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A B S T R A C T

Efficient charging planning and scheduling are crucial for electric buses (e-buses) due to their limited range and 
extended charging times. This paper focuses on the problem of planning the charging infrastructure for a public 
transport network in a rural area. Due to longer routes and poor road conditions in rural areas, especially in 
developing countries, conventional diesel intercity bus services account for significant carbon emissions from bus 
transport. However, there is a gap in planning the electrification of rural bus systems, especially in terms of 
charging infrastructure planning. Accordingly, the aim of this research is to identify optimal charging schedules 
using an integrated modelling approach. In particular, an optimisation model is developed to simultaneously 
determine the optimum location and capacity of charging facilities, along with optimal charging schedules for e- 
buses. This model aims to minimise the costs associated with charging infrastructure and the electricity 
consumed by the buses, considering time of use (TOU) electricity tariffs. A real-world case study of Kalyana 
Karnataka Road Transport Corporation (KKRTC) in Karnataka, India is presented to test the efficacy of the 
developed model. For the considered scenario in the Kalburgi division (the largest division in KKRTC), with 11 
depots and 887 bus routes, the model provides 52 optimal locations with a total of 82 opportunity chargers. 
According to the model, the feasible electrification level is 67.08% in the case of rural battery electric bus (BEB) 
systems for this division. Finally, a sensitivity analysis is presented to understand the effect of battery size and 
charger power on the results. The proposed approach offers operators a valuable tool for making optimal de
cisions regarding e-bus networks.

1. Introduction

Rapid decarbonisation of transport is crucial to achieving global 
climate goals, as the sector is responsible for 23% of global energy- 
related carbon dioxide (CO2) emissions. Within this sector, road trans
port accounts for 70% of emissions, while the remainder is contributed 
by railways, aviation, and shipping. Encouraging a modal shift to public 
transport and converting bus fleets to battery electric buses (BEBs) are 
two key strategic priorities to decarbonise the road transport sector 
(Jaramillo et al., 2022). The need to accelerate BEB adoption is even 
more pertinent in countries like India where the share of greenhouse gas 
(GHG) emissions from road transport is above the global average of 
92%. This includes a 15% contribution from internal combustion engine 

(ICE) buses that run on fossil fuels such as diesel and compressed natural 
gas (CNG) (TERI, 2024). BEBs avoid tailpipe emissions, operate almost 
noise-free, and have a higher energy efficiency than ICE buses (Uslu and 
Kaya, 2021). They also have lower lifecycle GHG emissions than ICE 
buses, even in countries like India, where over 70% of electricity is 
generated from coal (ITF, 2023).

BEBs have higher upfront costs, but these are offset in the long run by 
lower operating and maintenance (O&M) costs (Rogge et al., 2018). 
Rapidly declining battery prices are resulting in the lifecycle cost of 
electric buses (e-buses) being lower than that of ICE buses, depending on 
the operating context. BEB adoption is accelerating globally due to the 
environmental and cost benefits (BNEF, 2024). Significant progress has 
already been made in the planning and procurement of urban BEB fleets 
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(Gadepalli et al., 2022a). This is because their relatively shorter range 
(kilometres (km) driven with 100% charge) requirements are 
adequately met by available BEB models (Gadepalli et al., 2022b). 
However, rural and intercity markets have witnessed limited BEB up
take, and in the Indian context, these markets make up about 64% of the 
total vehicle-km operated by all buses, with around 70% of the public 
bus fleet operating on such routes (Transit Intelligence, 2024). Devel
oping a pathway to convert rural and intercity fleets to BEBs is crucial to 
achieving decarbonisation targets in India. This would also provide 
valuable learnings for other countries planning for a similar transition.

Rural and intercity buses cover longer distances, requiring buses to 
have longer ranges than those of commercially available BEBs. Range 
constraints can lead to several challenges, such as a route not being able 
to be served by standard e-buses, increased costs of fleet conversion to 
BEBs, as more spare buses may be needed to serve the same route to 
bridge gaps due to range and charging requirements, reduced opera
tional flexibility compared to diesel buses, increase in idle bus time due 
to charging, and charging infrastructure installation costs (Zhou et al., 
2022). E-bus range limitations can be addressed by recharging BEBs en 
route using fast opportunity chargers to deliver conventional diesel 
bus-equivalent operational performance (Kunith et al., 2017). Thus, 
developing and implementing an appropriate charging infrastructure 
strategy is crucial to ensuring adequate e-bus range. Charging infra
structure planning includes determining the optimal locations for 
charging facility installation, the type and number of chargers to be 
installed at each station, and the optimal BEB charging strategy to 
minimise infrastructure and operating costs. Optimal distribution of 
charging infrastructure across the bus route network and a well-planned 
charging schedule can reduce capital expenditure (CAPEX) on larger 
batteries and spare buses and, consequently, the lifecycle costs of 
e-buses. Alternative charging strategies like depot charging systems, 
opportunity charging, battery swapping, and BEB swapping have been 
examined in the available literature (Rogge et al., 2018; You et al., 2016; 
Zeng et al., 2023). However, the literature on BEBs has focused pre
dominantly on urban buses, while research on rural bus networks re
mains limited.

Charging infrastructure location planning and charging scheduling 
in rural areas are analytically complex due to numerous possibilities for 
the charger locations and time intervals for determining the BEB 
charging schedule, leading to multiple variables and large search spaces. 
In this context, this study addresses the gap in the literature on inte
grated charging infrastructure planning and charging scheduling issues 
in BEB deployment for rural bus networks. We solve a location- 
allocation problem for the chargers to ensure BEBs can fulfil the exist
ing diesel bus schedule, considering constraints like fleet size, BEB 
battery capacity, and charger power. A mixed integer linear program
ming (MILP) optimisation framework is introduced to tackle this prob
lem, considering variations in electricity tariffs throughout the day to 
minimise infrastructure & charging costs and the prioritisation of stops 
for effective utilisation through resource sharing. To validate the results 
generated with the proposed methodology, numerical analysis using the 
service schedule data on a number of the rural routes served by Kalyana 
Karnataka Road Transport Corporation (KKRTC) in the state of Karna
taka in India, with a fleet size of 281 buses, is carried out.

This study considers key practical considerations reflecting the 
operation of an actual rural bus network, thereby yielding pragmatic 
results for bus agencies transitioning from diesel buses to BEBs. The 
proposed integrated charger planning and scheduling approach aims to 
effectively reduce operational and strategic costs, leading to optimised 
decision-making. Overall, the following are the key contributions of this 
study: 

1) Development of an optimisation framework for integrated charging 
infrastructure planning and charging scheduling for rural bus net
works. The essential problem in integrated charging infrastructure 
planning and charging scheduling for rural bus networks is to 

simultaneously determine the optimum location and capacity of 
charging facilities, along with optimal charging schedules for e- 
buses. This model aims to minimise the costs associated with 
charging infrastructure and the electricity consumed by the buses, 
considering time of use (TOU) electricity tariffs.

2) Creation of a methodology for a "priority-based" charger allocation 
scheme, along with limited bus schedule alterations. The "priority- 
based allocation" enables more efficient utilisation of the charging 
infrastructure, reduces peak power demand, and necessitates fewer 
fast chargers overall. Locations with higher priority are given pre
cedence for installing charging facilities, as they facilitate resource 
sharing among a greater number of bus routes (explained in more 
detail in Section 4).

3) Design of a practical solution for a large-scale, complex rural 
network and evaluation of its efficacy through the KKRTC case study 
and providing pragmatic results for bus agencies transitioning from 
diesel buses to BEBs. The model also identifies bus routes that are not 
viable for electrification due to insufficient dwell times to charge 
BEBs to a level that enables them to complete their trips.

The rest of this paper is structured as follows: The contributions of 
previous literature in this field and the studies relevant to this paper are 
discussed in Section 2. The problem definition, proposed mathematical 
model formulation, and heuristic algorithm details are presented in 
Section 3. A case study based on a real-world rural bus network is 
covered in Section 4. The research results are presented in Section 5. 
Finally, Section 6 concludes the study and provides directions for further 
research in this field.

