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Demand response programs (DRPs) have gained significant importance in optimizing power systems by reducing
peak demand, enhancing grid stability, promoting energy efficiency, and facilitating the integration of renewable
energy sources. This paper introduces a novel approach for DRPs by utilizing dynamic incentive pricing strategies
with in-use appliances. The proposed approach aims to incentivize consumers to curtail their energy consumption
during peak periods, thereby alleviating strain on the grid. In order to address the challenges faced by existing
DRPs in accurately monitoring appliance-level energy usage, this paper adopts non-intrusive load monitoring
(NILM) as a powerful tool for monitoring and analyzing energy consumption patterns at the appliance level. The
implemented DRP in this study is direct load control (DLC), complemented by the sequence to point (seg2point)
algorithm for NILM. The proposed approach exhibits several advantages over traditional DRPs. Firstly, it
enhances the accuracy of monitoring by utilizing NILM, allowing for appliance-level energy consumption analysis.
Secondly, the dynamic incentive pricing strategy creates a financial incentive for consumers to reduce their energy
consumption during peak periods, resulting in reduced strain on the grid and overall energy costs. The
effectiveness of the proposed approach is evaluated through comprehensive economical and technical analyses.
The results demonstrate its superiority compared to traditional DRPs. Notably, the proposed approach achieves
a 15.7% reduction in peak demand and a 4% decrease in overall energy consumption. Furthermore, it
significantly improves the load factor and peak-to-valley ratio, indicating enhanced grid stability and better
utilization of energy resources.
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1. Introduction
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Energy consumption reduction is of paramount importance and
cannot be overlooked in the present times. With the rapid
industrialization of society, the demand for electricity is steadily
increasing, while the global population continues to grow. This
escalating demand puts significant strain on the Earth's limited energy
resources. The Industrial Revolution, which began in the 18th century,
marked the onset of an era characterized by extensive energy
consumption, predominantly reliant on fossil fuels like coal, oil, and
natural gas. However, the utilization of these finite fuel sources comes
at a cost, contributing to climate change, a global crisis that poses a
substantial threat to both the environment and human livelihoods. This
paper explores the significance of reducing energy usage and discusses
the consolidation of demand response programs (DRPs) and non-
intrusive load monitoring (NILM). It should be acknowledged that the
mentioned aspects will be feasible and executable when integrated
within smart grid framework.

