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Commercial buildings have abundant flexible energy resources for demand
response (DR). The electricity price for tenants in the commercial building is
generally issued by a subcontracting power supplier (SPS), and the tenants cannot
directly interact with the energy retailer. Therefore, the incentive for tenants to
participate in DR is insufficient, and their potential is not fully explored. To address
these issues, this paper proposes a dynamic pricing method based on the
Stackelberg game, helping tenants actively participate in DR. Then, with the
optimized energy consumption of the tenants, a virtual energy storage model
of the commercial building is constructed by aggregating the adjustable
capabilities of flexible energy resources such as air-conditioning (AC) and
electric vehicles (EVs) in the public area. Finally, simulation tests are conducted
based on a real commercial building to demonstrate the effectiveness of the
game-theoretic pricing approach and validate the role of virtual energy storage of
the building in DR.
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1 Introduction

Commercial buildings are equipped with flexible and adjustable devices such as PV and
energy storage devices, which are important resources for participating in DR. However, PV
is characterized by volatility and randomness, and energy storage devices are expensive and
have a short cycle life (Sparacino et al., 2012), limiting their ability to participate in DR. Due
to the energy-buffering and time-shifting effects of air-conditioning (AC) loads and electric
vehicles (EVs) in commercial buildings, they exhibit virtual energy storage characteristics
similar to energy storage systems, which can be optimized and scheduled in conjunction with
PV and energy storage devices for DR (Barala et al., 2021). It should be noted that flexible
resource regulation needs to prioritize load demand and comfort, and its direct adjustment
potential is limited. It is also necessary to adjust tenants’ electricity consumption behavior by
changing electricity prices in order to increase the amount of electricity that commercial
buildings participate in DR. Nevertheless, in the current environment, commercial buildings
generally have SPS, and energy retailers cannot directly supply electricity to tenants. Tenants
cannot directly participate in DR and receive rewards, leading to a lack of motivation.
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Therefore, in the context of the existence of SPS, this paper focuses
on studying how to effectively schedule flexible resources and how to
formulate dynamic electricity prices to incentivize tenants’
participation in DR.

In the commercial building, the controllable loads, such as AC
loads and EVs, possess characteristics of flexible and controllable
operation. These loads can be regarded as virtual energy storage
(VES) units for regulation purposes, thereby achieving the objective
of demand-side management in commercial buildings. The essence
of VES is to effectively achieve DR goals while minimizing any
negative impact on users, and it is considered a new flexible source.
To optimize the scheduling of building internal AC loads and EVs
participating in DR, it is necessary to establish a VES model. Jin et al.
(2017) developed a VES model based on building thermal storage
capacity. By analyzing the charging and discharging characteristics
of VES and user comfort, a dynamic economic scheduling model
based on AC virtual energy storage was established. Vijayalakshmi
et al. (2022) developed a VES system using DR management to
mitigate the power fluctuations of PV through the combination of
AC virtual energy storage and battery energy storage. Comparative
analysis of optimized scheduling demonstrates that the participation
of VES can reduce the capacity requirements of energy storage
devices. Chai et al. (2023) proposed a two-stage optimization
technique to determine the charging and discharging schedule of
EVs participating in building DR plans. Simulation results indicate
that the convenience of EV owners’ travel has received more
attention in the proposed model. However, the aforementioned
papers lack sufficient research on the methods of load
adjustment for tenants in commercial buildings and thus unable
to effectively coordinate the VES and tenant load in
commercial buildings.

During the DR period, the SPS needs to establish a reasonable
electricity price to incentivize tenants to adjust their own electricity
consumption behavior (Shi et al., 2020; Shi et al., 2022). After
signing DR contracts with the energy retailer, the SPS generates
compensation and electricity price curves with the aim of
maximizing its own profits (Cui et al., 2023). Consequently,
commercial building tenants are only able to maximize their own
profits based on the pricing set by the SPS and provide feedback on
their load and response curves. This process constitutes a typical
Stackelberg game model (Xu et al., 2021; Xu et al., 2023) that
analyzes the strategic behavior of a DR aggregator, responsible
for the optimization of its DR providers’ bids in a wholesale
market. The DR resource consists of an aggregation of residential
electric heating systems, governed by a physical load model and
user-specified comfort constraints. To consider the uncertainty
associated with wind generation and electric demands, a
scenario-based stochastic programming model has been adopted
in this work. The results show the effectiveness of the Stackelberg
game model used for the interaction between the aggregator and
consumers (Song et al., 2020; Sun et al., 2021) The aforementioned
study did not take into account the specific scenarios that exist
within the SPS of commercial buildings. Further research is needed
to investigate the dynamic game and collaborative control processes
between the SPS and tenants.

