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Abolfazl Mosaddegh, Student Member, IEEE, Claudio A. Cañizares, Fellow, IEEE,
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Abstract—Load characteristics play an important role in
distribution systems, which are traditionally designed to supply
peak load; hence, decreasing this peak can considerably reduce
overall grid costs. Basic components of smart grids such as smart
meters allow two-way communication between the utilities and
customers; in this context, controllable smart loads are being
introduced, which allow developing and implementing Energy
Management Systems (EMSs) for customers and distribution
feeders. Therefore, this paper studies the impact of existing
smart loads, in particular Peaksaver PLUSTM (PS+) loads in
Ontario, Canada, to reduce summer peak loads for distribution
feeders. A Neural Network (NN) model of controllable loads
is developed and integrated into an unbalanced Distribution
Optimal Power Flow (DOPF) model to optimally control tap
changers and switched capacitors, as well as sent signals to
programmable thermostats of air conditioners in residential
buildings, in particular those associated with the PS+ program.
The developed integrated DOPF is tested and validated using
a practical system, demonstrating the benefits of using existing
controllable loads to optimally operate distribution feeders.

Keywords—Demand response, distribution system optimal
power flow, energy management system, load modeling, neural
networks, real-time application, smart grid.

NOMENCLATURE

Indices
c, n Nodes, c, n = 1, ..., NN .
fc Per-phase controllable tap changers.
h Time interval, h = 1, ..., 24.
lf Substation feeder.
p Phases, p = a, b, c.
rn Receiving-ends connected at node n.
sf Substation node.
sn Sending-ends connected at node n.

Parameters
Cmax

p,n Total number of capacitor blocks available in
capacitor banks.

I lf Maximum feeder current limit [A].
NN Total number of nodes.
Pcons Target active power demand [kW].
Plim Active power demand limit [kW].
P g
p,n,h Generated active power [kW].
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Qg
p,n,h Generated reactive power [kVar].

Tmax
p,n Maximum hours of Programmable Communica-

tion Thermostat (PCT) operation [h].
TAPp,fc Maximum tap changer position.
TAPp,fc Minimum tap changer position.
V Maximum voltage limit [kV].
V Minimum voltage limit [kV].
Yp,nc,h Nodal admittance matrices of the power system

from node n to node c [µS].
β Peak load penalty factor.
θh Ambient temperature [◦C].
σh Time of Use (TOU) tariff [$/kWh].
Variables
capp,n,h Number of capacitor blocks switched on.
Eloss Energy loss [kWh].
Ilf,p,h Feeder current phasor [A].
Ip,n,h Current injection phasor [A].
J Objective function.
Pfeederp,h Substation feeder active power [kW].
Pslp,n,h Simulated active power demand for controllable

loads [kW].
tapp,fc,h Tap position.
Vp,n,h Voltage phasor [kV].
µp,n,h Binary ON/OFF signal (0 for no change in PCT

setpoint, and 1 for PCT setpoint increased by
2◦C).

I. INTRODUCTION

MONITORING and control of distribution systems are
integral aspects of smart grids, carried out based on

various objectives/programs at the feeder level such as Volt-
age/Var Control (VVC), Demand Response (DR), Distribu-
tion Management Systems (DMSs), system reconfiguration,
and system restoration [1]–[3]. Furthermore, at the customer
end, real-time monitoring and control, associated with Energy
Management Systems (EMSs) at residential, industrial, com-
mercial, or agricultural sites, are also important features of
smart grids [4], [5]. Controllable loads are being integrated
into Distribution System Automation (DSA) techniques and
tools to affect load profiles, which benefits both customers and
Local Distribution Companies (LDCs). While reducing energy
consumption and costs are of interest to customers, reducing
the peak load and reshaping load profiles, which increase
system sustainability, are mainly of interest to LDCs [4],
[6]. Hence, studying the behaviour of controllable loads, their
impact on the aggregated load profiles, and their integration in
optimal distribution system operation is relevant and timely.

http://www.energyhub.uwaterloo.ca/
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DR programs have been introduced so that customers can
control and alter their energy consumption, with benefits
accruing to both customers and LDCs. Many DR programs
are based on the relationship between electricity price and
demand, and direct control of customers’ loads is one of
the realizations of DR programs [7]. Remote systems based
on Power Line Carriers (PLCs), internet, and radio wave
systems make end-users’ devices controllable within a distri-
bution system. Among these controllable devices, monitoring,
supervising, and controlling of Heating, Ventilation, and Air
Conditioning (HVAC) systems in various facilities have been
discussed in the literature [8]–[11]. In particular, the Peaksaver
PLUSTM (PS+) program in Ontario, Canada, is a voluntary
program to reduce Air Conditioner (AC) demand in the
residential and small commercial sector [12]. In this program,
smart thermostats, referred to as Programmable Communi-
cating Thermostats (PCTs), are installed to slightly increase
the AC temperature setpoints during summer days. Since the
contribution of AC, which is about 50% of residential loads,
to peak loads is significant, it is estimated in [13] that direct
control of AC usage may conserve about 37% of the energy,
resulting in savings of $688 million in energy conservation
over a 20 year period in Ontario, Canada.

