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With growing numbers of Electric Vehicles (EVs), the coordinated charging is
necessary to prevent large peaks and power losses for the grid and to minimize
charging costs of EVs. This paper proposes an optimal charging schedule based on

Dynamic Programming (DP) to minimize the overall cost of charging EVs for
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consumers in a solar Charging Station (CS). The large state space that makes the
use of general DP inefficient is handled by using modified DP. Also, due to the
stochastic behavior of the PV production, four different cases are considered.
Simulation results demonstrated a significant decrease in the total CS purchased
power cost, indicating reduced costs for consumers.

1. Introduction

The number EVs is growing as they are green, environmentally
friendly and alternatives for the conventional vehicles. Using
renewable energies for their charging can make them even greener.
The number of EVs sold in the US in 2018 is predicted to be
400,000 [1] becoming double from the last year. However, this
growth has some effects on the load shape of the grid system.
Uncontrolled charging can cause large peaks, overstressing of
distribution circuits and finally the occurrence of high prices for
consumers [2]. Therefore, researchers have proposed different
algorithms with various objectives to control the charging of
electric vehicles.

Vehicle-to-Grid (V2G) technology gives the ability to address the
aforementioned problems with services such as frequency
regulation and spinning reserves. It is shown in [3] that an EV can
respond to regulation signals in less than 4 seconds. Though this
work showed the V2G capability for one EV, the large fleet of EVs
participation in V2G is studied in [4] and [5] as well as meeting
their charging demands. These works used unidirectional V2G
technology i.e. the EVs do not discharge electricity into gird. The
discharging capability of EVs which is called bidirectional V2G is
considered in [6]. The main objective of all these works is to
maximize the aggregators’ profit. This comes from either the
markup price that passed through the electricity price for charging
EVs or the services that the aggregator provides for the grid system
such as frequency regulation and spinning reserves.

The charging algorithm with the objective of minimizing the
consumers’ cost as well as fulfilling the charging needs was
considered in [7]. In this work, the author proposed two different
algorithms. The first algorithm solved the optimization problem by
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knowing the charging needs in advance and the second algorithm
solved the problem in a more practical manner with less
information about charging demands and arrival time.

The integration of renewable energies in a charging station is
studied in [8] and [9]. In [8] the randomness of PV power
production and the charging energy demand of the vehicles was
studied and the problem solved using Dynamic Programming
(DP). The curse of dimensionality which is common in DP
problems with a large number of states and control inputs was
handled in this paper. In [8], the vehicles were classified based
on their charging needs to premium, conservative and green
which the latter is friendly to the environment and reduces the
charging stations costs with their capability to discharge energy
to the grid.

In [10] the coordinated charging with the goal of minimizing
the power losses of the grid was considered. This was
compared to uncoordinated charging to illustrate the benefits
of optimal charging of PHEVs. The uncertainties of household
loads were taken into account by implementation of stochastic
programming by two techniques: Quadratic Programming, and
Dynamic Programming Successive Approximation (DPSA).
The problem of charging a Plug-in EV (PEV) in a smart home
is presented in [11] using Stochastic DP (SDP). The smart
home is equipped with an EV and PV array. The stochastic
behavior in using the EV, and forecast models for PV power
supply and home load demand are considered and the optimal
charging schedule has proposed to reduce the electricity price
of the smart home. In [12] the authors aimed to minimize the
mean time that EVs wait for charging in a charging station
equipped with renewable energy. The uncertainty of EV arrival
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as well as the intermittency of renewable energy is considered
in the paper and a Markov Decision Process framework is
proposed to tackle the problem. To offer guidelines for
charging service providers managing set of charging stations,
Luo et al. [13] proposed SDP and greedy algorithms to study
the energy management problem under intermittency of
renewable energy and fluctuation of electricity price. These
algorithms make a balance between different objectives: the
profit of charging provider, customer’s satisfaction and impact
reduction on grid power. In [14] a Genetic algorithm (GA) is
presented which propose a reliable optimal load pattern for EV
charging. In this investigation the developed algorithm took
account for the transformer’s load, limit of thermal line and
parking availability to improve the flexibility of the system. In
[15] an optimization method based on approximate dynamic
programming is proposed to manage fleets of EVs connected
to the gird to meet the owners’ preferences. Instead of
conventional open-loop methods which are widely used in
papers, a feedback-based method with continuous state and
action space is used to minimize the energy costs for EV
owners. Maigha et al. [16] used a moving horizon optimization
method to reduce the over-loading in distribution line resulted
from charging of EVs with static and dynamic frameworks
representing day-ahead and real-time scheduling. A
decentralized charging scheme is proposed in [17] with
bidirectional energy flow formulated as a mixed discrete
programming problem. The objective is to provide load shifting
service by scheduling the charging and discharging sequences
in an optimal way. In [18] Wang et al. investigated the charging
energy management of PHEVs with bidirectional V2G
capability via DP. To overcome the computational challenge of
DP, a new strategy is proposed and its optimality has been
proved. Minimizing the energy cost for PHEV owner and