Overall, the current research has not considered the special
scenarios of commercial buildings with SPS, resulting in
underutilization of flexible resources such as VES in the

buildings. Additionally, the lack of a reasonable dynamic pricing
for the SPS motivates tenants’ participation effectively in DR. To
address these issues, this paper proposes a dynamic price
optimization method that considers VES within commercial
buildings. By employing Stackelberg game theory, the method
determines the dynamic optimal price, thereby encouraging
commercial buildings to participate in DR. The specific
contributions of this study are as follows:

(1) A virtual energy storage model in commercial buildings was
developed, considering the AC load and EVs as generalized
storage participating in DR scheduling. The virtual energy
storage scheduling and tenants’ participation in demand
response were coordinated to construct the DR benefit model
for the SPS.

(2) In order to effectively motivate tenants to participate in DR, this
article establishes a dynamic price game optimization model
based on the profit model of SPS and tenants in commercial
buildings. This model is used to solve the optimal pricing
between SPS and tenants and analyzes the existence of
equilibrium solutions for this model.

2 A utility model for commercial
building tenant DR based on price
incentives

In the current policy context, there are limitations to increasing
the revenue of commercial building SPS through excessive electricity
price hikes. However, SPS can participate in DR by effectively
utilizing the abundant flexible load resources within commercial
buildings, thereby reducing electricity costs in a reasonable and
compliant manner.

The electricity supply process in commercial buildings consists
of three entities: the energy retailer, SPS, and tenants. The SPS
cannot directly intervene in tenant’s electricity consumption
behavior but can directly control the load in the public area. In
order to ensure their own electricity consumption, tenants need to
sign a separate contract with the SPS. In this case, the SPS can
regulate price to incentivize tenants to change their electricity
consumption behavior. The energy retailer, on the other hand,
enters into a price contract with the SPS and supplies electricity
to the entire commercial building, with no direct price interaction
with the tenants.

Figure 1 shows that in the commercial building involved in
demand response, the energy retailer sends a demand response
instruction to the SPS, and the SPS after receiving the instruction
designs a dynamic price while satisfying the tenant’s electricity
demand to incentivize the tenant to reduce the electricity load
during the demand response time period (Darwazeh et al., 2022).
Each tenant optimizes its own electricity consumption behavior
with the change in dynamic price and achieves the optimal
balance between electricity consumption cost and satisfaction.
In this paper, we mainly consider virtual energy storage for AC
and EVs in commercial buildings. SPS can directly control the
virtual energy storage for AC in commercial buildings to
participate in demand response scheduling and realize the
smoothing of the load curve (Tiwari and Pindoriya, 2022). At
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the same time, the SPS can incentivize the EVs at the charging
piles to participate in the demand response scheduling by means
of price compensation, and the SPS can effectively reduce the
load during the demand response period by responding to the
demand response commands of the power retailer in the above
two ways and obtain the profit from the energy retailer according
to the actual demand response capacity.

2.1 Dynamic pricing design for commercial
buildings based on price incentives

This paper explores the use of dynamic electricity pricing as a
mean for commercial buildings to encourage tenants’
participation in DR. Under this approach, tenants are charged
according to the time-of-use (TOU) electricity pricing when they
do not participate in DR. However, when they participate, the
electricity prices for different time periods are adjusted according
to a predetermined price adjustment ratio. The actual electricity
price curve, denoted as e′ � [e1′, e2′,/, e′t], allows tenants to decide
whether or not to respond to the price adjustments based on their
electricity consumption needs.

The actual electricity price during time period t can be
represented as a function of the price adjustment ratio:

e′t � φ t( )etδ t( ) + ϕ t( )et 1 − δ t( )( ), (1)
where φ(t) are rates of electricity price adjustment and δ(t) is the
binary variable, where the value of 1 denotes an increase in the
tenant load and the value of 0 signifies a reduction in the
tenant load.

Due to the disadvantaged position of tenants in the electricity
purchasing process, they can only respond to the electricity price
offered by the SPS (Li et al., 2022). Therefore, in order to protect the
basic interests of tenants, it is necessary to impose constraints on the
actual electricity price e′t:

emin ≤ e′t ≤ emax, (2)

where emin and emax represent the minimum and maximum actual
electricity prices during time period t, respectively.