2. Literature review

Significant research has been conducted over the past decade in the 
domain of BEB planning, including timetabling (Alamatsaz et al., 2022; 
Teng et al., 2020; Xu et al., 2023), fleet composition and sizing (Rogge 
et al., 2018; Yıldırım and Yıldız, 2021), vehicle and crew scheduling 
(Perumal et al., 2021; Sistig and Sauer, 2023; Wang et al., 2022), 
charging facility planning (Guschinsky et al., 2021; Kunith et al., 2017; 
Xylia et al., 2017), and charging scheduling (He et al., 2020; Huang 
et al., 2023; Pettet et al., 2021). Considering the scope of this study, in 
the domain of charging infrastructure planning and charging sched
uling, the following two approaches have been taken in the past: 1) a 
sequential approach that addresses the two issues separately (He et al., 
2018; Uslu and Kaya, 2021; Wu et al., 2021) and 2) an integrated 
approach (Gairola and Nezamuddin, 2023; Wang et al., 2017; Zhou 
et al., 2022). This study focuses on the latter approach.

Several researchers have worked on the optimal design of charging 
infrastructure, which entails specifying the location and number of 
chargers in the public transport network and has the objective of min
imising the total cost of ownership. Xylia and their research team (2017) 
proposed an MILP framework for determining the charging facility 
distribution for large-scale urban networks that minimises the total 
system cost (Xylia et al., 2017). They also compared the price of BEB 
adoption with that of continued operations with a 100% biodiesel sys
tem. Another study (Kunith et al., 2017) included battery capacity de
cisions in charging infrastructure planning to capture the trade-off 
between the battery size and number of chargers required under 
different operational scenarios. In 2018, Liu, Song, & He determined the 
optimal battery capacity of buses and location & type of fast charging 
facilities to be deployed in a bus network using a deterministic MILP 
model. Their research also included the development of a robust opti
misation model to incorporate the uncertainty of energy consumption 
(Liu et al., 2018). In the same year, Rogge and their research team 
combined BEB scheduling with the planning of fleet size, bus type, and 
optimal charging infrastructure for a depot charging BEB system to 
minimise total procurement and operational costs, along with monetised 
vehicle schedule adjustments (Rogge et al., 2018). This study did not 
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consider opportunity charging, which is inevitable in the case of rural 
bus transport systems. Wei and other researchers considered space and 
time-related constraints and provided a strategy for the optimal 
deployment of BEBs and charging facilities in an existing bus network 
previously run by diesel or CNG buses without changing the vehicle 
schedules (Wei et al., 2018). He et al. (2019) included electricity de
mand charges, which had been overlooked by previous studies, and 
formulated an MILP model for effective deployment of fast charging 
facilities, fleet composition, and installation of energy storage equip
ment that can solve the problem of high demand charges associated with 
opportunity charging systems (He et al., 2019). In their work, demand 
charges refers to the expenses incurred based on the highest electricity 
consumption rate during periods of peak power demand. Lin and their 
research team introduced a multistage approach for location-capacity 
planning of plug-in type fast charging infrastructure, which can 
accommodate increasing future charging demands. In the two stages, 
power and transport systems were considered simultaneously for global 
optimisation of the whole charging supply chain (Lin et al., 2019). Usla 
& Kaya’s (2021) study looked at location and capacity planning of op
portunity charging facilities for an intercity bus network, considering 
the waiting time of buses in the queues at the charging facility, using an 
M/M/1 queueing theory approach (Uslu and Kaya, 2021). Tzamakos 
et al. (2023) applied a similar model to urban bus networks, incorpo
rating an M/M/1 queueing concept to limit the waiting time, consid
ering charger location decisions based on the goal of serving multiple 
bus routes (Tzamakos et al., 2023). In 2021, Guschinsky and other re
searchers simultaneously solved the fleet sizing and charging facility 
design problems for deploying BEBs to maximise a socio-ecological 
value representing the proportion of passenger demand satisfied, 
considering the system cost as a constraint (Guschinsky et al., 2021). 
Zeng et al. (2023) addressed the combined challenge of charging 
infrastructure planning and BEB scheduling for an urban transport 
network with the strategy of bus replacement (Zeng et al., 2023).

Along with charging infrastructure planning, substantial research 
has also been carried out on optimal charging strategies for fast charging 
BEB networks, due to such strategies’ significant effect on the overall 
cost of BEB networks that employ opportunity charging. In 2016, Qin 
and their research team determined the optimal charging thresholds for 
different fleet sizes, reducing the peak power demand and minimising 
the total charging cost (Qin et al., 2016). You and other researchers 
(2016) provided a framework for battery charging scheduling in a 
battery-switching approach wherein all the BEBs would find an avail
able charged battery when they reached a battery switching station 
(BSS). A distributed algorithm with dual decomposition was incorpo
rated to solve the scheduling problem for individual battery boxes across 
the whole timespan. They were, therefore, able to demonstrate efficacy 
in large-scale scenarios with better computational performance than 
exact solution methods (You et al., 2016). He et al. (2020) formulated a 
network model to determine the optimal charging schedule for a fast 
charging BEB network with a predefined fleet size, bus battery capacity, 
and bus line schedule, considering the demand charges and TOU elec
tricity tariffs. In addition, smart charging management was employed, 
reducing demand charges and lowering the overall BEB charging cost 
(He et al., 2020). Abdelwahed and their research team (2020) addressed 
the charging scheduling problem with the help of two types of MILP 
models based on different discretisation approaches, i.e. the discrete 
time optimisation (DTO) model and discrete event optimisation (DEO) 
model. A comparative study was conducted between the two, and the 
DEO model was found to be the more efficient and practically imple
mentable approach (Abelwahed et al., 2020). In 2023, Bao and other 
researchers formulated an MILP model for solving the typical charging 
scheduling problem, but a Lagrangian relaxation method, along with a 
bi-criterion dynamic programming algorithm, was introduced to extract 
the individual BEB charging schedules and computational time, and 
results were compared with a commercial solver – Gurobi (Bao et al., 
2023).

Integrated planning of charging infrastructure and charging sched
ules can help identify charger locations that enable charging to be 
shifted to off-peak or regular hours. It also reduces the peak charging 
power demand, thus improving grid management. Due to the economic 
and operational benefits, a few studies have addressed the two problems 
simultaneously. Wang and their research team (2017) developed a 
deterministic optimisation model for determining the location and 
number of fast chargers, along with the charging schedules, for an urban 
BEB network. However, the study assumed a fixed recharging duration 
at transit centres, which is not a suitable approach for the rural case 
(Wang et al., 2017). Similarly, Zhou and other researchers (2022) 
included BEB battery sizing decisions, integrated charging infrastruc
ture, and the charging scheduling problem for an urban setting in their 
study, considering real-world factors like weight-based energy con
sumption. They proposed a deterministic and robust optimisation model 
to account for the energy consumption uncertainty (Zhou et al., 2022). 
The scheduling of overnight charging activities at the depots was not 
included in the scope of the above two studies. Hu and their research 
team (2022) addressed the integrated charging facility planning and 
charging scheduling problem through an optimisation framework, 
including decisions regarding BEB battery capacity and a fine for any 
delay in the schedule caused by charging. A robust counterpart was 
proposed to consider the uncertainty in passenger demand. He et al. 
(2022) proposed a two-phase optimisation model, with the BEB battery 
capacity, fast charging facility configurations, and charging schedules 
fixed in the first phase. The second phase entailed the application of a 
rolling horizon approach to generate real-time charging schedules based 
on the actual arrival time and BEB state of charge (SOC) data. However, 
in this study, each charger was assigned to a single bus route, resulting in 
more chargers, higher peak charging power demand, and inefficient 
utilisation of charging infrastructure (He et al., 2022).

To deal with this issue, in 2023, Gairola & Nezamuddin formulated a 
deterministic optimisation model with charging resource sharing among 
multiple bus routes, providing the optimal choices regarding battery 
sizes, opportunity charger location, number, and size, and charging 
schedules for an urban BEB-operated public transport network. A robust 
counterpart to address energy consumption uncertainty was also 
presented.

Table 1 summarises all the abovementioned studies based on their 
scope and the type of problem addressed.

Most related work on integrated charging infrastructure design and 
charging scheduling has provided solutions for urban public transport 
networks, where fast charging is done only at terminals or major 
interchange hubs. However, an approach for electrifying rural bus ser
vices has thus far received limited research attention. Rural routes cover 
greater distances, necessitating charging BEBs at intermediate stops in 
addition to terminals, thereby increasing the number of potential loca
tions for charging facility installation and adding substantial computa
tional complexity. The solutions of urban BEBs cannot be directly 
applied to rural routes, as these routes have unique challenges, including 
sparse and directional demand patterns, limited charging infrastructure 
availability, and economic viability concerns, especially in developing 
countries (Jiao et al. 2023). Moreover, as highlighted by Zeng and Qu 
(2022), there is an uneven flow of passengers and a need for optimal 
planning of rural BEBs, as well as economic concerns associated with 
rural BEBs. Similarly, Johari (2023) highlighted the limited availability 
of charging infrastructure and economic viability concerns for rural 
BEBs, as most charging infrastructure is concentrated in major cities, 
making it difficult and costly for rural BEBs. Furthermore, another 
unique challenge is the consideration of long distances for travel and the 
use of electric buses. In this direction, Uslu and Kaya (2021) presented a 
MILP model considering BEB waiting time for the intercity electric bus 
network. Charging facility installation cost and operating cost, as well as 
the number of stops for charging, are considered in their model. Simi
larly, (Xylia et al., 2017) have also considered intercity bus operation for 
determining optimal charging infrastructure distribution. Apart from 
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these concerns, there is also a need for considering TOU electricity 
tariffs.

