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Extreme events are greatly impacting the normal operations of microgrids, which can lead to severe outages
and affect the continuous supply of energy to customers, incurring substantial restoration costs. Repair crews
(RCs) are regarded as crucial resources to provide system resilience owing to their mobility and flexibility
characteristics in handling both transportation and energy systems. Nevertheless, effectively coordinating the
dispatch of RCs towards system resilience is a complex decision-making problem, especially in the context
of a multi-energy microgrid (MEMG) with enormous dynamics and uncertainties. To this end, this paper
formulates the dispatch problem of RCs in a coupled transportation and power-gas network as a decentralized
partially observable Markov decision process (Dec-POMDP). To solve this Dec-POMDP, a hierarchical multi-
agent reinforcement learning (MARL) algorithm is proposed by featuring a two-level framework, where the
high-level action is used for switching decision-making between transportation and power-gas networks, and
the lower-level action constructed via the multi-agent proximal policy optimization (MAPPO) algorithm is
used to compute the routing and repairing decisions of RCs in the transportation and power-gas networks,
respectively. The proposed algorithm also introduces an abstracted critic network by integrating the load
restoration status, which captures the system dynamics and stabilizes the training performance with privacy
protection. Extensive case studies are evaluated on a coupled 6-bus power and 6-bus gas network integrated
with a 9-node 12-edge transportation network. The proposed algorithm outperforms the conventional MARL
algorithms in terms of policy quality, learning stability, and computational performance. Furthermore, the
dispatch strategies of RCs are analyzed and their corresponding benefits for load restoration are also evaluated.
Finally, the scalability of the proposed method is also investigated for a larger 33-bus power and 15-bus gas
network integrated with an 18-node 27-edge transportation network.

1. Introduction

Since the increasing number of high-impact and low-probability
(HILP) events, power network resilience has received much research
interest from power industries and researchers [1]. HILP events include
both natural and man-made disasters (e.g., hurricanes, earthquakes,
cyber-attacks, etc.), which can cause a fatal impact on power net-
works [2]. Much research has focused on the development of effective
planning and operation strategies for resilience enhancement under the
concept of microgrids (MGs) [3]. Specifically, using locally available
distributed energy resources (DERs) (e.g., renewable energy resources
(RESs), energy storage systems (ESSs), and diesel generators (DGs)) to
restore essential loads can effectively improve resilience and reduce
economic losses after a serious outage [4]. However, it is worth noting
that an extreme event may also influence the natural gas network and
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interrupt gas supplies to customers. Thus, growing attention has been
paid to the interdependence between power networks and natural gas
networks in deciding the restoration strategy [5].

In addition to various DERs, repair crews (RCs) are crucial resources
for energy system outage management against natural disasters [6]. It
is desired that RCs repair damaged components (e.g., power plants and
network lines) in an optimal order; thus, the outage time can be re-
duced, the operating system can be recovered, and more essential loads
can be restored in a short time. In general, the RC dispatching prob-
lem can be divided into two sub-problems: routing and repairing [7],
which is a challenging task for efficient and stable system operations
considering the complexity of capturing the coupled transportation,
power, and gas networks. On the other hand, decentralization and
digitization are rapidly transforming the energy sector and disrupting
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Nomenclature

A. Indexes and Sets

teT Index and set of time steps

iel Index and set of repair crews (RCs)

d e ED Index and set of electric demand (ED)

deGD Index and set of gas demand (GD)

g € DG Index and set of diesel generators (DGs)

g€ GG Index and set of gas-fired generators (GGs)

gEPV Index and set of PV generators

gEGW Index and set of gas wells (GWs)

be EB Index and set of electric buses (EBs)

be GB Index and set of gas buses (GBs)

ne N Index and set of transportation nodes

lePL Index and set of distribution lines in power
network (PLs)

leGL Index and set of pipelines in gas network
(GLs)

reR Index and set of transportation roads

B. Parameters

At Time resolution (1 h)

cg"'” Load shedding cost of ED d (£/kWh)

cj‘” Load shedding cost of GD d (£/S m?)

174 Y Active power of PV g at time step ¢ (kW)

ij Active power of ED d at time step ¢ (kW)

fot Reactive power of ED d at time step ¢
(kVAR)

Gii Gas level of GD d at time step ¢ (S m?)

_:g Maximum active power of DG g (kW)

_Zg Maximum reactive power of DG g (kVAR)

g;’g Minimum active power of DG g (kW)

Q:g Minimum reactive power of DG g (kVAR)

Fgg Maximum power of GG g (kW)

fgg Minimum power of GG g (kW)

bt Coefficient for gas consumption of GG g
(S m3/kw)

_iw Maximum gas output of GW g (S m?)

Q’;"’ Minimum gas output of GW g (S m?)

17 Maximum permissible voltage (p.u.)

14 Minimum permissible voltage (p.u.)

B, Susceptance of power line / (p.u.)

G, Conductance of power line / (p.u.)

S, Capacity limit of power line / (kVA)

G, Capacity limit of gas pipeline / (S m?)

A Compression factor of compressor on gas
pipeline /

n Parameter for gas flow and pressure rela-
tionship on gas pipeline / (S m?/(h bar?))

RT/® Required time period for RC i to repair
damaged components (h)

RS}¢ Resource capacity of RC i to repair dam-

aged components (unit)

the traditional top-down philosophy of power systems [8], which makes
it a necessity to develop an effective distributed control algorithm
for those small-size decentralized RCs to exploit their flexibility in

C. Variables

Péf, Load shedding of ED d at time step ¢ (kW)

Gy, Load shedding of GD d at time step ¢ (S m?)

P;f Active power generation of DG g at time
step ¢t (kW)

Qfo Reactive power generation of DG g at time
step ¢ (kVAR)

P Power generation of GG g at time step ¢
(kW)

0% Gas consumption of GG g at time step ¢
(S m*)

Gﬁf Gas output of GW g at time step ¢ (S m?)

Vi Voltage of electric bus b at time step ¢ (p.u.)

By Voltage angle of electric bus b at time step
(%)

Py Active power exchange between electric bus
b and other buses at time step ¢ (kW)

o Reactive power exchange between electric

bus b and other buses at time step 7 (kVAR)

P, Active power of power line / at step ¢t (kW)

0, Reactive power of power line / at step ¢

’ (KVAR)

Pl"t’ Active power loss through power line / at
time step ¢ (kW)

Q;‘; , Reactive power loss through power line / at
time step 7 (kVAR)

G, Gas flow of gas pipeline / at time step ¢
(S m*)

Pps Gas pressure of nodal b at time step ¢ (bar)

resilience enhancement. To the best of the authors’ knowledge, the
integrated routing and repairing characteristics of RCs in a decentral-
ized framework for the coupled power-gas-transportation network have
not been investigated under the topic of resilience enhancement. As
such, this paper tries to propose a real-time and automatic control
strategy for a collaborative RCs dispatching problem towards multi-
energy system resilience enhancement in the context of a coupled
power-gas-transportation network.

1.1. Literature review on RCs for resilience enhancement

Model-based optimization methods have been widely developed to
formulate the routing and repairing characteristics of RCs on providing
resilience, e.g., load restoration problems [9]. For instance, in [10],
a distribution system restoration model involving RC dispatch and
networked MGs is suggested in response to multiple line outages caused
by natural disasters. In [11], the routing and repairing characteristics
of RCs are studied via an integrated mixed integer-linear program-
ming (MILP) model for the resilient service restoration of unbalanced
distribution systems. However, uncertainties are not captured in the
above two papers. In [12], a two-stage MILP model is proposed for
the resilience-driven dispatching problem of RCs towards load restora-
tion. Uncertainties associated with system demand and repair time
are handled via stochastic programming (SP). In [13], a co-dispatch
formulation of RCs and mobile emergency generators (MEGs) is pro-
posed to enhance both the survivability and restoration capability of
distribution systems. Uncertain network damage is modeled via the SP
as well. In [14], a hybrid stochastic-robust optimization approach is
developed to deal with various uncertainties (e.g., travel and repair
time, demand, and renewable energies) in the co-optimization problem
of RCs dispatch and distribution network reconfiguration. However,



D. Qiu et al.

it is worth noting that the above research only focuses on power
networks but ignores the integration of power networks with other
sectors, e.g., natural gas networks.

Recently, the increasing penetration of gas-fired generators and the
use of electricity-driven gas compressors have increased the interde-
pendence between power and natural gas networks, which raises the
importance of considering the resilience enhancement of combined
networks [15]. Only a few studies are focusing on the coordination
effects of RCs and coupled power-gas networks. In [7], a combined RC
dispatch problem is proposed to improve the resilience of interdepen-
dent power and natural gas systems in a post-disaster repair. However,
the proposed model does not consider any system uncertainty. In [16],
a sequential restoration model is developed to determine the repair
sequence of damaged components for resilience maximization, where
the restoration characteristics in terms of repair modes, repair time, and
recovery costs are considered. However, the detailed routing behaviors
of RCs and the associated uncertainties are not modeled in this paper.
In [17], a service-based optimal energy flow model is proposed to mini-
mize the consequences caused by windstorms through the coordination
of RCs and multi-energy systems. The uncertain locations of damaged
components are captured via the Monte-Carlo simulation technique.

