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Abstract:

This paper proposes an optimal scheduling for charge/discharge of centralized storage units within a
distribution network. The storage units are used not only for peak cutting but also for decreasing energy
not supplied due to failure events. The impact of plug-in electric vehicles (PEVs) charging on the optimal
scheduling is taken into account as well. PEVs load demand is modeled using a stochastic approach based
on the Monte Carlo simulation. Then, a Tabu search algorithm is utilized in order to fulfill the optimal
scheduling of battery energy storages considering the extracted load demand of PEVs. Numerical studies
on a typical distribution network show the impacts of various penetration levels of PEVs on the optimal
scheduling issue. It should be mentioned that characteristics of the distribution network as well as the
location of the stationary batteries affect the optimal scheduling.
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1. Introduction*

The conventional passive distribution networks
are changing to active ones. Active distribution
networks are more flexible and reliable, because
of the bidirectional electric power flow. The active
networks contain new components such as
distributed generators (DG) and storage units, and
controllable loads. Batteries as storage units are
new active components in modern distribution
networks. Literature review shows that battery
energy storage units can be used for several
purposes such as frequency control [1], voltage
sag mitigation [2, 3], voltage regulation [4, 5, 6],
load following [7, 8], peak cutting [9-11], spinning
reserve [12, 13] and dispatching of renewable
sources [14-16].

As a matter of fact, scheduling of a storage
unit is carried out according to its prespecified
application. The scheduling should determine the
power flow of battery in each hour and its
direction (i.e. charge or discharge). Battery energy
storage units can be scheduled by various
methods. Some samples of strategy-based
scheduling of batteries in a power system can be
found in [15, 16, 18]. These methods are usually
applied to the systems which include non-
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dispatchable renewable energy resources (e.g.
wind turbines). As a result, the power fluctuation
is reduced and the owners of the renewable
sources can bid in electricity market. A common-
operation-based scheduling for storage units is
proposed in [6], where the distribution network
operator is allowed to control the output of
customers’ storage units during some specific time
period. The customers usually utilize the battery
units for peak cutting [6], while the network
operators can control the same batteries to regulate
the voltage level. This common operation is based
on a contract between network operators and
customers.

Some other scheduling methods for battery
units are based on optimization algorithms. In
these methods, firstly a cost objective function is
defined, and then, the battery units are scheduled
optimally in order to minimize the objective
function. In [19], [20] and [21], genetic algorithm,
modified gravitational search algorithm and
dynamic programming are employed in order to
optimally schedule microgrids.

The other new components which may affect
scheduling of the centralized battery units are
plug-in electric vehicles (PEVs). Recently, a great
attention has been paid to PEVs as one of the
hopeful and effective means in order to tackle the
energy crisis and to alleviate the environmental
problems [22, 23]. A considerably extensive
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amount of regulatory and technical efforts have
been making to provide affordable PEVs.
Therefore, a numerous number of PEVs will be
undoubtedly on the road all around the world [24].
The possibility of bidirectional power transfer
with the grid is one of the salient characteristics of
PEVs. Actually, PEVs can absorb power from the
grid when the state-of-charge (SOC) of the battery
is low. On the other hand, it is possible for PEVs
to inject power into the grid (V2G), especially,
during the peak load hours [25]. In this case, the
power of the PEVSs, as dispersed mobile storage
units, should be taken into account as a decision
variable in scheduling problem. However, the
PEVs are principally used for transportation and
hence new limitations should be considered in
optimal scheduling as well. Anyway, V2G
requires a longer time to be practical [22].

In this paper, firstly, PEVs are modeled as
uncoordinated load demand within domestic
distribution networks and their load profile is
estimated regarding home arrival time, daily
traveled distance, home departure time, driving
habits and road traffic conditions. Then, the
centralized battery storage units are scheduled
optimally in a distribution network considering the
load profiles of PEVs integrated to the network. In
the proposed scheduling which is fulfilled based
on Tabu Search (TS) optimization algorithm the
battery storage units are used for both peak cutting
and reduction of energy not supplied due to failure
events. In practice, the active distribution
networks include not only storage units, but also
DG sources. Hence, the dispatchable DG units are
taken into account in this study to generalize the
results. It should be noticed that the optimal
scheduling depends on the configuration of a
distribution network.

