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Abstract—Renewable energy resources may help reduce system
losses and dependency on fossil fuels but introduce a new
uncertainty parameter to the already complex problem of power
system operation. This paper studies the effect of different solar
photovoltaic (PV) penetration levels in Singapore and proposes
a flexible charging strategy for private electric vehicles (EVs) to
reduce the effect of PV intermittency on ramping and switching
of generation units. Intelligently scheduled charging of EVs can
help improve overall power system stability, even out energy
valleys and also push costs lower by reducing the strain resulting
from changes in the generator outputs. Different scenarios with
variable PV power and EV penetration and the effect on
generation cost are analyzed.
Index Terms—Electric vehicles, Solar PV, Ramping, Power
plant operation
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I. I NTRODUCTION
Increased share of renewable generation in the power generation mix could help countries like Singapore to cut back
emission of greenhouse gases into the atmosphere and at
the same time reduce the dependency on fossil fuel imports.
Solar photovoltaic (PV) systems are viewed as the most
promising source of renewable energy in Singapore [1]. The
installed capacity at the end of the first quarter of 2017 was
about 100 MWp. The Energy Market Authority (EMA) plans
to reach 350 MWp by 2020 and the Solar PV Roadmap for
Singapore estimates that the total installed capacity could
reach up to 10 GWp by 2050 [2].
Transportation electrification is viewed as a promising alternative to conventional vehicles. In Singapore, an electric vehicle (EV) test bed was launched in 2010 to test EV prototypes
and different charging technologies given the road conditions
and local characteristics. Continuing with the push towards
transportation electrification, a car sharing program has been
commissioned. Under this program, 1000 EVs and the charging infrastructure required to support its use will be deployed
in every single Housing & Development Board (HDB) town
by 2020. Based on the statistics provided by the land transport
authority (LTA) of Singapore, the total private car population
was about 540 000 vehicles in 2014 [3]. In order to avoid
road congestion, registration of private cars is restricted in
Singapore. Hence, the number of private cars is not expected
to increase a lot in the next years or even decades.
High penetration of EVs could create congestion in both
the transmission and distribution network. Smart charging
algorithms could be used to reduce the peak demand and
ensure that the system limits are not violated [4]. On the
other hand, high penetration of renewables poses a new
challenge to power system operation. Sudden changes in
PV output could compromise the reliable operation of the
power system. Shading due to clouds and other atmospheric
phenomena could rapidly change the PV output within a very
short time span. A phenomenon called the “duck curve” is
observed when the share of PV is high in comparison to other
generation technologies [5], [6], [7]. This results from the
ramp-up of PV generation in the morning and the subsequent
ramp-down before sunset. Higher flexibility is required by
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the conventional generators to prevent “over-generation” and
subsequent curtailment of PV generation. Energy storage could
be used to provide flexibility but may result in additional
cost for the system operator [8]. If successfully implemented,
flexible loads such as EVs could help reduce the stress in the
generators by providing ramp support throughout the day.
The CO2 emission reduction potential of PV and EVs in
Singapore was analyzed in [9]. Cost minimization of EV
battery charging costs in Singapore without installed PV was
presented in [10]. In [4], a method to remedy the impact of
a high number of EVs in Singapore on the system load was
presented. However, ramping costs were not considered, which
led to an increase of the ramp rate, particularly in the morning
and evening. Integration of PV was addressed, but the benefit
of EVs on power plant operation was not discussed in detail.
This paper studies possible future scenarios for Singapore.
EVs which are parking and connected to charging stations can
provide additional demand when power generation from PV
is high. The power system operator decides when to charge
the EVs. Increased penetration of PV generation and EVs is
considered and the impact on generation cost plus the benefit
of combining both PV and EVs is studied. We focus on
power system costs and analyze the power supply curve in the
presence of PV, incorporating start-up and ramping costs for
low and high ramps into the optimization. We do not consider
vehicle-to-grid, i.e. discharging of batteries in order to provide
power to the grid, as this leads to faster battery aging.
The rest of this paper is organized as follows: Model
description and data collection are presented in Section II.
The extension of the model is discussed in Section III. The
simulation setup and results are shown in Section IV. Section V
concludes the paper with a summary of the results and a short
discussion about possible areas for further research.
II. DATA AND MODEL DESCRIPTION
a) Model: For our analysis, we require both a power
system model and a driving and parking model for EVs in
Singapore. For power system modeling, we chose an open
source tool called URBS [11]. It was first developed in [12]
and has been updated consequently over the years. URBS has
been used for a lot of studies, e.g. in [13], [14], [15], [16].
It is a linear model that minimizes power system costs. The
user can provide input data in the form of spread sheets with
power plant and demand data. The objective function is given
in (1) and sums up various cost types.
C = Cinv + Cf ix + Cf uel + Cvar + Cstartup