shaving the peak load are the objectives of this method.

In this paper, an optimal charging schedule is proposed based
on DP to minimize the overall cost of charging EVs for
customers in a solar Charging Station (CS). The objective of
minimizing the overall customers’ charging cost has been
considered in the literature with various algorithms as can be
found in [2], [7] and [9]. In this work, a well-defined optimal
control problem to completely meet the charging demands of
each EV attending at the CS is presented. A modified version
of DP for solving the problem is investigated, which is the main
contribution of this paper. The large state-space causing
inefficient use of DP has been handled by implementing a
successive algorithm. Due to the stochastic behavior of the PV
production, the simulations are done in four different weather
conditions representing four different months. Controlled and
uncontrolled charging in different scenarios are studied and the
results illustrate the significant reduction in charging cost for
customers as well as meeting their charging demands.

2. System Model
2.1 Photovoltaic Panel

The 50 kW PV panels are assumed to be used in the charging
station. The output power of the PV panels is modeled using
[19] and is given by:

G
Py, = |Pyysrc X T(T)o x [1—y x (T; - 25)] €Y

X Npys X Npyp

Where, the cell temperature is calculated as follows:

Gr
T = Tamp + 5o % (NOCT — 20) (2)

And T,,,,;, is the ambient air temperature. The panel
parameters are shown in the table below:

Table 1: Panel parameters

Parameter Description Value
Pyusrc Rated power at MPPT 165 W
Gr Irradiance level at STC 800 %
Power temperature 0.043%
Y coefficient at MPP
Number of modules in 50
Novs series
N Number of modules in 6
Fvp parallel
Nominal Operating Cell 45.5°C
Noct Temperature

To estimate the value of PV power output, the solar radiation
and temperature data are derived from Indiana state climate
office [20] which is available with a resolution of an hour. Due
to the randomness of temperature and radiation in different
days and seasons, it is difficult to obtain a certain value for PV
power output in each hour. To get more accurate values, instead
of using historical data for a whole year the monthly data are
used and simulations are carried out with those specific weather
conditions [8]. As it can be seen from Fig. 1 the PV power
output for four different months in four different seasons are
presented and the variation between months is significant.
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Fig.1. PV power distribution for four different months
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2.1 Problem Formulation

An EV charging station (EVCS) with PV panels is considered
in a workplace, where the CS is used mainly during the day.
The charging station has a capacity of 50 vehicles in total and
it consists of level 2 standard charging sockets. The charging
rate of each EV is under control of the CS and ranges from a
minimum to a maximum value. The CS is connected to the grid
which can extract or inject power into it.

For optimizing the total electricity cost of CS consumers as
well as meeting the charging demand of each EV, a careful and
well-defined optimal control problem is proposed. Solving this
problem controls the charging/idle sequence of the EVs
attended in the CS and offers the utility a great benefit in
performance with delaying the charging schedules form peak
hours to off-peak hours. In this model, the CS receives the
information of arrival time, initial State of charge (SoC) and
departure time from each EV acting as constraints, as well as
electricity price of the open market to manage the charging/idle
sequences. In addition, an uncontrolled charging scheme is
compared with this optimal scheduling to highlight the
advantages for both the consumers and grid.