The reminder of this paper is organized as
follows. The optimal scheduling problem for
battery storage units in distribution network is
mathematically presented in section 2. Modeling
of PEVs load for a domestic distribution network
is shown in section 3. Section 4 describes the
proposed optimal scheduling. Afterwards, case
studies and numerical results are shown and
discussed in section 5. Finally, conclusion remarks
are given in section 6.

2. Problem statement

The optimal storage scheduling problem consists
of minimizing the cost objective function under
technical constraints. An optimal scheduling
should determine power flow of an energy storage
and its direction (i.e. charge or discharge) in each
hour of the specified period. The objective
function is assumed to be the summation of the
operation and reliability costs. The operation cost

of a distribution utility includes the cost of
purchasing electrical energy from the upstream
network via HV/MV substations, and the
operation cost of DG units. Here, the reliability
cost is the cost of energy not supplied because of
failure events of HV/MV power transformers or
MV feeder sections. Based on the formulation
shown in [26], the objective function can be stated
as follows:

.
Min. F=> 1> C+ D Co+C’'l (1)

t=1 icAg jeA,,

where C2is the cost of energy purchased via

the i-th HV/MV substation at t-th hour, C{ is
operation cost of the j-th DG unit at t-th hour,
CtOT is cost of the energy not supplied at t-th

hour, Ags is set of all the HV/MV substations, Apg
is set of all DG units and T is the period of

scheduling (i.e. 24 hours). In (1), C¢ contains the

power loss cost of distribution network and it is
calculated by executing the backward/forward
sweep load flow in presence of DG and battery
units.

In optimal solution for the scheduling problem,
the maximum capacity of the equipments should
not be exceeded; the voltage magnitude of the all
nodes should be kept within allowed boundary and
demanded energy should be supplied in normal
conditions of the network. The technical
constraints are given in (2)-(4) which are based on
the formulation presented in [27].

Smin <St' <Stax U€Agq.t=12..T )
Vimin <Vit <Vmax 1€ANt=12,...T 3)
DosT+ DS = D Set+ D S+
ieAgg jeAps keAgt leA p (4)
t=12,...T

where S{' is the power of equipment u at t-th
hour, Sp;,and Si, are the allowed minimum
and maximum power of equipment u, V;is the

voltage magnitude in i-th node of the network at t-
th hour, V.;,and V., are the allowed minimum

and maximum voltage magnitudes, S is the
power of the i-th HV/MV substation at t-th hour,
D¢ is the generated power of j-th DG unit at t-th

hour, Sgt is the charge power of the k-th storage

unit at t-th hour, S| is the total load (containing
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PEVs demand) power of the I-th node at t-th hour,
and S is the total power loss in distribution
network at t-th hour. Ayis set of all the
equipments, Ay is set of all the nodes, Agris set
of all the storage units and A pis set of all the

load nodes. In (4), Sgt is a negative value during

discharge period. Moreover, some especial
constraints should be satisfied for battery storage
units as follows.

1. Discharging power of the batteries is a
function of the stored energy in previous hours,
battery efficiency and pulse power capability of
the battery.

2. The batteries can be charged and
discharged only once in each day because of
lifetime limitations and reducing investment cost.

3. The batteries should not be discharged
completely, because of the technical constraints.

3. PEVs load demand

In this section, load demand due to PEVs in a
domestic medium voltage distribution network is
modeled and their absorbed power profile through
distribution transformers is estimated. The most
effective factors on the load demand of PEVs are
home arrival time, daily traveled distance, home
departure time, driving habits and road traffic
conditions. Moreover, battery capacity of PEVs
and efficiency of the battery chargers can be noted
as well. Most of the mentioned factors, due to the
related uncertainties are not deterministic. Hence,
a stochastic method based on the Monte Carlo
simulation is employed to extract the hourly
aggregated load demand of PEVs.

3.1. Datasets of the internal combustion
engines (ICE) vehicles

The employed datasets in the modeling algorithm
have been gathered using questionnaires filled-out
by the randomly selected owners of the commuter
light duty ICE vehicles in Tehran. As observable
in Fig. 1, the datasets include home arrival time
(ay), daily traveled distance (try) and home
departure time (d)) of the wvehicles during
weekdays.