2.2 A utility model for commercial building
tenants based on dynamic time-of-use
electricity pricing

Due to the large variety and decentralized distribution of flexible
loads in tenants, it is difficult to count the specific loads. In this
paper, the tenant loads of commercial buildings are broadly
categorized into two types: adjustable loads and rigid loads.
Assuming that the tenant set N of a commercial building consists
of n tenants, the total load of the tenant k in time period t is Pk,t,
where the adjustable load is PDR

k,t , and the other rigid load is P
EL
k,t . The

total load of tenant k during time period t can be calculated as follow
in Eq. 3 (Li et al., 2021; Yasir et al., 2023):

Pk,t � PDR
k,t + PEL

k,t . (3)

The electricity consumption of tenant k in time period t is as
follow in Eq. 4:

Etenant
k,t � ∫t+Δt

t
Pk,tdt. (4)

For a tenant k, the utility function uk,t(Etenant,DR
k,t ,ωk) that

represents the tenant k’s participation in DR during time period t
can be defined as follows (Sun et al., 2021):

uk,t Etenant,DR
k,t ,ωk( ) � et − e′t( ) Eplan

k,t − Etenant,DR
k,t( ) − ωk EDR

k,t − Eideal
k( ),

(5)
where et is the electricity price during the period t; e′t is the actual
purchase price of electricity for tenants during the time period t;
Eplan
k,t is tenant k’s planned electricity consumption during time

period t; Etenant,DR
k,t is the response electricity of tenant k during time

period t; Eideal
k is the ideal response electricity of tenant k; and ωk is

the coefficient of electricity preference for tenant k.
Various electricity prices for tenant k and the utility function for

participating in DR can be derived from Eqs 2, 5. Consequently, the
profit of tenant k can be expressed as Eq. 6.

Itenantk � ∑T

t�1 uk,t Etenant,DR
k,t ,ωk( ) − et Eplan

k,t − Etenant,DR
k,t( ). (6)

The amount of electricity that tenants can adjust is subjected to
constraints imposed by electricity prices and the limit of adjustable
electricity. The adjustable electricity limit for tenant k during time
period t is defined in Eq. 7.

0≤Etenant,DR
k,t ≤EcutDR

k,t, max δ t( ) � 0,
EaddDR
k,t, max ≤Etenant,DR

k,t ≤ 0 δ t( ) � 1,
{ (7)

where QcutDR
k,t, max and Q

addDR
k,t, max represent the maximum extent to which

the user can reduce and increase the load, respectively, whose values
can be obtained through Eqs 8, 9; and δ(t) is the binary variable,
where the value of 1 denotes an increase in the tenant load, while the
value of 0 signifies a reduction in the tenant load.

EcutDR
k,t, max � pcut,tE

plan
k,t , (8)

EaddDR
k,t, max � padd,tE

plan
k,t , (9)

FIGURE 1
DR relationship in a commercial building.
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where pcut,t and padd,t represent the maximum reduction and
increase ratios of adjustable loads for tenants during time period
t, respectively. Additionally, Etenant,DR

k,t must also satisfy upper and
lower limit constraints. The constraint is shown in Eq. 10.

Etenant,DR
k,t, min ≤Etenant,DR

k,t ≤Etenant,DR
k,t, max . (10)

3 A profit model of DR for the
subcontracting power supply in
commercial buildings

According to the analysis in the previous section, the load of
commercial buildings can be divided into public area load and
tenant load based on regional energy use scenarios. The main energy
loads in public areas include building lighting, central AC, and
charging stations in underground garages. In addition, existing
commercial buildings usually have a certain amount of new
energy generation equipment to reduce electricity costs and
ensure power supply for important loads in extreme situations
(Miglioli et al., 2023).

Since the main way to reduce energy consumption in lighting
loads is to replace energy-saving lamps and improve energy
efficiency, it is difficult to reduce energy loads by turning off the
light sources in DR scenarios (Han, et al., 2022). At the same time,
other loads within the public area generally encounter the problem
of being more difficult to regulate and having a small adjustable
range. Therefore, when considering the energy consumption
optimization of the public area loads, this paper mainly focuses
on central AC and EV loads. Since both types of loads have certain
cross-temporal energy transfer capabilities, they can be regarded as
virtual energy storage devices participating in DR regulation.
Therefore, after introducing the basic models of central AC and
EVs, the two types of loads are collectively established as a VES
model of SPS in commercial buildings.

3.1 A VES model for the SPS in
commercial buildings

3.1.1 Electric vehicle model
Electric vehicles are considered significant flexible resources in

commercial buildings. This article regards EVs as VES and involves
them in DR regulation. The battery charge status (SOCi) of an
individual EV user i can be expressed as follows (Jin et al., 2023):

SOCEV
i,t+1 � SOCEV

i,t +
ωc
i,tP

EV,c
i,t μcΔt − ωd

i,tP
EV,d
i,t Δt
μd

( )
B

, (11)

Tc,i � SOCe,i − SOCi( )B
PEV,c
i,t μcΔt

, (12)

Td,i � SOCi − SOCmin( )μdB
PEV,d
i,t Δt

, (13)

where B represents the capacity of the EV battery; PEV,c
i,t denotes the

charging power of user i during time period t; PEV,d
i,t represents the

discharging power of user i during time period t; ωc
i,t is the charging

coefficient, where ωc
i,t � 1 indicates that the EV is in a charging state

andωc
i,t � 0 indicates that the EV is in a non-charging state;ωd

i,t is the
discharging coefficient, where ωd

i,t � 1 indicates that the EV is in a
discharging state and ωd

i,t � 0 indicates that the EV is in a non-
discharging state; μc and μd are the charging and discharging
efficiencies of the EV battery, respectively; Tc,i is the minimum
number of time periods required to meet the user’s charging
expectations; SOCe,i represents the user’s desired state of charge
upon departure; and SOCmin is the predetermined critical state of
charge for the battery.

