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ABSTRACT Due to an increase in penetration of intermittent distributed energy resources (DERs) in
conjunction with load demand escalation, the electric power system will confront more and more challenges
in terms of stability and reliability. Furthermore, the adoption of electric vehicles (EVs) is increasing day
by day in the personal automobile market. The sudden rise in load demand due to EV load might cause
overloading of the potential transformer, undue circuit faults and feeder congestion. The objective of this
paper is to develop a strategy for distribution feedermanagement to support the implementation of emergency
demand response (EDR) during contingency and overload conditions. The proposed methodology focuses
on management of smart home appliances along with EVs by considering demand rebound and consumer
convenience indices, in order to reduce network stress, congestion and demand rebound. The developed
scheme ensures that the load profile is retained below a certain level during a demand response event
while mitigating demand rebound impacts. Simultaneously, the mitigation of consumers’ convenience
level violation, information of smart loads and homeowners’ objective of serving critical loads are also
considered during the event. The effectiveness of the developed approach is assessed by simulating a node
of a distribution network of 300kW, consisting of 9 distribution transformers serving the associated homes.
In this study, the smart loads such as an air conditioner/heater, an EV, a clothes dryer, and a water heater are
also modeled and simulated. Furthermore, the simulation results are compared with an already developed
de-centralized approach, and a simple fair distribution approach to evaluate and validate the effectiveness of
the designed methodology. It is exhibited by the analysis of the results that the developed approach reduced
the demand rebound following a demand response event and minimized the congestion at distribution
transformer during overloading condition while maintaining the consumers’ comfort.

INDEX TERMS Demand rebound, distributed energy resources, electric vehicles, feeder congestion, load
profile, network Stress.

NOMENCLATURE
Acronyms

DER Distributed energy resources
DFLM Distribution feeder load management
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DR Demand response
EDR Emergency demand response
EV Electric vehicle
FA Feeder agent
HEMS Home energy management systems
HLA Home load agent
SOC State of charge
TA Transformer agent
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Variables
δl Interval length (hour)
δr Amount of required energy (Btu/◦F) to raise

the temperature of the room by 1◦F
As,tank Water heater unit surface area (ft2)
CHVAC Rating of the heating unit (Btu/h)
Hj,G Rate of heat loss of a home (Btu/h)
K Number of customers associated with a trans-

former
LGO Load limit assigned to feeder agent by grid

operator
N Number of transformers connected to a feeder

node
Rbat Battery rated capacity (kWh)
RH ,tank Heating resistance of water heater tank

(ft2.◦F .h/Btu)
Rwj Hot water flow rate during time slot j (gpm)
tair Temperature of surrounding air of WH unit

(◦F)
tj,ac Temperature of room during time slot j (◦F)
tj,wh Temperature of hot water during time slot j
Tpr Power of the battery discharged during trav-

eling (kWh)
twh,inlet Temperature of water at water heater tank

inlet (◦F)
TRcap,i Transformer i ∈ N rated capacity
Utank Volume of WH tank
Wac HVAC unit rated demand (kW)
Wcoil,cd Power required by the heating coil of CD unit
WEV EV charger rated power (kW)
WFD Instantaneous power demand at a distribution

feeder node
Whome,i,k Total load (kW) of a home k ∈ K assoicated

with transformer i ∈ N
WTR,i Instantaneous load (kW) at a transformer i

I. INTRODUCTION
In electrical systems and markets, the instantaneous balance
between supply and demand is always needed, which makes
the objective of creating functioning electricity markets more
complex. Nevertheless, power sector is focusing on the inte-
gration of more distributed energy resources (DERs) for its
daily operation [1]. The replacement of fossil-fuel based
conventional generation units with renewable alternatives
poses threats of its own, particularly due to inherent inter-
mittent nature of solar and wind energy [2], [3]. In order
to compensate the intermittency in solar and wind power,
there is a need to incorporate more flexible resources into
the grid operation. For reliable operation and economical
supply, power networks require higher utilization efficiency
and an adequate capacity. However, their low load factor
is projecting the ordinary utilization efficiency. Moreover,
electric power systems are dealing with a lot of challenges
including limited energy resources, aging of the infrastruc-
ture, customer satisfaction [4], and abrupt load growth due to

interconnection of electric vehicles (EVs). As the share of
EVs is increasing rapidly in the personal automobile mar-
ket [5], their interconnection with the power system can
jeopardize its stability. Some of the foreseeable challenges
are overloading of the transmission and distribution net-
work, voltage sag, line losses and abrupt growth in load
demand [6]– [9]. The growth in electricity demand and aging
of the transmission and distribution infrastructure require
massive investment in terms of replacement and expan-
sion. Therefore, the electric utilities are looking for suitable
solutions to cope with future demands and it is necessary
to develop market clearing mechanisms and physical con-
trols to maintain stability. However, due to development of
smart home energy management systems (HEMS), advanced
information technologies, smart energy meters and demand
response (DR) enabled appliances, the share of EV load can
be made transparent up to a remarkable extent and can defer
the up-gradation of the existing power network.

In previous studies, researchers have widely used emer-
gency demand response (EDR) at the transmission or
sub-transmission level. However, there are very few stud-
ies focusing EDR utilization at the distribution level. Emer-
gency demand response (EDR) is a type of demand response
program utilized under abnormal operating conditions of
power system such as overloading, contingencies etc. In [10],
the authors implemented a centralized event driven EDR
at sub-transmission level. The proposed strategy considered
cost based objective function and executed by converting
the non-linear optimization problem into linear optimiza-
tion problem in order to use piece-wise linear method. The
authors in [11] suggested an analytical hierarchy process
based EDR implementation at transmission level. The syn-
thesized approach proposed a methodology based on the
objective of minimizing incentive payments and maximizing
economic benefit during a demand response event. Amethod-
ology is formulated in [12] at the transmission level to
implement EDR as a mixed integer linear problem. This
study focused on the minimization of fuel cost during a DR
event. The authors implemented the proposed approach using
CPLEX 11.0 solver and GAMS environment. In [13],
the authors proposed a centralized framework at the trans-
mission level. The proposed strategy depends on the
load/generation forecast. The objective of this study is to
maximize utilization efficiency of the energy storage devices
andminimize the operation cost. Amethodology is developed
in [14] at transmission level to deal with the optimal dispatch-
ing problem using BAT algorithm. The developed method
proposed a dispatched model with a focus on minimizing
the operation cost of micro turbines along-with the reduction
in pollutant emission. An EDR strategy has been developed
in [15] to use residential loads during contingencies in a dis-
tribution network. However, the appliances characteristics are
not considered in this study and are modeled as lumped loads.
Therefore, the analysis of the effect of the design approach
on consumers’ daily life is not conceivable. The implemen-
tation of EDR at transmission level uses aggregated load

VOLUME 9, 2021 40125



Z. M. Haider et al.: Optimal Management of a Distribution Feeder During Contingency and Overload Conditions

curve and considers customers’ load as a lumped load. The
objectives are mainly focused to minimize the operational
cost and flattening of load curve. Whereas the EDR strate-
gies at distribution level analyze the consumers’ convenience
and consider the characteristics of household appliances and
their control for its implementation which are the key points
in the acceptance of an EDR strategy. The acceptance and
effectiveness of an EDR strategy at the distribution level is
analyzed by the demand rebound, congestion and the effect
on consumers’ comfort. Therefore, the implementation of
EDR at distribution level is quite complex.

