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Abstract: In order to improve the utilization of user-side power resources in the distribution network
and promote energy conservation, this paper designs a distributed system suitable for power demand
response (DR), considering multi-agent system (MAS) technology and consistency algorithms. Due to
the frequent changes in the power system structure caused by changes in the load of a large number
of users, this paper proposes using cluster partitioning indicators as communication weights between
agents, enabling agents to utilize the distribution network for collaborative optimization. In order
to achieve the integration of multiple load-side power resources and improve the refinement level
of demand-side management (DSM), two types of agents with load aggregator (LA) functions are
provided, which adopt the demand response strategies of Time-of-Use (TOU) or Direct Load Control
(DLC) and model the uncertainty of individual device states using Monte Carlo method, so that
the two typical flexible loads can achieve the target load-reduction requirements under the MAS
framework. The research results demonstrate that this method achieves complementary advantages
of the two types of loads participating in DR on a time scale, reducing the costs of power companies
and saving customers’ electricity bills while peak shaving.

Keywords: active support; demand-side management (DSM); distributed control; distributed system;
flexible load; load aggregator (LA)

1. Introduction

The rapid development of the new energy industry has caused difficulties in con-
suming wind and solar power in the power grid, as well as problems such as waste of
power resources [1]. At the same time, the increase in peak electricity consumption and
the complexity of electricity loads have led to an insufficient utilization of resources for
electricity consumers. With the advancement of smart grid (5G) technology, the concept of
power producers has been expanded [2]; in recent years, there has been a growth in studies
focusing on the active support of typical loads on the user side for power grid stability,
such as electric water heaters, air conditioners (ACs), electric vehicles (EVs), etc. [3,4].
These loads are called flexible loads, and their capacity is small and distributed dispersedly.
Usually, an aggregation model needs to be established and used in the form of a load
aggregator (LA) to participate in the fields of solar and wind power consumption, demand
response (DR), and so on [5]. However, these power resources have different types and
characteristics, making it difficult to coordinate them effectively.

The traditional LA participation in power dispatch is still in a centralized framework,
which is not well-matched with the time-varying characteristics of flexible loads [6], for ex-
ample, predicting market prices to characterize the uncertainty of electric vehicle LAs, and
then optimizing the scheduling of EVs through the constraints of electric vehicle operation
and vehicle access to the grid [7]. Introducing LAs helps maintain the independence and
autonomy of the park under centralized and unified scheduling. LAs can serve as a link
between users and the integrated demand response (IDR) market in the park, improving
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economic efficiency and exploring user demand response capabilities [8]. LAs can also be
combined with some intelligent algorithms; for example, when evaluating and classifying
virtual power plants (VPPs) facing DR, the AdaBoost algorithm can be combined with
backpropagation (BP) neural networks to measure the DR effect of VPPs [9]. In terms of
demand-side management (DSM), LAs can use different artificial intelligence technologies
to prioritize DR devices for users; reference [10] uses k-means clustering technology to
determine user comfort, uses genetic algorithm to solve the balance problem between
energy cost and user comfort, and uses support vector regression technology for numerical
simulation verification. These studies generally face the problem of single-load types and
weak universality, and some intelligent algorithms suitable for LAs with multiple loads
require relatively high hardware requirements.

The centralized control system usually adopts a fixed scheduling mode, which first
comprehensively evaluates the priority of the LA, considers power contribution and confi-
dence, etc. As the number and types of LAs increase, it is often necessary for the system to
re-plan the LA or reconstruct multi-layer game systems, and it cannot effectively handle
the structural changes of the power system [11]. Therefore, adopting distributed control is
currently the key to achieving an effective utilization of LA resources. The development of
multi-agent systems (MASs) and related technologies meets the control requirements for
these power resources [12]. The concept of MASs is relatively mature in the field of artificial
intelligence [13]. Multi-agent systems can divide complex systems into multiple agents that
can operate autonomously and communicate with each other. Through coordinated control
between agents, distributed system optimization problems that traditional centralized
systems cannot effectively solve can be solved, which can improve the problem processing
speed and real-time system performance.

At present, the concept of the MAS has also been applied in the field of smart grids
(SGs), and researchers are exploring its widespread application in this field. In SGs,
MAS-based methods help achieve system control, information processing, participation in
market competition, analysis of electricity consumer behavior, and agent-based decision
support [14]. Reference [15] proposed a new scheduling strategy based on the combination
of evolutionary game theory (EGT) and particle swarm optimization (PSO) within the MAS
framework, which rewards the agent for stabilizing the voltage distribution in the distri-
bution network, obtains the optimal scheduling, and can manage the voltage distribution.
Moreover, due to the characteristics of the MAS, it has shown impressive performance in
DR in residential and industrial parks. Reference [16] proposes an MAS suitable for solving
the optimal residential DR, where the agents are divided into heterogeneous home agents
(HA) and retailer agents (RA), and incorporates load forecasting and price forecasting. The
real-time pricing (RTP) DR strategy is used to assist homeowners in formulating electricity
consumption plans. Reference [17] proposes an MAS based on an existing Virtual Power
Plant (VPP) system, which is suitable for the interface of standard equipment in industrial
parks, helping industrial parks provide flexibility in actual DR in order to address the highly
abstract issues of existing MAS research in DR. Some studies on the MAS framework for
specific load types participating in DR have shown the application of MASs in distributed
control. When using direct load control for air conditioner loads, the temperature rises and
varies change, and the MAS is used to balance the differences in individual device control
effects [18].