It can be concluded that extensive efforts have been made to study
the RC routing and repairing problems for the resilience enhancement
of the coupled power-gas networks. However, the limitations of the
above research cannot be erased and are summarized hereafter. Firstly,
the routing characteristics of RCs are not settled in a detailed trans-
portation environment; thus, road congestion impact is not considered.
Secondly, uncertainties are handled via SP or robust optimization (RO)
approaches, which may only be able to capture a small number of rep-
resentative scenarios or lead to very conservative optimization results.
Meanwhile, SP approaches can be time-consuming, especially when a
large number of scenarios are involved; hence, they are not capable
of providing timely services for resilient multi-energy systems. Thirdly,
the model-based optimization problems assume that RCs require com-
plete knowledge of the experiment environment, e.g., power network,
gas network, transportation status, accurate uncertain parameters, etc.
However, such assumptions are normally impractical considering the
highly stochastic and dynamic real-world environment.

1.2. Literature review on state-of-the-art RL

Given the shortcomings of model-based optimization approaches,
reinforcement learning (RL) [18] is regarded as a model-free approach
to studying the sequential and dynamic decision-making problems
of agents who can gradually learn the optimal control decisions by
utilizing experiences gained from their repeated interactions with the
environment, without a prior knowledge. In addition, RL as an online
learning method can make efficient use of increasing data, thereby
capturing the system uncertainties and adapting to various state dy-
namics. Finally, once the RL algorithm is well trained, its policy can be
delivered to the online test set on timescales of milliseconds without
requiring any identification. Therefore, RL is claimed as an efficient
tool for real-time automatic control applications.

Previous research has successfully applied various RL algorithms to
energy system applications [19,20], but few of them have focused on
MG resilience issues. Overall, RL can be classified into two categories,
of which the first one focuses on the problem of a single entity, em-
ploying single-agent reinforcement learning (SARL) algorithms. In [21],
a Q-learning (QL) algorithm is used to generate the sequential order
of repairing damaged components and update the network topology to
obtain the largest amount of power supply on a given network topol-
ogy. In [22], a twin delayed deep deterministic policy gradient (TD3)
algorithm is applied to train the control decisions of mobile energy stor-
age systems (MESSs) designated destination and charging/discharging
behaviors, as well as the generation output, towards the MG resilience.
In [23], a model-free optimization framework based on the proximal
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policy optimization (PPO) algorithm is proposed to determine the
optimal rescheduling strategy of distributed generators and controllable
loads to improve the resilience of a distribution system. In [24], a deep
deterministic policy gradient (DDPG) algorithm is proposed to optimize
the power dispatches of generators and the charging/discharging of
ESSs. In [25], an advantage actor—critic (A2C) algorithm is proposed for
grid hardening decisions to improve the long-term distribution system
resilience. Nevertheless, the above research has successfully applied
various RL algorithms to power system resilience, none of which con-
siders the RC applications. To the best of the authors’ knowledge, there
is only one paper [26] that has applied the DQN algorithm to assess
the effectiveness of a repair crew allocation strategy and optimize the
strategy after an extreme event to improve the infrastructure network
resilience. Besides the conventional DRL algorithms, transfer learning
is a kind of technique learning the control policy from a certain level of
knowledge that can help accelerate the convergence speed, which has
been applied for the real-time energy management of plug-in hybrid
vehicles [27,28].

The second category focuses on the problem of a multi-agent
setup, employing multi-agent reinforcement learning (MARL) algorithms.
In [29], a double-agent RL model based on DQN and DDPG is proposed
to optimize the discrete load shedding control and the continuous
power generation in an islanded MG, with the objective of continuous
power supply to the distribution system. However, DQN and DDPG
are two separate RL algorithms that may bring out the inconsistency
of a multi-agent setup. Furthermore, the load agents and generator
agents train their control policies independently, which may cause the
instability of the training performance, since the policies are interac-
tional in a multi-agent setup. To this end, a multi-agent parameterized
double DQN method is proposed in [30] that introduces an abstracted
critic network incorporating the load restoration conditions, thereby
capturing the system dynamics and stabilizing the training perfor-
mance. Furthermore, instead of using two separate RL algorithms,
this paper computes a hybrid policy for both (discrete) routing and
(continuous) scheduling decisions of multiple MESS agents in a coupled
power-transportation network, to improve MG load restoration. Apart
from controlling the energy resources (e.g., load, generators, and stor-
age), MARL algorithms have been applied to network reconfiguration
problems for system resilience. In [31], a multi-agent soft actor—critic
(MASAC) algorithm is proposed to control the operating switches of
the MG network system to improve load restoration. In [32], a multi-
agent-based hybrid soft actor—critic (HSAC) algorithm is developed for
the siting and sizing of shunt reactive power compensators to enhance
system voltage resilience.

The above literature has successfully applied various SARL and
MARL algorithms to many promising MG resilience problems. Never-
theless, both two categories neglect the application of RCs to multi-
energy microgrid (MEMG) resilience enhancement in the context of a
coupled power-gas-transportation network. However, RC as a mobile
and flexible resource plays a vital role in MEMG resilience enhance-
ment. On the one hand, RCs can move to any location in the transporta-
tion network where the energy components are damaged. On the other
hand, RCs can make use of their efficient repairing ability to resume
grid operation and ensure a reliable system. However, making efficient
routing and repairing decisions in both transportation and power-
gas networks is not straightforward, since the routing and repairing
decisions of RCs are mutually exclusive, i.e., RCs cannot repair during
the trip in the transportation network, and also cannot drive when
connected to the grid in a power-gas network.

1.3. Research gaps and contributions

Although the above studies have demonstrated the valid applica-
tions of both model-based optimization and model-free MARL methods
to the RC dispatch problem, the following fundamental research gaps
still remain:
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(1) Previous work [7,10-17] employs model-based optimization ap-
proaches to solve the resilience-oriented dispatch problem of
RCs, which require complete knowledge of the experiment en-
vironment (e.g., power network, gas network, transportation
status, accurate uncertain parameters, etc.) and can be time-
consuming. Both of these characteristics are impractical, espe-
cially when HILP events are taken into account.

(2) Previous work applies SARL [22-25] and MARL [29-32] meth-
ods for various DER scheduling and management problems;
nevertheless, there is no research focusing on the application of
RL algorithms to resilience-oriented RC dispatch problems in a
highly stochastic and dynamic environment.

(3) Previous work employs a variety of MARL algorithms, e.g.,
MADQN [29], MADDGN [30], and MADDPG [29], MASAC [31,
32], to learn the operating strategies towards resilience enhance-
ment. However, the investigated RC dispatch problem involves
both routing and repairing decisions, which correspond to the
transportation and power networks, respectively. Since the rout-
ing and repairing decisions of RCs are mutually exclusive, the
above MARL algorithms fail to fully exploit the flexibility of
these two decisions.

To fill in the research gaps discussed above, this paper introduces
a hierarchical-based MARL algorithm that first learns a high-level (HL)
policy for selecting either making routing actions in a transportation
network or making repairing actions in a power-gas network; and
then learns a lower-level (LL) policy for making specific routing and
repairing actions. More specifically, the novel contributions of this
paper are described below:

(1) A decentralized partially observable Markov decision process (Dec-
POMDP) [18] is proposed to formulate the resilience enhance-
ment problem of a coupled power-gas-transportation network for
the coordination effect of multiple RCs on repairing damaged
components and reducing load shedding after extreme events.
The decentralized formulation can significantly reduce the com-
putational burden, avoid potential privacy issues, and ensure
reasonable RC dispatching results.

(2) Transportation, power, and gas networks are modeled as the
simulation environment of the proposed Dec-POMDP for RCs’ re-
alistic decision-making process. In detail, a traffic network model
is proposed to capture the impact of traffic time and congestion,
while a linearized network model is employed to capture the
coupling operation of power and gas networks. RCs make the
route decisions and repair schedules in this complex power-gas-
transportation network. In such a case, both the mobility and
flexibility of RCs can be exploited efficiently.

(3) A novel MARL method, namely HMAPPO, is proposed to ef-
ficiently solve this Dec-POMDP by proposing a hierarchical
learning architecture [33] to select either making a routing or
a repairing decision; a multi-agent proximal policy optimization
(MAPPO) algorithm [34] with parameter-sharing (PS) tech-
nique [35] to stabilize the training performance and enhance
the learning scalability; and a collective restoration index [30]
to represent the system dynamics with privacy protection.

