt 1 if MCU m departs from station j at time t and moves to station j’

Auxiliary variables

Am ¢

1 if MCU m is in charging mode at time t

dmjt Energy discharged by MCU m at station j,t
em.t Battery energy of MCU m at time ¢t
Smit 1 if MCU m is located at station j at time t

10
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qj, = max (0, Up, — ¥7,) - PA, 43)

Objective

Given the disruption-induced demand gy,, we formulate an operational optimization model to determine the deployment and
scheduling of MCUs. The objective function minimizes the total operational cost, including unmet charging demand penalty, MCU
charging cost, and MCU relocation cost.
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Constraints (45) and (46) ensure that each MCU can be located at only one station at each time interval and is assigned to one initial
station at the beginning of the planning horizon. Constraints (47) and (48) define the protection requirements for station-time pairs
included in the protection plan generated in Stage 1. Constraints (49) through (52) govern MCU relocation feasibility, travel conti-
nuity, and movement timing between charging stations. Constraint (49) ensures that an MCU can depart from a station only if it is
physically located at that station in the previous time step. Constraint (50) updates the MCU location status over time by tracking
departures from the current station and arrivals from previously initiated relocation trips, while explicitly accounting for travel times
between stations. Constraint (51) prevents infeasible relocations that cannot be completed within the remaining planning horizon.
Constraint (52) ensures travel continuity by prohibiting an MCU from simultaneously occupying any station while it is traveling

11
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between two stations during the corresponding relocation time period. Constraints (53)-(60) define the MCU charging and energy
dynamics. MCUs are allowed to recharge at any energy hub during operation rather than being required to return to a depot, which
provides greater operational flexibility during prolonged disruptions. Constraints (53) and (54) allow MCU charging and discharging
operations only when the MCU is physically located at a charging station, limited by the corresponding charging and discharging
power capacities. Constraint (55) ensures that residual charging demand is either served by MCUs or counted as unmet demand.
Constraints (56) and (57) initialize and maintain MCU battery SOC requirements. The MCU traction energy used for relocation and the
energy used to provide mobile charging service are represented through a single aggregated onboard battery energy state. Constraint
(58) models MCU battery energy dynamics considering charging, discharging, and relocation energy consumption. Finally, Constraints
(59) and (60) prevent simultaneous MCU charging and discharging operations within the same time interval.

4. Data description

We evaluate the proposed multi-stage optimization framework on UTA’s transit network. The analysis integrates three primary
data sources. First, operational records from UTA provide bus arrival and departure times, along with stop locations, for a full day of
service. This dataset serves as the basis for constructing daily BEB schedules and route coverage. Terminal dwell times are extracted to
identify potential charging opportunities and determine the buses present at each station during each time period, which are subse-
quently used to estimate charging demand and charger requirements. Second, high-resolution solar PV data were collected, consisting

=== Bus Routes
% Candidate On-route Station
: @ Candidate In-depot Station

Fig. 2. Spatial layout of the bus network and candidate charging stations location.
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of fifteen-minute interval solar irradiance measurements in 2023. These data capture both seasonal trends and intra-day fluctuations in
solar energy potential. Data were obtained from the National Solar Radiation Database (NSRDB), which provides satellite-derived and
model-generated solar irradiance values for each 4-km grid cell (Sengupta et al., 2018). For this study, we utilized data specific to the
Salt Lake City area. Third, information on available rooftop area for each terminal station and garage is used to define the upper bounds
for PV deployment, as shown in Fig. 12 of Appendix A. These spatial constraints are critical in determining how much solar infra-
structure can be installed at each charging station, and thus influence both the system’s energy generation and profitability. The
geographic extent of the case study area is illustrated in Fig. 2, covering Box Elder, Weber, Davis, Tooele, Salt Lake, and Utah counties
along the Wasatch Front region of Utah. Since short-trip buses do not require on-route charging, we focus on buses with long trip
distances that exceed battery capacity and would need on-route charging after being replaced by BEBs. Next, we identify candidate on-
route charging stations by selecting terminal stations where potential buses dwell for more than 10 minutes, ensuring sufficient time
for potential on-route charging. All existing garages are selected as candidates to deploy in-depot charging stations.

