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Abstract—An integrated energy system includes multiple sub-
systems of electricity, heating, and gas. It is difficult to achieve
dynamic dispatch of multi-energy flows due to challenges in
establishing detailed mathematical models and the impacts of
uncertain factors. Reinforcement learning has the ability to
fit non-convex and non-linear problems. It avoids simplifying
detailed mathematical models and complex, uncertain factors in
the solution process, like traditional methods, which provides
a new idea for achieving dynamic energy dispatch. However,
existing research generally relies on soft constraints, such as
reward function penalties, to obtain the dispatch strategy, which
may violate the system’s operational safety. This paper ensures
the security of dynamic energy dispatch strategies by adding
two constraint mechanisms on reinforcement learning. First,
boundary conditions of the action security domain are established
through continuous interaction and feedback between the agent
and the environment. It can effectively restrict infeasible actions.
Second, the strategy is constrained by the truncation function in
the trust domain, and strategy update is always kept within a
controllable range to improve convergence and stability of the
IES dynamic energy dispatch model. Finally, simulation results
indicate that the proposed method can effectively constrain agent
action selections and strategy updates during the dynamic energy
dispatch process. This is of great significance to ensure the safe
and stable operation of the system.

Index Terms—Constrained reinforcement learning, dynamic
energy dispatch, integrated energy system, security issue.

I. INTRODUCTION

HE conflict between energy demand and environmental

protection is becoming increasingly severe worldwide.
Therefore, establishing an integrated energy system (IES) with
interconnected heterogeneous energy networks and comple-
mentary use of multiple resources is crucial to achieving low-
carbon and sustainable development [1]-[3].
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IES includes multiple subsystems of electricity, heating, and
gas. Compared with the electric network, the infrastructures
of the heating network and the natural gas network are easily
prone to aging. At the same time, intermittent energy sources
such as wind power and photovoltaics are widely used in the
electric network. Therefore, IES’s complexity and uncertainty
have become more apparent. How to perform real-time, ac-
curate, and safe, dynamic energy dispatch in this situation
has become a new research direction [4], [S]. Now, the
problem has been investigated using scenario analysis, robust
optimization, and model predictive control. In [6], considering
the uncertainty of intermittent energy sources and load in a
combined heat and power microgrid, the system optimization
dispatch problem based on robust optimization is studied. In
[7], a two-layer robust model is constructed using an uncer-
tainty approach to obtain a system dispatch scheme for the
worst-case scenario. The above references require establishing
accurate mathematical models and are mostly limited to a fixed
dispatch plan. It cannot dynamically respond to the impacts of
system structure changes, network infrastructures’ aging, and
random fluctuations in source and load. Reference [8] proposes
a model-based predictive control method for dynamic dispatch
of cold-heat-electricity cogeneration type microgrids, which
can optimize the device output based on rolling optimization.
In [9], a model predictive control method is used to optimize
the output of each device for grid-connected building energy
systems. Although the above research can effectively deal with
uncertain factors and optimize equipment output in real-time,
it still relies on fixed system parameter settings and accurate
prediction of intermittent energy output. It also cannot be
effectively applied to the entire life cycle of system operation.

In recent years, under widespread application of artificial
intelligence technology, reinforcement learning has provided
a new idea for solving the problems mentioned above [10]-
[12]. Reinforcement learning is a data-driven method. It has
better adaptive learning ability and decision-making ability
for non-convex, non-linear problem optimization. Therefore,
it avoids simplifying the non-convex and non-linear parts of
the model to solve the problem, unlike the traditional method.
At the same time, reinforcement learning focuses on how the
agent takes actions in the environment to obtain maximum
cumulative reward, which is consistent with the dynamic
dispatch of the integrated energy system. It focuses on how the
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system makes decisions to obtain optimal operating cost in a
particular dispatch period [13], [14]. At present, reinforcement
learning has been preliminarily applied to the economic dis-
patch problem of the IES. In [15], the Q learning algorithm is
combined with game theory to optimize the dispatch problem
of the smart grid. In [16], the deep Q learning network was
used to solve the real-time dispatch strategy of the microgrid.
However, all the above methods require discretization of action
and suffer from the obvious challenge of dimensional disaster.
In [17], the uncertain economic dispatch of the IES based
on the DDPG algorithm can effectively deal with continuous
state and action spaces. However, the algorithm is sensitive
to parameters, and it is a daunting task to adjust them. In
[18], the CPO algorithm is used to study optimal dispatch
of microgrids. Policy updates are constrained by Kullback-
Leibler (KL) divergence but suffer from disadvantages such as
excessive computational effort and long training time. There-
fore, it is not suitable for practical engineering. Additionally,
a common problem with existing research is the over-reliance
on reward functions for unconstrained exploration, which can
easily lead to dispatch decisions that violate the system’s
operational safety [19].

Analyzing the shortcomings of existing methods, it was
found that there is still a gap between the front-end of
academic research and practical applications based on data-
driven methods. As a black-box model, the reinforcement
learning method of data-driven theory still needs further study,
algorithm convergence, and result security verification. This
paper formulates the IES multi-energy flow dynamic dispatch
problem within a data-driven framework. It proposes an op-
timization solution strategy for IES dynamic energy dispatch
based on a constrained reinforcement learning algorithm. The
specific performance is as follows:

1) The proposed method is based on data-driven theory,
which can avoid simplifying non-convex and non-linear parts
of the model to solve the problem. It can use interactive
data with the environment to dynamically respond to system
changes, such as system structure changes, infrastructure ag-
ing, and impact of uncertain factors.