Because of the complexity of controllable loads and insuf-
ficient data, it is difficult to use fundamental physical laws
for modeling these loads. However, having an accurate model
of the customer load profiles is necessary for integrating the
loads in distribution system EMS; for this reason, black-
box or empirical load models can be used. In such mod-
els, a relationship between inputs and outputs is obtained
and represented using mathematical equations [14], [15], or
by Evolutionary Algorithms (EAs) such as Neural Network
(NN) [6], [16], Particle Swarm Optimization (PSO) [17], or
Genetic Algorithms (GAs) [18]. In the present work, an NN is
used to accurately model controllable loads, while considering
the effect of external parameters such as temperature, Time of
Use (TOU) tariff, and LDC control signals.

This paper studies the impact and use of existing con-
trollable loads in reducing the peak load in a three-phase
unbalanced distribution system. An NN model of controllable
PS+ loads is developed and integrated into a Distribution
Optimal Power Flow (DOPF) model to optimally control Load
Tap Changers (LTCs) and Switched Capacitors (SCs), and send
ON/OFF signals to PCTs. Simulation results on a real test
feeder demonstrate the effectiveness of the proposed approach.
Also, in order to reduce the computational burden of the DOPF
model, which is solved using a GA-based technique, and
thus making it suitable for real-time applications, a distributed
computing approach, based on a Smart Grid Communication
Middleware (SGCM) system [19], is used. Hence, the main
objectives and contributions of the present work are the
following:

• A novel methodology is proposed to generate realistic
datasets for home loads including PS+ loads, using the
Smart Residential Load Simulator (SRLS) MATLABr

toolbox [20], considering limited availability of field
measurements.

• An NN-based model of existing controllable PS+ loads is

proposed and developed using the generated load profiles
from the SRLS MATLABr toolbox output.

• An enhanced DOPF model, which considers both VVC
and DR objectives, is proposed and developed for an
unbalanced distribution feeder that includes existing con-
trollable PS+ loads, to obtain optimal switching decisions
for LTCs and SCs, and the ON/OFF signals required for
the controllable PS+ loads.

• The impact of the proposed optimal DR is studied and
compared to an existing DR program using a realistic
distribution feeder, to demonstrate the benefits for dis-
tribution systems of the proposed novel approach for
various practical operating objectives and scenarios.

The rest of the paper is organized as follows: Section II
presents the relevant background, including a brief discussion
of DOPF and smart loads. Section III discusses the modeling
of controllable smart loads using an NN technique, and
demonstrates its application to the existing controllable PS+
loads; the integration of the proposed NN-based PS+ load
model into the DOPF is also discussed in this section, together
with the GA and distributed computing approaches to solve
it. In Section IV, the results of applying the proposed DOPF
model to a practical distribution feeder for different scenarios
are discussed, and the effect of optimal management of PS+
loads is presented. The main conclusions and contributions of
the presented work are highlighted in Section V.

II. BACKGROUND REVIEW

A. Distribution Optimal Power Flow

Voltage and reactive power control in distribution systems
has traditionally been performed by LTCs, SCs, fixed ca-
pacitors, and step-voltage regulators. LTCs and step-voltage
regulators are voltage-control devices, while SCs and fixed
capacitors can regulate both voltage and reactive power; these
local controllers have no significant effect on system load-
ing. Since peak loads can be up to 2-3 times the average
load, and up to 10 times the minimum load, to properly
manage such load variations, centralized control techniques
for VVC have been proposed in the literature to maintain
voltages within an acceptable range and to minimize energy
losses. In the traditional VVC problem, loss minimization is a
commonly used objective, as it reduces the reactive power
flow in the system by appropriately controlling the node
voltages [2]; hence, in this study, minimization of energy
losses is considered as a DOPF objective function from a
utility perspective. Furthermore, load management associated
with DR programs can be integrated with VVC to control and
alter the customers’ energy consumption in order to obtain
benefits such as incentives or lower-priced electricity, with
different objectives to satisfy the specific needs of the system.
In the present work, the same objective, which is used in the
VVC problem, is effectively recast as a DR problem, which
is a novel contribution of this paper.