== Electric Bus Routes
* On-route Charging Station
! @ In-depot Charging Station

Fig. 3. Deployed BEB routes and selected charging station locations.
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5. Results

We processed the data and formulated the model in Python. The optimization was performed using Gurobi, a commercial solver, on
a computer with an Intel i5-8400 processor (2.80 GHz, 16 GB RAM, Windows 10). After full indexing, the proposed multi-stage model
comprises approximately 784,261 decision variables, with 32,182 in Stage 1, 540,111 in Stage 2, and 211,968 in Stage 3. Stage 1
model was solved in approximately 8 minutes, while Stage 2 and 3 required approximately 40 and 30 minutes, respectively, all with an
optimality gap below 5%. To manage the computational burden of the stochastic formulation, Stage 2 is decomposed into independent
hub-level subproblems because no inter-hub coupling constraints are included. The seasonal representative-scenario approach also
helps limit the problem size by avoiding the direct use of all historical daily PV profiles. Several parameter settings are provided in
Appendix A. For Stage 1, according to UTA’s zero-emission plan, a total of 156 buses are targeted for replacement with BEBs by 2035
(UTA, 2023). The solution finally replaces 156 conventional buses with BEBs, of which 115 require on-route charging. A total of 15
charging stations are selected: 11 on-route stations and 4 in-depot stations. The spatial distribution of deployed stations and BEB
service routes is shown in Fig. 3. BEB service is primarily concentrated in Salt Lake City (central region) and Provo (southern region),
with long corridors extending along the Salt Lake-Ogden axis. Based on the cost formulations in Equations (1)-(3), the total cost of
electrification is approximately $179.88 million. Majority of this cost is attributable to bus replacement, which accounts for 84.1%
($151.32 million). In-depot charging stations contribute 8.8% ($15.90 million), on-route charging infrastructure 6.1% ($10.90
million), battery degradation cost 0.1% ($0.26 million), and MCU deployment 0.8% ($1.50 million).

Table 4 summarizes the deployment results for each charging station. On-route charging stations generally deploy one to four
chargers, while in-depot stations require substantially more chargers to support overnight fleet charging. The total infrastructure cost
increases with charger deployment scale. Results also reveal that the relationship between charger deployment, charging demand, and
BEB coverage is not strictly proportional. Several stations, such as PROVFRST and ORANGEST, serve a relatively large number of BEBs
despite moderate charging demand, suggesting that these stations primarily function as short-duration or fast-turnaround charging
hubs. In contrast, stations such as OGNCENT and 39-SWASB exhibit comparatively high charging demand while serving fewer BEBs,
indicating longer or more energy-intensive charging sessions per vehicle. Peripheral stations such as WWCNTRAX demonstrate rela-
tively low utilization and primarily provide supplementary spatial coverage within the charging network. Such differences are
important for robustness planning, as disruption impacts and MCU requirements may vary substantially across station types.

5.1. Schedule

In addition to deployment decisions, Stage 1 model also produces a station-level charging schedule based on discrete operational
charging intervals. To better capture the detailed charging patterns and support the renewable energy operation analysis in Stage 2, the
charging schedules are further converted into minute-level charging demand profiles. Fig. 4 illustrates the summed minute-by-minute
charging demand throughout the day, separately for on-route and in-depot charging stations. The results show clear distinctions
between on-route and in-depot stations in terms of charging patterns. In-depot stations mainly serve overnight charging demand and
benefit from nighttime off-peak electricity prices. A small amount of daytime charging demand is also observed due to differences in
route schedules and vehicle return times across the fleet. In contrast, on-route stations are more exposed to daytime peak electricity
prices. These charging patterns provide the foundation for the Stage 2 energy hub optimization, where PV generation and energy
storage can help reduce charging peak and improve operational profitability. Fig. 13 in Appendix C presents example charging
schedules for selected stations.

5.2. Profit

Stage 2 converts each charging station into a renewable energy hub. Figs. 14-16 in the Appendix C show an example of the

Table 4

Station-level deployment results: chargers, BEBs served, and cost.
Station ID Charging station Number of chargers Charging demand (KWh) Charging infrastructure capital cost ($) Number of served BEBs
1 FASHPLCE 1 1585 700,000 9
2 MURYCENT 1 2785 700,000 14
3 OGNCENT 1 2100 700,000 7
4 ORANGEST 1 1790 700,000 12
5 WJCTYCTR 1 2240 700,000 8
6 WVCNTRAX 1 1040 700,000 5
7 U.U.CTRL 1 2475 700,000 17
8 39-SWASB 2 3480 1,100,000 13
9 OREMFRST 3 6215 1,500,000 26
10 PROVFRST 3 7235 1,500,000 28
11 SLCSTATN 4 9165 1,900,000 27
12 Ogden Depot 6 3756 1,800,000 18
13 Meadowbrook Depot 13 9040 3,900,000 37
14 Central Depot 16 11,698 4,800,000 48
15 Orem Depot 18 11,565 5,400,000 53
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Fig. 4. Station-level temporal charging demand throughout the day.

optimized energy flows, including when to charge and discharge energy between the grid, solar PV, and storage throughout the day
and the optimal timing and amount of energy to sell. Table 13 of Appendix B lists the PV selling prices for different time periods.