2) Aiming at the security issues caused by traditional
reinforcement learning relying on the reward function for
unconstrained exploration, boundary conditions of the action
security domain are used to restrict the selection of actions,
which effectively avoids over-limit actions of the IES units.

3) Aiming at the instability of decision-making results
caused by the influence of uncertain external factors. In
the trust domain, the strategy update is constrained by the
truncation function, and the strategy update is always kept
within a controllable range to improve the convergence and
stability of the IES optimal dispatch decision-making model.

II. IES DYNAMIC ENERGY DISPATCH
MATHEMATICAL MODEL

The goal of IES dynamic energy dispatch is to pursue
economic optimization under the premise of ensuring safety.
Thus, IES effectively arranges the output of various devices
in each period under the premise of meeting user load re-
quirements and system operation safety [20]. This paper takes
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the IES shown in Fig. 1 as an example. It is a complex
system composed of an electric network, a heating network,
and a natural gas network. The system also includes a variety
of devices, such as combined heat and power units (CHP),
photovoltaics (PV), battery energy storage (BES), gas boilers
(GB), electric boilers (EB), and electricity/heat loads.

: Heating network
o — —> —
b Electricity Heat
GB ) flow

Gas
flow

flow

Fig. 1. Schematic diagram of the integrated energy system.

A. Objective Function

Since IES dynamic energy dispatch needs to take into ac-
count the mutual influence between different dispatch periods,
minimizing the expected value of the total cost of all dispatch
periods is considered as the objective function [21].

T T
min E (Z F(t)) =E (Z (Fo(t) + FBEs(t») )
t=1 t=1
where T is the length of the dispatch period; F,(¢) is the cost
of purchasing energy at time step ¢; and, Fpgrs(t) is the charge
or discharge depreciation cost of BES at time step ¢.
1) Cost of Purchasing Energy
The cost of purchasing energy at time step t can be
expressed as:

F.(t) = o(t)pgria(t) At
S (PCHP (t)At

ncHr_p

where pgriq(t) is the exchanged power between the IES and
the main grid at time step ¢. If the value is positive, it means
that the system purchases electricity from the main grid, and if
it is negative, it means that the surplus power of the system is
sold to the grid. pcup(t) is the electric power output of CHP;
hgg(t) is the heat output of GB; ncpp p is the electrical
efficiency of the CHP; ngp is the efficiency of GB; e.(t) and
€gas(t) are the purchase price of electricity and natural gas at
time step t, respectively; and At is time interval.

n hGB(t)At> @)
yle):!

2) Cost of Battery Storage Depreciation
Charge and discharge depreciation cost of BES can be
expressed as:

Fgrs(t) = pees|pBES(t)] 3)

where ppgs(t) is the charging/discharging power of BES at
time step ¢. The positive and negative values of ppgrs(t)
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respectively, denote discharging and charging. ppgg is depre-
ciation cost factor for BES.

B. Constraints

IES dynamic energy dispatch includes a series of constraints
such as power balance, external energy supply, and equipment
operation.

1) Power Balance Constraints

Neglecting the system’s network loss, the balance between
generation and load constraints at time step ¢ can be expressed
as:

Pload (t) = Deria(t) + ppv (t) + pBES(t) + pcnp(t) — peB(t)
“4)
hioad (t) = henp(t) + has(t) + hes(t) &)

where ppv (¢) is the output of PV; prp(t) is the input electrical
power of EB; hggp(t) is the heat power output of EB; hcup ()
is the heat power output of CHP; and, pioaq(t) and hioad(t)
are the electrical load and heat load, respectively.
2) IES and Main Grid Interactive Power Constraints
Considering operational stability on the grid side, there are
upper and lower constraints on power interaction between the
main grid and the IES.

max (6)

min
grid < pgrid( ) < grid

where Prﬁfg and Py are the upper and lower limits of the
interaction power between IES and the main grid, respectively.
3) Device Operation Constraints

Taking the IES selected in this paper as a case, the upper
and lower limits of the electrical power of CHP, charging/

discharging power of BES, the heat power of GB, and the
heat power of EB can be expressed as:

P&ty < ponp(t) < PSS (7
Pis < pees(t) < PR ®)
Hmln < hGB(t) max (9)
H]gnén S hEB(t) < Hln'lx (10)

where PZn, and PEy% are the upper and lower limits of the
electric power of CHP, respectively; P2 and PgjX are the
upper and lower limits of the charging/discharging power of
BES, respectively; H{ oin and HEE® are the upper and lower
limits of the heat power of GB, respectively; HE® and HE*
are the upper and lower limits of the heat power of EB,
respectively.
4) Device Output Ramp Rate Constraints

The output of each device in IES needs to meet upward and
downward ramp rate constraints.

—RENEAL < penp(t) — ponp(t — 1) < RghpAt - (11)
—RES™AL < hap(t) — hap(t — 1) < RERAt  (12)
—R{Y™At < hpp(t) — hgp(t — 1) < Rpp At (13)

where Rihyp, RISE, R, RIY™, RLl and RIY™ are the
upward and downward ramping rates of CHP, GB and EB,
respectively.
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5) BES Constraints

BES should consider the impact of excessive charging/
discharging during its operation. As a result, state of charge
(SOC) of BES needs to be limited within a certain range.