The four major objectives in DR programs depicted in
Fig. 1, are peak clipping, valley filling, load shifting, and flexi-
ble load shaping [21]. In peak clipping DR programs, the usage
during the peak loads is decreased; in valley filling, customers
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Fig. 1. Major objectives in DR programs [21].
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Fig. 2. A conventional distribution system with local controllers for LTCs
and SCs [22].

are encouraged to use their equipment during off-peak hours;
in load shifting, the electricity usage is shifted from the peak
load hours to off-peak hours; and in flexible load shaping, the
electricity usage during different times is redistributed. This
paper focuses on utility equipment controls, such as LTCs
and SCs in the context of peak-clipping DR programs. Thus,
models of controllable smart loads are integrated into a DOPF
model in order to minimize energy losses as well as reducing
peak loads.

The decision variables of the DOPF model described in [19],
which is discussed in more detail in Section III, are the optimal
set of LTC tap positions, the number of capacitor blocks
switched on, and the signals for controllable smart loads. The
DOPF solution yields the optimal control signals for LTCs,
SCs, and controllable smart loads, i.e., the ON/OFF signal
schedule for the PS+ loads.

B. Smart Loads

Traditional VVC in conventional distribution systems is
carried out by local controllers with LTCs and SCs, as shown
in Fig. 2; lack of two-way communication devices, central
controllers, and wide-area measurements have been some
of the limitations of these systems [22]. Improvements in
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Fig. 3. A typical distribution system with evolving communication and control
infrastructure [2].

communication, control, and measurement technologies are
transforming these conventional distribution systems into what
is now called the smart grid. An important part of these
smart grids are smart loads, which include Home Automation
Systems (HASs) and Home Energy Management (HEM) sys-
tems [4], [23], [24]. Automatic and remote controller switches
for lights, setpoints for thermostats, window covers, and other
various electrical systems and apparatus are among the features
of these systems. Figure 3 presents a typical smart distribution
system, depicting the improvements in communication and
control infrastructure. A central controller collects load data
internally from switches, thermostat setpoints, sensors, mea-
surement devices, and plug-in modules such as audio/video
systems and security systems, and collects external data such
as weather and energy cost, which may be received fully or
partially along with other measurements by the LDC through
the Advanced Metering Infrastructure (AMI). In the AMI,
a number of neighbors communicate with the LDC through
their smart meters, in a so-called Neighborhood Area Network
(NAN), and send their data to the utility’s Wide Area Network
(WAN) [25].

In this study, an NN algorithm is used to model smart loads.
The NN model is a function approximation tool, which uses
external data to estimate the NN parameters. The system is
considered as a black-box, which tries to find the best fitted
NN parameters that match the outputs with the targets; for this
purpose, the NN should be trained to capture the relationship
between the input data and related target data. With a feedback
loop control, the output of the NN is compared with the
target (i.e., the desired output), and the weights and biases are
adjusted between neurons to reduce the error. Depending on
the complexity of the system, the number of hidden and output
layers of the NN may vary. In this paper, a general NN model
of controllable smart loads based on field data is presented
next, together with the process of obtaining the model for
existing PS+ controllable loads.
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III. MATHEMATICAL MODEL

A. Controllable Smart Load

Load modeling plays an important role in power sys-
tems. Although there are various measurement devices on the
transmission side, unmetered customers on the distribution
side have been an issue for DSA. Static load models have
been used for various studies in distribution systems [26].
Traditionally, constant impedance or constant power load
models have been commonly used [27], which are included
in constant impedance (Z), current (I), and power (P) or ZIP
load models [19], [28]–[32]. A ZIP load model considers the
variation of load with the bus voltage, and its parameters can
be fitted to accurately describe the steady-state behaviour of
different kinds of loads. Other kind of static load models such
as exponential models have also been used [28]. These static
models are adequate for steady-state analyses, and hence have
been used in DOPF models.

Smart loads include various appliances controlled through
an EMS, smart meters, and two-way communication connec-
tions among appliances, the LDC, and/or external sources
(e.g., weather stations and energy price) [4]. Since customer
behaviour may vary by location, preferences, and time of
usage, information on customer preferences and the activity
level of their appliances are important. However, the only
measurement available to LDCs from most residential houses
is the energy consumption data derived from their smart
meters. These measurements vary widely across households;
however, as the load profiles are aggregated, the load profile is
smoother, with less variations, thus allowing to better model
the load at the feeder level. In order to reduce the peak load at
the feeder level, it is assumed in this work that the LDC sends
a peak demand cap or temperature setpoint signal to HVACs
to modify the load profiles and reduce the customers’ peak
demand, as in the case of the PS+ program.