Considering these unique challenges, the essential problem for rural 
bus networks is to have an integrated charging infrastructure planning 
and charging scheduling, which simultaneously determines the opti
mum location and capacity of charging facilities, along with optimal 
charging schedules for e-buses. Accordingly, in our study we address 
these unique challenges of rural BEBs by minimising planning and 
operating costs, including the charging station installation cost, charger 
acquisition cost, and charging cost. Furthermore, there is a need to 

identify bus routes that are not viable for electrification due to insuffi
cient dwell times to charge BEBs to a level that enables them to complete 
their trips. Accordingly, this study considers key practical considerations 
of rural BEBs, thereby yielding pragmatic results for bus agencies tran
sitioning from diesel buses to BEBs. The proposed integrated model aims 
to reduce operational and strategic costs, leading to optimised and 
informed decision-making.

Table 1 
Comparative literature review.

j Scope Modelling approach Objective function Intercity 
services

Charging 
decisions

Operational decisions

LD CD CS FS BC CC BS

(You et al., 2016) Battery switching Dual decomposition Charging costs ⨯ ⨯ ⨯ ✓ ⨯ ⨯ ⨯ ⨯
(Xylia et al., 

2017)
Mixed fleet (biodiesel, biogas, 
and electric)

MILP Annualised infrastructure, vehicle, 
& energy consumption costs

✓ ✓ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯

(Kunith et al., 
2017)

Energy consumption 
simulation

MILP Charging & transformer station 
installation cost, battery cost

⨯ ✓ ⨯ ⨯ ⨯ ✓ ⨯ ⨯

(Wang et al., 
2017)

Fixed charging time MILP Deadhead costs, recharging waiting 
costs, charger cost, charging facility 
installation cost

⨯ ✓ ✓ ✓ ⨯ ⨯ ⨯ ⨯

(Liu et al., 2018) Energy consumption 
uncertainty

MILP Battery cost, charging facility 
installation cost

⨯ ✓ ✓ ⨯ ⨯ ✓ ✓ ⨯

(Wei et al., 2018) Existing bus routes and 
schedule

MILP BEB procurement cost, charging 
facility installation cost

⨯ ✓ ✓ ⨯ ⨯ ⨯ ⨯ ⨯

(Rogge et al., 
2018)

Depot charging BEB system, no 
opportunity charging

Grouping genetic 
algorithm

BEB CAPEX, charger cost, BEB 
operating and energy cost

⨯ ⨯ ✓ ✓ ✓ ✓ ⨯ ✓

(He et al., 2019) Demand charges MILP Battery cost, charging facility, 
charger, and storage device costs, 
demand cost

⨯ ✓ ✓ ⨯ ⨯ ✓ ✓ ⨯

(Lin et al., 2019) Multi-phase approach, future 
charging demands

Mixed integer second- 
order cone 
programming

Fixed and variable costs of charging 
infrastructure, power grid line 
construction and power loss costs

⨯ ✓ ✓ ⨯ ⨯ ⨯ ⨯ ⨯

(Y. He et al., 
2020)

Smart charging management Network model Charging costs ⨯ ⨯ ⨯ ✓ ⨯ ⨯ ⨯ ⨯

(Abdelwahed 
et al., 2020)

DTO & DEO models MILP Charging costs ⨯ ⨯ ⨯ ✓ ⨯ ⨯ ⨯ ⨯

(Uslu & Kaya, 
2021)

BEB waiting time at charging 
facility

MILP Charging facility installation cost 
and operating cost, number of stops 
for charging

✓ ✓ ✓ ⨯ ⨯ ⨯ ⨯ ⨯

(Guschinsky 
et al., 2021)

Mixed fleet Heuristic with particle 
swarm optimisation 
(PSO)

Total passenger demand ⨯ ✓ ✓ ⨯ ✓ ⨯ ⨯ ✓

(Wu et al., 2021) Calculation of charging 
demand and distribution 
network capacity

Binary PSO algorithm Construction, operation, travel, and 
power loss costs

⨯ ✓ ✓ ⨯ ⨯ ⨯ ⨯ ⨯

(Wang et al., 
2022)

No partial charging MILP BEB cost, battery cost, charger cost ⨯ ✓ ✓ ⨯ ✓ ✓ ⨯ ✓

(Zhou et al., 
2022)

Weight-related energy 
consumption, energy 
consumption uncertainty

MILP Battery cost, charger cost, charging 
cost

⨯ ✓ ✓ ✓ ⨯ ✓ ⨯ ⨯

(Hu et al., 2022) Passenger demand uncertainty MILP Battery cost, charger cost, charging 
cost, fine for waiting

⨯ ✓ ⨯ ✓ ⨯ ✓ ⨯ ⨯

(He et al., 2022) Rolling horizon method for 
real-time charging scheduling

MILP Battery cost, charging facility 
installation cost, charging cost

⨯ ✓ ✓ ✓ ⨯ ✓ ✓ ⨯

(Tzamakos et al., 
2023)

BEB waiting time at charging 
facilities

MILP Charger cost ⨯ ✓ ✓ ⨯ ⨯ ⨯ ⨯ ⨯

(Zeng et al., 
2023)

Bus replacement strategy MILP BEB cost, charging facility 
installation cost, passenger loss, 
passenger crowding, access, and 
cross-station costs

⨯ ✓ ✓ ⨯ ⨯ ⨯ ⨯ ✓

(Bao et al., 2023) Lagrangian relaxation MILP, bi-criterion 
dynamic 
programming

Charging costs ⨯ ⨯ ⨯ ✓ ⨯ ⨯ ⨯ ⨯

(Gairola & 
Nezamuddin, 
2023)

Energy consumption 
uncertainty

MILP Battery cost, charging facility 
installation cost, charger cost, TOU 
charging cost, demand charges

⨯ ✓ ✓ ✓ ⨯ ✓ ✓ ⨯

This study Priority-based location 
decisions, infeasible route 
identification, limited 
schedule delays

MILP, heuristic 
algorithm

Charging facility installation cost, 
charger cost, charging cost

✓ ✓ ✓ ✓ ⨯ ⨯ ⨯ ⨯

LD = location decision, CD = capacity decision, CS = charging scheduling, FS = fleet size, BC = battery capacity, CC = charger capacity, BS = bus scheduling
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3. Methodology

3.1. Problem description

As briefly discussed in Section 1, the aim of this study is to address 
the problem of rural bus network electrification. A rural BEB network 
comprises multiple depots, bus routes, and stops, where the bus fleet 
must complete a predefined daily trip schedule. Depots are equipped 
with a fixed number of slow chargers (with output power below or equal 
to 180 kilowatts (kW)), and buses can be charged overnight. The bus 
dwell time between trips can be used for opportunity charging using fast 
chargers (with output power equal to or above 240 kW). The BEB battery 
size, fleet size, charger specifications, and bus schedule are known be
forehand. The term charging facility refers to the location or site 
equipped with the necessary electrical and civil infrastructure to support 
one or more chargers for electric bus operations. While charger or 
charger gun refers to the electrical equipment or device that delivers 
power to the electric bus battery. BEB charging infrastructure planning 
for such a network involves determining the locations for opportunity 
charging facilities and the number of fast chargers (Each with one 
charging connector further referred to as charger gun) to be installed at 
each selected location. Moreover, the optimal schedule for charging 
buses at depots or opportunity charging locations is also determined. 
This schedule includes the charging location, start time, and duration. 
The values of these decision variables need to be chosen to minimise the 
total cost, including the fixed cost of power infrastructure deployment at 
a potential location (selected for opportunity charging), fast charger 
cost, and daily operating cost (calculated based on TOU electricity tar
iffs). Fig. 1 illustrates the operation of a bus on a route, showing fixed 
number of slow chargers at the depot, and opportunity chargers installed 
at selected stops as an example.