The constraints of EV models encompass various factors, such
as battery state constraint, battery charge continuity constraint,
charge state constraint, user’s expected charge constraint, and
charge/discharge rate constraint. Battery state constraint can be
represented using the state variable ωc

i,t. When an EV is connected to
a charging station and is in a controllable state of charging and
discharging, ωc

i,t � 1. When the EV is in a traveling state, ωc
i,t � 0.

However, the battery of the EV can only exhibit charging,
discharging, or idle states. Therefore, the constraint of the battery
state of the EV is as follows:

ωc
i,t + ωd

i,t ≤ω
in
i,ti . (14)

The battery state of charge at time t, denoted as SOCEV
i,t , is

subjected as follows:

SOCmin ≤ SOCEV
i,t ≤ 1. (15)

Finally, the charging and discharging of EVs must also meet the
constraints of charging and discharging rates.

0≤PEV,c
i,t ≤P max

EV,c,
0≤PEV,d

i,t ≤P max
EV,d,

{ (16)

where Pmax
EV,c and Pmax

EV,d represent the maximum values of EV
charging and discharging, respectively.

For EVs, there is a large uncertainty in the arrival and departure
times and initial state of charge (SOC) of individual EVs. By
analyzing the results of a survey conducted by the Federal
Highway Administration of the US Department of
Transportation in 2009 on household driving trips across the US,
it is possible to roughly obtain the probability density distributions
of EV arrival times at charging piles in commercial buildings during
the weekday period, probability density distributions of departure
times, and probability density distributions of mileage traveled in the
charging intervals. The corresponding fitted curve functions are
shown in Eqs 17–19 (U.S. Department of Transportation and
Highway Administration, 2009).

f1 x( ) �
1���
2π

√
σ l
exp − x − μl( )2

2σ2l
( ), 0<x≤ μl + 12,

1���
2π

√
σ l
exp − x − 24 − μl( )2

2σ2l
( ), μl + 12< x≤ 24,

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
(17)

fa x( ) �
1���
2π

√
σa

exp − x + 24 − μa( )2
2σ2a

( ), 0< x≤ μa − 12,

1���
2π

√
σa

exp − x − μa( )2
2σ2a

( ), μa − 12<x≤ 24,

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
(18)

ft x( ) � 1���
2π

√
σtx

exp − ln x − μt( )2
2σ2t

( ). (19)

Frontiers in Energy Research frontiersin.org04

Huang et al. 10.3389/fenrg.2023.1329227

https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org
https://doi.org/10.3389/fenrg.2023.1329227


According to the expression of probability density random
distribution such as charging start moment and daily journey,
the Monte Carlo method is applied for random sampling to

determine the charging behavior of EVs in the charging station,
and then the corresponding data are used to calculate the real SOC of
EVs. The specific process is shown in Figure 2.

FIGURE 2
Flowchart for predicting electric vehicle charging behavior.

FIGURE 3
Flowchart of the optimization algorithm.
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Based on the time of EV access to the charging post and the
remaining power obtained from Monte Carlo simulation, all EVs in
the charging station at a certain time period can be classified into
adjustable loads that participate in the response and rigid loads that
do not participate in the response. The state of charge of the battery
when the EV user leaves the charging station should satisfy the user’s
expectation, and the EV user’s expected electricity constraint is

SOCE
i ≤ SOCin

i +∑T

t�1 ωc
i,t∫t+Δt

t
PEV,c
i,t dtμc −

ωd
i,t∫t+Δt

t
PEV,d
i,t dt

μd
⎛⎝ ⎞⎠/B≤ 1,

(20)
where SOCE

i is the desired charge state when EV user i leaves the
charging station and SOCin

i is the charge state when EV user i enters
the charging station. If the time of accessing the charging pile cannot
meet the user’s expected electricity requirement or the electricity is
lower than the critical electricity when EV accesses, it is considered
that this part of energy storage cannot participate in the regulation
(Zhu et al., 2023). Otherwise, it is considered that the energy storage
can participate in the demand response to adjust the charging and
discharging strategy. In this paper, we consider the EV adjustable
load in the charging station under each time period, aggregated to an
energy storage device to consider the overall dispatchable electricity
capacity. At this point, the EV discharge available to the commercial
building in time period t is

EEV,DR
t � ∑N2

i�1 ωc
i,tP

EV,c
i,t μcΔt + ωd

i,tP
EV,d
i,t Δt/μd[ ]. (21)

3.1.2 Air-conditioning model
The enclosure structure of a building endows the internal air-

conditioning system with the ability to store and release energy,
thereby exhibiting characteristics similar to a VES system. This
enables it to be considered VES and participate in DR (Chen et al.,
2021). In commercial buildings, the internal tenants are dispersed
and occupy smaller spaces, making it inconvenient to regulate the
temperature control load. On the other hand, the public areas have
larger spaces, and the AC can be directly controlled by the SPS.
Therefore, this study disregards the AC load of the tenants and only
considers the AC load of the public areas as VES participating in DR.