In this paper, in order to study the effect of controllable
smart loads in residential houses, energy consumption of
different houses with realistic data of all appliances, for all
days of July 2013, has been modeled in the SRLS [20],
which is a MATLABr-based toolbox developed to model and
study electric and thermal loads and sources in residential
houses. Smart thermostats, ACs, furnaces, stoves, washers and
dryers, refrigerators, wind turbines, solar Photo-Voltaic (PV),
and batteries are mathematically modeled in the SRLS to
characterize and model residential loads. The consumption and
generation profile of each appliance and energy source can be
obtained in the SRLS [20], together with the cost of energy
supply, at different times, based on user-defined inputs. As
shown in Fig. 4, the residential load dataset from each house
including the characteristics and time of use of each appliance
is modeled in the SRLS, and the obtained load profiles from
a group of houses are then aggregated to obtain an average
model of the load at a phase and node, which is used to train
the NN model that is integrated into the proposed DOPF. Since
the focus of this study is at the feeder level, considering an
average load model keeps the computational burden of the
DOPF model reasonable. The aggregated load of the feeder is
obtained by summing the load profiles of the group of houses

served by the feeder, with the load profiles of each house
being obtained from the SRLS, and the average load is this
aggregated load divided by the number of houses served by
the feeder.

As a case study, existing PS+ controllable loads are studied.
Thus, using an NN, the following residential load profile
(Pslp,n,h) is estimated as a function of time (h), TOU tariff
(σh), ambient temperature (θh), and binary ON/OFF signals
(µp,n,h) for PCT setpoints of ACs:

Pslp,n,h = f(h, σh, θh, µp,n,h) (1)

Where, if the PCT setpoint signal is ON (µ = 1), the PCT
setpoints are increased by 2◦C for a limited time within a day,
which decreases the run-cycle of ACs. Therefore, decreasing
the demand in all participating residential houses in the PS+
program can lead to a considerable reduction in peak load at
the feeder level.

In this paper, after modeling the energy usage of different
residential appliances and devices of each house in the SRLS,
the aggregated load profiles were obtained. Using the NN
MATLABr toolbox, the aggregated load profile was used
for training purposes, obtaining the best fitted NN with one
hidden layer with 8 neurons, and one output layer with
one neuron, using a Bayesian regularization back-propagation
training algorithm. The maximum allowable number of epochs
was set to 1000, and the desired gradient to 10-7; 70% of the
load dataset was used for training, 15% for validation, and
15% for testing. The Mean Squared Error (MSE) function
was used to check the performance of the NN model, and the
input data was randomly divided for training, validation, and
testing. The NN output yielded an overall R-squared value of
0.9206 and an MSE value of 0.2392 kW2. Figure 5 presents a
comparison of the developed NN output and target for the
aggregated loads in July 2013. The peak demand MSE is
0.1860 kW2, which shows the effectiveness of the obtained
NN model.

B. DOPF Model

The general form of a DOPF model with controllable loads
can be defined as follows:

min J = Objective function (2a)
s.t. Operational and system constraints (2b)

Smart load model and constraints (2c)

Various objective functions such as minimization of energy
loss, minimization of energy drawn from the substation, or
minimization of energy cost can be adopted in (2a). Operating
constraints in (2b) include the power flow equations, as well
as bus voltage limits, feeder current limits, and LTC and SC
operating limits, as follows:

P g
p,n,h − Pp,n,h = Re{Vp,n,hI∗p,n,h} ∀ p, n, h (3a)

Qg
p,n,h −Qp,n,h = Im{Vp,n,hI∗p,n,h} ∀ p, n, h (3b)

V ≤ |Vp,n,h| ≤ V ∀ p, n, h (3c)

|Ilf,p,h| ≤ I lf ∀ p, h (3d)

TAPp,fc ≤ tapp,fc,h ≤ TAPp,fc ∀ p, fc, h (3e)
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0 ≤ capp,n,h ≤ Cmax
p,n ∀ p, n, h (3f)

where Ip,n,h in (3a) and (3b) is defined as:

Ip,n,h =

NN∑
c=1

Yp,nc,hVp,c,h ∀ p, n, h (4)

Equations (3a) and (3b) correspond to the active and reactive
power flow equations; (3c) represents the nodal voltage oper-
ating limits; (3d) corresponds to the feeder current operating
limits; and (3e) and (3f) represent the LTCs and SCs operating
limits, respectively. Observe that, since the demand varies
over the day, the LTCs and SCs would switch frequently in
order to maintain the voltages within limits; however, this will
negatively impact the life, operation, and maintenance costs of
the LTCs and SCs in the long term. Therefore, limits on the
number of switching operations per day (5 times) and limits
on maximum step changes over consecutive hours (±3 steps)
for LTCs and SCs are imposed in the DOPF model during
its solution process. Depending on the purpose and model
of controllable smart loads represented by (2c), the LDC can
send signals such as peak demand constraints or temperature
setpoints to these loads.