Demand response (DR) is a widely used approach for conserving
energy and improving efficiency. It involves adjusting energy
consumption by reducing, eliminating, or changing loads to balance
power supply and demand. DR plays a critical role in enhancing the
reliability of modern electrical grids [1]. In December 2022, the
Federal Energy Regulatory Commission (FERC) issued a report
detailing the outcomes of demand response initiatives in the utilities
and electricity markets in the United States [2]. The FERC report
classified demand response programs into two primary categories:
time-based rate (TBR) programs and incentive-based programs
(IBPs). TBR programs, such as time of use (TOU), real-time pricing
(RTP), and critical peak pricing (CPP), involve variations in electricity
prices during different time periods based on the cost of electricity
supply. In these programs, there is no specific incentive or penalty
provided to encourage customer response [3]. IBPs can be categorized
into three primary subgroups: voluntary, mandatory, and market
clearing programs. Voluntary programs, such as direct load control
(DLC) and emergency demand response program (EDRP), allow
customers to participate on a voluntary basis, and they are not
penalized if they choose not to curtail their energy consumption. On
the other hand, mandatory programs like interruptible/ curtailable
(1/C) and capacity market program (CAP) require enrolled customers
to curtail their energy usage when directed. Failure to comply with the
curtailment instructions may result in penalties or consequences for
the customers. Market clearing programs, such as demand bidding
(DB) and ancillary services (A/S), operate by encouraging large
customers to offer or provide load reductions at a price determined by
their willingness to be curtailed. These programs give customers the
opportunity to specify the amount of load they are willing to curtail at
the posted prices [3]. Numerous studies have explored DRPs in recent
years. An economic model for I/C and CAP programs, leveraging
price elasticity of demand and customer benefit function is introduced
in [4]. The simulation study using real-world data demonstrates the
influence of these programs on load characteristics, customer benefits,
and energy consumption reduction. The findings provide valuable
insights for 1SOs and policymakers in identifying effective demand
response strategies and prioritizing scenarios. Reference [5] presents
a new approach to DRPs that considers the economic factors
influencing customer behavior. It builds a nonlinear model based on
two key aspects: price elasticity of demand and customer benefit
function. The model analyzes how different factors like incentives,
penalties, and implementation potential impact the effectiveness of
DRPs. It also assesses the reliability of these programs under varying
conditions. The results demonstrate that the nonlinear model provides
the most conservative estimates, while linear models tend to be less
conservative. The optimal operation of power systems in the presence
of wind turbines, hydrogen storage systems, and DRPs, considering
uncertainties is addressed in [6]. In order to ensure robust operation
under the worst-case scenario, a new approach called stochastic p-
robust optimization method is proposed. This method combines
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stochastic programming and robust optimization techniques to
minimize the worst-case cost or regret level. The authors in [7]
proposed a novel pricing method for regulating time-based rate
demand response called the close-loop reverse Stackelberg game-
based approach. The proposed method utilizes a hierarchical game
structure, where the lower-level consists of heterogeneous demand-
side resources engaging in noncooperative competition during
demand response participation. On the other hand, the upper level is
responsible for determining the pricing policy. A novel hybrid DR
mechanism that considers three key participants: the power grid
operator (PGO), retailers, and end users is introduced in [8]. Unlike
traditional approaches based on fixed pricing or incentives, this
hybrid mechanism combines real-time pricing and real-time
incentives to implement DRPs coordinated by the PGO. Essentially,
the PGO provides incentives to retailers, who, in turn, determine
optimal real-time prices for end users every 5 minutes. By
integrating both pricing and incentives, this hybrid DR mechanism
effectively motivates retailers to participate by offering them
monetary incentives from the PGO to encourage load shifting.
NILM, as a technology, complements demand response programs
by providing accurate insights into the energy consumption of
specific appliances without the need for in-home measurement
devices. This technology enables consumers to identify high-
energy-consuming devices, discover usage patterns, and make
informed decisions about energy conservation. Following this
introduction, detailed explanations about NILM will be provided.

In recent years, advancements in advanced metering technology
have facilitated efficient management, monitoring, and regulation of
the distribution grid. This progress has led to improved energy
utilization and significant energy savings. One enabling technology
is NILM, which offers a service that estimates the energy usage of
individual appliances within a building without the need for any
physical modifications or interventions. By leveraging NILM,
energy consumption can be effectively monitored and regulated,
contributing to better energy management and overall energy
conservation. In the early stages of NILM research, Hidden Markov
models were commonly used for probabilistic modeling of time
series data [9]. Optimization methods offered an alternative
approach, focusing on finding the optimal combination of individual
appliances within the aggregated energy signal [10]. Shallow
learning techniques, encompassing conventional classification and
regression algorithms such as support vector machines [11], naive
bayes classifiers [12], k-nearest neighbors [13], tree-based
implementations [14], and XGBoost [15], were also employed in
NILM studies. Deep learning models, including feed-forward neural
networks [16], convolutional neural networks [17], and recurrent
neural networks [18], have gained popularity in recent years due to
their exceptional performance in various tasks. Moreover, cutting-
edge deep learning techniques such as deep generative models [19],
transfer learning [20], and federated learning [21] have been applied
in the field of NILM to further advance its capabilities.

This paper presents the development of an economic model for
DRPs that incorporates the concept of “price elasticity of demand”.
The model focuses on incentive responsive loads and their ability to
adjust their electricity consumption based on changes in incentives.
This paper primarily examines voluntary incentive-based programs,
namely DLC and EDRP. These programs operate under the premise
that the independent system operator (1SO) provides incentives to
customers for reducing their load, but does not impose penalties for
non-compliance. A novel approach is introduced for these
programs, which involves the implementation of a dynamic
incentive pricing strategy based on NILM. The proposed framework
focuses on integrating in-use appliance data using NILM. It utilizes
the sequence-to-point (seq2point) methodology to extract appliance
consumption information from aggregated load data collected by
smart meters. The paper will provide a detailed explanation of this