However, there have been few studies that have developed agents with LA functional-
ity under the MAS framework, as various types of loads lack the ability to communicate
with each other, making it difficult for agents to handle the output or priority balancing
problems of multiple loads and failing to fully utilize the potential of the load side to jointly
solve demand response and other problems [19]. Moreover, facing MASs with complex
connection relationships between agents, it is difficult to establish a model and handle an
MAS with a black-box state.

Based on the above background and considering flexibility, this paper proposes an
LA control method that does not rely on a centralized control system. A multi-agent
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system (MAS) is designed, which analyzes the incentive compensation of power grid
companies for users, uses incremental costs and quantified LA demand response ability
as communication information between agents, and connects agents through consistency
algorithms. Compared with traditional agents that participate in DR based on priority, the
MAS improves the demand response value of low-DR-cost agents and reduces the demand
response value of high-DR-cost agents. Furthermore, based on consistency algorithms, this
article uses electrical distance in cluster partitioning indicators as communication weights
between agents and establishes a layered multi-agent system, constrained by the system
power balance and the upper and lower limits of the adjustable capacity of the agents.
Compared to traditional MASs, this method is suitable for distribution network structures;
especially in situations where the communication relationship between agents is unknown,
connections can be established through electrical relationships. Finally, this article analyzes
the changes and related characteristics of each agent in DR scenarios.

If the LA lacks specific model support and does not specify different control methods
for the LA, it will reduce its universality. However, in existing studies, most LA models
involved in DR have not clearly defined the type of individual load devices, which is
crucial for achieving load control during the DR process [20]. This article establishes
models for the loads under two typical DR strategies, starting from individual devices,
focusing on releasing power resources from the user side, promoting energy conservation
and emission reduction, and using the Monte Carlo method for uncertainty modeling.
For the air conditioner load, a Direct Load Control (DLC) strategy is adopted to obtain
demand response capability, taking into account the uncertainty of the external temperature
and the initial state of the air conditioner; for the load of electric vehicles, a Time-of-Use
(TOU) strategy is adopted to obtain the demand response capability, taking into account
the uncertainty of the user’s parking time. As the Monte Carlo approach can model the
uncertainty of the research object, we adopted it in this paper.

The results indicate that this technology helps power grid operators achieve the mini-
mum total incentive provided to consumers while meeting the power reduction goals and
optimizing demand response costs. Electricity consumers can not only receive incentives,
but also reduce their peak electricity consumption and save on electricity costs. The results
show that these two agents are able to control individual devices excellently. Besides, the
proposed method in this article is more suitable for scenarios where multiple users partici-
pate in the demand response, improving the utilization of power resources and achieving
complementary advantages of multiple loads. At the same time, the corresponding LAs
are supported by uncertainty models [16], making the data generated by LAs in this article
more reliable.

2. MAS-Based Demand Response Strategy
2.1. Hierarchical Optimization Model for DR

In the theory related to MASs [21], the structure of MASs’ network topology is formed
by the connecting routes or communication channels between agents, and each agent in the
MAS can be considered as a self-regulating node [22]. In demand response, this means that
agents can regulate and aggregate the characteristics of individual loads of LAs. The MAS
can also use network topology to seek collaborative solutions for optimization problems,
conduct joint regulation among agents, and build hierarchical optimization systems [23,24].

This article proposes a hierarchical distributed control system using MAS for demand
response (DR) in the distribution network system. It is divided into a system layer, an agent
layer (load aggregation layer), and an individual device layer from top to bottom. The
upper two layers play the roles of the dispatch center and control center, respectively. The
relationships and information to be transmitted between each layer are shown in Figure 1.
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Figure 1. A hierarchical optimization model for DR based on MAS and multiple load participation.

In Figure 1, the system layer is responsible for monitoring and managing the operation
of the power system, including arranging power generation plans, dispatching power
resources, and handling emergency situations. When the system is experiencing power
shortages or needs to absorb wind and solar energy, the system layer will issue demand
response tasks to the agent layer.

The agent layer is responsible for handling the collaborative solution of the objective
function, enabling each agent to communicate in the system’s adjustment task in order
to obtain the optimal adjustment cost of the system. The agent layer will also aggregate
information from the device layer and output control instructions to the device layer.

The device layer is responsible for implementing the specific management of individ-
ual devices, executing control instructions from the agent layer, and utilizing sensors to
provide load aggregation information (device operation status) to the agent layer, form-
ing feedback.

The specific steps to establish the demand response system include establishing a
flexible load aggregation model with a variable scale; proposing a demand response strategy
for load aggregators, and evaluating and integrating the demand response capability of the
multi-load models; by participating in the demand response through a multi-agent system,
the speed and accuracy of multi-load aggregators’ joint participation in demand response
tasks can be improved.

2.2. Objective Function and Constraints

The demand response objective functions and constraints to be used in the hierarchical
optimization model are shown below:

N
min Fp = Y Fpi(Pp;),Vi € N
i=1

N
s.t. Y. Pp;i =6Pp @
i=1
Pmin < pp; < pmax

where Fp is the total cost; and Pp; is the total power reduction for the corresponding agent.
The demand response objective functions and constraints required in the hierarchical
optimization model are shown below.
For Pp;, there will be changes due to different types of power resource combinations
and time ¢, and the relevant constraints of various load agents included are as follows:

(1) Constraints on the power reduction of air conditioner loads:

PBjic,i(t) < Ppac,i(t) < PRAE (1) @
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where Ppac;(t) is the difference between the maximum power of the air conditioner
aggregation and the current power, and it will change constantly with changes in
external temperature.

