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Abstract— Designing an optimal Demand Response (DR) pro-
gram necessitates having information on the utility of users.
However, that is not easily accessible since the users may not
be willing to report their personal information. In this paper,
we propose an incentive-based DR mechanism for Commercial
and Industrial (C&I) customers, leveraging contract theory to
address the challenges of incomplete information and ensure
the participation of customers in the DR program. Designing a
DR mechanism includes specifying an incentive reward, penalty,
and the corresponding demand reduction as functions of the
customer’s utility information. These functions are obtained
through an optimization problem that maximizes the grid oper-
ator’s profit, ensures truthful reporting of personal information
and participation of the customers in the DR program. After
formulating the optimal mechanism, the main technical challenge
is reformulating the obtained non-convex and computationally
inefficient optimization problem to a tractable and convex one.
The extensive numerical evaluations demonstrate the effective-
ness of our proposed framework in comparison to existing
benchmark schemes.

Note to Practitioners—Imbalances between supply and
demand, particularly during the hot summer months, can result
in issues such as power outages. This problem is detrimental
for both grid operators and customers alike. DR programs
have been implemented in numerous countries to address these
challenges. C&I customers, due to the schedulable nature of
their loads, make for ideal targets for these programs. However,
the main obstacle to implementing such programs is customer
participation. Incentive rewards offered in these programs for
load reduction are fixed for all customers, discouraging those with
low rewards from participating and imposing high costs on grid
operators for those with high rewards. On the other side, design-
ing unique rewards and penalties for each customer necessitates
information about their preferences, which grid operators cannot
access. In this paper, we propose an incentive mechanism based
on the contract between the grid operator and C&I customers
that ensures customers truthfully report their preferences while
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simultaneously maximizing grid operator profit and guaranteeing
the participation of all customers. The proposed DR program can
be implemented for large non-residential customers in order to
reduce the peak load of the grid.

Index Terms— Incentive-based demand response, contract
theory, incomplete information, dual decomposition.

I. INTRODUCTION

N RECENT years, Demand Response (DR) has emerged

as a pivotal strategy in the electricity industry, addressing
the pressing challenge of balancing electricity supply and
demand while simultaneously promoting energy efficiency
and reducing emissions [1]. By incentivizing and empower-
ing customers to modify their energy consumption patterns,
DR programs have become indispensable in bridging the gap
between supply and demand dynamics [2]. Among the diverse
customer segments, Commercial and Industrial (C&I) cus-
tomers, due to having schedulable loads, are often considered
more suitable for DR programs. Despite their comparatively
smaller numbers, these customers possess considerable energy
consumption capacities and have the potential to deliver sub-
stantial responses, making them highly desirable candidates for
effective DR implementation [3]. Thus, conducting a compre-
hensive examination of the behavior and characteristics of C&I
customers becomes paramount in successfully implementing
DR strategies and achieving their intended goals.

DR programs are divided into two broad categories:
incentive-based DR and price-based DR [4]. Price-based DR
relies on time-varying electricity prices to motivate customers
to adjust their consumption patterns, but its limited dispatcha-
bility and potential financial risks have hindered its widespread
adoption [5]. In response to these challenges, incentive-based
DR has emerged as an alternative approach that offers greater
flexibility and reduced financial risks for customers. Under
incentive-based DR, customers are rewarded with incentives
for reducing their electricity consumption.

Most of the current incentive-based DR structures enable
C&I customers to participate in the day-ahead market
through bilateral contracts. Traditionally, these incentives were
proposed to be constant and solely based on customer par-
ticipation in the program. For instance, the California Public
Utilities Commission (CPUC) introduced an innovative pro-
gram in 2021 called the Emergency Load Reduction Program
(ELRP), which aims to prevent rotating outages during peak
summer electricity usage periods. The ELRP utilizes an
incentive-driven DR approach, whereby commercial customers
temporarily curtail their electricity usage to mitigate strain
on the power grid and receive a payment 2$ for each unit
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of demand reduction accomplished [6]. Similarly, the Center
Point Energy Commercial Load Management Program in
Texas provides financial incentives to large C&I customers
who successfully reduce their energy consumption during
high-demand periods. Participants receive financial incentives
(up to 31.50 $ per kW) for their participation, which increase
based on the amount of load reduction achieved [7].

Constant incentive schemes may not adequately meet the
specific requirements of different industries, as the financial
impact of curtailing or shifting energy consumption varies
among various industries. Therefore, to compensate for the
lack of financial losses, the DR incentives should be offered
based on the characteristics of the target industries individu-
ally [8]. Designing personalized incentives is therefore crucial
to encourage the participation of all customers. Another critical
challenge in determining the optimal DR program pertains to
the requirement of detailed information on the preferences of
customers. While existing literature assumes that customers’
utility functions are available to the grid operator or truthfully
revealed by the customers themselves [9], this assumption may
not hold in real-world scenarios [10]. Contract theory is a
promising solution to address the aforementioned challenges.
The basic idea of the contract theory is to offer an appropriate
contract to the agents, such that all agents are encouraged to
reveal their personal information truthfully, while the designer
maximizes his profit [11].