The deployment strategies and economic performance of each energy hub are evaluated using the stochastic optimization model
developed in Stage 2, as shown in Fig. 5. One year of PV generation data is clustered into eight seasonal PV generation scenarios, as
defined in Constraint (18). Figs. 5(a) and 5(b) present the optimal PV deployment areas and energy storage capacities under PV
uncertainty. Based on the optimized infrastructure deployment, Fig. 5(c) shows the estimated seasonal profit of each energy hub
calculated using the representative seasonal scenarios and their corresponding cluster sizes. Several important patterns can be
observed. First, larger PV deployment areas generally lead to higher seasonal profits. For example, Meadowbrook Depot has the largest
PV deployment area and achieves the highest profit. A similar trend is observed at high-demand on-route hubs such as SLCSTATN.
Second, seasonal variation has a significant impact on system profitability. Most hubs generate substantially higher profits during
summer due to increased solar generation, while winter profits decrease and become negative at several locations. In addition,
charging demand influences profitability differently across hubs. Compared with Table 4, stations with high charging demand, such as
SLCSTATN and Central Depot, experience larger seasonal profit fluctuations, while smaller stations with moderate demand, such as
ORANGEST, exhibit more stable profit patterns throughout the year. The results suggest that maximizing PV deployment is not always
economically optimal, particularly for hubs with high winter charging demand and limited seasonal solar generation.

We further calculate annual charging costs and net profits for each hub under two scenarios: with and without energy storage. The
results are summarized in Table 5. Overall, energy storage significantly reduces charging costs and improves profitability at most on-
route charging hubs. For example, charging costs at SLCSTATN decrease from $256,505 to $214,676, while ORANGEST and 39-
SWASB shift from negative to positive annual profits after storage integration. These results indicate that energy storage effectively
mitigates PV generation variability and reduces dependence on high-cost daytime electricity purchases. On the other hand, the benefits
of energy storage remain limited at several on-route hubs. Although OREMFRST and PROVFRST experience noticeable charging cost
reductions after storage integration, they still exhibit negative annual profits because of high charging demand (see Table 4) and
limited PV deployment (see Fig. 5). A few on-route hubs, such as WICTYCTR, even do not deploy energy storage. All in-depot hubs do
not rely on energy storage while also achieve strong economic performance due to overnight charging patterns and large PV
deployment areas. For example, Meadowbrook Depot generates the highest annual profit ($900,021).

To evaluate the long-term financial robustness of the energy hub system, we simulate the expected profit trajectories over a 10-year
horizon. The PV deployment area and energy storage capacity determined are fixed over the planning horizon, while yearly opera-
tional profits are re-optimized under evolving system conditions. This analysis accounts for key trends, including projected increases in
electricity prices, gradual declines in energy storage performance, and potential efficiency losses in PV generation. The results are
shown in Fig. 6. Overall system profit remains positive and gradually decreases over time. On-route charging hubs remain unprofitable
throughout the planning horizon, and their profit declines a bit faster because of higher dependence on daytime electricity purchases
and limited renewable generation capacity. In contrast, in-depot charging hubs maintain relatively high and stable profits.

5.3. Resilience analysis of BEB system

We first evaluate the effectiveness of MCU deployment as backup charging resources. Fig. 7 illustrates the temporal utilization of
fixed chargers and MCU activation across charging hubs obtained from Stage 1. The blue shading represents the number of occupied
fixed chargers at each time period, while the gray outlines indicate periods when MCUs are deployed at the station. Referring to the
number of chargers in Table 4, MCUs are activated only when all fixed chargers at a station are fully occupied. Therefore, MCU
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Fig. 5. Optimized renewable energy hub deployment and seasonal profit.

activation is highly targeted rather than continuously assigned to a single station, allowing a limited MCU fleet to dynamically support
multiple charging hubs throughout the day. This operational flexibility enables the system to maintain high resilience with relatively
low MCU deployment cost. The optimization results indicate that 10 MCUs are sufficient to provide full backup coverage for 11
charging hubs.

