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Abstract——Conventional joint operation of integrated electrici‐
ty and heating systems faces severe challenges, including non-
convex models and computation complexity. Additionally, there 
are adverse impacts from the uncertainties of renewable distrib‐
uted generators, as well as electrical and thermal loads. This pa‐
per proposes an optimal joint operation method of integrated 
electricity and heating systems based on multi-agent deep rein‐
forcement learning (DRL) method. Firstly, a new hydraulic-
thermal flow algorithm that is compatible with DRL training 
environment is developed. Then, a stochastic distributed optimi‐
zation model is formulated with multiple agents to minimize 
network power losses while avoiding operation constraint viola‐
tions under the spatial and temporal uncertainties. Last, a 
multi-agent deep deterministic policy gradient is adopted com‐
bined with offline neural network training via exploration in a 
virtual environment and online optimization of joint operation. 
A numerical case study indicates the effectiveness of the pro‐
posed method and solution robustness against spatial and tem‐
poral uncertainties.

Index Terms——Deep reinforcement learning (DRL), hydraulic-
thermal flow, power distribution system, neural network, agont, 
integrated electricity and heating system, uncertainey.

I. INTRODUCTION

WITH increasing renewable distributed generators 
(RDGs) and the global transition towards low carbon 

energy, integrated electricity and heating systems (IEHSs) 
have been widely adopted [1]. The conventional isolated en‐
ergy systems only consider the optimization of operation 
within each system and cannot be complementarily coordi‐
nated to boost energy efficiency [2]. Thus, in an IEHS, pow‐
er distribution systems (PDSs) and district heating systems 
(DHSs) are expected to be optimally coordinated, achieving 
an optimal joint operation with high energy utilization effi‐
ciency.

It is imperative to optimally coordinate different energy 
systems with flexible control on coupling units such as com‐
bined heat and power (CHP) plant that can simultaneously 
supply thermal and electrical energy. With the control on 
CHP plants and assessing respective energy flows, PDS and 
DHS can be jointly operated. Compared with conventional 
power flow only focusing on power system operation, the 
joint operation of PDS and DHS requires the modeling of 
CHP flow in the power system and DHS. The non-convex 
thermal energy model and the coordination of two energy 
flows bring extra challenge to the IEHS operation. In litera‐
ture, the operation of CHP plants in a distribution-level 
IEHS is investigated in [3], where a sequential solution algo‐
rithm for a hydraulic-thermal power flow model is devel‐
oped. Besides, the dynamic process of heat flow and the is‐
sue of time delay are considered in [4], where the partial dif‐
ferential equation of the temperature is modeled.

However, these studies focus on the modeling of multiple 
energy flows, while various uncertainties impacting the oper‐
ation are ignored. Uncertainties arise from RDGs as well as 
thermal and electrical loads, and they can significantly im‐
pact joint operation decision-making in terms of economic 
objectives and technical constraints. Reference [5] considers 
uncertainties of renewable and multi-energy loads in multi-
energy microgrid operation and addresses them via a robust 
optimization method, but the study focuses on aggregated 
thermal loads rather than DHSs. Reference [6] proposes a 
two-stage cost-effective operation method for a CHP plant 
and wind farm generation portfolio considering the uncertain‐
ties of thermal loads and wind power generation via stochas‐
tic programming. However, the stochastic optimization meth‐
od in multiple scenarios is computationally expensive. For a 
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PDS, besides spatial uncertainties, temporal uncertainties due 
to intermittent power generation and consumption as well as 
communication/response delays should be modeled and ad‐
dressed.

The joint operation optimization itself has computation 
challenges due to high nonlinearity of both hydraulic-ther‐
mal flow and power flow. In a DHS, the computation diffi‐
culty comes from bilinear terms of water temperature and 
mass flow rate. Conventional research works including [7] 
apply the Newton-Raphson algorithm to solve the hydraulic-
thermal flow iteratively with heavy computation burdens. 
The iteration method is simplified with a fixed supply tem‐
perature of CHP plants to reduce the computation burdens, 
while the supply temperature should be controlled by the 
plant operator for economic system operation. Recently, a 
commercial nonlinear solver is used in [8]. In [9], a piece‐
wise linearization technique is utilized for the non-linear con‐
straints. In addition, the convex relaxation methods such as a 
convex-concave procedure method [10] are utilized to deal 
with the bilinear term. However, the optimality gap may not 
be guaranteed, and the computation complexity is still very 
high. For a PDS, an accurate AC power flow model also re‐
quires the iterative Newton-Raphson algorithm. With com‐
plex operation conditions under heavy uncertainties, power 
system optimization models with relaxations may have poten‐
tial side effects of reduced accuracy.

To address these challenges, deep reinforcement learning 
(DRL) methods provide potential. As a data-driven online 
optimization method, DRL methods can learn the optimal de‐
cision policies while agents continuously interact with the en‐
vironment where multiple uncertainties are applied, without 
the prior knowledge of the probability distributions of those 
uncertainties [11]. Deep learning plays a crucial role in DRL 
methods by learning the mapping from states to actions. 
Deep learning models have been applied to solve the opti‐
mal power flow in power system operation [12] and volt/var 
control problem [13]. The DRL methods have been applied 
for power system operation [14]. Results indicate that com‐
pared with conventional stochastic programming methods, 
the DRL methods can contribute to reducing the operation 
costs and satisfying operation constraints in a power system 
[14]. While the mentioned challenges are mitigated in these 
research works, these DRL methods are applied for central‐
ized operation frameworks suffering from scalability and pri‐
vacy issues. To this point, multi-agent DRL method has been 
developed to solve operation optimization problems of large-
scale systems [15].