In order to effectively improve the capacity of DR of commercial
buildings, this study considers the AC load as VES participating in
regulation during DR periods. By fully utilizing the stored cooling
energy in public areas, the transfer of cooling power supply time is
achieved (Zhang, et al., 2022). To facilitate the analysis of the VES
regulation capacity of the SPS in commercial buildings, the charging
and discharging power of VES is defined as the difference between
the cooling/heating power produced by AC and the dissipative
cooling/heating load, which is expressed as follows:

QAC,VES
t � QAC

t − Qdiss
t , (22)

where QAC,VES
t represents the VES power of the AC system. When

QAC,VESS
t > 0, the VES is in the “energy storage” state, and when

QAC,VESS
t < 0, it is in the “energy dissipation” state. QAC

t is the
cooling/heating power of the air-conditioning unit in time period
t, obtained from Eq. 23, and Qdiss

t is the outward heat transfer power
from the building at time t, obtained from Eq. 24:

QAC
t � PAC

t × COP, (23)
where PAC

t is the electric power of inverter AC and COP is the
energy efficiency ratio of the inverter AC.

∫t+Δt

t
Qdiss

t dt � ∑n

k�1hkAk Tk,t − Tt( ), (24)

where Qdiss
t varies with the temperature difference between indoor

and outdoor. hk is the combined heat transfer coefficient between
the kth enclosure in the building and the outside world (including
neighboring spaces); Ak is the area of the kth enclosure in the space;
Tk,t is the temperature of the kth enclosure; and Tt is the
temperature of the indoor space during the time period t.

In commercial buildings, the factors that influence the limit of
VES capacity in AC systems are primarily related to human thermal
comfort indicators. Therefore, the range of temperature constraints
within the building can be expressed as follows:

Tmin ≤Tt ≤Tmax, (25)
where Tmin and Tmax represent the acceptable upper and lower
limits of indoor temperature for users, respectively. According to
Eqs 24, 25, the virtual energy storage heat capacity V of the AC can
be obtained as follows:

V � ∑n

k�1hkAk Tmax − Tmin( ). (26)

SOCAC
t is the charge state of the AC virtual energy storage at period

t, as shown in Eq. 27, which ranges from 0 to 1. When Tt � Tmin,
SOCAC

t � 0, and when Tt = Tmax, SOCAC
t � 1.

SOCAC
t+1 � SOCAC

t + ∫t+Δt
t

Qdiss
t dt

EAC
t

,

0≤ SOCAC
t ≤ 1.

⎧⎪⎪⎪⎨⎪⎪⎪⎩ (27)

Therefore, the electricity from the virtual storage of air
conditioners that participates in the demand response at time
period t is as follows:

EAC
t � ∫t+Δt

t
PAC,plan
t − PAC

t( )dt, (28)

where PAC,plan
t is the AC load without taking into account the virtual

energy storage regulation and PAC
t is the actual AC load.

3.1.3 Virtual energy storage model
In order to better illustrate the dynamic processes of AC and

EVs, they are considered generalized energy storage devices
participating in DR scheduling. The model of the generalized
energy storage model is as follow in Eq. 29 (Bu, et al., 2023):

SOCAC
t+1

SOCEV
t+1

[ ] � SOCAC
t

SOCEV
t

[ ] +
ΣkAk Tk,t−Tt( )

COP

ωc
tP

EV,c
t μcΔt − ωd

t
PEV,d
t
μd

Δt

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣ ⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
T

1/EAC

1/B
[ ],

(29)
where SOCAC

t represents the virtual SOC of the AC during the
energy storage period t and SOCEV

t represents the virtual SOC of the
EVs during the energy storage period t. The definition for the EAC

remaining variables can be found in Eqs 11–28.
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3.2 The profit model of SPS

The SPS signs a contract with the energy retailer to participate in
DR and generate profit. This is achieved by adjusting the electricity
purchase price e′ for tenants, incentivizing their participation in DR
activities and maximizing their own interests. The expression for the
profit of SPS is as follow in Eq. 30.