(4) Extensive case studies on a real-world dataset have been de-
veloped to evaluate the superior performance of the proposed
HMAPPO over the conventional MARL algorithms in terms
of policy quality, learning stability, and computational time.
A generalized and real-time automatic routing and repairing
policy is produced and can be adapted to various power-gas-
transportation network uncertainties associated with traffic vol-
umes, demand profiles, and renewable energies. Finally, the
proposed method demonstrates its scalability to different RC and
network sizes.
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1.4. Paper organization

The rest of this paper is organized as follows. Section 2 describes
the studied problem and presents the mathematical formulations of RC
routing and repairing models in the coupled power-gas-transportation
network. Section 3 formulates the RC-related resilience enhancement
problem as a Dec-POMDP. Section 4 provides the detailed algorithm of
the proposed HMAPPO that can efficiently solve the Dec-POMDP. The
experimental setup and the case studies are presented in Sections 5 and
6, respectively. Finally, Section 7 discusses and concludes this work as
well as the future extensions.

2. Problem formulations of RC models in the coupled power-gas-
transportation network

We focus on the joint routing and repairing problem of multiple
RCs for MEMG resilience enhancement (e.g., load restoration) in a cou-
pled power-gas-transportation network, as illustrated in Fig. 1, which
involves three modules: the communication layer, the transportation
network, and the coupled power-gas network. In more detail, there is a
central monitor that can communicate with each RC and broadcast to
individuals the system outage information (e.g., damaged component,
status, and location) via the communication layer, in order to help
RCs make more informative decisions. However, unlike the previous
research [7] that RCs follow the command of the central monitor
(e.g., dispatch center), these privacy-preserving RCs are operated in a
decentralized manner in anticipation of a future trend towards resilient
distribution networks [36]. As a result, the central monitor is unable to
acquire the local information of RCs as long as each RC’s local infor-
mation is kept private. Then, these RCs can move between different
transportation nodes and choose to repair certain damaged compo-
nents. Inside the power network, DERs are appropriately deployed
on certain buses, including electric demand (ED), diesel generators
(DGs), and photovoltaics (PVs). Inside the gas network, gas demand
(GD) and gas wells (GWs) are appropriately deployed on certain buses.
The power network and gas network are coupled through gas-fired
generators (GGs).

Specifically, the potential destinations of RCs include their initial
depots and the locations of damaged components (e.g., power plants,
distribution lines, and gas pipelines). When an extreme event happens,
RCs are sent out (gray module in Fig. 1) to sequentially repair the
damaged components, which constitutes two kinds of alternative deci-
sions: (1) routing to destinations in the transportation network and (2)
repairing the targeted components in the power-gas network. On one
hand, for each journey in the transportation network (blue module in
Fig. 1), after observing the real-time transportation information of map
location and traffic volumes, RCs with a smart routing algorithm can
optimally manage the moving directions in the transportation network.
On the other hand, for each operation time reaching a certain damaged
component in the power-gas network (green and orange modules in
Fig. 1), after observing the real-time power or gas information of nearby
demand and RESs, as well as the required resources and time horizon
to repair this component, RCs with a smart repairing algorithm can
optimally choose to repair the component or not. However, these two
decisions are mutually influenced since making an efficient route plan
can save more time for RCs to fully exploit their carried resources in
resilience enhancement, while making an efficient repair decision can
allow RCs to have more time to exploit their transportation mobility.

Once the parking locations of RCs are determined, the coupled
power-gas network equips a microgrid central controller (MGCC) that
can optimally manage the power and gas schedules of each controllable
component by maximizing the overall system load restoration. Addi-
tionally, the coupled system is fully modeled by a linearized network
model capturing all the network constraints and technical constraints
related to stability properties, which ensures accurate optimization
results and secure system operations. In this section, we present the de-
tails of the proposed mathematical models, including the RCs’ routing
and repairing, the transportation network, and the linearized network
model for the coupled power-gas network.
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Fig. 1. The scheme of RCs routing and repairing process for multi-energy system resilience enhancement of a coupled power-gas-transportation network.

2.1. RCs routing and repairing

Let N be the set of original transportation nodes, where subsets N¢”
are the set of candidate nodes appropriately selected for RC routing,
i.e., damaged components [6]. I represent the set of RCs. The routing
behavior of RCs in the set of candidate transportation nodes N" can
be formulated by (1)-(2), which is sufficient for the incorporation of
the routing problem into an optimization problem [6]. In more detail,
constraint (1) demonstrates that RC i can only be connected with one
candidate node at one time step #, where binary variable ¢]7 ; indicates
whether RC i is connected with the transportation node m at time step ¢
(if a" i = = 1) or not (if a’c ot = = 0). Constraint (2) ensures that RC i routes
reasonably between dlfferent nodes, where T""! refers to the time period
required to route from node m to node n. Note that the traveling time
T!"' can vary with real-time road congestion, which is discussed in the
next subsection.

Y &l <1, Viel, teT @
meNId”’
min(t+T . T)
Yl < - ) min(TH. T 1), Vie I, Vme N,
=t
Vne N'™\{m}, V€T 2)

Depending on the routing behaviors of RCs, the repair plan of RC
i is formulated in constraints (3) and (4). More specifically, the binary
variable zj5  is 1 if the damaged component m is repaired by RC i
at time step 1, 0 otherwise, and RT/; corresponds to the time period
required to repair component m [6]. Constraint (4) ensures that the
damaged component m remains intact if it has been repaired by RC i.
Constraint (5) ensures that RC i’s resource capacity S is sufficient for
its repair tasks, where RS, ,, represents the resources required by RC i
to repair the damaged component m.

zlmt_(Za,mT)/RT":n,VteI Vme Ni"VieT 3
e Sz L, Viel, Vme NI Vi< T -1 “@
Y RS, -z <S8 Viel 5
meEN,.

2.2. Transportation network modeling

In the studied problem, RCs have different types of candidate nodes
(i.e., damaged lines and resources), which can formulate their own

y 3
P == = = = - - -> !

5 a
: N1 ﬁ. N2 N3 & RCs
! r2 (1h) /\ Depot
|
L |rtamy raen [ ] Damage
1 d
if ¥3 (1h) @® NodeR"
i Road r

N4 N5 N6

Fig. 2. Routing characteristics of RCs in a transportation network.

transportation networks constituted by N9". Here, we illustrate a sim-
ple example in Fig. 2, of which the RC i’s transportation network N ,.‘1'”
can be formulated as the closed-loop N1-N2-N5-N4.

Specifically, RC i performs routing behaviors on its own transporta-
tion network topology N/ dm which are influenced by the node locations
R"f 2as) € N dm and the travel time T'7 between any two candidate
nodes on road r at time step f. It should be noted that the node
locations R™ are fixed in relation to the network topology, whereas
the travel time T"! is influenced by real-time traffic volumes, which
can be estimated usmg [37] as follows:
rd

v, r
T = T+ a7 C’;’ YL YreR VteT

r

(6)

where T'" is the traveling time of free prevailing driving that mainly
depends on the road length. C,, ¢, ™ and Vr’;’ correspond to the
capacity, the retardation coefficients and the real-time traffic volume
of road r at time step ¢, respectively. Sets R and T indicate the road
set of the transportation network and the time set of the daily hori-
zon, respectively. This function can describe the relationship between
traveling time and traffic volume but also reflect road impedance from
the characteristics of traffic flow itself. Note that it is very important
to consider the road congestion impact for realistic routing behaviors;
nevertheless, most existing literature on MPS routing problems [6,10,
11] ignores this factor.

In order to clearly illustrate the routing characteristics simulated in
this paper, we prepare an example in this subsection. It can be observed
from Fig. 2 that the depot location of RC i is N4 and the location of the
damaged line is N2. Within the network topology N ,.d"‘, there are two
available routes for RC i to commute (i.e., i.e., r; = r, and r3 — r4), but
serious congestion occurs on road r, (the red road in Fig. 2), resulting
in a much longer travel time (3 h) on route r; — r,. In this context,
the RC will choose r; - r, as its commuting route rather than r; — ry
due to the less 1 h traveling time. Finally, the RC is expected to arrive
at its repairing destination, which is represented by the transportation
node set { R}/ }.
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2.3. Coupled power-gas network modeling

To incorporate appropriate RC dispatching behaviors into a coupled
power-gas network, this subsection introduces a linearized model for
network operations, capturing real-time statuses of damaged compo-
nents. Specifically, after RC i makes real-time repair decisions, the
network operator can solve the following linearized network model
for each time step f, which includes both the power network and the
natural gas network.

3 pow pls 8as ~ls
I:r,l)},r} Ef Z Ca’,t Pd,x + Z cd,x Gd,t} Q)

X deEL deGL
where
zopf _ dg ~dg pls ex ryex 2 g8
= - {Pg,t ’ Qg,t’ Pd.r’ Ph,r Tt Pbp,f’ pr,t’ Vb,r’ 5bp,r’ Gg,t’

w 1
G;z > GdSJ’ Gl,t! Pbi 1 8

where the objective function (7) towards the expectation of load shed-
ding minimization includes two terms: (1) shedding cost of electric de-
mand in the power network; (2) shedding cost of gas demand in the gas
network. The randomness of system uncertainty parameters (e.g., de-
mand, PV power generation, and damaged components) and corre-
sponding stochastic decision variables (e.g., power flows, gas flows,
generation outputs, gas well outputs, voltage angles, and gas pressure)
is taken into account by the expectation operator E{-}.