(2) Constraints on the power reduction of electric vehicle loads:

PRy i(t) < Ppey,i(t) < PRy (1) 3)

where Ppey i(t) is the difference between the aggregated maximum power and current
power of electric vehicles, which has a negative correlation with their daily load curve.

(3) Constraints applicable to distribution network structure and related power flow that
meet cluster partitioning indicators:

Pi(q/ V) - Pgi + P =0

Qi(ﬂf V) - Qgi +Qui=0

Vimm <V < Vimax (4)
p.min < p. < p.max

Q]jmin_g é]_g ]Q],max

where Py; and Q; are the active power output and reactive power output of each node;
P;; and Qy; are the active power demand and reactive power demand of each node; P;
and Q; are constraints on the balance of the active and reactive power of nodes; V; is
the constraint of bus voltage; and P; and Q; are constraints on the active and reactive
outputs of the generator set equipment.

3. Strategies for Demand Respond Based on MAS
3.1. Hierarchical Optimization Model for Demand Response

The cost on the demand side for an electric company is a quadratic function of the
total actual reduction in user load, and the cost of a single agent in the MAS adheres to this
principle. The cost function is shown below:

C(Pp) = aPA +BPp+,Vie N (5)

Fpi(Pp) = a;Ph; + BiPp; +7:, Vi € N (6)

where C is the demand-side cost of the power company; Pp; is the total actual reduction of
a single agent; and Fp; is the demand response cost of a single agent.

The goal is to optimize load reduction costs. The optimization of the cost function is
solved using the Lagrange relaxation method:

Fp* = Fp(Pp1,Ppa, ..., Pon) — Af(Pp1, Ppo, ..., PpN)
N

Fp* = (Fp1,Fp2, .-, FpN) — )\(Zl Pp; —4Pp)
i=

Take the partial derivatives of Pp; for each side of the equation:

dFp; \: (8)

where A is the Lagrange multiplier, representing the derivative of cost overload reduction.

The results indicate that if the partial derivative of each agent’s cost-to-power is
consistent, then the total cost of the system is the lowest. This partial derivative, known
as the incremental cost, is linearly related to the amount of power reduction, showing
that reducing the cut power in the demand response process by an agent with a higher
incremental cost can reduce the total cost.

The consistency algorithm derived from algebraic graph theory is suitable for the
complex network topology of the MAS and is the fundamental method for solving MAS
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control problems. It achieves consistency of control information through iterative relation-
ship matrices, and the incremental cost is first-order information, which conforms to the
characteristics of iteratively solvable control information in the consistency algorithm.

In the consistency algorithm, there are the following rules for the first-order dynamic
information x; of communication between agents:

5Ci=xi,i=1,2,...,n (9)

The process of transmitting first-order dynamic information and solving consistent
solutions under continuous time can be achieved by iterating the Laplace matrix [25]:

n

k=~ T Ay(xi—x) =12 mj=12...n
j=1

x() = —L(t)x(t) ‘ (10)
Y Aijrl =j1=12...,nj=12,...,n

Lj{ 7

7Al]11 75]/1: 1,2,...,n,j =12,...,n

where L;; is the element in the Laplace matrix; and A;; is the element in the adjacency matrix.

Assign values based on communication weights. In practical situations, due to the
influence of sampling and time delay, the first-order information transmission and consis-
tent solution solving process of the system have discrete time characteristics. Therefore, the
iterative row stochastic matrix should be used to achieve:

xilk+1] = é Dylkxi[k,i =1,2,...,m,j =1,2,...,n

z-]-_#,i:l,z,...,n,j:1,2,...,n )
LIl
where Dj; is the element in the row random matrix.

Since we expect the total load reduction of the agents to reach the target load reduction,
we should set up a leading agent to track the error between the two [26]. When the error is
less than a certain value, the iteration should be stopped. At this point, the update rules of
the leading agent and other agents are the same, and it can be proven that they converge.
The update method for the leading agent is as follows [27]:

n
xilk+1] = Y Djjk]x;[k] + e(Pptarget — 6Pp[k]), i =1,2,...,m,j=1,2,...,n  (12)
j=1

where ¢ is the convergence coefficient; and Ppiargt is the target load reduction.

The steps for building an MAS with a simple network topology using the appeal
method are shown in Figure 2.

In Figure 2, the MAS, as the top layer in the hierarchical optimization DR model,
iterates the incremental cost of each agent through specific weights in the row random
matrix, controlling the magnitude of load changes for each agent in the agent layer.

After the system finds the consistent incremental cost, based on the change in incre-
mental cost, the specific power change of each agent at each moment can be known, which
in turn performs the task allocation of each agent in the demand response.
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Figure 2. Schematic diagram of the steps for establishing an MAS with a simple topological structure
based on graph theory.

3.2. Communication Weight and Electrical Distance

In the traditional MAS, the communication weights between agents are limited by
the adjacency matrix in graph theory, which is usually only assigned as zero or one [28];
therefore, it is not possible to handle an MAS in a black-box state, nor can it reflect the
electrical coupling relationship between agents, resulting in low applicability of the MAS for
power systems. This article uses relevant cluster partitioning indicators of the power system
to assign communication weights between agents in the MAS, providing a modelling
method for an MAS with complex structures or unknown connection states and also
improving the differentiation of communication between agents.