To reduce power demand, some studies have suggested the
approach to use dynamic pricing schemes. In [16], the authors
proposed a residential demand response strategy to reduce
the peak demand with the objective of minimizing utility
supply cost by assuming cost as a homogeneous function in
the total consumption of energy. The authors in [17] pro-
posed a control strategy using dynamic demand response
controller. The developed methodology is based on the elec-
tricity retail price to manage residential HVACs in order
to reduce peak demand. The main objectives of this study
are to reduce the peak demand and the curtailment in the
operational cost of electricity. An average system cost min-
imization framework is investigated in [18] by developing
an electricity retail price model considering market price
information and load demand. The load is scheduled to min-
imize the cost of energy consumption bearing the market
clearing price. A scheme to reward consumers for peak shav-
ing is developed in [19], [20]. In these studies, consumers
get benefit based on voltage improvement and load shift.
Nonetheless, the load reshape can not be assured for its heavy
reliance on homeowners’ behavior. A sparse load shifting
mechanism for the scheduling of smart household appliances
considering price-based strategy is discussed in [21]. It is
a centralized approach in which the characteristics of the
appliances are not considered and suffers from the heavy
dependence on consumers’ behavior. A hybrid technique
is proposed in [22] employing load shifting strategy for
optimization of energy consumption patterns. In this study,
a day-ahead scheduling is proposed through coordination
of home appliances in order to minimize electricity cost.
Dynamic programmingmethod is used to solve the reschedul-
ing problem which is modeled as a knapsack problem. The
authors in [23] adopted the Markov decision process to
formulate the demand response management problem of the
interruptible loads. The management of interruptible loads is
optimized considering the time of use tariff using deep rein-
forcement learning method. The objectives of this study are
to reduce the operation costs and peak load. In [24], a home
energy management system is proposed by the authors for
scheduling of home appliances considering demand charge
tariff. The authors minimized the one-day demand charge
tariff and real-time pricing costs of a consumer compre-
hending operational dependencies of the home appliances.
A reinforcement learning based residential demand response
architecture is proposed in [25]. The authors employed the

finite Markov decision process to formulate the schedul-
ing problem of energy consumption. The objectives are
the minimization of electricity bill and the dissatisfaction
induced by the proposed demand response strategy. An incen-
tive based integrated demand response model is developed
in [26]. In this study, the energy substitution effect and
the consumers’ behavioral coupling effect is considered by
the authors with the focus to reduce multi energy aggre-
gator cost and consumers’ dissatisfaction. A decentralized
real-time demand response architecture is modeled in [27]
by the authors in two phases to modify the residential load.
In first phase, each consumer predicted a day-ahead raw
demand to minimize the electricity cost. Whereas, in second
phase, the consumers mitigated the variation between pre-
dicted and actual demand to minimize the penalty inflicted.
In [28], a distributed optimization model is proposed by
the authors to minimize the operational cost. The desired
objective is obtained by efficiently utilizing the energy stor-
age systems and finding the Nash-equilibrium considering
a day-ahead charging-discharging scheduling and capacity
trading. A hierarchical demand side management infrastruc-
ture is developed in [29] using artificial immune algorithm.
In this study, the authors focused on minimizing the peak-to-
average ratio of energy usage pattern and operational cost.
In [30], the power sources are optimally distributed in the
grid to minimize the energy cost. The generation planning
is performed by solving a mixed-integer non-linear optimiza-
tion problem considering power-flow losses. The developed
approach depends on the grid structure and the demand. The
authors in [31] proposed an optimal load control strategy
using modified particle swarm optimization algorithm at dis-
tribution network level. The developed framework employed
on-load tap changers and residential demand response for the
management of voltage in unbalanced distribution networks.
However, the price-based techniques depend heavily on the
consumers’ behavior and suffer from the rebound effect and
coincident load shifting/shedding. Moreover, the aforemen-
tioned literature focus on the advance models for demand
response implementation, but they are solely aimed to reduce
the cost and consumers’ dissatisfaction, ignoring the charac-
teristics of household appliances and analysis of the demand
rebound and congestion following a demand response event.

Researchers also have proposed several approaches to
manage electrical vehicle (EV) charging to control abrupt
growth in load demand. Some solely focused on centralized
control of EV charging where a central control unit man-
ages the EV charging, such as the authors in [32] devel-
oped a stochastic model for distribution system planning
using multistage joint reinforcement of EV charging sta-
tions. The Markovian analysis is performed to determine the
EV charging demand and a scenario matrix is formulated
to minimize the operational cost and investment. The two
case studies are performed in [33] by the authors to show-
case the effectiveness of the approach proposed in [32] by
applying it on IEEE 18-bus and IEEE 123-bus distribution
systems. A mathematical model is developed in [34] for the
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calculation of charging price of electric vehicles. The authors
presented a mechanism of EV charging regions in this study,
where each region receives a non-discriminatory dynamic
price signal and genetic algorithm is used to achieve the cost
minimization objective. The coordinated charging model of
electric vehicles is proposed in [6] by the authors to improve
the load factor of the main grid. Therefore, the charging of
EVs is scheduled in off-peak hours to achieve the desired
objective. In [35], a relationship is explored between load
factor, feeder losses and load variance. The authors proposed
an optimal charging algorithm to minimize the distribution
network losses considering coordinated charging strategy of
electric vehicles. The difference in peak and valley load of
the grid is optimized in [36] by developing a controlled strat-
egy for EV charging. The authors implemented a two-stage
model of peak-valley price and used genetic algorithm for
its determination. In [37], a stochastic programming model
is formulated by the authors for scheduling the EV charg-
ing of a public parking-lot using Stochastic Dual Dynamic-
Programming. In this study, the results are first obtained
in the offline-mode and then employed in the online-mode.
A few studies have exploited the EV charging schemes at
consumer premises with decentralized control. The authors
in [38] focused on the minimization of load variance for
the implementation of the proposed approach. The designed
framework considered the topology of distribution network
and iterative price-driven coordination among consumers and
utility for the control of plug-in electric vehicles (PEVs).
A resilient framework is proposed by the authors in [39]
for decentralized control of dc parking lots. A scheme is
presented to control the distributed generators incorporated
with the parking lots for rapid charging of electric vehicles
considering accurate sharing of oscillatory and dc power
components. In [40], the authors used a shrunken primal dual
sub-gradient algorithm for decentralized charging of electri-
cal vehicles during overnight in order to achieve valley fill-
ing. The optimization problem formulated is a non-separable
objective function considering distribution network con-
straints and individual charging requirements. A load shift-
ing service is procured in [41] for decentralized charge and
discharge scheduling of the plug-in electric vehicles. The
authors employed mixed discrete programming to solve the
time scheduling problem with the objective of flattening the
demand curve. A non-cooperative game strategy is investi-
gated in [42] considering the interaction mechanism between
PEVs to minimize the energy cost of smart charging sta-
tion. All PEVs coordinate with each other to achieve the
desired objective by finding the generalized Nash equilib-
rium. The authors adopted Newton fixed-point approach for
seeking the generalized Nash equilibrium. Amultiple electric
vehicle aggregators based strategy is implemented in [43]
to flat the demand profile of the distribution network. The
authors employed water-filling algorithm to cope with the
peak demand and valley gap issues by charging and discharg-
ing of the electric vehicles. The benefits of decentralized
strategies over centralized techniques have been discussed