In order to study the effect of PS+ controllable loads, the

average load model developed using NN for these loads are
integrated into the DOPF model. The DOPF model determines
the optimal decisions from the LDC’s perspective, such as the
LTC tap positions and number of capacitor blocks switched
on, as well as the optimal ON/OFF signals to PCTs of ACs
to reduce the peak load at the feeder level under the PS+
program.

Hence, two different DOPF models are proposed, the first
objective function J1 seeks to minimize the energy losses over
the day, given as follows:

min J1 = Eloss =∑
h

∑
n

∑
p

Re(Vp,sn,hI
∗
p,sn,h − Vp,rn,hI

∗
p,rn,h)

(5)

with the following constraints to limit the feeder peak load:

max(Pfeederp,h) ≤ Plim ∀ p, h (6a)∑
h

µp,n,h ≤ Tmax
p,n ∀ p, n (6b)

Pfeederp,h = Re(Vp,sf ,hI
∗
lf,p,h) ∀ p, h (6c)

where (6a) is the substation feeder active power limit, and (6b)
limits the maximum hours of PCT operation. However, the
hard constraint (6a) may yield infeasible results, as it forces
the control variables to reduce the demand below Plim, which
might not be feasible depending on the available controllable
loads. Hence, a second objective function J2 is defined that
seeks to keep the load profile close to a target demand Pcons

as follows:

min J2 = Eloss + βS (7a)

s.t.
∑
h

µp,n,h ≤ Tmax
p,n ∀ p, n (7b)

S =
∑
h

∑
p

|Pfeederp,h − Pcons| (7c)

As shown in Fig. 6, when the feeder power exceeds Pcons, PS+
loads will be activated by forcing µp,n,h = 1, thus reducing
the peak demand during the hours when Pfeeder > Pcons;
otherwise, µp,n,h = 0 when Pfeeder < Pcons. Hence, including
S as defined in (7c) to the objective function (7a) reduces the
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Fig. 6. ON/OFF decision making during peak load based on the value of
Pcons.

load profile during the peak hours, forcing the load to be closer
to the target demand Pcons.

The unbalanced DOPF model is solved using a recursive
GA-based approach, which runs the Distribution Load Flow
(DLF) of the feeder with unbalanced three-phase loads, using
OpenDSS [33]. PS+ controllable loads are modeled using an
NN, as previously discussed, and are integrated into OpenDSS
as a controllable power demand variable defined by (1), as a
function of the binary decision variable µp,n,h, whereas the
rest of the loads are represented as polynomial ZIP loads.

In order to make the DOPF model suitable for real-time
application, the DLF model is treated as a stand-alone exe-
cutable program that can be used on different platforms (i.e.,
Windows, Linux, and Mac). To reduce the computational costs
of the DOPF model, and speed up the algorithm, a previously
developed decentralized approach, referred to as the SGCM
system [19], is used. The SGCM system is a software system
designed for smart grid applications, which provides reliable,
secure, and fast two-way communication amongst computing
nodes of utility servers and smart sensors/controllers, which
are able to run stand-alone executable files. Thus, in the GA
procedure, the individuals are distributed from the master-node
among different worker-nodes of the SGCM system, and the
results obtained in each worker-node are then combined in
the master-node for ranking, based on the objective function
value. If the GA solution does not change for a number of
generations, the processing time reaches the generation time
limit, or number of generations reaches the maximum number
of generations, the GA is considered to have converged, which
means that the solution has been obtained; otherwise, the
individuals are updated by cross-over and mutation operators
of the GA, for the next iteration. The solution of the DOPF
model is the 24-hour optimal LTC tap positions, number of
capacitor blocks switched on, and ON/OFF PS+ signals for
controllable smart loads.

