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Abstract—This paper proposes a novel load management so-
lution for coordinating the charging of multiple plug-in electric
vehicles (PEVs) in a smart grid system. Utilities are becoming
concerned about the potential stresses, performance degradations
and overloads that may occur in distribution systems with multiple
domestic PEV charging activities. Uncontrolled and random PEV
charging can cause increased power losses, overloads and voltage
fluctuations, which are all detrimental to the reliability and secu-
rity of newly developing smart grids. Therefore, a real-time smart
load management (RT-SLM) control strategy is proposed and de-
veloped for the coordination of PEV charging based on real-time
(e.g., every 5 min) minimization of total cost of generating the en-
ergy plus the associated grid energy losses. The approach reduces
generation cost by incorporating time-varying market energy
prices and PEV owner preferred charging time zones based on
priority selection. The RT-SLM algorithm appropriately considers
random plug-in of PEVs and utilizes the maximum sensitivities
selection (MSS) optimization. This approach enables PEVs to
begin charging as soon as possible considering priority-charging
time zones while complying with network operation criteria (such
as losses, generation limits, and voltage profile). Simulation results
are presented to demonstrate the performance of SLM for the
modified IEEE 23 kV distribution system connected to several low
voltage residential networks populated with PEVs.

Index Terms—Generation cost, hourly prices and smart grid,
load management, plug-in electric vehicles, real time.

I. INTRODUCTION

P LUG-IN electric vehicles (PEVs) are growing in popu-
larity as more efficient low emission alternatives to the

conventional fuel-based automobiles. Depleting natural oil and
fossil fuel reserves, rising petrol costs, and increasing govern-
mental regulations to adopt more sustainable technologies have
driven the development of plug-in electric vehicles. Nissan, Mit-
subishi, General Motors, and Chevrolet [1]–[3] have already
begun to roll out PEVs from their production lines with many
more automotive companies promising to rapidly expand into
the PEV market.

The operation of PEVs in a distribution system will be a
challenging demand side management (DSM [4], [5]) problem
from the utilities perspectives since PEV battery chargers repre-
sent sizeable loads. A quite plausible scenario is that numerous
PEV owners will arrive home from work within a narrow time
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Fig. 1. Subscription options of charging time zones for PEV owners and vari-
able short-term market energy pricing [30].

period and immediately plug-in their vehicles to charge during
a time of already high peak demand. These uncoordinated
and random charging activities could significantly stress the
distribution system causing severe voltage fluctuations, sub-
optimal generation dispatch, degraded system efficiency and
economy, as well as increasing the likelihood of blackouts due
to network overloads. Fortunately, the development of smart
grid communication infrastructure will provide an excellent
opportunity to manage this problem with intelligent or smart
coordinated charging of PEVs.

Smart grid technologies are currently undergoing develop-
ment in an effort to modernize legacy power grids to cope with
increasing energy demands of the future [6]–[8]. Although the
details and standards for smart grids have yet to be finalized,
it is clear that a high speed bidirectional communications net-
work will be necessary. This will provide the framework for
real-time monitoring and control of transmission, distribution,
and end-user consumer assets for effective coordination and
usage of available energy resources.

Some recent publications have studied the integration of cus-
tomer DSM for demand response and load control in smart grids
to improve the system load profile and reduce peak demand
[9]–[13]. To achieve this, many countries are developing tech-
nologies such as smart metering and smart appliances. Italy
and Sweden, for example, are approaching 100% deployment
of smart meters for consumers. Smart appliances such as PEVs
will soon be able to “talk” to the grid and exercise a more ad-
vanced form of (semi)automated DSM by automatically sched-
uling their activities at strategic times [14]–[16]. Electric ve-
hicles can also be utilized to support smart grids by offering
ancillary services such as frequency regulation [24]–[26] and
energy storage. Reference [24] uses dynamic programming to
make efficient use of the distributed power of electric vehicles

1949-3053/$26.00 © 2011 IEEE
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Fig. 2. Proposed MSS-based RT-SLM algorithm for coordinated PEV sched-
uling with random arrivals and departures of PEVs at each time step (e.g.,�� �

� min) considering system losses, voltage profile, and peak demand limits.

and develops an optimal vehicle-to-grid (V2G) aggregator for
frequency regulation. It focuses on the individual PEV charging
scheduling rather than collectively organizing the PEVs as pro-
posed in this paper. These expanding functionalities enables
smart grids to rapidly self-regulate and heal, improve system
reliability and security, and more efficiently manage energy de-
livery and consumption [17]–[23].