(1)

It includes investment costs Cinv for construction of new
power plants, yearly fixed costs Cf ix of power plants, variable
costs Cvar of power plants, fuel costs Cf uel , and start-up
costs Cstartup . Since the model is purely linear, start-up costs
are simplified as partial start-up costs. In Section III, we will
explain this in more detail. URBS supports extension of the
existing power plant park, which is not considered in this
study. It also allows consideration of purchase and sale of
electricity, which we do not use either. However, URBS does

not consider ramping costs, minimum down-time and up-time
and it does not include EVs either.
Inputs comprise fuel costs and various power plant parameters such as installed capacity, upper and lower bounds
for installed capacity, minimum operating capacity, maximum
ramp ratio, efficiency and depreciation. Power plant efficiency
is modeled dynamically such that it decreases when the power
plant is not operating in full load. Time series for demand and
fluctuating renewable energies such as solar photovoltaics are
provided by the user.
We extended the model by including ramping costs, constraints for minimum up-time and down-time of power plants,
and changed the modeling of the start-up costs such that the
full start-up costs occur whenever a power plant is switched
on. During start-ups or shut-downs, no ramping costs occur as
we consider them to be included in the start-up costs in this
case. The modifications are presented in Section III.
For modeling driving and parking of EVs, we used a model
presented in [17]. That model includes private electric vehicles
traveling around in Singapore and parking in different types
of car parks (residential, commercial, industrial) for various
periods of time. It is based on surveys and data analysis
conducted in Singapore. The modeled cars have different
battery capacities from 13 kWh to 55 kWh with an average
of 24 kWh. The user can specify the desired number of cars,
the duration and temporal resolution of the simulation. For
each trip between two car parks, the energy demand is output,
which yields the minimum and maximum possible charging
energy while parking.
b) Data: The parking / driving model includes information on driving patterns in Singapore. The number of EVs to
simulate is chosen by the user. We set the maximum to 500 000
based on the information provided by LTA.
Power plant data of Singapore are available from the website
of the Energy Market Authority of Singapore (EMA) [18].
Data sheets include the generation type and installed capacity.
In May 2017, the total installed capacity was 13.3 GW,
of which 78 % were combined cycle gas turbines (CCGT)
and 19 % were steam turbines which could be used with gas
or oil. The rest is mainly gas turbines and waste incinerators.
The load of combined cycle gas turbines must be at least 55 %,
otherwise specific NOx emissions increase vastly [19], [20].
Hourly power demand series for Singapore are published by
the Energy Market Company of Singapore [21].
We took further power plant parameters from [22] where
a survey on technical parameters of power plants based on
various sources was presented. In [7], ramping costs for
different power plant types are given. The authors elaborate
how the value of the ramping costs changes subject to the
current status of a power plant and the steepness of the ramp.
In the following section, we model ramping costs as a piecewise linear cost function such that higher costs occur for steep
ramps. Table I lists all parameter values used in this paper. We
slightly varied the parameters of the current power plants in
Singapore based on their age. All costs are given in USD.

TABLE I
P OWER PLANT PARAMETERS USED IN THIS PAPER .
Technology

η0,p
(%)

φmin,p
(%)

ρmax,p
(%/min)

TD,p
(h)

TU,p
(h)

csu,p
(USD/MW)

clo,p
(USD/MW)

chi,p
(USD/MW)

CCGT
Gas turbine
Steam turbine (gas, oil)

