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Abstract. Demand Response (DR) is recognized as an efficient method for reducing operational uncertainties
and promoting the efficient incorporation of renewable energy sources. However, since the effectiveness of DR is
greatly influenced by consumer behavior, it is crucial to determine the degree to which DR programs can offer
adaptable capability and facilitate the use of renewable energy resources. To address this challenge, the present
paper proposes a methodological framework that characterizes the uncertainties in DR modeling. First, the
demand-side activities within DR are segmented into distinct modules, encompassing load utilization, contract
selection, and actual performance, to enable a multifaceted analysis of the impacts of physical and human
variables across various time scales. On this basis, a variety of data-driven methods such as the regret matching
mechanism is introduced to establish the analysis model to evaluate the impact of various factors on DR appli-
cability. Finally, a multi-attribute evaluation framework is proposed, and the effects of implementing DR on
the economic viability and environmental sustainability of distribution systems are examined. The proposed
framework is demonstrated on an authentic regional distribution system. The simulation results show that com-
pared to scenarios without considering uncertainty, the proposed method can fully consider the impact of DR
uncertainty, thereby enabling a more realistic assessment of the benefits associated with DR in enhancing
renewable energy accommodation for smart distribution grids. From the comparative analysis of new energy
installation scenarios, with the integration of photovoltaic and wind power into the system, the presence of
DR can increase the renewable energy consumption rate by 6.39% and 37.44%, respectively, and reduce the
system operating cost by 1.37% and 3.32%. Through the comparative analysis of different load types, when
DR is a shiftable load and a two-way interactive load, the renewable energy consumption rate increases by
20.57% and 26.35%, and the system operating cost decreases by 2.12% and 4.68%. In this regard, the proposed
methodology, hopefully, could provide a reliable tool for utility companies or government regulatory agencies to
improve power sector efficiency based on a refined evaluation of the potential for demand-side flexibility in
future power grids incorporating renewable energies.
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Nomenclature Pt Lower spare capacity acquired in the auxil-
iary service market
Psert System’s consumption capacity for Ps}ﬂf Load reduction
renewable energy il .
P Power reduction
Poms Total available power output of renewable Tt
energy generation Cy Expense of buying power from the system
Pl}l‘i Power procured from the system assigned — Cb/Cj Cost factor of upper/lower spare capacity
to period T purchased
PT5 Upper spare capacity acquired in the auxil- ~ Cy/Cs The cost factor of load /power reduction
iary service market P’,i’iat Standard consumption or benchmark
demand of interruptible loads
* Corresponding author: edcftgbhul234@163. com P Power demand of sheddable loads
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l"i Represents the customer’s innate percep-
tion of the potential of the DR program
Wy Availability payment
" Utilization payment
s, Current action
s Different strategy

1 Introduction

Demand Response (DR), known to be a prominent feature
of the smart grid, presents utilities with a groundbreaking
approach to regulating power system operations through
the utilization of customers’ load demand flexibilities.
According to the definition of reference [1], DR programs
are designed to enable load-side customers to voluntarily
modify their electricity use when the system is subjected
to high market prices or emergencies. In this context,
effective utilization of DR can sustain a crucial role in main-
taining supply-demand equilibrium, which can impact the
operational efficiency of upcoming power grids.

Among the numerous benefits of DR, a major aspect is
its implication for renewable energy accommodation. In tra-
ditional power systems, planning or operation decisions
mainly account for uncertainties stemming from the load
side. In the future power system, renewable energy
resources may be massively integrated with the global need
to reduce carbon emissions [2]. However, renewable energy
is intermittent in time and space [3]. It generates electricity
intermittently and may account for a considerable percent-
age. As a consequence, the power system is likely to exhibit
significant unpredictability on both the supply and demand
sides [4]. Due to the above feature, it is challenging to fulfill
efficient accommodation of renewable energies in the power
system.

As a sort of market-based operation solution, incentive-
based DR can encourage consumers to adjust power usage
patterns, achieving comparable outcomes to supply-side
resources [5]. As a virtual controllable asset, DR can be
combined with a variety of power generation to efficiently
mitigate the challenges posed by unpredictable renewable
energy generation and load-demand disparities in power
system operation [6], and improve the power grid’s capacity
to accommodate renewable energy.

At present, the application of DR in the power grid has
been studied at home and abroad. Salehimehr et al. [7]
develop a master-slave game trading model between system
operators and load aggregators for DR, along with an
optimization approach for multi-energy trading among
diverse participants is presented. Norouzi et al. [8] investi-
gated different load characteristics and types of DR pro-
grams. Reference [9] discusses the effects of time-of-use
pricing on DR scheduling in the context of thermal energy
storage, and based on the simulation outcomes, it can be
inferred that combining energy storage with a time-of-use
tariff can result in increased DR advantages specifically
during peak hours. The load recovery effect associated with
DR has been studied in reference [10] and it can be seen that
in certain situations, the advantages of DR in terms of

reliability may be substantially nullified by load recovery.
Singh and Kumar [11] examine the involvement of various
load resources to assist photovoltaic (PV) operation. Refer-
ences [12-14] prove that DR can help promote the applica-
tion of renewable energy, enhance grid stability and
reliability while lowering electricity costs. At the same time,
Zhou et al. have conducted research on the DR flexibility of
building energy systems, respectively from the aspects of
system flexibility [15], collaborative optimization [16], and
integrated application of renewable energy [17], and used
machine learning methods to describe the demand side
prediction of building energy system [18].

As for how to evaluate the contribution of DR in
promoting the application of renewable energy in smart
grid, Mehdi and Babak [19] present a security-constrained
unit commitment framework that evaluates the effect of
DR on power supply reliability. In reference [20], the influ-
ence of DR on the reliability of distribution networks is
evaluated through Monte Carlo simulation techniques. Li
and Wang [21] verify the feasibility of DR to promote
renewable energy utilization by establishing various DR
models. Yang et al. [22] calculate the contribution of DR
to wind power usage under different incentive mechanisms
based on a quantitative evaluation model. Amirhos et al.
[23] recommend a multidimensional evaluation model that
depends on an artificial neural network to implement a
DR program. Shankar and Maurya [24] also propose a set
of comprehensive evaluation methods for the valuation of
DR benefits. In addition, reference [25] proposes a P2P opti-
mization design method to increase DR Participation and
promote renewable energy consumption.

Although considerable research efforts have been made
so far, there are still some scientific gaps existed, which
mainly arise from three of the following aspects:

Firstly, in the previous researches, the uncertainty of
DR was not adequately considered. They commonly
assumed that the utility companies possessed full knowl-
edge about the demand responsivity of all the customers
in the system; and all the DR resources were always acces-
sible whenever envoked during the operation. These pre-
sumptions are generally applicable when DR is executed
through a direct-control program, where customers got no
option other than deciding whether to comply with DR
requests from the grid. However, in reality, these assump-
tions may not always hold. If the study focuses on the
non-direct control scenario, the circumstances will be quite
different. In this case, users’ responses to DR signals would
be “voluntary,” leading to unpredictable DR capacity that
may significantly deviate from initial utility forecasts [11].
Consequently, the previously adopted assumption may no
longer be justified in the non-direct control scenario.

Secondly, in current literature, the dynamic nature
associated with DR activities has been largely disregarded
[26-31], which imposes a great hurdle for their usage in
real-world applications. In fact, for long-term analysis of
smart-grid, since the time being considered is typically quite
long (can take years), customers may modify their approach
regarding their involvement (contractual setting) in the DR
program dynamically during operation. In this case, the
actual capacity for DR from the demand side becomes
unstable and varies with customer decisions (i.e., the
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Fig. 1. Overall research roadmap of this paper.

willingness to participate in DR) over time. As such,
neglecting the multi-time scale and dynamic feature in
DR programs would lead to an unrealistic estimation on
the benefits of DR program in the long run.

Finally, in the existing literatures, the currently adopted
indicators for measuring the benefits of DR are relatively
simplistic, which fail to fully capture the multidimensional
value for DR implementation, especially concerning their
implication for enhancing the utilization of renewable
energy in smart grids.