in [44]. However, the developed schemes solely focus on
controlling EV demand while neglecting the characteristics
of other controllable appliances.

Based on the literature review, there is a need of extensive
research to implement EDR strategies for demand reshape at
the distribution level especially by considering and analyz-
ing congestion, demand rebound and consumer convenience
indices. In this paper, an optimal decentralized approach has
been developed to control the DR-enabled/smart household
appliances including EVs. This study aims at restraining
the instantaneous load demand by optimizing the demand
rebound and the customers’ convenience indices to mini-
mize the adverse impacts of a demand response (DR) event.
Pattern search algorithm is used to optimize the demand
rebound index, whereas genetic algorithm is used to optimize
the customers’ convenience index. Demand rebound index
helps in reducing the load demand following a DR event
and customers’ convenience index helps in maintaining the
customers comfort and reduces the power system conges-
tion. To implement the designed approach, this study pro-
poses a decentralized strategy at a distribution feeder node
level, a distribution low voltage transformer (TF) level and a
home level to manage smart household appliances including
EV, air conditioner/heater (HVAC), clothes dryer (CD) and
water heater (WH). Whereas, critical loads e.g. cooking, plug
loads and lighting loads are not controllable. The developed
approach offers some advantages over previously proposed
methods as customers have flexible choice to manage their
smart loads and the proposed methodology does not require
any prediction models for its operation. The main contribu-
tions of the paper are as follows:

1) A constraint optimal decentralized approach has been
developed to administer the DR-enabled/smart house-
hold appliances including EVs by efficient and effec-
tive allocation of the available resources. The designed
strategy is rigorous in perspective as it considers the
objectives of feeder agent, transformer agent and home
load agent to function appropriately.

2) In this paper, a new approach is proposed to reduce
the customers dissatisfaction, system congestion and
demand rebound by formulating the consumers conve-
nience and demand rebound indices, and constituting
the objective functions comprised of these indices.

3) The proposed framework is analyzed by obtaining the
analytical results and extensive simulations are per-
formed to validate the designed mathematical model.
Furthermore, the results of the developed model are
compared with a well-known resource allocation algo-
rithm which exhibits a reduction of 53% and 40%
in demand rebound and distribution transformer con-
gestion, respectively along with the improvement in
consumers dissatisfaction.

The rest of the paper is outlined as follows: in Section 2,
the architecture of a distribution feeder load manage-
ment (DFLM) strategy is explained. Section 3 discusses the
mathematical modeling of the smart household appliances.
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FIGURE 1. Distribution feeder load management architecture.

The mathematical formulation of the designed architecture is
represented in Section 4. To showcase the effectiveness of the
proposed approach, Section 5 presents a case study. Finally,
the conclusions are described in Section 6.

II. INFRASTRUCTURE OF PROPOSED METHODOLOGY
This study introduces an automated distribution feeder load
management (DFLM) infrastructure to manage responsive
household appliances. The main objective is to optimally
restrain the instantaneous load demand of each customer to a
certain level during contingency or overload condition while
mitigating demand rebound. The designed methodology is
categorized and established at three levels as follows:

1) A distribution feeder node level supervised by a Feeder
Agent (FA)

2) A distribution transformer level supervised by a Trans-
former Agent (TA)

3) A home level supervised by aHomeLoadAgent (HLA)
The designed DFLM infrastructure is presented in Fig. 1.

A. FA GOALS
A FA coordinates with the associated TAs of the distribution
transformers connected with a feeder node to achieve its
objectives. The objectives of FA are as follows:

1) To ensure that the total instantaneous load (kW) at
a feeder node level is less than or equal to the load
limit assigned by the grid operator during contingency.
Mathematically, it is expressed in (1).

WFD ≤ LGO (1)

whereas

WFD =

N∑
i=1

WTR,i =

N∑
i=1

K∑
k=1

Whome,i,k (2)

2) Assign a load limit to each associated distribution trans-
former (LTR,i, kW) during contingency condition to
limit the power consumption in order to avoid the load-
shedding. It is represented numerically as in (3).

LTR,i =
LGO∑N

i=1 TRcap,i
· TRcap,i (3)

B. TAs GOALS
TA coordinates with the HLAs of all the associated homes to
achieve its goals. The objectives of TA are as follows:

1) To ensure that the total instantaneous load at a distri-
bution transformer (WTR,i, kW) is below a certain load
limit during contingency/overload condition. In this
work, the state of distribution transformer is consid-
ered either normal or critical, based on the following
constraints:

WTR,i =

K∑
k=1

Whome,i,k ≤ TRcap,i ∀i = 1, . . . ,N

(4)

WTR,i ≤ LTR,i ∀i = 1, . . . ,N (5)

In case of violation of any of the constraints mentioned
in (4) and (5), the transformer state will change from
normal to critical.
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2) Optimally allocate demand restraining limit
(DTLhome,i,k ) to the associated homes during critical
state, in order to minimize demand rebound. For this
purpose, TA considers demand rebound index and the
convenience factors of the homes.

C. HLAs GOALS
HLA works in pursuit of the home-owner’s objectives.
To accomplish its goals, the HLA coordinates with the associ-
ated TA, after a home-owner acknowledges the participation
request from TA. The objectives of the HLA are as follows:

1) Ensure working of inflexible appliances (e.g. lighting
loads, plug loads and cooking etc.) at all time.

2) Maintain total instantaneous load (kW) of a consumer
(Whome,i,k ) below its allocated demand restraining limit
(DTLhome,i,k ) as presented in (6).