IV. RESULTS AND DISCUSSIONS

The aforementioned unbalanced DOPF with an NN model
of PS+ loads was applied to the optimal dispatch of a prac-
tical unbalanced distribution feeder with 41 nodes, shown in
Fig. 7 [34]. The system has three three-phase transformers
equipped with 32-step LTCs, one single-phase transformer,
and 10% of the loads are assumed to be PS+ controllable
loads, while the rest of the loads are modeled as ZIP loads
with a mix of 60% Z, 30% I, and 10% P components. More
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information about the system and simulation configuration is
available in [19]. In order to consider realistic load variations,
a load scaling factor is used taking into account the fluctua-
tions in active and reactive power over the day. Furthermore,
controllable PS+ load profiles, which vary from hour to hour,
are determined from the NN model. Hence, the system load
varies over the optimization horizon.

A. Case 1: J1 Objective with Nodal and Phase-Wise Applica-
tion of PS+ Signals

PS+ loads are currently activated in Ontario, Canada, during
the summer weekdays (i.e., June to September) for a maximum
of 4 hours at anytime, during a day. In this study, without loss
of generality, the maximum ON hours are increased to 13,
within a fixed window from hours 7:00 to 20:00 on weekdays
to allow studying the effect of more flexible controllable loads.
According to the PS+ rules, PCTs can be activated on average
five times per year, up to a maximum of 40 hours, excluding
emergencies such as a blackout during summer; however, in
this research, it is assumed that these loads can be activated
for longer periods of time.

Figure 8 shows the effect of PS+ signal on the feeder load



ABOLFAZL et al.: OPTIMAL DEMAND RESPONSE FOR DISTRIBUTION FEEDERS WITH EXISTING SMART LOADS 7

P
o
w

er
 [

M
W

]

9
10
11
12
13
14
15

1 6 12 18 24

(b)

P
o
w

er
 [

M
W

]

9
10
11
12
13
14
15

1 6 12 18 24

P
o
w

er
 [

M
W

]

9
10
11
12
13
14
15

1 6 12 18 24
Hours [h]

(a)

(c)

without PS+ load
with PS+ load

without PS+ load
with PS+ load

without PS+ load
with PS+ load

Fig. 9. Load profiles at the feeder level for Tmax
p,n of (a) 4, (b) 10, and (c)

13 hours, from hours 7:00 to 20:00.

profile for three different days. Observe the impact on load
profiles when PS+ loads are activated between hours 14:00
and 18:00, showing a reduction in demand during these times,
but it results in moving the peak to later hours in some cases,
which can be attributed to HVAC operation.

For the DOPF model (5)-(6c), based on different exper-
iments, Plim was set to 14.5 MW, which is the minimum
possible value that can be reached and solutions with Plim

less than 14.5 MW were infeasible. For different maximum
hours of PCT operation from hours 4 to 13, simulations were
performed, with each phase of each node receiving unique µ
signals, i.e., PS+ loads located in different nodes and phases
have different µ values. The results obtained show that by
increasing Tmax

p,n , the energy usage gradually decreasing, as
shown in Fig. 9; for Tmax

p,n of 4, 10, and 13 hours, the energy
savings are 1470.4, 1877.6, and 2048.9 kWh, respectively.
Figure 10 depicts the µ signals sent to node 8 for each phase
for Tmax

p,n of 4, 10, and 13 hours of PCT control; this node
houses 70 PS+ customers in phase a, 60 in phase b, and 80
in phase c. Although the energy consumption decreases by
increasing Tmax

p,n , the peak load reduction for different hours
does not change considerably.

It is worth mentioning that the PCT signals do not work
effectively during extreme temperature conditions. Thus, in
low temperatures, when the ACs are normally OFF, the PCT
signals have no impact on their energy usage. Similarly, during
high temperatures, ACs are normally ON, and increasing the
setpoint by 2◦C does not turn the ACs off, not affecting
the energy usage of the system. Hence, this program is not
effective during extreme hot summer-days, unless an AC
cycling approach is used [35], [36].

B. Case 2: J2 Objective with Uniform Application of PS+
Signals

Since J1 seeks to minimize Eloss, increasing Tmax
p,n may

reduce the energy usage, and consequently reduce Eloss; but,
peak load reduction may not take place, as shown in Fig. 9.
Hence, the J2 objective in (7a)-(7c) can be used to reduce
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Fig. 10. Smart load activation signals µ at node 8 for Tmax
p,n of (a) 4, (b)

10, and (c) 13 hours, from hours 7:00 to 20:00.

both Eloss and the peak load. In this case, it is assumed that
the same PCT signal is sent to all PS+ controllable loads. The
effect of β in (7c) for Tmax = 4 h and Pcons = 11.5 MW
is studied. Since in J2 the target is to keep the peak load
close to Pcons, the value of Pcons is chosen to be less than
Plim in order to effectively reduce the peak. Table I shows the
effect of different values of β with uniform application of PS+
signals; it is noted that when β = 0, the peak load reduction
achieved is 99.9 kW. Furthermore, when β is varied over a
wide range, the peak load reduction remains more or less at
the same level (95 to 100 kW). Thus, the peak load reduction
is almost independent of β. However, note that increasing β
increases the saving in energy usage from 1.62 to 2.38 MWh.

