Optimal Electric Bus Charging Scheduling for
Local Balancing of Fluctuations in PV Generation
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Abstract—Photovoltaic power generation and charging of electric vehicles each pose a burden to distribution grids. Controlled
charging of electric vehicles can mitigate the fluctuations of
photovoltaics and ensure smoother grid operation. This paper
presents an optimisation method to adjust the charging power
of electric buses to respond to fluctuations from photovoltaic
generation. In a case study, the method is applied to electric
buses in Singapore using solar irradiance data and operation
data of the whole public bus fleet, both in high resolution. Results
show that optimal charging of electric public buses considerably
smooths the grid load, while leading only to a minor cost increase.
Index Terms—electric vehicles, photovoltaics, electric buses,
optimisation
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I. I NTRODUCTION
Unlike fossil fuel power plants, renewable power generation
such as solar photovoltaics (PV) or wind power is subject to
weather conditions. Resulting power intermittency affects grid
operation and stability. With over 400 GW of installed solar
PV capacity globally by the end of 2017 [1], the majority
is installed on distribution grid level such that even smaller
installations can significantly jeopardise local grid operation.
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There are various solutions to smooth out the power fluctuations caused by the intermittency, including local demand
side management, battery or flywheel storage systems. Many
methods to use stationary storage can be found in the literature,
often combined with forecasting techniques. In [2], storage is
used to limit the ramp rate of PV generation. A control strategy
for a system including PV, battery storage and a supercapacitor
is presented in [3], whereas [4] presents a control strategy
with PV and battery storage in a DC micro-grid. A framework
comprising day-ahead scheduling of energy demand and PV
supply and incentives is introduced in [5].
In densely developed areas, limited space and high prices
of land call for alternative solutions. The growing number
of electric vehicles (EVs) offers additional battery storage
capacity, particularly in urban areas. Strategies that employ
EVs are presented in [6] and [7] while plugin-hybrid EVs are
used in [8] and [9]. However, the available storage capacity
of EVs is subject to their mobility patterns. Consequently,
existing literature on balancing of PV using EVs often includes
stationary storage systems to support the EV batteries.
Using EVs for grid balancing poses additional challenges.
Firstly, the owners of private EVs might be reluctant to offer
their batteries for grid purposes due to range anxiety and
battery degradation. Secondly, the low battery capacity of
passenger cars requires a high number of owners of EVs to
be involved in order to accumulate a high storage capacity.
The solution proposed in this paper overcomes those issues by
using public electric buses for smoothing out PV fluctuations.
There are multiple advantages of using batteries of electric
buses rather than of private EVs. As batteries of buses are of
large capacity, they offer more flexibility per vehicle. Public
buses operate on fixed schedules making their availability for
charging and the energy needs more predictable. With only
two parties involved, bus operator and grid operator are more
likely to find an agreement to share the additional costs caused
by using the bus batteries. Additionally, the deployment of
electric buses can happen much faster than that of private EVs
since it depends mainly on bus operators or local governments.
In Shenzhen, for example, the public bus fleet was fully
electrified within five years, from 277 electric buses in 2012
to over 16,000 in 2017 [10]. Other cities are also increasingly
turning to electrified public transport [11].
In this paper, we propose a method to adjust the charging
power of electric buses at termini or in depots such that it
locally smooths out the fluctuations of PV generation. This
method minimises fluctuations in grid load without compromising the bus schedule. A cost analysis is performed to
determine the additional cost for balancing PV fluctuations.
The method is applied in a case study of Singapore, a city
state in a tropical region with low spatial smoothing effects
for PV generation. Cloud evolution and motion in the region
often cause sudden fluctuations in irradiance or widespread
irradiance loss in minutes. Due to the small size of the
country and absence of wind, PV is the only viable source
of renewable energies in Singapore. PV installations exist on
rooftops and facades of buildings, and on floating islands. The