DRL methods, especially those with off-policy algorithms 
that can provide optimal policy, are efficient in solving opti‐
mization problems [16]. With stable convergence perfor‐
mance as a major advantage, deep deterministic policy gradi‐
ent (DDPG) algorithm has been widely used, and [17] devel‐
ops a multi-agent DDPG (MADDPG) optimization model 
for volt/var control of active distribution networks under var‐
ious uncertainties. The DDPG is suggested for its high sam‐
pling efficiency against on-policy algorithms and fewer pa‐
rameters used during training [18]. The DDPG is also able 
to handle continuous action spaces in an environment such 

as power system operation, IEHS energy management [19]
[20], and demand response [21]. Thus, DDPG optimization 
method can be developed for IEHS operation.

An actor-critic-based DRL method is proposed in [22] to 
solve an energy management problem of a smart home. 
However, the models of electrical power and heating net‐
works are not considered. Such network modeling is critical 
for system-level IEHS operation, where the operation charac‐
teristics from both networks are coupled and should be moni‐
tored by system operators for secure operation. A proximal 
policy optimization (PPO) method is developed in [23] to 
minimize the operation cost of a medium system-level 
IEHS, with the IEEE 15-bus test feeder. The method demon‐
strates reliable performance against uncertainties in compari‐
son with conventional mathematical methods including sto‐
chastic programming. In [24], compared with the PPO meth‐
od, the DDPG algorithm outperforms in keeping operation 
constraints such as system energy balancing, and it is less 
sensitive to various hyperparameters. Reference [25] adopts 
a DDPG algorithm to minimize the daily operation cost of 
an IEHS. However, the system operation conditions are sim‐
plified via a power balance model, so that the power losses 
and voltage dynamics are still omitted. On the other hand, 
[22] - [25] rely on single-agent DRL method, and the IEHS 
size is limited to one single heat and power source.

For a large-scale IEHS including multiple sub-systems, 
the single-agent DRL method can lead to high dimensional 
action and state space. The training process can suffer from 
slow convergence and high computation complexity. With a 
multi-agent DRL method, each local system operator can be 
responsible for its own network operation without sharing 
operation information with each other [26]. Considering the 
advantages of DDPG algorithm mentioned above, the MAD‐
DPG algorithm has been investigated to address these issues. 
Reference [27] applies an MADDPG algorithm to the sched‐
uling of microgrid-level IEHSs, which can optimize the ener‐
gy costs and carbon emissions. However, in the above re‐
search works, DHS hydraulic-thermal flow and PDS power 
flow models are either not considered or simplified with 
fixed supply temperature, thus losing accuracy. It is worth 
noting that the existing hydraulic-thermal flow algorithms 
are not compatible with the DRL methods. Besides, the un‐
certainties caused by geographically distributed power gener‐
ation, electrical and thermal loads, as well as temporal inter‐
mittencies have not been fully considered or specifically ad‐
dressed.

To address the above unsolved issues, we propose an opti‐
mal joint operation method of IEHSs based on multi-agent 
DRL method, minimizing power and thermal losses for 
IEHSs with accurate hydraulic-thermal and power flow mod‐
els. Multiple agents are used for distribution sub-networks 
and DHSs to achieve distributed operation, while various 
spatial and temporal uncertainties are addressed. The main 
contributions of the paper are given as follows.

1) A distributed optimization model is addressed for opti‐
mal joint operation of IEHSs, considering spatial and tempo‐
ral uncertainties.

2) A new hydraulic-thermal flow algorithm is proposed 
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for DHS operation, where supply and return temperatures of 
CHP plants and mass flow rates are all optimized, which is 
compatible with DRL method.

3) An MADDPG method is applied, where each power 
distribution and district heating area with a CHP plant is op‐
timized by an agent, to achieve a data-driven optimal joint 
operation of IEHSs.

II. DATA-DRIVEN OPTIMAL JOINT OPERATION

This paper proposes a data-driven optimal joint operation 
method for IEHSs. Modern PDS operation model can mini‐
mize network power losses and/or voltage deviations by con‐
trolling inverter-based RDG. DHSs aim to minimize opera‐
tion cost while fulfilling thermal requirement of the user, 
which is equivalent to the minimization of thermal losses 
while keeping water temperature within a range. Thus, the 
optimal joint operation of IEHSs aims to minimize power 
and thermal losses by controlling the CHP plants and RDGs.

To alleviate computation burdens and mitigate privacy is‐
sues, this paper proposes a distributed optimization frame‐
work with multiple agents, which is compatible with effi‐
cient multi-agent DRL method. The schematic system dia‐
gram of an IEHS with multiple agents is shown in Fig. 1.

The IEHS consists of a PDS and several DHSs. The PDS 
can be partitioned into multiple distribution sub-networks 
with local control centers. For each distribution sub-network, 
it is coupled with a DHS via a CHP plant. Each DHS has a 
local control center to adjust the electrical and thermal pow‐
er outputs. Under this framework, the distribution sub-net‐
works remain interconnected, whereas DHSs are isolated 
with a CHP plant as the thermal supply source. The hydrau‐
lic-thermal flow algorithm works for each individual DHS, 
while the power flow algorithm works for the entire PDS.