To this end, an optimisation model framework was formulated to 
design the charging infrastructure and determine the optimal charging 
schedule to minimise the overall CAPEX and operating costs. There is a 
definite trade-off between the BEB battery size and number of fast 
chargers to meet the energy demand, and a sensitivity analysis is 
therefore needed to determine the most suitable BEB battery size. There 
may also be some bus routes that are unfeasible to electrify due to the 
unavailability of adequate dwell time or trip distances exceeding the 
BEB range. Such bus routes were identified by the model and discounted 
from further planning, with the assumption that diesel buses would 
continue to be used on these routes. Along with this, the following as
sumptions were considered as a part of the problem formulation: 

1. The battery consumption rate is linearly proportional to the distance 
the BEB covers.

2. The battery recharge rate is linearly proportional to the charging 
time.

3. A homogeneous BEB fleet is considered for each bus route; thus, the 
battery chemistry, charging and discharging characteristics, and 
performance are the same for each BEB.

4. The depots are equipped with slow chargers, as overnight charging is 
possible. However, based on the model's results, stops are selected 
for fast charging.

5. When the BEB returns to the depot at the end of all the daily trips, the 
SOC is considered to be equal to the reserve limit.

6. The BEB SOC must remain above the battery reserve limit specified 
by the battery reserve ratio as a fraction of the entire SOC.

Assumptions 1–3 are applied to simplify the problem and are sup
ported by several studies (Wang et al., 2017, Wang et al., 2022, Gairola 
and Nezamuddin, 2023). Assumption 1 is realistic as the electric scooter 
field test conducted by (Yu and Lu, 2013) concludes that relationship 
between charge consumption and BEB driving distance is almost linear. 
Assumption 2 is valid as (Hwang et al., 2018) states that recharge rate is 
proportional to charging duration between 20% and 80% SOC. 
Assumption 3 is a standard practice as it results in more cost-effective 
bus schedule. Assumption 4 is logical due to the extended time pe
riods available at the depots for overnight charging compared to the 
dwell times at the stops between trips, which necessitate faster charging. 
Assumption 5 is valid because, due to the higher electricity tariffs during 
peak and regular hours compared to off-peak hours, operators limit 
opportunity charging to fulfil daily trip requirements, despite having 
sufficient dwell time for additional charging. Assumption 6 is a general 
practice to delay battery degradation and improve battery longevity.

The integrated strategic and operational planning framework adop
ted in this study addresses the limitations inherent in conventional 
sequential approaches. Planning charging facility locations without 
considering operational requirements often leads to suboptimal 
charging schedules, characterized by high peak-hour demand and 
elevated long-term BEB charging costs. In contrast, a simultaneous 
decision-making approach enables the identification of charging facility 
locations that facilitate off-peak charging as much as possible, thereby 
ensuring more balanced load distribution and cost-efficient system 
operation.

3.2. Mathematical formulation

A mathematical model was introduced for the charging infrastruc
ture planning and determining the optimal charging schedule. The total 
operating hours of a day were discretised in time intervals of equal 
length. The length of the time interval (δ) was chosen based on the 
desired accuracy and available computational power. Shorter time in
tervals yield a more accurate charging schedule but also introduce 
greater complexity into the model. The bus schedule provides infor
mation regarding every trip in the form {bus (b), source node (ls), 

Fig. 1. Problem Description.
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destination node (le), departure time (td), arrival time (ta), distance (dse), 
and arrival time of the previous trip of that bus (tpa)}, and the model 
adheres to the schedule. Dwell times cannot be increased for the 
charging activities. The notations, sets, indices, parameters, and vari
ables are summarised in Table 2.

An MILP model was formulated, as shown below in (1) – (17). 

Min C =
∑

l ∈ L
Cf ∗ Zl +

∑

l ∈ L

∑C
l
max

c=1
Cg ∗ Vlc +

∑

b ∈B

∑

l ∈ Lb

∑C
l
max

c=1
U

∗ δ ∗

(
∑

t ϵ Tn

Cn ∗ Yblct +
∑

t ϵ Tp

Cp ∗ Yblct +
∑

t ϵ To

Co

∗ Yblct

)

+
∑

b ∈B

∑

i ∈ {1, 2,…,|Gb |}

M ∗ Sbi

(1) 

The objective function (1) is the minimisation of the total cost 
component, comprised of three terms: 1) fixed cost of charging facility 
installation; 2) procurement cost of fast chargers; and 3) daily BEB 
charging cost based on TOU electricity tariffs. The final term in the 
objective function ensures the model’s feasibility by addressing situa
tions where electrification of a bus route is not viable due to the un
availability of enough dwell time for charging. In such cases, the 
decision variable Sbi becomes positive. However, the large penalty 
imposed by the big-M ensures that Sbi remains strictly zero when elec
trification is possible on a given route.

Subject to: 
∑

b∈Bl

Yblct ≤ 1, ∀l ∈ L ∪ D, c ∈
{
1,2, ..,Cl

max
}
, t ∈ T (2) 

Constraint (2) illustrates that only one or no BEB can be charged at a 
given charging gun at a stop in a specific time interval. 

∑C
l
max

c=1
Yblct ≤ mblt , ∀b ∈ B, l ∈ Lb, t ∈ T (3) 

Constraint (3) ensures that, for a given stop and time interval, the 
BEBs can be charged only during the dwell times and at a single charging 
gun. 
∑

b∈Bl

∑

t∈T
Yblct ≤ |Bl| ∗ |T| ∗ Vlc , ∀l ∈ L, c ∈

{
1,2, ..Cl

max

}
(4) 

Constraint (4) assigns value 1 to the variable Vlc if, at any time, 
any bus is charged at the stop l and charging gun c. 

∑C
l
max

c=1
Vlc ≤ Cl

max ∗ Zl , ∀ l ∈ L ∪ D (5) 

Constraint (5) states that any charger at a stop can only be used for 
charging if a charging facility is installed at that stop. 

Wbi +
∑C

ls
max

c =1

∑td

t= tpa

KPM ∗ δ ∗ Yblct − dbi + Sbi = Wb i+1, ∀b ∈ B, i

∈ {1, 2,…, |Gb}

(6) 

Constraint (6) is the flow constraint that tracks the SOC of a BEB 
throughout its daily trips. For the trip of a BEB from Stop l to Stop k, the 
SOC at Stop k will be equal to the SOC at Stop l plus the charge received 
at Stop l, minus the distance between Stops l and k, plus the shortage 
term in case the bus route becomes unfeasible for electrification at any 
point in time. 

Wb0 = 0 , ∀ b ∈ B (7) 

Constraint (7) sets the SOC of each BEB at a value of 0 when it rea
ches the depot after completing all its daily trips. 

Vl c+1 ≤ Vlc , ∀ l ∈ L ∪ D, c ∈
{
1, 2,……, Cl

max
}

(8) 

Constraint (8) ensures an ordered allocation of chargers by implying 
that the charging gun c+1 can be used only if charging gun c has been 
used. 

Wbi +
∑C

ls
max

c =1

∑td

t= tpa

KPM ∗ δ ∗ Yblct ≤ R , ∀b ∈ B, i

∈ {1, 2,…, |Gb|} (9) 

Constraint (9) limits the charge received at any stop such that the 
SOC does not exceed the total range of the BEB. 

∑

i∈{1, 2,…,|Gb |}

Sbi ≤ M ∗ (1 − Yblct), ∀b ∈ B, l ∈ Lb, c

∈
{
1, 2,……, Cl

max
}
, t ∈ T (10) 

Constraint (10) discards the unfeasible bus routes from the planning 
process by not allowing any charging activity on those bus routes. 

Vlc = 1 , ∀l ∈ D, c ∈
{
1, 2,……, Cl

max
}

(11) 

Constraint (11) allocates a fixed number of slow chargers at the 
depots. 

∑

l ∈ Lb

∑C
l
max

c =1
Yblct ≤ 1, ∀b ∈ B, t ∈ T (12) 

Constraint (12) ensures that any BEB can only be charged at a single 
charging gun at a particular location. 

Wbi ≥ 0 ,∀b ∈ B, i ∈ {1, 2,…, |Gb|} (13) 

Table 2 
Sets, parameters, and decision variables.