This paper introduces an incentive-based DR program
tailored for C&I customers, drawing upon contract theory.
This mechanism guarantees participation and truthful behavior
of C&I customers in the DR program under incomplete
information (i.e., the grid operator does not have access to
the actual personal information of a particular customer and
only knows the probability distribution over all customers’
types). The grid operator designs contracts that incorporate
incentive reward, penalty, and demand reduction based on the
reported personal information provided by the customer in
the DR event. Additionally, it is crucial for the grid operator
to account for load constraints imposed by the customers
themselves, as well as their own operational requirements,
when determining the optimal levels of demand reduction,
incentive rewards, and penalties. The penalties are designed
so that customers do not deviate from the contracted items.
This consideration encompasses the diverse range of C&lI
customer loads, including shiftable, critical, and curtailable
loads. The optimization problem associated with designing
the contract with a multi-load scenario can be technically
intricate, particularly when addressing shiftable loads, which
introduces a coupled optimization challenge. To overcome
this complexity, we employ the dual decomposition method,
as outlined in [12]. To demonstrate the effectiveness of our
proposed framework, we compare our proposed scheme’s
performance with the existing benchmark scheme through
extensive numerical evaluation. The main contributions of the
paper are summarized as follows:

« We use contract theory to propose an incentive mech-
anism for DR programs for C&I customers under
incomplete information from the utility function of the
customers.
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« Given that the optimization problem arising from contract
theory is inherently non-convex, we employ a mathemat-
ical reformulation technique to transform it into a convex
optimization problem with a reduced set of constraints.

o We establish the necessary and sufficient conditions for
the feasibility and optimality of the proposed mechanism,
ensuring that it simultaneously maximizes the profit of
the grid operator, and guarantees individual rationality,
and incentive compatibility.

o We consider all kinds of C&I customer loads, includ-
ing curtailable, critic, and shiftable loads, which impose
coupling constraints to the optimization problem. To over-
come this challenge, the dual decomposition method has
been incorporated.

II. LITERATURE REVIEW

In terms of incomplete information, works [13], [14] used an
“auction mechanism” to deal with users’ unknown information
in resource allocation problems, which is different from our
task allocation problem. To address the challenges posed by
incomplete information in task allocation, a significant body
of research has adopted a “mechanism design” approach to
incentivize customers to provide truthful information to aggre-
gators. For instance, in [15], based on the baseline information
and marginal utility reported by customers, they present a
mechanism that the probability of choosing customers and
their reward for reducing their consumption depends on the
information reported by other customers. They will be penal-
ized if they are not selected and do not consume according to
the reported baseline. The authors in [16] propose a mecha-
nism based on a self-reported baseline, randomized selection
of consumers, and penalty for uninstructed deviations to ensure
that the baseline inflation is controlled. Similarly, in [17]
DR contract between a user and an aggregator is developed
through the probability of call. In these works, the penalty
function in combination with randomized calling allows the
designer to control the truthful behavior of customers. How-
ever, due to randomized calling, it is possible that customers
will not participate in the event and will not receive a profit
despite the truthful report of their private information.

The authors in [18] proposed a Vickrey-Clarke Groves
(VCG) mechanism for demand-side management applications
to encourage users to report their demand information truth-
fully. In [19], an incentive compatible mechanism based on
VCG auction is proposed for energy and reserve market
clearing in multi-area power systems. Authors in [20], opt for
a VCG-like approach to achieve social welfare maximization,
but they omit the direct-revelation approach of the typical
VCG mechanism. This mechanism guarantees truthful user
participation and preserves users’ privacy. It is important to
note that although these studies focus on designing truthful
mechanisms for social welfare maximization, our study differs
in that our goal is the profit maximization of the mechanism
designer, such as the grid operator. As VCG mechanisms
are not effective for profit maximization [11], alternative
approaches are necessary.

In this context, researchers have turned to the contract
theory approach that deals with the problem of profit
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maximization in the presence of incomplete information [21], Grid Operator Personal
[22]. The contract-based demand response management prob- Information

lem is formulated in [21] as a maximization problem of the
electricity market’s utility, while incentivizing the prosumers
to purchase an optimal personalized amount of electricity at
the announced price. Similarly, in [22] formulates and solves
contract-based optimization problems between the microgrid
operator and the sellers or buyers to determine the rewards and
amount of sold/purchased energy. References [21] and [22]
assume a linear form for the incentive function based on
the allocation value. This limitation hampers the ability
to capture non-linear relationships or more complex incen-
tive structures within the allocation value. Reference [23]
proposed a data-driven contract approach to model energy
trading; however, the possibility of non-fulfillment of the
contracted quantities by the customers was not considered.
References [24] and [25] consider this issue in the model of
the energy trading problem. However, the penalty rate for all
types of customers was considered a fixed value.

Different from the existing works, in this paper, we propose
a contract mechanism that simultaneously includes allocation,
reward, and penalty with the purpose of 1-profit maximiza-
tion of the designer 2-participation of all C&I customers
(individual rationality constraints) 3-truthful behavior of C&I
customers in the DR program (incentive compatibility con-
straints) 4-compliance with the necessary constraints of grid
operator and C&I customers. Penalty is also a part of contracts
to avoid deviation of customers after the contract and designed
according to their type. In addition, due to the consideration
of different kinds of customers’ loads, there is a coupling
between the allocations of the contracts, which makes solving
the optimization problem different from existing works and to
tackle this we use the dual decomposition method.

III. SYSTEM MODEL AND PROBLEM FORMULATION

Our proposed incentive-based demand response scheme’s
system model is depicted in Figure 1 and involves a Grid
Operator (GO) and multiple C&I customers (CUs). The
grid operator draws up a contract offering demand reduction
alongside corresponding incentive rewards and penalties. This
contract’s design is particularly crucial when there is a predic-
tion of a significant increase in electricity demand or a shortage
of supply, which motivates triggering a DR event to maintain
grid stability and prevent blackouts. C&I customers have the
choice to participate in this contract, aiming to maximize their
incentive reward income while considering the cost of dissat-
isfaction due to demand reduction and penalties for contract
deviation. On event days identified by the grid operator using
available information, a forward contract is designed with C&I
customers to minimize overall electricity consumption. This is
a strategic measure to ensure a balance between supply and
demand. The optimal outcome of the DR program necessitates
that the grid operator has complete information regarding
the customers’ dissatisfaction functions. Nonetheless, acquir-
ing such information is a challenge, as customers might
untruthfully report their personal information to gain more
profit, acting as rational and selfish players. To mitigate this
issue and enable the design of a more effective and efficient
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Fig. 1. An interactive framework for proposed incentive-based DR scheme
in smart grid.