installed capacity is to increase significantly in the coming
years. Singapore is also planning to electrify its large public
bus fleet of more than 5000 buses in the near future, which
will offer a huge amount of storage capacity. The model
description is presented in Section II. In Section III, the model
is demonstrated in a case study of Singapore. Section IV
concludes the paper.
II. M ODEL DESCRIPTION
In this section, a two-stage optimisation model for balancing
fluctuations in PV power generation is described. In stage I,
the assignment of chargers to buses is optimised throughout
the day. In stage II, the PV power fluctuations are balanced
by optimising the charging power of the buses. The model
is formulated as a mixed-integer linear programming problem
and solved using Gurobi. The length of the time steps is 1 min
and the studied period is one day.
A. System model
Each bus terminus is modelled and analysed individually.
The analysis is based on a reconstruction of all journeys
of public buses including their arrival and departure times.
In order to determine the energy requirements and charging
demand, a longitudinal dynamics model for electric buses
elaborated in [12] is used. The bus arrival and departure time
at each bus stop and the bus route information are derived from
a historical real-world data set of the bus transaction records
of passengers’ trip fares. Charging of the buses is assumed to
be performed via a state-of-the-art roof-mounted conductive
charging system which provides charging power in discrete
levels of 150 kW, 300 kW and 450 kW. The potential PV
generation is estimated for each terminus based on historical
irradiance data. The area of solar panels is chosen equal to the
area of the roof that could cover the terminus. The performance
factor and efficiency are chosen as 𝑔 = 75 % and 𝜂 𝑃𝑉 = 18 %,
respectively. The PV generation profile at time 𝑡 is determined
according to Equation (1), where 𝑃 𝑃𝑉 ,𝑡𝑜𝑡 is the output power
in W, 𝜙 the solar irradiance in W/m2 , and 𝐴 the area in m2 .
𝑃 𝑃𝑉 ,𝑡𝑜𝑡 (𝑡) = 𝜙(𝑡) · 𝐴 · 𝑔 · 𝜂 𝑃𝑉

(1)

B. Stage I – Assignment of chargers to buses
The aim of the optimisation performed in stage I is to assign
chargers to buses throughout the day such that each bus is
connected to a charger for at least the minimum time it requires
for charging. Furthermore, in order to provide flexibility to
the charging process, the time that each bus is connected to
a charger needs to be maximised. Given a limited number of
chargers at each terminus, stage I optimisation ensures that the
chargers are fully utilised and that there is a bus connected to
every charger at all possible times.
In order to make the occupancy scheduling optimisation
problem less computationally expensive and ensure the possibility to easily accommodate for unexpected changes caused
by traffic conditions, the scheduling is divided into blocks of
30 min. Each 30-minute block is optimised separately. The
minimum required charging time assumes charging with the

highest possible power of 450 kW. For each bus charging
event, the amount of energy that is required is defined with
the assumption that each bus needs to be recharged to a
state of charge (SOC) of 90 % before the next departure.
The derivation is shown in Equation (2) with 𝑡𝑟 𝑒𝑞 (𝑏) being
the minimum required time, 𝐸𝑟 𝑒𝑞 (𝑏) the required amount of
energy by bus 𝑏 and 𝜂 𝑐ℎ the efficiency of the charging process.
𝑡𝑟 𝑒𝑞 (𝑏) =

𝐸𝑟 𝑒𝑞 (𝑏)
450 kW · 𝜂 𝑐ℎ

(2)

All the variables are defined separately for each bus terminus and per 30-minute block. For each bus journey 𝑏, the
input data for the optimisation are 𝑡𝑖𝑑𝑙𝑒,𝑠𝑡 𝑎𝑟 𝑡 (𝑏), 𝑡 𝑖𝑑𝑙𝑒,𝑒𝑛𝑑 (𝑏)
and 𝑡𝑟 𝑒𝑞 (𝑏). The idling start time 𝑡𝑖𝑑𝑙𝑒,𝑠𝑡 𝑎𝑟 𝑡 (𝑏) indicates the
earliest time a bus can start charging and the idling end time
𝑡 𝑖𝑑𝑙𝑒,𝑒𝑛𝑑 (𝑏) indicates the latest time a bus must stop charging.
1) Objective function: The objective function 𝑓1 ( 𝑝) aims at
maximising the cumulative occupancy of the chargers 𝑦(𝑏, 𝑡)
during time block 𝑝 to provide flexibility of the charging
power and time for each bus. The objective function which
is to be maximised is defined for all 𝑝 ∈ P, where P is the
set of all 30-minute blocks, and given as follows:
Õ
Õ
𝑓1 ( 𝑝) =
𝑦(𝑏, 𝑡),
(3)
𝑏 ∈B ( 𝑝) 𝑡 ∈ T ( 𝑝)

with B ( 𝑝) being the set of all bus journeys 𝑏 in block 𝑝 and
T ( 𝑝) the set of all time steps 𝑡 in block 𝑝.
2) Variables and constraints: The constraints applied to
this problem ensure that the assignment process is performed
according to operational requirements. They are defined for
all 𝑝 ∈ P.
Õ
∀𝑛 ∈ N , ∀𝑡 ∈ T ( 𝑝) :
𝑐(𝑛, 𝑏, 𝑡) ≤ 1
(4)
𝑏 ∈B ( 𝑝)

