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Abstract: The coordinated optimization problem of the electricity-gas-heat integrated energy system (IES) has the
characteristics of strong coupling, non-convexity, and nonlinearity. The centralized optimization method has a high cost of
communication and complex modeling. Meanwhile, the traditional numerical iterative solution cannot deal with uncertainty
and solution efficiency, which is difficult to apply online. For the coordinated optimization problem of the electricity-gas-
heat IES in this study, we constructed a model for the distributed IES with a dynamic distribution factor and transformed
the centralized optimization problem into a distributed optimization problem in the multi-agent reinforcement learning
environment using multi-agent deep deterministic policy gradient. Introducing the dynamic distribution factor allows the
system to consider the impact of changes in real-time supply and demand on system optimization, dynamically coordinating
different energy sources for complementary utilization and effectively improving the system economy. Compared with
centralized optimization, the distributed model with multiple decision centers can achieve similar results while easing the
pressure on system communication. The proposed method considers the dual uncertainty of renewable energy and load
in the training. Compared with the traditional iterative solution method, it can better cope with uncertainty and realize real-
time decision making of the system, which is conducive to the online application. Finally, we verify the effectiveness of the
proposed method using an example of an IES coupled with three energy hub agents.

Keywords: Integrated energy system, Multi-agent system, Distributed optimization, Multi-agent deep deterministic policy
gradient, Real-time optimization decision.

0 Introduction

The dual pressures of energy crisis and environmental

pollution urge people to reflect on the existing energy
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complementary utilization of various energy sources [2]. It
also promotes better energy consumption and efficiency and
boosts green-intensive social development [3].

With the continuous development of technologies such
as the power to gas (P2G) and combined heat and power
(CHP) generation, the coupling of the power grid, gas
network, and heat network will soon be possible, which
makes the coordinated optimization problem for IES have
the characteristics of strong coupling, non-convexity, and
nonlinearity. [4] realized the coordinated optimization of
different energy entities in the electricity-gas regional IES
by introducing consensus variables. In [5], a park CHP
system has been constructed, which considered the chance
constraint, but this study only considers the optimization
dispatching of a single park and lacks research on multi-
park collaborative optimization. [6-7] have built an IES of
electricity and gas with energy hubs (EH) as the decision
center, realizing joint optimization dispatching of multiple
regions, disregarding the influence of the heating system,
the model is relatively simple. [8] developed a model for
the IES in distributed parks with electricity, gas, cold, and
heat, and have realized economic optimization dispatching
of the system based on multiple scenarios. [9] proposed the
new security constraints for integrated regional power and a
natural gas network for a more realistic model. The complex
coupling of multi-energy networks has been considered in
most previous studies, and the internal structure of multi-
energy networks is usually linearized. However, there are
differences between the model and the actual situations.
In addition, a large amount of distributed energy is
constantly connected to the IES, so the uncertainty problem
in optimization cannot be ignored. Based on the CHP
system, the randomness of wind, light, and load has been
paid special attention to, and parts of the constraints were
addressed as probabilities, making the CHP model more
consistent with the actual situation [10]. [11] considered the
influence of the uncertainty of wind power, and proposed
a distributed robust optimization-based dispatching model
of electricity-gas-heat-hydrogen IES. However, the model
results are extremely conservative and the uncertainty of
loads was disregarded. [12] used a mixed-integer interval
linear programming method to establish the IES optimization
model, which considers the uncertainties of multi-energy
coupled units, and the deep learning method deals with the
uncertainty of wind and load. But it is difficult to ensure
high efficiency based on the traditional solution method. In
conclusion, the high-precision model for IES which takes
multiple uncertainties into account and aligns with actual
working conditions must be further studied.

However, the model structure of IES becomes more

complex due to the participation of multiple energy.
Centralized control has a large amount of data acquisition,
high cost of communication, complex model and is difficult
to solve. Therefore, distributed solutions have become a
hotspot of current research. Architecture has been built for
the IES with multiple EH. By comparing the centralized
optimization results of the interior point method with the
distributed optimization results based on the alternating
direction method of multipliers (ADMM), we illustrate
the feasibility of utilizing a distributed method to solve
the optimization dispatching problem of IES [13]. [14-
15] established an IES model with multiple decision-
making agents and used an ADMM algorithm to transform
centralized optimization into distributed autonomous
collaborative optimization. However, the alternative
solution is slower than the parallel solution, and it cannot
be applied online. ADMM algorithm has been utilized
for distributed coordinated optimization of transmission,
distribution, and natural gas system, but the model is
non-convex due to the natural gas system, thus making
ADMM algorithm difficult to converge [16]. Distributed
optimization algorithm based on generalized benders
decomposition has realized the distributed coordinated
optimization for the connected region of electricity and gas
using limited interaction information. Compared with the
centralized optimization method, the calculation speed is
faster, and the adaptive ability is stronger than the ADMM
method. However, the solver is highly dependent on the
model and cannot deal with uncertainty, which must be
resolved repeatedly, and the solving speed cannot meet the
real-time requirements [17]. Deep reinforcement learning
is a model-free method independent of the knowledge of
uncertain distribution. The algorithm has better self-adaptive
learning and optimization decision-making abilities for non-
convex nonlinear problems [18-21]. The method for multi-
agent deep reinforcement learning (MADRL) provides a
new idea for multi-energy coordinated optimization based
on a multi-agent system. [22] divided the power grid into
three regions as three different agents, and the multi-agent
reinforcement learning algorithm has been utilized to realize
the coordinated operation of the multi-area power grid.
In [23], the reinforcement learning technology based on
Nash-Q learning has solved the decision-making problem
of multi-agents with different benefit objectives. In [24],
under the uncertainty of renewable energy and loads, we
adopted fuzzy Q to realize the reliable energy management
of microgrids. Previous studies constructed the multi-agent
of the power system, but for the IES, the dimensions of
observations will rise sharply with the increase of the state
quantity, and the multi-agent algorithm will not converge.
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[25] constructed multi-park agents of electricity-gas IES,
and adopted a data-driven multi-agent deep Q network to
optimize the multi-park problem. Previous studies used
the discrete Q reinforcement learning method based on the
value function, however, this has some flaws when dealing
with the continuous output problem of the unit. We must
therefore investigate a multi-agent algorithm suitable for
continuous action and simple to converge under high-
dimensional input.