Indices and sets

L Set of stops indexed by l ∈ L
B Set of buses indexed by b ∈ B
T Set of time intervals indexed by t ∈ T
Tn Set of regular hour time intervals
Tp Set of peak hour time intervals
To Set of off-peak hour time intervals
Bl Set of buses that pass from stop l ∈ L
Lb Set of all stops and depots on bus route b ∈ B
D Set of depots
Gb Set of trips of bus b ∈ B indexed by i = {b, ls, le, td, ta, dse, tpa}

Parameters ​
Cf Fixed cost of installing a charging facility at a stop
Cg Cost of a fast charger
Cn Charging cost during regular hours - 6 am-6 pm (INR/kWh)
Cp Charging cost during peak hours - 6–9 pm (INR/kWh)
Co Charging cost during off-peak hours - 9 pm-6 am (INR/kWh)
mblt 1, if bus b can be charged at location l at time t, otherwise 0
E BEB battery size (kWh)
γ Reserve battery ratio
ε BEB energy efficiency (kWh per km)
R

Total range of BEB =
E ∗ (1 − γ)

ε (km)

U Charging rate of the charger (kWh per min)
KPM km gain per minute of charging =

U ∗ R
E 

(km per min)

Cl
max Maximum number of chargers allowed at stop/depot l ∈ L ∪ D

δ Length of time interval (minutes)
Db Base depot of bus b ∈ B
M A huge positive number
Decision 

variables
​

Zl 1, if a charging facility is installed at stop l ∈ L ∪ D, otherwise 0
Yblct 1, if bus b ∈ B is charged at stop l ∈ Lb by charger gun c at time- 

interval t ∈ T, otherwise 0
Vlc 1, if charger gun c at stop l ∈ L ∪ D is utilised, otherwise 0
Sbi Distance by which SOC is inadequate during ith trip of bus b ∈ B
Wbi SOC of bus b ∈ B after its ithtrip (km)
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Sbi ≥ 0, ∀b ∈ B, i ∈ {1, 2,…, |Gb|} (14) 

Zl ∈ {0,1} ,∀l ∈ L ∪ D (15) 

Vlc ∈ {0,1} , ∀ l ∈ L ∪ D, c ∈
{
1, 2,……, Cl

max
}

(16) 

Yblct ∈ {0,1}, ∀b ∈ B, l ∈ Lb, t ∈ T, c ∈
{
1,2, .,Cl

max
}

(17) 

Constraints (13)-(17) define the domain of the decision variables 
with Constraint (13), ensuring the reachability of BEBs to every stop 
along their routes.

3.3. Solution algorithm

Rural public transport networks generally involve many buses in 
operation and numerous potential charging locations, which results in 
numerous decision variables, making the optimisation model compu
tationally time-consuming, and it is proven to be NP-hard. To deal with 
this issue, we propose a heuristic algorithm that makes sequential de
cisions for each bus route.

A bus route is defined as the sequence of trips operated by a BEB 
during a day, starting and ending at the same depot. Buses are fully 
charged overnight at the depot using slow chargers, while opportunity 
charging is performed at intermediate stops as needed. The algorithm 
iterates over all the bus routes in the ascending order of the departure 
time of the bus from the depot, checks for the reachability for each trip of 
that bus route, and allocates chargers at previously visited locations 
based on a defined logic according to when the reachability constraint is 
violated during the bus journey. The "priority" of a location is based on 
the number of bus routes that include it as a stop. In simpler terms, it 
reflects the number of buses that pass through that stop at least once 
during their daily journeys. Locations with higher priority are given 
precedence for installing charging facilities because they facilitate 
resource sharing among a greater number of bus routes. This strategy 
enables more efficient utilisation of the charging infrastructure, reduces 
peak power demand, and necessitates fewer fast chargers overall.

When the reachability condition along a bus route is not met, the 
algorithm initially attempts to conduct charging activities at existing 
charging facilities on that bus route, if they were previously allocated 
during the past iterations of the algorithm. It determines whether the 
BEB could have been charged sufficiently to complete either all 
remaining trips or at least the next trip at those locations. If no charging 
facilities were previously allocated or if the BEB cannot be charged to a 
sufficient SOC level to complete even the next trip, new chargers are 
assigned based on a descending order of priority of a stop, as needed. 
The feasibility of charging the BEB using both the newly allocated and 
existing chargers is then re-evaluated. If sufficient time still remains 
unavailable, the bus schedules are delayed by a predetermined threshold 
duration to extend the charging activities and ensure the electrification 
of the bus route. This process of allocating chargers is repeated itera
tively, employing a greedy strategy to ensure complete electrification of 
all bus routes. The operator can determine the schedule delay threshold 
based on the revenue loss per unit of time due to extended dwell times. 
When the dwell time is extended at any stop for charging activities, all 
the subsequent trips are also delayed by the same amount of time. The 
algorithm complies with all the constraints included in the mathemat
ical model. Similar to the optimisation model, we discretised the total 
timespan of a day into intervals of equal length, and the algorithm as
signs charging activities to the time intervals. To simulate actual BEB 
operations, the system continuously tracks charger status, i.e. whether 
they are busy or unoccupied, across all time intervals. Initially, depots 
are equipped with a predetermined number of slow chargers, each set to 
an "unoccupied" status for all time intervals. As the algorithm iterates 
over bus routes, additional opportunity chargers are allocated at inter
mediate stops as needed. When a bus is charged at any charging facility, 
the status of that charger is updated to "occupied" for the corresponding 

time interval(s). The algorithm identifies bus routes where electrifica
tion is not feasible due to insufficient dwell time between trips to 
recharge adequately for subsequent trips, even after delaying the 
schedule up to a specified threshold duration. Bus routes facing such 
constraints are omitted from the planning process, and consequently, no 
charging activities are conducted for these routes. Fig. 2 depicts the flow 
diagramme of the proposed algorithm and describes all the steps 
involved in the solution methodology.

The priority-based charging facility allocation strategy minimizes 
the number of chargers by strategically selecting locations that can serve 
the maximum number of bus routes. This approach closely aligns with 
the objective of the mathematical model, achieving near-optimal results 
with significantly lower computational effort. If the bus routes are 
iterated over in a specific order, the heuristic can potentially yield the 
same number of opportunity charger allocations as the exact method. 
However, this optimal order cannot be predetermined. Additionally, 
when a BEB visits a stop with a charging facility multiple times in a day, 
the algorithm schedules charging during off-peak hours to minimize 
daily operational costs. Thus, the proposed algorithm effectively repli
cates the optimization model, capturing its constraints while emulating 
the optimal charging facility allocation process with high computational 
efficiency.

In addition to solving the network-wide charging infrastructure 
planning and schedule optimisation problem, the robustness of the al
gorithm has been tested for input data variations using sensitivity 
analysis. The impact of key input variables like the BEB battery size and 
power available from opportunity charging is analysed. This analysis 
tests the robustness of the algorithm for alternative input variables while 
also providing practical insights on the approach to be adopted towards 
optimising cost of transition to BEBs.

4. Case study description

To demonstrate and verify the performance of the proposed opti
misation model and heuristic algorithm, extensive numerical analysis is 
presented in this section, carried out on the real-world KKRTC bus 
network, which provides rural public bus services in Karnataka, India. 
The network is currently served exclusively by diesel buses, but the 
planning for fleet electrification is underway. The route-wise fleet 
allocated, route length, list of stops, and schedule data of current ser
vices were obtained from the KKRTC and used as inputs to the charging 
infrastructure planning model. Given the fleet size, battery size, charger 
capacity, and bus schedule, the model determined the optimal location 
of charging facilities, the number of chargers at each charging facility, 
and a BEB charging schedule that minimises the CAPEX and charging 
costs.

A small-scale subsection of the overall KKRTC bus network, 
including five depots of the 'Yadgiri' division with 100 buses each and 
281 bus routes operating from these depots, was selected to implement 
the numerical study. There are 106 intermediate stops, which could be 
potential locations for opportunity charging facilities. The network 
comprises 1225 bus trips with an average route length of 81.3 km. Each 
bus performs roughly 4–5 trips daily, on average. According to KKRTC’s 
current plan to install one charger for every four buses, each of the five 
depots was considered to be equipped with 25 slow overnight chargers. 
The BEBs can be charged at their respective depots using these slow 
chargers once they reach the depot after completing their daily trips and 
before they depart, as per their schedule for the following day. For 
modelling, the total timespan of a day was divided into 5-minute time 
intervals.