To verify the effectiveness of the MCU deployment in improving system resilience, actual MCUs operation under charger disruption
scenarios is further evaluated. A peak-hour single-charger failure simulation is conducted for representative charging stations. Three
representative station categories are selected to capture different operational characteristics. These include high-frequency stations
with intensive charging activities, high-energy stations with large charging demand and peak loads, and typical stations with moderate
charging utilization. For each station, the hour with the highest charging demand is identified as peak-hour, and one charger is
assumed to fail for different durations during this period. Fig. 8 illustrates the baseline charging demand profile, deployed charger
capacity, and the charging demand served by MCUs during the disruption period. The results show that MCUs can successfully provide
backup charging when charger failures cause charging demand to exceed the remaining fixed charging capacity.

Table 6 summarizes the operational response from Stage 3 under representative peak-hour charger failure scenarios across different
station categories. The residual demand column represents the original charging demand that cannot be served by fixed chargers
because of charger failure or BEB arrival delay. As expected, residual demand generally increases with disruption duration. Typical
station, i.e. U.U.CTRL with only one installed charger, experience higher residual demand during disruptions and require more MCU
movements. MCU movements represent the number of inter-station MCU relocations required to provide sufficient backup charging.
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Table 5
Annual profit comparison with and without energy storage.
Station ID Energy hub Annual charging cost ($) Annual profit ($)
With storage Without storage With storage Without storage
1 FASHPLCE 49,574 75,527 —4,653 -7,380
2 MURYCENT 88,957 105,983 -31,339 —34,755
3 OGNCENT 78,409 102,514 —46,216 —56,497
4 ORANGEST 33,551 68,642 6,917 —-2,853
5 WJICTYCTR - 95,389 - —57,986
6 WVCNTRAX 32,579 66,322 24,790 10,181
7 U.U.CTRL 45,305 81,453 —8,722 —16,801
8 39-SWASB 89,127 123,977 15,566 -5,331
9 OREMFRST 158,610 206,351 —62,339 -92,820
10 PROVFRST 182,037 229,560 —81,516 —114,605
11 SLCSTATN 214,676 256,505 36,389 13,982
12 Ogden Depot - 106,820 - 199,574
13 Meadowbrook Depot — 232,624 — 900,021
14 Central Depot — 291,699 — 8,964
15 Orem Depot — 256,102 - 164,967
le6
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Fig. 6. Ten-year anticipated profit for in-depot and on-route charging hubs.
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Fig. 8. MCU Response under peak-hour single-charger failure.
Table 6
Station-level operational response under peak-hour charger failures.
Scenario Failure duration (min) Residual demand (kWh) Recovery rate (%) MCU moves
High-frequency: PROVFRST 120 135 100 10
180 170 100 10
240 170 100 10
High-energy: SLCSTATN 120 60 100 10
180 60 100 10
240 60 100 10
Typical: U.U.CTRL 120 360 100 14
180 560 100 16
240 720 100 15

Under severe disruption conditions lasting from 2 to 4 hours, all residual charging demand is successfully served by MCUs, allowing the
system to achieve full recovery without causing BEB service delays. These results demonstrate the effectiveness of MCUs in main-
taining charging resilience during localized charger failures.

Finally, we evaluate the operational response under representative BEB line-delay scenarios. Similar to the station-failure analysis,
representative disruptions are defined using high-frequency, high-energy, and typical bus lines during morning and afternoon peak
periods, with different delay durations applied to affected BEB arrivals. Table 7 summarizes the residual demand, recovery rate, and
MCU movements for each scenario. The results show that the proposed framework maintains nearly full recovery across most tested
cases. MCUs successfully compensate for residual charging demand under high-energy and high-frequency line delays. Typical line
during afternoon peak periods experience minor unmet demand under 30-minute delays but return to full recovery under longer
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Table 7
Route-level impact of delay under different durations.

Scenario Affected buses Disruption window Delay (min) Residual demand (kWh) Recovery rate (%) MCU moves

High-energy line 217 10 08:00-10:00 30 150 100 11

60 230 100 13

120 170 100 11

15:00-17:00 30 115 100 10

60 120 100 10

120 405 100 10

High-frequency line 33 15 08:00-10:00 30 195 100 10

60 240 100 10

120 235 100 11

15:00-17:00 30 100 100 10

60 200 100 10

120 225 100 10

Typical line 35 15 08:00-10:00 30 100 100 10

60 175 100 10

120 185 100 10

15:00-17:00 30 100 97.5 10

60 100 100 10

120 120 100 10

delays. This indicates that disruption impacts are not linearly related to delay duration, but also depend on jointly MCU support, the
original BEB schedule, and fixed charger availability. In some cases, long-delayed BEB arrivals do not affect charging activities because
sufficient charger capacity remains available. Compared with station-failure scenarios, line delays produce more variable residual
demand patterns, reflecting the sensitivity of charging demand to BEB schedule disruptions. In contrast, MCU movement requirements
remain relatively stable, indicating that line-delay recovery generally requires less MCU relocation effort.