Power system cluster division indexes have structural and functional principles, and
the indexes that comply with their corresponding principles are divided into two types,
namely, modularity indexes and power balance indexes. Due to the time-varying load
demand and distributed power output in the system, which can affect relevant electrical
variables, leading to changes in the cluster partitioning results, it is necessary to ensure that
the cluster division indexes are strongly related to the network structure. Therefore, in this
paper, based on the voltage-reactive power sensitivity matrix, the communication weights
between agents are determined based on the electrical distance between nodes.

The relationship between relevant variables in the distribution network can be repre-

sented by the following matrix:
AP H NJ|[AS
o] = e T]lav &

where H, N, M, and L are the Jacobian matrices between the corresponding variables.
The inverse matrix of the matrix is obtained:

{A(S} _ |:S(5p S(gQ:| {AP} (14)
AV Syp S vVQ AQ
where Sy is the voltage-reactive sensitivity matrix.

According to the equation, injecting a certain amount of reactive power into a node
and calculating the corresponding voltage amplitude change in that node can obtain the
voltage-reactive power sensitivity matrix.

The calculation method for electrical distance is the ratio of the Sy g value of other
nodes to the Sy value of that node itself.

Svoji AV;
dii —1 o R (15)
=8 Svoii AV
where dl-j is the electrical distance between two nodes; and AV is the amplitude of node
voltage variation.
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The relationship between two nodes in a network is also influenced by other nodes in
the network. Considering the influence of all nodes in the network, the electrical distance
between node i and node j is:

€ij = \/(dil —d; )2 + (dp — djz)Z o (diy — d; )2 (16)

The communication weight between agents should meet the requirement that the
smaller the electrical distance, the larger the weight, so the communication weight between
agents should be normalized, as shown below:

i
I = J

]_1—5&—(5 (17)

where [;; is the communication weight between nodes.

Replacing element A;; in the adjacency matrix with [;; can improve the applicability
of the MAS’s consistency algorithm to distribution networks, making the relationships
between agents have electrical characteristics.

Figure 3 is a flowchart showing the steps to establish this hierarchical optimization

DR model.

Set target reduction
for load Pprarger

Y

Is the structure of the
distribution network known?

Power flow Measure the AU
calculation of'each node

Y

Calculate
communication [«
weight /ij

\

‘ Calculate the Laplace matrix Lij ‘

v

Calculate row random matrix Dij ‘

v v

g Agents collect ‘ Select a leading agent ‘
) .
information
Y
w Update the Pdi and xi
>

of Agents

Does (PDrarget-0PD[k])
meet the requirements?

No

Agents perform demand response

End

Figure 3. Flowchart of using agents with LA functionality to participate in demand response through
hierarchical optimization of DR model.
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4. Load Agent
4.1. Air Conditioner Load Aggregation Model

Using the air conditioner load as an example, pertinent data indicate that starting from
the summer of 2021, the summer air conditioner load in southern provinces like Zhejiang
surpassed one-third of the peak power load, with some cities like Beijing even experiencing
a 50% proportion of the summer air conditioner load. Therefore, selecting air conditioners
to research in temperature control equipment has typical significance.

The heat transfer process in a room under the operation of air conditioner can be
modeled using the lumped parameter method as an equivalent model:

CinZg) = Py (t) — S uar®)
Conall dewgltl(t) — 0 () —Ouanr (1) Oupnr (1) —Ooue (£) 18)

wall

0in(0) = 0in0, 011 (0) = Ouaro

where Cj, and C,,,; are the equivalent heat capacity of the air in the room and the equivalent
heat capacity of the room wall; 0;,,, 6,5, and 0,y are the indoor air temperature, room wall
temperature, and outdoor temperature; R;,, and R, are the equivalent thermal resistance
of the air in the room and the equivalent thermal resistance of the room wall; and P, (t) is
the current operating power of the air conditioner, with the following status.

S(t) 'PNcool/ Gout > Gin
Pﬂc(t) = S(t) * PNheat, Bout < Oy (19)
0, 00ut = Gin

where Py is the rated cooling power; Py, is the rated heating power; and S(t) repre-
sents the current switch status of the air conditioner.
As an on—off air conditioner, it has the following switch states.
0,0in < Tset — Thimit
S(t) = 1,0i, > Teet + Tiimit (20)
S(t—1), Tset — Tiimit < Oin < Tset + Tiimit

where T, is the set temperature of the air conditioner; and T, is the temperature control
accuracy of the air conditioner.

Set the initial temperature of 30 rooms between 18 and 22 °C, and the following
Figure 4 shows the load state changes using this model and control method.