2.1.1. Optimal control to minimize power consumption costs
In this section, an optimal constrained control problem is
designed with the objective of minimizing overall consumers’
charging costs. By this algorithm, a charging/idle schedule for
each EV is found. The cost function is defined as

J =) cnela (0,00 +4,(0p,00 5
k=
0 + 4 A (K)pn (K]
PppTli’:B---pn (4)
Pgrid (k) = Pcharge (k) - E{va (k)} (5)
Pcharge (k) =P (k) +p; (k) + - pn (k) (6)

In (3) c(k) is the electricity price in time step k, At is the time
step, 4; is the variable indicating the plugging state of the EV
i to CS [11], p; is the charging power of vehicle i and N is the
time horizon of the problem. Since the electricity market
operates on an hourly basis, the cost function is discretized with
At =1 h time step. This cost function holds for minimizing the
total charging costs of the consumers by finding proper
charging sequence for each vehiclei.e. p;, p,,..., p, duringthe
specified time horizon. The value P,,;, represents the power
purchased from the grid or sold to the grid, indicating the
difference between the charging demand and the PV power
production. Expectation values are used since the PV power
production is stochastic due to weather conditions.

2.2. Constraints

The optimal control problem is subjected to the following
constraints which are necessary to make the approach more
practical. Each EV owner in the charging station declares its
arrival time and departure time to the CS. For each vehicle,
the availability time is between these two times. For each
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vehicle, the variable 4; indicates the availability and is
defined as follows:

1
0

for

i=123,...,n
where, i is the vehicle index. For a time when the i®® EV is
connected to the station, 4; is equal to 1, otherwise is zero.
When an EV is connected to the station, the SoC of each EV
can be updated, and for each vehicle, the dynamics of the
battery are expressed in terms of the following equation:

E;(k+1) = E;(k) + A;(k)At(p; (k)
—nlp;(K)D i=1,2,3..,n

kplug in,i <k< kplug out,i
otherwise

a0 = %

®)

where E; (k) is the energy stored in the battery of the i*" EV
in time step k and 7 is the charging efficiency. This equation
shows that when an EV is connected to the CS, how the
vehicle’s battery energy varies; energy can increase or remain
without change due to the optimal charge scheduling.
As mentioned before EV owners notify the SoC of the battery
when entering the charging station. The initial battery energy
in the it" EV when connected to the station is specified as:
Ei(kplug in) = Eikplug " i=123,...,n (€)]

The battery energy of the i EV at the end of charging period
is also given by:

Ei(kpmugoue) = BP0 i=123,.n  (10)
In this paper, it is considered that every EV leaving the CS
has a sufficient SoC of 0.9 at the end of charging period.
For each vehicle, the charging rate has a maximum and
minimum value. Equation (8) shows this constraint indicating
the power output of the charger can take the values between:

0 < p;(k) < pne* i=1,23,..,n (11)
In this paper, it is assumed the power electronics are designed
just for unidirectional power flow and EVs are unable to
discharge their battery.
Another constraint is related to the range of battery energy.
The controller must keep the battery energy of EV i in this
limit
EM < Ei(k) < E™M* i=1,23,...,n (12)
The last constraint is addressed through the power consumption
of all EVs in time step k, which is considered due to the limited
transformer delivery capacity [6] in the area that the CS exists.
This value is taken as half as the value in [7] to strongly
represent the effect of the constraint.
P1(k) + Pz(k) + "'pn(k) < Pmax (13)
2.3. Dynamic programming
In this paper, DP method [21] is used to solve the optimal
control problem. In DP the original optimal problem is turned
to subproblems which can be solved backward using Bellman
principle of optimality. The principle of optimality can be
expressed by the cost-to-go function. In this case, the optimal
cost to go from time step k to time step N is given by:
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Je(E, Ery . Ey) = plf';}ziPpn{C (K)At[A, (l)p, (k)

+ A, ()p2 (k) + -+ + A (K)pn (k)]
+]Z+1(E1'E2"'En)}
k=01..N—-1

(14)

In words, the above equation states that the optimal cost from
time step k to N can be computed by finding the best solution
for current time step (k) adding to the optimal cost from time
stepk+1toN.

The main advantage of general DP is providing global
optimality in the problem. One of the general DP drawbacks is
the curse of dimensionality and occurs when the number of
states and control inputs arises. In this case, the number of
computations increases with an exponential order respect to
number of states. In this paper, one state is considered for each
vehicle, and due to the large number of states, which are
quantized with a proper value, the computation quickly
becomes exhaustive and inefficient. Here DPSA [22] is used to
solve the dynamic programming for each state, maintaining the
other states constants. By this method, the number of
computations significantly decreases although the global
optimality may be lost.