The input values of the cost parameters, BEB and charger specifica
tions are presented in Table 3. These input values were identified based 
on market consultations and Government notifications to meet the 
research objective of providing practical decision making support to 
rural bus agencies. All network-related parameters are sourced from 
secondary data provided by KKRTC, while charger-related parameters, 
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Fig. 2. Flow diagramme of proposed heuristic algorithm.
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including the fixed cost of installing a charging facility at the depots and 
fast chargers at opportunity charging locations, were provided by po
tential Original Equipment Manufacturers (OEMs) supplying buses and 
chargers to KKRTC. The electricity costs were estimated based on the 
latest tariff order published by the Karnataka Electricity Regulatory 
Commission (KERC). KKRTC could potentially choose from three BEB 
models on the Indian market at the time of conducting the study, each 
with varying battery capacities: 250 kilowatt-hours (kWh), 320 kWh, 
and 395 kWh. The fast chargers, available for KKRTC now offer power 
ratings ranging from 150 kilowatts (kW) to 600 kW. For the purposes of 
this study, we present a scenario where a BEB battery size of 320 kWh is 
chosen and a charger power of 240 kW with a charging rate of ~2.6 kWh 
per minute, the most common charger capacity in India in recent years 
was selected for analysis. The charging rate of overnight slow chargers is 
assumed to be half that of fast chargers based on the current configu
ration of chargers used in India. Moreover, in rural areas in Karnataka, 
the regulations cap charging facility capacity to be 1 megawatt (MW) for 
opportunity charging stops and 5.5 MW at any depot. Thus, the 
maximum number of chargers allowed at any opportunity charging stop 
is restricted to four to meet the 1 MW cap with 240 kW chargers. The 
model was executed using these inputs based on which the results pre
sented in the subsequent sections were derived. All costs are reported in 
Indian Rupees (INR), with an approximate conversion rate of 1 USD 
= INR 88 (as of 2025) for reference.

5. Results

5.1. Mathematical model results

Commercial solver Gurobi version 9.5.2 was used to solve the 
mathematical model. All the experiments were implemented using the 
Python programming language, and the computations were performed 
using a 64-bit Windows 11 desktop with an Advanced Micro Devices 
(AMD) Ryzen 7 7745HX central processing unit (CPU), a 3.60 gigahertz 
(GHz) processor, and 16 gigabytes (GB) of random access memory 
(RAM). The mathematical model comprises 19,63,515 decision vari
ables, including 19,61,116 binary and 2399 continuous variables. The 
optimal results were achieved within a computation time of 6292.54 s, 
with a 0.00% gap observed between the incumbent solution and the best 
bound.

Table 4 shows the optimal value of the objective function and indi
vidual cost components. Note that the number of chargers at the depots 
is fixed. Hence, the cost of slow chargers installed at the depot and the 
charging facility installation costs (at the depot) are excluded from the 
objective function, as they are not subject to optimisation. Cost com
ponents 1 and 2 pertain to strategic planning considerations, whereas 
component 3 represents the daily charging cost. It should be noted that 
cost components 1 and 2 are mainly used for determining the location 
and capacity, while cost component 3 is based on the daily usage 
charging cost. It makes it rational to consider daily charging costs, as 
opposed to annual, to determine the optimal charging schedule.

A set of bus routes in the Yadgiri division and the optimal charging 
facility locations are marked on the map in Fig. 3. The color of each 
point, as indicated in the legend, represents the capacity of the proposed 
charging facility at that location. The locations determined for charging 
facilities are at the intersection of roughly 33 bus routes on average and 
a median of 17 bus routes, thus ensuring efficient charger utilisation 
through resource sharing. More chargers are allocated at higher-priority 
locations, which aligns with the desirable characteristics of charging 
facility distribution. Higher-priority locations are anticipated to be close 
to large urban areas, which facilitates charging facility installation 
thanks to grid connectivity and quick access to other utilities.

Fig. 4 illustrates BEB SOC variation throughout the day along all the 
170 successfully electrified bus routes, represented in terms of the 
remaining km range, alongside TOU-based electricity costs (INR/kWh), 
represented by the blue dotted line. The increase and decrease in SOC 
level depict BEB charging and discharging, respectively. BEBs are pri
marily charged at the depot during off-peak hours. During the day, op
portunity charging is strategically conducted to enable BEBs to fulfil the 
remaining daily trips while also optimising charging costs by accom
modating charging during off-peak hours. Moreover, by charging fully at 
the depot, the required number of opportunity chargers decreases, 
reducing optimal infrastructure costs.

Unlike previous literature, in which BEBs were assumed to begin 
their journey fully charged, this study relaxes this assumption. As a 
result, the charging schedule of BEBs at the depot is determined using 
the proposed framework. On average, the BEBs are charged using op
portunity chargers for 26.886 min throughout the day. The BEBs are 
charged at intermediate stops only during dwell time to avoid delays in 
the existing bus schedule. Thus, a total of 111 bus routes out of 281 
analysed became infeasible for electrification; 86 of them included at 
least one trip that was longer than the maximum BEB range, and the 
remaining 25 could not be electrified due to a lack of sufficient dwell 
times in between trips. This resulted in the successful electrification of 
60.498% of the bus routes, i.e. 170 out of 281 bus routes in the Yadgiri 
division.

Fig. 5 depicts the chargers' occupied and vacant states throughout 
the day. Fig. 5(a) shows the opportunity chargers' status, while the status 
of slow chargers at the Yadgiri depot is represented in Fig. 5(b), to give a 
better understanding of the charging profile at the depots. In the chart, 
yellow represents non-charging periods, whereas red indicates periods 
of charging. It is evident from Fig. 5 that opportunity chargers are used 
during BEBs’ operational hours, while slow chargers at the depots are 
used during off-peak hours. The average charger utilisation is 19.44%, 
meaning that the chargers are idle during the rest of the day. Fig. 6
shows the percentage utilisation of individual opportunity chargers 
throughout the day. It is observed that some chargers exhibit utilization 

Table 3 
Cost and bus network parameters⃰⃰.

Cost parameters Amount in INR

Fixed cost of installing a charging facility at depot l ∈ D, 
Cl

f

50,000,000 ~(560000 
USD)

Fixed cost of installing a charging facility at any stop 
l ∈ L, Cl

f

30,000,000~(338000 
USD)

Cost of a fast charger, Cg 1800,000 ~(20000 USD)
Charging cost during regular hours – 6 am-6 pm (INR/ 

kWh), Cn

6

Charging cost during peak hours – 6–9 pm (INR/kWh), 
Cp

7.5

Charging cost during off-peak hours – 9 pm-6 am (INR/ 
kWh), Co

4.5

Other parameters Value
BEB battery size (kWh), E 320
Reserve battery ratio, γ 0.2
BEB energy efficiency (kWh per km), ε 1.1
Charging rate of fast charger (kWh per min), Ul for l ∈ L 2.6
Charging rate of slow charger (kWh per min), Ul for 

l ∈ D
1.2375

Maximum number of chargers allowed at any stop l ∈ L, 
Cl

max

4

Maximum number of chargers allowed at depot l ∈ D, 
Cl

max

25

Length of time interval (minutes), δ 5

(⃰-Inputs from secondary data and stakeholder consultations, 1 USD = INR 88)

Table 4 
Cost components.

Sr. No. Cost component Value (INR 107)

1 Total fixed cost of charging facility installation 45
2 Total fast charger acquisition cost 4.68
3 Charging cost per day 0.03175
4 Total cost (including per day charging cost) 49.711
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levels below 40%. Such underutilization can be mitigated by deploying 
BEBs with larger battery capacities on routes that include these charging 
stops. By doing so, the need for intermediate charging at low-demand 
locations can be eliminated, thereby reducing infrastructure invest
ment, charger gun requirements, and long-term maintenance and 
operational costs. Although this approach entails a marginal increase in 
the vehicle cost, it offers a more cost-effective and sustainable solution 
over the system’s lifetime by enhancing overall charging network 
efficiency.

Fig. 7 depicts the amount of charge received by BEBs during each 
time interval throughout the day with orange colour bars, alongside the 
TOU-based electricity cost during that time interval represented by blue 
dotted line. With 5-minute intervals, there is a total of (24*60)/5 = 288 
time intervals per day. From this figure, one can see that significant 
charging is performed during the off-peak hours when the tariffs are 
much lower, thus optimising the total charging cost.

Next, the results obtained through the algorithm are presented and 
compared with the results of the optimisation model to assess the use
fulness of the proposed algorithm. The proposed heuristic algorithm was 
implemented using the same input bus schedule data from the Yadgiri 
division and the parameter values mentioned in Table 3. The algorithm 
identified the exact same locations for opportunity charging installation; 
however, the total number of chargers was 31 in the case of the algo
rithm, whereas it was 26 in the optimisation model for nearly the same 
level of bus route electrification. Furthermore, the daily charging costs 
amount to Indian Rupee (INR) 345,780, which is 8.91% higher than the 
cost calculated by the model. However, the total computing time of the 
algorithm was just 10.82 s, which is much lower than the 
6292.54 seconds taken by the optimisation model. The algorithm would 
therefore be more effective when dealing with large-scale public trans
port networks, as it could generate a reliable solution in a finite time, 
whereas the model would become computationally unsolvable.