24 2
150
& 2 TV T T T [T T
1 g A N
5 & WY LT
; E (AT
o= | IREREL || N |/ T
E & MRy AR T AT
-0.5
16 : ‘ ‘ : -1 : : : ‘ :
0 10 30 40 50 60 0 100 20 30 40 50 60
Time(min) Time(min)
(a) (b)

Figure 4. Temperature change and switch status of a single room for temperature-controlled LA:
(a) schematic diagram of temperature changes for temperature-controlled LA; (b) schematic diagram
of switch state changes for temperature-controlled LA.
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Load aggregation power (kW)

In Figure 4, the curves of different colors in (a) represent the temperatures in different
rooms, and it can be seen that the temperature difference in each room varies within one °C.
The curves of different colors in (b) represent the switch states of the AC corresponding to
different rooms. It can be seen that the switch states of the on—off air conditioners constantly
switch between zero and one, controlling the room temperature within a certain range.
To further describe this process, for example, in summer, if the set temperature of an air
conditioner is 20 °C and the initial switch state is zero, allowing a temperature difference
of 1 °C, it will remain in standby mode until the indoor temperature rises to 21 °C and the
switch state of the air conditioner becomes one. It will remain in operation until the room
temperature drops to 19 °C, and the air conditioner will enter standby mode again, with
the temperature rising back to 21 °C, repeating this cycle.

By controlling the switch to vary with the difference between the outdoor temperature
and the set temperature, the operating mechanism of inverter ACs in summer can be
simulated, which can adapt to the situation where the load in the agent includes both an
inverter AC and on-off AC.

0,0in < Tset — Thimit

1,06; g Teet + Tl' it
S(t) = |9inT(Tset*Tlimif)‘ o (21)

“Timit ’

Toer — Tlimit < Gin < Tget + Tlimit

It should be noted that the above formula is only applicable to summer cooling; the
operating mechanism of air conditioners in winter is slightly different from that in summer.
So, this article selects the study of cooling in summer, which has certain representativeness.

Using the Monte Carlo method to evenly distribute the parameters of air conditioners
and the initial temperature of the rooms within a certain range, combined with the vari-
ation curve of external temperature, the daily load curve of the air conditioner LA can
be obtained.

The diagram of the difference between the on-off AC and inverter AC is shown in
Figure 5 below, where both types of AC have a Ts,; of 20 °C. The temperature of a certain city
in summer was used as the outdoor temperature, and the change curve of this temperature
during the day is shown by the green line in Figure 5b. The number of units aggregated for
both types of air conditioner LAs is 600.

3000 50
——On-Off AC ——Inverter AC ——On-Off AC ——Inverter AC
' ——Qutsid
5 a0t utside
2000 e
2
{%’ 30
g !
1000 g AAAAAAAAA AN A
S 20
O L L L 10 L 1 Il
0:00 6:00 12:00 18:00 24:00 0:00 6:00 12:00 18:00 24:00
Time Time
(a) (b)

Figure 5. Difference between on-off AC and inverter AC: (a) daily load curves of different air
conditioner LAs; (b) the daily temperature changes of typical rooms controlled by two types of ACs
and the outdoor daily temperature changes.

In Figure 5, the green curve in the figure represents the outdoor temperature. It can
be seen that the blue curve representing the inverter AC has a relatively smooth power
curve; when the outdoor temperature is high, the temperature difference between indoors
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and outdoors is large, and the power of the AC is high because the AC needs to maintain
room temperature. The red curve representing the on-off AC shows a sawtooth shape
because the higher the outdoor temperature, the higher the frequency of the AC being kept
on; during that hot period, more air conditioning was maintained in the on state, which
resulted in an increase in total power at a macro level.

When the air conditioner responds to demand, if peak shaving is required in summer,
Tser will increase, while T will decrease when valley filling is required. The changes
in Ty during winter are opposite, and when Ts.; undergoes corresponding changes, the
aggregated power of the air conditioners will also change accordingly.

PDAC,i(t> = Zpacl,k(t> - Zpacz,k(t> (22)

kei kei

where P, i(t) is the power of the k-th AC device belonging to the i-th agent before
executing the demand response; and P, i (t) represents the power of the k-th AC device of
the i-th agent after the demand response.

4.2. Electric Vehicle Load Aggregation Model

This article uses the Monte Carlo method and dynamic programming method to
establish a model of electric vehicle load aggregation participating in demand response.
It is known that with the support of a large amount of relevant data [29], probability
density functions (PDFs) can be used to model the uncertainty of the daily travel distance
of electric vehicles. The daily mileage s of the vehicle follows the following logarithmic

normal distribution:
1 (Ins—pu)

e a? (23)

g(swo) =
SOV 271

where y is the mathematical expectation of the lognormal distribution; and ¢ is the variance
of the lognormal distribution.

The energy consumption of each electric vehicle can be seen as a direct proportion
of the distance traveled, and according to the law of conservation of energy, the energy
consumption of electric vehicles can also be expressed as the integral of charging power
over time: ) ) ) )

Wey =s' x wiy = [ Ppy(£)dt,

24
te {[tstartlr tendl] U [tstartZI tendZ] o } ( )

where WL, represents the energy consumption of each electric vehicle; i, is the energy
consumption per kilometer of the i-th electric vehicle; and PL, () is the charging power of
each electric vehicle.

In the same electric vehicle load group, it can be seen that the w’,, of each vehicle is
the same, and there are generally two types of charging power, namely, fast charging and
slow charging. The total energy or power of the electric vehicle load agent can be obtained
by summing up the energy or power added to each vehicle.

Assuming that after the charging of an electric vehicle is completed, the battery level
is sufficient to maintain during a trip without recharging; the start charging time of the
electric vehicle is the return time of the electric vehicle, and the stop charging time is the
departure time of the electric vehicle. Using the Monte Carlo method, the return time
and departure time of the electric vehicle can be approximated as a segmented normal
distribution, as shown below.