Whome,i,k ≤ DTLhome,i,k (6)

3) Mitigate the violation of consumers’ comfort level by
changing the initial order of load priority, when the
convenience level parameters are violating.

4) Turn-off least order loads during critical state after
changing the priority order to make Whome,i,k ≤

DTLhome,i,k in accordance with (7).

Whome,i,k =

{
PA −

∑d
m=x Pm, PA > DTLhome,i,k

PA, otherwise

where m = x, x − 1, . . . , 1 (7)

where ‘‘PA’’ represents aggregated instantaneous load
of a consumer; ‘‘d’’ represents required number of
the turn-OFF appliances to obtain PA ≤ DTLhome,i,k ;
‘‘Pm’’ is the power required by the m-th priority appli-
ance, and ‘‘x is the number of least priority appliance.

For each smart appliance, customers set two types of
characteristics in the HLA: convenience level setting and
appliance priority. The convenience level setting of a smart
load is related to its set point value. For example, it is related
to job finish time for EV and CD, whereas, it is related to the
set point of temperature for WH and HVAC.

During critical state, the HLA monitors the current param-
eters of each smart appliance and adjusts the set points of tem-
perature of WH and HVAC, considering their convenience
level setting parameter. The HLA will change the order of
appliances’ priority if the parameter(s) of the appliance(s) are
violating their convenience level setting(s).

D. INFORMATION EXCHANGE AND DESIGN STRATEGY
The overall strategy and coordination between a TA and an
HLA is illustrated in Fig. 2. They coordinate with each other
as follows:
Step 1: The TA waits for the signal from the FA specifying

a load limit (LTR,i, kW)
Step 2: The TA checks the state at transformer by com-

paring the total load (WTR,i, kW) at transformer and the

FIGURE 2. Signal coordination and strategy for a TA located at
transformer and an HLA resided in a home.

assigned load limit (LTR,i, kW) or with the transformer rated
capacity TRcap,i.
Step 3: If the state at transformer is normal, the TA sends

‘‘load restraining idle signal’’ to the HLAs of all associ-
ated homes and the HLA controls all smart appliances with
Cj,app = 1, where ‘‘Cj,app’’ represents demand restraining
signal for a smart appliance, where ‘‘app’’ represents set of
smart household appliances. Otherwise, TA forwards the
participation requests to the associated HLAs.
Step 4: The HLA acknowledges the participation request

with a set of required load demand consists of load demand
of critical loads and load demand of all household appliances,
and a relationship between demand rebound index and load
demand. The TA allocates the provisional load limit (Lprv,i,k )
to the associated HLAs considering the number of received
acknowledgments by using pattern search algorithm.

The incentives will be given to the participated homes
during normal operating state by offering low price of the
consumed units, whereas, during critical state, the non-
responsive homes will pay the penalty in the form of high
price for each consumed unit.

VOLUME 9, 2021 40129



Z. M. Haider et al.: Optimal Management of a Distribution Feeder During Contingency and Overload Conditions

Step 5: The HLA calculates the home demand (kW) by
fetching data from household appliances.
Step 6: The HLA adjusts the set points of temperature for

WH and HVAC considering their convenience level setting,
if the home demand (kW) is more than Lprv,i,k . It also checks
the convenience level parameters and load priority of each
smart appliance and changes the priority order in case of
violation of convenience level setting.
Step 7: The HLA estimates the instantaneous load (kW) of

a home by deploying Lprv,i,k and sends appliances’ informa-
tion to the TA.
Step 8: The TA assigns demand restraining limit

(DTLhome,i,k ) to the associated HLAs by using genetic algo-
rithm in order to reduce network congestion and to minimize
consumers’ convenience factor.
Step 9: Finally, the HLA manages the smart appliances

by switching-off least priority appliance(s) to assure that
Whome,i,k remains below the assigned DTLhome,i,k .

In the next section, the mathematical modeling of the smart
home appliances is discussed.

III. MODELING OF SMART HOME APPLIANCES
In this paper, a methodology is designed to accommodate the
smart household appliances including EVs during contingen-
cies and to avoid overloading of the power distribution net-
work equipment (e.g. transformer). The designed technique
manages the smart appliances in away tomitigate the demand
rebound impacts. Therefore, it tends to reduce the required
demand after contingency/overloading event.

During a contingency or overload condition, the HLA
receives external signal from the TA to manage power con-
sumption of smart household appliances including WH, EV,
HVAC and CD. These appliances are considered as smart
appliances and their mathematical models are developed as
in [45]. All other household appliances are considered as
inflexible/critical appliances which can not be controlled.

The physical models of smart household appliances are
developed and modeled in this section to illustrate how they
react to demand restraining request. A consumer has to set
the convenience level and priority of every smart appliance
in order to control it appropriately. Convenience level of an
appliance is its least acceptable job finish time/set point of
temperature. The HLA will dynamically change the preset
appliances’ priority order once it perceives that the conve-
nience level settings are violating. The convenience level
settings for WH and HVAC are represented in set points of
temperature, whereas it is considered as process/task finish
time for CD and EV. According to their own comfort, the con-
sumers can change the appliances’ setting at any time. The
impacts of the behavior of home residents are also taken into
account for modeling of the smart loads as considered in [45].

A. MODEL DEVELOPMENT FOR HVAC
In each time interval j, the power required (Rj,ac) by an HVAC
system depends on the temperature set point (ts,ac) and the

current room temperature (tj,ac). Rj,ac is calculated as in (8).

Rj,ac = Wac.Ej,ac.Cj,ac (8)

where ‘‘Cj,ac’’ and ‘‘Ej,ac’’ represent demand restraining
and state signals during time slot j for HVAC, respectively
(0=OFF and 1=ON).

The HVAC is ON when the temperature drops belows a
certain point and OFF when it exceeds the set temperature.
The HVAC system remains in the previous state if tj,ac lies
within the acceptable range. Mathematically, it is expressed
in (9)

Ej,ac =


0, tj,ac > (ts,ac + tcon,ac)+ δtac
1, tj,ac < (ts,ac + tcon,ac)− δtac
Ej−1,ac, ts,ac−δtac≤ tj,ac−tcon,ac≤ ts,ac+δtac

(9)

where ‘‘δtac’’ is the tolerance in room temperature, and
‘‘tcon,ac’’ represents the adjustment in set point of HVAC tem-
perature during contingency/overload condition considering
its convenience level setting.

The value of Cj,ac depends on the contingency/overload
situation. If the state at transformer is critical, then the
value of Cj,ac depends on the allocated demand restrain-
ing limit (DTLhome,i,k ) and the HVAC priority. Otherwise, it
remains 1=ON.