The optimization problem of power network is subject to the active
power balance at exchange bus b presented in (9), while the reac-
tive power balance corresponds to (10). The sets B,;, By,, B,,, and

"
B,, correspond to the nodal ED, DG, PV, and GG located atpbus b,
respectively. Classical equations pertaining to power flow problems
are linearized and shown in (11)-(12). Egs. (13)—(14) correspond to
the power network model, in which P,,, and Q,,, are the active and
reactive power passing the line b — p, respectively, and Plfp"’t and Q[b(;;,t
are related to the losses from active and reactive power linearized by
loss factors according to [38]. Constraints (15) and (16) are related
to the operation characteristics of voltage limits at bus » and thermal
capacities for line /, respectively. Finally, constraints (17)-(18) and
(19)-(20) show the active and reactive power limits of DG g and GG g,
respectively. Binary variable z‘;j]’ » zgﬁ, and zgﬁ correspond to the status
of power line b — p, DG g, and GG g, respectively (1 if intact, O if not),
depending on the RC repairing behaviors shown in Eq. (3).

dg s pU g8 __ pex ed
P+ N P+ PP+ N PE =Pt Y Pl
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0% < 0% < 2#50., Vg € GG, Vi€ T (20)

Regarding the natural gas network, a steady state natural gas opera-
tion is assumed in this paper [7]. Specifically, the gas system operation
constraints include gas supply in (21), nodal gas balance in (22), and
pipeline constraints in (23)-(26). Specifically, the capacity of GW is
constrained by (21), while the nodal gas flow balance is shown in
(22). The sets By Bgws and By, correspond to the nodal GD, GW,
and GG located at bus b, respectively. Pipelines without compressors
are denoted as inactive pipelines belonging to GL"“, while those with
compressors are active pipelines belonging to GL“’. The nodal gas
pressure p,, for a compressor with the gas flow from b to p in GL*' is
constrained by (23), where 4, indicates the compressor’s compression
factor at pipeline /. Constraint (24) ensures that gas pressure at each
node stays within a preset range. For an inactive gas pipeline with
a gas flow from b to p in GL™, the relationship between gas flow
and nodal gas pressure is represented by (25), where 5, represents
the relationship between gas flow and pressure based on Weymouth
equation. Furthermore, as expressed in (26), the gas flow is limited
by pipeline capacity, where the binary variable Zilt corresponds to the
status of the gas pipeline / (1 if intact, 0 if not), depending on the RC
repairing behavior as shown in Eq. (3). A piece-wise linearization tech-
nique from [39] is adopted to linearize the inactive pipeline constraint
(25). Finally, Eq. (27) expresses the energy conversion between power
generation P;* and gas consumption G5¢ of GG g, where b represents
the GG coefficient in Sm3/kW and G%¥ can be also regarded as the GD
Gif’t of load / located at bus B,, in the gas system.
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2.4. Problem challenges and solutions

Solving the above coordinated dispatch problem of RCs within
a power-gas-transportation network (Sections 2.2 and 2.3) is very
challenging. First, the examined RCs become clueless if the technical
parameters and mathematical models of the coupled networks are un-
known due to the privacy concerns in the smart grid concept. Similarly,
it is difficult to find the optimal solutions when utilities (e.g., MGCC)
do not own RCs since their operational constraints are not integrated
into the coupled network models. Second, the high-impact nature of
extreme events necessitates capturing various uncertainties; neverthe-
less, it is impractical to obtain accurate probability distributions of
uncertainties. Third, solving a time-coupled optimization problem may
take a long time, especially when a quick response to resilience pro-
vision is demanded while taking a vast number of stochastic variables
into account. Furthermore, it is hard to develop a generalized control
scheme that can be applied to any state condition. Fourth, even though
the system models and uncertainties are both known, RCs are moving
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Fig. 3. Architecture of the proposed Dec-POMDP.

towards a decentralized manner that can only observe partial informa-
tion of the coupled networks. Also, proper incentives presenting the
wills and behaviors of RCs may need to be designed to motivate them
to participate in the load restoration process [40].

To address the aforementioned challenges, we solve the above
problem via a MARL-based approach, which can prevent knowledge ex-
change among RCs while simultaneously yielding a coordinated scheme
for these decentralized agents via appropriate reward function design
and rational cooperation mechanism. Additionally, extensive inter-
actions with the environment throughout the learning process can
potentially capture system uncertainty. Finally, once the MARL algo-
rithm has been trained thoroughly, the control policies can be deployed
in milliseconds for realistic dispatching decisions in response to the
resilience problem.

3. Reformulation as a decentralized partially observable markov
decision process

3.1. Decentralized partially observable markov decision process

Since each RC is operated in a decentralized manner and can only
observe partial information of the power-gas-transportation network,
it is reasonable to model the problem of RCs routing and repairing for
resilience enhancement as a Decentralized Partially Observable Markov
Decision Process (Dec-POMDP) [18], of which its architecture is shown
in Fig. 3. Specifically, the Dec-POMDP is defined by (I, S,0, A, R, T,v),
which includes I RC agents, a set of global states s € S, a collection
of local observations {o; € O;}, a collection of action sets {q; € A;},
a collection of reward functions {r; € R;}, and a state transition
function 7 (s, a,.;, w) conditioned on the environment state s, all agents’
actions a; ., as well as the environment stochasticity w representing the
power-gas-transportation network’s uncertain parameters, e.g., traffic
volume, electric demand, gas demand, and PV power generation. The
time interval between two consecutive time steps 4r = 1 h.

At time step ¢, there is a particular state s, where the environment
is in. This state emits a joint observation according to the observation
model (dashed blue arrows) from which each agent observes its indi-
vidual component (indicated by solid purple arrows). Then, based on its
local observation o,,, each agent i chooses an action q;, in accordance
with the policy z(q;,|0;,). The combined actions of all agents cause the
environment to transit into a new state s,,; according to the transition
function 7 (dotted orange arrows). Then, each agent i receives a reward

r;, and a new local observation o,,,;. This process continues until
each agent i emits a trajectory of observations, actions, and rewards:
T, = 0;1,8;1,71,0;2,..., ;7 over O; x A; x O; — R. Each agent i seeks
to maximize its cumulative discounted reward R; = Z,Tzo y'r;,, where
y € [0,1) is the discount factor and T is 24 time steps in the daily
horizon. It is noted that apart from the local information (e.g., located
traffic volume, nodal demand and PV generation, and individual repair
status), each RC agent i can also observe the system outage status
 (e.g., damaged component and location), which is transmitted by
the central monitor. However, the RC agents are still operated in a
decentralized manner since the central monitor can only acquire partial
information while the agents’ local information is private. The detailed
components of Dec-POMDP in the proposed problem are detailed in the
following subsections:

3.2. Environment state and local observation

The environment state, s, = {o;,,...,0;,} € S, describes the config-
urations of all RC agents at time step ¢, where the local observation o;,
of each RC agent i at time step ¢ can be defined as an 11-dimensional
vector:

[er yrd Nrd Sdm Ndm ped_prv &d
t
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i’ i’
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Vviel, VteT, (28)

consisting of four parts: (1) the transportation information of the road
index R/Y and its corresponding traffic volume V,.’d, as well as the
termmated node index N"" to which the RC agent i is moving; (2)
the outage information of the damaged components’ status S and
location N¢™ in the MEMG, which are broadcast by the central monitor;
(3) the power and gas information of the nearby ED Pft", GD fo,
and PV generation P ; and (4) the repairing information of the time
horizon RT/y and resources RS]{ required by the RC agent i to repair
the damaged component, as well as the RC agent i’s current resource
status S77.

3.3. Action

The action g;, executed by each RC agent i at each time step ¢
consists of transportation network routing decisions and power-gas
network repair decisions, which are defined as a 2-dimensional vector:

=[a",d" e A, Yiel, VieT

17’ it

(29)
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where the discrete action a”’ € {0,1,2,3} is selected from the set of four
potential routing dlrectlons upon the currently located transportation
node, where 0 indicates the idle status without any routing behavior
and 1, 2, 3 indicates left, right, go forward, respectively. The binary
action a;” € {0, 1}, on the other hand, represents the repairing decision
of RC agent i (1 if repairing the component, 0 if not). It is worth noting
that these two actions 4/’ and a; are mutually exclusive, which means
that RC agent i cannot travel in the transportation network while also
repairing damaged components in the power-gas network.

3.4. State transition

The state transition from time step 7 to 7+ 1 is governed by function
Spe1 = T(0y.1,a1.1,@,). It is noted that the transition is influenced
partly by the agents’ actions a;.;, and partly by the environment’s
stochasticity w,. In the examined problem, this corresponds to the
exogenous state features w, = [Vl’,d R Pl“,’ R P‘”,L,Gg[] which are decoupled
from the agents’ actions and are characterized by inherent variability
and uncertainty. In this context, it presents significant challenges to
identify suitable probabilistic models which can fully capture such
randomness since it is influenced by many exogenous factors, such as
driving behaviors, energy usage behaviors, solar radiation, and load dis-
tinction. RL, however, remedies this problem in a data-driven approach
that does not rely on accurate models of the underlying uncertainties
but learns their probability characteristics through the historic data
or experience acquired from the environment via machine learning
techniques [18].