The PDS has a central control center with communication 
links to the local control centers. Applying the MADDPG 

method, this joint operation is characterized by centralized 
training and decentralized execution. The central control cen‐
ter takes the responsibility of neural network training for the 
whole IEHS, and it sends the well-trained neural network 
for each local control center. In real time, using the neural 
network, each local control center determines the operation 
actions with corresponding local measurements and dispatch‐
es them to the CHP plant or the RDGs. Note that each local 
control center is an agent for the MADDPG method.

III. HYDRAULIC-THERMAL FLOW ALGORITHM 

The DHS operation aims to provide sufficient thermal en‐
ergy for district heating customers and fulfill the supply tem‐
perature requirements. For this purpose, this paper develops 
a new hydraulic-thermal flow algorithm, which takes thermal 
supply of CHP plants and thermal demand of customers as 
inputs and determines supply temperatures in a DHS. Then, 
the temperatures are checked if they are within correspond‐
ing required ranges. This algorithm is compatible with the 
DRL training environment.

A. Hydraulic-thermal Model

For DHS k, a hydraulic-thermal model can be formulated 
as:

Akṁsk = ṁqk (1)

Bk Ekṁsk || ṁsk = 0 (2)

( )∑
"n ∈ L+

n

ṁn Tn = ∑
"n ∈ L-n

ṁnTn (3)

T -
l = (T +

l - Ta )e
-
λlΛl

cwṁl + Ta    "l (4)

ϕd
n = cwṁqn(T sup

n - T rtn
n ) (5)

ϕCHP
kt = cwṁqk(T src

k - T rtn
k ) (6)

where subscript t is the time index; Ak is the network inci‐
dence matrix in DHS k; ṁsk is the vector of the nodal mass 
flow rates in DHS k; ṁqk is the vector of the nodal net injec‐
tion mass flow rates in DHS k; Bk is the loop incidence ma‐
trix in DHS k; cw is the specific heat of water; Ek is the re‐
sistance coefficient matrix of pipes in DHS k; ṁqn and ṁqk 
are the nodal mass flow rates of node n and DHS k, respec‐
tively; ṁl and ṁn are the mass flow rates of pipe l and node 
n, respectively; T +

l  and T -
l  are the temperatures of start and 

end of pipe l, respectively; Ta is the ambient temperature; Tn 
is the temperature of node n; T src

k  is the temperature of 
source node in DHS k; T rtn

k  is the return temperature in DHS 
k; Λl is the friction factor of pipe l; λl is the length of pipe l; 
L+

n and L-
n are the water flows to pipe and from pipe, respec‐

tively; ϕCHP
kt  is the thermal power generation of CHP in DHS 

k; ϕd
n is the thermal power consumption; and T sup

n  and T rtn
n  

are the supply and return temperatures at node n, respective‐
ly.

Equations (1) and (2) present the hydraulic mass flow 
rates of the DHS. The thermal energy equality is given by 
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Fig. 1.　Schematic system diagram of an IEHS with multiple agents.
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(3), while the temperature drop of a pipe along water flow is 
expressed by (4). The thermal power and nodal mass flow 
rate for district heating demand and CHP plants are given by 
(5) and (6), respectively. Detailed explanation can be found 
in [28].

B. Hydraulic-thermal Flow Algorithm

A new hydraulic-thermal flow algorithm is developed and 
shown in Fig. 2. 

This algorithm takes ϕd
n and ϕCHP

k  as inputs. After the ini‐
tialization of T sup

n , T rtn
n , and ṁs, the algorithm updates the 

nodal and pipe mass flow rates by (1) and (2) as well as (5) 
and (6), respectively. Then, T sup

n  and T rtn
n  are updated by (3) 

and (4). If the changes of supply and return temperatures 
DT sup

k  and DT rtn
k  are within the iteration termination threshold 

ε, the outputs, i.e., T src
k , T sup

n , and T rtn
n , are obtained.

For the secure DHS operation, T src
k  should be limited by 

(7), while T sup
n  should also be controlled within the customer 

required range as shown in (8).

T srcmin
k £ T src

k £ T srcmax
k (7)

T supmin
n £ T sup

n £ T supmax
n     "n (8)

where T srcmax
k  and T srcmin

k  are the maximum and minimum 
source temperature limits, respectively; and T supmax

n  and 
T supmin

n  are the maximum and minimum supply temperature 
limits, respectively.

After obtaining T src
k  and T sup

n  by the hydraulic-thermal 
flow algorithm, the results are checked if they are within the 
required operation ranges. If the temperature results are out 
of the ranges, the CHP operator should modify the power 
output of CHP plant, thus providing sufficient thermal ener‐
gy in the DHS. The hydraulic-thermal flow algorithm may 
not cover certain thermal power inputs, leading to vast mis‐
matches between thermal supply and demand. Under this 
condition, it is expected to modify the thermal power output 

of the CHP plant first.
The developed hydraulic-thermal flow algorithm is com‐

patible with the training process of DRL method. For train‐
ing neural networks in a DRL method, random power out‐
puts of CHP plant are generated and used as inputs in the 
hydraulic-thermal flow algorithm. Then, the network source 
and supply temperatures of each node are checked to adjust 
the penalty in reward functions of neural network training, 
such that the temperature constraint violations can be avoid‐
ed after training.