In support of these objectives, this paper proposes a novel
real-time smart load management (RT-SLM) algorithm to
coordinate multiple PEV charging activities while reducing
system stresses that can impact grid reliability, security and
performance [17]. The proposed sensitivities-based RT-SLM
allocates PEVs for charging as soon as possible based on
real-time (e.g., every 5 min) cost minimization and improves
voltage profile while considering designated charging time
zone priorities specified by PEV owners. To demonstrate the
improvements in smart grid performance, RT-SLM is simulated
with a detailed system topology consisting of a high voltage
(HV) feeder with several integrated low voltage (LV) resi-
dential networks populated with PEVs. Simulation results are
presented for (un)coordinated charging with PEV penetrations
of 16%, 32%, 47%, and 63% considering three designated
time zones; red: 1800h-2200h, blue: 2200h-0100h, and green:
0100h-0800h.

II. PEV CHARGING COORDINATION: PROBLEM FORMULATION

The PEV charging coordination problem is formulated into a
series of system constraints and an objective function necessary
to improve smart grid performance and economy.

Fig. 3. Daily residential load curve.

TABLE II
PEV CHARGING SCENARIOS FOR SMART GRID SYSTEM OF FIG. 4 WITH PEV

CHARGING TIME ZONES AND DAILY LOAD CURVE OF FIG. 3

A. System Constraints

The voltage constraints of the distribution system will be con-
sidered by setting the upper and lower limits to correspond to
voltage regulation limits typically set by utilities. In this paper,
the voltage limits are set to ( pu and

pu) which is typical of many distribution systems

(1)

where and are the node number and total number of nodes,
respectively. The second constraint is for setting a ceiling limit
for the total maximum system demand of the distribution system
to prevent an overload condition from PEV charging

(2)

where is the total power consumption at time in-
terval within the 24 h, is the power consumption of
node at and is the maximum demand level at
that would normally occur without any PEVs.
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Fig. 4. The 449 node smart grid distribution system topology consisting of the IEEE 31 node 23 kV system with several 415 V residential feeders. Each LV
residential feeder has 19 nodes representing customer households with varying penetrations of plug-in electric vehicles (Table I).

B. Objective Function (Cost Index)

The selected objective function for the PEV charging coor-
dination problem is based on the minimization of total cost of
purchasing or producing the energy for charging PEVs plus the
associated grid energy losses. The justification for this is that
the economy of smart grids will largely depend on the cost of
energy that would be expended on cable and transformer losses.
Therefore, the following objective function is defined:

(3)

where and are the costs corresponding to
total system losses and total generation, respectively; is the
time interval (e.g., min), is the cost per MWh
of losses (e.g., MWh, [27]–[29]) and is
the cost per MWh of generation at time interval based on
the variable price of purchasing or producing the energy (e.g.,
Fig. 1, [30]). is the total power losses of distribution
system for time interval

(4)

(5)

where is the voltage at node at time interval , while
and are power loss, resistance, and

admittance of line section between nodes and .
In this paper, optimization of and (3) are

performed by minimizing system losses at each time interval

TABLE I
DESIGNATED PEV PENETRATION LEVELS AND ASSIGNED PRIORITIES FOR

CHARGING TIME ZONES (RED=HIGH PRIORITY, BLUE=MEDIUM PRIORITY,
GREEN=LOW PRIORITY)

and incorporating time-varying energy prices over the 24 hours
and PEV owner preferred charging time zones based on priority
selection.