∀𝑏 ∈ B ( 𝑝) :

𝑡𝑖𝑑𝑙𝑒,𝑒𝑛𝑑
Õ (𝑏)

Õ

𝑛∈N 𝑡=𝑡𝑖𝑑𝑙𝑒,𝑠𝑡 𝑎𝑟𝑡 (𝑏)

∀𝑏 ∈ B ( 𝑝) :
∀𝑏 ∈ B ( 𝑝) :

𝑐(𝑛, 𝑏, 𝑡) ≥ 𝑡𝑟 𝑒𝑞 (𝑏)

𝑡𝑖𝑑𝑙𝑒,𝑠𝑡
𝑎𝑟𝑡 (𝑏)
Õ

Õ

(5)

𝑐(𝑛, 𝑏, 𝑡) = 0

(6)

𝑐(𝑛, 𝑏, 𝑡) = 0

(7)

𝑡=𝑡𝑠𝑡 𝑎𝑟𝑡 ( 𝑝)

𝑛∈N

𝑡𝑒𝑛𝑑
Õ( 𝑝)

Õ

𝑛∈N 𝑡=𝑡𝑖𝑑𝑙𝑒,𝑒𝑛𝑑 (𝑏)

Õ

∀𝑛 ∈ N , ∀𝑏 ∈ B ( 𝑝) :
∀𝑛 ∈ N , ∀𝑏 ∈ B ( 𝑝) :

Õ
𝑡 ∈ T ( 𝑝)

∀𝑏 ∈ B ( 𝑝) :
∀𝑏 ∈ B ( 𝑝), ∀𝑡 ∈ T ( 𝑝) :
∀𝑏 ∈ B ( 𝑝), ∀𝑡 ∈ T ( 𝑝) :

𝑐(𝑛, 𝑏, 𝑡) ≥ 𝑄(𝑛, 𝑏)

(8)

𝑐(𝑛, 𝑏, 𝑡) ≤ 𝑄(𝑛, 𝑏) · 𝑀

(9)

𝑡 ∈ T ( 𝑝)

Õ
𝑛∈N

𝑄(𝑛, 𝑏) ≤ 1

Õ

𝑐(𝑛, 𝑏, 𝑡) = 𝑦(𝑏, 𝑡)

(10)

∀𝑏 ∈ B ( 𝑝), ∀𝑡 ∈ T ( 𝑝) :

∀𝑏 ∈ B ( 𝑝), ∀𝑡 ∈ T ( 𝑝) :

∀𝑏 ∈ B ( 𝑝), ∀𝑡 ∈ T ( 𝑝) :

𝑦(𝑏, 𝑡 − 1) − 𝑦(𝑏, 𝑡) ≤ 𝑧(𝑏, 𝑡) (13)

𝑦(𝑏, 𝑡) − 𝑦(𝑏, 𝑡 − 1) ≤ 𝑧(𝑏, 𝑡) (14)

2 − 𝑦(𝑏, 𝑡 − 1) − 𝑦(𝑏, 𝑡) ≥ 𝑧(𝑏, 𝑡)
(15)
Õ
∀𝑏 ∈ B ( 𝑝) :
𝑧(𝑏, 𝑡) ≤ 2
(16)
𝑡 ∈T ( 𝑝)