The impact of hours of PS+ operation on the energy usage
and the peak loads are presented in Table II for β = 1 and
Pcons = 11.5 MW, for Tmax = 4-13 hours of PCT operation.
Observe that for Tmax = 4-9 hours of PCT operation, the peak
loads are not considerably reduced, while for Tmax = 10-13
hours, peak loads are efficiently decreased (up to 3.5 times
further decrease in peak load). By increasing the maximum
hours of ON signals, the DOPF model tends to activate the
PCT for more hours, and hence the chance of reducing the
peak load increases. The reduction of energy usage with Tmax

= 4 h is 1.58 MWh, while this reduction is 3.03 MWh with
Tmax = 13 h. Hence, offering further incentives to customers
to opt for a higher value of Tmax should be considered.

C. Case 3: J2 Objective with Nodal and Phase-Wise Appli-
cation of PS+ Signals

In this case, the effect of sending different PCT signals
to the PS+ controllable loads in each phase and node of the
distribution system, instead of sending the same PCT signal to
all controllable loads, is studied. The results are presented in
Table III. Comparing this table to Table I shows that different
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TABLE I
J2 OBJECTIVE WITH UNIFORM APPLICATION OF PS+ SIGNALS WITH Tmax = 4 HOUR AND Pcons = 11.5 MW

β
Energy usage [MWh] Peak load [kW]

Without PS+ signals With PS+ signals Difference Without PS+ signals With PS+ signals Difference
0 287.61 285.99 1.62 14,575.5 14,475.6 99.9

0.01 287.61 285.99 1.62 14,597.7 14,501.7 96.0
0.02 287.81 286.16 1.65 14,549.5 14,449.7 99.8
0.1 288.09 286.37 1.71 14,597.8 14,501.6 96.2

0.15 287.76 286.01 1.75 14,542.8 14,446.5 96.3
1 287.27 285.09 2.18 14,476.7 14,378.2 98.5
2 287.79 285.40 2.38 14,540.0 14,445.4 94.6

TABLE II
J2 OBJECTIVE WITH UNIFORM APPLICATION OF PS+ SIGNALS WITH β = 1 AND Pcons = 11.5 MW

PS+ ON Energy usage [MWh] Peak load [kW]
signal hours Without PS+ signals With PS+ signals Difference Without PS+ signals With PS+ signals Difference

4 286.67 285.09 1.58 14,476.7 14,378.2 98.5
5 287.36 284.81 2.55 14,506.7 14,411.0 95.7
6 288.13 285.64 2.49 14,509.7 14,412.3 97.4
7 286.31 283.55 2.76 14,440.6 14,342.7 97.9
8 287.19 284.52 2.67 14,476.7 14,378.2 98.5
9 288.07 285.66 2.42 14,448.3 14,342.8 105.5

10 288.29 286.15 2.15 14,476.7 14,137.4 339.3
11 287.94 284.61 3.34 14,509.7 14,171.1 338.6
12 286.92 283.55 3.37 14,476.7 14,137.4 339.3
13 287.08 284.05 3.03 14,509.7 14,171.1 338.6

TABLE III
J2 OBJECTIVE WITH NODAL AND PHASE-WISE APPLICATION OF PS+ SIGNALS WITH Tmax = 4 HOUR AND Pcons = 11.5 MW

β
Energy usage [MWh] Peak load [kW]

Without PS+ signals With PS+ signals Difference Without PS+ signals With PS+ signals Difference
0 287.06 286.09 0.97 14,509.7 14,404.8 104.9

0.01 287.34 286.36 0.97 14,509.7 14,374.6 135.1
0.02 287.40 286.25 1.15 14,476.7 14,340.0 136.7
0.1 288.51 287.34 1.17 14,473.6 14,326.6 147.0

0.15 288.66 287.45 1.20 14,509.7 14,352.6 157.1
1 289.20 287.99 1.21 14,509.7 14,309.5 200.2
2 289.12 287.85 1.28 14,502.8 14,301.3 201.5

signals yield more reduction in peak load, but the energy usage
increases. In this case, loads with higher peak load in each
phase are activated, and hence the overall peak load is reduced
more effectively than in the case of a uniform PS+ signal
(Case 2); for instance, with β = 2 the peak load reduction in
Case 3 is almost double that in Case 2. However, different
signals reduces the savings in energy; for example, for β =
2, the saving in the energy usage is 2.38 MWh in Case 2,
whereas this value is 1.28 MWh in the present case. Hence,
based on the need of the system and also the DR program,
LDCs need to decide what method is more suitable for them.