In order to assess the state of a smart grid subject to PEV
charging as well as generation status, voltage profile, and power
losses necessary for the objective function and checking of con-
straints, a modified Newton-based load flow routine is used. All
loads are modeled as constant power loads with their real and
reactive powers updated through a daily load curve for each time
interval the load flow is performed.
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Fig. 5. Case A1: Impact of random uncoordinated PEV charging (63% pene-
tration) within 1800h-0800h on system demand.

Fig. 6. Case A1: Impact of random uncoordinated PEV charging within 1800h-
0800h on voltage profile (shown for worst affected nodes). High PEV penetra-
tions cause moderate voltages deviations.

Fig. 7. Case A1: Impact of random uncoordinated PEV charging within 1800h-
0800h on the total system power losses.

III. REAL-TIME SLM ALGORITHM WITH RANDOM ARRIVALS

OF PEVS CONSIDERING CONSUMER PRIORITY

A new real-time smart load management (RT-SLM) approach
for the coordination of PEV charging is proposed to improve

Fig. 8. Case A2: Impact of random uncoordinated PEV charging (63% pene-
tration) within 1800h-0100h on system demand.

Fig. 9. Case A2: Impact of random uncoordinated PEV charging within 1800h-
0100h on voltage profile (shown for worst affected nodes). High PEV penetra-
tions cause moderate voltages deviations.

Fig. 10. Case A2: Impact of random uncoordinated PEV charging within
1800h-0100h on the total system power losses.

the security and reliability of smart grids by minimizing voltage
deviations, overloads, and power losses that would otherwise be
impaired by random uncoordinated PEV charging. The random
and unpredictable nature of PEV activity in a domestic house-
hold situation calls for a fast and adaptable real-time coordina-
tion strategy.
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Fig. 11. Case A3: Impact of random uncoordinated PEV charging (63% pene-
tration) within 1800h-2200h on system demand.

Fig. 12. Case A3: Impact of random uncoordinated PEV charging within
1800h-2200h on voltage profile (shown for worst affected nodes). High PEV
penetrations result in large voltage deviations.

Fig. 13. Case A3: Impact of random uncoordinated PEV charging within
1800h-2200h on total system power losses.

A. Overview of RT-SLM

As an alternative to PEV chargers randomly and immediately
operating when first plugged in, or after some fixed time delay,
the proposed RT-SLM will decide which PEVs will charge
at what time. PEV charger control can be achieved through
the forthcoming smart grid communications infrastructure by
sending and receiving signals to individual PEV chargers. This
means that PEV charging control would be taken out of the
hands of the owner and scheduled automatically. RT-SLM
will perform cost minimization based on (3) and the system
constraints (1)–(2). Furthermore, load variations and energy
pricing over a 24 h cycle with PEV owner preferences for
charging time zone and priority are included. Based on this and
load flow computed outputs, RT-SLM assigns charging sched-
ules for individual PEVs to maximize smart grid operational
performance.

B. Charging Zone and Priority Scheme

The cost of purchasing or producing the energy for charging
PEVs is minimized by defining time zones to correspond with
utilities interest in minimizing generation during on-peak times.
PEV owners will indicate their preferred charging time zone
and at each time step (e.g., min), RT-SLM will try
to accommodate these preferences while considering the cost
minimization objective function and system constraints(1)–(5).
Three charging zones have been defined for this study:

• Red charging zone (1800h-2200h)- coinciding with most
of the on-peak period and is designated for (high priority)
PEV owners wanting to charge their PEVs as soon as pos-
sible on return from work in order to have their vehicles
ready for use later in the evening. These PEV owners de-
siring to charge during this period of high demand will be
charged a higher tariff rate.

• Blue charging zone (2200h-0100h)- is for (medium pri-
ority) consumers that prefer to charge their vehicles at par-
tially off-peak periods and pay a lower tariff rate.

• Green charging zone (0100h-0800h)- is the period that
most PEV charging will take place since most (low pri-
ority) consumers will require their vehicles fully charged
for use throughout the next day. Charging off-peak will
be highly encouraged by setting the cheapest tariff rates
(Fig. 1).