Cso¢ < esoc(t) < 366

where CZa%, and CFE¥ are the upper and lower limits of

the BES state of charge, respectively; csoc(t) is the state of
charge of BES at time step ¢. csoc(¢) can be determined using
the following equation as:

(14)

neEspBES (t) At

15
Qoes (13)

csoc(t) = csoc(t —1) —

csoc(0) = C8oc (16)

ini

where Qprs is BES capacity; O is the initial state of
charge of BES; npgg is the charging/discharging coefficient
for BES, which can be expressed as:

Neh  PBES < 0

1BES = o))

pBES = 0
Tdis
where 7., and 7g;s are the charging and discharging efficiency
of BES, respectively.
6) Coupling Link of Electric Network and Heating Network
This paper considers two coupling devices, including EB
and CHP. EB can be regarded as the electric network’s load
and the heating network’s source, consuming electricity to
generate heat. CHP can be regarded as the load of the natural
gas network, the source of the electric network, and the heating
network. It mainly generates electricity by consuming natural
gas, and waste heat can also provide heat energy for users.
For EB,

hegs(t)
NEB

pes(t) = (18)
where ngp is the conversion efficiency of electricity to heat.

For CHP, the coupling relationship between its output of
electric power and heat power is called an electric-heat char-
acteristic. CHP in this paper uses the method of determining
the heat-to-electricity ratio.

hcup (t)
lcHP

peup(t) = (19)

where ncpp is heat-to-electricity ratio of CHP.
7) Uncertainty Distribution of Power and Load Output

Due to privacy protection and copyright issues, we are not
allowed to use actual confidential data in this paper. Therefore,
we generalized the data, mainly load data, by combining actual
data and simulated data to form experimental data in this
work, in which simulated data is obtained by simulations
with a distribution function. Experimental data still hold the
general characteristics of load in an integrated energy system
and qualify for verification of the proposed method [22]. This
function can be expressed as:

1 l: (Psto B ﬂ)2:|
——— exp ——
o

f(PstO) = \/ga 9

(20)
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where Py, is uniformly expressed as electrical load, heat load,
and photovoltaic output; i and o are the expected and standard
deviation of the distribution, respectively.

At the same time, considering that the constrained re-
inforcement learning method proposed in this paper is not
limited to a single distribution function, in order to further
verify its applicability to photovoltaic and load fluctuations,
the following two measures are added based on the above
simulation data: 1) randomness of the distribution interval is
superimposed based on historical data and simulated data 2)
random sampling is performed within the constraint interval
of the initial state. Together, they form the training data for
the reinforcement learning model.

III. CONSTRAINED REINFORCEMENT LEARNING
FRAMEWORK FOR IES DYNAMIC DISPATCH PROBLEM

The IES dynamic energy dispatch mathematical model in
Section II was transformed into a constrained reinforcement
learning framework following a Markovian Decision Process
[23]. This part is mainly used to explain critical parameter
settings of the reinforcement learning method, which is to
transform the specific physical problem studied in this paper
into a detailed reinforcement learning practical application
process.

A. Constrained Environment Model

The constrained environment model refers to the IES that
interacts with the agent. Every control action given by the
agent through reinforcement learning can obtain corresponding
feedback rewards in this constrained environment. The en-
vironmental model in this paper mainly includes the power
system, natural gas system, and related constrained links,
which are expressed by (1) through (20).

B. State Space

The state space is a concrete representation of the environ-
ment in which the agent is currently located. States of the
IES dynamic dispatch include pioaq(t), hioad(t), ppv(t), and
Csoc(t — 1). Therefore, the state space can be defined as:

St = Lpload(t)7 hload(t)a pPV(t), Csoc(t - 1)] (21)

C. Action Space

The action space consists of decisions made by the agent
through reinforcement learning, and the output of each device
can represent an action. hcup (), hes(t), pes(t) and peria(t)
can be derived from pcepnp(t), prs(t) and hgp(t) [24], so
to simplify analysis, action variables are reduced to 3. Action
space can be expressed as:

a¢ = [pcup(t), peES(t), has(t)] (22)

D. State Transition Probability

State transition probability is the agent will move from
current state s; to new state s, after performing the selected
action a;. For the IES dynamic dispatch problem, csoc(t) in
the state at the next moment after the agent makes an action
can be obtained from (15). The remaining uncertainty state
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values Pioad(t), Noad(t), and ppy(t) can only be obtained
after the agent has interacted with the environment. Together,
these variables make up the state transition probability.

E. Reward Function and Discount Factor

First, for the IES dynamic dispatch problem, the agent
reward function designed in this paper consists of system
operating costs, BES depreciation costs, and action violation
constraint penalties. Second, minimization of the IES dispatch
cost is transformed into maximization of the reward function.
Meanwhile, to prevent the model from converging to a failure,
the value needs to be scaled if the reward function is too large.
Therefore, the reward function obtained by the agent at time
step ¢ can be expressed as:

1
_m(Fe(Sha't) + Frrs(st, at)

+ Fpen(3t7at))

r(st, ar) = 23)

N
Foen(st,a;) = Z max(max(0, al — a>™*), a"™" — q!)
i

+ max(max(0, Soc.t — Soa ),
S — 8o t) + abs(py PP /plend — 1)

+ abs(h"PPY /byt — 1)
24)

where Fpen(8t,at) is the penalty for violating constraints; a}
is the action of the i-th unit at time step ¢; p;"""" is the sum
of the electric output provided all units at time step ¢; 5 "PPY
is the sum of heat output provided by all units at time step t.

IES dynamic dispatch aims to find a policy 7* that maxi-

mizes cumulative discount benefit over the whole cycle.

T
J(7) =Err |y vtm] (25)
t=0
7" = argmax J () (26)

7r€1_[7r

where [[_ represents the set of policy m; discount factor
indicates the importance of the reward at the future moment
to the current reward. For dynamic energy dispatch, decisions
made in the current dispatch period have an essential impact
on subsequent ones, so it should be taken as a more significant
value. In this paper, this value of v is set 0.8.