This study constructs a distributed model for IES based
on multi-EH for the coordinated optimization problem
of the electricity-gas-heat IES and proposes a distributed
optimization solution method for IES based on multi-agent
deep deterministic policy gradient (MADDPG) [26]. By
introducing the electrothermal dynamic distribution factor,
the model can better realize multi-energy coordinated
optimization and improve the economy of the system by
considering the influence of energy market factors on
system optimization. The centralized optimization problem
for IES is transformed into a distributed optimization
problem with multi-EH agents as the decision centers,
which reduces the communication pressure of the system.
The MADDPG method is adopted, and the uncertainties of
the renewable energy and load are considered in the training
process. The solving efficiency improves when the accuracy
is ensured which benefits the online application.

The rest of the study is organized as follows. Section
1 introduces the distributed optimization model of an
electricity-gas-heat IES based on a multi-agent system.
Section 2 discusses the multi-agent deep deterministic
policy gradient methods in detail and designs the multi-
agent deep reinforcement learning model for IES distributed
optimization. The practice results are analyzed in Section 3.
Section 4 concludes the study.
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1 Distributed optimization model of an
electricity-gas-heat integrated energy
system based on multi-energy hubs

1.1 System modeling

EH can be defined as an input-output port model that
describes the exchange and coupling relationship among
energy, loads, and networks in a multi-energy system,
which is flexible for modeling the multi-energy system
[27]. This study develops a distributed system of IES based
on multiple EH, as shown in Fig. 1, to carefully consider
the internal constraints of the system. If the system were
separated into EH regions, for instance, each EH region can
represent distributed energy that is dispersed throughout
various geographical locations. The EH area corresponding
to each geographical location is connected to the external
energy network, and the corresponding renewable energy
can be accessed within its internal area. For example, an EH
has high-quality wind resources due to geographical location,
so it can develop corresponding wind power generation
and supply the loads in its area, to reduce the pressure of
the external network and increase flexibility. Meanwhile,
the internal EH must meet the demands of electrical and
heat load. Therefore, each EH area gathers and integrates
corresponding coupling facilities, which mainly represent
the energy conversion process. The coupling facilities
can be designed according to the resources allocated in the
actual area, to complementarily use the energy obtained from
various energy networks and renewable energy, and meet the
demands of various loads through energy conversion.

The coupling facilities are located at a hub position that
receives input and converts output in the EH area, which
can comprehensively reflect all the operational states of
the entire system. The facilities are highly flexible and
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Fig.1 Schematic diagram of IES distributed structure based on multi-agents
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crucial for the system to operate. Therefore, the EH model
represents the coupling facilities in this study. The model is
built as follows:

La Caa Cﬂa Cya Pa
L,| |c, C C,llP
LV Ca7 Cﬂ;f CW Py

L
where a, f3,...,y represent different types of energy. L and
P are the output and input power of EH. C is the conversion
coupling matrix, which describes the mapping of EH from
input power to output.

The internal conversion facilities of EH studied are
mainly composed of the transformer, CHP, heat exchanger
(HE), and electric boiler (EB). We assume that in steady-state
conditions, energy loss in EH agents only occurs in conversion
facilities [28]. The specific model is built as follows:

P
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where subscript e, g and % are the input types of electricity,
gas, and heat. Superscripts represent the conversion
facilities. The coupling matrix mainly represents the
distribution, transformation, or transmission of energy. v is
the dynamic distribution factor, representing that all kinds
of energy are allocated to different energy transmission
or conversion facilities in a certain proportion. 77 is the
efficiency factor of the facilities, representing that the input
energy is transformed through mechanical and chemical
channels with a certain conversion efficiency [1]. L, and
L, are the output electrical load and heat load from EH,
respectively. P,,,, represents photovoltaic or wind power.
Equation (2) represents the whole process from input to
output of each EH area. Each EH area must purchase P,, P,
and P, from the three energy networks of electricity, heat,
and gas, and then transmits or converts energy through the
conversion facilities inside the area to meet the needs of L,
and L, at any time. Meanwhile, if there is renewable energy
P, in the EH area, the corresponding energy purchase
cost will be reduced, and the demands of L, and L, can be
met by P,,,. The electricity-heat distribution proportion
depends on the dynamic distribution factor 0"". If P,,,
is sufficient, there is no need to purchase power from the
energy network. However, the surplus P,,,, can be sold to

new

new:*

the power grid for income. This study reflects the changes
in real-time supply and demand by dynamic electricity
prices. The system’s economics will be impacted by the
combined uncertainties of renewable energy and the real-

time fluctuation of electricity prices. Therefore, the EH area
can independently select the electricity-heat distribution
proportion by comprehensively considering multiple factors
such as P,,, and dynamic electricity price at each time.