If ten minutes of schedule delay is permitted at all intermediate 
stops, the algorithm allocates a total of thirty opportunity chargers at the 
exact same fifteen locations (see Fig. 5), but seven more bus routes could 
be successfully electrified, leading to the electrification of 62.63% bus 
routes. The charging cost for this scenario is INR 362,346, which is 
14.12% higher than the optimisation model. If the schedule is altered to 
perform additional charging at any stop, the departure time of all sub
sequent trips is delayed by the same amount of time as the additional 
time used for charging, keeping the dwell times unchanged as per the 

existing schedule. In this case, the schedules of 10 bus routes are delayed 
by 11 min, on average. As evident from the above results, by allowing 
limited schedule delays, a greater level of network electrification can be 
achieved with a relatively lower number of opportunity chargers.

To assess the effectiveness of the heuristic algorithm, various sec
tions of the KKRTC network with different scales - ranging from a single 
depot to an entire division - were extracted. The optimisation model and 
heuristic algorithm were used to obtain results for these sections. The 
outcomes of both methods are presented in Table 5. The table shows that 
the algorithm and optimisation model provide similar results for a small- 
scale network around the Vijayapura depot. The algorithm allocates five 
chargers and electrifies nineteen of the total 22 bus routes, while the 
optimisation model allocates seven chargers and electrifies twenty bus 
routes. The four locations selected for opportunity charging are the same 
in both cases. However, as the bus network scale increases, the number 
of locations selected for opportunity charging remains the same, but, 
due to the algorithm's opportunistic nature and sequential approach, the 
number of opportunity chargers allocated is slightly higher than in the 
model. The algorithm takes substantially less computing time than the 
model in these cases. For the Kalburgi division, the network was so large 
that the optimisation model got overwhelmed with decision variables 
and became computationally unsolvable. The optimisation model could 
not provide results even after running it for 48 h, while the algorithm 
provided a satisfactory solution in just 37.94 s. Sometimes, service 
providers are not looking for the most optimal solution, but rather 
require an initial feasible solution that can be further improved through 
inputs from experienced personnel and manual efforts. The optimisation 
framework requires extremely high computing power to provide results 
in a finite time, which is not generally available with public transport 
operators. The heuristic method is an effective alternative when dealing 
with large-scale rural networks and can help operators obtain an initial 
solution for charging infrastructure planning and charging scheduling.

5.2. Sensitivity analysis

A sensitivity analysis was conducted to study the impact of change in 
the values of two significant parameters – BEB battery size and oppor
tunity charger power – on the total cost, number of opportunity char
gers, and locations selected for opportunity charging. The analysis 
allows testing the robustness of the algorithm for alternative input 
values and provided practical inputs for decision making. Generally, 

Fig. 3. Yadgiri network and charging facility locations.
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there is a trade-off between the battery size and number of opportunity 
chargers required. A lower battery capacity is needed when using an 
opportunity charging approach than in the case of a depot charging 
system. Therefore, an opportunity charging approach may result in 
faster charging and a higher passenger capacity. On the other hand, a 
larger battery size results in a lower opportunity charging requirement, 
and a greater level of electrification can be achieved. However, the 

electricity consumption rate increases due to the increased weight of the 
BEB. Furthermore, the BEB cost is higher for models with larger batte
ries, but the daily charging costs are lower since the need for on-route 
opportunity charging is reduced. Thus, the battery size should be 
selected carefully, as opting for a very large battery may result in inef
ficient resource utilisation and higher costs. A larger BEB battery is 
beneficial if, over time, the additional CAPEX associated with buying a 

Fig. 4. BEB State of Charge variation (with Each curve shows the Remaining Driving Range of a BEB (in Kms) operating on one of the 170 bus routes; Blue dotted line 
represents Time of Use (TOU) tariffs.
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higher capacity BEB is lower than the savings in charging facility CAPEX 
and TOU-based charging costs. In this cost comparison, one must 
consider various factors like the lifespan of BEBs and fast chargers, 
battery degradation, and increasing future passenger demands. 
Deploying BEBs with smaller batteries results in the need for more op
portunity chargers and increased on-route opportunity charging, 
resulting in higher charging facility CAPEX and charging costs. Fast 
charging, in turn, is one of the reasons for excess heat generation in 
batteries; the lower capacity batteries need frequent charging, leading to 

speedier battery degradation and reducing battery life. Moreover, due to 
the reduced BEB range, a smaller proportion of bus routes can be elec
trified. At the same time, the BEB electricity consumption rate is reduced 
because the BEBs weigh less.

Similar to the BEB battery size, the charger power also significantly 
impacts the number of opportunity chargers required and, thus, the total 
required charging infrastructure and associated costs. Higher charger 
power leads to quicker BEB charging. Therefore, to achieve the same 
level of electrification of the bus network, fewer on-route opportunity 

Fig. 5. Charging Status with location-charger number, (a). Opportunity charger status, (b). Charger status at Yadgiri depot.

Fig. 6. Percentage utilisation of opportunity chargers.

H. Shah et al.                                                                                                                                                                                                                                    Journal of Public Transportation 28 (2026) 100156 

12 



chargers are required; in other words, a greater level of electrification 
can be achieved with the same number of chargers. With higher power 
chargers, the bus network can be operated with BEBs with smaller 
batteries, as more charging can be accommodated at charging facilities 
due to reduced charging times. However, high charging power leads to a 
significant increase in peak load power demands, resulting in high de
mand charges. Furthermore, charging the BEBs with high power fast 
chargers causes heat generation, reducing battery life. Typically, there is 
a cap on the maximum capacity of a charging facility at any given stop, 
set at 1 MW in this study. Consequently, employing high power chargers 
reduces the maximum number of opportunity chargers installed at a 
charging facility. The decisions regarding battery size and charger 
power are highly interconnected; a combination must be selected that 
results in the least total cost in the long run, considering all the influ
encing factors.

Fig. 8 illustrates the impact of battery size and charger power on 
various model results for five different configurations. The battery size 
can be 250, 320, or 395 kWh, while the charger power can be 240, 300, 
or 500 kW. The CAPEX per additional kWh of battery is estimated to be 
INR 10,000 per kWh (UITP, 2020). For the comparison, a 320 kWh 

battery was considered as the base case, and when the capacity was 
increased or decreased, the cost difference was added or subtracted from 
the total cost, respectively. The charger cost is considered linearly 
related to its power rating, and thus, the costs for the 240, 300, and 
500 kW chargers are estimated to be INR 1.8, 2.25, and 3.75 million, 
respectively. As seen in Fig. 8, as the battery size increases, the number 
of opportunity chargers decreases, and the percentage electrification of 
the bus network goes up. With high power chargers, the bus networks' 
electrification percentage also increases significantly. For example, with 
a 300 kW charger, it can be seen in the figure that 21 chargers are 
required, compared to 26 chargers in the case of a 240 kW charger, and 
the percentage of electrification increases to 67.61%, up from 60.49% 
with 240 kW chargers. Thus, the results are consistent with the 
discussion.

Moreover, with 500 kW chargers, a much higher electrification rate 
(68.33%) can be achieved with just 19 chargers, a much lower figure 
than the 26 units needed in the case of 240 kW chargers; still, due to the 
high charger CAPEX, the total cost is relatively high with 500 kW 
chargers. Again, the total cost comparison here may be deceptive, and 
proper analysis requires a comparison of annualised cost values. 

Fig. 7. Charge received in each time interval.

Table 5 
Comparison of model and algorithm results.

Bus network Model results Heuristic algorithm results

A B C D E A B C D E

Vijayapura (1 depot, 22 bus routes) 7 4 90.90% 13.26 48.45 5 4 86.36% 1.78 12.90
Ballari (3 depots, 237 bus routes) 15 10 55.27% 722.83 32.72 21 15 54.01% 7.32 48.80
Yadgiri (5 depots, 281 bus routes) 26 15 60.49% 6292.54 49.71 31 15 60.14% 10.82 50.61
Kalburgi (11 depots, 887 bus routes) - - - - - 82 52 67.08% 27.38 170.86
All 4 (20 depots, 1427 bus routes) - - - - - 130 85 62.29% 45.08 280.02

Note: A = number of opportunity chargers, B = number of selected opportunity charger locations, C = percentage of bus routes successfully electrified, D = runtime, 
E = objective function value
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However, for the sake of comparison of CAPEX, the results presented 
here are consistent with the actual scenario. Performing such a sensi
tivity analysis can be beneficial to public transport operators when 
making critical decisions about bus network design, as it can help them 
achieve optimal strategic and operating cost outcomes.