DR program, customers are encouraged to voluntarily report
their personal information, or ‘type’. To address the potential
misinformation and encourage truthful reporting of personal
information, the grid operator employs contract theory. This
theory is used to establish a contract that delineates the optimal
incentive rewards, demand reduction targets, and penalties,
ensuring that customers not only participate in the DR program
but also report their personal information truthfully.

A. Customer Model

We consider a set of C&I customers that interact with the
grid operator. To characterize the heterogeneity of customers,
we categorize them into N classes based on their personal
information, referring to them as type-i customers where
i belongs to the set i € N = {1,2,...,N}. A typical
customer is equipped with an energy management system and
a range of equipment that can be categorized into three load
categories [26] including:

Critic loads (d,,): This kind of load must be immediately
met, as they operate continuously and cannot be rescheduled.
These loads require a stable and reliable power supply to
ensure uninterrupted operation, as any disruption or outage can
lead to significant financial losses (e.g., data center). Shiftable
loads (dg,): These loads are programmable and can be moved
to other times. However, it needs to be met at the end of the
day (e.g., maintenance activities). Curtailable loads (d.,): This
kind of load can be potentially reduced by sacrificing a certain
level of satisfaction (e.g., compressed air systems, lightning).

A customer with type-i has a hourly predicted load ﬁfﬂ =
d, . +d,; +d, .t €T ={12..,24} that includes all
these three types of loads. To ensure a minimum level of
customer satisfaction, the following constraints are imposed
on the level of demand reduction [27]:

0<D! <K' VteT, Viel, (1)
> Di <K, VieN, 2)
teT

where D! is the amount of demand reduction offered to type-i
customer in time slot 7, K| = min,{d, , —d;,,} and K; =

min, {>, . c?’cuym}‘v’t € 7. Note that constraint (1) ensures
that the critic load is satisfied, which means to guarantee
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that each customer has at least as much power as its critical
load, the demand reduction should fall within the range of
0 and d' — d', [27]. Also, since the critical load must be
satisfied and cannot be reduced, ensuring the satisfaction of
the shiftable load during the day in constraint (2) necessitates
that the total demand reduction is, at most, the size of the other
available load, i.e., the sum of curtailable loads Qier DI <
DT diu,i) [27]. Due to the grid operator’s lack of knowledge
regarding the actual type of each customer, the worst-case
scenario is considered for both constraints.

1) Utility Function: The grid operator provides customers
with an incentive reward in response to their demand reduction
efforts. However, the demand reduction can cause discomfort
for the customers, and such discomfort is commonly modeled
as a dissatisfaction cost. Furthermore, due to unforeseen cir-
cumstances that may occur, potential CUs may not be able
to provide the contracted demand reduction during the DR
event. For this reason, the grid operator sets a penalty for CUs,
proportional to the deviation from their contracted demand
reduction. Consequently, the type-i customer’s utility consists
of three components: reward term, dissatisfaction term, and
penalty term, which can be expressed as follows [15] and [28]:

Ucy, (D}, 4, P) = Didj = a(D)* = (D] = DD P/, (3)
where 1! is the incentive reward that offered to type-i customer
and P/ is the penalty rate that type-i customer incurs to
deviate from the demand reduction contracted. During the
DR event, each customer fulfills a percentage of the demand
reduction according to their circumstances and performs their
preferred demand reduction l~)§. Thus, CUs are rewarded for
demand reduction performed and penalized for demand reduc-
tion shortfalls below their contracted demand reduction. The
term a,(ﬁ?)z is the dissatisfaction cost that type-i customer
incurs to reduce their demand. We define the demand reduction
valuation coefficient o; > 0 as the type of customer that
represents a particular valuation of the demand reduction.
A higher valuation coefficient indicates that customers are less
incentivized to reduce their demand. Moreover, the type of
customer is considered as its personal information (i.e., only
known to the customer itself, and neither the grid operator nor
other customers know the type). Here, we consider that the
customers’ types belong to a discrete and finite space [24],
[29] and without loss of generality, it is assumed that 0 <
Q) < ay < ... < ay. The following Theorem suggests a
penalty function in which the optimal demand reduction for a
consumer becomes equal to the contracted demand reduction.

Theorem 1: The penalty function P! = 2a; D! — A} avoids
of type-i customer to deviate from the contracted demand
reduction, i.e., [)f* = D!.

Proof: The preferred demand reduction D! which max-
imizes the utility of the customer is

ﬁf =argmax Ucy (D}, AL, P}). (@))
D;
From first order optimality condition we get,
A —2aD! + P =0. )
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Clearly the second-order condition is also met and thus:

<. A+ P
pr=211 ©)
20[,'
Hence by choosing P/ = 2a; D! — A! we have D! = D!, and
the proof is completed. ]

Remark 1: Although the penalty function depends on the
personal information of type-i customer, nevertheless, we show
that the contract is designed in such a way that the customer
has no incentive to misreport its type to the GO.