IV. OPTIMIZATION MODEL UNDER UNCERTAINTIES

A. Optimal Joint Operation Model of IEHSs

1)　Multiple Objectives for Multiple Operators
In the optimal joint operation model of IEHSs, the hydrau‐

lic thermal flow in each isolated DHS is coupled with the 
power flow in the adjacent distribution sub-network via a 
CHP plant. The joint operation aims to achieve social bene‐
fits by minimizing multiple objectives for PDS and DHS op‐
erators as follows.

min
ì
í
î

ü
ý
þ

∑
kÎK

f H
k ∑

mÎM

f P
m (9)

where K is the set of DHSs; m and M are the set and index 
of distribution sub-networks, respectively; f H

k  denotes the op‐
timization objective for each DHS; and f P

m  denotes the opti‐
mization for each distribution sub-network.

The optimal joint operation model of IEHSs can be decou‐
pled into two optimization models for DHS and PDS, respec‐
tively, which are introduced as follows.
2)　DHS Optimization Model

The objective of DHS optimization model is to minimize 
the total thermal network loss and the penalty of temperature 
constraint violation. This is equivalent to the minimization 
of the total operation cost while fulfilling customer require‐
ments. The DHS optimization model can be formulated as:

ì
í
î

ïï

ïïïï

min
ϕCHP

kt

f H
k = ∑

t ∈OT
( )ϕloss

kt + λ
TϖTviol

kt

s.t.  (1)-(8)
(10)

ϖTviol

kt =∑
n ∈Nk

max{ }( )T sup
nt - T supmax

n 0( )T supmin
n - T sup

nt +

max{ }( )T src
kt - T srcmax

k 0( )T srcmin
k - T src

kt (11)

where ϕ loss
kt  is the thermal power loss of DHS k; λT is the pen‐

alty factor for temperature; ϖTviol

kt  is the temperature violation 
of DHS k; OT is the set of timesteps; and Nk is the set of 
nodes of DHS k. The penalty of temperature constraint viola‐
tion in (10) is calculated as the summation of all water tem‐
perature deviations out of the allowed ranges in (11).
3)　PDS Optimization Model

The objective of PDS optimization model is to minimize 
the total network power loss and the penalty of voltage con‐
straint violation. A PDS optimization model can be formulat‐
ed as:

min
pRDG

it qRDG
it

f P
m = ∑

t ∈OT
( )ploss

mt + λ
VϖVviol

mt (12)

Input fn and f CHP
k

d

Update nodal and pipe mass flow rates by (1), (2)
and (5), (6), respectively

Initialize T sup, T rtn, and msnn
�

Output ms
.

Output T sup, T src, and T rtn

nnUpdate T sup and T rtn by (3) and (4)

Start

End

N

Y

Hydraulic
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Thermal
model max(|ΔT sup|, |ΔT rtn|) £ ε?kk
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Fig. 2.　Hydraulic-thermal flow algorithm.
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s.t. 

pCHP
it =

1
η
ϕCHP

it     "i (13)

( pRDG
it ) 2

+ (qRDG
it ) 2

£ (S RDG
i ) 2

    "i (14)

0 £ pRDG
it £ pRDGmax

it     "i (15)

-δS RDG
i £ qRDG

it £ δS RDG
i     "i (16)

ϖVviol

mt = ∑
i ∈Nm

max{ }( )vit - vmax
i ,0, ( )vmin

i - vit     "i (17)

pRDG
it + pCHP

kt - pd
it = ∑

j ∈Nm

|| vit || vjt (Gij cos ( )ϑit - ϑjt +

)Bij sin ( )ϑit - ϑjt     "i (18)

qRDG
it - qd

it = ∑
j ∈Nm

|| vit || vjt (Gij sin ( )ϑit - ϑjt -

)Bij cos ( )ϑit - ϑjt     "i (19)

where ij is the index of branches in distribution sub-network 
m; i and j are the indexes of buses in distribution sub-net‐
work m; ploss

mt  is the active power loss of distribution sub-net‐
work m; Gij and Bij are the branch conductance and suscep‐
tance, respectively; λV is the penalty factor for voltage viola‐
tions; Nm is the set of buses in distribution sub-network m; 
pCHP

it  is the electrical power generation of CHP plant; pd
it and 

qd
it are the active and reactive power of electrical load, re‐

spectively; pRDG
it  and qRDG

it  are the RDG active and reactive 
power, respectively; pRDGmax

it  is the maximum available RDG 
active power; ϖVviol

mt  is the voltage violation in distribution sub-
network m; δ is the reactive power capacity factor of the in‐
verter; η is the power transfer efficiency factor; S RDG

i  is the 
apparent power capacity of the installed RDG; vit and ϑit 
are the bus voltage magnitude and angle, respectively; and 
vmax

i  and vmin
i  are the maximum and minimum voltage limits, 

respectively.
With the thermal power outputs of CHP plant given by 

DHSs, the electrical power outputs of CHP plant can be cal‐
culated by (13). Constraints (14) - (16) represent a practical 
operation limits on inverter-based RDGs with the var-priori‐
ty mode, where the active power could be curtailed only if 
the reactive power is insufficient. The penalty of voltage con‐
straint violation is calculated as the summation of all bus 
voltage deviations out of the allowed ranges by (17). The 
AC power flow model is presented by (18) and (19), and it 
can be solved by the Newton-Raphson iterative algorithm. 
The decision variables of the optimization model are 
{T supT srcPCHP }ϕCHPPRDGqRDG| v | θ .

The above optimization models of DHS and PDS are com‐
putationally expensive. Due to the coupled model of CHP 
plant in (13), one of the separate models of DHS and PDS 
with corresponding objectives could be infeasible when the 
coupled power outputs are determined and fixed by the other 
one. This is one of the motivations that the application of 
DRL method is highly expected. The hydraulic-thermal flow 
and power flow algorithms can be conducted to provide sim‐
ulation environment for DRL training process.