IV. CONSTRAINED REINFORCEMENT LEARNING
ALGORITHM FOR SOLVING IES DYNAMIC
DISPATCH PROBLEM

Traditional reinforcement learning algorithms generally ob-
tain optimal strategies by maximizing rewards. This process is
unconstrained exploration. However, in practical applications,
some explorations will hurt the safe and stable operation of the
system, which is not allowed [25], [26]. Therefore, this paper
adds constraint measures based on traditional methods and
then proposes the Constrained Proximal Policy Optimization
(CPPO) algorithm to solve this problem.

First, the CPPO algorithm is based on the AC framework.
AC framework combines policy learning and value learning to
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make the model easier to converge. It approximates policy 7y
through the actor neural network, estimates advantage function
A, o through the critic neural network, and then evaluates
and improves current policy mg [27]. Second, security do-
main boundary conditions are added to enforce constraints in
the action selection process. Third, the importance sampling
technique is used in the policy update process to convert
the policy update method from on-policy to off-policy. Ratio
of old and new policies is truncated in the trust domain.
These compulsory restraints always keep strategy updates
within a controllable range, effectively alleviating the impact
of uncertain factors on the security of dispatch strategies [28].

A. Action Security Domain Boundary

In order to ensure the decision results of the reinforce-
ment learning model meet security requirements, boundary
conditions of the security domain are added to restrict action.
Boundary conditions of the security domain can be gradually
improved as the model is trained offline and judgments are
made before actual action is executed. If the selected action
in the current state is not in the security domain, the action
will be forced to skip and wait for a new round of action
decision results.

1) Action Constraint

If action a;;; selected by the agent from state s; to state
S¢41 causes a security issue, the action will be restricted, and
the action will be stored in constraint set C, ; of state s;.

2) Action Permissibility

If action a;1; selected by the agent from state s; to state
S¢4+1 1s not in constraint set C ; of state s, it is considered
to be allowed to be executed.

3) Skip Action

Suppose the action obtained from the model decision is
outside the security domain boundary in an actual-world
application. In that case, the action is forced to skip and wait
for the outcome of the next decision.

When the agent selects action a?, ai € a; of the i-th unit
under state s;, it appears that the sum of the power provided by
the units exceed the load demand. Then the constraint interval
of the corresponding action in state s; is X, ; = [a»™" al].
As training proceeds, the action constraint interval is updated
to X5 ¢ = [a™ '] if action ai’ still occurs in state s;
with the unit providing more power than the load demand
and ai’ < a!. Similarly, when the power provided by units
is less than the load demand, the constraint action interval is
set to X, ¢ = [al,a®™2¥]. Then action constraint set X, ¢,
state s;, state s;4j, action a;, and reward function r are
combined to form a set (s, ar, 7, St41, X5 ¢) and stored in
the experience replay buffer. Through repeated training in a
simulated environment, the model can gradually refine action
constraint set X, ¢ corresponding to state s;. Thus, we can
set X ; as the boundary of the action security domain. In the
actual environment, it is judged whether the selected action
meets the requirements of the security domain boundary. If it
is not satisfied, the action will be forced to empty and wait
for a new round of action decisions; if it is satisfied, each
unit will execute the corresponding actions according to the
decision result.

2417

B. Constraint Update of Policy

In the traditional reinforcement learning parameter update
process, the gradient itself only provides local first-order in-
formation under current parameter 6 and ignores the curvature
of the surface of the reward function defined according to the
actual problem. If a larger step size is selected in a highly
curved area, then the algorithm is prone to a sudden drop in
performance; on the contrary, if the step size is too small, it
can fail to converge for a long time. Even more, the gradient
needs to be estimated from samples collected based on the
current policy mg. Fluctuations in policy performance can, in
turn, affect the quality of the collected samples, which further
increases the degree of fluctuation during policy updates and
raises the issue of system operational safety [29].

The purpose of introducing Theorems 1 and 2 in this
paper is to illustrate how to transform the optimal scheduling
problem of an integrated energy system into a constrained
reinforcement learning process [30]. Theorem 1 is used to find
a better strategy m, than original strategy mg in scheduling
strategy optimization to ensure the stable increase of strategy
performance. Theorem 2 shows that when D (mg||my) is
small, the optimization objective can be reasonably trans-
formed into L. ¢(mj) to simplify the iterative optimization
process of the strategy.

1) Theorem 1

oo
Erory | Y 7' Ara(sia)| @27
t=0
where J(6) represents the total discount cumulative income
that the agent can obtain under current policy mp; Ay o(st, at)
is the advantage function, defined as the following equation
Ar o(st,a1) = Qn_o(St,a1) — Vg »(s¢); T is the same state
action trajectory generated by mj; 6 is the parameter of the
actor network; ¢ is the parameter of the critic network.

It is known that obtaining optimal policy 7y is equivalent to
maximizing goal E s[>, 7 Ar_6(st, a;)]. However, the
expectation in the equation is based on 7, instead of g, which
is difficult to optimize directly. Therefore, important sampling
technology needs to be used to approximate the solution. The
approximation process is as follows:

oo
ETNTI'"Q Z ’YtATr_G (5t7 at)
0

= Eswp,,_g/ (s) [EaNﬂ'é (a]s) [Aﬂ'_9 (57 CL) ‘SH
~ Esnpr o(5) Barnmy(als) [An |

mg(als)
= ESNp,,_g(s) |:]Eu,~7r9(as) |:7T9(J,S)A7r 9(57a)8:|:|
¢ Tp(alst)
=E,x AL , 28
¢ [Z mo(at|st) oot at)] 28
Also set
L (s
L (7)) = Errom, thMAﬂ_e(st,at) (29)

2) Theorem 2

Set DR*(mg||my) = maxs Dir(mo(-]s)||my(-|s)), then
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|J(0") — J(0) = Lr_o(my)| < CDRE*(mol|m)-
where C is a constant independent of .