B. Grid Operator Model

The grid operator tries to reduce the cost of capacity
procurement. At each time slot, the grid operator faces an
expected demand deficit denoted as Dy, . To address this
deficit, the grid operator purchases demand reductions from
customers. This can be expressed as follows [20] and [28]:

N
> MfiD;=D., VieT, (7)

i=1
where f; is The probability that a customer belongs to type-
i, and M is total number of customers. The variable M f;
represents the count of customers with type-i. As mentioned
before, the type of each customer is part of its personal
information, and grid operator has no information about it.
However, we assume that grid operator knows a common
probability distribution over all customers’ types based on
available statistical information or online learning [24]. The
utility of the grid operator is evaluated based on its net
profit, which is derived from subtracting the payments made
to customers as part of the contract from the gross profit
generated by demand reduction. For simplicity, we assume
that the gross profit made due to the reduction of demand D!
is directly proportional to a factor of D!. Consequently, the
utility of the grid operator is defined as follows:

N

T
UsoM,X) = D> Mfi[x' D} — A D}].

i=1 t=1

®)

The parameter 7' D] is the grid operator’s gross profit, which
7! can be different depending on the value of demand reduc-
tion for the grid operator in each time slot ¢. Also we define,
A=A A2, AT, D, = [D], D?,...,DI'1"Vi € N and
A=A, A, ... A", D=[D],D),...,D}]".
Remark 2: The penalty price does not affect the grid oper-
ator’s utility as it derives no penalty revenue. Specifically, the
grid operator does not intend to increase its utility by design-
ing the penalty. The penalty is only a tool to keep customers
from deviating from the contracted demand reduction [15].

C. Formulating the Contract Between GO and CUs

The grid operator faces the challenge of devising a con-
tract strategy that encompasses demand reduction and the
corresponding incentive reward and penalty while lacking
complete knowledge about the customers’ actual types. These
incentives, penalties, and demand reductions in each contract
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are designed to be a function of the customer’s type. The
following outlines the procedure for creating contracts:

o Step 1: grid operator determines total demand reduction
for each time slot based on capacity of its generators and
customers’ predicted demand.

« Step 2: grid operator designs optimal contracts by deter-
mining incentive reward, penalty, and demand reduction
for each type.

« Step 3: customers report their type and receive corre-
sponding contract items (D], A, P]).

o Step 4: On DR event day, customers perform their
preferred demand reduction Df

o Step 5: customers are rewarded f)f
(D} = D) P;.

We use contract theory to model the interaction between the
grid operator and C&I customers considering incomplete infor-
mation [24]. A contract is feasible if the following conditions
are met: 1) Incentivize customers to participate in the con-
tract (Individual Rationality). 2) Ensure that customers report
their type truthfully (Incentive Compatibility). Following is an
accurate definition of these conditions.

Definition 1 (Individual Rationality (IR)): A contract satis-
fies the IR constraint if the customer’s utility is non-negative
by reporting its type truthfully, i.e.

Af and penalized

©))
The IR constraint ensures that the customer accepts to sign
the contract. If a rational customer can attain a non-negative
utility by selecting the contract that corresponds to their type,
they have no reason not to participate in the mechanism [30].

Definition 2 (Incentive Compatibility (IC)): A contract is
IC if the customer reaches equal or higher utility through
reporting its type truthfully, i.e. Nt € T,Vi, j e N

i

Uty (Di AL, P >0, YVie N ,VieT.

Ucyi(Dj. M. PY) = Uy (D5, A5, Phi # . (10)
The left-hand side of the inequality represents the utility of the
type-i customer upon selecting type-i contract items, while the
right-hand side indicates the utility of the type-i customer upon
selecting type-j contract items, where i # j. The IC constraint
ensures that the utility of type-i customer is maximized by
choosing the contract that is designed for its actual type, i.e.
Di, Al, P!. Therefore, a customer will have no incentive to
misreport its actual type under IC constraint [30].

In the proposed mechanism, the grid operator maximizes its
utility, subject to IR and IC constraints and also the constraints
imposed on the system model. Based on the grid operator’s
demand deﬁciency{, to ensure the feasibility of the designed
contracts, K/ > fﬁ and K; > >, K} must satisfy in (1)
and (2). Therefore, the optimal mechanism can be obtained by
solving the following optimization problem:

N

T
max Ugo = »_ > Mfiln' D} — A D},

(DAL P i=1 r=1
sit. Ufy (DI A, P >0VieNVieT
Uty (D, Af, P) = Uy (DS, ), POV, j e N,
i#jVteT

N

> MfiDi=D., VieT

i=1

0<D| <K/ > D<K VieNVieT. ()
teT

Remark 3: The results of the proposed contract prob-
lem (11) indicate that having precise knowledge of the
distribution function of customer types is not essential for
fulfilling the IC and IR constraints. However, it is important
to note that the utility of the grid operator may be impacted.
Drawing upon Theorem 1, we obtain the optimal penalty based
on D' and A'. By substituting P/ = P/" and D! = D! in the
optimization problem (11), we obtain:

N T
max Ugo = ZZMﬁ[n’D; —A'D,

ax (12a)
(DA} i=1 r=1
sit. Uby (DL >0 VieN,VteT, (12b)
Uty (DL X)) = Uby (D5 M) Vi j e N, (120)
i#jVieT,
N
ZMﬁD; =D!, VieT, (12d)
i=1
0<D! <K/ VieN,VieT, (12e)
Zlest VieN,ViteT. (12f)

teT

IV. CONTRACT PROBLEM REFORMULATION

Since the optimization (11) has N x T IR constraints
and N x (N — 1) x T IC constraints are non-convex, the
optimization (12) cannot be solved, straightforwardly. Hence,
we simplify the constraints in the following.