In conclusion, as shown in the system, each EH area
can select the dynamic distribution factor and the amount
of energy interacting with energy networks by collecting
its regional load demands, electricity price, and renewable
energy. Therefore, the IES model can be transformed into
a distributed optimization model with multiple EH regions
as the decision center. This reduces the pressure of system
communication and avoids centralized optimization from
collecting global information. Through the distributed
cooperation of multiple EH regions, the multi-energy
complementary optimization of electricity-gas-heat IES can
be realized.

1.2 Objective function

The economy of regions where each EH agent is located
is taken as the optimization objective. The cost of each
EH agent is set as the cost of energy caused by the energy
interaction between EH and energy networks. The objective
function is expressed as follows:

3
F=min (P, +c,P, +c,P,) 3)
i=1
where ¢,, ¢,, and ¢, are cost coefficients of the energy

interaction between EH and distribution network, heat
network, and gas network, respectively.

1.3 Constraints

The equation constraints of the system mainly include energy
networks and EH. EH constraints are shown in (2). Energy
networks mainly include distribution, heat, and gas networks.
1.3.1 Constraints for distribution network

The distribution network uses the AC model. For the
entire network, the power obtained from the distribution
network is equal to the sum of the power consumed by
the load and net loss of the system. The constraints are
expressed as follows:

N,
Pé; =P, +U,.ZUJ. (G,.j cosg; + B; sin@ij)

i=1
4)
05, =05, +U DU, (G,.j sin6; — B, cos 6 )
=1

where PGEJ. and Qgil.are the active and reactive power
obtained from the main network. P; ;and Qg’ ; are the active
and reactive power consumed by loads. &, is the number
of nodes of power distribution networks. U is voltage
amplitude. G and B are conductance and susceptance,
respectively. ¢, is the phase angle difference between node
iand node ;. Superscripts E, H, and G are distribution, heat,
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and gas networks, respectively.
1.3.2 Constraints for heat network

Centralized heating is adopted in the heat network,
which mainly includes heat sources, transmission pipes, and
heat loads.

The heat power at a node i is expressed as follows:

B =Cym,(T,,~T,) )
where C, is the specific heat capacity of water. m,_; is
water flow at a node i. T,, and T,; are the temperatures
before and after node i is 1njected.

The temperature relationship between the beginning and
end of the pipe is calculated as follows:
L

T, =(T=T,)-e " +T, (©)

where T, and 7 are the temperature at the beginning and end

of the pipe respectively. 7, is the ambient temperature. L is

the pipe length from node i to node j. 4 is the coefficient of
heat conduction.

The relationship of mixing at nodes is calculated as follows:

(zmm ]] in,j — [zmm kj out k (7)

Jei kei
where m,, ; is the flow from node j into node i, m,,, , is the
flow from node i to node k. T,
node j flows into node i.
i flows to node 4.

In conclusion, the power balance equation of the heat

network is expressed as follows:

 is the temperature when
T, is the temperature when node

Ny
=2 B+, (®)

where E is heat power for the heat source point. PD is the

load power of heat. N, is the number of nodes in the heat
network.

1.3.3 Constraints for gas network

The gas network mainly includes gas sources, transmission
networks, compressors, and gas loads.

The flow of the transmission network is calculated as follows:

flG =K;s;4/8; (7[1.2 —ﬁf) )
where /¢ is the steady flow of the natural gas pipeline. 7; and

7 ; are the gas pressure of nodes 7 and j respectively. s; is a
symbol vector, representing the flow direction of natural gas in

the pipeline. Kj; is the pipeline constant, calculated as follows:
+1 >
Sy = . (10)
: -1,  otherwise
5/2
C,Dy (11

\/MC ZeG-Lg Ty
where y is the efficiency parameter of the natural gas
pipeline. MC is the friction coefficient. Z, is the gas
compression factor. G is the relative density of natural gas.
Ly is the pipeline constant. 7% is the average temperature of
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natural gas in the pipeline. Dy is the inner diameter of the
pipeline. C, is a constant coefficient.

The compressor model adopts the method proposed in
[29], as in Fig. 2 below:

i ) S
INELEN S M o b
Lo 5«'

Fig.2 Schematic diagram of the compressor model

In Fig. 2, f.,, is the flow into the compressor. £, is the
flow consumed by the compressor. f;, is the flow at the
compressor’s inlet. f,; is the flow of the compressor’s outlet.
The specific model is built as follows:

18 =10 =K, (7 -7}

o ko SO Tl =

e v (U] N
f f +f“,,,
1 =K(7 - 73)

where k,, is the compression ratio of the compressor.