methodology, offering a comprehensive understanding of its
implementation. Additionally, the framework incorporates dynamic
incentive pricing strategies that aim to motivate customers to reduce
their energy consumption during demand response events. In
summary, this paper aims to present a new model for demand response
programs using non-intrusive load monitoring and it introduces a
dynamic incentive function that is dependent on appliances
consumption ( incN M (dEM) ) during peak hours. Eventually,
demand response planning will be conducted based on this new
incentive, and it will be analyzed both technically and economically.

The rest of this paper is organized as follows. Section 2 proposes
the structure of the paper. Afterwards, section 3 introduces the carried-
out mathematical model and simulations. Furthermore, the
investigated case study and the results are discussed in detail in section
4. Finally, conclusions are presented in section 5.

2. Proposed inc""™M(dg;;") Structure

In this section, the proposed framework for calculating dynamic
incentive pricing (inc™':M (a}1EM)) and modeling NILM-based DR is
explained. As depicted in Fig. 1, the modeling process of this paper
consists of three stages. In the first stage, data is collected and then
organized, and the inputs are configured using sliding window
method. Finally, in this stage, the data is normalized.

In the second stage, which involves the implementation of NILM,
the corresponding neural network is designed, trained, and tested.
Once satisfactory results are obtained from the testing phase, the final
NILM results are calculated.

In the third stage, the incentive for each hour is calculated based
on the results obtained in the second stage, which is the most important
step. Subsequently, the direct load control program is executed based

Data Acquisition
and Preprocessing

Data
Acquisition

A 4

. NILM Algorithm

Designing neural network 41

!

| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
‘ |
} |—> Train the network |
| |
| |
| l !
P 1
| |
| |
| |
| |
| |
| |
| !
| !
| !
| !
| !
| |
| |
| |
| |
| |

Organizing data

Test the network

A 4

Sliding window approach

A 4

Z-score normalization {1

Demand Response
2 Program

Calculating the
Computing inc\™ (da':)'pLM —> consumption after —| Gaining total consumption
implementing DLC

Calculating the economic

Analyzing results and technical indicators

Fig. 1. The proposed structure for modeling NILM-based DR

using inc"" (da':'pLM



Research Article

Journal of Energy Management and Technology (JEMT) vol 9, Issue 4 218

on the calculated incentives, and the overall energy consumption is
determined. Furthermore, the technical and economic indicators of
the demand response program are calculated, and the results are
analyzed.

3. Mathematical Formulation

In this paper, the effect of in-use appliances on dynamic
incentive pricing based on non-intrusive load monitoring for
demand response applications has been employed. In this section,
the mathematical formulation of the introduced structure is
presented.

3.1. Data Acquisition and Preprocessing

The first step of simulating the structure is collecting aggregated
consumption data and the consumption of each appliance from some
households. The selected household appliances include evaporative
cooler, air conditioner, lighting, and other devices.

Data obtained from sensors or smart meters often need to be
improved. In addition, for processing by predictive algorithms, a
necessary step is data preprocessing, which involves converting raw
data into a suitable format for training and evaluation. The sliding
window approach is a widely used technique for converting signal
data into the input format required by neural networks. This method
involves dividing historical data into smaller sequences with a fixed
length, which overlap with each other [22].

Feature scaling or data normalization is an important step in
neural network training. This helps avoid issues like vanishing
gradients or explosions and speeds up the learning process [23]. In
this study, z-score normalization technique is used for feature
scaling. It involves calculating the mean and standard deviation of
the main and sub-metered from the entire training set [24]. This
technique is represented by the following equation:

_ dQ”LM(t)—d,Iy”‘M

NILM
dK,TLOTm

agyg

app 1)

where dN'M(t) represents the aggregate or extracted power
consumption at time t, d¥'“™ denotes the mean value of a main or
appliance reading, and o represents the standard deviation.