By contrast, the state transition for endogenous state features RS, d
N7d, sim, Nim, and S7¢ are determined by actions a7 and a;” adopted
at time step . When an RC agent i travels in the transportatlon network,
the vehicle’s global position system (GPS) can automatically detect the
local map information R,"f and N ;1 Furthermore, when an RC agent i
moves to the location of a damaged component N™, the associated
repairing time RT]; and resources RS;{ can be observed If the RC
agent i decides to repair this component (i.e., 4" = 1), the remaining
resources S7¢ at time step ¢ can be updated after the component is
repaired:

Ssre = Src _ areRSrc

it+1 i’

viel, VteT (30)

At the same time, the status S?" of this damaged component will be
transited to 1 from 0; the location N/™ of damaged component will be
updated as well.

3.5. Reward function

At the end of time step 7, each RC agent i obtains its reward r;,.
The objective of each RC agent i is to minimize the traveling time
in the routing process and the load shedding cost. Thus, the reward
function can be designed as two parts: (1) the penalty for traveling
time in the transportation network; and (2) the reward for providing
load restoration through repairing behaviors.
rig=-—k @ Ty +xy6,,, Vi€, Vt€T, Vre R (31)

it

where the binary u’d indicates whether (1) or not (0) the RC agent i is
on traffic road r at tlme step t. Furthermore, the index ¢;; indicates
the contribution of each RC agent i to the system overall demand
requirement, which can be expressed as:
it IG5
&= — + — Vi€l VieT (32)
Zieen Bt Tiean G,

where P/} represents the power flow through the repaired line or the
power generat10n supplied by the repaired DG; and Gy represents the
gas flow through the repaired pipeline. As a result, it can be observed
that the higher value of &;, indicates the better performance of the
system restoration condition provided by RC agent i. Finally, x; and
Kk, are two weighting factors that decide on the relative importance of
quality terms with respect to each other.
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4. Hierarchical multi-agent reinforcement learning

To solve the Dec-POMDP defined above, we propose a novel MARL
algorithm named HMAPPO, with its general architecture shown in
Fig. 4. HMAPPO derives four concrete implementation details that are
insightful and particularly critical to our proposed resilience problem:
(1) constructing a hierarchical architecture with a two-level frame-
work [33] to select either a transportation network route or a power-gas
network repair; (2) taking advantage of the MAPPO algorithm [34] in
sampling efficiency, learning stability, and hyperparameter robustness
to optimize the policy; (3) approximating an abstracted state-value
function through a set of collective indexes that represent system
dynamics to stabilize the multi-agent training performance with privacy
protection; (4) using the parameter-sharing (PS) technique [35] to
update a single common model for all agents to speed up training
process.

To clarify the process of the proposed HMAPPO algorithm in Fig. 4
in detail, we describe six steps inside the algorithm, which can be
summarized as below.

Step 1: At time step 7, each RC agent i can directly observe its local
information of (i) transport road index, traffic volume, and the
terminated node index moving to; (ii) nearby PV power genera-
tion, electric and gas demand; (iii) current resources as well as
the repairing time and resources of the damaged component. In
addition, each RC agent i can also acquire the system outage
information of the damaged component’s status and location
transmitted by the central monitor. As a result, the concate-
nation of local information and system outage information is
regarded as the final state o; observed by each agent i, which
is also defined in Eq. (28).

Step 2: In observing the local observation o;, the RC agent i performs
the HL action x; based on the HL policy u,(x|o). The HL ac-
tion is a binary decision switching between the transportation
network and the power-gas network. It is assumed in Fig. 4
that the RC agent i switches to making routing decisions in
the transportation network (green solid line) while the decision-
making process in the power-gas network (yellow dashed line)
is isolated.

Step 3: After selecting the HL action x;, the RC agent i can perform the
corresponding LL action a;. There are two kinds of LL action: one
is for routing action 4/’ in the transportation network if the HL
action is switched to the transportation system, and the other
one is for repairing action 4;” in the power-gas network if the
HL action is switched to the energy system. Because HMAPPO
employs the PS technique, the LL routing policy z,(alo) and
the repairing policy 7, (alo) are shared among all RC agents.

Step 4: Each RC agent i executes its routing action or repairing action
to the environment based on the LL policies. It is assumed in
Fig. 4 that the RC agent i executes the routing action af.” to
the transportation network (green solid line). It is noted that
the transportation routing action and the energy repairing action
cannot happen simultaneously for one RC agent, but can happen
simultaneously among different RC agents (i.e., the scenario
exists with some RC agents making routing decisions in the
transportation network and others making repairing decisions in
the power-gas network). The MGCC solves the linear network
algorithm for the coupled power-gas network and computes the
restoration index ¢; for each RC agent i. The environment can
also provide each RC agent i with new local observation o, and
reward r;.

Step 5: The central monitor retrieves the restoration index ¢; from the
environment and passes it on to each agent i. Each agent i will
then store one experience to its trajectory z; += [0;,x;, a;,r;. &1
that is used to update the network weights.

Step 6: Once a batch of trajectories is fully filled, they can be used to
update the critic network as well as the one HL and two LL actor
networks.
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Fig. 4. Architecture of the proposed HMAPPO algorithm.

4.1. Learn two-level hierarchies

Hierarchical reinforcement learning (HRL) is a variant of RL which
extends the decision problem to coarser grains with multiple hierar-
chies [33]. Amongst several HRL algorithms, the two-level framework
is a temporal abstraction for RL, where the high-level (HL) action lasts
for a number of steps through the low-level (LL) actions. Specifically,
for any RC agent i observing o, , at time step ¢, an UL action is selected
according to the UL policy x;, = u(x|o) — [0,1] € X; (e.g., when RC i
arrives at the location of a damaged component at time step ¢, there is
a x;;, = 90% probability to select repairing in power-gas network and
the left 10% probability to select routing in transportation network).
Afterwards, the LL policy z(alo) is used to determine the LL action a;,
(e.g., repair the damaged component to support resilience). This pro-
cess is repeated until the UL action switches to routing in transportation
network at x;, < 50%. The reward over the two-level framework is
defined as r;,, identical to vanilla RL in (31). Similar to RL on flat ac-
tions, the probability transition function over the two-level framework
is defined as p(o;;l0; . x;,) = Z;zl p(0; 141, v, where p(o; 41, f) is
the probability of a HL action making changes in f time steps. The
objective of agent i over two-level framework lasting for f time steps
can be rewritten as R;(0;X;,0;14f) = E[Z';{ y*~'r; ;1. Such process
continues and then emits a new trajectory of observations, HL action,
LL action, and reward for each agent i: 7; = 0; 1, X; 1. G; 171, 0i0s - s Iy
over O; X X; X A; X 0; — R.

In this context, we consider a two-level execution model (as de-
picted in Fig. 4), in which agent i picks up a HL action x;, according
to its UL policy u(x|o) at time step 7, then follows the LL policy z(alo)
to execute LL actions a;, for each time step 7 until the HL action makes
changes, at which point this procedure is repeated over time steps 7.
In order to automatically fit complicated circumstances, we refer to the
above hierarchical architecture as an actor—critic architecture [18]. The
HL policy u(x|o) and LL policy z(a|o) belong to the actor part, while a
state-value function V' (o, x) is introduced as the critic part to specify
the expected value of HL selection x;, in observation o;,. Since the
examined problem is characterized by high-dimensions and continuous
state space, we assume the actors and critic are all represented by
differentiable parameterized function approximators via deep neural
networks (DNNs). Specifically, for agent i, the HL policy u,, (x|o) is
trained by an actor network parameterized by y;; the LL policy x4, (alo)
is trained by another actor network parameterized by ¢;; and the state
value function V), (o, x) is trained by a critic network parameterized by
0;.

i

4.2. Construct categorical policies for routing and repairing actions

Following the selection of HL action x;; = p,,(x|o) for either
transportation or power-gas network, the RC agent i needs to make
physical actions using the LL policy a;, = 7, (alo) in observing o; ,. Since
the routing action 4! and repairing action 4], are both in discrete
space we can adopt the two categorical p011c1es to generate a”’ and

?, respectively. In this case, when the HL action x;, is sw1tched to the

transportatlon network, the RC agent i will perform the routing action

a'"', and when the HL action x;, is sw1tched to the power-gas network,
1t w1ll perform the repairing action a’

More specifically, we generate two softmax( f) distributions for
two discrete actions and compute two actor networks parameterized by
@' and ¢'” to output the corresponding probabilities for all potential
routlng selections and repairing decisions. The optimal actions a’” and

P are then respectively sampled from these two categorical pohc1es
Irl rep

a"l = ¢m(a|o) and a;" = m,e(alo) in observation o,,. The two
S ; :

categorical policies, 7y and =, are then separately updated by
the MAPPO algorithm [34], which minimizes their respective clipped
surrogate objectives to constrain the policy update, as follows:

LIy = B, [min(¢[7 A, . clip(], -, 1+€)A, )], Vie I, Vi€ T (33)

it

LI (@) = B, [min(]" A, . clip(]s", 1 — e, 1+ )A )], Vie I, Vi€ T
(39

where the first term is the normal policy gradient and the second term
trims the policy gradient by clipping the probability ratio ¢/, ¢/} be-
tween [1—e¢, 1+¢], with e being a small hyperparameter that encourages
less per gradient update of the new policy from the old version. The
probability ratios g“‘.’;’ ¢/;” can be expressed as:
. 7[¢;r1 (azt',rtl |0i,t) rep 7[¢rep (a |0, ,)
(l=——— and {'=—\"—T0— Viel, VieT
7 yrio1a (@ 10i,) %;e’om(“n,r o)’
(35)

Then, the HL policy u,, (x|o) characterized by discrete actions can be
optimized similarly as the above categorical policies in (33)-(34) and
the probability ratio of HL policy g7, can be derived similarly as the LL
discrete probability ratio in (35).