2.4. Uncontrolled Charging

In uncontrolled charging, the vehicles start charging as soon as
they plug into the CS. The charging power for each vehicle
takes its maximum value while the vehicle is connected. If the
charging energy demand for each vehicle is not a multiple of
the p,qx, the vehicle is charged with this amount as much as
possible in each hour and for the remaining time the vehicle is
charged with a lower power. This is shown in the following
equations [8]:

' Eikplug in _ Eikplug out
Akch,i =min pmax ’ kplug out,i
' (15)
- kplug in,i}
p{nax kplug ini <k< kplug ini + Akch,i
={ Kplugou

pi(k) - Ei phigout _ p{nax (Akch,i - 1) k= kplug ini + Akrh,i (16)

0 otherwise

which Ak, ; is the charging time for i** EV. Also, in this case,
the constraint (9) is imposed i.e. the total charging power of the
CS should not exceed the B,,,, value.

3. Simulations

In this paper, a case study of a charging station located at a
workplace is considered. The capacity of the charging station
is 50 EVs. The information of the arrival and departure of
electric vehicles to the charging station at [8] is adopted for
simulations. In this reference, arrival and departure times are
generated using probability distribution functions. The
probability distributions are empirically derived from
information at the Ohio State University's charging station.
For this case study, a parking time duration of EVs is shown in
Fig. 2 that matches the aforementioned distributions. The
optimal and uncontrolled charge scheduling is applied using
this parking time of EVs although other distributions and
parking patterns are valid for implementing the optimal control
procedure.

In this paper, it is assumed that all EVs are Nissan Leaf,
although the optimal control problem is applicable for other
types of EVs or plug-in hybrid EVs (PHEVS). This type of EV
has a battery capacity of E/"*** = 30 kWh. The initial energy
for each electric vehicle is considered as a random variable in
the range (0.3-0.9) E/"**. The final battery energy for each EV
is considered to be 0.9E/"** so that EVs will be sufficiently
charged when leaving the charging station [7]. The maximum
charging power is considered to be 6 kW in simulations which
represents the use of level 2 standard chargers. Level 2 chargers
are often placed at destinations so that drivers can charge their
car while at work or shopping. The charging standard used here
is SAE J1772, which the line voltage is 240 V and the current
has a value up to 25 ampere which results in maximum
charging power of 6 kW [23].

One of the important parameters in the simulation is the price
of electricity. Electricity prices generally reflect the cost to
build, finance, maintain, and operate power plants and the
electricity grid. In this paper, to determine the price per unit of
energy, the locational marginal electricity price obtained from
PJM is used. It should be noted that the power grid market
usually operates on an hourly or half hour basis, therefore, the
time horizon should be discretized into smaller intervals. In this
paper, the step of discretization is considered to be At = 1h.
In this paper, the average electricity prices for four different
months are considered exact to months that weather data were
used and simulations are done using these prices for one day in
these months. This data has been taken from PJM regional
transmission organization website [24] in July and October
2017 and January and April 2018. The relative high prices in
January are due to the high electric heating demand indicating
the cold winter of that region.
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4. Results and Discussion

In this section, the performance of both charge scheduling
schemes is evaluated. The charging cost for each case is
calculated and the potential benefit of optimized charging by
adopting DP is compared in a day at four different months. Four
different months is selected to determine the effect of the
weather condition on the performance of the CS and showing
how the proposed scheme can reduce the charging cost of the
consumers. The simulations are run for 8 A.M.-10 P.M.
resembling the actual workplace.

In Fig. 4, the simulation results in four different months are
presented. The total charging power with optimized scheduling
and uncontrolled scheduling is obtained for each time step. The
optimal control algorithm tends to charge the vehicles when the
electricity price is the lowest. In these figures at 8-10 a.m. the
total power consumption of uncontrolled charging reaches its
maximum value as predicted, since in these hours the arrival of
the EVs is in the highest point. However, the optimal control
algorithm takes the electricity price into account and schedules
the charging optimally to obtain minimized cost.

Power consumption in uncontrolled and optimal charging schedule Power consumption in uncontrolled and optimal charging schedule
140 - Puncontrotisd charg

120

% 18
Time(h)

a. January

Power consumption in uncontrolled and optimal charging schedule

Time(h)
b. April

Power consumption in uncontrolled and optimal charging sched!