To resolve the scientific gaps presented above, this study
proposes a comprehensive DR modeling framework and
applies it to the quantification of DR benefits in enhancing
the utilization of renewable energy. As the novelty of this
research work, this paper’s proposed methodology can
account for the impacts of uncertainties arising from both
technical and human-related aspects within DR programs.
Additionally, this paper explicitly incorporates the ambigu-
ities of demand-side behaviors and their possible dynamics
at multiple time-scales. To quantify the effect of DR on
renewable usages scientifically, this paper also develops a
systematic evaluation index system and algorithms.

In summary, compared with the related research, this
study fully considers the uncertainty in the process of DR
Implementation, and combines multi-time scales and
dynamic characteristics to build a multi-dimensional benefit
evaluation system for DR, the main contributions of this
research can be summarized as follows:

The paper comprehensively models the multi-
dimensional uncertainties of DR from a demand-side view-
point, incorporate concurrently, within a same framework,
both contingent and long-lasting dynamic ambiguity in
non-direct control-based DR programs. This is unlike previ-
ous research which has only focused on examining tempo-
rary operational fluctuations of DR. This approach
enables a more precise and practical assessment of the envi-
ronmental and economic benefits of DR in real-world
applications.

To create the DR model, the research integrates the
strengths of analytic and data-driven approaches, making
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it generalizable and able to evaluate the DR attributes of
various customer groups without implying any precon-
ceived speculations about their behavior patterns or
preferences.

A comprehensive multi-attribute assessment framework
is proposed to explore the economic and environmental
impacts of DR implementation in smart distribution
systems. This framework relies on two key evaluation
metrics: renewable energy utilization ratio and system oper-
ational cost. It also incorporates a multi-time scale optimal
scheduling model, covering both day-ahead and intra-day
scheduling.

The paper is structure as follows: Section 2 offers a
system overview, Section 3 defines the evaluation criteria,
Section 4 elaborates on the proposed DR modeling frame-
work, Section 5 describes the algorithm used for the assess-
ment, Section 6 makes a case study, and Section 7 provides
a summary of the findings, concluding the research.

The overall research roadmap of this paper is shown in
Figure 1.

2 System overview

This research is based on a smart distribution system
comprising distributed renewable energy generation, distri-
bution feeder lines, and responsive load demand from
system customers. The utility company centrally manages
all system modules.

In this study, it is assumed that each system customer is
equipped with a smart load monitoring and management
unit, allowing the system operator to remotely oversee
and adjust their electricity consumption, such as the real-
time switching of the customers’ electrical devices.

Practically, customer load demand can be classified into
different groups based on various criteria [32]. For instance,
residential, industrial, and commercial loads can be distin-
guished according to the customer sector. Alternatively,
curtailable, time-shiftable, and inelastic loads can be identi-
fied based on the characteristics of demand-side resources.
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In a prospective smart distribution system integrating
renewable sources and adaptable loads, a well-executed
DR strategy can enhance renewable energy utilization and
mitigate carbon emissions from the electricity sector, and
improve system operations. For instance, during periods of
low renewable energy output or high market prices, the
system operator might reduce or delay demand from flexible
loads to minimize energy procurement from the grid, reduce
maintenance expenses, and mitigate carbon emissions.
Conversely, when renewable energy output is high or market
costs are low, the system operator may opt for DR to
increase load demand, avoid curtailing renewable genera-
tion, and improve system economic performance.

In practical applications, DR can be acquired through
price-based or incentive-based programs [33]. Price-based
DR programs depend on time-variant pricing signals (such
as time-of-use prices, real-time prices, etc.) to motivate cus-
tomers to adjust their power demand pattern based on the
current system’s operational status. For example, real-time
prices represent the marginal cost of supplying electricity to
users within a specific time period, factoring in operational
and foundational investment costs. Time-of-use prices
involve segmenting a day into various periods based on
the system’s operational status, with each period charging
electricity based on the average marginal cost of system
operation. However, since these pricing signals are typically
issued on an hourly basis, load demands are unable to
closely track the stochastic power output of renewable
energy generation and respond promptly. Therefore, price-
based DR programs are less useful in addressing the
challenge of renewable energy integration. Alternatively,
incentive-based DR programs use a direct load control
approach. In this approach, the system operator can
directly monitor and manage electricity consumption on
the demand side in compliance with the system’s need for
immediate response and performance. As a result, customer
loads can promptly respond to system signals, promoting
efficient renewable energy use.

However, incentive-based DR, programs require users to
change their initial consumption behaviors unexpectedly.
Therefore, the degree to which the load controls impact
customers who participate in such DR programs becomes
a critical factor. In this sense, the impact of demand-side
behaviors must be appropriately accounted for when assess-
ing the contribution of incentive-based DR to renewable
energy utilization.

During operation, when there is a timing mismatch
between renewable energy generation and load demand,
the system operator could invoke the DR potential of
customers to maintain the secure, economical, and efficient
operation of the system. To ensure the maximization of
system benefits, the operator must determine the most suit-
able strategy for deploying DR under different scenarios, by
optimization techniques. Then, the obtained DR commands
are delivered to the customers via smart load monitoring
and management unit and the targeted loads will be
curtailed or shifted accordingly. After each time a DR is
performed, the system operator records corresponding infor-
mation about the DR capacity that is realized and pays a
reward to the enrolled customer according to their bilateral
agreement.

3 Evaluation criteria

Since this paper is mainly focused on assessing the impacts
of DR in smart distribution grids, here, two evaluation
indices are adopted, namely, the renewable penetration
ratio n and grid operation cost C, to evaluate the influence
of DR implementation on renewable energy utilization and
the economic performance of the system, respectively.

The renewable penetration ratio # is defined as the quo-
tient of the capacity of renewable energy that is utilized by
the maximum generation output available, as given below:

T
_ Zt:lpusc.t
"=<=r 5,
Zt:l Psum,t

where P, is the capacity of renewable energy consumed
by the system in time-period #; Py, represents the total
available renewable energy power output in time period ¢
(which depends on the meteorological conditions); T is
the time horizon under study.

The system operating cost C consists of four items,
which are the power purchase cost (in the day-ahead mar-
ket), DR reward cost, loss-of-load cost, and the payment for
purchasing ancillary services. The mathematical formula-
tion is presented as follows:

365 24 24 24
_ 2 : buy § a.+ § a.—
C = ClPT,t + CQPT,)‘, + C3PT,t
t=1 t=1

T=1 \ t=1 t
24 24 .
+ZC4PS%¢+ZC5PHT¢ (2)
t=1 t=1

where P};“, is the power purchased from the system allocated
to the period T'at period t. To meet the active power demand
under the negative new energy forecast deviation and distur-
bance accident, the power system must retain a certain
number of operating reserve passengers in the day-ahead
start-up mode and intra-day real-time generation planning.
Scientific and reasonable setting of operating reserve
capacity is the premise of ensuring the safe, the dependable
and cost-effective operation of the power system. And when
the upper reserve capacity is insufficient, it may lead to load
cutting, and when the lower reserve capacity is inadequate,
it may cause new energy abandonment such as wind aban-
donment and light abandonment. Therefore, it is necessary
to set the spare capacity constraint. P4} is the upper spare
capacity purchased from the auxiliary service market for
period T'in a given time slot ¢ during the day-ahead schedul-
ing, P77, P%t and PI}_t are load reduction and power reduc-
tion. ¢, is the cost factor of purchased power from the
system, ¢, and c3 are the cost factor of upper and lower spare
capacity purchased, ¢4 and c5 the cost factor of load reduc-
tion and power reduction, all in $/Kw.

x 100% (1)

4 Model formulation for DR
4.1 Framework of DR modeling

To accurately estimate the DR, it is crucial to conduct a
sophisticated analysis of the load characteristics and the
associated uncertainties.
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Fig. 2. Modelling framework of DR.

The two main categories of current methodologies used
in DR modeling are analytical and data-driven [30]. The
priori approach primarily analyzes the DR through
the development of profit-oriented optimization models
[26, 31]. Conversely, the data-driven methodology entails
forecasting the DR capability through an analysis of histor-
ical customer behavior patterns [22, 34-36.

The most significant challenge posed by this scenario is
the diversity in demand-side behavior. As the non-direct
control scheme does not involve direct control, entities
may exhibit diverse and potentially irrational behaviors in
response to DR signals from the grid. However, it may be
challenging for the system operator to obtain complete
information regarding individual idiosyncrasies, such as
their coherence and consumption preferences, etc. Further-
more, assuming such evidence is accessible, various unpre-
dictable factors may impact the reliable responsiveness of
users throughout the process. Due to these factors, system

operators cannot adequately incorporate DR in practical
settings using solely analytical methods.