In addition, 4;, is a generalized advantage function as:

Ay=6,+v8, 0+ +y TG Vi€l VIET (36)
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Table 1
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Network structures and key features for different multi-agent reinforcement learning algorithms.

Algorithm Actor Critic Number of DNNs Training Execution Stationarity Privacy preserving
CTCE (ay. loy. ) V(.. %) 4 Centralized Centralized Yes No
DTDE n(a;|o;) V(0. x;) 1] x4 Decentralized Decentralized No Yes
CTDE n(a;|o;) V(oy.;.x1.1) 1] x4 Centralized Decentralized Yes No
HMAPPO (a;]0;) V(o;, %, &) 4 Decentralized Decentralized Yes Yes

Ois =riy +71/9,(01:1,r+15x1:1,r+1) - VGi(Olil,t’xljl,t)’ Viel, VieT (37)

where Vj (0, x) is the state-value function taking all agents’ local ob-
servations o,.; and UL actions x,.; in centralized training [34], which
is estimated by a critic network parameterized by 6; defined in Sec-
tion 4.1. It is also mentioned that providing all local information to
the critic can stabilize learning and foster coordinated behaviors for all
agents [34].

4.3. Abstract restoration index

However, the centralized critic network taking all agents’ local
information may raise problems. First, the shared information among
all agents can destroy their privacy, since these private-owned RCs are
not willing to exchange their dispatch behaviors with each other [40].
Second, concatenating all local information in centralized training may
not contain sufficient global information to reduce a POMDP to an MDP
as there can be critical information (e.g., load shedding quantity) which
is not observed by any of the agents during training. Third, even if
this information can be successfully obtained, it is impractical to apply
centralized critic to a large-scale system since the joint information
increases proportionally with the agent size. This paper thus assumes
the central monitor as a trusted third party who can spread to each
agent the extra information representing the system’s global dynamics
(e.g., load restoration status). As such, we approximate the multi-agent
joint state-value function of each agent i as:

Vo, (01.1,X1.1) = Vp, (0, x;.§), Vi€l (38)

where ¢; denotes the contribution of agent i to the system’s overall load
restoration status in (32). It can be observed that ¢; is an embedded
function that not only abstracts all other agents’ local observations
(e.g., I’ief,,,}’i’i”’t,Gith,Sl.’fJ,Vi— € I(i-), where I(i—) donates the set of
all other agents i— apart from i), but also reflects the status of agent i
providing system resilience (the higher value of ¢ indicates the better
performance of contributing to resilience enhancement, and vice versa).
As a result of incorporating ¢&; into the state-value function estimation,
each agent can make acquainted decisions based on the impact of self
and all other agents’ observations and actions, despite not knowing
their local information and control behaviors, thereby protecting the
privacy and also improving the scalability.

It should be noted that &;, for agent i at time step ¢ cannot be directly
embedded into the current observation o;, because it is only available
after MGCC solves the linearized network model after receiving all
the agents’ current actions (which are conditioned on the current
observations). However, because the training process is carried out
after gaining experience from the environment, the index ¢;, can be
applied to the training process of the critic network.

4.4. Training networks in PS technique

Before implementing the training process, we first discuss the con-
ventional MARL frameworks in the literature and then highlight the
motivation of using PS technique in our proposed HMAPPO algo-
rithm. In general, prior works have identified three major paradigms
for MARL, including (i) centralized training with centralized execu-
tion (CTCE); (ii) decentralized training with decentralized execution
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(DTDE); and (iii) centralized training with decentralized execution
(CTDE), of which their main features are outlined in Table 1. In addi-
tion, all the corresponding features of our proposed HMAPPO algorithm
are also reported in Table 1.

It can be observed from Table 1 that CTCE takes all agents’ local
observations as input and computes all agents’ actions simultaneously.
So, both actor and critic networks are updated in a centralized manner
rather than by individual agents. However, the implementation of CTCE
may raise agents’ opposition, since they are generally unwilling to
reveal their private information and exchange such information with
each other. DTDE, on the other hand, allows each agent to train its
individual actor and critic networks in a decentralized manner that
only requires local information, e.g., local observations and actions.
As a result, private information can be protected. However, because
the RC agents in the power and transport environment can influence
each other, a decentralized training framework that recognizes the
RC agents as independent entities while ignoring the correlation be-
tween them may raise the non-stationary issue in the environment,
thereby often leading to an ineffective training performance. To this
end, CTDE effectively circumvents the challenge of environmental non-
stationarity during the training process by knowing the information
of all agents’ local observations. During test time, the critic network
is not needed, and the policy execution is fully decentralized through
each agent’s actor network, which only takes its own local observa-
tion as input. Nevertheless, as with centralized training, CTDE is not
privacy-preserving.

In this context, we would like to propose a novel HMAPPO algo-
rithm, in which the critic network takes the restoration index &; as input
apart from the local observation o; and the HL action o;. As discussed
in Section 4.3, the deployment of the index & can effectively abstract
the system overall status, thereby stabilizing the training performance.
Furthermore, the other agents’ information is not required to ensure the
privacy of the training process. More specifically, during each training
iteration, HMAPPO runs for all agents using the shared one HL policy
Hy (x|0) and two LL policies 7yt (alo) and Tyrep(alo) for T time steps and
updates them with the collected trajectories 7; (also inserting index
& 1.7 transmitted by the central monitor for each trajectory). Once a
batch of trajectories are collected from the buffer J = {r,} ~ F, the
local agents can then make use of them to compute the discounted
reward-to-go R, = ¥;_ y"~'r,,, and the advantage function A,, based
on the shared and abstracted state-value function Vj(o,,.x,;.&,,) for
each trajectory : and time step t. Afterwards, we can train the three
actor networks by maximizing their objectives as:

J
L) = 5 Y min(g3 A, clip@ 1 - e 1+ 04,,), 39)
=1
1 J
L) = 7 Y min(¢7 A, clipC 1 - e, 1+ €)A,,). (40)
=1
1 J
L) = Y min(¢P A, clip[. 1 - e, 1+e€)A,,), (41)
=1

here J refers to the batch size. The critic network is trained by mini-
mizing the loss function of mean-squared error

J
£0) = 5 3 min(R,, Voo, x,,.£,). 42)
=1
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The following updates are then applied to the network weights,
where o, a?",a?" af are the learning rates of the gradient
ascent/descent algorithm for actor/critic networks.

v =y +a¥V, L), “3
o e 4 o?"'V ¢,,,£(¢f” ), (44)
PP — PP + a¢repV¢rep£(¢mp)» (45)
0«0+ aﬁ’VHE(Q), “6)

Finally, the pseudo-code of HMAPPO is shown as below:

Algorithm 1 HMAPPO for I agents

1: Initialize the shared weights w, """, ¢, 0 for actor and critic networks
2: Set learning rates a¥,a?",a?”, o’

3: for episode (i.e., day) epi =1 to E do

4:  Initialize the global state s, and local observation o,

5:  For each agent i, sets an empty buffer 7 = {}

6:  For each agent i, sets an empty trajectory r; = []

7:  For each agent i, selects HL switching action x;, = u,,(x|o) in observing

%0

8: for time step (i.e., 1 h)t=1to T do

9: repeat

10: for agent (i.e., RC) i=1to I do

11: Selects LL routing action a;, = a!’! = x4 (alo) (if HL action is for
transportation network) or repairing action a;, = a; = 7, (al0)
(if HL action is for power-gas network)

12: end for

13: Execute all agents’ actions a,.;, to the environment

14: MGCC solves the linearized network model and collects the load

shedding quantity P}, and G,

15: for agent (i.e., RC) i=1to I do

16: Observes reward r;, and next observation o, ,,

17: Central monitor transmits index ¢, to local agent i

18: Stores one sample experience to trajectory 7 +=
[0 X145 @i g5 145 & ]