Note that the three charging zone periods (Fig. 1) do not
overlap. However, RT-SLM will also allow high and medium
priority subscribers to charge their vehicles if they arrive after
2200h and 0100h, respectively. In practice, priority consumers
that arrive in their preferred red and blue charging time zones
and are unable to be charged due to network constraints should
be compensated. This is not included in the present version of
RT-SLM and will be considered in future research.

C. PEV Coordination Based on MSS Optimization

Real-time coordination of PEVs involves loss minimization
((3), ), voltage regulation (1) and peak demand con-
trol (2) while respecting PEV owner priorities ((3), ).
Therefore, the inclusion of optimization techniques would seem
to be in order. However, conventional optimization approaches
such as genetic algorithms (GAs) are not computationally ef-
ficient for real-time applications with short time steps (e.g., 5
min). Therefore, the proposed RT-SLM employs the maximum
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sensitivities selection (MSS) optimization approach to minimize
system losses [27]–[29].

MSS quantifies the objective function sensitivities (system
losses) to PEV charger loads in the smart grid at a given time
step. This is achieved by temporarily activating in the load flow
all PEV charger nodes (at 5% of their nominal power rating) in
the queue at the current time step. From the small load power
perturbations at each PEV charger node, it is then possible to
conveniently compute the sensitivities of system losses due to
each of the candidate PEV nodes from Jacobian entries of the
load flow, which is then stored in the MSS vector. The MSS
vector is then sorted such that PEVs contributing to the highest
loss sensitivities in each priority group are selected last. In this
manner, the PEV coordination solution is designed to favor
scheduling first the PEVs causing minimum impact on system
losses. This MSS sorting process is repeated for descending
priority groups thereby arriving at a sorted PEV queue table in
accordance with the MSS vector.

Sensitivities of the objective function [(3), ] to the
PEV location and power consumption can be computed using
partial derivatives[27]–[29]

(6)

where is the sensitivity of PEV at node is total
power loss (5) and is the power consumption of PEV. Partial
derivatives of are deduced from the Jacobian matrix of the
load flow as follows:

(7)

where and are mismatch active and reactive power
and the bus voltage phase angle and magnitude, respectively.

D. Proposed RT-SLM Algorithm

A MATLAB based algorithm has been developed to perform
PEV scheduling based on RT-SLM (Fig. 2). The algorithm
begins by first reading the input parameters (e.g., bus and
branch impedance data, nodes with PEVs, designated priority
time zones, load profiles for PEV chargers and residential loads
as well as system constraints) and performing initialization
(e.g., selecting the highest priority group, time zone and PEV).

The randomly arriving PEVs are added to the “PEV Queue
Table” and the table is sorted from high to low priority. The
queue also contains PEVs from previous time steps that have not
been charged due to a constraint violation. The main program
loop performs PEV coordination continuously at every time step
(e.g., 5 min intervals) over 24 hours. At each time step, RT-SLM
samples the current state of the smart grid (e.g., load level, loss
estimates), computes MSS vector (6)–(7), sorts the “PEV Queue
Table” according to MSS values, and activates PEV chargers
starting from the top of the queue.

IV. SMART GRID DISTRIBUTION SYSTEM

A detailed smart grid test system topology (Fig. 4) is devel-
oped and studied to demonstrate the impacts and benefits of pro-
posed RT-SLM versus random uncoordinated charging.

A. System Topology

The selected system is a modification of the IEEE 31 bus 23
kV distribution test system [22] combined with several residen-

Fig. 14. Case B: Impact of MSS-based RT-SLM coordinated PEV charging
(63% penetration) on the total system power demand.

Fig. 15. Case B: Impact of MSS-based RT-SLM coordinated PEV charging on
voltage profile (shown for affected worst nodes). RT-SLM maintains all voltages
within regulation.