Constraint (4) ensures that each charger 𝑛 can be assigned
to only one bus 𝑏 at time 𝑡. Constraint (5) states that a bus 𝑏
must occupy the charger for at least the minimum time 𝑡𝑟 𝑒𝑞 (𝑏).
Constraints (6) and (7) state that a bus can only occupy a
charger when it is idling at the terminus and therefore is not
assigned to any charger before it comes to the terminus and
after it leaves. Constraints (8) to (10) ensure that each bus
is assigned to only one charger during each time block 𝑝.
Constraints (8) and (9) indicate whether bus 𝑏 is assigned
to charger 𝑛 (𝑄(𝑛, 𝑏) = 1) or not (𝑄(𝑛, 𝑏) = 0). A number
𝑀 = 1440 equal to the number of time steps (minutes) during
the day is used in Equation (9) to ensure a feasible solution.
Constraint (10) ensures that for a given bus no more than one
charger is assigned during each time block 𝑝. The remaining
constraints (11) to (16) assure that each vehicle occupies a
charger continuously within each time block 𝑝. They define
that there are maximum two changes in the occupancy profile
of the charger 𝑛 by bus 𝑏, from not occupying to occupying
(0 to 1) and from occupying to not occupying (1 to 0).
Constraint (11) specifies the occupancy profile of each bus 𝑏
over time. Constraints (12) to (15) are used to perform a bitwise XOR operation on the occupancy profile and its shifted
copy. Constraint (16) ensures that the sum of the bits in the
result of the bit-wise operation over all time steps 𝑡 for each
bus 𝑏 is less or equal to two.
C. Stage II – PV balancing
From stage I, we obtain the occupancy schedule indicated
by variable 𝑦(𝑏, 𝑡). This is used in stage II to determine the
time frame when each bus is connected to a charger and
delimits the duration when the charging process can take place.
In this stage, the charging strategy for a bus terminus with
locally installed PV generation is optimised. It aims at using
all of the generated PV power to charge buses while balancing
fluctuations locally in order to reduce the negative impact
on the grid. Grid power fluctuations are defined through the
changes in the absolute value of the power withdrawn from the
grid between two consecutive time steps. They are modelled
using the balancing term 𝑏𝑎𝑙 (𝑡) defined in Equation (17).
∀𝑡 ∈ T :

𝑏𝑎𝑙 (𝑡) = 𝑃𝑔𝑟 𝑖𝑑,𝑡𝑜𝑡 (𝑡) − 𝑃𝑔𝑟 𝑖𝑑,𝑡𝑜𝑡 (𝑡 − 1)

1) Objective function: The objective function 𝑓2 that has
to be minimised is given as follows:
Õ
𝑓2 =
𝑏𝑎𝑙 (𝑡)
(18)
𝑡 ∈T

(11)

𝑛∈N

𝑦(𝑏, 𝑡) + 𝑦(𝑏, 𝑡 − 1) ≥ 𝑧(𝑏, 𝑡) (12)

(17)

The objective function ensures not only balancing of PV
generation but also a lower number of changes in the grid load
when PV generation is zero. Hence, it ensures smoothing of
the charging profile of electric buses at a terminus as well.

2) Variables and constraints: The constraints related to
the physical energy and charging requirements of the buses,
subject to the available charging power levels and state of the
batteries, are defined as follows:
∀𝑏 ∈ B, ∀𝑡 ∈ T :

𝑃𝑐ℎ (𝑏, 𝑡) = 𝑋 (𝑏, 𝑡) · 150 + 𝑌 (𝑏, 𝑡) · 300


+ 𝑍 (𝑏, 𝑡) · 450 · 103 · 𝑦(𝑏, 𝑡)
(19)

∀𝑏 ∈ B, ∀𝑡 ∈ T :

𝑋 (𝑏, 𝑡) + 𝑌 (𝑏, 𝑡) + 𝑍 (𝑏, 𝑡) ≤ 1

(20)

∀𝑏 ∈ B, ∀𝑡 ∈ T : 𝑃𝑐ℎ (𝑏, 𝑡) = 𝑃𝑔𝑟 𝑖𝑑 (𝑏, 𝑡) + 𝑃 𝑃𝑉 (𝑏, 𝑡) (21)

∀𝑏 ∈ B : 𝐸𝑟 𝑒𝑞 (𝑏) = 𝑆𝑂𝐶𝑚𝑎𝑥 (𝑏) − 𝑆𝑂𝐶𝑎𝑟𝑟 (𝑏) · 𝐸 𝑖𝑛𝑖𝑡 (𝑏)
(22)
Õ
∀𝑏 ∈ B :
𝑃𝑐ℎ (𝑏, 𝑡) · Δ𝑡 · 𝜂 𝑐ℎ ≥ 𝐸𝑟 𝑒𝑞 (𝑏)
(23)
𝑡 ∈T