In addition to the aforementioned challenges, in the con-
text of long-term analysis, the dynamic nature of customer
participation in DR programs results in potentially unstable
available DR capacity within the system, but it may change
as the demand-side participation progresses. According to
the research conducted by [37], people’s willingness to take
part in DR programs is not solely determined by their pref-
erences but is also influenced by factors like their previous
payouts from the program. Unfortunately, the majority of
existing DR modeling techniques fall short of accurately
capturing the interconnected and evolving character of
consumer behavior.

Considering the challenges discussed above, this paper
recommends a comprehensive modeling approach for DR
that addresses the above-addressed issues. As depicted in
Figure 2, the system is made up of several components, that
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model the various factors influencing DR at different time
scales. The structural attributes of DR capabilities are
analyzed in the demand analysis module, which provides
a foundation for the overall research. Two distinct modules,
contract selection and actual implementation assess the
human-related factors of DR. The contract selection
module models the decision-making process of individuals
regarding DR subscription during the contract execution
process, which typically encompasses an extended time
frame. On the other hand, the actual implementation
module evaluates the actual DR efficiency of customers
during the immediate operating period, taking into account
the restrictions imposed by strategic contract selection in
the long run. The changing load profile brought on by
DR under various operating conditions may be evaluated
by integrating the outcomes from these components. The
evaluation algorithm uses the data generated as the
ultimate results of the framework to evaluate the DR.

Figure 3 illustrates the modeling of factors that exist
on different time scales that have a significant impact
on DR.

4.2 Demand analysis module

When considered from the material perspective, DR capa-
bility is primarily determined by the functional attributes
of local requirements. Based on their degree of adaptability,
electric loads can be broadly categorized as critical loads,
interruptible loads, and shiftable loads [37].

Critical loads must run continuously under all circum-
stances. These loads typically include essential household
appliances such as refrigerators, cooking equipment, and
lighting fixtures. Given that the use of critical loads is often
tied to the daily survival of individuals, they are designed to
operate independently without any reliance on external
signals or factors.

When referring to loads, interruptible loads are those
whose expenditures may be reduced during system crises.
Common examples of interruptible loads include heating,
ventilation, and air conditioning systems. In the case of
interruptible loads, when a power attenuation is com-
menced during a given time t, the resulting changing
demand can be calculated as P, = P{%™ — P}, where
Pl,if‘t represents the standard consumption or benchmark
demand of interruptible loads during period ¢

Shiftable loads, or controllable electrical loads, can have
their demands modified within a defined timeframe while
adhering to overall energy constraints. Sheddable loads
include plug-in electric heaters and water heaters. If a DR

t-1 Period ¢ t+1

ee t+é ee

event starts while sheddable loads are operating, any energy
saved during the DR event by reducing demand must be
repaid by the customer after the event, based on the terms
of their agreement.

To capture the behavior of both long-running loads and
the associated uncertainties of sheddable loads, a vendor-
neutral model is employed. This method utilizes two
straight lines, as depicted in Figure 4, to characterize the
demand reductions and restorations of sheddable loads.
The ascending line represents the load increase following
the DR event, while the declining line simulates the return
of usage to the pre-DR level while taking into account the
long-running process’ waning influence [38].

Whenever a load reduction PZI; occurs, such as in per-
iod t, the restored demand in succeeding period # (P};) can
be calculated distinctly as: '

Blo+@l(f —t—1),0 € {t+1,- t+}
Prp =R 0 —a™( —t =), ¢ e {t+ 0 +1,-,t+8,)

0, else

3)

L Pl o - D = 260 + ot — ]
b/;:,O = 25
k

(4)

2P + oot (o — 1) + o (6, — 7]
20y,

()

sl
bk,l -

And @}®, @™, 5, and 6" are distinct characteristics that
determine the form of the user’s long-running structure.

The implementation of long-running loads by customers
are typically uncontrolled, leading to uncertainties in the
parameters described by equation (3) from the system oper-
ator’s perspective. In practice, a load survey is often neces-
sary to determine these parameter values, with statistical
characteristics identified through long-term observation of
customer load recovery behavior during DR events. For
simplicity, this study assumes that @}", @, d;, and o
are normally distributed variables, these variables can be
deduced through random sampling in the calculation. The
demand for sheddable loads during DR can be represented
by a combination of power reduction and payback, result-
ing in the following expression:
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where P7* represents the power demand of sheddable
loads at period ¢ under typical circumstances (without DR).

4.3 Contract selection module

To represent demand-side actions during the contract
selection phase, Qp, is identified as the group of system users
or clients. For every user k£ € Qp, suppose that all their
potential actions/decisions for contract selection belong to
a finite set Sy = s}, s7,..., sV, where each element in Sy is
a percentage metric that represents the relationship
between a user’s contracted load reductlon level and their
overall DR capability which comprises P1 ety Pb " More,
this paper defines a time-interval set T, = 1 2,...,2...t0
denote the contract terms or time horizons for making
contract selection decisions. Therefore, each time-slot ¢ in
z € T, can be represented as t, = mod(¢, z). Given the nota-
tions outlined above, the key issue in contract selection to
tackle is determining the users’ responsibility for selecting
various actions in S, for each interval z € T,

To begin with, let’s examine the scenario where no a pri-
ori information is available. Under such circumstances, as
individuals typically have limited knowledge they are
enrolled in, their selections of contract selection needs to
rely solely on their judgment, which can be instinctual
and subject. As a result we can describe the likelihood of
selecting each strategy s « €Sk through an empirical distri-
bution I'y = z{ (sy), wherein z[ (s, ) represents the prob-

ability value associated with ¢, and Z 2k o (sy) =1
9 6&
serves as a further specification or condition.

The variable Fk represents the customer’s innate per-
ception of the potential of the DR program. Specifically,
it reflects the customer’s inclination towards selecting differ-
ent contract-level strategies based on their expectations of
the rewards and benefits associated with DR participation.
For instance, a customer with a favorable disposition
towards DR may opt for high contract-level strategies,
whereas those with reservations may prefer low-level
strategies. It is important to mention that l"i is based on

A
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§ L m Il p 1 é“ blllL ! e Pard]lne »

- + + . k k

5 t-1 T T R T T

3 | (h)

3 —;éq ' ® Reduced demand
w Recovered demand

J DR event

the customer’s inherent tendency and stays constant
throughout the DR program, without changing over time.
This property makes I i a useful tool for modeling the cus-
tomer’s decision-making behavior in DR programs.

While the aforementioned formulation serves as a viable
method for modeling DR programs, it might not provide
the precision necessary for conducting in-depth studies.
This is because the model overlooks customers’ learning
capabilities, which can significantly affect their long-term
decision-making. In real-world scenarios, customers can
potentially predict the profitableness of DR programs
derived from their past experiences and incorporate this
information into their forthcoming decisions. Consequently,
the likelihood of a customer choosing a specific contract
selection strategy may not stay consistent throughout time,
but instead, transform and vary. As a result, the customers’
performance in the contract selection phase may not always
conform to their innate pattern represented by I’

Thus, we will now elaborate on how to expand the
model to integrate the scenario of a priori information.
To calculate the remuneration gained by a customer for
their DR actions during a given interval z a benefit
function Uy: R, — R is utilized. The configuration of U,
typically takes into account both the capacity and energy
contribution of the DR program [39]. It is worth noting that
some DR programs may also impose penalty policies for
customers who fail to meet their contractual obligations.
In such cases, a penalty charge G} will be incurred, and
its value will increase with the degree of violation commit-
ted by the customer [7].

Conversely, reducing (or shifting) the load can also cre-
ate inconvenience to consumers. In DR research, such
inconvenience is commonly expressed using a disutility
function L;;: R, — R, the input of this model is calculated
in this way. Using the definitions provided above, the aggre-
gate gain of the users (Wk) from participating in DR during
interval z can be represented as follows:

Wilske Py, i) = Wilses) + > WPy, Piy) (7)
t.€z
W (si.) =

Ui(sies Prp, Pr) = Y Ud(Pr, P (8)

t,€2
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W, (Pl,j;,P‘1 ) — p(U’k, Gk,Likl,Lj}). 9)

The total customer payoff from DR, participation in interval
z, as shown in equation (7), comprises two components:
the availability payment W and utilization payment
W, L W) is typically defined by the user’s contractual level
during interval z, represented by their contract selection
decisions s;,, as represented by equation (8). Whereas,
W' is determined by the users’ actual performance
throughout the operation P}, rr, and P 1., which is a function
of U’k7 Gy, L, and LY, as shown in equation 9).