5.4. Sensitivity analysis

A sensitivity analysis is conducted to evaluate the robustness of the proposed multi-stage optimization framework. Since different
parameters affect different stages of the model, the analysis is performed separately for each stage using a tornado-diagram-based
approach. Low and high parameter levels (+20% of the baseline value) are tested while keeping all other parameters fixed.

In Stage 1, the analysis focuses on deployment-related parameters affecting BEB infrastructure planning. The total deployment cost
is selected as the performance metric. Fig. 9 shows that higher values of the BEB energy consumption rate lead to the largest increase in
deployment cost, followed by in-depot charger cost, MCU unit cost, and first on-route charger cost. This indicates that vehicle energy
performance and major infrastructure investments are the dominant factors in Stage 1 planning decisions. Some parameters exhibit
non-monotonic behavior. For example, battery degradation-related parameters, including battery cost and cycle life, and additional
on-route charger cost result in higher deployment costs under both low and high settings. This suggests that the baseline configuration
is close to a balanced operating point, where deviations require additional infrastructure or operational adjustments.

BEB Energy |
Consumption Rate

In-Depot |
Charger Cost

First On-Route |
Charger Cost

MCU Unit Cost q

Battery |
Cycle Life

Charging Power -

Battery Cost -

Additional On-Route |

Emm Low parameter
Charger Cost

W High parameter

T T T T T T T

-1 0 1 2 3 4 5
Change in Total Deployment Cost (%)

Fig. 9. Stage 1 sensitivity analysis of deployment cost.
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In Stage 2, the analysis focuses on parameters affecting renewable energy hub performance, with annual net profit selected as the
primary performance metric. Fig. 10 shows that PV-related parameters have the greatest impact on system profitability. PV output
level and PV export price are the most sensitive factors, indicating that energy-hub performance strongly depends on solar generation
conditions and electricity market value. PV installation cost and electricity purchase price also noticeably affect annual profit, while
storage cost and efficiency have relatively smaller impacts, suggesting that energy storage mainly improves operational flexibility
rather than acting as the primary economic driver.

Fig. 11 presents the sensitivity of Stage 3 recovery performance under the most severe station-failure and line-delay scenarios from
Section 5.3, including a 240-minute charger failure and a 120-minute line delay. The results indicate that increased MCU travel time
greatly reduces recovery performance. MCU availability also plays a critical role, particularly under line-delay disruptions. Those two
parameters indicate that long travel time and a smaller MCU fleet reduce routing flexibility and timely charging support. MCU battery
capacity has negligible impact on recovery performance within the tested ranges. Station-failure scenarios are more sensitive to MCU
movement energy. Overall, the results demonstrate that operational accessibility and deployment flexibility of MCUs are more
influential than energy-related parameters in maintaining charging resilience during disruptions.

6. Discussion

The proposed framework solves infrastructure deployment, renewable energy hub planning, and MCUs operations sequentially.
This structure may partially separate the trade-offs between Stage 1 deployment decisions and the long-term renewable energy value
evaluated in Stage 2, potentially introducing suboptimality. Specifically, charging stations with relatively high deployment costs in
Stage 1 may be excluded despite having strong long-term renewable energy profit potential in Stage 2. To further investigate this issue,
an additional analysis is conducted by incorporating a lifecycle PV economic-potential reward into the Stage 1 objective function:

minC*' — 2™ "B}V Y, (61)

net’

where C5! is the original Stage 1 objective, ./"= 7 U ¥ represents the candidate on-route and in-depot charging hubs, BE is the
estimated lifecycle PV economic potential of hub n, Y, represents its corresponding selection status, and 4”¥ is a dimensionless
weighting parameter controlling the contribution of long-term PV potential. To make the PV reward economically comparable with the
Stage 1 deployment cost, BV is expressed directly as a discounted lifecycle monetary value. For each candidate hub, the PV economic
potential is estimated as:

v Nday [Eilegzzuy i Effvlﬁ,n _ vay5V]

BYY = max{ 0,
n ; aAtry

(62)

where E;eg and Effjf represent the estimated daily PV electricity used locally and exported to the grid at hub n in year y, respectively; Iﬁ”y

represents the corresponding average electricity purchase price; and %, is the PV selling price. L*V is the PV system lifetime, and the
discount rate is r = 5%. This formulation gives higher priority to hubs with both high solar potential and high charging demand, while

PV Output -
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PV Installation Cost

Electricity Price 4

Storage Efficiency -
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~100 -50 0 50 100
Change in Annual Net Profit (%)

Fig. 10. Stage 2 sensitivity analysis of net profit.
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Fig. 11. Stage 3 sensitivity analysis of recovery rate.

high-solar but low-demand hubs receive a lower benefit because excess PV is valued at the selling price. Hubs with low solar potential
receive limited benefits even with high charging demand, and hubs with both low solar potential and low demand receive the lowest or
no PV reward.