The calculation of room temperature for a time interval j is
conducted as in (10).

tj,ac = tj−1,ac + δl.
Hj,G
δr
+ δl.

CHVAC
δr

.Ej,ac.Cj,ac (10)

B. MODEL DEVELOPMENT FOR WH
In each time interval j, the power required (Rj,wh) by a WH
system depends on the temperature set point of hot water
(ts,wh) and the current temperature of the water (tj,wh). Rj,wh
can be obtained as follows:

Rj,wh = Ej,wh.Wwh.ηwh.Cj,wh (11)

where ‘‘Cj,wh’’ and ‘‘Ej,wh’’ represent demand restraining and
state signals for the WH, respectively (0=OFF and 1=ON),
and ‘‘ηwh’’ represents efficiency of the unit.

The WH is ON when the temperature drops belows a
certain point and OFF when it exceeds the set temperature.
The WH system remains in the previous state if tj,wh lies
within the acceptable range. Mathematically, it is expressed
in (12).

Ej,wh =


0, tj,wh > (ts,wh + tcon,wh)+ δtwh
1, tj,wh < (ts,wh + tcon,wh)− δtwh
Ej−1,wh, ts,wh − δtwh ≤ tj,wh

−tcon,wh ≤ ts,wh + δtwh

(12)

where ‘‘δtwh’’ is the tolerance in hot water temperature, and
‘‘tcon,wh’’ represents adjustment in the set point of WH tem-
perature during contingency/overload condition considering
its convenience level setting.
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The value of Cj,wh is dependent on contingency/overload
situation. If the state at transformer is critical, then the value
of Cj,wh depends on the allocated demand restraining limit
(DTLhome,i,k ) and WH priority. Otherwise, it remains 1=ON.

The calculation of hot water temperature for a time
interval j is conducted as in (13).

tj,wh =
tj−1,wh.(Utank − Rwj.δl)

Utank
+
twh,inlet .Rwj.δl

Utank

+
1gal
8.34lb

.

[
Ej,wh.Cj,wh.

3412Btu
kWh

−
As,tank .(tj,wh − tair )

RH ,tank

]
.
δl

60minh
.

1
Utank

(13)

C. MODEL DEVELOPMENT FOR CD
In a cloth dryer, there are two components which require
power (kW): the heating coils, and a motor. The power con-
sumption of heating coils is normally in the range of several
kilowatts, whereas in contrast, the motor requirement is in the
range of several hundred watts.

In each time interval j, the power required (Rj,cd ) by a CD
unit depends on the total time to finish the job (Jtmax,cd ) and
its aggregated turn-ON time (Jtj,cd ) which is determined as
in (14).

Rj,cd = Ej,cd .Cj,cd .Wcoil,cd +Wmtr,cd .Ej,cd (14)

where ‘‘Cj,cd ’’ and ‘‘Ej,cd ’’ represent demand restraining and
state signals for CD, respectively (0=OFF and 1=ON).
Cj,cd manages the load demand (kW) of heating coils

only. Therefore, once the operation of cloth dryer is started,
the motor starts working and stops after the task is finished.
If Jtmax,cd is greater than Jtj,cd , the heating coils turn-ON.
Otherwise, the coils are OFF. It is represented in (15) as
follows:

Ej,cd =

{
0, Jtj,cd ≥ Jtmax,cd
1, Jtj,cd < Jtmax,cd

(15)

The value of Cj,cd is dependent on contingency/overload
situation. If the state at transformer is critical, then the value
of Cj,cd depends on the allocated demand restraining limit
(DTLhome,i,k ) and CD priority. Otherwise, it remains 1=ON.

Equation (16) represents the mathematical expression for
calculation of Jtj,cd in each time interval j.

Jtj,cd = Ej,cd .Cj,cd .δl + Jtj−1,cd
∣∣∣
Jt0,cd=0

(16)

where ‘‘δl’’ represents the interval length (hour) and Jt0,cd
represents the value of cloth dryer aggregated time at the time
of plug-in.

D. MODEL DEVELOPMENT FOR EV
An EV charging model mainly consists of three components:
plug-in time, charger rating, and battery state-of-charge
(SOC). In each time interval j, the power required (kW) by

an EV (Rj,EV ) is related to the maximum state-of-charge
(SOCmax,EV ) and the current state-of-charge (SOCj,EV ) of the
battery and can be obtained as follows:

Rj,EV = WEV .Sj,EV .Ej,EV .Cj,EV (17)

where ‘‘Sj,EV ’’ represents the plug-in status during time
slot j, where 1=plugged-in and 0=unplugged; ‘‘Cj,EV ’’ and
‘‘Ej,EV ’’ represent demand restraining and state signals for
EV, respectively (0=OFF and 1=ON).
The charging state of an EV is described as follows:

Ej,EV =

{
0, SOCj,EV ≥ SOCmax,EV
1, SOCj,EV < SOCmax,EV

(18)

The value of (Cj,EV ) is dependent on contingency/overload
situation. If the state at transformer is critical, then the value
of Cj,wh depends on the allocated demand restraining limit
(DTLhome,i,k ) and EV priority. Otherwise, it remains 1=ON.
The calculation for the initial SOC (SOC0,EV ) of an EV is

expressed in (19).

SOC0,EV = 1−
Tpr
Rbat

(19)

The value of SOCj,EV in each time interval j is determined
using (20) as follows:

SOCj,EV = SOCj−1,EV + Rj,EV .
δl
Rbat

(20)

where ‘‘Rj,EV ’’ represents the load demand of an EV during
time slot j, and ‘‘δl’’ represents the interval length (hour).

Gaussian probability distribution is used to find the arrival
time of EVs and is expressed in (21). The standard deviation
and the mean for distribution are 2.8 hours and 18 hour
respectively [46]. The probability of home-arrival-time of
EVs is represented in Fig. 3.

h(t, σ, µ) =
1

σ
√
2π

e−
(t−µ)2

2σ2 (21)

where ‘‘h(t, σ, µ)’’ is the probability density of electric vehi-
cles’ home-arrival-time; ‘‘σ ’’ represents the standard devia-
tion for the distribution and ‘‘µ’’ represents the average value
of EVs home-arrival-time.

The initial state of charge of EVs are determined by using
the daily driving patterns. Fig. 4 represents the daily traveling
distance inAmerica inmiles [47]. In this study, daily traveling
distance for each EV is determined by using Monte Carlo
Simulations.

The mathematical formulation of the designed approach is
explained in the next section.

IV. MATHEMATICAL FORMULATION
This study focuses on optimal control of smart household
appliances during critical state to reduce demand rebound.
The grid operator seeks for reducing system stress and the
customers prefer to have minimum impact of the designed
strategies on their routine life. To reduce system stress and
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FIGURE 3. EVs home arrival time distribution.