Lemma 1: Under the IC constraints, if a1 < ay < --- <
oy, the IR constraints in (12a) can be reduced to:

Uty n(Dy, AMy) =0Vt e T. (13)
Proof: We define the set S as the set of feasible contracts.

S ={(Dj, ) | (12b), (12¢), (12d), (12e), (12 f)}

From IC constraint we have U¢, ;(Dj, ) = Uty (Dyy, Ay),
specifically:

Uly(Di A = DAYy — o (D))
Using o; < ay, Vi € N we can write
ULy (D! A = DAy — a . (Diy)?.

Thus, we can conclude that U(, ,(D;, 1)) >
UEU’N(D’ ,Ay) > 0. This is necessary and sufficient
condition for establishing the IR constraints. Using necessary
and sufficient conditions we prove that in the set W C S,

argmax Ugp = argmax Ugo, where
(D 1)ew (D 1h)es

W = {(D;, &) Ucy y(Diy, y)
=0, (12¢), (12d), (12¢), (12f)}.

The optimization objective function is a decreasing function
of Al, Vi € {l,...,N}. In the optimal contract, we have
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Uty (DY, Ay) = 0. Otherwise, the value of A} for each type
can be reduced by € > 0, which at the same time satisfies all
the constraints of (12) and increases the utility of GO. O

From lemma 1, we infer that if IR constraint for the highest
customer’s type is binding, then the IR constraints for the
other’s types will automatically hold under the IC constraints.
We will find the necessary and sufficient conditions for IC
constraints in the following.

Lemma 2: Under the IC constraints, we have:

1) if &; > aj, then D! < D;. (monotonicity)

2) if o; > aj, then Df)»ﬁfD;-)»’j Vi,jeN, VteT

Proof: According to the IC constraint for CU with type—

i and CU with type — j, we can obtain:

D), — a;.(D})* = D}, — a;.(D})?, (14)
D) — a;.(DY)* = DIA, — a;.(D)’. (15)

Adding (14) and (15), we have:
(@j —).(D)* = (D})*) = 0. (16)

Thus, if o; > a;, then (D})* < (D%)? and since D' > 0
in (1), we have D! < D;, which means that monotonicity has
been proven. To prove the second part, from (15), we have:

a;.(D})* = (D})?) = Djr; — DAl (17)

If a; > o, due to the monotonicity we know that (D;)2 >
(D})*. Applying it to (17), we have DjA; < D’A". O

From Lemma 2, a customer with a hlgher type is less
inclined to reduce demand, which makes sense according to
the customer’s utility function in (3). Furthermore, Lemma 2
implies that the profit it receives from the grid operator for
reducing demand should be less for larger values of types.
Otherwise, each customer tends to choose a higher type to
incur lower cost from demand reduction.

Theorem 2: If the monotonicity condition is met, then in the

optimal contract, for Nt € T and Vi € {1,..., N — 1}, the IC
constraint in (11) can be reduced to
UéU,i(D A) = UCUz(Dt-H M- (18)

Proof: The IC constraint between type-i and type-(i + 1)
is:

Uty (D}, ) = Uy (Di g, (19)

Aip1)s
and the IC constraint between type-i and type-(i — 1) is:
Ucy,i(Djs %) = Uy i(Di_y, Ay (20)

First, we show that with the monotonicity conditions, the IC
constraints can be reduced to (19) and (20). Given o; < ;11 <
®iyo and D > Di, | > D} , from Lemma 2, we have:

—a;.(D! ) = aip1.(Dl ) — i (D)
1)

2
it1-(Diyy)

From the (19), we have

My Dl — @i (D) = MDDy — @i (D)) (22)

By combination (21) and (22) we have

A Digy — o (Dz+1) > MipaDiy — i (Dl+2)
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which is equivalent to

Ucyi(Diyys Miyy) = Ugy (D,

The combination of (23) and (19), gives the result that
Utyi(Di, ) = UéUl(Dl+2, AiL,). In this way, we can further
prove Ugy (D}, Aj) > UéUl(D’,)Jj), Vj > i. We can prove
UCUI(D’ )J) > UCUl(D’ )J), Vj < i in the same way
with the help of Equation (20) These results mean that (19)
and (20) are sufficient conditions for the IC constraints.

Next, we show that in the optimal contract, (19) and (20)
can also be simplified to

UéU,i(D ¥ ) - UCUt(DtJrl’ lt'+l)'

To show the optimality, using (19), (20), and monotonicity
condition, we prove that in the set Z C W, argmax Ugp =

Miga)- (23)

(24)

(D' M)ez
argmax Ugo, where
(D'.A1)es
Z = {(D,ty )»i) | UéU,N(Dt 5 )&ﬁv) = O,
U[CU,i(va )‘5) = UéU,i(D;+l’ )L§+1)’

Dy, < Dy_, <...< Dj, (12d), (12e), (12f).}

We rewrite (24) as follows:

MD! — ;. (D) = =AM, Dl —a. (Dt_H) (25)
From (25), oj41 > «; and D} > Dl+1’ we obtain:
MD} — M, Di < ei.(D)* = (D )Y, (26)
Rearranging the term in (26), we obtain:
MD! — ap1.(DY? < AL Dl — i (D) (27)

By comparing (20) and (27), we ensure that equation (20)
holds. Also, we rearrange Equation (19) as follows:
. a;.(Dh)? + Al Di — a;. (D’Jrl)2
- le

(28)