. 18 the calorific value of natural gas. 7, is the natural

gas temperature, and a is the variable coefficient. After
calculation by the above method, the flow of the pipeline
containing the compressor can be equivalent to a load of
adjacent nodes f; .

The flow balance equation of the gas network is
expressed as follows:

NS
L= 00+ 1S+ I (13)
j=1

where ff is the gas supply at the gas source node 7, fg ;1

the gas consumed by gas loads at a node i, and N, is the
number of nodes in the gas network.

In addition to the equality constraints in the energy network
model, the following inequality constraints must be satisfied
to ensure the safety and stability of the system operation:

Py™ <Py <P;™ . VieN,
Or™ < Qf, < QL™ VieN,
P < P < PP™ VieN,
UM <U, <U™ , VieN,
£5m < fG S 5™, VieN,
[ < S fP™, VieN,
ﬂimi" sro< ™, VieN,
P < P < P Vie N,
™ <T, <T™, VieN,

(ISR |

(14)
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where P;;™ and P;;™" are the maximum and minimum
active power obtained from the main network, respectively,
and Q5™ and Q/™" are the maximum and minimum
reactive power obtained from the main network,
respectively. B "™ and ;™" are the maximum and minimum
branch power of the distribution network, respectively. U™
and U™ are the maximum and minimum limits for the
voltage of the node in the distribution network, respectively.
7™ and 7" are the maximum and minimum air pressures
of gas network nodes, respectively. fﬁ’m“ and fﬁ’mi“ are
the maximum and minimum limits for gas supply at the
gas source nodes. f,”"™™ and f,.jG’mi“ are the maximum and
minimum flow in the gas network pipeline, respectively.

P and P/I™ are the maximum and minimum heat
capacity of the heat source nodes in the central heating

network, respectively. 7™ and 7,"" are the maximum and
minimum limits of node temperature in the central heat

new -

network, respectively. v™" is the dynamic distribution factor.
In conclusion, equations (2) - (14) are the optimization

model of an electricity-gas-heat IES based on multi-EH. The
optimization problem presents the characteristics of strong
coupling, non-convexity, and nonlinearity by introducing
the dynamic distribution factor and considering the refined
model of the energy network. Therefore, the traditional
mathematical programming method is difficult to apply.
The problem will then be solved using the multi-agent deep
reinforcement learning algorithm.

2 The design of multi-agent deep reinforce-
ment learning model for IES distributed
Optimization dispatching

Each EH area in the system is considered a decision-
making subject and is divided into agents (hereinafter
referred to as EH agents). The IES optimization problem is
transformed into a distributed optimization problem with
EH agents as the decision centers. There are multiple EH
agents in the system. If multiple single-agent algorithms are
directly utilized, there is no interactive information among
agents, and collaborative optimization cannot be completed.
However, even if the information interface is established,
for a single-agent algorithm, each EH agent interacts and
affects the interaction of other EH agents as a part of the
entire system. The environmental states are constantly
changing, which will directly lead to the shaking and even
collapse of training. Therefore, this study adopts the multi-
agent deep reinforcement learning method.

2.1 MADDPG algorithm
The MADDPG algorithm is an extension of the deep

deterministic policy gradient algorithm (DDPG) in multi-
agent [30]. Based on the actor-critic framework, each agent
has an actor-network and a critic network. Different from
DDPG, during training, each agent’s actor takes actions
according to its state, and then the critic evaluates the actor’s
actions. The actor updates its strategy according to feedback.
Each critic obtains more accurate evaluation information by
estimating the strategies of other agents. After training, each
agent only needs to use an actor to take actions according
to its state. Currently, there is no need to obtain information
from other agents, and the decisions are completed by each
agent independently. MADDPG obtains the optimal strategy
through centralized training and only needs local information
when applying it. Therefore, it is a mode of “centralized
training and distributed execution”. A schematic diagram of
the MADDPG algorithm is shown in Fig. 3.

In Fig. 3, the actor of agent i only needs to obtain its
relevant state information s,. a; is the action taken by agent
i. r; is the reward earned. 6, is the weight parameter of
agent i. Suppose there are N agents, and the observation set
X =($y,...,8y ) is the state information of all agents. The

actor constantly updates its parameter 6, to maximize the
expected value of rewards, namely, to raise the assessed

value of the critic. The rule for policy update of the actor is
expressed as follows:

Vq J(,Ui) :EX,a~D
[Vayi(ai |sl.)Va’Qi“(x,a1,...,aN) a‘:#,v(s,v)} (15)

where Q" (x,a,,...,ay) is a centralized state-action

value function. O/ is learned and updated by each agent
independently, so each agent can have any form of the
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Fig.3 MADDPG algorithm diagram

609



Global Energy Interconnection

Vol. 5 No. 6 Dec. 2022

reward function. D=(x,x',a,,...,ay,5,...,ry) is the
experience replay unit which stores the experience of all
agents, and a group is randomly selected for training at each
training. Simultaneously, to solve the problem that an agent
is difficult to converge when choosing an action in action
distribution in the continuous space, MADDPG adopts the
continuously determined strategy set x of N agents.