Typically, customers on the demand side have limited
access to system information beyond their past observations
and experiences, in normal situations. As a result, their deci-
sion-making in the contract selection phase often follows a
“reflex-response” paradigm in praxeology [39]. Specifically,
for every interval, customers may transition from their exist-
ing actions to alternative actions if they are perceived to
yield higher payoffs. The likelihood of choosing an alterna-
tive strategy increases with its perceived superiority in terms
of expected utility.

In this study, a theory based on behavioral economics
principles is introduced, the regret-matching mechanism,
to properly model the “reflex-response” effect exhibited by
customers on the demand side. The initial design of the
regret-matching mechanism was aimed at resolving the issue
of local decision-making in scenarios where the available
information about the environment is incomplete [34]. The
distributed nature of the regret-matching mechanism makes
it a suitable approach for modeling users’ adaptive behav-
iors, such as those seen in the contract selection case
explored here. Furthermore, the regret-matching mecha-
nism relies on the premise of limited rationality in human
decision-making, which enables it to model customer behav-
ior more accurately in realistic settings. Based on these
recognitions, this study develops the contract selection
model with a regret-matching mechanism as follows.

For each interval z € T, the regret-matching mecha-
nism defines the regret of a customer M ,(s),s]) for not
selecting a different strategy ) € s, compared to the cur-
rent action s as:

M.(sp, 1) = max{Ej.(s}, 5;), 0} (10)

1

AN 2 : w " _
Ekyz(sk’ 8k> - P k(sk,,r)

‘[SZ:S[(.T:S;_

DALY

!
Igz:sk.,:sk_

(11)

As observed, regret is determined by comparing a user’s
average payoff for a particular action, ), with the average
payoff for a different action, s} € s, in the history up to z.
The entire payoff for consumers, normalized Wj(-) over all
the relevant intervals z is known as the average payoff. If
the payoff for the alternate strategy s is lower than that
of s, thus M,.(s}, s}) is 0.

To quantify regret, the system operator must under-
stand the user’s potential payoffs if they had taken different
actions in the past, denoted as W(s}.) in equation (11).
However, in practice, obtaining such information from users

may not always be feasible, rendering equation (10)
inapplicable.

To address this issue, a conversion of the formulation
E}, , is necessary. In the context of prolonged research, if
the possibility of selecting the strategy sj is a times of strat-
egy s, then based on the principle of the law of large num-
bers, the frequency of s} happening will be a times higher
than that of s. Consequently, the estimated total payoff
for intervals where §’; is chosen can be calculated by
increasing the reward ) by a factor of 1/a. The alternative
method of the s}, denoted as the first expression in (11), can
be rephrased as:

2 Wils)= X

e () - Wi(sho)/@re(s)
t<z:5), =S5, rgz:skVT:sZ

xkr()

(12)

where . .(sx) indicates the likelihood of s, to be selected at
7 < z In practical applications, this system operator can
easily calculate the value of z;.(-) using past customer
data, making equation (12) manageable for the system
operator.

Using the refined regret measure in regret-matching
mechanism, the tendency of customers k € Qp towards their
decisions in contract selection can be defined. Then the
probability distribution Fk 1 represents the possibility
of the user selecting policy s} € s; at z + 1.

Ifzﬂ(s;) = min {— My.(s,,s}), g}
re /

kel —
x/?,z+1(8ic) =1- Z w1 (81)

N LML
‘SkeSk"sk#‘sk

(13)

where z/_(s}) and zg,,,(s]) represents the likelihood
that a user will choose a strategy s and s}, respectively;
the scaling factor y is accompanied by a srnall predeter-
mined constant, denoted by ¢, this ensures ensure the
total suggested probability is not greater than 1.

Equation (13) shows that a client has two options at
each interval z: to continue adopting the identical strategy
employed during the previous time period z — 1§, or turn
to choose a different action, or shift into a different action,
"y € Sy, "y # 8, with probabilities that are directly corre-
lated to the level of regret associated with each option,
M, .(s), s}). Furthermore, selecting { as a minimum makes
sure that every strategy S, has a positive probability of
being selected, which aligns with the fundamental concept
of reflex-response. As a result, the proposed model in equa-
tion (13) is in complete agreement with the reflex-response
principle.

Until now models have been constructed for customer
decision-making in the context of contract selection, both
with and without the availability of a priori information.
However, in reality, individuals may not always conform
to either of these models, as they may not be completely
adaptable or entirely obstinate. As a result, their actual
behavior at the contract selection can fall somewhere
between the estimates of the two models. To address this
issue, the distributions l"i and Ff can be combined as
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suggested above, the customer contract selection model is
determined as follows:

rk,z+1 =
1
Ty .1(8)) = (1 — 2;) min {;Mkvz(s;c, s, g} + Aypzro(s))

> mpeals)

I L
Sy ESks]#s),

Tpoi(sy) =1 —

(14)

The final probability of a customer selecting an action
Sy (xr,.11(8])) represented as a combination of two probabil-
ity vectors, as demonstrated in equation (14). The initial
value, with weight 1 — A;, captures the outcome of users’
compliance, whereas the later value, with weight A;, indi-
cates the influence of customers’ inherent preferences on
their choices. The weighting coefficient 0 < 4;, < 1 determi-
nes the significance of the customer’s past experiences. In
practice, the system operator must collect information
about users’ contract selection actions s; in the past to
determine the value A;. The disparities between the data
that was observed and the estimation outcomes produced
by the two-component models can be calculated using
statistical techniques. The obtained distances can serve as
indicators of the ‘closeness’ of users’ behavior patterns to
the Fi and Ff distributions. Through the normalization
of the computation of these distance measures, the value
A, can be quantified. Detailed procedures for estimating
Arare provided in Algorithm 1.

Algorithm 2 can be used by the system operator to
update and calculate I', ., k € Qp at interval z € T, during
estimation. Once calculated, the contract selection module
can use the results to determine the user’s DR capacity
during a specific time period ¢, based on equation (15) for
a given

Py =PI+ P, (15)

4.4 Actual implementation module

The implementation module specifically outlines the deci-
sion-making challenges customers face upon receiving DR
calls, compelling them to adapt their energy consumption
habits dynamically in response to operational requests. To
do so, let P(grtr represent the decrease in demand mandated
by system operator at time-slot ¢, the benefit function
follows U} and Gy, U, and G}, are inverse functions that
depend on the consumers’ reactions P’,it: + PZI; and its

departure from the level requested P‘,:rfz - P}E; - P;j; ,
respectively. Furthermore, the cost functions Likl, and Lf rep-

resent the costs of inconvenience imposed by DR, and these
costs escalate with the extent of response and frequency of
occurrence among customers, respectively.

Using the functions presented above, it is possible to
define the total payoff a customer receives for modifying
their demand at a time slot ¢, (W7). This payoff is calcu-
lated by taking the weighted gap between expected
revenues from the consumer and the cost of their suffering.

Algorithm 1. Estimating the weighting coefficient for
contract selection.

Input: Historical contract selection decisions of

customers S, =18, 1,8, Sy )5
Probability distribution Fi and Ff
Output: The weighting coefficient A, ,Vk € (),
Compute the expectation value of s, and form a time
series Sliu = {Ec,l’§k.2 '”’Ek,N} .
Compute the expectation of estimated data provided by
[} and T} and form the time-series
1 —1 —1 —1I B —B —B —B
Se ={8kSen S rand S = {81,808 ) -
Calculate the Euclidean distances
I _ [§N =1 = 2 B N =B _— 2
dk = z"n:l (Sk,n - Sk,n) and dk = anl (Sk.n - Sk,n)
between S ,f” to S,f and Sf , respectively.
Determine A, by normalizing d ,i and d,f according to
B I, B I I, 7B
A, =d. /(d, +d )andl =N\, =d, /(d, +d,).