∀𝑏 ∈ B :

Õ
𝑡 ∈T

𝑃𝑐ℎ (𝑏, 𝑡)·Δ𝑡 ·𝜂 𝑐ℎ ≤ 𝐸𝑟 𝑒𝑞 (𝑏)+𝑃𝑚𝑖𝑛 ·Δ𝑡 ·𝜂 𝑐ℎ (24)

∀𝑡 ∈ T :
∀𝑡 ∈ T :
∀𝑡 ∈ T :

𝑃𝑐ℎ,𝑡𝑜𝑡 (𝑡) =
𝑃𝑔𝑟 𝑖𝑑,𝑡𝑜𝑡 (𝑡) =
𝑃 𝑃𝑉 ,𝑡𝑜𝑡 (𝑡) =

Õ
𝑏 ∈B

Õ
𝑏 ∈B

Õ
𝑏 ∈B

𝑃𝑐ℎ (𝑏, 𝑡)

(25)

𝑃𝑔𝑟 𝑖𝑑 (𝑏, 𝑡)

(26)

𝑃 𝑃𝑉 (𝑏, 𝑡)

(27)

∀𝑏 ∈ B, ∀𝑡 ∈ T :

𝑃𝑔𝑟 𝑖𝑑 (𝑏, 𝑡) ≥ 0

(28)

∀𝑏 ∈ B, ∀𝑡 ∈ T :

𝑃 𝑃𝑉 (𝑏, 𝑡) ≥ 0

(29)

Constraints (19) and (20) provide a choice of charging
power between 150 kW, 300 kW and 450 kW and ensure that
charging only occurs when a bus occupies a charger. This is
enforced by multiplying the power with variable 𝑦(𝑏, 𝑡), which
results from stage I of the optimisation. Constraint (21) defines
the power balance: the power supplied to a bus consists of
power withdrawn from the grid and power generated by PV. In
Constraint (22), the energy required by the battery of each bus
𝑏 is defined. The value of 𝑆𝑂𝐶𝑚𝑎𝑥 is set to 90 % in this study.
Constraints (23) and (24) specify the minimum and maximum
energy which should be delivered to the battery of each bus
𝑏 in Wh. They effectively assure that the state of charge after
charging is equal to at least 90 % of the battery capacity but
not greater than 90 % plus the energy that can be supplied by
the minimum possible power of 𝑃𝑚𝑖𝑛 = 150 kW within one
time step Δ𝑡. The efficiency 𝜂 𝑐ℎ of the charging process is
assumed to be 93 %. Equations (25) and (26) describe the total
charging power and grid power in each time step respectively
and Equation (27) ensures that the PV power is fully utilised
on-site. Constraints (28) and (29) specify that grid power and
PV power are always positive, which means that no power
flow from the buses to the grid is allowed.

D. Operating cost optimisation
Another optimisation objective studied in this work aims at
minimising the overall operating cost. To that end, the previous
objective function for stage II ( 𝑓2 , Equation (18)) is replaced
by 𝑓3 defined in Equation (30). The total operating cost is
expressed as the sum of electricity cost and battery ageing
cost.
!
Õ
Õ
𝑓3 =
𝑃𝑐ℎ,𝑡𝑜𝑡 (𝑡) · Δ𝑡 · 𝑐 𝑒𝑙 (𝑡) +
𝑐 𝑎𝑔𝑒𝑖𝑛𝑔 (𝑏, 𝑡)
(30)
𝑡 ∈T

𝑏 ∈B

The battery ageing cost 𝑐 𝑎𝑔𝑒𝑖𝑛𝑔 (𝑏, 𝑡) is defined in Equation (31), based on the principles described in [13].