Power(Kw)

2 % 16
Time{h)

10 12 14 16
Time(h)

c. July d. October
Fig.4 total power consumption in optimal and uncontrolled
charging

After 10 a.m. the power consumption in an uncontrolled
charging scheme decreases showing both the less arrival and
fulfilling the charging demand of the EVs. In contrast, the
optimal control algorithm keeps the charging amount according
to both electricity price and meeting the charging demand of
each EV, resulting in different charging plan in each scenario.
In controlled charging, in addition to cost benefits for
consumers, the grid also takes the advantage of lower demand
from CS in peak times; since high load on grid shows itself in
higher electricity prices. In uncontrolled charging, however,
this issue is not considered.

The value Py, represents the power purchased or sold from
the grid, indicating the difference between the charging
demand and the PV power production. In early morning due to
the low solar radiation, the PV power cannot cover all the

charging demands in all cases. However in afternoon the high
PV power exceeds the charging demand of the EVs and gives
the opportunity for the CS to sell the excess power to the grid.
In Fig. 5 the optimal and uncontrolled charging is shown for
two sample vehicle. The horizontal-axis is the parking time the
charging station. These results are shown for two sample EVs,
one for a long stay in the station and the other is for a short stay
at the station.
In Fig. 6 EV’s battery energy variation in optimal control
charging is shown for the two vehicles mentioned above. For
each EV, the algorithm works properly and meets the charging
need and reaches the SoC of the battery to 90% i.e. 27kWh for
each vehicle as it is assumed the vehicles are identical.
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Fig. 5. Optimal and uncontrolled charging for two sample vehicle
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The DPSA algorithm for this problem works in this way: for
each state in the problem (where the state is the battery energy
of each vehicle) other states is held constant and the dynamic
program runs for that state to find the optimal control input
(where the control input is charging power of each vehicle)
corresponding to that state. After that, the second state is taking
into account and the other states (including the first optimized
state) are held constant. The proof of DPSA algorithm
convergence to the global optimum is presented in [21]. In our
problem if constraint (12) was not present, the problem became
similar to the cases with convergence proof. However, the
implementation of the general DP algorithm, may not be done
practically because of the “curse of dimensionality” described
before.

The overall CS charging cost for each case is shown in Table
2. As it can be seen the charging cost with optimal control are
significantly lower than the uncontrolled charging, showing
that notable cost savings can be brought for consumers. In
January, when the average electricity price is generally much
more than in other months, the reduction in cost is more
significant.

An important issue arises from the implementation of the
algorithm. In reality, some of the information we assumed in
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the simulation such as the arrival and departure time of the EVs,
the type of the EV and in some cases the initial SoC of the EVs
is unknown in advance. However, the developed algorithm can
be easily implemented in a real-time manner as it is a future
work to be done.

Table 2. The overall CS charging cost for each case in a day
in below months

Month
Method Jar;uar April July | October
CS total purchased 2218
power in optimal 264.6% | 86.4% $ 99.4%
scheduling (US$)
CS total purchased 1045
power in uncontrolled | 382.2$% $' 28.7% | 105.9%
charging (US$)
Percentage of COSt | 3 705 | 17,30 | 23.0% | 6.1%
reduction
5. Conclusions
This paper presented an optimal control problem for

minimizing the EVs overall charging cost from consumers’
perspective. Instead of using general DP, DPSA was used to
tackle the optimal control problem since the defined large state
space leads to a challenging implementation of the general DP.
Due to the stochastic behavior of the PV power production,
four different cases accounting for four different weather
conditions were considered and the simulations were carried
out for one day in these weather conditions. Also, uncontrolled
charging of EVs was introduced to compare the potential cost
savings of using the optimal charging. The simulation results
showed a significant reduction in the overall CS power
purchased cost which means the customers pay less for their
charging. It was found that with optimal charging the total
power purchased of the CS can be reduced to 30%, 17%, 23%
and 6% in a typical day in January, April, July and October,
respectively. In optimal charging, the charging tasks are
sensitive to electricity prices, and the optimal controller shifts
the charging load to low demand hours. Therefore, the grid
takes the advantage of less demand on peak times, which
results in a smooth load shape and more reliability.
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