Critic mainly updates its parameters by minimizing the
time difference error, and its loss function is expressed as
follows:

2
£(6)=B,,,, [(Qlf’(x,al,...,a]v)—y) } (16)
such that
y=r+y0" (x’,al’ yeeerd ) i)

where 4" is the policy settings of the target network. y € [0, l]
is the discount factor.

Finally, the soft update mode is adopted by the target
network to copy parameters from the valuation network
periodically, shown as follows:

0 =(1-7)6 +16, (17)

1

where 6, is the target network parameter of agent i. 7 is the
soft update parameter, and 7 < 1.

In a multi-agent environment, agents interact with
the environment, simultaneously causing an unstable
environment for each agent. MADDPG proposed a strategy
integration method, in which the strategy s, of agent i is
composed of K sub-strategies, and only one sub-strategy
,ul.(k) is utilized in each training episode so that the overall
reward of the strategy set is the highest in the whole training
process. Therefore, the actor’s final policy is updated to:

1
a=1(s,) }

—E
K
The state space of the system mainly includes the

VGI(A)JE) (Il’ll ) =

X,a~Df

(18)

(9,47, 0" (5
2.2 State Space

output of renewable energy P,,, (including wind P,, or

photovoltaic power P,), electrical load L,, heat load L,,
electricity price c,, gas price c,, heat price c;, node voltage
of power system U”, node pressure of natural gas system
7¢ and node temperature of heat system 7'” in each EH
agent region, such that:

S={P,.Ps Lo Lysc,000,0,, U 20T} (19)

2.3 Action space

The action space variables correspond to the control
variables of the studied system [31]. In the system, each EH
is considered as an agent. According to the EH model, as in

610

(2), the action space variables include the power £, 5, B,

interacted between the agent and the energy networks and
the dynamic distribution factor 0", such that:
A= {Pe,P P u} (20)

ho g°
2.4 Environment design

Each agent’s actor takes actions according to the state
at this moment, interacts with the environment, obtains
rewards, and transfers to the state. Critic evaluates this
action, and the agent is guided to take action at the next
moment. For this process, take the IES model (4)-(14) as
the environment. After each agent takes action at each
moment, we conduct the power flow calculation for the IES.
The relevant states of nodes in the distribution network,
heat network, and gas network are fed back to calculate the
reward function and transferred to the next moment, and
cycling in this way.

2.5 Reward function

The algorithm’s reward function design is crucial and
moderately impacts how well the algorithm converges.
Therefore, the setting of the reward signal should be
able to be transmitted to the target that the agent wants
to accomplish, to guide the agent to improve the actions
in the direction of maximizing the reward function. The
opposite number of the objective function in the IES
model represents an immediate reward for each agent.
The optimization problem must meet the corresponding
constraints. According to the constraints described in
Section 1.2, if the corresponding variable does not meet
the constraints, the penalty value 7, together with the
immediate reward, is set as the final reward function of the
agent, such that:

R={F+7,,] @21)

In conclusion, each EH agent firstly takes actions
according to the observations of the load information, the
output of renewable energy, and the dynamic electricity
price in its area, that is, determines the dynamic distribution
factor 0" and the power required to interact with the
energy networks, and transfers to the next states at random.
The critic network evaluates the joint actions taken by all
actors, calculates the reward function, and then guides the
actors to take better actions. By continuously learning the
feedback process, the cost reaches the maximum and the
penalty goes to zero (i.e., the cost is optimal when the constraint
conditions are met). This completes the loop process.

2.6 Algorithm process

The overall algorithm flow chart of a distributed
optimization model for IES based on MADDPG is shown
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in Fig. 4. The primary process of each agent is precisely the
same when two agents are being optimized, for instance. In
this figure, the blue line represents the synchronous process,
and the red line represents the process of information
interaction. The specific steps are as follows:

Step 1: Each agent initializes parameters synchronously.
Set the period T for optimization dispatching and the
number of training rounds M of each agent. The initial
values are all set to one. At the initial stage, the agent
network parameters are set as 6, randomly.

Step 2: Initialize the environment. Load the IES system
model into the environment and set the interface file for
the state and action in the MADDPG algorithm, so that the
power flow can be calculated in real-time according to the
state action and the corresponding environment states can
be fed back.

Step 3: Each agent interacts with the environment. Each
agent observes the states s; of its area and takes actions a, by
its actor-network. After taking action, the agent exchanges
the actions with other agents. Then, the critic network of
each agent interacts with the environment according to the
joint action (g ...a, ) and calculates the reward ;. based on

Initialize the parameters: Initialize the parameters:

set the training episodes M set the training episodes M

set the optimization period T ) W set the optimization period T
initialize the stochastic process N initialize the stochastic process N
initialize the agent parameters initialize the agent parameters

M=T=1 M=T=1

Initialize environment

Initialize environment

Observe the initial states;
take action @, =, (s,)+N,

Observe the initial state |
take action a,=,(s,) TN,

4
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Information
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. P Aratiaion

X'= (8050008, X'=(8],000080)
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Calculate equation (19), (21) to
update Critic, Actor parameters
Update the target network parameters
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From D random sampling k strategy
(x0, g®, 0, x(0)

Calculate equation (19), (21) to
update Critic, Actor parameters
Update the target network parameters
according to equation (20)

Yes
Save and output results

@ No m=m+]
Yes
Save and output results

Fig. 4 Solution flow chart of IES distributed
optimization model based on MADDPG

the feedback of the states in response. The agent transfers
the state to the next moment and observes the state of the
next moment, and (x,a,r,x") will be stored in experience
replay unit D.