The optimization objective function is a decreasing function
of Af, Vi € {1,...,N}. Based on Lemma 1, we find that
in the optimal solution, the CU’s utility with higher type is
equal to zero, i.e. D)\ A\ —ay.(Dy)* = 0. Thus, the GO sets
My = ay.Dj,. Given Ay, for i = N—11in (28), the GO reduces
the value of incentive rate A%,_, to such an extent that (28)
holds in the equal sign. Regarding A%, _,, the GO reduces the
value of incentive rate A’ _, to take the equal sign of (28) for
i = N —2. This process continues sequentially until i = 1, and
for each i, the GO decreases A} such that the equation (28)
binds. Therefore, equation (19) for i = {1,..., N — 1} are
binding and equivalent to equation (24). ]
Based on Theorem 2, N x (N — 1) x T IC inequality
constraints are reduced to (N — 1) x T equalities. It means
that in the optimal contract, for each type-i customer, it is
indifferent to select her actual type or the next type-(i + 1).
Thus, based on the results of Lemma 1 and Theorem 2, the
optimization problem (12a) can be rewritten as follows:

N

T
max Ugo = ZZMﬁ[n’D; —A'D!,

D!
(Di.2) i=1 t=1
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sit. Upy y(Dy,Ay) =0 Dy <Dy _, <...< Dj
Utcu,i(va )\f‘) = Urcu,i(DfH’ )‘$+1)’

Vie{l N-1)

ZMf,Df D,

0<Df§Kr’ZDf§KS VieN.
teT

(29)

According to the first and second constraints of (29), the
incentive reward A! can be reformulated as a function of the
demand reduction D!, as:

ay.(DY )2+Z w)

A= o Lviefl,...,N,VteT, (30)
where

w¥=[a,~.((Df)2 (D!, DY, Yiefl,...,N—1},

' 0, i=N.

By substituting (30) in the grid operator’s utility function,
we can eliminate the dependency of Ugo (D, A) on A and write
Ugo (D, A*) only in terms of demand reductions, where A* is
the optimal value of A. i.e.

N T

Uco,X*) = D> Mfi[x' D} — A\ D}]
i=1 t=I
T

N
ZZMf, [7'D! — ay.(Dy ) — Zw]

i=1 1

>

,
Il

M~

= ML fi(x' D}) — R;(D})*], €3]
i=1 t=1
where
i i—1
O(l‘ij—Cli_1ij ViE{z,...,N},
j=1 j=1
ai fi fori=1.
Thus, the optimization problem (29) becomes:

Ugo = M f;(z' D}) — Ri(D")?], 32
max Ugo Z}Z} [f(n (DH*1. (32a)
sit. Dy <Dy _,<...<D\VteT, (32b)

N
Z Mf;D{ =D, VteT (32¢)
0<D! <K' VieNVieT, (32d)
> Di <K, VieN. (32¢)

teT

The objective function of optimization (32a) is strictly con-
cave, and also all constraints (32b), (32c), (32d), and (32¢) are
convex. Therefore the optimization (32) is strictly convex.

Algorithm 1 Dual Decomposition Algorithm

Result: D
Initialize:
repeat
1. Solve the dual subproblems
for each i € A/ and t € 7 solve quadratic
subproblem g;,(hy) in (34) and calculate
. ﬁf using the gradient method.

k<1, hy < hiyy, Dy < Dy

2. Dk+1 ~D
3. mo <~ %

4. Updates lagrangian coefficients

hit = (b + nbDern)+
5. k<—k+1
until ||Dk - Dk IH =< 6stop’

V. SOLUTION OF OPTIMAL CONTRACT

Due to the existence of coupling constraints (32b), (32¢)
and (32e) in the optimization problem and to avoid the high
computational cost imposed by a centralized method for large-
scale systems, we use the dual decomposition method to solve
the optimization problem (32) in an iterative fashion.

The Lagrangian function of the optimization (32) is:

N T
= > > (~MLfi(x' D}) — Ri(D})*]) +h"b(D)

i=1 t=I

=;§G(D

where b is the vector of 3NT + N linear inequality constraint
in (32b), (32c), (32d), (32¢), and h is a vector of Lagrange
coefficients corresponding to each constraint in b. The dual
sub-problems is defined as follows:

g (h) =inf G(D!,h) VieT, VieN.
D!

L(D, h)

(33)

(34)

After the agents solve all sub-problem and find D =

{ﬁl,ﬁz, ...,ﬁN}, the coordinatgr updates the Lagrangian
coefficients vector h based on b(D) as follows:

= (h+nb(D)), (35)
where n is subgradient step size and (.)y = max(.,0).

According to Proposition 6.3.1 in [31], it is proved that
the Lagrangian coefficients converge to the optimal value if
M =0, 2020 =00, X pegni <00 and e = 0.

The procedure of the proposed Dual decomposition is
presented in algorithm 1. This algorithm obtains demand
reductions by solving the optimization (32). Then, using (30),
the incentive reward of each demand reduction are calculated.

Remark 4: The calculation of the optimal demand reduction
from Algorithm 1 has a complexity of O(N?), where N is the
number of customers’ types.

VI. SIMULATION

The numerical simulation results are presented to evalu-
ate the proposed incentive-based DR scheme’s performance.
We consider a scenario that includes one grid operator
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Fig. 2. Utilities of 10 types of customer i when reporting different types as
their types.

and 24 C&I customers. The datasets used for customers are
selected from [32]. This dataset contains the hourly load
profiles over a year (8760 hours of data) for 24 represen-
tative facilities from various end-use sectors. We assume
that there are 10 different types of customers in the grid,
whose types of customers are chosen from the set A =
{1,1.1,1.2,1.3,1.4,1.5,1.6,1.7,1.8,1.9} $/(kWh)>. The =
and Dy, interval of the grid operator were set to [18 - 40]
$/(kWh) and [10 - 440] kW h, respectively.