To generate random samples required in the
Monte Carlo simulation, it is essential to fit
appropriate probability density functions (pdfs) to
the three mentioned random variables (RVs). The
Weibull pdf (fg(t)) is suggested to be fitted to the
departure time RV as below [28]:

fg (t)=§(§)<”exp[—(§)ﬁ} t>0  (5)

To model the daily traveled distance a type 111
Generalized expected value (Gev) pdf (6) is
derived.
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[“The results are illustrated in Fig (1) It is clear
that the fitted non-Gaussian pdfs provide a better
approximation of the original datasets. The
parameters of the fitted pdfs are given in Table

(1).

3.2. Modeling methodology
3.2.1. The employed algorithm
It is assumed that only the home charging is
available and the PEVs are plugging into the grid
as soon as their arrival. Fig (2) illustrates the
overall procedure of the approach. Regarding the
extracted pdfs, the random samples of a; (a,), trq
(tr,) and d; (d,) are generated. The available
charging time (t,;) for each of the PEVs is
calculated by subtracting the departure time of the
next day (d,.;) from the arrival time of today (a,).
The PEV

battery capacity (Capyg), initial state-of-charge
of the battery (SOC;.,), power rating (P,) and
efficiency (Cyy) of the PEV battery chargers
determine the necessary time (tg,) to fully charge
the battery. In case tz,; would be less than t,;, the
complete charging of the PEV battery can be
accomplished. In any other way, it would be
impossible to fully charge the battery.
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Fig (1): The data and pdfs of (a) home departure time d;, (b) daily travelled distance try and (c) home arrival
time a,.

Table (1): The parameters of the fitted pdfs

Datasets The Normal pdf The suggested pdf
q Hng, = 748436 a=1.67454
! ong, =0.43178 B =21.3812
ki =—0.052368
Mgy, = 21.4150 ¢
try Hyr, =17.6568
O, =8.58711
k oy, =7.1222
k, =-0.060798
fing, =17.7170 '
a ta, =17.2700
Ona, =1.01385
0, =0.84832

3.2.2. The PEV battery initial SOC

The SOCiy; is determined based on the daily
traveled distances. Regarding the fact that t; in
home charging is usually bigger than tg,, it is
rational to assume that the battery SOC are 100%
at the departure time of the PEVs. Hence, the
SOC;,;; of the PEV can be derived as follows:

o —100-— e 100 ()
Cor xCap,,

where Cg is the efficiency coefficient of the

PEV during driving which depends on the driving

patterns and traffic conditions as well as driver

SOC

efficiency of the electric motors.

Considering IN as the iteration number of the
Monte Carlo simulation, the explained procedure
is carried out for IN times in order to derive the
distribution of the aggregated power consumption
of a PEV within each hour. Afterwards, the
expected values of the hourly load demand of the
PEV can be calculated. Eventually, demand
profile of the PEV is estimated by employing the
extracted expected values. This demand profile
affects the optimal scheduling, and it is considered
in optimization approach.
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Fig (2): Flowchart of the proposed approach for
PEV demand profile estimation

4. Proposed optimal scheduling

In this section the proposed multiobjective
scheduling of centralized stationary battery units is
presented. This scheduling is optimized using
Tabu search algorithm.

4.1. Multiobjective scheduling

In order to maximize the benefits of the
centralized battery units, they are utilized for two
objectives. As the first objective, they are
scheduled for peak cutting to reduce the cost of
electrical energy purchased by the distribution
utility and also, to reduce the power loss in the
network. As the second objective, if a failure event
occurs for an equipment (i.e. a power transformer
or feeder section), the failed equipment is
disconnected from the other equipments by
normally closed switches. Then, the disconnected
loads are restored using DG and storage units, if it
is possible from technical points of view. Unlike

the DG sources, storage units can restore the loads
regarding  their  previous  charge/discharge
trajectory and their state-of-charge. As a result, for
every probable failure event, the SOC of
centralized battery units should be estimated. This
state-of-charge should be optimized in each hour,
considering the possibility of all the failure events
in distribution network. The cost of energy not
supplied in (1) can be stated as follows.