Step 4: Update network parameters. A set of
(x("),a(k),r("),x'(k)) under the policy £ is randomly sampled
from the experience replay unit D. The critic and actor
parameters are updated according to (16) and (18), and the
target network parameters are updated according to (17).

Step 5: Assess whether the current number of training
rounds m reaches the set value M. if it reaches the set value,
end the training, output, and save the results. If not, return to
step 2 and start a new round of training.

3 A case study

This study uses a 6-node distribution network, a 6-node
heat network, and a 5-node gas network. The three networks
are coupled through the three regional EHs, forming the
distributed optimization system of IES with three EH agents
as shown in Fig. 5. In the power system, electricity can be
obtained by nodes 5 and 6 from the main network. Node 1
is the balance node. Nodes 2, 3, and 4 are nodes of electrical
loads, and they are coupled with the gas network and heat
network through EH as coupling nodes. In the gas network,
the gas source node is set at node 4, and nodes 1, 2, and 3
are nodes of gas loads. In the heat network, the heat source
node is set at node 1, and nodes 4, 5, and 6 are nodes of heat
loads. This study has three EH agents in the system. EH1
is equipped with a wind power plant, and EH2 is equipped
with a photovoltaic power station. EHs with wind power,
photovoltaic, and no renewable energy are respectively
corresponding to agents 1, 2, and 3.

Main
Network
Bsi| Bs5 Bs4|
[

|
Main
Network
Bs3 Bs2 Bs6

HNI HN2 HN3

AN

GN2| GN4

GN3

Fig.5 A case of distributed optimization system for IES
with three EH agents
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In this study, considering the dual uncertainties of
renewable energy and loads, uncertainties are added to input
data during model training. Alternatively, during MADDPG
training, each EH agent must acquire observable state
data within its area. When reading renewable energy data,
unknown data is superimposed on the obtained data, namely
the fluctuation range, as shown in Fig. 6.

In Fig. 6, E,, and E| represent the fluctuation range of
wind power and photovoltaic power, which obey the normal
distribution. Therefore, we ensured that regardless of how
many rounds of training, the renewable energy data obtained
each time are different, but they are both within the range.
The size of the fluctuation range can be adjusted flexibly,
and the loads are processed the same as renewable energy.

The optimization time takes 24 hours. The related
parameters of the system, internal parameters of the agents,
load data of each area, and the output data of renewable
energy can be seen in the appendix.
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Fig. 6 Outputs of wind power and PV
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3.1 Parameter Settings of MADDPG and
Analysis of Training Results

3.1.1 Parameter settings

The MADDPG algorithm is written based on the
Tensorflow framework. The actor and critic network
parameters of the three agents are similar. Specific
parameter settings in this model are shown in Table 1.

Table 1 Model-specific parameter settings

Parameters Critic Actor
Learning rate 0.00001 0.00003
Soft update coefficient 0.01 0.01
Number of layers of neural network 3 3
Number of neurons per layer 64 64
Activation function of hidden layer ReLu ReLu
Activation function of output layer / Sigmod
Number of episodes 2000 2000
The number of times per episode 24 24
Size of experience replay unit 100000 100000

3.1.2 Analysis of training results

The training for the multi-agent reinforcement learning
optimization model is conducted for the IES above. During
training, the random method is used to explore the action
space. The standard deviation of the action is taken as the
random quantity. The random quantity is simultaneously
applied when selecting the action, to ensure a larger
exploration space and avoid falling into local optimization.
There are 2000 rounds of training iterations, and the training
results are shown in Fig. 7 below.

In Fig. 7, the agent begins in the exploration stage. With
the increase of training episodes, the agent has converged
at 750 episodes. Fig. 8 shows the result of the penalty value
of the agent. The penalty value of the agent becomes 0
around 700 episodes, and then the overall reward of the
agent converges around 750 episodes. The agent gradually
converges to the optimum after satisfying the constraints. In
addition, due to the uncertainty of renewable energy and the
different training samples each time, the reward value has a
certain fluctuation after reaching convergence.

3.2 Analysis of optimization dispatching results

To compare the impact of introducing dynamic
distribution factors on system optimization, different
scenarios are set as follows:

1) 1: the renewable energy in each agent area in the
system can supply heat load through electricity to heat
transfer, that is, the renewable energy in this area gives



Lei Dong et al. Distributed optimization of electricity-Gas-Heat integrated energy system with multi-agent deep reinforcement learning

—200
=400
—600
—800
—1000
—1200

34
=
<
z
Q
-4
75 1000 1250 1500 1750 2000
Number of episodes
Fig. 7 The overall reward value of the agent
L
2
<
5
~

400
300
200
100
0 1
T T T T T T T T T
0 250 500 1000 1250 1500 1750 2000

Number of episodes

Fig.8 The overall penalty of the agent

priority to meeting its regional load demand, and the excess
power will be returned to the power grid.