Export the outcome of A k-

WPy, Pry) = ol[UW(Py, + Pi) + p Py
—Gi(Pyy” = Py — Py
—(1 = ) [L(PY) + (P

Pdrr

k.t,
t,. (16)

In equation (16), p; presents the price of retail electricity
while p kPILl,_ indicates the amount by which the user’s
electricity bills are reduced as a result of demand reduction.
The weighting coefficient 0 < w;, < 1 specifies the individ-
ual’s preference for incentive rewards versus comfort at a
time-slot ¢,. In the context of the program, the degree to
which users comply with DR signals is often uncertain. This
uncertainty is captured by the variable w;, which a probabil-
ity distribution can be used to describe yr(wy).

In reality, the system operator does not know the form
and coefficients of /(wy), and they must be discovered from
client history data. In this research, a non-parametric kernel
density-based approach [35] has been employed to achieve
this. In contrast to conventional techniques, non-parametric
kernel density-based approach does not depend on assump-
tions about the parameters or a priori knowledge of the
variables. As a result, non-parametric kernel density-based
approach is capable of fitting any probability distribution
shape and can therefore identify various customer behavior
patterns in real-world situations. The detailed procedures
for determining (w;,) with non-parametric kernel density-
based approach are outlined in Algorithm 3.

Random sampling from () is the process that defines
the value of w;. The anticipated customer response level
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Algorithm 2. The algorithm used for deriving the
distribution I’ ..

Input: Set of contract selection strategies S, ; payoff
function ¥, ;
Empirical distribution F,’{ ;

Historical DR records Sk’r,Pil‘_ P P NYt<z

[XAEEY TREEY )

Output: The probability distribution I', _,Vk €Q,

k,z»

Pick a first course of action Sk from Sk and set

t=1
Loop
t=1
Repeat
Check to see if user k has a DR in slot t
If yes, retrieve the data of E{i’lt’: and E\‘]r_ ,
and record

Else, continue

t«— t+1

Checkif t €T

If yes, go back to 4)
Else

for Vs, €S, |s, #s,do

Quantify users payoff  J¥,  under Sy

ands, , Eq. (7)

Compute the regret measure M, (s, ,S;)

Eq. (10)
End for

Determine Ff’t according to Eq. (13)

Check whether T=2Z

If yes, combine I', and I to derive r,.
based on Eq. (14)

Else, T<1+1

Go back to 2)
End loop

(load reduction) k € Qp at time ¢, can be calculated by
resolving the subsequent optimization issue:

maximize W, (17)
PP

0< Py, <P (18)

0< Py < P (19)

k7tz

il,— sl,— drr
Py + Py < Py,
sl,+ !
Pk,tz,t’

(20)

Equations (18) and (19) are employed here to guarantee
that the power reduction obtained from interruptible loads
and shiftable loads remains within their available capacity
during the specified period. Additionally, since emergency

Algorithm 3. Estimating the weighting coefficient for
actual implementation.

o . : i sl
Input: Benefit/disutility functionsU, , G, ,L, ,L;
Historical DR trajectories, P,('l; , Bil[’; ,Pkd:P

Output: The probability distribution W(w,), Vk € Q,

Formulate users decision-making  for
implementation into a Lagrange function

actual

V(BB ) =W (B B +nh (B RY)
, where h, (0) represents the constraints and 77 is the
Lagrangian multiplier (vector),77 # 0.
Derive the Karush-Kuhn-Tucker optimality conditions for
function, i.e.,0V,/ 5Pkﬂf =0,

OV, /0P, =0, and 7h, (B, P} ") =0 The set

of equations obtained is denoted as P’ .
For each historical data point,

R =(R BBy ) do

STkt 0

defined as

Substitute the data set thdr into equations P’ and
determine @, by solving P’

Record the calculations @), .

End for
Estimate k) by utilizing a nonparametric technique based
on kernel density and export the result

DR is implemented only at the behest of the system opera-
tor, it is imperative to ensure that the customer’s total DR,
level does not exceed the required amount. Constraint
equation (20) is formulated for this very purpose.

Since the equations (17)—(20) is a nonlinear program-
ming problem with linear constraints, it can be solved using
method [38]. Equations (17)—(20) may be solved using the
interior point method [38], given that the problem involves
nonlinear programming subject to linear constraints. The
model’s calculation will show the ideal level of power
curtailment concerning interruptible loads and shiftable
loads from the viewpoint of a client, P}}f and P;lf , while
subject to the grid’s DR requirements (P;}rtr) These find-
ings, as the products of the actual implementation module,
returned to DA to calculate the value of P:ltt s, In equation
(3), which are employed in the assessment of DR.

The linearly constrained nonlinear programming prob-
lem presented in equations (17)-(20) can be resolved
through the interior-point technique [38]. From the
customer’s standpoint, the model’s computation will deter-
mine the ideal amount of power restriction for both inter-
ruptible loads and shiftable loads, P}}f and P;lf , despite
being bound by the grid’s DR requirements (Pfrtr) The
results obtained from the actual implementation module,
serving as the outputs, will be sent back to demand analysis
to calculate the value P . in equation (3). These values
are employed to evaluate DR.
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4.5 The outputs module

By integrating the impacts of LR and load reduction, one
can calculate the overall request for a DR participant
during the crisis, Pﬁtz can be derived accordingly as:

E _ pclrat il sl __ pclrat il,rat sl,rat
ka,tz - Pk,t; + Pkn,t,z + Pkﬁtz - Pk.,tz + Pk.,tZ + Pk,tz

Outputs of demand analysis
il,— sl,—
_Pk;zz - Pk,tz
Outputs of actual inplementation
t,—1

+ Y. P

V=t,—0

Outputs of demand analysis (dependent variable of actual inplementation outputs)

(21)

where P‘,;lf‘“ represents the power requirement of critical
loads at a time-slot t,.

In the work of this study, presuming that the system
operator can have appliance-level knowledge regarding
all its consumers P;l,mt,P}}l,at and P}’}fm are deterministic

values in equation (21).

4.6 Summaries

The aforementioned holistic framework possesses several
superior and distinct hypothetical characteristics when
compared to current DR modeling methods in the subse-
quent factors. Firstly, the suggested methodology considers
inconsistencies in consumer activity during both the cus-
tomer-specific and artificial intelligence phases, enabling it
to account for the random variability of DR under multi-
ple-timescales. This is as opposed to the majority of existing
DR models [7, 18-24] which only consider uncertainties in
DR on a short-term basis. Secondly, the presented contract
selection model comprises an emplrlcal component (I']) and
a learning-based component (I'}), allowing for the examina-
tion of both static and dynamic features in customers’ DR,
decisions as they happen in real-life scenarios. Lastly, the
suggested artificial intelligence (AI) artificial intelligence
architecture integrates the benefits of both analytic and
data-driven methods, enabling the identification of behav-
ioral patterns for distinct customer segments without pre-
suming their preferences. Thus, the composite model may
prove to be a more pragmatic approach in real-world imple-
mentation than existing analytical approaches [26, 31].

5 Evaluation algorithm
5.1 Main procedures

This section evaluates the algorithm for quantifying DR’s
effect on renewable energy use in smart distribution grids,
based on the metrics and DR model presented in Sections 2
and 3.

The evaluation flowchart can be seen in Figure 5.

A thorough description of all main steps can be seen
below:

1. Input yearly time-series data for distributed renew-
able generation and system load demands.

2. For each interval, obtain a DR wuser’s willingness
factor by sampling from the probability distribution
in Section 4. Consider customer load characteristics
and willingness to determine the DR availability
profile.

3. Perform optimal power flow analysis using the day-
ahead scheduling model from Section 5.2. This model
provides anticipatory dispatch based on day-ahead
forecasts of renewable outputs and load demand.

4. Sample real-time renewable output and demand-side
compliance based on forecast error and actual imple-
mentation models.

5. Using decisions from Step 3 and realizations from
Step 4, perform immediate scheduling as per
Section 5.3 to evaluate final dispatch considering
day-ahead decisions and real-time uncertainties.

6. Determine renewable energy usage capacity and
system operating cost in real-time.

7. Apply the RMP algorithm from Section 4 to update
users’ willingness probability distribution for the next
interval.

8. Check if a new DR contractual interval has started.
If so, resample new willingness factors for each DR
user; otherwise, continue with the current factors.

9. Repeat Steps 3—7 until the simulation ends. Aggregate
values for system evaluation indices, such as renew-
able penetration ratio and operating cost, for each
period.