ISPS � ∑T

t�1(EDR

t
pDR
t − Eretailer

t pretailer
t − EEV

t ,teEV − C
DR

re ), (30)

where EDR
t represents the actual electricity involved in DR; pDR

t is
the contractual price associated with participating in DR; Eretailer

t

denotes the purchased electricity by the SPS during time period t;
pretailer
t is the electricity price during time period t; EEV,t represents

the electricity generation by EVs during time period t; eev represents
the subsidy price for EVs participating in DR during time period t;
and CDR

re represents the compensation cost for providing DR
to tenants.

The electricity EDR
t for commercial buildings participating in DR

shall be satisfied, as shown in the following Eq. 31.

EDR
t � EEV

t + EAC
t +∑n

k�1E
tenant,DR
k,t . (31)

The actual purchased electricity Egrid,t of the SPS electricity
during the time period t is as follow in Eq. 32.

Egrid
t � Epublic

t + Etenant
t − EPV

t + EEV
t , (32)

where Epublic
t represents the electricity consumption in the public

area during time period t; Etenant
t represents the electricity

consumption by tenants during time period t; EPV
t represents the

PV during time period t,; and EEV
t represents the electricity amount

of EV charging/discharging during time period t.
is as follow in Eq. 33.

CDR
re � et − e′t( )Etenant

t , (33)

where et is the customer tariff before response; e′t is the dynamic
tariff of the customer after response, which is obtained from Eq. 1;
and Etenant

t is the actual electricity consumption of the tenant after
participating in DR.

4 A Stackelberg game model for the
dynamic optimal pricing of commercial
building SPS

This section considers the game process between the SPS and the
participating DR tenants in the operation of commercial buildings
and constructs a Stackelberg game model for the optimal pricing of
the SPS. After signing a DR contract with the energy retailer, the SPS
will generate compensation prices and electricity price curves with
the goal of maximizing its own profits. Therefore, commercial
building tenants can only maximize their own profits based on
the pricing set by the SPS and provide feedback on their load and
response curves. This process constitutes a typical Stackelberg game
model, with the SPS as the decision-maker and the individual
tenants as followers. Therefore, using a backward induction
approach (Li et al., 2022), the profits of the SPS ISPS is
maximized based on dynamic price e′, then the adjusted dynamic

price e′ is substituted into the tenant’s profits, and the DR electricity
EDR
k,t for each time period is optimized.

4.1 Stackelberg game model based on the
dynamic time-of-use electricity price

In the Stackelberg game problem, both the SPS of commercial
buildings and each individual tenant aim tomaximize their own profits.
The optimal strategy for tenant k satisfies the following Eq. 34.

Q* � argmax
QDR
k,t

Itenantk ,

s.t. eq 7( ), 8( ), 9( ).
⎧⎪⎨⎪⎩ (34)

The optimal strategy of SPS satisfies the following Eq. 35.

e′* � argmax
e′t

ISPS. (35)

To obtain the ideal electricity number of tenants responding
to dynamic pricing, it is crucial to solve the utility model of
tenants. Initially, we need to examine the electricity prices e′t
during various time periods and calculate the first-order
partial derivative of the profit function for tenant k in relation
to DR electricity EDR

k,t in the time period t (Zhou et al., 2021;
Bhatti and Broadwater, 2020). Examine method is as follow in
Eq. 36.

∂Itenantk

∂EDR
k,t

� e′t − 2ωk

EDR
k,t − Eideal

k

EDR
k,t

, (36)

where
∂Itenantk

∂EDR
k,t

� 0, and the optimal DR electricity of tenant k at time
period t EDR

k,t * can be obtained as follow in Eq. 37.

EDR
k,t * �

Eideal
k

1 − e′t
2ωk

. (37)

Based on the deduction presented in Section 4.1, assuming the
strategy combination of tenants and SPS denoted as
S � Qk ,ωk{ }kϵN, e′{ }, where Qk ,ωk{ }kϵN represents the strategy
set of tenant k and e′ represents the strategy set of the SPS. The
sufficient and necessary condition for S* to be an equilibrium
solution in game theory is given in the following equation. After
adjusting to strategy β, all participants satisfy the Eq. 38.

Wβ S*
((((sβ( )≤Wβ S*( ), (38)

whereWβ represents the adjusted profit after implementing strategy sβ
and S*‖sβ represents that participant β individually changes its own
strategy, while the strategies of other participants remain unchanged.
This implies that in the equilibrium solution S*, no participants can
achieve higher benefits by unilaterally altering their own strategy.