B. Stochastic Programming

It is essential to consider uncertainties of RDG active pow‐
er generation, active and reactive power consumptions, and 
thermal demands in the optimal joint operation model of 
IEHSs. Locational variations of RDG generation and electri‐
cal and thermal load predictions are regarded as spatial un‐
certainties, while short-term data errors due to power inter‐
mittency and communication/response delays are considered 
as temporal uncertainties. We apply a stochastic program‐
ming method to consider the spatial and temporal uncertain‐
ties via random scenarios for robust operation against uncer‐
tainty realizations.

In both PDS and DHS, system operation conditions may 
vary geographically across the entire systems. These varia‐
tions depend on uncertain user patterns, RDG operation sta‐
tus, etc. The optimal joint operation model of IEHSs is 
based on predicted intervals of RDG active power genera‐
tion, active and reactive power consumptions, and thermal 
demands. In particular, pRDGmax

it0
, pd

it0
, qd

it0
, and ϕd

nt0
 indicate 

spatial and temporal uncertainties at t0, constrained by the in‐
tervals as below.

-P
RDG
iζ £ pRDGmax

it0
£ -

P
RDG
iζ     "i (20)

-P
d
iζ £ pd

it0
£ -

P
d
iζ    "i (21)

-
Q d

iζ
£ qd

it0
£ -

Q
d

iζ
    "i (22)

-Φ
d
nζ £ ϕ

d
nt0
£ -
Φ

d
nζ    "n (23)

where -P
RDG
iζ  and 

-
P

RDG
iζ  are the spatial uncertainty and tempo‐

ral uncertainty of the maximum power points of RDG, re‐

spectively; -P
d
iζ and 

-
P

d
iζ are the spatial uncertainty and tempo‐

ral uncertainty of active power loads, respectively; 
-
Q d

iζ
 and 

-
Q

d

iζ
 are the spatial uncertainty and temporal uncertainty of 

reactive power loads, respectively; and -Φ
d
nζ and 

-
Φ

d
nζ are the 

upper and lower bounds of spatial uncertainty of thermal 
power consumption, respectively. To further eliminate the im‐
pacts of real-time power intermittency and communication/re‐
sponse delays, temporal uncertainties during each timestep 
are formulated as below. The intervals in this temporal uncer‐
tainty model vary temporally around the real-time measure‐
ments at t.

-P
RDG
iτ £ pRDGmax

it £ -
P

RDG
iτ     "it ¹ t0 (24)

-P
d
iτ £ pd

it £
-
P

d
iτ    "it ¹ t0 (25)

-
Q d

iτ
£ qd

it £
-
Q

d

iτ
    "it ¹ t0 (26)

Random scenarios are generated for spatial and temporal 
uncertainties. With sufficient scenarios, a scenario-based sto‐
chastic optimization model is formulated to obtain robust so‐
lutions. Note that the scenario-based stochastic optimization 
model is highly time consuming, and it is impossible for 
them to handle temporal uncertainties within a required short 
computation time. This is another motivation for the applica‐
tion of DRL method.
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V. APPLICATION OF MADDPG METHOD

The optimal joint operation model of IEHSs contains the 
thermal and electrical power of CHP plants. The hydraulic-
thermal and power flows could be solved alternatively for a 
joint operation decision. However, the non-linear and non-
convex models lead to extensive computation time, and tem‐
poral uncertainties could not be addressed by conventional 
programming methods. To solve these issues, we develop a 
multi-agent DRL method with MADDPG method.

A. DRL-based Optimization Model

The proposed optimal joint operation model of IEHSs is 
reformulated into a DRL-based optimization model. In this 
formulation, each control center of  distribution sub-network 
and DHS is modeled as an agent that suits the DRL training 
and execution requirements.

For the PDS agent m, an observation space O P
m covers the 

dynamic power system information including vit, pd
it, qd

it, 
and pRDGmax

it  within the corresponding distribution sub-net‐
work. An action space AP

m includes the continuous active 
and reactive power dispatch signals for each RDG inside the 
distribution sub-network, i.e., pRDG

it  and qRDG
it . A reward func‐

tion is modeled based on (12). In the DRL method, the re‐
ward to be maximized, i.e., rP

mt, is formulated as:

rP
mt =- ( ploss

mt + λ
VϖVviol

mt ) (27)

An observation space of the DHS agent k, OH
k , covers the 

dynamic DHS information including ϕd
nt, T src

kt , and T sup
nt . An 

action space AH
k  includes ϕCHP

kt . These actions are generated 
while ensuring that the thermal power outputs are larger 
than the loads. Similarly, a reward function rH

kt is modeled 
based on (10) as:

rH
kt =- (ϕloss

kt + λ
TϖTviol

kt ) (28)

A transition function T represents the system dynamics. It 
takes the environment to the next state after all agents adopt 
actions in the current state. In this paper, it directly corre‐
sponds to the optimal joint operation model of IEHSs. The 
observation spaces form an environment state space, i.e., S =
O P

1 O P
MOH

1 OH
k . Together with the action 

space, reward function, and transition function, the partially 
observable Markov game model presented as {SART} is 
then formulated, where each agent takes actions only based 
on its own observation and a respective actor network, πP

m or 
πD

k . With the actions of all agents taken in the current envi‐
ronment state, the system is taken into the next state through 
the transition function T: S ´ aP

1 ´ ´ aP
M ´ aH

1 ´ ´ aH
K ®S'. 