D. Discussion

The values of energy usage and peak load with different
β and maximum PS+ signal hours in the case of no PS+
signals should ideally be the same. However, the variations
observed are because of the GA-based solution technique
adopted, which result on slightly different optimal decisions
in every execution, and hence yield minor variations in the
values of energy usage and peak load.

The effect of the PS+ program on the distribution feeder
operation over a day is presented in Table IV. The best
scenario in terms of energy loss from each of the PS+ cases
previously discussed are used for comparison purposes. Note
that all cases lead to a reduction in energy losses, energy usage,
and energy costs for the system with respect to the Base Case
with no PS+ signals. Observe also that Case 2 presents the
best performance, with a 5.3% reduction in energy losses,
3.4% reduction in energy usage, and 2.8% reduction in energy
costs. This shows that using the VVC objective of energy loss
minimization in the DR program, effectively achieves both the
VVC and DR objectives of energy loss, energy usage, and peak
demand reductions. Note that this is achieved with a relatively
low penetration of PS+ loads (10%), and thus increasing the
number of controllable loads in the system would likely lead
to further improvements in system operation.

The computation time interval of the DOPF model is one
hour in this study, since the focus is on the feeder operations
and thus a shorter time interval is not really necessary in this
context. However, the proposed approach is able to achieve
a minimum computation time of 15 minutes; hence, the
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TABLE IV
COMPARISON OF CASE STUDIES

Cases Energy losses [MWh] Energy usage [MWh] Energy costs [$]
Base Case 7.21 293.51 26,835.44(without PS+ signals)

Case 1 6.85 (-5.0%) 288.17 (-1.8%) 26,421.96 (-1.5%)with Tmax = 13 hours
Case 2 6.83 (-5.3%) 283.55 (-3.4%) 26,078.78 (-2.8%)with β = 1 and Tmax = 12 hours
Case 3 6.99 (-3.1%) 287.85 (-1.9%) 26,376.21 (-1.7%)with β = 2 and Tmax = 4 hours

DOPF could be solved every 15 minutes, if required for other
applications. This reduction in computation time is possible
because of the SGCM system used [19], which decentralizes
the solution process. Therefore, if controllable loads need
regular updates due to fast changes in their condition, shorter
computing times may lead to more accurate load profiles and
better solutions.

The studies presented in the paper demonstrate that mod-
ifications of some policies for the existing PS+ loads can
effectively improve their impact on the reduction of peak
demand and energy usage. For instance, it is shown in the
paper that PCT activation for a longer period of time leads
to higher reductions of peak loads in the system, which is of
interest to LDCs. These proposed improvements to the existing
controllable loads are also demonstrated to be necessary, since
the simulation results show that the current limited time of
operation of PS+ (4 hours) has insufficient impact on the
reduction of peak load. Based on the presented results, it is
shown that introducing some incentives for customers to opt
for longer operation of PCTs would be beneficial for LDCs,
with higher impact on the DR objective functions.

V. CONCLUSIONS

This paper proposed NN-based models of controllable loads,
and studied the impact of Ontario’s PS+ controllable loads
on distribution feeders. Based on a distributed computing
approach, an unbalanced DOPF model using a GA-based
solution technique was proposed to determine the optimal
setpoints for LTCs, SCs, and PS+ ON/OFF signals.

The studies carried out on a practical feeder demonstrated
that different scenarios with single and multiple PCT ON/OFF
signals for controllable loads could impact the load profiles,
reduce peak loads, and decrease the energy usage. Based on
the presented results, using a single ON/OFF signal for all
controllable loads together with longer signal schedules could
effectively reduce both peak loads and energy consumption
of a distribution system at the feeder level, depending on the
proportion of controllable loads in the system.

It is important to highlight that while DR programs can
effectively reduce peak load and consequently energy usage,
their impact on VVC objectives such as energy losses or
energy drawn from the substation is also significant. Further-
more, appropriate incentives to motivate customers to opt for
longer period of PCT operation, as shown in Case 2, can
result in 3.5 times further decrease in peak load. Hence, LDCs
can significantly gain from such programs by involving more

customers for a longer period of time, since higher penetration
of controllable loads would increase their impact on the DR
objectives of reduction of peak load and energy usage, and on
the VVC objective of energy loss minimization.
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