5.2 Day-ahead scheduling model

The day-ahead dispatch model focuses on minimizing the
total operation cost of the distribution system, considering
renewable energy and DR, including energy procurement,
DR implementation, load shedding, and auxiliary services
acquisition.

Minimize

P(lrr P\hd P“ Pw Pb\n P|1 rat Ps]mt
VA A R}

(22)
S (P + aPi + Pl + Pl + P

JjEQp

The optimization is subject to several constraints including
distribution network power flow, power balancing, DR
availability, etc., as shown in equation (23)—(31):

cl,rat il,rat slrat drr
Uf_ E: Pﬂ“"‘ P'l,t +Pj«,t +Pj,t, Pj.t)

jkEQF

—Ps = PY,— P — P — P+ P Y(ig) € Qp, Yt

(23)
Ut Z Q]k , + ( dlat + Qll rat + Qsl rat Qdu) - Q;std;
(7,k)EQR

V(i,j) € Qp, Vi (24)
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Input data for the renewable generation
output and load

v

Sample a willingness factor and
determine the DR availability profile

[ t=1

l

v

’ Randomly select an action from Sy ‘

»]

A

’ Run power flow analysis for period t ‘

Reselect an action from Sy
based on I';,
A
’ Update 'y, ‘

N

onstraint violations? Y

Perform OPF model to determine
optimal DR controls
Y

’ Estimate users’actual responses

Update demand profile for time
range {t, t+1,..t+5}
T

A

Y

Perform the real-time
scheduling

I

I

I

‘ Determine oy via random FI
sampling

Y

Determine LR pattern
(@", B, 8 and &%)

F_.

Compute consumption rate and
operation cost of the system

End
Fig. 5. Flowchart of the evaluation algorithm.
Vie= Vi, + 2oodan g (25)
Lj=(Vii= Vi) 1y V(i) € Qr,Vt (26)
Vinin < Vit < Vipax Vi, t (27)
0<Tj:<Ijmx V(i,7) € Qp,Vt (28)
R S (29)
P;n; + P;f;ab _ P;)f;ﬂ,cf, (30)
0< Pl < Py™+ P Wk eQp,Vt (31)
0< Pl < PRi™ ke Qp,Vt. (32)

Equations (23)—(24) are linearized power flow equations for
distribution networks. To ensure the security of the system,
equations (25)—(28) enforce constraints on the nodal

voltage deviation and current-carrying capacity of feeder
lines. Equations (29)-(30) represent the power output
constraints of renewable energy generation, i.e., the avail-
able output is the additions of the actual power utilized
and the abandoned power. Equations (31) and (32) specify
the constraints on the maximum scheduling level and power
shedding for each load node.

In these constraints, cg is the cost of demand reduction,
¢y is the penalty cost of lost load; PILSd and Q“Qd denote the
unsatisfied active/reactive load demand at node kin time
Vie= V4 (ryPy+ 21;Qy.)/ Vou, Vi, j, t and W‘ are the
active/reactive power output of the generatmg unit at
system node j for time # P, Qv +» and I;;, denote active/
reactive currents and currents in the network branch iy
Pj“’ is the wind turbine output utilization at node j in time
t Py ® is the corresponding wind turbine disposal power,
and’ Pw ! is the predicted available output of the wind
turbine; Pf“ is the output utilization of the PV unit at node
Jin time £ P¥y “ is the corresponding PV power abandon-
ment; Py act 1s the predicted available PV output; Qp is
the set of system nodes; V;,and V , are the voltage ampli-
tudes at system node ¢ and ‘the relaxation node in time t 4,
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r; and 1; are the resistance, reactance, and impedance
values of the feeder 7.

In the day-ahead dispatch, the model is solved using
predicted load and renewable generation values to create
a power purchase plan and determine each customer’s DR
dispatch capacity, considering demand-side behavior. These
results are then used in the intraday real-time scheduling
model. The real-time scheduling accounts for changes in
demand responsiveness and errors in day-ahead renewable
forecasts.

5.3 Intraday scheduling model

The intra-day dispatch aims to reduce the actual operating
charges of the system within the day, based on the day-
ahead scheduling, as shown in equation (33):

Minimize >

d i U + .
PELPELPLPILPES P (beQr

( Pubd 4 C4P?’t’+ + CSP‘Z,{_)-
(33)

In intraday scheduling, the power purchase and DR
scheduling capacity are fixed, so they are regarded as con-
stants in intra-day scheduling. When solving the model,
equations (23)—(24) in the day-ahead dispatch need to be
replaced with equations (34)—(35), but the corresponding
dispatch willingness of each node load, renewable energy
unit output, and customer DR need to use the data of
the new scenario as a substitute because of the difference
between the actual and predicted values.
Pij,t — Z P;kt 4 wk(P(‘l rat P}l‘,trar +

(j,k)eQr

sl,rat drr
Pym—F ]‘,t)

usd w' o buy a. d.— ..
7P];z - Pj‘t - P]p',z - Pj.ltlv - Pj‘t+ P]t , V(4,5) € Qp, Vi

(34)

_ cl rat il,rat slrat _ ~drry _ ~usd
Qyi = E Qs+ or(Q) + Q" + Q] i) it 0
(j:k)€Qp

V(i,5) € Qp,Vt (35)

where P;;, and @;;; denote active/reactive currents and
currents in the network branch ij; Qr is the set of system
nodes; P, , is the actual value of node jload in ¢ time; wy is
the customer’s willingness to participate in DR and takes
the value of a random number between 0 and 1, P“’ is the
actual wind turbine output at node j in time ¢, and PW
the actual PV output at node jin time ¢ P“ is the upper
reserve capacity purchased in the aux1hary service market
for a node j at a time ¢ in the intra-day dispatch, P;flf is
the lower reserve capacity purchased in the auxiliary
service market for a node j at a time ¢ in the intra-day dis-
patch, and ¢4, ¢5 are the cost factors of the upper and
lower reserve capacities, respectively. For the remaining
constraints, equations (23)—(28) and equations (31)—(32)
remain unchanged, and equations (29)—(30) are replaced
with the following:

Pw + Pw at/ — P;‘jia(:t (36)

The actual output value of renewable energy is used here to
replace the original forecast value, where P '+ is the capacity
factor of wind power generation at a node jin a time #; PJ; atl
is the curtailed power of wind power generation; P act'is the
actual available output of wind power generatlon Pp”
is the output of the PV unit at node j in time ¢, P77y o’
the corresponding PV power abandonment; and Pp” act is
the actual available PV output.

The purchased power and DR capacity from day-ahead
dispatch are used as prior parameters for intraday dispatch.
The main difference between intraday and day-ahead
scheduling lies in the random fluctuations of energy
demand, renewable output, and customer participation in
DR during actual operations. DR helps mitigate the impact
of these discrepancies. Intraday scheduling focuses on
addressing wind curtailment and load loss that may occur
after day-ahead scheduling, using DR to reduce the
economic impact of these issues.

6 Case study

This part first confirms the efficiency of the proposed DR,
structure. It then conducts case studies to demonstrate
how the framework can evaluate renewable energy con-
sumption capacity in DR. The problem is solved using
MATLAB R2019b on an Intel Core i7-9700 3.0 GHz PC
with 16 GB RAM.

6.1 Validation of proposed DR models

6.1.1 Actual implementation module

The actual implementation module suggested in this study
is validated by collecting the data from an actual China
based DR program. For this test, two customers that have
different consumption behaviors were randomly chosen as
qualified. As reported in [34], the total capacity of User 1
is 124.8 kW for critical loads, 38.4 kW for interruptible
loads, and 28.8 kW for shiftable loads, while User 2 has
corresponding capacities of 82.3 kW, 24.4 kW, and
18.3 kW, respectively.

Data samples from 180 instances over 2 years were
collected for the customer’s individual history DR data.
Every sample is denoted as P = {P™, P~ P~} hat
accounts the effectiveness of each person in each of the
180 DR events, which characterizes their historical perfor-
mance. This program utilizes the motivation and punish-
ment rates of $0.18/kWh and $0.25/kW [35]. The cost of
power is denoted as p, is set at $0.14/kWh [36].