2
_ (tstart—1)

1 202
—12 t <24
Fltaaryd vt (BT 12) < et <

(25)

(tstart+24—pq )2

2
1 e 2 ;0 < tstarr < (Vl - 12)
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where yi1 and 07 are the expected and variance of the return time; y; and o5 are the expected
and variance of the departure time.
The formula for calculating the total cost is as follows:

C(t) _ { c1,t € [thlleystart/ tvalleyend} (27)
c2,t € [tpeakstart/ tpeakend]
n .
Coum = Y, 3, Wey ()e(t), T = {[tr, t2] U [t ta] -} (28)
i=1teT

where c(t) is the electricity price when charging; c; is the valley electricity price; c; is the
peak electricity price; Cs,, represents the total electricity bill; W)iSV (t) is the electricity usage
during each charging period; and T represents each charging period.

Develop a demand response strategy using charging path planning to obtain the total
demand response capability and related parameters of the electric vehicle aggregation
group. In general, users only choose fast or slow charging based on the distance they need
to travel and the length of time they need to park. The start time of charging is the time of
parking, and the end time of charging is the time to meet the travel needs of the day. By
utilizing peak and valley electricity prices for vehicle charging planning, it is necessary to
fully utilize the low-peak periods of electricity consumption when participating in demand
response and re-plan the charging start and end times based on the corresponding parking
periods of different users.

The path planning for the charging cost or charging power of electric vehicle load
aggregation participating in demand response is shown in Figure 6 (this planning diagram
is applicable to situations where the peak electricity price period starts and ends on the
same day, and the valley electricity price period starts on the first day and ends on the
next day).

Time period of Time period of Time period of Time period of
parking start time  parking end time charging start time charging end time

Charge
method

Days Days

Figure 6. Dynamic programming diagram of EV participation in demand response based on peak
valley price.

Figure 6 shows that the load curves of electric vehicle LAs can be obtained, as well as
the total load power at each time point and the reducible power during demand response.

Ppev,i(t) =Y Peori(t) — Y Peon e (£) (29)

kei kei
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where P, i (t) is the power of the k-th electric vehicle charging station belonging to i-th
agent before executing demand response; and P, ,(t) represents the power of the k-th
electric vehicle charging station of i-th agent after demand response.

5. Example Analysis
5.1. Basic Parameters

This section takes the IEEE14 node distribution system as an example for simulation
analysis. The specific structure of this system can be seen from Figures Al and A2 in
Appendix B. Assuming that the connection relationship between distribution network
nodes is unknown, reactive power is injected into the nodes, and Matpower is used to
calculate the optimal power flow. The electrical distance is obtained as a parameter at
the system level in the hierarchical optimization model. The simulation platform and
environment for the thermal process and EV behaviors are all in Matlab 2021b.

The rated powers of the air conditioners are set to 0.1 times the rooms’ area, and
the user’s room area follows a normal distribution with a mean of 80 and a variance of
10, ranging from 40 to 120 square meters. The outdoor temperature is simulated using
a beta distribution based on the illumination intensity with a delay of 2 h. The initial
temperature is set to 26 to 27 degrees Celsius; increase the set temperature by 2 degrees
Celsius during demand response, and the temperature control accuracy is 1 degree Celsius.
The expected departure time for electric vehicles is 7:00, the expected return time is 18:30,
and the variance of both is 4 h. The electricity price during peak hours from 8:00 to 22:00
is 0.868 yuan/kWh, and the rest of the time is 0.588 yuan/kWh during peak hours. More
parameters are provided in Table A2 of Appendix A.

The start time for demand response is 20 o’clock. The relevant load agents aggregated
500 air conditioners, 200 electric vehicles, 1000 air conditioners, and 500 electric vehicles,
respectively. The initial state of the equipment was determined using the Monte Carlo
method, and the relevant parameter settings of the agents are shown in Table 1.

Table 1. Parameters for agents’ settings.

Parameters Agent 1 Agent 2 Agent 3 Agent 4
Access node 4 5 7 9
Load aggregation type AC EV AC EV
Number of loads 1000 500 600 300
Coefficient a; x 1073 1.7 2.0 1.6 1.9
Coefficient B; x 1073 297.4 254.1 257.1 281.0
Maximum DR power (kW) 1201 603 721 324

From the table, it can be seen that each load agent aggregates into power resources,
with a maximum total power reduction of 2.85 MW.

5.2. Evaluation of the Demand Response Ability of Agents

Based on the demand response strategy and parameter settings in this article, assum-
ing the total load reduction of 2 MW, the optimization effect of the system layer in the
hierarchical optimization model in Section 2.1 can be obtained, as shown in Figure 7.

In Figure 7, it can be seen that due to the limitations of their respective demand
response capabilities, Agent 2 and Agent 4 reach the maximum load reduction first. As the
solving process continues to iterate, Agent 3 gradually assumes more load reduction. The
load reduction in Agent 1 and Agent 2 decreases in the later stage, which is basically similar
to the trend of incremental cost, verifying the positive correlation between incremental
cost and load reduction. For the total load reduction, it stabilizes after approximately
30 iterations, while each agent only reached a stable state after 40 iterations. This shows
that in the practical application of the MAS, when the system assigns tasks to each agent, it
may achieve the load reduction goal in advance.
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Figure 7. The process of solving demand response tasks at the system layer: (a) the solution process
of incremental cost consistency solution; (b) distribution of load reduction for each agent.