A. Properties of Proposed Contract

To validate the feasibility of the proposed contract, the
utilities of all types of customers, when they reported different
types, are depicted in Figure 2. The black stars marked on
the curve show the points where each type of customer gains
maximum utility. Figure 2 shows that each customer makes
the most profit when it reports its actual type. In this way,
customers have no incentive to misreport their actual type,
indicating that the IC constraint is satisfied. Moreover, when
customers choose contract items of their actual type, they gain
a non-negative utility. Such results verify the feasibility of the
proposed contract under information asymmetry.

In Figure 3, we show the amount of demand reduction that
one of the customers accepts during one day of the event
days. As one of the customers, 24-hour demand profile of
the Industrial-Food Processing Facility with type o; = 1.4 is
shown in Figure 3. As shown in Figure 3, the customer’s
demand reduction is such that it has both the condition of
providing the critic load and performing the shiftable load
during the day.

Figure 4 illustrates the impact of prediction errors in
parameters associated with load types (i.e., K! and K;) on
customers’ load reduction. Figure 4a shows that as prediction
errors increase, customers with smaller type are impacted the
most. This is because they can more easily meet demand
reduction. Narrower prediction errors lead to more significant
demand reduction for them. Additionally, Figure 4b shows that
increased prediction errors result in reduced profit for the grid
operator. The results remain stable up to a —30% error, and
contracts are feasible up to a —58% error. However, surpassing
this threshold caused the failure of the demand deficiency
constraint and made the contracts unfeasible.
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100
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Fig. 3. The optimal customer’s demand reduction with type «; = 1.4 in his
load profile.
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Fig. 4. Analyzing the impact of load prediction errors on contract design
results.

In Figure 5, we examine how customers’ preferred energy
reductions affect contracts with and without penalties. Suppose
D! = ¢' D!, where ' represents customers’ different execution
levels from the contracted reduction. Customers’ execution
levels range from [0, 1], determined by themselves after
signing the contract. When ¢’ = 0, they provide no reduction,
and when ¢’ = 1, they meet or exceed the contracted reduction.
In the scenario without penalties, customers can achieve more
profit if they unexpectedly reduce their performance. However,
in the penalty scenario, their profit decreases for each deviation
from the contract, and they pay a penalty if they can’t
fully execute. When a customer’s execution level falls below
1-/( aA—rD, —1), they obtain a negative profit. Full execution in
both scenarios results in the same profit, indicating an effective
penalty design to uphold the contracts.
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Fig. 5. Utility of customers under different execution level.

B. Performance Comparison

To evaluate the benefits of the proposed load reduction
scheme, we compare it with the discriminatory load reduction
scheme [33], load reduction scheme without type verifica-
tion [34], Stackelberg load reduction scheme [28], and linear
contract load reduction scheme [22]. The discriminatory load
reduction scheme is obtained from the optimal contract under
complete information, i.e., the grid operator is aware of the
types of customers. In the load reduction scheme without
type verification, the grid operator does not know the types
of customers, and it assumes all customers report their type
truthfully. However, the agents can misreport their type to
maximize their profit. The Stackelberg load reduction scheme
involves the grid operator is informed about the customer types
while the customers determine the amount of demand reduc-
tion. The grid operator first determines the amount of incentive
rewards for each customer, and then the customers have the
freedom to curtail their demand as per their preference. The
linear contract load reduction scheme considers a linear form
in terms of demand reduction for the incentive function and
solves the problem with the contract theory approach.

In Figure 6, we illustrate the optimal demand reduction
and incentive rewards for all customer types across all load
reduction schemes. In Figure 6a, we see that in the pro-
posed scheme, the demand reduction decreases with increasing
customer type, confirming the monotonicity constraint in
Lemma 2. We also see that the amount of demand reduction
in the discriminatory load reduction scheme is equal to that in
the Stackelberg scheme because both have the same objective
functions, leading to identical optimal outcomes for demand
reduction. Both schemes offer greater incentives to customers
with lower types to reduce their demand. However, in the
Stackelberg scheme, the grid operator provides more incen-
tives than the discriminatory scheme to encourage customers
to choose a reduction amount that is more responsive to the
expected demand deficit. In the load reduction without type
verification scheme, since the IC constraint is not consid-
ered, customers of any type can choose the contract that
brings the most profit. As a result, the amount of demand
reduction and incentive rewards are the same for all types
of customers. Under the assumption of linearity of incentive
function based on demand reduction, the establishment of IR
and IC constraints in linear contract scheme requires u = ay,
DYy = D}_, =...= D} Vt € T, respectively. Thus, demand
reduction and incentive reward are equal to a fixed value.

proposed load reduction scheme
discriminatory load reduction scheme

load reduction scheme without type verification
L] Stackelberg load reduction scheme

Linear contract load reduction scheme

: S
4 ‘\\

1.0 1.2 1.4 1.6 1.8
Customer type &
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~

(a) The optimal value of demand reduction vs. Type of customers.
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h

discriminatory load red

i
IS
>

load reduction scheme without type verification

Stackelberg load reduction scheme
Linear contract load reduction scheme

un
N

.
o

Incentive reward ($)

1.0 1.2 1.4 1.6 1.8
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(b) The optimal value of incentive reward vs. Type of customers.

Fig. 6. The optimal contract (D*, A*) for different types of customers under
different schemes in t = 11.
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Fig. 7. Utility of customers in different schemes.