To verify the proposed framework, the data is split
into a training set and a validation set. The training set,
consisting of 130 samples from 180 datasets, helps under-
stand user behavior patterns and calculate the actual
implementation model specifications. The remaining
50 samples form the validation set, which evaluates the
model’s goodness-of-fit.
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Fig. 6. Cumulative distribution functions for the training set’s
actual measurements and the predicted distribution model.

To optimize the nonparametric kernel density-based
approach (NKDA), different kernel functions are analyzed,
and an optimization method is applied to identify the opti-
mal bandwidth. The mean-square-root error (MSRE) index
is used to evaluate the fit. The kernel function with the low-
est MSRE is chosen. The predicted outcomes from the
NKDA are shown through the cumulative distribution
function (CDF) in Figure 6.

It is evident that there is a significant level of consis-
tency between the predicted and actual measurements in
statistics for both customers, as evidenced by the relatively
small area between the estimated and observed CDFs. To
confirm this statistically, the widely-used chi-square (x3)
test is employed. This test measures the difference between
the expected distribution and the actual samples using the
x4 statistic, with a smaller value indicating a higher level of
accuracy in the prediction. If at a given significance level,
the value of the test statistic y3 is greater than the threshold
value i3 for that significance level, the distribution model’s
hypothesis will be disproved. Conversely, if the value of the
test statistic is less than or equal to the threshold value, the
model will be accepted [39]. Table 1 summarizes the x5
statistic for the fitted y(w;) and this corresponding crite-
rion value across various importance levels, as determined
by the simulation.

6.1.2 Contract selection module

To create virtual data following a similar procedure as
described in [40], a fuzzy logic technique tests the contract
selection model. DR clients are categorized into empirical
and learning-based users. Empirical users base their con-
tract selection on propensities, while learning-based users
consider preferences and DR profitability. Figure 7 and
Table 2 display the membership algorithms and fuzzy logic
rules for both customer categories.

Table 1. Chi-square analysis findings.

Threshold value
=201 0=0.050=0.01 o=0.005

y? statistic

User 1 10.425 8.181 9.787 12.987 15.361
User 2 12.631
Table 2. Fuzzy logic customer rules.
Rules H1 H2 H3 H4 HE H6 HT H#8 #9
Learning-based customers
Regret H H H M M M L L L
Preference H M L H M L H M L
Fitness H ILH M LH M LL M LL L
Empirical-based customers
Regret H H H M M M L L L
Preference H M L H M L H M L
Fitness H M LL H M L LH M L
1.0
L
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Fig. 7. Fuzzy membership functions.

The data used to create Figure 7 and Table 2 were gath-
ered through 500 units taking part in a real commercial-
based DR initiative in China distributed questionnaires.
In Figure 7 and Table 2, L is used for low, M is used for mid-
dle, H is used for high, LL is used for little-low, and LH is
used for little-high.

To conduct the test, 300 sets of chronological contract
selection data were generated for both types of customers.
The first 200 datasets determine the contract selection mod-
el’s parameters, while the final 100 datasets are reserved for
validation. The model’s effectiveness is evaluated by com-
paring the observed data’s first raw moment (mean) and
second central moment (variance) with the predicted
outcomes.

As depicted in Figure 8, the disparity in the mean and
variance values is relatively negligible for both customer
categories within the relevant time intervals. These findings
suggest that the model’s estimation closely aligns with the
observed data, demonstrating good statistical consistency.
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Fig. 9. A real regional distribution system.

Hence, it can be concluded that the proposed contract selec-
tion model effectively represents DR customers with diverse

behavioral patterns in real-world settings.

6.2 Result analysis

6.2.1 Parameter settings

To confirm the efficacy of the suggested approach in a real
smart-grid case with excess components, this section per-
forms a numerical investigation on an actual distribution

system.

The case study uses a real 10 kV regional distribution
network in Beijing, with 64 load buses, 75 transmission
lines, 2 gas turbines, and 3 wind farms, as shown in Figure 9.
Customers are categorized as small industrial, commercial,
residential, office building, and government based on their
load patterns, with an annual peak load of 23.3 MW.
Table 3 provides load information for each customer
type. The energy reward, capacity reward, and penalty rate
are set at $0.18/kWh, $0.45/kW, and $0.25/kWh,

respectively.

11

59 60 61 62 63 64 65

¥

12 13 14 15 16 17 IIS 19 20 21 22 23 24 25

6'6 67 68 69 70 71

72 73 74 75 176

52 53 54 55 56 57 S8

To demonstrate the advantage of the proposed
approach, the renewable energy consumption rate and grid
operation cost are compared across four different modeling
scenarios. This study shows how the proposed methodology
enhances renewable energy consumption and minimizes
grid operation costs in real engineering applications.

6.2.2 Comparison with existing DR models

Multiple scenarios were set for comparison based on differ-
ent DR uncertainties, renewable energy unit capacities, and
DR types. The renewable energy consumption rate and
operating costs were calculated for each scenario using
numerical examples, demonstrating the efficiency of the
proposed method.

The role of DR in the power grid can be used to absorb
the differences in load differences caused by uncertainty
that affects the original power generation plan of the grid,
while DR itself also has uncertainty. When DR users are
unwilling to participate in the system scheduling accord-
ing to the original contract, it will have a certain negative
impact on the operation of the system. To this end,
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Table 3. Statistical data about system load demand.
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AAPR (%) CRSD (%) AVPR (%) PCL (%) PIL (%) PSL (%)
Res. 42.21-58.74 34.85-44.93 88.24-92.35 75.23-87.63 3.82-8.56 9.43-15.64
Gov. 51.45-58.67 32.69-36.33 82.25-87.19 92.24-96.37 1.14-2.34 2.64-5.61
Ind. 85.13-90.22 17.32-21.46 60.12-67.35 52.34-76.25 8.43-19.31 15.13-27.15
Off. 67.73-71.22 35.39-40.43 75.11-80.37 77.44-87.24 4.41-9.49 7.55-12.47
Com. 72.40-78.51 27.45-33.42 51.64-56.44 78.14-83.33 6.20-12.22 9.27-17.94

AAPR: annual average-to-peak ratio; CRSD: corrected rational standard deviation (standard deviation x 100%/peak
value); AVPR: annual valley-to-peak ratio; PCL: percentage of critical load in the total load demand; PIL: percentage of

critical load in the total load demand; PSL: percentage of shiftable loads in the total load demand.

considering DR uncertainty, a comprehensive evaluation of
DR benefits under the following four scenarios was con-
ducted by assuming that long-term and short-term uncer-
tainties exist or do not exist in the system.

Scenario 1:The modeling of DR in this study employs a
fully deterministic approach, akin to previous works [8-10]
and [19-21]. This entails treating the DR capacity of
customers, as well as their observance amidst operation,
as fixed variables.

Scenario 2: The DR model utilized in this study takes
into account solely long-term uncertainties. Under this
framework, customers’ compliance during operation is
presumed to be constant, while their DR participation level
is regarded as a stochastic variable that aligns with the pro-
posed contract selection model.

Scenario 3: The DR model adopted in this study focuses
on short-term uncertainties, as in previous works [7] and
[22-24]. Here, customers’ participation level in DR is con-
sidered to be constant, whereas their operational perfor-
mance is viewed as a stochastic variable that aligns with
the proposed actual implementation model.

Scenario 4: Proposed DR model.

Let the equivalent load be the sum of the system load
and DR load, then the equivalent load curve in each
scenario can be obtained based on the model suggested in
this study, as illustrated in Figure 10.

The renewable energy consumption and system opera-
tion cost under each scenario is reported in Table 4.

When using a deterministic and single time scale DR
model, the system cost is lower, and the renewable energy
consumption rate is higher. This indicates that DR'’s
internal attributes largely offset the benefits of load redistri-
bution, and system costs increase with higher uncertainty.
Not accounting for long-term or short-term DR uncertainty
may lead to overestimating renewable energy consumption
capacity compared to the proposed case. Higher absorption
rates correlate with lower total costs, showing that demand-
side response can optimize the power structure, improve
renewable energy absorption, and reduce electricity
purchase costs. Considering uncertainty reduces renewable
energy utilization rates and increases operating costs but
provides more accurate decision-making for system
operators, reducing economic losses from decision errors.
Therefore, reliable modeling of these uncertainties is essen-
tial for a comprehensive assessment of renewable energy
consumption potential. Underestimating DR’s contribution

v e\

20 = A —-<\‘ i

&F% —~ \

. \ 2

& o P %

o -
15
—<&— Scenario |

Scenario 2
~—®— Scenario 3

Scenario 4 i
[EEEDR of scenario 1
[ZT1DR of scenario 2
I DR of scenario 3
DR of scenario 4

Equivalent Load/MW

Time Slot

Fig. 10. Equivalent load curve in scenarios 1-4.

could lead to poor strategic planning, highlighting the
advantages of the proposed comprehensive modeling frame-
work over existing approaches.