As PV is dimensionless, different values are tested to examine how strongly long-term PV economic potential influences Stage 1
PV increases, the model generally shifts toward config-
= 0.4, the improvement becomes marginal: increasing the multiplier to 0.7

deployment decisions. Table 8 presents representative sensitivity results. As
urations with greater lifecycle PV potential. After A*¥
provides no additional PV benefit while deployment cost increases. The PV potential reaches its maximum at A’V = 1.0 and then
remains unchanged, while the number of selected energy hubs begins to decrease or fluctuate, indicating that the feasible PV potential
has reached a saturation level.

In the Stage 2 model, electricity purchasing cost is calculated using the utility-specific billing structures adopted by the local
electricity provider. However, some transit agencies may instead adopt simplified time-based TOU pricing schemes. To evaluate the
flexibility of the proposed framework under different electricity pricing mechanisms, an alternative TOU-based billing formulation is
introduced:

G=> mG  VeslvseQ (63)
te.7

ak
e te gk

j K
7=
Tt ff
ﬂ;)ff, te . 7°

(64)

where C; denotes the electricity purchasing cost at charging hub j under scenario s, 7, is the TOU electricity price at time interval t,

taking values of ﬂ]'?eak during peak periods (t € 7P%) and 29" during off-peak periods (t € .7~ offy, G}, is the grid electricity purchase,
and A, is the duration of each time interval. This formulation replaces the electricity billing constraints in Equation (23)-(32) while
preserving the remaining optimization framework. The TOU pricing parameters are summarized in Table 14 in Appendix B.

Table 9 compares the Stage 2 optimization results under the original utility-specific billing structure and the alternative time-based
TOU billing structure. The results show that the TOU formulation significantly improves overall system profitability while reducing the
optimal energy storage capacity. This is mainly because the time-based TOU structure removes demand-related charges and block-rate
penalties, reducing the need for large storage systems for peak shaving. The total PV deployment area and the number of selected
energy hubs remain unchanged, indicating that the proposed framework can maintain stable renewable-energy deployment decisions

Table 8
Impact of PV-potential reward.
PV multiplier Stage 1 deployment cost ($) Net lifecycle PV potential ($) Number of energy hubs
AFV
0.0 1.79E + 08 4.87E + 07 15
0.2 1.81E+ 08 5.10E + 07 18
0.4 1.83E + 08 5.36E + 07 21
0.7 1.86E + 08 5.36E + 07 23
1.0 1.88E + 08 5.54E + 07 26
2.0 1.85E + 08 5.54E + 07 24
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Table 9

Comparison of original and TOU billing structures.
Billing structure Total Expected daily profit ($) Total PV area (m?) Total storage capacity (kWh) Number of energy hubs
Original billing structure 2,865 186,850 4,648 15
Time-based TOU billing 4,979 186,850 2,229 15

under different electricity pricing mechanisms.

The proposed framework adopts different temporal resolutions across the three stages according to their planning objectives. Stage
1 uses stop-sequence and 15-minute charging occupancy for BEBs and 20-minute activation intervals for MCUs to support infra-
structure and backup planning. Stage 2 uses minute-level charging demand profiles for renewable energy and storage operation, while
Stage 3 adopts 20-minute intervals for detailed MCU scheduling. To connect these temporal resolutions, the charging schedule
determined in Stage 1 is first converted into a minute-level charging demand profile based on the fixed charging power and charging
duration. This minute-level profile provides a common representation of charging demand for the subsequent stages and can be
directly used or aggregated into different time intervals according to the needs of each stage.

This flexible temporal-resolution strategy is particularly suitable for planning and decision support. Stage 1 provides charging
demand and charging duration requirements that can be used to accommodate charging activities within available dwell times. Stage 2
provides energy management strategies for renewable energy utilization, battery charging and discharging, and grid energy exchange.
Stage 3 determines MCU deployment and relocation strategies, enabling agencies to establish response plans for charger failures and
prolonged BEB delays. Future research may integrate rolling-horizon optimization and real-time control strategies to further enhance
operational adaptability.