57–61
37
38–41

55
30
50

5
15
6

1–2
0
1–2

3–4
0
3–4

35–42
40
40–45

0.5
0.5
0.5

3.3
5
6

III. M ODEL EXTENSION
In its original form, the URBS model does not support
integration of electric vehicles. In addition, it is purely linear
such that start-up costs cannot be modeled precisely. Ramping
costs are not included either. In this section, we explain how
we integrated electric vehicles and how we extended the linear
model to a mixed-integer linear model.
a) Integration of electric vehicles: For the integration of
electric vehicles, we transformed the output of the EV model
from [17] into a useful input for URBS. As described in
Section II, for each EV, the mobility model outputs whether the
EV is parking or driving for all time steps of the simulation. In
addition, when an EV’s status changes from driving to parking,
the energy demand for the completed trip is output.
We defined three additional parameters Eavail , Ccum,min
and Ccum,max for each EV and time step as input for URBS.
The available charging energy Eavail (ti ) is the maximum possible charging energy when the EV is parking in time step ti
or 0 when it is driving. The cumulative minimum required
charging energy Ccum,min (ti ) is the minimum accumulated
amount of energy required by an EV by time step ti . The
cumulative maximum available charging energy Ccum,max (ti )
is the maximum accumulated amount of energy that the EV
can have been charged with by time step ti .
Example: An EV with a battery capacity of 20 kWh is
parked in time step 10 when it has been discharged to 7 kWh.
When it leaves the car park in time step 22, it has to be charged
to at least 12 kWh. The length of a time step is 15 min and the
maximum charging power is 6 kW. Hence, 1.5 kWh can be
charged per time step. Consequently, the cumulative minimum
required charging energy is 0 up to time step 17. In time
step 18, at least 0.5 kWh have to be charged such that in time
steps 19 to 21, another 1.5 kWh can be charged each, which
yields 5 kWh in total. The cumulative maximum available
charging energy is 1.5 kWh in time step 10 and increases
to 13 kWh in time step 18. Later, it remains at 13 kWh since
the battery cannot exceed its maximum charge of 20 kWh.
At the end of each parking period, the difference between Ccum,min and Ccum,max is equal to the difference
between battery capacity and the minimum required energy
after the parking period if the EV entered the car park with
less than the minimum required energy in its battery.
All EVs are accumulated and a new optimization variable cEV which represents the energy that the EVs can be
charged with in each time step is introduced. The higher the
number of EVs, the broader the range, cEV can be varied
within by the optimizer.

The following constraints have to be fulfilled:
0 ≤ cEV (ti ) ≤ Eavail (ti )
Ccum,min (ti ) ≤
ti
X
t=t0

ti
X

cEV (t)

(2)
(3)

t=t0

cEV (t) ≤ Ccum,max (ti )

(4)

Constraint (2) ensures that the charging energy is lower
than the available charging energy in the current time step.
Constraints (3) and (4) ensure that the cumulative charging
energy in the current time step is between the cumulative
minimum required and the cumulative maximum available
charging energy in that time step.
b) Model extension: In URBS, start-up costs are modeled
by assuming that each power plant consist of an arbitrary
number of generators. A variable called online capacity which
is the sum of power provided by all generators that are
switched on is used. Each time the online capacity increases,
partial start-up costs occur. However, due to the linearity of the
model, the power output of each generator can be arbitrarily
small, which is not realistic. For our analysis, power plant
start-ups have to be modeled in a way such that the full start-up
costs occur each time a power plant is switched on. Moreover,
once a power plant has been shut down, it has to remain idle
for some time (minimum down-time). Once it starts up, it
has to be running for a certain time as well (minimum uptime). Hence, we extended the linear model to a mixed-integer
linear model which includes start-up and ramping costs, and
constraints for minimum down-time and up-time.
In order to include start-up costs, we introduced three binary
variables op (ti ), dp (ti ) and up (ti ). The first one is the onstatus. It is true (or 1) when power plant p generates power
in time step ti . The other two are true if a shut-down or startup, i.e. a change in the on-status, occurs in time step ti . This
yields the following additional constraints:
−Pp (ti ) + op (ti )φmin,p Pmax,p ≤ 0

(5)

dp (ti ) + up (ti ) ≤ 1

(7)

Pp (ti ) − op (ti )Pmax,p ≤ 0

(6)

op (ti ) − op (ti−1 ) + dp (ti ) − up (ti ) = 0

(8)

If the on-status of power plant p is set to 0, the power generated
must be 0 as well. Otherwise it must be between the minimum
allowed output and the power plant’s generation capacity. This
is ensured by (5) and (6). Constraint (7) prevents the power

plant from being in shut-down and start-up status at the same
time. The right assignment of the three binary variables is
ensured by (8): When the on-status does not change from time
step ti to ti−1 , both shut-down and start-up status are set to 0.
If the on-status changes from off to on, the start-up status is
set to 1 and the shut-down status to 0. If the on-status changes
from on to off, the shut-down status is set to 1 and the start-up
status to 0.
Minimum down- and up-time are modeled using the following two additional constraints.
ti−1

op (ti ) ≤ 1 −
1 − op (ti ) ≤ 1 −

X

dp (t)