cfT = > 0c.a;. PPV () - PP - PRT (0] at ©)

jeAy

where, OC is the cost of outage (in $/kWh)
and it is a function of the disconnected load type

and the outage duration. 4; is the probability of

occurring the j-th failure event, PPUT(t)is the
disconnected load power due to j-th failure event
at time t, P s the restored power by all DG

units after j-th failure event, PT(t) is the

restored power by all storage units at time t (after
j-th  failure event), At is the equipments
repair/replacement time and Ap,is set of all the
possible failure events in distribution network. In
9., P®T(t)is a function of the SOC of the

centralized batteries at time t, pulse power
capability of the batteries, power factor of load
and configuration of the network after switching
process.

4.2. Tabu search (TS) algorithm
To minimize the objective function given by (1), a
heuristic method can be used. In this paper, the
heuristic TS algorithm is applied. TS algorithm is
based on iterative local search along a trajectory.
Starting from a feasible solution as the current
solution which satisfies the constraints, some
neighbor solutions are selected. The objective
functions of the selected neighbors are calculated
using (1). Afterwards, the best neighbor solution is
selected as the new current solution to continue
the local search. This process is iterated until a
termination criterion is satisfied. To prevent
cycling, a Tabu list is used in TS. More details
about TS can be found in [29]. The TS algorithm
is applied in this paper due to its fast convergence.
The following algorithm is proposed in order to
generate a new neighbor solution of the current
solution in TS.

Step 1) If mg; <rand, go to step 5.

Step 2) Select the k-th storage unit among all
storage units, randomly.

Step 3) Select the t;-th and t,-th hours
randomly that 0<t; <24, 0<t, <24 and t; #t,.
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Step 4) Make p—rand ST, Sei ' =Sey —P

cand SNV =81 + P, and stop.

Step 5) Select the j-th DG unit among all DG
units, randomly.

Step 6) Select the t;-th hour randomly that
0<t, <24.

Step 7) Make sPeNeW _sBS 4 9 (rand ~0.5)x P »

and stop.

where, 0<mgr <1 is the searching rate for
centralized storage units and rand is a random
number within (0,1). S¢{ andSZTNEY are the

power consumption of the k-th centralized storage
unit at t-th hour, in the current solution and new

neighbor  solution,  respectively. SEtGand

s ™ are the generated power of j-th DG

source at t-th hour, in the current solution and new
neighbor solution, respectively. S¢t and STN&"
may be positive or negative.

In step 4, the value of P (|P|$‘SEU) is a

percentage of the charging/discharging power at
time t;, that is moved from the
charging/discharging power at time t; to the
charging/discharging power at time t,. In this case,
maximum SOC of the centralized batteries in the
new neighbor solution should not be different
from the one of the current solution. This
maximum SOC is equal to the rated capacity of
the centralized battery units.

5. Numerical studies
5.1. PEV demand extraction

To estimate the load demand profile of the
PEVs, the procedure explained in section 3 is
repeated 10000 times to deal with the related
uncertainties. The simulation parameters can be
found in Table (2). Fig (3) presents distribution of
the randomly generated samples (the synthetic
data) of the arrival times and departure times.
Similarly, scatter plots related to the traveled
distances can be provided.

5.1.1. The PEVs battery initial SOC

To derive the PEVs battery initial SOC (SOCiyir)
the mentioned scenario is employed. The SOC;;
is determined based on the daily traveled
distances. According to (8), the SOC;,, depends
on the traveled distance (trq,), the battery capacity
(Capnsy) and the efficiency coefficient of PEVs
during driving (Ce). The distribution of the
synthetic initial SOCs of the PEVs is shown in Fig

(4).

Table (2): The simulation parameters for PEV
demand extraction

Parameter Value
IN 10000
Prat 3 (kw)
Cappa 20 (kwh)
Cest 2 (km/kwh)
Cchr 0.9
8.5r

[e)
T

N
o
T

~
T

o
3

Departure time (hour)
[=2)

o
&)
T

o
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Arrival time (hour)
Fig (3): PEVs battery initial SOC
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Fig (4): PEVs battery initial SOC.