2) Scenario 2: renewable energy in each agent area
in the system can change the electricity-heat distribution
proportion at any time according to the dynamic electricity
price, that is, the dynamic distribution factor is introduced
as 0"

The optimization results of agent MADDPG are shown
in Fig. 9 (a) and 9 (b). Since there is no renewable energy
set in agent 3’s area, agents 1 and 2 are taken as examples
for analysis. From the comparison of optimization results
of scenarios 1 and 2, the electricity-heat distribution
proportion of renewable energy in the agent area in scenario
1 cannot change in real-time with the electricity price.
After renewable energy meets the demands of the regional
electric load, the excess electricity is supplied to the heat
load through electricity conversion. If there is more excess
electricity, it will be sent back to the power grid. In scenario
2, in the agent 1 area, from 4:00 to 9:00, the heat loads
demand increases. Wind power is no longer fully supplied
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(b) Optimization results of agent 2

Fig. 9 Optimization results of agent 1 and agent 2

to the electrical loads. v""decreases accordingly, and
part of the heat loads will be supplied through the electric
boiler. Currently, the electricity price is relatively low, and
part of the electrical loads can obtain electricity from the
power grid to meet the demands. From 10:00 to 19:00, the
electricity price increases, and v"" increases accordingly.
The wind power meets the demand of electricity load, and
the surplus wind power is sent back to the grid for income.
After 20:00, the electricity price drops and v"" is reduced
accordingly. In agent 2’s area, the changing trend of v"" is
similar to that of agent 1. From 5:00 to 9:00, the demands
of heat loads increase and v"" is small. From 10:00 to
19:00, the electricity price is the highest and v™"
increases. We obtain income by returning electric energy to
the power grid. Table 2 shows the total cost of optimization
dispatching in scenarios 1 and 2. The cost of scenario 2 is
20.6 % lower than that of scenario 1. In scenario 2, due to
the consideration of the energy price factor, the agent adjusts
the electricity-heat distribution proportion of renewable
energy in real-time according to the change in supply and
demand and reasonably distributes renewable energy. The
economy of the system is improved while meeting load
demands.

gradually
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Table 2 Cost comparison under different scenarios

Scenarios Scenario 1 Scenario 2

Costs(k¥) 31.465 24.985

To improve the model’s ability to deal with uncertainty
and make the system able to deal with large fluctuations
of renewable energy, various samples of renewable energy
output data are used for MADDPG algorithm training.
Taking Agent 1 as an example, typical wind power data for
a certain day is selected during the test, and the optimization
results are shown as follows:
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Fig. 10 Optimization results of agent 1 in the extreme scenario

In Fig. 10, the policy of actions is the total power
interacting with the energy networks. The trend of the policy
curve (blue line) is consistent with that of the total load
curve (orange line) minus the renewable energy curve (green
line). For large fluctuations in renewable energy output,
through the MADDPG algorithm, the trained model can
generate a reasonable optimization policy in a short period
of time without re-calculation like the traditional method.

3.3 Comparative analysis

3.3.1 Comparison with the traditional centralized
solution

To further compare the optimization performance of
multi-agent deep reinforcement learning and traditional
centralized solution methods, the proposed method is
compared with the traditional mathematical programming
method, which uses the solver IPOPT for unified solutions.
Table 3 shows the comparison results.

Table 3 Comparison of different methods

Algorithm Costs(kY) Time(s)
IPOPT 23.571 6.19
MADDPG 24.985 0.03
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The IPOPT centralized solution and MADDPG
distributed solution results, which are compared, show no
variation in the overall power cost between the three agents
and the energy network, demonstrating the viability and
effectiveness of the proposed approach.

From the comparison results of solution time, it can be
seen that there are many optimization variables for solving
the IES model, which belongs to a high-dimensional non-
linear non-convex problem. It is difficult to solve with an
IPOPT solver, so the solving time is long, and the load
data need to be recalculated after changing. The MADDPG
algorithm takes a long time to train, but after the model
training, the optimization strategy can be given in the second
level during the test, and there is no need to retrain the model.
3.3.2 Comparison with the deep reinforcement

learning method

MADDPG is a deep reinforcement learning method
in a multi-agent environment. To further compare with
the single-agent deep reinforcement learning, the DDPG
method is utilized to compare under the same uncertainty of
renewable energy. The results are as follows:
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Fig. 11 Comparison of training results between DDPG and
MADDPG

Table 4 Comparison of different methods

Algorithm Costs(k¥) Time(s)
DDPG 25.802 0.04
MADDPG 24.985 0.03

From the comparison results, we conclude that both
DDPG and MADDPG methods belong to intelligent
algorithms with short execution times and can give nearly
real-time decisions. However, the DDPG method takes all
control variables as the agent’s actions, causing a sudden
increase in the action dimension of the single agent. Fig. 11
shows that DDPG training converges in 1100 rounds. Due
to the slow convergence speed of the training procedure
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compared to the MADDPG approach and the poor
learning performance of the single-agent algorithm after
convergence (Table 4), MADDPG is preferable in complex
environmental issues.
3.3.3 Comparison under different working modes