To further verify its effectiveness, comparative experiments were conducted on other
modes in this article.

In Mode 1, the system quickly allocated the target demand response amount based on
the maximum response power ratio of each load agent. Therefore, the number of devices
required for each agent to participate in demand response was calculated based on the
proportion of the number of devices in an agent to the total number of devices, and the
optimal incremental cost was not solved.

Mode 2 uses the method and strategy of demand response based on the MAS, reducing
the costs using the hierarchical optimization model proposed earlier.

Combining the calculation results under this mode with the results in Figure 4, the
relevant data can be obtained as shown in Table 2.

Table 2. Comparison of demand response results.

Mode 1 Mode 2
Agent and Mode
DR Load (kW)  Proportion of DR DR Load (kW) Proportion of DR
Agent 1 840 042 575.6 0.29
Agent 2 420 0.21 501.4 0.25
Agent 3 500 0.25 577.8 0.29
Agent 4 220 0.11 324 0.16

It can be seen that there are differences in the demand response value and demand
response proportion of each load agent in the two modes. The task execution process of the
agent layer, that is, the changes in the load curve of the aggregation model, are shown in
Figure 8.

In Figure 8, it can be seen that different agents have different performance levels. The
response speed of the AC load (Agent 1 and Agent 3) is fast, but the time scale is short.
To maintain the user’s set temperature, the AC load needs to be increased after a period
of time. The DR time maintained by the EV load (Agent 2 and Agent 4) is long, but the
information of the agents needs to be investigated in advance. Each load has its advantages
and disadvantages, so it is necessary to comprehensively utilize their strengths.
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Figure 8. The process of executing demand response tasks at the agent layer: (a) load curves of Agent
1 in different modes; (b) load curves of Agent 2 in different modes; (c) load curves of Agent 3 in
different modes; (d) load curves of Agent 4 in different modes.

The temperature changes and information changes of AC equipment status in some
typical rooms of AC load aggregation (controlled by Agent 1 and Agent 3) during the
solution process are shown in the following Figure 9.
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Figure 9. The process of control information change in AC load aggregation (Agent 1 and Agent 3):
(a) indoor and outdoor temperature changes in typical rooms; (b) switching state changes of AC in

typical rooms.

The curves of different colors represent the temperature of different rooms and the
switch states of AC. In Figure 9, it can be seen that when the AC does not participate in
DR, as the external temperature decreases, the indoor and outdoor temperature difference
decreases. The power of the AC to maintain room temperature slowly decreases, and the
switch state value slowly decreases; when the AC participates in DR, the switch quickly
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closes, but as the room temperature increases, the AC needs to turn on the switch to a
certain extent to maintain the room temperature within the normal operating range.
During the process of DR using path planning, the daily electricity consumption
and electricity bills of each user within the EV load aggregation can be obtained. The
distribution histogram of the electricity bills paid by each user is shown in Figure 10.

100 T T 1 100 :
T Mode 2 I Mode 2
[ Mode 1 [ Mode 1
80 [ INoDR | 80 [ INo DR
” »
3 o)
2 2
=60 F =60
Gy G
(=} =]
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3 2
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Distribution range of users' electricity bills(¥) Distribution range of users' electricity bills(¥)
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Figure 10. Histogram of the distribution of electricity bills for each user in EV load aggregation:
(a) distribution of user charging costs for Agent 2; (b) distribution of user charging costs for Agent 4.

The bar chart is set to transparent color for comparison of these three situations,
and the overlapping parts represent the same number of users in the same electricity bill
range. In Figure 10, it can be seen that the daily charging fees of most EVs were originally
concentrated in the range of 7-11 yuan, but after DR, they became concentrated in the
range of 7-8 yuan. This confirms that this optimization strategy can not only play a role
in peak shaving or peak shifting in the power system, but also can reduce the cost of user
charging, achieving a mutually beneficial situation between the power company and users.
Table 3 shows the electricity bill statistics for Agent 2 and Agent 4 during this day.

Table 3. Comparison of electricity bills for EV agents in different modes.

EV Agent No DR Mode 1 Mode 2
Agent 2 (¥) 4544.64 3872.21 3738.66
Agent 4 (¥) 2787.88 2341.12 2129.23

The total power variation of the load connected to the system in both modes is shown
in Figure 11.
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Figure 11. Changes in the daily load curve after multiple loads participate in demand response.
In Figure 11, it can be seen that Mode 2 has a similar response speed compared to

Mode 1, but Mode 1 cannot solve the optimal cost problem. Moreover, Mode 2 has better
peak shaving and valley filling effects and is more economical. From the daily load curve,
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although the two models maintain the demand response target for a relatively short time,
due to the complementary characteristics of multiple loads, they have a certain inertia.
Compared to a single load, this aggregation method can reduce the ramp rate of power
increase at the end of demand response, maintain the stability of the distribution network
to a certain extent, and respond relatively quickly.

6. Conclusions

This article proposes a hierarchical optimization model using the MAS and related
technologies; it facilitates the study of ways and strategies for multiple loads to participate
in demand response. For the system layer in this model, a master-slave consistency
algorithm is proposed to solve the allocation problem of each agent in the demand response
task, and an arithmetic example is given. The results show that this method can adapt
to most DR scenarios. A DR method for setting temperature and charging planning was
proposed for the AC and EV loads in the model, and the Monte Carlo method was used
to simulate the DR process of the load agent in the example. The results showed that the
AC load was superior to the EV load in the short-term DR process, but EVs were superior
to ACs in the long-term DR process. The results also showed that this method achieves
complementary advantages among multiple loads, enabling them to achieve a balance
between short-term and long-term DR processes.