5.1.2. The aggregated power consumption
According to Fig (2), the procedure is repeated for
10000 times in order to derive the distribution of
the aggregated power consumption within each
hour. The expected values of the hourly load
demand of the PEV are presented in Fig. 5 which
can be referred as the demand profile of the
vehicle.

3000

2500

2000

Load demand (W)
5 &
8 8

500

0

14:00 16:00 18:00 20:00 22:00 0:00 2:00 4.00
Hours

Fig (5): Demand profile of a PEV

5.2. Optimal scheduling

In order to test the proposed scheduling for
centralized storage units, a typical 33-kV
distribution network is considered. This typical

6:00
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network is a modified configuration of the grid
presented in [30]. Network characteristics and
parameters are shown in Table 3 and Table 4. The
outage cost data is given in Table 5.

Market price and load level profile are shown
in Fig (6) This profile belongs to a typical
weekday in summer. The market price is shown
considering the three-level electricity price in Iran.
The pulse power capability of a battery is
presented in Fig (7) This figure is applied for

Table (3): Configuration properties of the typical
distribution network

ing, 7" year, No. 1, Spring 2016

can not provide 130 (%) of its rated power within

an interval which is larger than 4 hours.
In the following sections, the numerical
are presented in two cases.

studies

Table (4): Parameters of the typical distribution

Feeder | Sending | Receiving Length
no. node node (m)
1 1 10 202
2 6 7 818
3 10 6 650
4 10 14 430
5 10 18 840
6 21 13 820
7 14 23 486
8 18 21 574
9 8 2 76
10 9 3 1820
11 5 4 940
12 23 5 641
13 7 8 687
14 8 9 2057
15 10 17 430
16 10 20 697
17 21 11 639
18 23 12 679
19 18 15 571
20 20 16 502
21 21 19 555
22 21 22 526

calculating discharge power of a battery. It
indicates a technical constraint for battery units.
For example, as can be seen, the battery system

-
=
[S)

network
Parameter Value
Resistance of feeders (Q/km) 0.1738
Reactance of feeders (Q/km) 0.2819
Capacity of feeders (A) 213
Feeders failure rate (f/lkm-yr) 0.1087
Feeders repair/replacement time (hr) 4
HV/MV transformer failure rate (f/yr) 0.0325
HV/MV transformer repair/replacement 8
time (hr)

Centralized battery capacity (kwh) 2000
Centralized battery efficiency (%) 75
Minimum depth of discharge (kWh) 200

DG capacity (kW) 400
Load power factor 0.9
DG power factor 1
Centralized battery power factor 1
Peak demand in each node, without PEVs 160
(kw)

Table (5): Outage cost function

Interruption duration Outage cost
(min) ($7kw)
60 0.482
240 4.914
480 15.69
5.2.1. Case 1

As the first case, it is supposed that there is a
centralized battery storage unit in node number 3.
This node is selected regarding some initial
computations. If PEVs are not considered as load
demands the  optimal  scheduling  for

Load level (%), Electricity price ($/MWh)

=

o

S
T

20

10~

charge/discharge of  centralized battery
T T T T T T
==-Load level
"""" \ — Electricity price ||

[ L [ [ [

[
12 14 16 18 20 22 24
Hours

Fig (6): Market price and load level profile for case studies
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Fig(7): Discharge pulse power capability of batteries [31]

units is obtained using TS algorithm as shown
in Fig (8) In this case, the battery unit is charged
within 1-5 a.m. and it is discharged during 13-15
and 19-24. The charging power within 1-3 a.m. is
higher compared to 3-6 interval, because the
battery should be charged faster to support the
loads against failure events. On the other hand, a
fast charging increases the power loss in the
network.

Considering Fig (6), within 20-23 the
electricity price is higher, but battery unit is
discharged not only within 20-24, but also during
13-15 because of high demand due to air
conditioning loads.

Assuming 100% penetration level of PEVs,
optimal scheduling of the centralized battery units
can be depicted as Fig (9) As it can be seen, the
battery units are discharged only during 17-24
because of the PEVs extracted load profile Fig (5).
Opposing to Fig (8), charging power of the
centralized battery is higher during 3-5 in Fig (9)
because a portion of PEVs are charged within 1-2
a.m. The power loss will be more if the centralized

battery is charged faster.