In Section 3.2, each agent sets the same reward function,
which takes the optimal overall economy of the system as
the objective function. The agents are in a cooperative mode
and conduct collaborative optimization as a whole. For the
MADDPG algorithm adopted in this study, each agent has a
centralized critic independently, so different agents can have
any form of the reward function. To compare the effects of
different working modes of agents on the system, scenario 3
is set based on scenario 2 as follows:

Each agent i sets a reward function separately, and the
cost is expressed as:

F=min(c,P, +¢, P, +c,F,),i=12,3 (22)

For each agent, only the economy of its region is
considered in the reward function and each agent changes
from the cooperative mode to the competitive mode. The
cost comparison results are shown in Table 5:

Table S Overall cost comparison under different working
modes of agents

Scenarios Scenario 2 Scenario 3

Costs(k¥) 24.985 28.709

Table 5 shows the overall cost comparison results, which
shows that in scenario 2, the agents are cooperative and
primarily focus on the optimal overall economy. While in
scenario 3, the agents are in the competitive mode, mainly
considering their interests, which will increase the overall
cost of the system.

4 Conclusion

For the optimization problem of IES with multi-EH,
different EHs are divided into different agents in this
study. Based on the MADDPG algorithm, a distributed
optimization model with EH agents as the decision center is
built to realize the distributed optimization of IES coupled
with multi-EH. The conclusions are as follows:

1) The distributed optimization model with multi-
EH as the decision center can overcome the problems
of centralized optimization, such as the need to collect
a large amount of information and complex modeling.
The distributed solution method proposed can effectively
improve the solution speed of the model when the results
are almost similar to those of centralized optimization,
which is conducive to the online application of the model.

2) The dynamic distribution factor is introduced into the
model so that the randomness of renewable energy output
can be self-adaptively learned to obtain the optimization
dispatching results, which effectively improves the economy
of the system considering the real-time supply and demand
changes.

3) Leveraging MADDPG’s characteristics of
“centralized training and distributed execution”, the
coordinated optimization policy of IES is corresponding to
the interaction mechanism between EH agents. The training
process considers the dual uncertainties of renewable energy
and load. The trained model can deal with uncertainty and
realize nearly real-time decision-making.

Appendix A
Table A1 Internal parameters of the agents
Index nee 77518 UCHP ;HP (1 _ UCHF )ngChHP nhHhE
Agentl 1.0 0.85 0.35 0.45 0.95
Agent2 1.0 0.85 0.35 0.45 0.95
Agent3 1.0 0.85 0.35 0.45 0.95
Table A2 Parameters of heating pipeline
Index From To Length(m) Diameter(m)
Pipel 1 2 3500 0.8
Pipe2 2 3 2334 0.8
Pipe3 3 4 1167 0.8
Pipe4 2 5 1167 0.8
Pipe5 3 6 1167 0.8
Table A3 Parameters of heating node
Index Nodel Node2 Node3 Node4 NodeS
Ts(°C) 100 100 100 100 100
To(°C) 50 50 50 50 50
Table A4 Parameters of gas pipeline
Index From To Length(km) Diameter(mm)
Pipel 5 1 20 890
Pipe2 4 2 20 1100
Pipe3 2 5 20 890
Pipe4 2 3 20 1100

Table AS Parameters of nodes in gas network

Index 7" (kPa) 7""(kPa)

Node4 3 3
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Table A6 Parameters of a distribution network branch

Branch From To X(p-u.)
Linel 1 5 0.170
Line2 1 3 0.258
Line3 3 2 0.197
Line4 2 6 0.140
Line5 5 4 0.037

Table A7 Network parameters
Parameters value
U 1
MC 0.01
Zy 0.92
G 0.589
Ty 293K
a 1.3
T s 288K
C, 4182[J/(Kg-k)]x107°
A 2

Table A8 Loads in different periods

Time(h) agg:;-)Le ag:::;f]—)Le agf;li:]-)Le aie::(tl:;:;;-

1 0.7306 0.1392 0.0417 0.582
2 0.7026 0.0364 0.0545 0.599
3 0.6986 0.0288 0.0416 0.607
4 0.7088 0.025 0.049 0.615
5 0.7573 0.026 0.0806 0.652
6 0.8617 0.139 0.0432 0.738
7 0.8728 0.2968 0.0562 0.798
8 0.8647 0.4045 0.0777 0.805
9 0.8638 0.3747 0.1907 0.785
10 0.9008 0.1081 0.2093 0.732
11 0.9431 0.1084 0.258 0.669
12 0.9525 0.3667 0.2544 0.622
13 0.947 0.3582 0.2602 0.605
14 0.9409 0.1482 0.2611 0.595
15 0.9516 0.162 0.2881 0.585
16 0.9789 0.1184 0.284 0.585
17 0.9509 0.1391 0.3448 0.595
18 0.9055 0.3598 0.5071 0.605
19 0.959 0.545 0.7171 0.615
20 0.9499 0.7448 0.886 0.629
21 0.9084 0.8328 0.8468 0.632
22 0.9073 0.7064 0.8943 0.629
23 0.8407 0.3684 0.535 0.619
24 0.7905 0.1901 0.1986 0.595
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