The target of each agent is to maximize its overall expected 
return R defined as:

R = ∑
tÎOT

γtr t (29)

where γt is the reward discount factor.
Given a state s and a state-action pair (sa), the perfor‐

mance evaluation is derived as a state value function V π(s) 
and a state-action value function Qπ(sa), respectively. Gen‐
erally, in DRL problems, these functions are established on 
the expected, discounted, and accumulated return on the 
state s and state-action pair (sa) [29]. The state value func‐

tion and the state-action value function are formulated as:

ì

í

î

ï
ïï
ï
ï
ï

ï
ïï
ï
ï
ï

V π(s) =Eπ{ |Rt st = s} =Eπ

ì
í
î
∑
k = 0

OT - t

γkr t + k + 1| st = s
ü
ý
þ

Qπ( )sa =Eπ{ }|Rt st = sat = a =Eπ

ì
í
î

ü
ý
þ

∑
k = 0

OT - t

γkr t + k | st = sat = a

 (30)

where E represents the expectation function.
Both functions map each agent from the current state to 

its potential final performance. The state-action value func‐
tion is mainly discussed and applied in the DRL model. 
When deterministic policies are given, the state-action value 
function (30) can be reformulated with the Bellman equation 
[29] as:

Qπ*( )sa = r ( )sas' + γ max
a'

Qπ*( )s'a' (31)

where π* represents the optimal policy, mapping from the 
current state S to the action A that the agent should take.

B. MADDPG Method

In an MADDPG method, agents are deployed to learn the 
optimal policies via a centralized training manner. Then in 
the decentralized execution, the optimal actions of each 
agent can be provided according to local observations. There 
are no specific communication links required among agents, 
and this method can be applied for a cooperative environ‐
ment [30]. Thus, an MADDPG method is developed to solve 
the optimal joint operation problem of IEHSs. Note that the 
central control center takes the responsibility of the central‐
ized training, while the local control centers work as the 
agents to make online decisions.

Each agent is equipped with a set of neural networks in‐
cluding actor networks, critic networks, target actor net‐
works, and target critic networks. The parameters of these 
networks are denoted as θπ, θQ, θπ', and θQ', respectively. 
The actor networks are mathematical approximations of 
agent policies to take actions based on given observations, i.e., 
π (ot|θπ ). On the other hand, the critic networks are mathe‐

matical approximations for the centralized state-action value 
function given in (31), i. e., Q ( )sa |θQ , with observations 

and actions from all agents, s = {oP
1 o

P
2 oP

Mo
H
1 o

H
2 oH

K} 
and a = { }aP

1 a
P
2 aP

Ma
H
1 a

H
2 aH

K . The target actor net‐
works and target critic networks are deployed in the MAD‐
DPG method to train the agents towards maximizing its over‐
all expected return formulated as (29).

The purpose of the training stage is for each agent to 
learn its optimal policy π *. To achieve this, θπ is updated to‐
wards maximizing the performance objective J (θπ ), which 

means in the direction of Ñθπ J (θπ ). Ñθπ J (θπ ) is often denot‐
ed as the policy gradient, and it is approximated as:

Ñθπ J ( )θπ »Es~ρΠa~θπ[ ]Ñθπ ln π ( )o |θπ Q ( )sa |θQ (32)

where ρΠ denotes the state distribution; and s~ρΠ and a~θπ 
denote the states sampled from ρΠ and the actions sampled 
from π in the state s, respectively. Details can be found 
in [31].
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Once the neural networks are initialized, all agents start in‐
teraction and exploration with the environment. For the spa‐
tial uncertainties, a stochastic state has been applied for each 
episode during the exploration. These states are generated 
based on (20)-(23). Within each timestep, the temporal uncer‐
tainties are sampled according to (24) - (26). In specific, the 
actions are taken into these parallel stochastic scenarios, and 
the rewards are derived according to the optimal joint opera‐
tion information of IEHSs in all scenarios. The transitions 
are then stored into a prioritized experience replay with flash 
replay [17], which improves the sampling efficiency.

The detailed procedure of the MADDPG method is ex‐
plained in Supplementary Material A. With enough accumu‐
lation of experience replay, the networks of each agent are 
updated. Moreover, the Q-loss functions are derived with 
temporal difference errors, and they are utilized for the critic 
network update, where the policy gradients are further de‐
rived and utilized for the actor network update. Then, the 
corresponding target networks are updated via a soft update 
velocity factor ó.

C. Overall Implementation Process

The overall implementation process of optimal joint opera‐
tion method of IEHSs based on multi-agent DRL method is 
demonstrated in Fig. 3. In this process, the PDS agents and 
DHS agents accumulate experience through interactions with 
the environment of combined power flow and hydraulic-ther‐
mal flow. Then, they learn to improve all rewards via the 
neural network training process given in Supplementary Ma‐
terial A Algorithm SA1. Note that due to IEHS coupling, the 
thermal power generation from the action space is also used 
in the state space for PDS agents to train their neural net‐
works.

State

Actor network

Reward
Deviation of bus voltage,
bus voltage violation, and

total power loss

Source supply temperature,
supply temperature violation,

and total thermal power
loss of violation

Electric load, available RDG
power, bus voltage, and electric

power generation of CHP

Inlet temperature and
thermal loads

  

Action RDG and active and
reactive power generation

Thermal power
generation

Environment
Power flow Hydraulic-thermal flow

Neural network parameter update

PDS agents

Flash-structure prioritized experience replay

DHS agents

Fig. 3.　Overall implementation process of optimal joint operation method 
of IEHSs based on multi-agent DRL method.