(9)

up (t)

(10)

t=ti −TD,p +1
tX
i −1
t=ti −TU,p +1

If a start-up or shut-down occurred later than TD,p or TU,p
time steps before ti , the sum yields 1 such that the power plant
has to remain off (9) or on (10) respectively. Note that up (t)
and dp (t) are set to 0 for t < t0 .
The overall start-up costs are calculated as follows with
set T of time steps and set P of power plants.
XX
Csu =
up (t)Pmax,p csu,p
(11)
t∈T p∈P

Ramping costs are not constant, but depend on the status of
the power plant and the ramping speed. Therefore, we define
higher costs for higher ramps, i.e. higher difference in power
output between two time steps. Lower ramping costs occur for
any change in power output. Without consideration of startups and shut-downs, the low ramp power value is defined as
follows.
Rlo,p (ti ) = |Pp (ti ) − Pp (ti−1 )|
(12)

The ramp value is linearized by substituting (12) with the following two constraints considering start-ups and shut-downs.

Pp (ti ) − Pp (ti−1 ) ≤ Rlo,p (ti ) + Pmax,p up (ti ) + dp (ti )
(13)

−Pp (ti ) + Pp (ti−1 ) ≤ Rlo,p (ti ) + Pmax,p up (ti ) + dp (ti )
(14)
The summands with shut-down and start-up status are added
such that Rlo,p (ti ) and consequently the ramping costs are set
to zero when a start-up or shut-down occurs in time step ti .
We use higher ramping costs when the difference in power
is more than half of the maximum permitted ramp of a power
plant. The corresponding constraints are given as follows.

Pp (ti ) − Pp (ti−1 ) ≤Rhi,p (ti ) +

1
Pmax,p ρmax,p + up (ti ) + dp (ti )
2
(15)
−Pp (ti ) + Pp (ti−1 ) ≤Rhi,p (ti ) +

1
Pmax,p ρmax,p + up (ti ) + dp (ti )
2
(16)

The total ramping costs Cramp are calculated accordingly.
XX
Cramp =
Rlo,p (t)clo,p + Rhi,p (t)(chi,p − clo,p ) (17)
t∈T p∈P

Start-up and ramping costs in (11) and (17) are added to the
total cost function of the optimization given in (1).
IV. R ESULTS
Since the Solar PV Roadmap of Singapore projects the
possible development of PV installation until 2050, we selected the year 2050 for this study. We projected the power
demand of 2015 to 2050, assuming a 20 % increase without
EVs. However, we left the power plant park unchanged since
the current installed capacity of 13.3 GW is much higher than
the current peak demand of approx. 7.5 GW.
We set the length of the time steps to 15 min and simulated
five days in February and June each. In February, the weather
varies a lot with many short cloudy spells, which leads to
high fluctuations in the solar irradiance. In June, however,
there are fewer weather variations and consequently lower
fluctuations. Therefore, we focus on February in this work. In
the following, we vary the values of the installed photovoltaic
capacity from 0 GW to 10 GW and the number of EVs is set
to 0, 100 000, 300 000, or 500 000. The maximum charging
power is set to 6 kW. In order to reduce battery aging, the
state of charge of every EV battery has to be at least 60 %
when the EV leaves a car park. If the parking duration is not
sufficient to reach a state of charge of 60 %, the EV has to
be charged at maximum power during the parking period. All
EVs and consequently Eavail , Ccum,min and Ccum,max are
aggregated. An additional constraint ensures that all available
PV power is integrated unless it exceeds the demand.
We first analyzed the impact of up to 500 000 EVs on the
power system with no installed PV. In this case, the EVs are
being charged at night in order to reduce ramping and some
shut-downs occurring at night due the demand decreasing to its
minimum at around 5 a.m. before increasing again. The energy
supplied to EVs at night is high enough to make recharging
during the day unnecessary. Operating costs per MW h increase when EVs are introduced. For 500 000 EVs, however,
a slight decrease of USD 0.13/(MW h) can be observed.
With increasing shares of PV, more and more of the available charging energy is used during the day to avoid high
ramping or shut-downs of power plants during the day. Fig. 1
shows the power generation from fossil fuels and 5 GW of PV
and the impact of EV charging for an average day in February.
The number of EVs is set to 500 000. The pale gray area
shows the power generated from fossil fuel power plants. The
area with the line pattern shows PV generation. As shown in
the top sub-figure, without EVs, the fossil power plants have
to ramp up and down often around noon. Additional shutdowns and start-ups are necessary, too. The middle sub-figure
shows the optimally generated additional power demand for
EV charging. This additional demand yields a smoother power
generation curve of fossil fuel power plants and reduction of
ramping, shut-downs and start-ups, as shown in the bottom
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C OMPARISON OF START- UP AND RAMPING COSTS .
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0
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24
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Fig. 1. Power generation on a day in February with 5 GW of PV (top);
optimal charging schedule of 500 000 EVs (middle); power generation with
additional EV charging load (bottom).