19: while time step 1 % J =0 do

20: Agent i collects a set of trajectories r, from buffer 7, then

computes advantage function A,, and discounted reward-to-go
RE\/,I

21: Updates network weights w, ¢, ", 0 in (43)-(46)

22: end while

23: end for

24: Update local observation o,, < o,,,,

25: until UL action x;, = u,(x|0) is switched in new observation o;,

26: Update HL action x,, < x; 4,

27:  end for

28: end for

4.5. Test process

As stated in Section 4.4, the HMAPPO training process takes E
episodes until the trained policy is converged. In the test process, we
firstly collect the weight parameters y of the HL actor network and
¢, ¢p"eP of the two LL actor networks trained in Algorithm 1. For
each time step ¢ in the test day d, each RC agent i observes the local
observation o;,, then firstly selects the HL action x;, = u,(x|o) and
secondly executes the LL action a?ft’ = mgn(alo) (f x;;, < 50% when
HL action is switched to the transport network) or a:;” == ¢,”p(a|0)
(if x;, > 50% when HL action is switched to the power-gas network)
to the environment. The LL actions of all RC agents are then mapped
to the operation model of power-gas-transport network (environment),
transiting to the next state s,,; and local observation o, ,, | (Section 3.4).
Each RC agent i can also obtain its own reward r; , (Section 3.5). Finally,
the pseudo-code of the test process is shown as below:

11
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Algorithm 2 Test process of HMAPPO

1: Load the weight parameters v, ¢!, ¢ trained by Algorithm 1
2: for testday =1 : D do

3: Initialize the global state s, and local observation o;

4:  Selects HL switching action x; y = y,,(x|o) in observing o, o
5. for time step (i.e., 1h)t=1to T do

6: repeat

7 for agent (i.e., RC) i=1to I do

8 Selects LL routing action a,, = a?f,l = myn(alo) (if HL
action is for transportation network) or repairing action

a,, = aft” = 7Zge(alo) (if HL action is for power-gas
network)

9: end for

10: Execute all agents’ actions a4;.;, to the environment

11: MGCC solves the linearized network model and collects the

load shedding quantity Plft, fo,,

12: for agent (i.e., RC) i=1to I do

13: Observes reward r;, and next observation o; |

14: end for

15: Update local observation o;, < 0; 4,

16: until HL action x;, = u,(x|o) is switched in new observation

it
17:  end for
18: end for

5. Input data and experiment setup
5.1. Experiment setup

The examined MEMG includes a 6-bus meshed power network and
a 6-node radial gas network modified from [41], as illustrated in Fig. 5.
DERs, including 1 DG, 1 GG, 1 PV, and 2 GWs, are appropriately
deployed in the power and gas networks, respectively. Load distinction
into 2 essential loads (ED1 and GD1) with high shedding costs and 4
non-essential loads (ED2, ED3, GD2, and GD3) with low shedding costs
is located in the electric and gas buses. The load shedding costs for
essential and non-essential EDs are 2.5 £/kWh and 1.5 £/kWh, respec-
tively [30]. The load shedding costs for essential and non-essential GDs
are 2.0 £/S m? h and 1.5 £/S m> h, respectively. The operation data
of ED and PV generation in the power system is obtained from a real-
world open-source dataset Ausgrid [42]. The operation data of GD in
the gas network is obtained from [41]. In order to capture uncertainties
associated with PV generation and demand profiles, we select the PV
and load data from July 2012 to May 2013 (17 months) as the training
set and the PV and load data in June 2013 (1 month) as the test set.
Finally, the technical parameters of 1 DG, 1 GG, 2 GWs, and 3 RCs
are presented in Table 2. Here, we consider three kinds of RCs with
different repair abilities.

The transportation network is a 9-node and 12-edge road map as
shown in Fig. 6. It is assumed that there are 8 potential damaged
components in the studied MEMG as depicted in Fig. 5, which includes
1 DG, 1 PV, 3 distribution lines in the power network, and 3 pipeline
lines in the gas network. Their corresponding resources and periods for
restoration are presented in Table 4. The traffic data of the transporta-
tion network is presented in Table 3, expressing the transportation time
without congestion and the distance between two adjacent nodes. It can
be further observed from Table 3 that each road is characterized by its
distance and travel time to simulate the dynamic congestion impact
during the RC routing process. In this regard, it can be anticipated that
the RC agents will choose a more strategic routing scheme with shorter
transport time to save more time for connecting with the network
and obtaining higher rewards by providing resilience. Similar to the
uncertainties of PV generation and demand in the energy system, the
uncertainties associated with the traffic volumes in the transportation
network are also characterized by the real-world dataset, which is
collected from [43].
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DG Table 4
@ Required resources and time period to restore potential damages.
EBO Potential damage RS (unit) RT (h)
L Power line (PL) 2 -5 3 3
Power line (PL) 3 -4 2 2
Connection line (Grid) 3 4
DG 5 4
PV 2 3
Maingrid __| Gas pipeline (GL) 0— 1 3 3
EB3 Gas pipeline (GL) 3 -4 4 3
Gas pipeline (GL) 4 -5 3 2
ED2
GB0 GB1 GB2
5.2. Benchmarks
GW1 GW2
In order to validate the superior performance of our proposed
IGB3 GB4 IGBS HMAPPO in the examined RCs resilience enhancement problem, we
compare it against two state-of-the-art MARL algorithms (HPPO and
GD1 GD2 GD3

MAPPO), one heuristic algorithm (GA), and one model-based optimiza-
tion approach (MPC):

(1) HPPO: each RC agent adopts an independent MARL method em-

ploying a hierarchical architecture and the PPO algorithm [44].
i---_-:] ---------------------------------- .i In this setting, the PS technique and the index ¢ are not used. The
: [_3 E‘] E‘_l : inputs of critic network are 'local obser\'zation ‘o .and HL action
! GN 4-5 GN 3-4 PV ! x. In other w‘ords, thg benefit of ?ollectlve training .framework
! : and the key information ¢ capturing system dynamics are not

b ﬁ 11 ] i considered in this algorithm.
: /] T Connection &1 1 (2) MAPPO: based on our proposed HMAPPO, the RC agents remove
1 Depot between MG and PN2-5 i the hierarchical architecture while routing and repairing actions
i Main grid i are made simultaneously for each time step. In this setting, only
E [‘] [,] ['] : one actor network is constructed in MAPPO, and this singl(.e actor
: GN 01 DG PN 3-4 I network 1pputs the local ops.ervatlon 0 an.d outputs tl}e. actions of
ceedoe i i 0 1 both routing "’ and repairing a’°?. The inputs of critic network
T T are local observation o and restoration index . The PS technique

is not used.

Fig. 6. Transportation network of 9-node and 12-edge map. (3) GA: genetic algorithm (GA) [45] is a kind of heuristic algorithm
that defines a set of methods inspired by natural selection such
Table 2 as mutation, inheritance, and crossover. To apply GA to the
Technical parameters of DG, GG, GW and RCG examined RCs’ resilience enhancement problem, we first create
Component _ Parameters Values a daily genetic representation of the action domain (i.e., routing
DG pis, P 0, 0 0 kW, 150 kW, —67 kVAR, 150 kVAR a" and repairing ¢"?) and then define the reward function r
GG P, P 0%, 0%, e 0 kW, 200 kw, ~100 kVAR, 200 kVAR, as the fitness function. For each time step t, by iterating the
P, W, T 35&::“ 3/1(; E)Nsm3 fitness f'unction for each generation, GA produces a population
w2 wee 7 0 Sm’, 200 Sm® of candidate solutions for each RC agent and then selects the
RCI G 6 units optimal solution. The termination criterion is met either when
RC2 5 8 units the fitness level does not change in the past 10 populations,
RC3 5 10 units or the maximum generations have been reached. It should be
noted that GA is also a model-free method since RC agents
Table 3 search for the optimal solutions only based on the action do-

main and the fitness function, but without knowing the specific

Road data of 9-node and 12-edge transportation network. .
power-gas-transportation network.

Road From node To node Travel time (min) Distance (km) o .

o p 7 200 e (4) MPC: model predictive control (MPC) [46] is an advanced op-
1 7 s 417 48.7 timization method that allows the current time step to be op-
2 3 4 52.5 61.3 timized while taking future time steps into account and sat-
3 4 5 47.3 55.2 isfying a set of constraints. To apply MPC to the examined
;‘ (1) ; :;‘2) 461563.; RCs’ resilience enhancement problem, a centralized optimization
6 6 3 4 4'2 51' 6 is constructed with the objective function (7) and constraints
7 7 4 36.3 42.4 (1)-(6), (9)-(27), which assumes the perfect information of the
8 8 5 47.8 55.8 transportation network, power-gas network, RC models, and all
9 3 0 40.0 46.7 technical parameters.

10 4 1 36.7 42.8

11 5 2 38.4 44.8

5.3. Implementations of MARL algorithms

The detailed specifications of actor and network networks for three
MARL algorithms are presented in Table 5. There are three actor net-
works in HMAPPO and HPPO, but only one actor network in MAPPO.