a

v:<={

3.2 Sequence-to-Point Learning

Seqg2point learning has surfaced as a highly promising method
with significant potential for utilization in NILM systems. [20]. In
the past, NILM methods predominantly relied on seq2seq models,
which aimed to match aggregate energy data sequences to individual
appliance activation sequences. Nevertheless, these seq2seq models
were computationally demanding and demanded extensive training
data. Seg2point learning, on the other hand, emerges as a more
efficient and effective alternative for NILM, offering improved
computational efficiency and data requirements. It simplifies the
learning task by directly predicting the midpoint element of the
target appliance's window from the mains window input. Seq2point
models, in contrast to their seq2seq counterparts, concentrate on
directly predicting the specific points of appliance activations from
the aggregate energy data. This streamlined approach simplifies the
learning process, decreases computational complexity, and
potentially reduces the amount of training data needed [25]. In order
to provide more specificity, in seq2point learning for NILM, the
neural network takes a specific time window of aggregate energy
data (referred to as the mains window) as input. The network then
predicts the midpoint element (referred to as the output) of the
corresponding time window representing the energy consumption of
a specific appliance of interest. The mains window, which shown by

NILM . ) NILM .
, produces the midpoint element d . The T is

agg, norm ¢ .\ _1 app(k) o

I’epl’esents as:
T=t+ [%J )

where W is size of the sliding window. According to this statement, it
is implied that the relationship between the midpoint element and the
main window is expected to be non-linear. This assumption arises
from the anticipation that the midpoint element's state in a particular
device will be influenced by the data from the main power source both
preceding and following that midpoint. The seq2point models
establish a neural network labeled as F,, which takes the sliding

) NILM
windows d
agg.norm ¢ vy g

from the input and maps them to the midpoint

NILM . . NILM
d of the corresponding windows d

of the output.
app(k) , app (k)

tt+w -1

The model is formulated such that the midpoint element is equal to a
function of the sliding windows from the input, with an added error
term &, which is shown in (3).

NILM NILM
=F (d )+e ©))

app(k) ¢ aGg.N0M ¢y g

Since this model uses one-dimensional convolutional layer and the

input is in vector form, considering v(t) as a kernel with size 9, the
convolution output ¥ (t) can be computed as follows [26].

Y(t) = dgglJLg%orm(t) *vu(t) = 1c9:1 v(c) X dg‘é{dq%orm (t—o)
v t=[1N] 4)
where “+” represents the convolution operation. In a broader sense, the

convolved features obtained at the output of the [*" layer can be
expressed as [26]:

i =T(bf + Zg¥5 " X vpg) ®)
In this regard, ¥} denotes the £ feature in the I'" layer, Lt
indicates the gt features in the (I — 1) layer, v}g symbolizes the
kernel linked from the £*" to the g*" features, b} conveys the bias for
these features, and I' signifies the activation function.
The activation function implemented in this paper is rectified
linear unit (ReLU), which is formulated as follows [27].
I'(t) = Max(0,t) (6)
The loss function utilized to evaluate the error or loss during the
training process is [20]:

T-W+1

Lp _ z Iog p(d NILM | q NILM ,0) %

app(k) agg,norm ¢ .\ _1

where 6 is used to represent the parameters of the neural network
being trained and T is length of input signal. In the subsequent sections
of this paper, the midpoint element which is used as the output of the

) NILM
instead of for
app(k) ,

NILM

neural network is represented as dgyy i)

simplicity.

The Adam optimizer algorithm [28] is employed to update the
model parameters during training. This method calculates individual
adaptive learning rates for various parameters using estimates of the
gradients' first and second moments. Adam optimizer has four main
parameters. The first parameter is learning rate, which controls the
step size during model updates. The second and third parameters are
exponential decay rate for the first and second moments estimates,
respectively. These parameters are called Betal and Beta2. The last
parameter is Epsilon, that is a small constant added for numerical
stability.

This paper utilizes the mean absolute error (MAE) metric to
evaluate the performance of the NILM algorithm. MAE is the average
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difference between the predicted value (dfyp(i,) and the actual

value (dﬁ;{,ﬁﬁt) for each time point measurement. It measures the
average magnitude of the errors without considering their direction,
providing a straightforward assessment of the prediction accuracy.