Therefore if DR{™(mg|my) is small, then L. ¢(my) can
reasonably be used as the optimization objective. The con-
straint update of the policy can be translated into the following
equation.

maXﬂé Lﬁ_g (ﬂ'le)

st. Egep, o[Dkr(mol|mg)] < 6 (30)

C. Actor Neural Network

Based on the above theorem, the importance sampling tech-
nique is adopted. Two actor networks with the same structure
and different parameters are used to complete the approximate
policy task jointly [31]. The sampling actor network interacts
with the environment to obtain sampled data continuously, and
the sampled data is reused to train the updated policy actor
network.

1) Sampling Actor Network

Given that traditional reinforcement learning uses an on-
policy approach, actor network parameters will change after
training with sampled data once. As a result, original data
can no longer be used, and new data must be collected
by interacting with the environment again. This results in
much interaction with the environment during training, which
reduces training efficiency and lengthens training time.

The CPPO algorithm uses important sampling techniques to
convert the on-policy method to an off-policy method during
policy updates, allowing the training of an actor network based
on parameter ¢ using data sampled from an actor network on
parameter ¢’. Parameter ' is fixed in this process. Data from
parameter network can be reused to train parameter 6 network
several times, increasing data utilization and improving train-
ing speed.

The sampling actor network has the same structure as the
policy actor network. According to the following equation,
the sampling actor network parameters are updated at regular
intervals.

0+ ab+ (1 —a)b 31

where « is a weighting factor.
2) Policy Actor Network

Given the constrained policy update equation (30) has a
KL divergence constraint term, the gradient descent algorithm
is difficult to solve directly. Therefore, it is considered from
two aspects: ensuring the stability of policy updates and
simplifying calculations. First, the KL divergence constraint
is replaced by the truncation function method, and the objec-
tive function is truncated. Subsequently, the smaller of the
truncated and non-truncated objective functions is taken to
reduce the fluctuation of the policy, so the direction of the
policy update shows stable improvement. Specific performance
is shown in (32) and Fig. 2.

’/Tg/(at|8t)

L(my) = En, {min < el Ay o(st,at),

o(
clip (77::((5;;:)) ,1—e 1+ €> Ax o(st, at))]
(32)
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1+e l—¢ 1 l+e

When 4 >0 When 4 <0

Fig. 2. The constrained value of the policy.

where ¢ is the truncation factor.
The green line in Fig. 2 is

o (at]st)
o (at|st)

); the red line represents the result

; the blue line is

mor (at|st)

clip (We(at‘st) ,1—¢e,14¢
of the policy after constraint processing.

(1) Advantage function A > 0 means that the state-action
pair is a positive promotion, and the probability of this state-
action pair should be increased, and the larger 7wy (a¢|s:) is,
the better. However, the policy is prone to instability when
% is larger than 1+ €. Therefore, it is necessary to add
a constraint to force it to stop when it reaches 1 + €.

(2) Advantage function A < 0 means the state-action pair
is a negative promotion, and constraints should also be added
to it to force the model to stop when it is trained to 1 — ¢.

After adding constraints for the policy update, the policy
actor network uses the Adam stochastic gradient ascent algo-
rithm to maximize the objective function to update the policy.

Ty

T€D) t=0

. mer(atlsy)
min | ————> A, g(8¢, a¢),
(Srtap Ametee)

. 7T0’(at|3t)
1 1—¢,1
Clp( oarls) “)

Ori1 = argmax ———
* 0 \Dk|

* Ar_o(s¢, at)) (33)

where Dy is the set of saved trajectories, defined as Dy =
{ri}-
D. Critic Neural Network

The objective of the critic network is to accurately evaluate
the state-action value function, which can be learned by mini-
mizing mean square error using a gradient descent algorithm.
Critic network parameter ¢ is updated as follows:

PP

T€D t=0

Prp+1 = arg min —R)? (34

v ID T
E. The Interaction Process of Actor Network and Critic Net-
work

The interactive architecture of the actor network and the
critic network designed in this paper is shown in Fig. 3. Both
network inputs are system state values {Pioad(t), Rioad (%),
ppv (t), csoc(t —1)}. These input data have a certain degree of
randomness. The actor network extracts features from state
information, and through the neural network output mean
o and logarithmic variance log(o?) together form a normal
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Fig. 3. The process of interaction between the actor network and the critic
network.

distribution, which is sampled by the normal distribution to
obtain policy 7y, which in turn generates action a; for IES
dynamic dispatch. State value V,(s) output from the critic
network is used to estimate advantage function A, o to eval-
uate and improve current actor network policy my. Therefore,
optimal dynamic energy dispatch strategy can be obtained by
repeatedly learning the random environment through the actor
network and critic network.

FE. Optimal Solution Process of Constrained Reinforcement
Learning Model

Interaction process of agent based on the CPPO algorithm in
the simulated environment and actual environment is shown in
Fig. 4. Training and optimization solutions flow for the agent
in the simulated environment shown in Fig. 4 is depicted in
Fig. 5.