FIGURE 4. Vehicles driving distance in America.

demand rebound, a demand rebound index (DRBI) is devel-
oped and is minimized by using pattern search algorithm,
whereas to fulfill consumers’ objectives, the convenience
factor of each home is minimized by using genetic algorithm
and a demand restraining limit is assigned.

During critical state, the HLA acknowledges the participa-
tion request with the set of required load demand (LDH ,req,i,k )
as indicated in (22) and a relationship (DRBIH ,i,k (LDH ,i,k ))
between demand rebound index at the home level (DRBIH ,i,k )
and the load demand of home (LDH ,i,k ).

LDH ,req,i,k ∈
[
LDH ,req,low,i,k = DH ,hist,crit,max,i,k

LDH ,req,max,i,k = DH ,hist,max,i,k
]

(22)

where ‘‘LDH ,req,low,i,k ’’ is the load demand of a home k ∈
K associated with transformer i ∈ N to secure critical
loads; ‘‘LDH ,req,max,i,k ’’ is the total demand of a home;
‘‘DH ,hist,crit,max,i,k ’’ and ‘‘DH ,hist,max,i,k ’’ are the maximum
required power of critical loads and the maximum required
power of all the appliances in a home based on historical data
of similar day, respectively.

DRBIH ,i,k (LDH ,i,k ) is derived without the explicit knowl-
edge from neighboring HLAs and TAs. It is related to the
average home’s historical demand profile (DH ,hist,i,k ) of
the same climate. By taking samples of LDH ,i,k ranging
from its lower bound (LDH ,req,low,i,k ) to the upper bound
(LDH ,req,max,i,k ), and applying to (23), we can obtain differ-
ent values of DRBIH ,i,k .

DRBIH ,i,k =
∫ tENend

tENstart

(
DH ,hist,i,k − LDH ,i,k

)
dt

s.t. DH ,hist,i,k − LDH ,i,k ≥ 0. (23)

An approximatedDRBIH ,i,k as a function of LDH ,i,k is empir-
ically indicated in (24) as a quadratic function by using
polynomial regression as follows:

DRBIH ,i,k (LDH ,i,k )

= aH ,i,k · LD2
H ,i,k + bH ,i,k · LDH ,i,k + cH ,i,k (24)

where ‘‘aH ,i,k ’’, ‘‘bH ,i,k ’’, and ‘‘cH ,i,k ’’ are the co-efficients
of 4 quadratic function.
The demand rebound at the transformer level (DRBITR,i) is

represented in (25) which depends on DRBIH ,i,k (LDH ,i,k ) of
all the associated homes.

DRBITR,i =
K∑
k=1

DRBIH ,i,k (LDH ,i,k ) ∀i = 1, . . . ,N (25)

The TAminimizes theDRBITR,i by using pattern search algo-
rithm and allocates provisional demand limit (Lprv,i,k ) to the
associated homes. The objective function of this optimization
problem is given in (26) as follows:

min

(
DRBITR,i

=

K∑
k=1

{
aH ,i,k · L2prv,i,k + bH ,i,k · Lprv,i,k + cH ,i,k

})
(26)

Subject to
Equality constraints

1)
K∑
k=1

Lprv,i,k = LTR,i or
K∑
k=1

Lprv,i,k = TRcap,i

Inequality constraints

2) LDH ,req,low,i,k ≤ Lprv,i,k ≤ LDH ,req,max,i,k
∀i = 1, . . . ,N

∀k = 1, . . . ,K

The HLA constructs a belief vector (BH,i,k) after receiving
Lprv,i,k as defined in (27).

[BH,i,k]X×1 = [CBN]X×Y .[PWR]Y×1 (27)

where ‘‘X =
∑Y

r=1
Y !

r !(Y−r)! ’’ is the total number fo beliefs
and ‘‘Y ’’ is the total number of smart appliances.
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‘‘[CBN]X×Y ’’ represents a combination matrix of usage
status of all smart loads and is given in (28).

[CBN]X×Y =


uapp,1,1 uapp,1,2 · · · uapp,1,f
uapp,2,1 uapp,2,2 · · · uapp,2,f
...

...
. . .

...

uapp,e,1 uapp,e,2 · · · uapp,e,f

 (28)

where ‘‘uapp,e∈X ,f ∈Y ’’ is an appliance status which is either
0 or 1.

‘‘[PWR]Y×1’’ is the vector consisting of rated load
demand (kW) of all smart appliances given in (29).

[PWR]Y×1 = [Rapp,1,Rapp,2, · · · ,Rapp,Y ]T (29)

where ‘‘Rapp,z∈Y ’’ is the power required (kW) by an appliance
z ∈ Y .

The HLA sends the appliances’ data and the load demand
of home (LDprv) considering belief vector and provisional
demand limit (Lprv,i,k ). The TA allocates demand restraining
limit (DTLhome,i,k ) to the associated homes by minimizing
the convenience factor (CIhome,i,k ) of the homes by using
genetic algorithm and therefore, helps in reducing network
congestion and in maintaining consumers’ satisfaction.

The convenience factor of a home k ∈ K (CIhome,i,k )
is obtained from the convenience factor of smart household
appliances. An appliance convenience factor (CI (k)Appliance,i)
is derived from its convenience level setting.

For each smart household appliance, its convenience factor
is described as follows:

A. HVAC CONVENIENCE FACTOR
In a time interval j the convenience factor of HVAC
(CI (k)HVAC,i) of a home k ∈ K associated with a distribution
transformer i ∈ N is determined by the ratio of the difference
of its convenience setting for HVAC (tcon,ac) and actual room
temperature (tj,ac), and tcon,ac as indicated in (30).

CI (k)HVAC,i =
tcon,ac − tj,ac

tcon,ac
(30)

B. CONVENIENCE FACTOR FOR WH
In a time interval j, the convenience factor ofWH (CI (k)WH ,i)
of the k-th home associated with a distribution transformer
i ∈ N is determined by the ratio of the difference of its
convenience setting for WH (tcon,wh) and actual hot water
temperature (tj,wh), and tcon,wh as expressed in (31).

CI (k)WH ,i =
tcon,wh − tj,wh

tcon,wh
(31)

C. CONVENIENCE FACTOR FOR CD
In a time interval j, the convenience factor of CD (CI (k)CD,i)
of a home k ∈ K associated with a distribution transformer
i ∈ N is determined by the ratio of the difference of its
convenience setting remaining time (Jtrem,cd ) and remaining
time to finish the job (Jtj,cd ), and actual convenience level

setting (Jtcon,cd ). It is expressed in (32) as follows:

CI (k)CD,i =
Jtrem,cd − Jtj,cd

Jtcon,cd
(32)

D. CONVENIENCE FACTOR FOR EV
In a time interval j, the convenience factor of EV (CI (k)EV ,i)
of the k-th home associated with a transformer i ∈ N
is determined by the ratio of the difference of its conve-
nience setting remaining time (Rtrem,ev) and remaining time
to finish the charging (Rtj,ev), and actual convenience level
setting (Rtcon,ev).