Fig. 16. Case B: Impact of MSS-based RT-SLM coordinated PEV charging on
total system power losses. Note the significant reduction in losses compared to
random charging.

tial LV 415 V networks based on real system data of a neigh-
borhood (in Western Australia). Each LV feeder consists of 19
nodes representing customer households with selected nodes as-
signed PEVs, priority and charging zone (Table I). A total of 22
LV feeders are implemented and supplied from the HV main
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buses via 23 kV/415 V 100 kVA distribution transformers. The
total number of nodes is 449 (31 HV nodes and 418 LV nodes).
System data are listed in the Appendix.

B. PEV Energy Requirements

For realistic modeling of PEV charging loads, the battery ca-
pacities are of importance to determine reasonable charging pro-
files. PEV battery capacities typically range from a few kWh to
over 50 kWh [1]–[4]. For this study, a 10 kWh battery capacity
per PEV is selected because it is expected that the lower end
of battery sizes are more affordable and more likely to initially
dominate the market.

In order to optimize PEV battery life, deep cycle batteries
with a depth of discharge (DOD) of 70% of the rated battery life
is assumed useable resulting in an available capacity of 7 kWh
that the charger must deliver. Battery chargers have some losses
and therefore the energy requirement from the grid is actually
greater than the stated battery capacity. A typical battery charger
efficiency of 88% is assumed [23] requiring a total of 8 kWh of
energy from the grid to charge a single PEV.

C. PEV Battery Chargers

In practice, PEV battery chargers will have to be rated high
enough to charge batteries of these sizes in reasonable time pe-
riods. However, limitations of household wiring must also be
considered. A standard single-phase 240 V outlet (Australia)
can typically supply a maximum of 2.4 kW. There are also
15A and 20A outlets (single-phase and three-phase) which can
supply approximately 4 kW and 14.4 kW, respectively. For this
analysis, a fixed charging power of 4 kW is selected because this
is commonly available in most single-phase residential house-
holds without having to reinforce wiring.

D. Assumed Load Profiles

A typical residential load curve based on actual recordings
from a distribution transformer (in Western Australia) is used
to model the domestic load variations (without PEV charging)
at each house over a 24 hour period (Fig. 3). The peak power
consumption of a house is assumed to be on average 2 kW with
a power factor of 0.9.

E. PEV Penetration Levels

In order to cover the widest range of plausible PEV charging
scenarios in the near and long term future, four PEV penetration
levels are simulated for each charging approach (Table I, row
2). The penetration levels are defined to be the proportion of
nodes with PEVs to the total number of low voltage residential
nodes (excluding transformer LV node). A maximum of one
PEV per household is assumed. PEVs are randomly distributed
along each low voltage network.

F. Designated PEV Priorities

Within the given penetrations, the PEVs are grouped into pri-
ority time zone groups (e.g., red, blue, and green zones, Fig. 1).
A realistic breakdown of priorities is assumed by having the ma-
jority of PEVs owners subscribing to green and blue time zones.

Fig. 17. Case C: Impact of MSS-based RT-SLM coordinated PEV charging
(63% penetration) on the total system power demand.

Fig. 18. Case C: Impact of MSS-based RT-SLM coordinated PEV charging on
voltage profile (shown for affected worst nodes) considering PEV owner priority
charging zones. RT-SLM maintains all voltages within regulation.

Fig. 19. Impact of MSS-based RT-SLM coordinated PEV charging on total
system power losses considering PEV owner priority charging zones. Note the
significant reduction in losses compared to random charging.

This is because the lower pricing of blue and green zones will
be more attractive to PEV owners compared to higher tariffs in
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Fig. 20. Case D: Impact of MSS-based RT-SLM coordinated PEV charging
(63% penetration) on the total system power demand.

Fig. 21. Case D: Impact of MSS-based RT-SLM coordinated PEV charging on
voltage profile (shown for affected worst nodes) considering PEV owner priority
charging zones. RT-SLM maintains all voltages within regulation.

Fig. 22. Case D: Impact of MSS-based RT-SLM coordinated PEV charging on
total system power losses considering PEV owner priority charging zones. Note
the significant reduction in losses compared to random charging.

red zone charging. For each penetration level, the assumed pri-
orities are randomly proportioned to the PEV nodes in each LV
residential network as shown in Table I.