Stochastic quantities of intermittent energy output and load
demand are superimposed on historical operating data of the
system, which is used as input data for the establishment
of the simulation environment and training of the agent
model. In the simulated environment, the agent adapts itself
to intermittent energy and load uncertainty changes using
continuous interaction with the environment while gradually
refining the action security domain boundary. After training,
the trained agent model and learned action security domain
boundary in the simulated environment are transferred to the
actual environment. In an actual environment, optimal dispatch
actions for the units are obtained by passing real-time data into
the agent model. If the action does not meet the requirements
of the action security domain, the action is forced to skip,
and the result of the next round of agent decisions is awaited.
Each unit will execute the corresponding action according to
the decision result if the action meets the requirements. In the
meantime, experience learned in the actual environment can
be updated regularly to improve the agent’s real-time decision-
making ability.
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Agent’s optimal solution process based on the CPPO algo-
rithm is as follows:

1) State s; is fed into the policy actor network to obtain
mean /9 and logarithmic variance log(c7). Since the effect
of directly obtaining o3(s) by neural network fitting is not
good, the neural network is often used to fit p = log(c3) in
practical applications. The variance is obtained indirectly by
the o (s) = exp(p) formula. Then, they are used to construct
a normal distribution function representing action distribution.
Then action is sampled and interacts with the environment to
obtain reward r, next state s; 1, and security domain boundary
X, +. Finally, it is stored in experience replay buffer in the
form of the set (s¢, at,rt, St+1, Xs_t). Afterwards, s¢11 is fed
into the policy actor network, and step 1 is cycled until the
preset storage quantity requirement is reached.

2) State sy obtained in the last step of step 1 is fed into
critic network to obtain value function V. Value function Vi

is used to calculate the discounted reward R(t) = r(t)+~yr(t+
1)+ -+ 4T (T — 1) + vT=tVp, which are combined
into set R = [R(0), R(1),---,R(¢), -+, R(T)].

3) The combination of all stored states is fed into critic
network to obtain value function V' corresponding to each state
and calculate advantage function A.

4) The loss function of the critic network is solved, and the
backpropagation algorithm and (32) are used to update the
critic network parameters.

5) Combining all stored states and inputting them into the
sampling actor network and policy actor network to obtain
normal distribution function 1 and function 2, respectively.
Combining all stored actions and inputting them to normal
distribution functions 1 and 2 to obtain probabilities 1 and
2 for each action. Finally, importance sampling weights are
obtained by dividing probability 2 by probability 1.

6) Policy actor network parameters can be updated jointly
through the back-gradient propagation algorithm and equation
(31) above.

7) After a certain number of steps in the loop of steps
5 and 6, policy actor network parameters are updated by
the weighted assignment method to sample actor network
parameters.

8) Repeat steps 1-7.

V. CASE STUDY AND SIMULATION RESULTS

To validate the effectiveness of the proposed method, several
simulations have been performed using the IES shown in
Fig. 1. The system’s electrical, heat, and PV data are sourced
from the European energy open-source website Elia [32]. IES
operating parameters are shown in Table Al. Other parameters
are shown in Table AIl. Time-of-use electricity prices and gas
prices are shown in Table AIIL.

A. Algorithm Parameter Setting

Actor network and critic network structures are set up as
shown in Fig. 3 above. Considering the dimensions of state
space and action space are 4 and 3, hidden layers are deter-
mined to be three after iterative adjustment and optimization.
The number of hidden layer neurons in the actor network is
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Fig. 4. The interaction of agents in a simulated environment and an actual environment.

64, 100, and 80, respectively. The number of hidden layer
neurons in the critic network is 64, 80, 80, respectively; hidden
layers in these two networks use the ReLLU activation function.
The learning rates of the actor network and critic network
are set to 0.001 and 0.0001, respectively. The experience
replay buffer’s capacity is 12000, and the mini-batch size is
128. Reinforcement learning related parameters are detailed in
Table AIV. The algorithm is coded in Python and implemented
based on the TensorFlow framework.

B. Algorithm Convergence Analysis

Uncertainty in the IES dynamic energy dispatch mainly
comes from the following two parts: 1) Intermittent energy
output and load demand have strong randomness; 2) The
initial state of the system is selected by random sampling.
Under the impact of uncertain factors, the change of the

cumulative reward function of the CPPO algorithm is shown
in Fig. 6(a). The comparative analysis of the convergence of
different algorithms is shown in Fig. 6.

It can be seen from Fig. 6 that the up-moving trend
definitely showed parameters in the deep neural network of the
CPPO algorithm are converging and also very close to a good
result with high rewards in the simulations. Average reward is
stable at around —18.5, which means reinforcement learning
based on the proposed methods has converged. Considering
different dispatch periods, because load changes and intermit-
tent energy output are different, there are specific differences
in operating cost within the dispatch period. Therefore, it is
reasonable that there is a certain degree of oscillation in the
total return of the dispatch period. However, it can be seen
from the iterative trend that while training progresses, the
model’s performance becomes better, and the total return oscil-
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lation is always maintained in a small range. This reflects that
the model can still maintain good convergence and stability
against uncertain factors.

From the comparative analysis shown in Fig. 6, it can
be seen that the CPPO algorithm has the best convergence,
and the model converges to a stable value in later stages of
training. The reason is that the DDPG algorithm does not add
mandatory constraints on action selection and policy update,
and the algorithm itself is more sensitive to parameters. After
repeated tuning and optimization, the results obtained are still
not as ideal as the CPPO algorithm. The DQN algorithm
has the worst convergence because it needs to discretize the
continuous state space and action space, resulting in the loss
of valuable information. The decision result is greatly affected
by uncertain factors, and it has not been able to converge to
a stable value effectively.