CI (k)EV ,i =
Rtrem,ev − Rtj,ev

Rtcon,ev
(33)

As such, in a time interval j, a consumer’s convenience factor
(CIhome,i,k ) is calculated as in (34).

CIhome,i,k =
1
Y
·

[
CI (k)HVAC,i + CI (k)WH ,i + · · ·

· · · + CI (k)CD,i + CI (k)EV ,i
]

(34)

where ‘‘Y ’’ represents the number of plugged-in DR-enabled
household appliances in a home k ∈ K connected with trans-
former i ∈ N . The value of CI (k)Appliance,i for an appliance
will be ‘0’ if it is unplugged.

Now the objective function that is minimized by using
genetic algorithm is expressed in (35).

min

(
K∑
k=1

CIhome,i,k =
K∑
k=1

{
CI (k)HVAC,i + CI (k)WH ,i

+CI (k)CD,i + CI (k)EV ,i
})

(35)

Subject to

1)
K∑
k=1

DTLhome,i,k ≤ LTR,i or
K∑
k=1

DTLhome,i,k ≤ TRcap,i

2) LDprv ≤ DTLhome,i,k ∀i = 1, . . . ,N

∀k = 1, . . . ,K

The demand restraining limit (DTLhome,i,k ) of a home
k ∈ K associated with transformer i ∈ N in a time interval j
can be calculated as follows:

DTLhome,i,k = CR_L + Rj,ac + Rj,wh + Rj,cd + Rj,ev (36)

where ‘‘CR_L’’ is the power required (kW) by critical loads.
To analyze the effectiveness of the designed architecture,

a case study is performed in the next section.

V. CASE STUDY
In this section, a node of a distribution feeder of load 300kW
consisting of 9 single-phase transformers of ABB has been
simulated. Six of the transformers are of rating 37.5kVA,
and each one is serving 5 homes, whereas 3 transform-
ers are of rating 25kVA and each one is serving 3 homes.
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For appliances’ rated power, RELOAD database is used [48].
Table 1 summarizes the important parameters and attributes
of the consumers.

TABLE 1. Parameters of the consumers under study.

The starting time of simulation for this study has been con-
sidered 17:00 as majority of the EVs start approaching home
after 17:00. New York’s average temperature for January has
been considered to perform the simulation of the modeled
infrastructure. The time interval of 15 minutes has been
considered in this study. The arrival time of electric vehicles
have been generated by using Gaussian random distribution,
and Monte-Carlo simulations are performed to fetch initial
important parameters such as initial temperature of hot water,
initial room temperature, convenience level settings of smart
household loads, plug-in time of CD etc.

Table 2 indicates the smart appliances’ priority order
along-with their convenience level settings. In this study,
the electric vehicles of Chevrolet [50] and Nissan Leaf [51]
have been modeled and their specifications are provided
in Table 3.

TABLE 2. Priority list and convenience setting of smart appliances.

TABLE 3. Specifications of EVs.

A. VALIDATION AND COMPARISON
The effectiveness of the designed EDR infrastructure has
been assessed by evaluating the performance of proposed
EDR strategy against simple fair distribution approach dur-
ing contingency condition, whereas the results of the pro-
posed technique have also been compared with that of
another decentralized technique, which uses water-filling
algorithm [52], [53] to control smart appliances, for the sim-
ulation time of 17:00 to 08:00 at a transformer level.

In simple fair distribution, FA allocates the demand limit
(LTR,i) to the associated transformers during contingency
condition and then TA allocates the demand restraining limit
(DTLhome,i,k ) to the associated homes by fair distribution, i.e.
by dividing the assigned power to the total number of homes.
Fig. 5a shows the simulation results at the feeder node level
with simple fair distribution and Fig. 5b shows the simulation
results at the distribution feeder node level with the proposed
EDR infrastructure. After receiving the EDR event signal
from grid operator with load limit (LGO) of 216 kW for
18:15 to 20:15, FA immediately assigns the demand limit
(LTR,i) to each transformer based on (3). The demand limit
assigned to 37.5 kVA transformer is 27 kVA and for 25 kVA
transformer is 18 kVA. According to Fig. 5a and Fig. 5b,
the total instantaneous power demand (kW) is retained below
the load limit assigned to feeder node during EDR event, for
both techniques. The assessed demand rebound at the feeder
node (DRBIFN ) for the simple fair distribution technique is
177.78 kWh as shown in Fig. 5a, where DRBIFN is mathe-
matically expressed as follows:

DRBIFN =
∫ tENend

tENstart

(DFN ,hist − DFN ,act )dt (37)

where ‘‘DFN ,hist ’’ is the historical load profile at the feeder
node without EDR event and ‘‘DFN ,act ’’ is the actual load
profile at the feeder node during EDR event. The smaller the
DRBIFN , the lower will be the impacts of demand rebound.
The demand rebound of 177.78 kWh for the simple fair

distribution technique can be illustrated as equivalent to a
177.78 kW increase in load demand for 1 hour due to load
compensation of deferred smart household appliances. This
can cause an undesired overloading of the distribution net-
work as well as under-voltage issue as the impacts of demand
rebound following an EDR event. The assessed demand
rebound at the feeder node for proposed EDR strategy is
84.86 kWh as shown in Fig. 5b. This can be considered as
a 84.86 kW increase in load demand for 1 hour due to load
compensation of smart household appliances that have been
deferred.

Considering performance evaluation of the FA, TAs and
HLAs, the proposed EDR infrastructure considerably reduces
the demand rebound index as compared to the simple fair
distribution approach. According to Table 4, the assessed
DRBIFN of 84.86 kWh with the proposed EDR technique
representing approximately 53% reduction compared to
the 177.78 kWh DRBIFN with the simple fair distribution
approach. The lesser the demand rebound index, the lesser
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FIGURE 5. Simulation results at feeder node during contingency
condition.

TABLE 4. Comparison of demand rebound (kWh).

the chance that an undesired overloading of the distribution
network occurs following an EDR event.

In order to evaluate the effectiveness of the proposed infras-
tructure, a comparison is drawn against another decentral-
ized approach which uses water-filling algorithm [52], [53]
to control the smart household appliances. A simulation is
performed at a transformer (37.5 kVA) level serving 5 homes.
The duration of the simulation is 16 hours from 17:00 to
08:00 with time step of 15 minutes. The simulation time
duration is considered according to arrival and departure time
of EVs, as majority of the EVs depart home before 08:00 and
arrive home after 17:00.