1
MAE = 3% |dagg o, ¢ — dapptio, ¢ ®)

In this context, N represents the number of time points,
indicating the total number of measurements used to calculate MAE.

3.3 Direct Load Control

DLC, as a voluntary incentive-based demand response program,
implies that customers will not face negative consequences or
penalties if they choose not to reduce their energy consumption.
[29]. The general equation for DRPs can be expressed as follows
[30]:

14 E(i, i) x P(D)=po(D)+inc(D+pen(d) +

. . po®
d(i) = do(i) x St (1, ) x 2L ) tpent)
sEY Po()

Vi=1.23,...24 9)

where d, (i) is initial consumption in it" hour, d (i) is consumption
after utilizing DR, Eis price elasticity of demand which, E (i, i) and
E (i, ) are self-elasticity and cross-elasticity respectively. pand pyis
spot and initial electricity prices individually. Finally, inc is
incentive and penis penalty of DRPs.

An important contribution of this paper is the consideration that
the incentive in the discussed article is not constant but varies on an
hourly basis, depending on household appliance consumption. The
calculation of this value is determined by the following equation:

m NILM /. :
. NILM—based DLC (i — 2k=1%app(lyDXMNCappiy
Xk=1 dapp(io(®

where m is the number of appliances, dgjp( (i) is consumption of

k" appliance in i*" hour, and incyy,a is the incentive of k*
appliance. Given this equation and considering that the DLC
program is the focus of this paper, equation (6) can be rewritten as
follows:

o ~ . inc(@) S . inc()
dS(i) = do(i) x {1+ E(i,i) x PNO) +]ZSPE(1,1)>< o)
Vi € [SP, EP] "

DLC

ve= {NILM — based DLC (11
where SP is start of peak time and EP is end of it. The value of i
also changes during this interval. Since both the regular demand
response program and the non-intrusive load monitoring-based
demand response program are utilized in this paper, the parameter {

is used to differentiate and separate them in the equations.

The implementation capacity of DRPs is considered as
acomtract  This means that the number of contracts signed with
participating customers in these programs is equivalent to q¢°ntract
percent of the total energy load. Considering this matter, the overall
consumption after implementing the DLC program, based on the
results of non-intrusive load monitoring represented as d,,,, , will
be as follows.

dEotal(i) = geontract y g (i) 4 (1 — qomtracty x d. (i)
Vi=123,...,24

_ (DLC

ve= {NILM ~based pLc 12

Customers modify their energy demand from the initial value,

do(i) , to d%(i) , influenced by the incentive outlined in the

contractual agreement. The total incentive provided to customers for
their participation in demand response programs can be computed by
multiplying the payment of inc (i) per kilowatt-hour (kwWh) of load
reduction during the i hour.

ZNLC; = 2FPop incé (i) X [do(i) — d¥ (i)] x aconeract
vé= {NILM —based p.c D)

Let BS represent the customer's bill after engaging in demand
response, and B, denote the customer's bill without utilizing demand
response. In such a scenario, the customer's benefit (S¢) can be
determined using the following calculation:

§¢ =By —BS+INCS

_ (DLC
vé= {NILM —based p.c Y

It is apparent that the peak value corresponds to the maximum
value of dfoml. Therefore, the percentage reduction of the peak can be

calculated using the following equation:

¢ _ peak(do)—peak{(dt{otul)
PeakRDC - peak(dy) * 100
_ (DLC
V(= {NILM — based DLC (15)

It is understood that the energy consumption is the sum of power
consumptions over a 24-hour period shown in (16).
ECS = 2, df 0 (D)

total

DLC (16)

vé= {NILM — based DLC
The percentage reduction in energy consumption can be calculated
using equation (17):
¢ EC(do)—ECY(S, )
ECRDC - EC(do)
a7

X 100

DLC

ve= {NILM — based DLC

The load factor serves as an indicator of the efficiency and
utilization of an electrical system, representing the ratio of the average
power demand to the maximum power demand within a specified
timeframe. It quantifies how effectively the system's capacity is being
utilized and is computed by dividing the total energy consumed by the
product of the maximum demand and the time period, as described in
equation (18). A higher load factor indicates a more efficient
utilization of the system's capacity, leading to reduced energy waste
and enhanced operational efficiency.