For any tenant k in a commercial building, given a known dynamic
price e′, the tenant’s objective function is dependent on QDR

k , and it is
continuous and differentiable everywhere. There must exist at least one
optimal strategy in a closed domain to achieve game equilibrium.
Similarly, when the tenant’s DR electricity QDR

k is given, the
optimization problem for the SPS becomes a function about e′, with
a closed feasible domain, and there always exists an optimal strategy to
maximize profits.
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4.2 Optimization process of the Stackelberg
game model

In the process of Stackelberg game between SPS and tenants, the
SPS acts as the dominant player, while tenants determine their
response strategies based on the pricing strategy of the SPS and their
own electricity demands. Therefore, the pricing strategy of the SPS is
the most crucial component of the game strategy combination. By
designing a dynamic pricing optimization algorithm for the SPS, the
optimal solution of the Stackelberg game model can be obtained.
The optimization process of the Stackelberg game model is

illustrated in Figure 3. The primary processes encompass
the following:

1) During the normal operational phase, the SPS disseminates
information regarding electricity price for commercial tenants.
These tenants then purchase electricity at price e. The SPS
calculates its own profit ISPS,0 based on the total load curve
during normal operating hours and the photovoltaic
generation curve.

2) When the SPS receives an invitation to demand response, they
adjust the price curve to optimize tenants’ response, thus
entering into a game of strategy between the SPS and the tenants.

3) Using the Monte Carlo method, the prediction of daily electric
vehicle charging load is conducted, along with the initialization
of tenant load and tenant electricity price.

4) During the load response phase, SPS solves for optimal dynamic
price using a fixed-step iterative loop approach. Tenants adjust
their response electricity based on the revised price information
and calculate their profits. The SPS adjusts the price and
calculates its profit ISPS,n based on tenants’ feedback.

TABLE 1 Outdoor temperature settings.

Time (h) Outdoor temperature (°C) Time (h) Outdoor temperature (°C) Time (h) Outdoor temperature (°C)

1 25.2 9 26.7 17 24.9

2 25.2 10 26.6 18 24.7

3 24.6 11 26.5 19 24.5

4 24.8 12 25.8 20 24.5

5 25 13 25.5 21 24.2

6 25 14 25.1 22 24.3

7 25.4 15 24.8 23 24.1

8 25.9 16 24.9 24 24.1

FIGURE 4
Electric demand curves in the public area. FIGURE 5

Histograms of TOU and DR reward.

TABLE 2 Settings for the EV model.

μ σ Description

8.87 3.2 EV arrival time

17.2 3.4 EV departure time

3.1 1.1 EV remaining energy
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5) Compare the results of the nth and n-1th games; if the difference
between the two games satisfies ‖ISPS,n − ISPS,n−1‖2≥ ε, update the
dynamic electricity price and return to process 2.

6) Obtain the optimal pricing and exit the loop.

5 Simulation results

5.1 Basic parameter settings

This study focuses on the analysis of energy optimization and
dynamic time-of-use electricity pricing for a selected commercial
building SPS (US Department of Transportation). The optimization
period T is set to 24 h, with intervals of 0.25 h for the optimization
periods. The computational model is implemented using Python 3.8 and
utilizes the Gurobi for Python solver for objective function calculations.

The basic parameter settings include the following:

1) The outdoor hourly climate temperature is shown in Table 1,
while the indoor comfort temperature is set at 25°C–27°C (Afroz
et al., 2018).

FIGURE 6
User load curve and response power with the optimal pricing
strategy. (A) Optimal pricing load curve. (B) Demand response
electricity consumption. (C) Iterative error in the optimal process of
the dynamic electricity price.

FIGURE 7
Variation in supplier profit and tenants’ cost.

FIGURE 8
Results of electricity price adjustment.
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2) The energy load in the public areas of the building is mainly
composed of AC load, lighting load, and electric vehicle load,
as depicted in Figure 4, where EV loads are simulated using
the Monte Carlo method, the probabilistic model is shown in
Eqs 17–19, and the required parameters are shown
in Table 2.

3) The electricity price for commercial buildings is 1.2 CNY/
(kWh) during peak hours (12:00–14:00; 19:00–22:00),
0.8 CNY/(kWh) during off-peak hours (9:00–12:00; 22:
00–24:00), and 0.3 CNY/(kWh) during valley hours (00:
00–09:00). The purchase price for merchants is 0.7 CNY/
kWh. The time-of-use electricity price and DR revenue prices
are shown in Figure 5.

4) It is assumed that there are 100 merchants in the commercial
building, and their comfort preferences are randomly sampled
within the range of 0.6–1.2. Each merchant’s maximum
adjustable load is set at 30% of the merchant’s own
energy demand.

5.2 Dynamic electricity price adjustment and
profit analysis

The adjustment results of the total load curve under the optimal
pricing strategy are illustrated in Figure 6A. It can be observed that
upon receiving the DR signal, the SPS will adjust the response price
curve and communicate it to the tenants, thereby incentivizing them
to optimize their response electricity. Before 10:00 and after 23:00,
the building energy consumption produces a significant drop due to
the end of the business hours of the commercial building, and at the
same time, during the time period when the demand response is
considered, the loads are forced to turn on or turn off in order to
ensure the overall economy, which leads to an abnormal scheduling
of the energy consumption curve. After adopting the dynamic price
game scheduling strategy, the energy load of the commercial
building during business hours can ensure the demand response
requirements, while the overall process is smoother, which ensures
the tenants’ energy comfort.