C. Dynamic Dispatch Result Analysis

The simulated environment is constructed using historical
data, and the agent based on the CPPO algorithm is trained
offline. The action security domain boundary is gradually
refined during the training process. Then the trained agent
is applied to the actual problem of IES dynamic dispatch.
Select a typical winter day as an example for subsequent
simulation and analysis. Typical daily load and PV data are
shown in Fig. Al in Appendix A. After performing electrical
and heat dispatch, the results are shown in Figs. 7(a) and 7(b),
respectively.

1) Economic Analysis of Dispatch Results

Combined with the analysis in Fig. 7(a) and Table Al, it
can be seen that the model based on the method proposed in
this paper is capable of adapting itself to intermittent energy
and load changes. The model can also make orderly outputs
under the guidance of external electricity prices. When the
electricity price is at a valley period, such as 00:00-07:00 and
23:00-24:00, the system mainly purchases electricity from the
main grid to meet the demand of electricity load and EB.
At the same time, BES is charged for subsequent use during
peak hours. When the electricity price is at a normal period,
such as 07:00-12:00 and 19:00-23:00, CHP gradually replaces
the main grid in the initial stage and becomes the main form
of energy supply. However, with the gradual increase in PV
output, the output of CHP has decreased, and at the same
time, excess power is sold to the main grid to obtain higher
profits. In the later period, CHP has become the primary form
of energy supply due to the reduction in PV output. When the
electricity price is at a peak period, such as 12:00-19:00, CHP
and BES discharges are mainly used instead of purchasing
electricity from the main grid, reducing system operating costs.

From Fig. 7(b), it can be concluded that when the electricity
price is low, the system mainly relies on the purchase of
electric energy and converts electric energy into heat energy
through EB to meet the demand of the heat load. When the
heat load demand is higher than 0.7 MW, it is supplemented
with a GB for heat production. When the electricity price is
at a normal period, the heat load demand of users is mainly
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Fig. 6. Convergence analysis of different algorithms. (a) CPPO algorithm.

(b) DDPG algorithm. (c) DQN algorithm.

met by the cooperation of CHP and GB. When the electricity
price is at a peak period, the system first calls on CHP to
supply electricity, while the heat generated by CHP becomes
the primary source for meeting the heat load. When the heat
supply is insufficient, the system chooses to use GB for heating
instead of EB to achieve an optimum operating economy.

It can be seen that the agent based on the CPPO algorithm
can adapt to intermittent energy and load changes. Further-
more, it can dynamically adjust the output of various types
of units with economic optimization under the guidance of
external electricity prices.

2) Security Analysis of Dispatch Results

a) Analysis of Over-limit of Unit Output and Action
Security Domain Boundary: Due to space limitations, this
article only takes the CHP’s electric output over-limit situation
and its action security domain boundary as a case for analysis.
Over-limit situation of CHP’s electric output during training
is shown in Fig. 8; the boundary of the action security domain
is shown in Fig. 9.

Combined with the analysis in Figs. 8 and 9, it can be

CSEE JOURNAL OF POWER AND ENERGY SYSTEMS, VOL. 11, NO. 5, SEPTEMBER 2025

Power (MW)

25 24 - a8 " 72 9%
me
CPggg(t) T Ppp(t) 0 Pyiig(t) ERPyp(t) B P (1) ——Pyoqq(t)
(a)
20r ’
1.6}
A I
S12 “"" """"l
5 f
Al
ol ‘“” |H\||| | ]
o« TR I
0 24 48 72 96
Time (h)
0 Hgp(t) B8 Hip(t) B3 Hepp() — Hygaq(t)
(b)

Fig. 7. Optimal dispatch results of units output. (a) Dispatch results for
electric power. (b) Dispatch results for heat power.

0.35r
0.30r
0.25r
0.20r
0.15r
0.10

0.05F

The degree of over-limit (%)

0.00 =

0 2000 4000 6000 8000

Episode

Fig. 8. Analysis of CHP’s over-limit situation of electricity output.

seen that at the beginning of the training period, the agent
has not interacted deeply with the environment, and the action
security domain boundary has not yet been established. It leads
to the apparent overrun of the unit’s output. A significant
mismatch between the power provided by the unit and the
load demand in the dispatch decision process can easily lead to
system operational safety problems. However, with continuous
interaction between the agent and the environment, the agent
can adapt to intermittent energy and load changes. Meanwhile,
the action security domain boundary is gradually established
and improved. The results of optimal dispatch decisions made
by the agent after 7000 generations do not appear to exceed
the output limit of the unit, which can effectively avoid the
situation where the power provided by the unit does not match
the load demand.

According to Figs. 9 and 7(a), it can be seen that in Fig. 7(a),
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the agent’s electrical output dispatch result of CHP in actual
environment is shown as the red line in Fig. 9. The action
curve always meets requirements of the action security domain
boundary in Fig. 9. This is mainly because agent needs to
judge the security domain boundary of the selected action
before executing the action in the actual environment. If it
is not within the security domain boundary, it will force the
action to be empty and wait for the next round of action
decision results. Therefore, in practice, all unit’s actions meet
constraints of the action security domain. The sum of the
power provided by all units in the system can match load
demand in real-time within a specific reasonable range, thus
effectively avoiding the problem of system operational safety.
b) Applicability Analysis of Uncertainty Factors:

1. Applicability analysis for random fluctuation of external
intermittent energy and load

In order to verify the applicability of the proposed method
to random fluctuations of external intermittent energy and
load, and to compare and analyze with other algorithms, three
scenarios were set up with standard deviations of the random
variables of power supply and load being 5%, 10%, and 15%
of the expected value. Samples were sampled using the Monte
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TABLE I
COMPARISON OF ALGORITHMS UNDER DIFFERENT
FLUCTUATION LEVELS

Mismatched amount of electrical and

il\l]lecltuatlon heat power throughout the day (MW)
CPPO DDPG DQN
algorithm algorithm algorithm
5% 0.079/0.016  0.243/0.087  1.401/0.432
10% 0.081/0.022  0.452/0.129  2.241/0.745
15% 0.203/0.062  0.721/0.417  3.855/1.104

Carlo method, and results are shown in Fig. 10 and Table I.