Power Power
fast

on slow

T Time T Time

€Y (b)

Power
fan and compressor

fan
T Time
(©

Fig. 2. Load signatures of appliances: (a) Lighting; (b)
Evaporative cooler; (c) Air conditioner
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Fig. 3. Initial total consumption of households

4
LFS = ——2c %100
c peaks(d;,,,)x24
_ (DL
v¢= {NILM — based DLC (18)

Peak-to-valley refers to the duration between the highest energy
consumption peak and the lowest energy consumption valley
observed during a specified timeframe. This measure enables the
evaluation of variability and fluctuations in energy demand, offering
insights into the system's load profile and the potential for load
shifting strategies. As this paper does not explore shiftable demand
response, the timing of peak and valley occurrences remains
unchanged. Consequently, the paper focuses solely on investigating
the magnitudes of these peaks and valleys.

P2V¢ = Max(d},,,,) — Min(d}, 0
DLC
¢= {NILM —based pL.c 9
4. Case Study and Results

This section focuses on the examination of the numerical results
obtained from the model presented in previous section. The
simulations were conducted using MATLAB software version

Input Conv.
Layer Layer
Conv. Conv.
Layer Layer
Conv. Conv.
Layer Layer
Output Units=1 Dense
Layer  Activation = Linear Layer

Fig. 4. Seg2point network architecture

R2021b and Python version 3.9.10.

At the beginning of this section, the introduction of the system
under study in this paper is provided. In order to evaluate the practical
feasibility of the proposed model in real-world scenarios, energy
consumption data has been collected from thirty households. From
these households, energy consumption data of various home appliances
from twenty households were utilized for training and testing the
seq2point neural network algorithm. However, for the remaining ten
households, only aggregated data from smart meters is available. The
appliances used in this paper are: ‘“evaporative cooler”, “air
conditioner”, “lighting”, and other devices. The load signatures of
these appliances are on/off for lighting and finite state machine for
evaporative cooler and air conditioner. As the name suggests, the first
type has only two states: on and off. However, the devices related to
the second type have multiple operational modes. The operational
modes of evaporative cooler are low or high fan-speed. For the air
conditioner the operational modes are compressor being on or off and
fan being on or off. Fig. 2 demonstrates the load signatures of these
appliances. In Fig. 2 (a), on and off states of lighting can be observed.
Fig. 2 (b) illustrates the states of evaporative cooler’s fan, including
off, slow, and fast. Fig. 2 (c) represents the states of the air
conditioner’s fan and compressor, including off for both, only fan is
on, and finally, both the fan and compressor are on simultaneously.
Furthermore, this paper does not impose any limitations on the usage
of these appliances by consumers.

The total consumption of all households is shown in Fig. 3. As
depicted in this figure, the peak hours, which are under investigation in
this study, fall between hours 17 and 22.

The seq2point network architecture used in this research is
depicted in Fig. 4. As evident from the figure, the network begins with
an input layer of size 599, which corresponds to the length of the sliding
window. Following the input layer, there are five convolutional
networks, with the size and number of filters specified in the figure.
The stride size for all these layers is one, and the activation function
used is ReLU. After the convolutional layers, there is a fully connected
(dense) layer where all units are connected to each other. Finally, there
is an output layer with a single unit and a linear activation function.

The parameters’ values of the Adam optimizer are shown in Table
1 [20].

Table 1. Adam optimizer parameters' values

Parameters | Learning rate | Betal | Beta2 | Epsilon
Values 0.001 0.9 | 0.999 10-8

This paper considers three scenarios for implementing demand
response programs. In the first scenario, no demand response program
is executed. In the second scenario, a direct load control demand
response program is implemented. In the third scenario, the demand
response program is based on the results of non-intrusive load
monitoring. The electricity price is constant at 4356 Rials per kW for
all hours. In the second scenario, the incentive value for all appliances
during peak hours is set at 2489 Rials per kW. The incentives
considered for the third scenario are listed in Table 2. Furthermore, the
implementation capacity of demand response programs (a°™t"ect) in
the second and third scenarios is considered to be fifty percent.