The spatial uncertainties are fully modeled as scenarios in 
the system state initialization, while the temporal uncertain‐

ties are fully modeled during each interaction with the envi‐
ronment. The MADDPG method is specifically developed to 
include the developed hydraulic-thermal flow model in the 
training process, thus solving the optimal joint operation 
problem of IEHSs.

VI. CASE STUDY

A. Test System Description

Numerical simulation tests are conducted on an IEHS 
with the standard 33-bus PDS [32], three practical DHSs [3], 
and assuming 120% scale thermal loads. The PDS consists 
of 3 interconnected distribution sub-networks, each coupled 
with a DHS via a CHP plant unit. The topology of test 
IEHS is displayed in Fig. 4, where T is short for transform‐
er. RDGs are installed at 12 buses as shown with circles, 
where the capacities are same with the electric loads of the 
local bus, with δ = 0.6. The base power is 10 MVA. The al‐
lowed bus voltage range is set to be [0.95 p.u.1.05 p.u.] for 
all buses. λV is set to be 10. In the DHSs, the supply temper‐
ature range is set to be [7090]℃. The return temperature is 
initialized as 30 ℃. Without the loss of generality, the elec‐
tric power capacity of CHP plants is 1 MW and η = 78.99%. 
The above system settings are designed according to industri‐
al projects of active distribution networks [33] and DHSs 
[34]. The parameters for the test IEHS and loads are record‐
ed and uploaded online, which can be found in [35]. The 
household power and thermal loads are aggregated to the 
bus and node level, which is a main assumption. Note that, 
when necessary, other test systems can be applied without af‐
fecting the effectiveness of the proposed method which is ge‐
neric to any IEHS settings.

The Adam optimizer is applied [36], with learning rates of 
10-5, γ = 0.9, and ó = 0.01. All rewards in the algorithm are 
scaled up by 103. The target Q-value estimation factor μ =

18
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Fig. 4.　Topology of test IEHS.
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0.95. The capacities of the main experience replay and the 
flash experience replay are 2 ´ 104 and 103, respectively. The 
minibatch size is 128. ε = 6 and it starts to decay by 0.1% to‐
wards 0 at every timestep during the training. For compari‐
son, a widely used on-policy PPO method [37] is applied to 
the same test system. For the clipped surrogate objective, we 
define ε to be 0.1, and γ to be 0.8. The learning rates of ac‐
tor and critic networks are both 10-5.

The simulations are conducted on a 64-bit PC with an In‐

tel 8-core 3.60 GHz i7-9700K CPU and one NVIDIA Ge-
Force RTX 2080 Ti GPU using Python platform, with the 
AC power flow solved by the PYPOWER solver [38].

Two typical cases are designed for numerical simulations.
1) Case 1: high-RDG low-load case with 100% RDG pow‐

er outputs, 50% electric loads, and 80% thermal loads.
2) Case 2: low-RDG high-load case with 0% RDG power 

outputs, 100% electric loads, and 100% thermal loads.
The uncertainty setup of the two cases is given in Table I.

B. Convergence of Data-driven Optimization

The convergences of the proposed method in cases 1 and 
2 are demonstrated in Figs. 5 and 6, respectively. The results 
demonstrate the overall good performance and coordination 
between PDS and DHS agents. The training results of PDS 
agent show good convergence avoiding voltage violations 
and reducing power losses. Meanwhile, the DHS agents 
have avoided temperature violations and reduced thermal 
power losses after training.

The convergences of the PPO method during the training 
process in cases 1 and 2 are illustrated in Figs. 7 and 8, re‐
spectively. Compared with PPO method, the proposed meth‐
od outperforms on the convergence of supply temperature 
and DHS power loss in cases 1 and 2, with the smaller train‐
ing fluctuation in episode 3000.

TABLE I
UNCERTAINTY SETUP OF TWO CASES

Case

1

2

é
ë

ù
û-P

RDG
iζ -P

RDG
iζ

[ ]0.71.0

[ ]00

é
ë

ù
û-P

d
iζ

-
P

d
iζ

[ ]0.40.6

[ ]0.81.0

é
ë

ù
û-

Q d

iζ
-Q

d

iζ

[ ]0.40.6

[ ]0.81.0

é
ë

ù
û-Φ

d
nζ
-
Φ

d
nζ

[ ]0.70.9

[ ]0.91.1

é
ë

ù
û-P

RDG
iτ -P

RDG
iτ

[ ]0.751.25 pRDGmax
it

é
ë

ù
û-P

d
iτ

-
P

d
iτ

[ ]0.951.05 pd
it

é
ë

ù
û-

Q d

iτ
-Q

d

iτ

[ ]0.751.25 qd
it

0.050

0.060

0.045
0.040
0.035

0.055

0 500 1000 1500 2000 2500 3000
Episode

(a)

0 500 1000 1500 2000 2500 3000
Episode

(b)

0 500 1000 1500 2000 2500 3000
Episode

(c)

0 500 1000 1500 2000 2500 3000
Episode

(d)

A
ve

ra
ge

 v
ol

ta
ge

de
vi

at
io

n 
(p

.u
.)

0.006
0.004
0.002

To
ta

l P
D

S 
po

w
er

lo
ss

 (p
.u

.)

125
100

75
50

A
ve

ra
ge

 su
pp

ly
te

m
pe

ra
tu

re
 (℃

)

0.20

0.10

0.15

0.05To
ta

l D
H

S 
po

w
er

lo
ss

 (p
.u

.)