V. RT-SLM COORDINATION RESULTS

Simulations are performed considering four PEV charging
scenarios (Table II, Cases A–D) for the smart grid system of
Fig. 4. Simulation results for uncoordinated and RT-SLM co-
ordinated PEV charging with a time step of min are
presented in Figs. 5–28 and Table III. The proposed algorithm
of Fig. 2 is based on random arrivals of PEVs within the 24 h pe-
riod. However, in order to compare simulation results of Cases
B-D, a Gaussian distribution of PEV arrivals is generated and
used for each penetration level as indicated by the histograms
shown in Figs. 14–17, 20, and 23–28.

VI. DISCUSSION

Simulation results with PEV penetration levels of 16%, 32%,
47%, and 63% based on uncoordinated and RT-SLM coordi-
nated charging schemes are summarized in Table III.

• Case A: Random uncoordinated PEV charging is investi-
gated by simulating a normal distribution of PEV charging
loads occurring within 1800h-0800h (Case A1, Figs. 5–7),
1800h-0100h (Case A2, Figs. 8–10), and 1800h-2200h
(Case A3, Figs. 11–13). In all cases, the power demand
and required generation show significant increases during
the peak hours (Figs. 5, 8, and 11).

• The situation worsens for the more realistic scenario of
Case A3 as the system peak rises sharply and broadens due
to much of the PEV charging load coinciding with normal
system load peaks. This could cause suboptimal and expen-
sive generation dispatching with limited spinning reserve
to service this new load peak. For all uncoordinated PEV
charging conditions (Cases A1–A3), even with low PEV
penetrations, severe voltage deviations (Figs. 6, 9, and 12),
very high power losses (Figs. 7, 10, and 13), high costs in
generation and energy losses (Table III, columns 5–6) are
observed.

• Case B: A coordinated PEV charging strategy is proposed
(Figs. 14–16, 23–25, and Table III) that considers con-
sumer designated priorities while the three charging time
zones are intentionally overlapped to begin at 1800h. It
is then possible for RT-SLM to accommodate fortunate
medium and low priority subscribers the opportunity to
charge their vehicles earlier if after scheduling higher pri-
ority subscribers there is enough capacity without violating
system constraints. In comparison with the realistic un-
coordinated PEV charging scenarios (e.g., Cases A2 and
A3), a general improvement in system performance and
reduction in operational costs is observed (Table III). Fur-
thermore, the voltages at all nodes are regulated within
limits even under large PEV penetrations. System losses,
peak generation, and transformer load currents have also
reduced. However, this case may not be economically jus-
tified as some lower priority consumers are served during
the red time zones at no extra charge.

• Case C: The proposed RT-SLM strategy in Case B is
modified to investigate a more economically justified PEV
charging strategy from the point of view of the utility
(Figs. 17–19 and 26–28 and Table III). Unlike Case B,
lower priority PEVs will be prevented from charging in
higher priority time zones. A further reduction in
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Fig. 23. Case B: System power demand with 47% penetration of PEVs
using MSS-based RT-SLM coordinated PEV charging.

Fig. 24. Case B: System power demand with 32% penetration of PEVs
using MSS-based RT-SLM coordinated PEV charging.

Fig. 25. Case B: System power demand with 16% penetration of PEVs
using MSS-based RT-SLM coordinated PEV charging.

generation and energy loss costs is observed while main-
taining similar performance improvements (e.g., voltage
profile, losses, and transformer loading) of Case B. The
trade-off here is that there is less customer satisfaction in
not being able to charge as soon as possible given the avail-
able capacity.

• Case D: The impact of variable generation on RT-SLM per-
formance is investigated (Figs. 20–22, and Table III). This
case is representative of future smart grids where environ-
mental factors (e.g., wind speed in wind farms) dynam-
ically change available generation. Alternatively, utilities
may wish to exercise more control in generation dispatch
to achieve economic targets. Case C is modified to have
step-varied demand limits. The results show the potential
for further economic gains and improved smart grid per-
formance under variable generation conditions.