Fig. 6 represents the load profile of transformer with and
without EVs which shows a rise in load demand after EVs
start arriving homes. Fig. 7 shows the load profile of trans-
former by restraining the peak demand using water-filling
algorithm during overload condition. The demand restrain-

FIGURE 6. Transformer load profile with and without EVs.

FIGURE 7. Load profile of transformer with water-filling algorithm.

ing limit (DTLhome,WF ) is allocated by using water-filling
algorithm to each associated home. The load profile (kW) of
each home consideringDTLhome,WF as a demand limit during
overload condition is outlined in Fig. 9(a)-13(a). Where,
‘‘LD1-5’’ are the instantaneous load demands of the five
associated homes. The results show that the load (kW) of all
the associated homes has been retained below the allocated
DTLhome,WF and the transformer load does not exceed its
rated capacity. For each smart household load of the asso-
ciated consumers, the deviation of simulated results against
an appliance convenience level setting has been illustrated
in Table 5. The simulation results of the proposed infrastruc-
ture have been shown in Fig. 9(b)-13(b) for the associated
homes and in Fig. 8 for the distribution transformer, whereas
the deviation of the simulated results against an appliance
convenience level setting is summarized in Table 6 for each
customer.

B. DISCUSSION
In this section, the effectiveness of the proposed technique
has been assessed by evaluating the load profile of each home
represented in Fig. 9(b)-13(b) for entire simulation duration
with the load profile of homes obtained by using water-filling
algorithm in Fig. 9(a)-13(a).
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TABLE 5. Simulation results of water-filling algorithm.

TABLE 6. Simulation results of proposed strategy.

FIGURE 8. Load profile of transformer with the proposed infrastructure.

Table 5 represents the difference between appliances’
parameters and their convenience level settings using
water-filling algorithm. An appliance convenience level set-
ting has been exhibited in ‘‘Conve. Setting’’ column. The
‘‘Actual Result’’ column illustrates the job finish time for
EV and CD, whereas it exhibits the lowest temperature (◦F)
measured throughout the simulation duration for WH and
HVAC. The results manifested in Table 6 represent substan-
tial improvements using the proposed approach in compar-
ison to water-filling algorithm based approach with almost
zero adverse effect on the customers’ comfort. However,
the proposed technique is more beneficial in mitigating the
demand rebound impacts and it can be observed by compar-
ing Fig. 9(a)-13(a) and Fig. 9(b)-13(b). The demand rebound
events by using water-filling algorithm based approach are
35 during the entire simulation duration as shown in Fig. 9(a)-
13(a) by the assignment ofDTLhome,WF , whereas the demand
rebound events are reduced to 21 by using the proposed

FIGURE 9. Instantaneous load of customer 1. (a) For water-filling
algorithm, (b) For proposed EDR strategy.

technique and it is shown in Fig. 9(b)-13(b) by the assign-
ment of DTLhome,i,k . The lesser the demand rebound events
implies that whenever the power demand at the transformer
exceeds beyond its rated capacity, the proposed approach
efficiently and optimally allocates the demand restraining
limit to each customer (DTLhome,i,k ) in such a way that the
demand rebound due to the load compensation of deferred
smart household appliances is reduced in the future, follow-
ing an overloading event. Therefore it reduces the congestion
at distribution transformer and consequently of the entire dis-
tribution network. The congestion at transformer is measured
as transformer congestion index (TCI) as follows:

TCI =
9T
cr

9T
si

(38)

where ‘‘9T
cr ’’ represents the total time for which the required

demand at transformer exceeded beyond its rated capacity
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FIGURE 10. Instantaneous load of customer 2. (a) For water-filling
algorithm, (b) For proposed EDR strategy.

FIGURE 11. Instantaneous load of customer 3. (a) For water-filling
algorithm, (b) For proposed EDR strategy.

FIGURE 12. Instantaneous load of customer 4. (a) For water-filling
algorithm, (b) For proposed EDR strategy.

while retaining the transformer loading below its rating, and
‘‘9T

si ’’ represents the total simulation time.
The TCI index for water-filling algorithm and the proposed

EDR strategy to manage smart loads is outlined in Table 7.
There is a 40% reduction in transformer congestion index

while using the proposed approach for allocation of demand

FIGURE 13. Instantaneous load of customer 5. (a) For water-filling
algorithm, (b) For proposed EDR strategy.

TABLE 7. Comparison of transformer congestion index.

restraining limit compared to water-filling algorithm based
approach and consequently, we can accommodate more EV
load in a distribution network without upgrading it and can
avoid the unnecessary overloading of the power system. Fur-
thermore, the reduction in demand rebound events shows
that during the overload condition, the proposed strategy
optimally assigns the demand restraining limit such that the
rise in load demand after an EDR event is reduced. This shows
that the proposed strategy is more efficient and effective in
mitigating the demand rebound impacts and optimally allo-
cates the available capacity.

It can be inferred from the simulation results that even
though water-filling algorithm performs well in utilizing the
available resources at their best but still it lacks the efficient
and effective allocation of the resources and the proposed
technique outperforms it in terms of distribution network
congestion and accommodation of load.

VI. CONCLUSION
This paper presented a decentralized approach over
system-wide span for distribution feeder load manage-
ment (DFLM) using autonomous decision making entities.
The developed approach not only relieves the system stress,
but also ensures customer satisfaction by optimal alloca-
tion of demand restraining limit in order to mitigate the
demand rebound effects. The designed strategy controls the
smart household appliances to achieve the objectives of
FA, TAs and HLAs, and the performance of the developed
approach is analyzed by comparing the results with that of
the water-filling algorithm based approach and simple fair
distribution approach. Furthermore, in order to evaluate the
performance of the proposed approach, consumers’ conve-
nience, demand rebound and transformer congestion indices
are developed and calculated. These indices can be used by
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the electric utilities to measure the efficiency and effective-
ness of the demand response programs and to estimate the
accommodation of EV fleet in a distribution network. The
developed infrastructure satisfied the concerns of both utility
and consumers. However, from utility perspective, the results
of the developed approach showcased that the designed
methodology is more efficient and effective compared to
the simple fair distribution and water-filling algorithm based
approaches in mitigating the demand rebound impacts after
an EDR event. The comparison of the simulation results
inferred that the subsequent demand response potential is
reduced by 53% and the congestion at transformer is reduced
40% by employing the designed methodology while main-
taining the consumers’ comfort.

In future work, the proposed infrastructure can be
scaled-up by including multiple nodes of a distribution net-
work to consider more distribution transformers in order
to involve more customers and smart appliances. However,
the consumers’ comfort will be negatively influenced with
higher penetrations of EVs. At that stage, the grid operators
cannot exclusively rely on DR approaches to cope with the
load demand, and other resources e.g. network upgrade and
distributed generation may be exploited.
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