5.2.2. Case 2

As case 2, it is supposed that there are two
dispatchable DG sources in nodes 11 and 21 and
two battery units are installed in nodes 2 and 3.
These nodes are selected regarding some initial
computations. If no PEVs are connected to the
grid, the optimal charge/discharge scheduling of
the two centralized battery units is according to
Fig (10). The battery unit at node number 3 is
discharged only within 17-24, but the one at node
number 2 is discharged during 11-15 and 20-23.
So discharging one of the battery units is enough
for peak cutting during 11-15. On the other hand,
both battery units are charged within 1-6;
however, their charging power follow different
curves in order to reduce the power loss in the
feeders and transformers. The differences between
the charge/discharge profiles of these battery units
are due to their locations in the distribution
network.

T T T
2000+ mmmmmmmmmm—m———s N - State-of-charge
N,
~ K4 AN — Power
< / N\
2 ’ s
\,

= 15001 / LS . 4
(9] ,' \\
2 7 \
< / \,
S J AN
£ 1000\~ / N -
o 4 \,
0 ! \
Q /7 AN
< / \
= 4 '\
2] / \

- 500 # . -
’§ _/'l—\ﬁ_ AN
= 4 \\
= 2
=
[
2 oF
o
o

-500 ! L L L
5 10 15 20

Hours

Fig (8): Optimal scheduling for centralized battery unit in case 1 without PEVs
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Fig (9): Optimal scheduling for centralized battery unit in case 1 with PEVs
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Fig (10): Optimal scheduling for centralized battery units in case 2 without PEVs

If the PEVs are connected to the network with
a penetration level of 25%, then the optimal
scheduling of centralized batteries is according to
Fig. 11. Accordingly, the battery unit at node
number 2 is discharged only during 17-24, and the
other one at node number 3 is discharged within
16-19 and 20-24 regarding PEVs demand profile.

If the penetration of the PEVs increases to
50%, then both centralized battery units are
discharged only during 17-24, as shown in Fig. 12.
However, charging intervals of the centralized
battery units is the same for 25% and 50%
penetration level of PEVs. Comparing Fig (12)
with Fig (10) shows that the average SOC of
centralized batteries in Fig (12) is more than the
one in Fig (10), e.g. within 15-17. As a result, the
restored load by battery units, after probable
failure events, in Fig (12) is more than the one in

Fig (10). If the PEVs are supposed to be as new
customers, the Average System Curtailment Index
(ASCI) is 163.6773 (kWh/customer) in each day
for 50% penetration level of PEVs. While, without
PEVs, the ASCI is more (i.e. 220.5864
(kWh/customer)) in each day for optimal
scheduling of system. Here, the ASCI is obtained
from the following equation [32]:

N
> LY

_ 10
ASCl="=—— N (10

where L; is the average load connected to load
point i, U; is the average outage time, N is the total
number of customers served, and n_ denotes the
number of all the load nodes.
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6. Conclusions

In this paper, a short-term optimal scheduling for
stationary centralized battery units in distribution
network has been proposed. The battery units have
been scheduled not only for peak cutting, but also
for diminishing energy not supplied due to failure
events. This paper mainly consideres the impact of
PEVs charging on the optimal scheduling of
centralized batteries in a distribution network.
Firstly, the charging load demand of PEVs has
been modeled using a stochastic method based on
Monte Carlo simulation. Then, the battery units
have been scheduled optimally by TS algorithm,
in the presence of the PEVSs connected to the
distribution network. Numerical studies on a
typical distribution network showed that PEVs can
change the optimal charge/discharge scheduling of
centralized battery units. In a summer weekday,
the peak load usually is within midday times, but
the estimated load profile of PEVs is commonly
higher in afternoon. As a result, PEVs (as new
components in distribution networks) postpone
discharging of centralized batteries to later hours
in a day, regarding the penetration level of PEVs.
As a phenomenal effect, this made the system
more reliable considering ASCI of the distribution

network. Moreover, PEVs influenced the charging
power of the centralized batteries partly because
of increasing power loss in feeder sections and
transformers. Generally, the proposed optimal
scheduling, in all cases, dependes on the
configuration of the distribution network as well
as the location of the battery energy storage units.
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