In Fig. 10, only the electrical output of the CHP unit is taken
as an example for analysis due to space limitations. It can be
seen that when the random fluctuation of intermittent energy
and load increases, the unit output exceeds the limit signs in
the early stage of algorithm optimization iteration, and the
system shows apparent instability. However, with continuous
interaction between the algorithm and the integrated energy
system, it can effectively learn the output limit of the unit
and gradually adjust the output scheduling plan of the unit.
Finally, the purpose of effectively restraining the unit’s output
in the face of varying degrees of external intermittent energy
and load fluctuations is achieved.

Referring to Table I, as uncertainty increases, total power
mismatch between electricity and heat in the whole cycle
increases. In the results, the agent based on the DQN algorithm
has the most significant mismatch between electricity and heat
power throughout the day. When the fluctuation level is 15%,
the electric and heat power mismatch reaches 3.855 MW and
1.104 MW, respectively. It is straightforward to raise or lower
the system voltage due to a power mismatch. In contrast, the
calculation results of the algorithm proposed in this paper
are more adaptable and stable, and can better deal with the
uncertainty of intermittent energy and load. The reason is that
the CPPO algorithm does not need to discretize the continuous
action and state space. Compared with the DQN algorithm, it
effectively retains a large amount of valuable information. In
addition, compared to the DDPG algorithm, it adds mandatory
constraints. Even when the system has large fluctuations, it
will not be affected and will diverge or fall into a locally
optimal solution.
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Fig. 10. Analysis of CHP’s over-limit situation of electricity output under different fluctuation levels. (a) 5% fluctuation level. (b) 10% fluctuation level.
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2. Analysis of inaccurate applicability of long-term operat-
ing parameters of the system

In order to verify that the proposed method can adapt to
the inaccuracy of internal parameters caused by long-term
operation of the system, CHP unit efficiency parameters are set
to 0.35, 0.30, and 0.25 to simulate the change in the internal
parameters of the system with time. The result is shown in
Fig. 11.

Power (MW)

0 24 48 72 96
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o = 035 11y = 0.3 1y, =025

Fig. 11. Analysis of the electrical output of CHP units under the influence
of different parameters.

From the analysis in Fig. 11, it can be seen that the
original system will dispatch a large number of CHP units
to meet demand during the peak load period. However, with
long-term operation of the system, the electrical efficiency
of CHP units gradually decreases, and system dispatching
is no longer mainly based on CHP units and seeks a better
dispatching scheme. The reason is that the method proposed
in this paper can perform real-time learning based on actual
operating data and learn information about CHP unit efficiency
decline implicit in the data through the data-driven method. It
has a specific adaptive adjustment capability for a series of
problems caused by the system running for a long time.

VI. CONCLUSION

Aiming at the problem of IES dynamic energy dispatch,
this paper proposes an IES dynamic energy dispatch strategy
based on a constrained reinforcement learning algorithm. The
conclusions are as follows:

1) The proposed method is based on data-driven theory. It
can use interactive data to modify the model and dynamically
respond to system changes.

2) The proposed method adds constraints based on tra-
ditional reinforcement learning. It can effectively constrain
unit output and mitigate strategy update fluctuations, thereby
avoiding system operation safety issues.

As an adaptive learning algorithm, reinforcement learning
can dynamically respond to system changes. How to combine
reinforcement learning with digital twin technology and apply
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it to the full life cycle of an integrated energy system is a
research direction for the future.

APPENDIX
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Fig. A1. A typical day load data from training data set.

TABLE AI
OPERATION PARAMETERS OF DEVICES

) Plnln/Hmll’l Pmax/Hmax Rllp RdOWl’l
Device . .
MwW MW MW/min  MW/min
CHP 0 1.6 0.11 0.1
BES —-0.2 0.2 - -
GB 0 1.6 0.1 0.08
EB 0 1.5 0.1 0.1
TABLE AIl
OTHER SYSTEM PARAMETERS
Parameter  Value  Parameter  Value
NCHP,, 0.35 Ndis 0.95
1.20 PBES 0.05
NGB 080  C, 0.30
TEB 0.95 C38% 0.20
Tch 0.95 C388 0.80
TABLE AIIl
TIME-OF-USE ELECTRICITY PRICE
Time Electricity purchase  Electricity selling
price (¥-(kW/h)~1)  price (¥-(kW/h)~1)
Peak hour 0.98 0.5
Normal hour  0.49 0.2
Valley hour 0.17 0
TABLE AIV

REINFORCEMENT LEARNING RELATED PARAMETERS

Parameter Value
Dimension of state space 4
Dimension of action space 3
Hidden layer neurons of actor network  64/100/80
Hidden layer neurons of critic network  64/80/80
Activation function Relu
Learning rate of actor network 0.001
Learning rate of critic network 0.0001
Experience replay buffer 12000
Mini-batch 128
Weighting factor 0.8
Truncation factor 0.2
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