7. Conclusion

This study developed a multi-stage optimization framework to guide the transition of conventional bus fleets to a BEB system,
support their integration with renewable energy, and prevent potential operation disruptions. Stage 1 minimizes total deployment cost
while ensuring operational robustness. A key contribution is the explicit modeling of in-depot charging activities, including station
locations, capacities, and schedules. This stage also distinguishes between charger types with varying costs and introduces MCUs as
flexible, off-grid backup resources to enhance system robustness in the face of travel delays or charger failures. Stage 2 transforms each
charging station into a renewable energy hub by optimizing solar PV generation and battery storage usage to reduce grid dependency
and maximize economic performance under stochastic solar conditions. A key highlight is the stochastic optimization framework that
captures seasonal PV variability across both on-route and in-depot charging hubs. The third stage develops real-time MCU dispatch and
relocation strategies to maintain charging service continuity under charger disruptions and bus operation delays. Additionally,
comprehensive sensitivity analyses across different stages further demonstrate the robustness of the proposed framework and identify
the key factors influencing deployment cost, renewable energy profitability, and operational resilience.

The model was applied to a city-scale public transit network operated by the UTA. A total of 156 buses were replaced with BEBs,
supported by 11 on-route and 4 in-depot charging stations. The results reveal distinct functional roles among stations, some serve as
high-turnover transfer points, while others act as terminal or overnight hubs. Charging patterns vary accordingly and are incorporated
into Stage 2, where they influence both electricity costs and the alignment with PV generation. The integration of PV and battery
storage enables all renewable energy hubs to offset the original charging costs, with most hubs achieving positive profits during
summer months. However, due to seasonal solar fluctuations, only a few on-route charging hubs maintain profitability throughout the
year. Energy storage significantly enhances profit stability, particularly for on-route charging hubs, while it is less critical for in-depot
hubs whose operations already align with off-peak grid pricing. The economic value of PV and storage depends on hub characteristics,
including hub type (e.g., on-route vs. in-depot), operational scale (e.g., PV deployment and charging demand), and seasonal conditions
(e.g., summer vs. winter). Notably, higher annual profits are often accompanied by greater seasonal variability. Operational robustness
analysis confirms that MCUs effectively mitigate disruptions caused by charger failures and arrival delays, thereby improving overall
BEB system resilience. Sensitivity analysis indicates that BEB energy consumption and major infrastructure investment costs are the
dominant factors affecting deployment decisions, while electricity pricing structures and PV-related parameters strongly influence
long-term energy-hub profitability. Additional analyses further show that incorporating lifecycle PV economic potential into Stage 1
can increase long-term renewable energy value, but this improvement is accompanied by higher deployment costs and eventually
reaches a saturation level as the weighting parameter increases. Moreover, comparisons between the original utility-specific billing
structure and an alternative time-based TOU pricing scheme reveal that electricity pricing mechanisms can substantially affect optimal
storage sizing and overall system profitability.

Future work may extend the model by incorporating labor and maintenance costs, particularly relevant in emerging renewable
energy hubs. Further research could explore trade-offs between cost and operational robustness, as well as assess the sensitivity of PV
and storage efficiency parameters on long-term investment strategies. In addition, the current Stage 2 treats PV generation uncertainty
and transit-side operational variations independently. In reality, lower PV generation may be associated with adverse weather con-
ditions, especially during extreme weather events, which can also increase BEB energy consumption and disrupt charging schedules.
These simultaneous changes on the supply and demand sides could create more severe system impacts than those represented in the
current model. Future studies could therefore incorporate joint weather-traffic-energy uncertainty scenarios to better capture these
coupled effects. Regarding MCU deployment, this study only considers scenarios where one charger serves as a backup. Future
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extensions could examine more complex conditions, such as multiple charger failures or increased occurrences of delayed BEB arrivals,
to better inform investment decisions for MCU allocation. The charging activities of MCUs and their potential role as mobile energy
carriers facilitating energy transfer between the grid and charging hubs also warrant further investigation.
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Appendix A. . Parameter settings

Table 10 presents the detailed parameter settings used in both Stage 1 and Stage 2, based on existing research.