In response to the lack of affinity between the MAS, distribution networks in the past,
and the difficulty in scheduling various power loads, this article proposes a method of
using electrical distance as the communication weight between agents, which facilitates
communication between agents through distribution network nodes without the need to
know the connection relationship between nodes. Therefore, the MAS can achieve fast
computation. It also assigns demand response tasks from the system to agents, achieving
load reduction in a black-box state. In addition, we also found in the experiment that the
convergence speed of intelligent agents largely depends on hardware, and a large number
of agents can indeed take up a longer solving time, but it is not enough to cause limitations
in this MAS.

This article verifies the superiority of the MAS by comparing two modes of DR to
handle the same load reduction task. Although the MAS proposed in this article requires
distribution network-related data in advance, if the distribution network structure does not
change, its relationship matrix can be reused multiple times. To further explore its ability,
the impact of complex distribution networks and real-time changes in the distribution
network structure on their computation speed should be studied in the future, and the
types of loads should also be expanded. Grid operators can achieve the minimum total
incentive provided to consumers while meeting the goal of electricity reduction, achieving
the optimization of demand response costs.

There is still a lack of comparative methods and practical numerical validation in
this study. Although incentive plans are proposed, there is still uncertainty about the
level of user recognition and how to promote them, and the complexity of underlying
load equipment interfaces exacerbates this uncertainty. In order to overcome the above
limitations, in future research, we will strengthen technological research and development,
carry out pilot applications, and open underlying device interfaces while ensuring security.
We will be committed to continuously improving the intelligence level of the power grid
and promoting high-intensity interactions between the power grid and users.
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Appendix A

Table A1l. List of symbols.

Symbols Meaning
Fp total cost
Fp; the cost of the i-th agent
6Pp total load reduction
Pp; the total load reduction of the i-th agent
Ppac, the i-th air conditioner agent’s load reduction capability
Ppey i the i-th electric vehicles agent’s load reduction capability
Py; active power output of the i-th node
Qqi reactive power output of the i-th node
Py active power demand of the i-th node
Qui reactive power demand of the i-th node
p; constraints on active output of generator set equipment
Qj constraints on reactive output of generator set equipment
C demand-side cost of the power company
Fpi demand response cost of the i-th agent.
A Lagrange multiplier
X; first-order dynamic information of i-th agent
Ajj the element in the adjacency matrix
Dj; the element in the row random matrix
PDtarget target load reduction for demand response
€ convergence coefficient
H conductance coefficient
N susceptance coefficient
M mutual Inductance coefficient
L self-inductance coefficient
AS changes in phase angle
AV changes in voltage
Ssp phase angle—active power sensitivity matrix
S0 phase angle—reactive power sensitivity matrix
Syp voltage—active power sensitivity matrix
Svg voltage—reactive power sensitivity matrix
djj electrical distance between node i and node j
ejj electrical distance considering other nodes in system
Lij communication weight between nodes.
Cin equivalent heat capacity of the air in the room
Cuall equivalent heat capacity of the room wall
in indoor air temperature
Bout room wall temperature
Riy equivalent thermal resistance of the air in the room

Ruyanl equivalent thermal resistance of the room wall
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Table Al. Cont.
Symbols Meaning
Py current operating power of the air conditioner
Pnicool rated cooling power of the air conditioner
Pnheat rated heating power of the air conditioner
S(t) current switch status of the air conditioner
Timit temperature control accuracy of the air conditioner
Pac1k power of the k-th air conditioner before demand response
Preok power of the k-th air conditioner after demand response
s daily mileage of the vehicle
U expectation of the lognormal distribution
o variance of the lognormal distribution
WIiSV energy consumption of the i-th electric vehicle
Wey energy consumption per kilometer of the i-th electric vehicle
Pry(t) charging power of the i-th electric vehicle
tstart parking start time
tond parking end time
M1 expectation of the parking start time
log) variance of the parking start time
U2 expectation of the parking end time
o) variance of the parking end time
c electricity price when charging
c1 valley electricity price
c peak electricity price
P i (t) power of the k-th electric vehicle before demand response
Pop i (t) power of the k-th electric vehicle after demand response

Table A2. Variable reference value.

Variables Value
€ 0.002
Cin 6.61 x 103
Cuall 1.67 x 102
Rin 6.6 x 10~
Ruanl 61077
PNcool 8000
Pnheat 8000
Tiimit 1
U 30
o 9
why, 0.2
M1 18.5
(%] 4
H2 7
(%] 4
€1 0.588
2 0.868

The parameter situation of a room with an area of 80 m? and a height of 3 m.



Sustainability 2024, 16, 902

20 of 21

Appendix B

et S it of S R N S |
LS LA LT 8
Agent2 Agentl Agent3
I e B s o
6 11 o 1 9 _:
Agent4
I L] | N
12 13 14

Figure A1. IEEE14 node distribution system with agents.

1 2 3 8
® ®
Agent3
Agent2 eent \\/
(& -~ @
5 Agentl 4 7
6 11 10 9
) ) ‘o
Agent4
12 13 14
[

Figure A2. The network topology of IEEE14 node distribution system with agents.
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