TABLE 3 Dynamic price results.

Time (h) Dynamic price (¥) Time (h) Dynamic price (¥) Time (h) Dynamic price (¥)

1 0.0378 9 0.0786 17 0.1134

2 0.0356 10 0.0792 18 0.1101

3 0.0365 11 0.0802 19 0.0824

4 0.0383 12 0.0806 20 0.0851

5 0.0396 13 0.0812 21 0.1084

6 0.0382 14 0.1144 22 0.1065

7 0.0394 15 0.1147 23 0.0842

8 0.0745 16 0.1138 24 0.0796

FIGURE 10
Results of EV load adjustment.

FIGURE 9
Results of air-conditioning load adjustment.
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The incentivizing effect of the dynamic price adjustment on
tenant response power can also be seen by the change in load
response power, as shown in Figure 6B. The tenants reduce their
own energy demand outside the hours of high load demand in the
middle of the day and at night, when the PV is mainly used for
flexible equipment such as AC and EVs in the public areas, which
serves as an accumulation of electricity. During the tenants’ peak
hours (11:00–14:00; 17:00–20:00), the building’s flexible
conditioning equipment can be used to better support the
tenants’ energy use and reduce the need for external power supply.

Figure 6C illustrates the iterative curve of the price game process,
where after approximately 10 price adjustments, the profits of both the
tenants and the SPS gradually stabilize, reaching the final game
equilibrium. Figure 7 shows that the profit of the SPS decreases
from an initial value of 3,538.14 CNY to 1,006.37 CNY after
10 adjustments. The initially high profit of the SPS can be attributed
to the unreasonable initial dynamic response electricity price set at the
beginning of the iteration, resulting in the tenants obtaining excessive
profits. After several rounds of game adjustments, the SPS gradually
transfers its profit to the tenants, leading to a decrease and stabilization
of its own profit, which aligns with the game process between the SPS
and the tenants in real scenarios. The results of the electricity price
adjustments in Figure 8 and the response electricity in Figure 6B also
indicate that the fluctuation in tenants’ electricity expenditure costs is
significantly related to the electricity price set by the SPS. By modifying
the dynamic electricity price, the tenants’ participation in DR can be
effectively incentivized. The final dynamic price is shown in Table 3.

5.3 Analysis of the effects of VES

The thermal inertia of the building structure allows for the
balancing of energy consumption at different times through the
implementation of variable energy strategies, taking advantage of the
insulation provided by the building envelope during AC operation. This
increases the flexibility of energy strategies and reduces the demand for
building energy during peak periods by utilizing temporal and spatial
transformations. Additionally, with the guidance of electricity price, EV
owners whowould typically charge their vehicles during peak hours can
choose to adjust their charging schedule or even supply electricity back
to the building, resembling the process of energy storage and discharge.
This method, which exploits the flexible energy potential of devices
rather than utilizing battery energy storage equipment, is referred to as
VES in buildings.

Figures 9, 10 show that based on the existing AC load curve, the
consideration of building thermal inertia has resulted in a significant
reduction in the AC load demand during high temperature periods
(which also coincide with peak electricity prices), without noticeably
compromising users’ comfort within the building. Additionally, by
utilizing EV for reverse charging, a certain amount of energy load can be
provided during peak periods while also offering economic benefits to
EV owners.

6 Conclusion

This study focuses on the issue of electricity trading in commercial
buildings that involves a process of subcontracting power supply. It

investigates DR strategies for commercial buildings. First, it addresses
the problem of insufficient motivation for tenants due to the lack of a
reasonable incentive mechanism from the SPS to tenants. It proposes a
dynamic time-of-use pricing optimization for the SPS. Second, this
study constructs a VES model by exploring the flexible potential of AC
loads and EVs in public areas. Lastly, based on Stackelberg game theory,
it transforms the price game between the SPS and tenants into a two-
stage dynamic optimization process. The existence of equilibrium
solutions for this game optimization problem is analyzed, achieving
the cost-optimal strategy for the SPS to participate in DR. Simulation
tests are conducted in a specific commercial building environment, and
the results demonstrate the following:

(1) The utilization of a game-theoretic model based on Stackelberg
game theory aligns with the actual scenario of the game process
between the SPS and the tenants. The dynamic electricity price
obtained through the game between the SPS and the tenants can
effectively incentivize the tenants to participate in DR.

(2) VES plays a positive role in DR. By regulating AC virtual energy
storage, the demand for AC load can be adjusted without
compromising comfort. By reverse charging buildings with EVs,
a certain amount of energy load can be provided duringDRperiods.

The dynamic pricing optimization proposed in this article is
more aligned with real commercial building environments. This
approach holds significant implications for guiding DR participation
among SPSs in commercial buildings.
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