Figure 7 investigates the utilities of various customer
types across all comparison schemes. In the Stackelberg load
reduction scheme, customers independently decide on the
amount of demand reduction, maximizing their potential profit.
In contrast, the discriminatory load reduction scheme has
the grid operator determining each customer type’s demand
reduction, only satisfying the IR constraints, resulting in zero
utility for all customer types. In the load reduction without
type verification scheme, the grid operator disregards the
IC constraint. Consequently, strategic customers report the
highest possible type to increase their profits. Lower-type
customers experience less dissatisfaction and greater utility in
this scheme. Moreover, we observe that the linear contract
scheme outperforms the proposed approach in terms of CUs
utility. This is mainly because the linear contract mechanism
incorporates a specific structure for rewarding, resulting in
greater payments to customers to meet IC and IR constraints.
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Fig. 8. System performance with respect to numbers of CUs.
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Fig. 9. System performance with respect to various demand deficiency of GO.
Table I compares the grid operator’s utility and customers’ TABLE I

utility based on the contracts signed during an event day.
Under the discriminatory load reduction scheme, customers’
total utilities remain zero, resulting in the highest profit for
the grid operator. This is because the grid operator has
full knowledge of customer types and designs discriminatory
contracts, leaving all customers with zero utility to meet the
IR constraints. The Stackelberg scheme yields the highest
total utilities for customers but the lowest profit for the grid
operator. In this scheme, the grid operator must compensate
for the expected demand deficit, resulting in more incentive
rewards for customers and less profit for itself. The proposed
scheme and load reduction without type verification scheme
require the grid operator to adjust contracts with incomplete
customer information. The grid operator has more profit in
the proposed scheme compared to the load reduction without
type verification scheme, while the profit of customers in the
proposed scheme is less. The utility obtained by the grid
operator in our proposed scheme surpasses that of the linear
contract scheme. The reason behind this is no limitation on
the reward function in the proposed scheme and to underscore
the efficacy of our optimal reward design. Compared with the
linear contract scheme, our scheme excels at achieving the
primary objective of maximizing the contract designer’s profit.

UTILITIES OF GRID OPERATOR AND CUSTOMERS
UNDER DIFFERENT SCHEMES

[ GO’s utility | CUs’ utility |

[ Load Reduction Schemes

Proposed scheme 49297.8 8222.4
Discriminatory scheme 58355.9 0
Scheme without type verification 42279.3 8367.3
Stackelberg scheme 18991.9 39364.0
Linear Contract scheme 43387.9 13463.8

C. Scalability Analysis

In Fig 8, we evaluate the utilities of the GO, CUs, and
overall social welfare as the number of CUs varies. As the
number of customers increases, the individual burden of
demand reduction decreases, leading to a proportional reduc-
tion in GO’s reward to each customer and an increase in GO’s
utility (Figure 8a). At the same time, customers experience
a decline in their utilities (Figure 8b). With a small number
of customers, GO’s utility may even turn negative, requiring
strategic allocation of the required demand reduction among
a limited number of customers. As customers are compelled
to undertake a substantial demand reduction, meeting the
IR and IC constraints requires that GO pay a significant
reward, incurring losses in the situation. However, as the
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Fig. 10. Time complexity analysis.

number of customers increases, social welfare increases in all
schemes (Figure 8c). Our proposed scheme under incomplete
information progressively converges towards optimal bench-
marks as the number of customers increases. Compared with
the linear contract scheme, as depicted in Figures 8c, while
linear rewarding may enhance customers’ utilities (albeit not
obligatory), our scheme outperforms in terms of social welfare.

In Figure 9, we investigate how changing the demand deficit
value affects the utility of the GO, CUs, and social welfare.
As w, the parameter weighting the value of D,,,, increases,
the utility of GO initially rises but then decreases (9a). This
decline is due to the higher rewards GO must pay for the
large volume of demand reduction. Adjusting the valuation of
demand reduction (;r) can alter this outcome. As the volume
of demand reductions increases, the rewards to customers rise,
increasing their utility (Figure 9b). Figure 9c illustrates that
with an increase in w, the difference between social welfare
in the proposed scheme and social welfare in other schemes
should decrease. However, a significant increase in w leads to
a decrease in social welfare due to a decrease in GO profit.

The impact of the number of customers’ type on the
calculation time for optimal demand reduction is displayed in
Figure 10 which supports our statement in Remark 4. It shows
that the time complexity of the problem does not depend on the
number of customers (M); instead, we categorize the contracts
based on the type of customers. Thus, the increase in the num-
ber of customers does not affect the computational complexity,
but only the amount of items in the contracts. This distinction
is crucial, as it highlights the model’s resilience to scalability
challenges, providing a foundation for its applicability in
scenarios with diverse customer bases without compromising
computational efficiency.

VII. CONCLUSION

In this paper, we proposed an innovative incentive-based
Demand Response (DR) mechanism for Commercial and
Industrial customers, addressing the challenges arising from
incomplete information on customer preferences and the need
for effective customer participation. Our approach leveraged
the potential of contract theory to design a DR program that
accommodated various kinds of customer loads, including
curtailable, critical, and shiftable loads while maximizing the

grid operator’s profit. We overcame the inherent non-convexity
of the optimization problem derived from contract theory by
employing a mathematical reformulation technique, transform-
ing the problem into a tractable and convex one with a reduced
set of constraints. The results showed that the proposed scheme
had the best performance in terms of maximizing the grid
operator’s profit compared to other incomplete information
schemes. Meanwhile, it was shown that optimal penalty
design could prevent customers from deviating from contracts.
Extensive numerical evaluations demonstrated the proposed
framework’s effectiveness compared to existing benchmark
schemes, emphasizing its potential in successfully imple-
menting DR programs for large non-residential customers,
consequently reducing the peak load on the grid.

In future work, we will explore the integration of the
proposed mechanism with other grid management techniques,
such as energy storage and renewable energy sources, to fur-
ther improve the efficiency and sustainability of the power
system.
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