Fig. 5.　Convergence of proposed method in case 1. (a) Average voltage de‐
viation. (b) Total PDS power loss. (c) Average supply temperature. (d) Total 
DHS power loss.
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Fig. 6.　Convergence of proposed method in case 2. (a) Average voltage de‐
viation. (b) Total PDS power loss. (c) Average supply temperature. (d) Total 
DHS power loss.
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C. Optimization Results

To validate the effectiveness of the proposed method in re‐
al time, 100 Monte-Carlo scenarios in each case are sampled 
and used as testing data, based on the setup in Table I. The 
results of the proposed method in two cases are shown in Ta‐
ble II. It shows that the proposed method performs well af‐
ter training, without voltage violations, significantly reducing 
voltage deviations and network power losses. 

The temperature violation is eliminated with thermal pow‐
er loss effectively reduced in both cases. The results of PPO 
method under two cases are shown in Table III. In compari‐
son with the PPO method, the proposed method outperforms 
with the lower maximum voltage deviation, average total 
PDS power loss, and average total DHS power loss in both 
cases.
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Fig. 7.　Convergence of PPO method during training process in case 1. (a) 
Average voltage deviation. (b) Total PDS power loss. (c) Average supply 
temperature. (d) Total DHS power loss.
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Fig. 8.　Convergence of PPO method during training process in case 2. (a) 
Average voltage deviation. (b) Total PDS power loss. (c) Average supply 
temperature. (d) Total DHS power loss.

TABLE III
RESULTS OF PPO METHOD IN TWO CASES

Case

Case 1

Case 2

The maximum 
voltage 

deviation (p.u.)

0.0499

0.0476

Average voltage 
deviation (p.u.)

0.0420

0.0204

Number of 
voltage 

violations

0

0

Average total 
PDS power 
loss (p.u.)

0.0038

0.0150

The maximum 
temperature (℃)

80.97

81.15

Average 
temperature (℃)

75.97

76.68

Number of 
supply temperature 

violations

0

0

Average total 
DHS power 

loss (p.u.)

0.017

0.016

TABLE II
RESULTS OF PROPOSED METHOD IN TWO CASES

Case

Case 1

Case 2

The maximum 
voltage 

deviation (p.u.)

0.0498

0.0475

Average voltage 
deviation (p.u.)

0.0422

0.0201

Number of 
voltage 

violations

0

0

Average total 
PDS power 
loss (p.u.)

0.0029

0.0143

The maximum 
temperature (℃)

88.15

82.70

Average 
temperature (℃)

77.32

76.53

Number of 
supply temperature 

violations

0

0

Average total 
DHS power 

loss (p.u.)

0.0149

0.0153
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D. Validation of Solution Robustness

To validate the solution robustness of the proposed meth‐
od, additional 5000 random scenarios have been generated 
as spatial and temporal uncertainties. For a comparison pur‐
pose, a deterministic optimization (DO) method and PPO 
method are applied with the same settings. Both methods are 

comparable to the proposed method for optimization and 
computation efficiency. The results of different methods in 
cases 1 and 2 are shown in Tables IV and V, respectively. In 
addition to the voltage violations and average values, the ab‐
solute voltage deviation and total PDS power loss (with 95th 
percentiles) are analyzed and compared. The 95th percentiles 
indicate the value at risk at the confidential level of 95%.

The proposed method demonstrates full robustness against 
temporal and spatial uncertainties, where no voltage magni‐
tudes are found that violate the voltage limits among 5000 
random scenarios in both cases. However, in case 1, DO and 
PPO methods lead to 14 and 1 out of 5000 random scenari‐
os with voltage violations during the operation, respectively. 
In case 2, although DO and PPO methods make no voltage 
violation, the proposed method significantly outperforms in 
minimizing the voltage deviations with the similar or re‐
duced power losses, showing better optimization efficiency. 
Since the proposed method considers stochastic samples in 
training neural networks, it can better control the risk on the 
objective of power loss reduction. It is evidenced that the 
proposed method can achieve the less total PDS power loss 
with 95th percentiles than the DO method, although the val‐
ues of average total PDS power loss are a bit higher. The ex‐
ecution time of the proposed method and PPO method is 
0.55 s and 0.54 s on average in cases 1 and 2, respectively.

VII. CONCLUSION

In summary, an optimal joint operation method of IEHSs 
based on multi-agent DRL method is proposed in this paper, 
minimizing multiple objectives while satisfying operation 
constraints. An MADDPG method is developed with a new 
compatible hydraulic-thermal flow algorithm. The temporal 
and spatial uncertainties have been fully considered and ad‐
dressed by the proposed method. Through the case studies, 
the proposed method has shown great performance after the 
efficient training procedure. Besides, it also outperforms a 
conventional DO method in two cases, with robust minimiza‐
tion results of voltage deviations and power losses.

In future works, advanced DRL training techniques includ‐
ing imitation learning and prioritized experience replay, as 

well as advanced DRL methods such as twin-delayed 
DDPG, can be utilized to further improve the training effi‐
ciency and apply to a larger-scale IEHS. To guarantee no vi‐
olations of operation constraints, safe action space tech‐
niques can be further introduced. Furthermore, the optimiza‐
tion of larger energy systems or energy clusters can be stud‐
ied with an application of the proposed method. Advanced 
learning structures such as federated learning and curriculum 
learning can be applied to further enhance the efficiency of 
the proposed method. Moreover, the potential of utilizing 
electric vehicle overnight charging strategies and vehicle-to-
grid functions to improve the economic and technical bene‐
fits for IEHSs will be investigated.
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