Table 2. Incentive of appliances

- Evaporative Air L Other
Appliance cooler conditioner | M99 | gevices
Incentive
(IRR/KW) 2667 3556 889 2844

Now that the introduction to the system under study in this paper
has been presented, the continuation of this section will present and
discuss the results of the analysis.
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Fig. 6. Total consumption of three scenarios

The performance of the seq2point algorithm is first evaluated
based on the MAE metric, as explained earlier, to assess the
effectiveness of this NILM approach. The obtained results are
presented in Table 3.

Table 3. Seg2point performance evaluation using MAE for each
appliance

Appliance

Evaporative cooler

Air conditioner

Lighting

MAE (%) 4.39 2.31 5.52

As evident from the above table, the seg2point algorithm
demonstrates satisfactory performance overall during the training
and testing phases. It exhibits the highest efficiency for the air
conditioner appliance and the lowest efficiency for the lighting. The
overall value of this metric, obtained by averaging these values, is
denoted as 4.07 percent.

Fig. 5 presents the percentage utilization of various appliances
during summer peak hours, as determined using non-intrusive load
monitoring techniques. As shown in the figure, the highest energy
consumption in the early hours is primarily associated with cooling
appliances, which gradually decreases over time. Conversely, the
energy consumption of lighting and other devices exhibits an upward
trend. On average, during these hours, the percentage of energy
consumption for evaporative coolers, air conditioners, lighting, and
other appliances is 22%, 29%, 16%, and 33% respectively.

Fig. 6 provided demonstrates the overall energy consumption in
three scenarios: without DR, with DR, and NILM-based DR. In the
NILM-based DR scenario, the demand response program is based
on the results obtained from non-intrusive load monitoring. As
depicted in the figure, the implementation of any form of demand
response leads to a reduction in peak energy consumption. However,
utilizing NILM-based demand response results in a further decrease
in electricity usage, contributing to an improved consumption

pattern. Numerically, the figure shows that the plain demand
response program achieves a 12% reduction in peak consumption,
while the NILM-based demand response achieves more than a
15.5% reduction in peak demand. Further in this section, a
discussion will be conducted to assess the economic and technical
impacts of these three scenarios.

Table 4 presents the economic results, showcasing the
outcomes associated with each scenario. It is evident that the
implementation of demand response results in a decrease in
customer payments. As indicated in the table, the plain demand
response program results in an approximate 3.11 percent reduction
in the customer's bill. The reduction in the customer's bill becomes
even more significant when the NILM-based demand response
program is implemented i.e., 4.086%. Additionally, customers
receive incentives as a result of their reduced energy consumption.
The total incentives received by consumers are 52000 and 89300
Rials, respectively, in accordance with the aforementioned DRPs.
These two reasons contribute to the substantial benefit experienced
by the customers. Considering the inclusion of 30 households in

this study, the calculated benefit per household from implementing
DR and NILM-based DR is 4880 and 7110 Rials per house,
respectively. Based on these findings, it can be concluded that on a
larger scale, particularly with a greater number of households, the last
scenario (NILM-based demand response) provides significant cost
reduction benefits to customers.

Table 4. Economical results for implementation different DRPs

Paid Customer
Scenarios Customer bill incentive benefit
(Million IRR) | (Million |\ chnefl
IRR)
Without DR 3.0337 0 0
With DR 2.9393 0.0520 0.1464
N'L'\g'lfased 2.9098 0.0893 0.2133

Table 5 presents the technical outcomes,
summarizing the results obtained regarding the technical aspects. It is
evident that NILM-based demand response performs superiorly in
reducing peak demand and overall energy consumption. Furthermore,
NILM-based demand response results in a greater improvement in the
load factor and the peak-to-valley ratio. Likewise, peak demand and
energy consumption have been reduced 16% and 4%, respectively.
Considering the calculated percentage reductions in peak demand and
energy consumption, it can be expected that even greater reductions in
these parameters would occur on a larger scale.

100
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Fig. 5. Appliances consumption percentage in peak hours
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