• For real-time applications with large numbers of randomly
arriving PEVs, RT-SLM is a good candidate for fast opti-
mization and coordination of PEV charging in very short
time steps. This is indicated by the small computing times
shown for all case studies (Table III, last column). This
approach has the added benefit of allowing PEVs to be
charged as soon as possible while complying with network
operation criteria. Furthermore, as RT-SLM utilizes a mod-
ified Newton-based load flow algorithm, it inherently has
fast convergence behavior.

VII. CONCLUSION

A real-time smart load management (RT-SLM) algorithm
based on MSS optimizations is proposed to improve smart
grid performance with high penetration of PEVs. RT-SLM
is designed for real-time coordination of randomly arriving
and departing PEVs in residential networks. RT-SLM al-
locates PEVs for charging as soon as possible within the
priority-charging time zones based on real-time (e.g., every
5 min) cost minimization while maintaining voltage profiles
and generation limits. The improvements and benefits of the
proposed algorithm versus uncoordinated PEV charging are
compared and demonstrated through extensive simulations for
a smart grid topology. The main conclusions are:

• Compared to existing PEV coordination approaches (e.g.,
[16]), the proposed RT-SLM is capable of real-time coor-
dination of randomly arriving and departing PEVs consid-
ering owner charging time zone priority, direct regulation
of voltage magnitudes at all nodes, controlling system peak
demand while significantly improving the efficiency and
economy of smart grids.

• A feasible pricing and time zone priority scheme for PEV
charging is demonstrated to work effectively with SLM
PEV charging coordination. PEV owners can designate
preferred charging time zones as SLM performs perfor-
mance improvement functions such as cost and loss min-
imization while maintaining voltage regulation. SLM en-
deavors to respect PEV owner designated charging time
zones as long as system constraints are not violated.

• SLM is shown to be beneficial in reducing overall system
overloads and power peaks resulting in energy savings and
cost reduction through the deferment of costly upgrades
and building of new generation plants. The burden on local
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Fig. 26. Case C: System power demand with 47% penetration of PEVs using
MSS-based RT-SLM coordinated PEV charging.

Fig. 27. Case C: System power demand with 32% penetration of PEVs using
MSS-based RT-SLM coordinated PEV charging.

Fig. 28. Case C: System power demand with 16% penetration of PEVs using
MSS-based RT-SLM coordinated PEV charging.

TABLE III
IMPACT OF UNCOORDINATED AND COORDINATED PEV CHARGING ON SMART

GRID PERFORMANCE (FIG. 4) WITH RANDOMLY ARRIVING PEVS DURING

THE CHARGING ZONES. FOR COMPARISON THE SAME GAUSSIAN RANDOM

DISTRIBUTIONS ARE USED IN THE SIMULATIONS ��� � � min�

distribution circuits is also reduced (e.g., cables and trans-
formers) thereby minimizing the risk and cost of premature
transformer failures and associated outages.

• Conventional optimization approaches (e.g., GAs) are gen-
erally too computationally intensive to be of any practical
use for real-time PEV coordination. Therefore, the high
speed performance offered by RT-SLM with MSS opti-
mization could be a viable option to cope with the frequent
and random nature of PEV charging activities.

• The impact of PEV charging was the focus of this study;
however, the SLM approaches are applicable to coordi-
nating a wider range of smart appliances.

• The results obtained through the SLM approach are vital
for smart grid reinforcement by improving the reliability
and security of the supply to the customer.

APPENDIX

Parameters of the 19 bus low voltage and 31 bus distribution
system are provided in Tables IV–V [22], respectively.
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TABLE IV
LINEAR AND NONLINEAR (PEV) LOADS OF THE TYPICAL LOW VOLTAGE

RESIDENTIAL SYSTEM (FIG. 4)

TABLE V
LINE PARAMETERS OF THE LOW VOLTAGE RESIDENTIAL SYSTEM (FIG. 4)
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