Table 10

Parameter settings for Stage 1 and Stage 2.
Parameters Values
Capital cost per BEB unit $ 970,000
Capital cost of first on-route charger $ 700,000
Capital cost of subsequent on-route charger (per unit) $ 400,000
Capital cost of in-depot charger (per unit) $ 300,000
Capital cost of MCU (per unit) $ 150,000
Capacity per on-route charger 1
Capacity per in-depot charger 3
Energy efficiency 3 kWh/mile
Full BEB battery capacity 388 kWh
On-route charger power capacity 300 kw
Energy storage efficiency 90%
Max energy storage capacity 500 kWh
Daily energy storage cost 0.08 $/kwh
Daily solar PV cost 0.034 $/m?
Energy storage lifetime 10 years
Solar PV lifetime 25 years
Storage C-rate 0.6
Battery service life 5 years
Operating days per year 250 days/year
Battery replacement cost $100/kWh
Battery cycle life 4000
Usable depth of discharge 0.6
Degradation weighting factor 0-1
Battery degradation cost coefficient 0.1
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Fig. 12 illustrates the allowable PV development area for each charging station based on actual geomatic conditions. In-depot
charging stations generally have significantly larger available areas for PV deployment compared to on-route charging stations.
Among them, Meadowbrook depot possesses the largest development area, resulting in the highest potential for profit generation.
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Fig. 12. Max allowable PV area for each charging station.

Appendix B. . Electricity prices policy

Table 11 presents the charging rate policy for on-route charging stations, based on the tariff structure provided by Rocky Mountain
Power for UTA. Table 12 outlines the corresponding charging rate policy applied to in-depot charging stations. Table 13 presents the
time-of-use feed-in tariffs used for exported PV electricity. Table 14 lists TOU pricing parameters which are designed based on

representative tariffs from Rocky Mountain Power (RMP, 2025)

Table 11
Tariff structure under billing policy 1.
Item Summer (April to October) Winter
Basic charge $53 $53
First 50 kWh/kW 0.2815 $/kWh 0.2491 $/kWh
All additional kWh 0.1030 $/kWh 0.0912 $/kWh
Off-peak kWh -0.0833 $/kWh -0.0737 $/kWh
Table 12
Tariff structure under billing policy 2.
Item Summer (April to October) Winter
Basic charge $10 $10
First 1500 kWh 0.1171 $/kWh 0.1036 $/kWh
All additional kWh 0.0655 $/kWh 0.0580 $/kWh
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Table 13
Feed-in tariff for exported PV electricity.
Period Feed-in tariff / grid value of exported PV ($/kWh)
Off-peak 0.03
Mid-peak 0.05
On-peak 0.12
Table 14
TOU electricity pricing structure.
Station type Season Peak period Off-peak period Peak price ($/kWh) Off-peak price ($/kWh)
On-route Summer, Jun-Sep 3:00 PM-10:00 PM Other hours 0.17 0.05
Non-summer, Oct-May 6:00 AM-9:00 AM; 6:00 PM-10:00 PM Other hours 0.14 0.045
In-depot Summer, Jun-Sep 3:00 PM-10:00 PM Other hours 0.12 0.04
Non-summer, Oct-May 6:00 AM-9:00 AM; 6:00 PM-10:00 PM Other hours 0.10 0.035

Appendix C. . Examples of charging schedule, energy flow

Fig. 13 presents the charging schedules for the SLCSTATN on-route charging station and the Orem in-depot charging station. The
charging peak at SLCSTATN occurs between 9:00 a.m. and 10:00 p.m., while the Orem depot experiences higher peak charging de-
mand between 1:00 a.m. and 4:00 a.m., with an additional increase in demand from 11:00 a.m. to 2:00 p.m.
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Fig. 13. Charging schedule of SLCSTATN and Orem depot charging station.

Fig. 14 presents the minute-level energy flows from solar PV generation alongside the actual BEB charging demand for a repre-
sentative day in June at U.U.CTRL hub. As shown, total solar PV generation consistently exceeds BEB charging demand before
approximately 6:00 p.m. During periods with active BEB charging, solar energy is prioritized for direct vehicle charging. At other
times, surplus PV energy is either exported to the grid or stored in the battery system.
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Fig. 14. Daily energy flow at U.U.CTRL energy hub.

Fig. 15 presents the Energy Storage State of Charge and discharging state for U.U.CTRL hub. Decide by model, the best Discharging

time and energy will be optimized to make sure the max profit. The use of storage mainly happen in 8 to 10 am, 19 to 23 pm, and 0 to 1
am.
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Fig. 15. Energy Storage State of Charge and discharging profile at U.U.CTRL energy hub.

Fig. 16 presents the grid-supplied charging power to BEBs and the energy used to charge storage at the U.U.CTRL energy hub.
Compared to Stage 1, where BEBs rely solely on the grid for charging, the energy hub stage significantly reduces grid dependence. Grid
charging primarily occurs after 8:00 p.m., when solar PV generation ceases, while storage charging from the grid takes place mainly

around midnight. This optimized schedule effectively avoids peak daytime grid usage and maximizes the utilization of solar PV to
enhance overall profitability.
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Fig. 16. Grid-supplied energy at the U.U.CTRL energy hub.

Data availability
Data will be made available on request.
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