5.3. Discussion

From the results, it can be seen that the required number of oppor
tunity chargers steadily rises with an increase in network size. However, 
this relationship is not strictly linear. For instance, when the analysis is 
carried out for a combined network, i.e. with all four subnetworks 
together, the total number of opportunity chargers is lower than the sum 
of all individual scenarios (refer to Table 5 for more details).

The potential reason for such a decrease is that the network-wide 
approach first determines the commonality of a given stop within the 
entire network and then assigns the chargers accordingly. Such an 
approach can also be beneficial in phase-wise electrification. As optimal 
locations and capacities for charging facilities for the entire network are 
determined a priori, rather than first prioritising individual bus routes 
for electrification and then planning charging infrastructure, sub- 
optimality is achieved. In the case of limited resources, phase-wise 
deployment of charging infrastructure, along with targeting certain 
bus routes, could be an effective alternative strategy. As per the pro
posed solution approach, a small subset of BEB routes could not be 
electrified under the considered battery capacity and charging power 
configurations. In the short term, these routes may continue to be served 
by conventional diesel or hybrid buses, while alternative solutions such 
as higher-capacity batteries, faster chargers or emerging zero-emission 
technologies such as hydrogen fuel cell buses can be evaluated for 
future phase wise deployment.

Column C in Table 5 shows the percentage of feasible routes within 
the considered rural network that were electrified using the strategy 
adopted in this analysis. Our results can help accelerate BEB transition 
efforts, as we have shown that larger battery sizes, higher charging 
power, and the allowance of schedule delays can help achieve this. 
However, schedule delays should be limited to a certain threshold to 
avoid revenue loss due to reduced operational hours. This threshold can 
be determined by considering the feasibility of crew scheduling, 
particularly constraints on drivers’ total working hours, and should be 
supported by simulation studies that evaluate passenger waiting times, 

service quality levels, queueing effects at charging locations and public 
response to en-route breaks. The appropriate value may also depend on 
the availability of alternative buses serving the same destination within 
the extended time window, which passengers may choose instead of 
waiting through the delay period. Furthermore, BEBs with larger bat
teries can be deployed specifically for bus routes with trip distances 
exceeding the maximum BEB range, instead of opting for a homoge
neous BEB fleet. The sensitivity analysis presented in Section 5.2 shows 
that when larger batteries are used (Configuration 3), the total cost rises 
significantly compared to Configuration 2, along with a relatively high 
increase in electrification level. In contrast, when a higher charging 
power is used (Configuration 4), the total cost increases slightly 
compared to Configuration 2, with a comparable level of electrification 
to that of Configuration 3. However, using high power chargers in
creases the load on the grid, causing higher demand charges. From this 
discussion, it can be concluded that when the target is only to achieve a 
higher level of electrification, BEBs with larger batteries should be used. 
However, if budget is a significant constraint, a slightly higher charging 
power can prove beneficial in achieving a comparable level of electri
fication. Furthermore, the savings in total cost of ownership (TCO) per 
km when replacing a diesel bus with a BEB is INR 5 per km (UITP, 2020). 
In our study, 170 bus routes were electrified, accounting for a total of 51, 
066 bus km. Considering a BEB life of 12 years and 350 total annual days 
of operation, this results in a total savings of INR 1072.386 million over 
the entire lifespan of these BEBs, which is 10% of the TCO.

The study results also indicate that employing a hybrid charging 
strategy in the case of rural BEB systems is beneficial. This includes 
overnight charging at depots and opportunity charging at intermediate 
stops along the route. Such a hybrid strategy enables the use of smaller 
BEB batteries than with a depot charging strategy. This further decreases 
the total operating cost and enhances BEB utilisation by eliminating 
deadhead trips to depots for charging.

Efforts have been made to make the solution algorithm realistic and 
practical. In line with previous studies, the model strikes a delicate 
balance between realistic considerations and necessary assumptions. 
Peak charging demand management was incorporated into this study, 
along with total cost minimisation. The cost of installing a new charging 
facility dominates the total fast charger cost, leading to a preference for 
fewer opportunity charging facilities and a greater number of chargers at 
each facility. This may result in lower CAPEX but higher demand 
charges. We have incorporated the effect of demand charges into the 

Configuration 1: E = 250 kWh, U = 2.6 kWh per minute (240 kW charger)
Configuration 2: E = 320 kWh, U = 2.6 kWh per minute (240 kW charger)
Configuration 3: E = 395 kWh, U = 2.6 kWh per minute (240 kW charger)
Configuration 4: E = 320 kWh, U = 5 kWh per minute (300 kW charger)

Configuration 5: E = 320 kWh, U = 8.3 kWh per minute (500 kW charger)

Fig. 8. Impact of battey and charging speed on fleet electrification.
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analysis by limiting the maximum number of chargers per station, 
keeping peak power demand below a predetermined threshold and 
restricting the demand charges. Moreover, unlike previous studies that 
did not identify or manually eliminate bus routes deemed infeasible for 
electrification from the outset, the proposed model was able to identify 
such routes, allowing for a more comprehensive evaluation.

6. Conclusion

This study dealt with the issue of charging infrastructure planning 
and charging scheduling for BEBs in rural areas. We attempted to 
address the lack of research on rural bus networks by examining the key 
elements of an existing bus network to generate reliable results. We 
created an MILP mathematical model with the aim of minimising both 
the fixed and variable costs associated with charging infrastructure, 
taking into account TOU-based charging costs. The model determined 
the most efficient locations and sizes of charging facilities in the KKRTC 
network and produced comprehensive schedules for BEB charging, 
favouring periods of low demand. The case study results demonstrate 
that implementing an integrated approach is effective in decreasing the 
operational expenses for fleet operators. Even though the model has 
been demonstrated for one case study, the solution algorithm considers 
typical input variables such as routes, stops, scheduling constraints, BEB 
and charging infrastructure parameters which are globally relevant 
across other bus agencies. Hence, the study advances the state of the art 
on the topic by presenting a generalized approach to plan for charging 
infrastructure and charging scheduling.

We introduced a novel solution methodology that uses a sequential 
approach to identify charger locations and assessed its effectiveness for 
large networks, considering the prioritisation of stops for effective uti
lisation through resource sharing. For the considered case of the com
plex KKRTC bus network (comprising 281 bus routes, five depots, and 
106 stops), the solution algorithm provided optimal results. Our solution 
methodology was found to be scalable and flexible, based on tests run on 
networks of varying sizes. As the network size increased, the heuristic 
algorithm significantly reduced computation time, making it more 
suitable for large networks, where the optimisation model becomes 
computationally infeasible.

Furthermore, we conducted a sensitivity analysis to determine the 
impact of BEB battery capacity and fast charger power on different 
outcomes. The analysis revealed a correlation between the BEB battery 
size and charger power and a clear trade-off between these two factors. 
The results of the sensitivity analysis can assist operators in identifying 
the most favourable values for the BEB battery size and charger power 
during the planning phase. Therefore, the proposed framework can be 
beneficial for operators in developing strategies for converting fleets to 
BEBs and can aid in efficient planning.

Future research in this domain could include demand charges in the 
objective function. Demand charges have been considered as the ex
penses incurred based on the highest electricity consumption rate during 
periods of peak power demand. These charges are influenced by the 
number of BEBs being charged simultaneously at a specific location. In 
addition, the assumption of a homogeneous bus fleet could be relaxed to 
develop a demand-based fleet composition with lower costs. Addition
ally, establishing the cost impact of environmental factors such as 
terrain, weather etc. on rural e-bus operations can provide a more 
comprehensive understanding of the cost implications of alternative 
technology scenarios and maybe taken up for a more informed study 
assessment. Furthermore, the optimisation model currently assumes 
constant values for energy efficiency even though aspects like battery 
degradation, terrain, weather etc. lead to significant uncertainty in en
ergy consumption. Future studies could improve robustness of the 
model, by incorporating energy consumption simulations within the 
cost of operations. BEB battery degradation and a non-linear charging 
profile could also be considered to improve real-world representative
ness of the model. However, integrating these aspects into the analysis is 

challenging, as this would make the model computationally complex 
and might require enormous computational power. Nevertheless, such 
an approach could potentially support highly accurate and cost-effective 
planning of BEB systems.
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