sub-figure. Charging of EVs balances the fluctuations pretty
well. Fossil generation still has to decrease around noon but
remains rather constant for a few hours.
For different scenarios, we calculated the operating costs
which include variable costs, start-up and ramping costs, fuel
costs, but exclude fixed or investment costs. The resulting
specific costs per MW h in February are summarized in Fig. 2.
The main cost reduction results from power generation by PV

due to fuel savings and lower variable costs. For 0 or 1 GW of
installed PV, specific costs can increase a little by introducing
EVs, depending on their number, since the benefit from lower
ramping does not outweigh the additional fuel costs due to
higher power demand. Ramping costs are low compared to fuel
costs and with no or little fluctuating supply, sudden forced
shut-downs are very unlikely. The additional power demand
caused by EVs can also require additional start-ups. However,
for 3 GW or more, adding electric vehicles always reduces
specific operating costs.
Total operating costs decrease from USD 62.50/(MW h)
to USD 56.80/(MW h) (or by approx. 9 %) for 7.5 GW of
PV and 500 000 EVs.
CO2 emissions decrease by more than 12 % for 7.5 GW of
PV. Using electric vehicles does not lead to lower specific CO2
emissions from power generation, though.
In Table II, start-up and ramping costs are given for
different values of installed PV capacity and 0 or 500 000
EVs. Column np represents the number of fossil power plants
that were switched on at least once during the optimization

period. Column nu stands for the number of start-ups. This
number includes the first start-up of each power plant at
the beginning of each optimization run such that nu ≥ np .
The last two columns contain the start-up costs given in
million USD and the ramping costs in thousand USD. With
EVs, ramping costs decrease. For lower values of PV, the
number of start-ups and consequently the start-up costs increase. For 3 GW of installed PV capacity, start-up costs
increase from USD 8.9 M to USD 12.7 M when the number
of EVs increases from 450 000 to 500 000, but variable and
fuel costs hardly change such that specific operating costs
decrease further. For 5 GW of installed PV capacity and
more, the number of start-ups and consequently the startup costs decrease significantly with 500 000 EVs. For 5 GW,
the reduction is higher than USD 2 M (19 %). For 7.5 GW, it
is USD 8.5 M (49 %).
For 10 GW of installed PV capacity, the number of EVs
must be at least 300 000 such that all of the available PV
power can be integrated. Otherwise, the PV power would
exceed the demand sometimes and all fossil power plants
would have to shut down consequently. Hence, installation
of 10 GW of PV is not advisable without additional measures
such as EVs as flexible storage systems. With 300 000 EVs,
specific operating costs drop to USD 55.30/(MW h) and startup costs are USD 19.8 M. For 500 000 EVs, specific operating
costs are USD 55.15/(MW h) with start-up costs dropping
to USD 8.8 M.
V. C ONCLUSION
In this paper, we presented possible future scenarios for
Singapore with high shares of PV power generation and a
high number of electric vehicles. Results show that specific
operating costs of power plants decrease with increasing share
of PV. Though Singapore’s power generation system is very
flexible with mainly CCGT power plants, EVs can contribute
to reducing operating costs, especially for a high amount of
installed PV. Ramping and the number of shut-downs and
start-ups during times of highly fluctuating solar irradiance are
reduced. While introducing EVs with little installed PV power
can lead to higher specific operation costs in Singapore’s
current power generation system, specific operation costs are
reduced for any number of EVs with at least 3 GW of installed
PV capacity.
Operating costs are reduced by almost 10 % with 7.5 GW
of installed PV and 500 000 EVs. CO2 emission are reduced
by more than 10 %.
In future work, the spatial distribution of supply and demand
will be taken into account as well, even though Singapore is
a small country. In this context, the impact of PV and EVs
on voltage and frequency stability is another topic we will
investigate. We also plan to integrate other types of electric
vehicles such as buses into the model.
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