6.2.3 Benefits of DR under different power supply
structures

The main role of DR in the grid is to encourage the local
consumption of renewable energy and reduce pollution
emissions from power generation. In the actual grid system,
considering that both PV units and wind turbines may be
connected to the grid as renewable energy sources and there
are certain differences in their generation characteristics,
the power supply structure and its spatial and temporal
matching with the load will have some impact on the
benefits of DR.

Given this, this section examines the factors to elaborate
on the optimal combination mechanism of distributed
energy and DR in the distribution network. A comprehen-
sive evaluation of DR benefits was performed under short-
term uncertainty across four scenarios, considering the
presence or absence of DR load in the system.

Scenario 5: The system contains 4 MW of rigid load,
which does not participate in DR, and the renewable energy
generation consists only of PV units.
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Table 4. Renewable energy consumption rate and system operation cost under scenarios 1-4.

Scenario 1 Scenario 2 Scenario 3 Scenario 4

Renewable energy consumption rate/% 77.98 75.31 74.23 71.06
System operation costs/10° $ 20.49 24.28 21.45 27.86

Scenario 6: The system contains 4 MW of rigid load, 25 T T T T
which does not participate in DR, and the renewable energy g

. . . . LA e >

generation consists only of wind turbines. ol I N |

Scenario 7: The system contains 4 MW of DR load, and o P = 3 \L
the renewable energy generation consists only of PV units. NN, =

Scenario 8: The system contains 4 MW of DR load, and
the renewable energy generation consists only of wind
turbines.

The equivalent load curve in all four scenarios can be
obtained by solving the four scenarios using the model
suggested in this research, as illustrated in Figure 11.

As seen in Figure 11 and Table 5, comparing scenarios 5
and 6 without considering DR, scenarios 7 and 8 with DR
exhibit more significant peak shaving and valley filling
characteristics under the same load. Under similar load
response characteristics and capacity, DR’s contribution
to the distribution system is higher with wind power than
with photovoltaic conditions. This is primarily due to wind
power’s anti-load regulation characteristics. At high pene-
tration rates, the mismatch between generation and con-
sumption times leads to excess wind power that cannot
be fully consumed within several hours. Introducing the
DR scheme adjusts the load curve, effectively increasing
DR during low consumption periods, maximizing renewable
energy use, and producing significant economic and envi-
ronmental benefits.

6.3 Impact of load composition on DR benefits

Combining the above analysis with the actual situation of
the renewable energy distribution system, the differences
in physical form and individual usage habits on the load
side result in diverse customer responsiveness and response
characteristics, directly impacting DR benefits.

In addition to the classification methods mentioned
earlier, demand-side resources can also be categorized into
three types from a DR participation perspective: interrupt-
ible load, shiftable load, and two-way interactive load.
Interruptible loads can have their electricity consumption
partially or fully curtailed as needed, such as air condition-
ing and large laundry facilities. Shiftable loads have a fixed
total electricity consumption over a period but can adjust
consumption flexibly within that period, including ice
storage and industrial loads with independent production
plans. Two-way interactive loads can interact with the grid
in both directions, such as distributed energy storage and
electric vehicles with V2G capabilities.

Combined with the proposed methodology, to study the
role of the above factors, three scenarios are set as follows:

Scenario 9: Without interruptible load and shiftable
load.

Scenario 10: All loads are shiftable loads.
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Fig. 11. Equivalent load curve in scenario 5-8. The renewable
energy consumption and system operation cost under each
scenario is presented in Table 5.

Scenario 11: With two-way interactive load (containing
both interruptible load and shiftable load, each accounting
for 50%).

Assuming a consistent load capacity of 4 MW across all
scenarios. Based on the proposed methodology, the DR
benefits under these three scenarios are comprehensively
analyzed and evaluated.

The equivalent load curve in each scenario was obtained
based on the model suggested in this study, as shown in
Figure 12.

At this time, the renewable energy consumption rate
and system operation cost for each scenario are reported
in Table 6.

The results in Figure 12 and Table 6 show that a system
containing both interruptible and shiftable loads provides
greater combined benefits to the renewable energy distribu-
tion network for a fixed total capacity. The evaluation index
calculations indicate that different types of DR resources
contribute differently to system efficiency. Compared to
scenario 9, scenario 10 performs better in both evaluation
indexes due to shiftable loads enhancing system flexibility,
improving the distribution network’s ability to handle emer-
gencies, and increasing stability, thus reducing financial
costs from severe accidents. Additionally, shiftable loads
make fuller use of renewable energy, reducing wind and solar
curtailment. Therefore, the reasonable use of shiftable loads
helps improve the economy of renewable energy distribution
network operations and supports low-carbon system opera-
tions. Scenario 11 further excels in both indicators compared
to scenario 10. This improvement arises from the simultane-
ous consideration of shiftable and interruptible loads,
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Table 5. Renewable energy consumption rate and system operation cost under scenarios 5-8.

Scenario 5

Scenario 6 Scenario 7 Scenario 8

76.78
24.87

Renewable energy consumption rate/%
System operation costs/10° $

64.71
25.01

81.69
24.53

88.94
24.18
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Equivalent Load/MW

Time Slot

Fig. 12. Equivalent load curve in scenario 9-11.

Table 6. Renewable energy consumption rate and system
operation cost under scenarios 9-11.

Scenario 9 Scenario 10 Scenario 11

Renewable energy 64.71 78.02 81.77
consumption rate/%
System operation 25.01 24.48 23.84

costs/10° $

enhancing the economic operation of the system and unlock-
ing DR’s potential to contribute to the economic and envi-
ronmental aspects of distribution network operations.

7 Conclusions
7.1 Concluding remarks

This paper constructs a model addressing the uncertainty
of long-term contract selection and short-term load
fluctuations in DR. It proposes an evaluation framework
for quantifying DR involvement in renewable energy
exploitation, systematically considering various demand-
side uncertainties at different timescales. The primary
conclusions are summarized below:

1. Considering the actual uncertainty of DR reduces the
renewable energy consumption rate and increases
total costs. Case studies show that accounting for
uncertainty leads to an 8.87% reduction in renewable
energy utilization and a 26.45% increase in operating
costs. However, modeling this uncertainty improves
decision-making accuracy.

2. In different renewable energy unit structures, DR has
a greater impact on enhancing renewable energy con-
sumption, particularly in systems with substantial
shares of wind power and photovoltaics. This is pri-
marily due to DR’s ability to counteract load fluctua-
tions. due to its anti-load regulation characteristics.
Case studies show that with the installation of photo-
voltaic and wind power in the system, the presence of
DR can increase the renewable energy consumption
rate by 6.39% and 37.44%, respectively.

3. Different types of DR loads enhance the absorption
rate of renewable energy, with multiple DR loads
having a more significant effect. Case study results
show that when DR is a shiftable load and a two-
way interactive load, the renewable energy consump-
tion rate increases by 20.57% and 26.35%, respec-
tively, and the system operating cost decreases by
2.12% and 4.68%.

7.2 Limitations and future directions

Under the quantitative framework established in this paper,
some challenges in studying DR uncertainty characteriza-
tion and coordinated operation have been addressed.
Although significant progress has been made, the future
application of DR in power grids still faces many unresolved
potential issues.

The research content of this paper also has a number of
limitations, as follows:

1. Since DR involves the active response of many users,
such responses may lead to false information reporting
or irrational behaviors, raising doubts about data
authenticity. This paper does not address the quality
issue of system data.

2. For simplicity, this study relaxes the power flow con-
straints for the distribution system, which may reduce
the practicability of the research to some extent.

Based on this, future research works may focus on the
following aspects:

1. For DR characterization, it is essential to consider the
impact of data quality in modeling demand-side
behaviors to improve the model’s effectiveness.

2. In future studies, the impacts of uncertainty factors,
such as the authenticity and characteristics of data
sources, should be considered to make the model
formulation align more closely with practical cases.
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