𝑐 𝑎𝑔𝑒𝑖𝑛𝑔 (𝑏, 𝑡) =

𝑋 (𝑏, 𝑡) · 𝑓150 + 𝑌 (𝑏, 𝑡) · 𝑓300 + 𝑍 (𝑏, 𝑡) · 𝑓450
𝐸 𝑖𝑛𝑖𝑡 (𝑏) − 𝐸 𝐸𝑜𝐿 (𝑏)
!
𝑃𝑐ℎ (𝑏, 𝑡) · Δ𝑡
· 𝑐 𝑏𝑎𝑡𝑡 · 𝑟 𝑐ℎ/𝑑𝑖𝑠 ·
, ∀𝑏 ∈ B, ∀𝑡 ∈ T
𝐸 𝑖𝑛𝑖𝑡 (𝑏)
(31)

In Equation (31), 𝑓150 , 𝑓300 and 𝑓450 represent the energy
fade per cycle expressed in Wh/cycle for charging powers of
150 kW, 300 kW and 450 kW respectively. It is pro-rated over
the total life cycle energy fade. The latter is defined as the
difference between the initial beginning-of-life energy content
of the battery, 𝐸 𝑖𝑛𝑖𝑡 (𝑏), and the end-of-life energy content,
𝐸 𝐸𝑜𝐿 (𝑏), defined as 80 % of 𝐸 𝑖𝑛𝑖𝑡 (𝑏) [14]. This share of
the energy content fade of one full cycle is multiplied by the
battery cost 𝑐 𝑏𝑎𝑡𝑡 . Since the energy fade 𝑓 is defined for one
full cycle which includes charging and discharging and we
only model the ageing caused by the charging process, a factor
𝑟 𝑐ℎ/𝑑𝑖𝑠 needs to be included. It represents the share of ageing
of the battery which happens only during charging as opposed
to a full charging and discharging cycle. Furthermore, since
the charging power can be modified during charging, the share
of each time step in the ageing cost of full charging process
needs to be accounted for. It is done by multiplying the ageing
cost during full charging process by the energy share delivered
during each time step.
In the optimisation, the battery size is assumed to be
150 kWh and the energy fading of the batteries is approximated based on [13] and [15] to 𝑓150 = 6.25 Wh/cycle,
𝑓300 = 6.70 Wh/cycle and 𝑓450 = 7.23 Wh/cycle for the chosen
battery. The specific battery price is set to SGD 250/kWh [16]
and the resale value of the depleted battery for second life
applications is set to 20 % of its initial value [17]. Therefore,
𝑐 𝑏𝑎𝑡𝑡 is calculated by subtracting the resale value from the
price of a new battery. The charging process is assumed
to contribute 50 % to the ageing during the whole chargedischarge cycle. Hence, the factor 𝑟 𝑐ℎ/𝑑𝑖𝑠 is assumed to be 0.5.
For the following case study, the half-hourly price of electricity
is taken from the website of the Energy Market Company in
Singapore [18].
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Fig. 3. Optimal charging profile at Hougang bus interchange in the presence
of PV generation.
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Fig. 1. PV power generation profile at Hougang bus interchange on a sunny
day with high fluctuations in solar irradiance.
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Fig. 2. Grid load at Hougang bus interchange resulting from uncontrolled
charging.

Fig. 4. Grid load at Hougang bus interchange resulting from the optimal
charging profile shown in Fig. 3.

III. C ASE STUDY

from subtracting PV power from the charging profile is shown.
Consequently, the curve is much smoother than in Fig. 2. The
total operating cost for PV balancing is SGD 7368 with electricity cost of SGD 5936 and battery ageing cost of SGD 1432.
The energy demand for charging amounts to 56.4 MWh.
The resulting grid load in Scenario 3 is displayed in Fig. 5.
In this scenario, charging of the buses is preferred when the
electricity price is low while also considering battery ageing.
This can be observed in the morning and afternoon hours
when the charging power alters due to significant changes in
electricity price. For example, at 10 a.m., the electricity price
increases and consequently, the charging power decreases.
In this scenario, the total energy demand for charging is
55.4 MWh. The total cost amounts to SGD 7148 with electricity cost of SGD 5806 and battery ageing cost of SGD 1342.
Battery ageing cost accounts for around 19 % of the operating
cost. Compared to the findings presented in [13], this ageing
cost factor has significantly decreased over the past years and
can be attributed to lower price and extended life of batteries.
In the following paragraph, the specific costs 𝑐 𝑠 of charging
and battery ageing per MWh for the three presented scenarios are compared. In Scenario 1, 𝑐 𝑠 = SGD 130.64/MWh.
PV balancing (Scenario 2) yields a slightly lower value of
SGD 130.55/MWh. Cost optimisation in Scenario 3 yields
the lowest value of 𝑐 𝑠 = SGD 128.99/MWh. Compared to
Scenario 3, 𝑐 𝑠 increases by approximately 1.3 % in Scenario 1
and 1.2 % in Scenario 2. This comparison does not include
installation and operating cost of a PV balancing system.

Using the results presented in [12], the bus arrival and
departure data for a major bus terminus in Singapore –
Hougang bus interchange – comprising 1217 bus journeys have
been extracted for a selected weekday. Charging happens over
a period ranging from 5:35 a.m., when the first bus arrives at
the terminus, until 12:32 a.m. of the next day, when the last
bus leaves the terminus. The cumulative energy required for
all buses in this data set is 55.4 MWh (sum of all 𝐸𝑟 𝑒𝑞 (𝑏),
calculated with (22) using 𝑆𝑂𝐶𝑎𝑟𝑟 (𝑏) from the data set).
We choose historical irradiance data from a measurement
station near the bus interchange for a sunny day with high
fluctuations (Fig. 1). Three different charging scenarios are
analysed and compared. In Scenario 1, the constraints of both
stages of the model are fulfilled but no optimisation according
to (18) or (30) is performed. In Scenario 2, grid balancing
optimisation by minimising (18) is carried out. In Scenario 3,
total operating cost is minimised according to (30).
As neither grid nor operating cost are considered in Scenario 1, the grid load is highly fluctuating due to charging of
buses, as displayed in Fig. 2. In total, 56.7 MWh of energy are
used for charging in this case. The total cost is SGD 7406 with
electricity cost of SGD 5970 and ageing cost of SGD 1436.
Fig. 3 presents the optimised charging profile obtained
in Scenario 2. The profile exhibits significant fluctuations –
especially around noon – in order to counteract the fluctuations
of the PV generation. In Fig. 4, the grid load which results
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Fig. 5. Electricity price in SGDct (red) and grid load (blue) at Hougang bus
interchange optimised to minimise total operating cost.
TABLE I
R ESULTS OF CHARGING OPTIMISATION FOR DIFFERENT SCENARIOS .
Result
𝐶tot (SGD)
𝐶el (SGD)
𝐶ag (SGD)
𝐸tot (MWh)
𝐸pv (MWh)
𝐸grid (MWh)
𝑐𝑠 (SGD/MWh)
Δ𝑐 (%)

Scenario 1
7405.80
5969.90
1435.90
56.69
5.73
50.96
130.64
1.28

Scenario 2
7368.10
5936.10
1432.00
56.44
5.73
50.71
130.55
1.21

Scenario 3
7148.40
5806.30
1342.10
55.42
5.73
49.69
128.99
0

However, the cost of high variations in grid load of up to more
than 4 MW/min caused by charging that could jeopardise grid
stability is not included in the price in this study either.
Cost and energy demand of all three scenarios are summarised in Table I. The total cost 𝐶tot is the sum of electricity
cost 𝐶el and ageing cost 𝐶ag , the energy demand 𝐸 tot is the
sum of energy 𝐸 pv and 𝐸 grid provided by PV and the grid,
𝑐 𝑠 is the specific cost per MWh, and Δ𝑐 is the relative cost
difference in comparison to Scenario 3.
We repeated the study with different representative PV
profiles and obtained similar results. The specific costs 𝑐 𝑠 were
1.2 % to 1.4 % higher in Scenarios 1 and 2 as compared to
Scenario 3. When not enough buses were available to utilise
available PV, our method could still reduce the fluctuations,
leaving a smoother PV profile to be fed into the grid.
IV. C ONCLUSION
In this paper, we presented a method for balancing fluctuations in solar PV using electric buses. This method is
implemented by adjusting the charging power of the buses to
even out the fluctuations and generate a smooth load profile.
Compared to uncontrolled charging or the cost minimisation
strategy, our solution considerably improves the stability of
the local power grid. Operating costs increase only marginally
when our method for balancing of PV fluctuations is applied.
Furthermore, the cost of integrating highly fluctuating load
profiles with ramps of up to 4 MW/min at a single interchange
would lead to an increase of specific cost in Scenarios 1 and 3.
However, the cost comparison would then also have to include
installation and operating costs of a PV balancing system.
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