12
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Table 5
The general specifications of three examined MARL algorithms.
Mechanism Actor network Critic network
linear(o_dim, 64) — ReLU() — softmax(64, 2)
HMAPPO linear(o_dim, 64) — ReLU() — softmax(64, 4) linear(o_dim+1+1, 64) — ReLU() — linear(64, 1)
linear(o_dim, 64) — ReLU() — softmax(64, 2)
linear(o_dim, 64) — ReLU() — softmax(64, 2)
HPPO linear(o_dim, 64) — ReLU() — softmax(64, 4) linear(o_dim+1, 64) — ReLU() — linear(64, 1)
linear(o_dim, 64) — ReLU() — softmax(64, 2)
MAPPO linear(o_dim, 64) — ReLU() — softmax(64, 8) linear(o_dim+1, 64) — ReLU() — linear(64, 1)
Table 6 Table 7

Computational performance (averaged values) of 3 RCs for different MARL
algorithms.

Averaged load shedding quantity and cost over 30 test days for different MARL
algorithms, GA and MPC.

Method Episodic training Number of episodes Total training time
time (s.) #) (h)

HMAPPO 2.98 1433 1.18

MAPPO 1.83 2267 1.15

HPPO 2.82 3000* 2.357

aFail to reach convergence within 3000 episodes.

The inputs of all actor networks are local observations in O_DIM = 11
dimensions. However, the outputs of actor networks vary for different
algorithms. In HMAPPO and HPPO, the outputs of three actor networks
are 2 dimensions’ HL action x (selecting transportation or energy
networks), 4 dimensions’ LL routing action a”’ (selecting idle, left, right
or go forward), and 2 dimensions’ LL repairing action a"” (repair or
not), respectively. In MAPPO, the outputs of one actor network are 8-
dimensional routing and repairing actions a”’ U ¢"? (the permutations
of 4 routing actions and 2 repairing actions). For the critic network,
a linear activation function is used for the output layer, while its
input varies for different algorithms. HMAPPO, as the most complex
algorithm, inputs the local observation o, HL action x, and restoration
index & HPPO and MAPPO, respectively, remove the restoration index
¢ and HL action x. Finally, in all three MARL algorithms, we construct
one hidden layer with 64 units using RELU as the activation function
for all actor and critic networks.

To make the experiments comparable, we run 3000 episodes with
T = 24 time steps for all MARL algorithms to evaluate their training
performance with the same 10 random seeds for the environment and
weights initialization. During the training process, we use the Adam
optimizer [47] for all actor and critic networks with a learning rate
a¥ = a?" = o = 10~ and o’ = 1073, respectively. The batch size
J = 24 refers to the number of collected trajectories per episode for
updating networks. We employ a clip rate ¢ = 0.2 and a discount rate
y = 0.9 used to expect a long-term return within a trading day of 24
time steps.

6. Case studies
6.1. Training and test performance

This section aims at comparing the training and test performance
of three examined MARL algorithms. Fig. 7 illustrates the evolution
of episodic reward of 3 examined RCs over 3000 episodes for dif-
ferent MARL algorithms, where the solid lines and the shaded areas
respectively depict the moving average over 50 episodes and the os-
cillations of the reward during the training process. Furthermore, their
corresponding averaged episodic training time as well as the averaged
number of episodes and averaged total training time required to reach
convergence of 3 RCs are collected in Table 6. Finally, the test perfor-
mance of system load shedding quantity and cost (7) for three MARL
algorithms, GA, and MPC over the 30 test days (June 2013) are also
compared in Table 7.

The first observation from Fig. 7 is that three MARL algorithms
exhibit an increasing trend in reward level for all three RCs at the

13

Method Power quantity (kWh) Gas quantity (S m’ h) Cost (£)
HMAPPO 568 934 2734
MAPPO 691 1089 3709
HPPO 932 1469 4911
GA 631 1026 3358
MPC 698 1072 3690

beginning of the learning process. However, the oscillation of HPPO
(green) is very significant. This phenomenon is particularly serious for
RC2 and RC3, as both of them fail to reach convergence within 3000
episodes and even exhibit a downward trend. We believe that such an
instability issue is mainly driven by independent learning that focuses
on local information only while ignoring the system dynamics, thus
rendering the environment non-stationary. To this end, MAPPO (or-
ange) involves the restoration index ¢ into the critic network that helps
learn the system dynamics. It is observed that MAPPO can effectively
mitigate such non-stationarity issues and exhibits better performance
in stability. However, MAPPO suffers from poor learning efficiency,
which results in a slow convergence speed. This is because, lacking the
hierarchical architecture, RC agents simultaneously generating routing
and repairing actions may lead to inefficient learning performance of
the critic network, since one of these two actions becomes meaningless
in the environment. Nevertheless, the network still needs to be trained
given this uninformative action and its corresponding reward. In this
context, our proposed HMAPPO (blue) addresses the aforementioned
issues by (1) learning system dynamics through the restoration index
¢ and (2) constructing a more reasonable hierarchical architecture to
take adaptive options to the environmental status (i.e., performing in
either the transportation network or the power-gas network).

We further assess how well they perform computationally during
the training procedure. Table 6 shows that MAPPO has the shortest
episodic training time (since it only requires training one actor network
to compute both routing and repairing actions, eliminating the need
for hierarchical architecture), followed by HPPO and HMAPPO (since
these two algorithms construct the same actor network and similar
critic networks, with the exception that HMAPPO requires the index &
as an additional input feature for the critic network). Additionally, we
see that HMAPPO (around 1433 episodes) demonstrates a faster rate
of convergence than MAPPO (around 2267 episodes). This is due to
the PS technique updating a single shared model for all agents that
have access to a faster algorithm. Due to its instability problem, HPPO
fails to reach to obtain convergence within 3000 episodes. Finally, our
proposed HMAPPO (1.18 h) costs the similar computational time to
MAPPO (1.15 h) but obtains a better policy quality.

Once the learned policies of three MARL algorithms are finished,
we collect the learned models and their associated weights from actor
networks and then broadcast them to 3 RCs to execute routing and
repair actions to the examined power-gas-transportation network over
the 30 test days (Algorithm 2). It can be observed from Table 7 that
HMAPPO still exhibits the best performance in terms of the lowest
(power and gas) load shedding quantity and cost among all three
MARL algorithms. Furthermore, we also apply the other benchmarks,
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Fig. 7. Episodic reward of 3 RCs (a—c) over 3000 training episodes for different MARL algorithms.

GA and MPC, to solve the problem. It can be observed that even though
GA is able to reach a close solution to our proposed HMAPPO, it is
computationally expensive and needs to find the solutions for each test
day. On the other hand, MPC also exhibits worse performance than
our proposed HMAPPO. This is because MPC solves the problem by
taking various system uncertainties into account that may converge
towards a local optimum. Overall, HMAPPO obtains the lowest load
shedding cost among all examined control methods, which is 26.29%,
44.33%, 18.58%, and 25.91% less than MAPPO, HPPO, GA, and MPC,
respectively (Table 7).

6.2. Evaluation of RC routing and repairing characteristics

This section aims at analyzing the 3 RCs’ routing and repairing
characteristics for system resilience enhancement. One outage scenario
is appropriately considered for presentation, including two power line
outages (PL2 — 5 and PL3 — 4), the connection with the main grid, two
gas pipeline faults (GL3 — 4 and GL4 — 5), and 1 power source damage
(DG at EBO), as depicted in Fig. 8. The detailed results of 3 RCs’ routing
and repairing characteristics under this considered outage scenario are
illustrated in Figs. 8 and 9. Fig. 10 presents the 3 RCs’ source status
for repairing the damaged components within the day. Figs. 11 and 12
respectively illustrate the daily power flows of 8 power lines and gas
flows of 6 gas pipelines in the coupled power-gas network.

It can be observed from Fig. 8 that all 3 RC agents are operating to
repair the damaged components within the day. Specifically, RC1 (blue)
leaves the depot and arrives at the damaged main grid connection,
then starts the repair at 2:01 and finishes at 6:00. In this case, the
main grid returns to normal operation at 6:01, which can also be
observed in Fig. 11. Once the main grid connection is fully repaired,
RC1 immediately travels to the damaged PL2 — 5 and spends 1 h
(6:01-7:00) on the journey. After 3 h’ repairing (7:01-10:00), PL2 — 5
returns to normal operation and starts supplying the power system.
In contrast to RC1, RC2 (red) chooses to first repair the gas system
(i.e., GL3 — 4) at 3:01 and finishes at 6:00. Then, RC2 immediately
travels to the damaged PL3 —4 (arriving at 9:00) and spends 2 h (9:01-
11:00) repairing it. As a result, GL3—4 and PL3—4 sequentially return to
the normal operation at 6:01 and 11:01, as depicted in Figs. 12 and 11,
respectively. Finally, RC3 (green) makes a long joinery (3 h between
4:01-7:00) across the entire power-gas network, spends 2 h (2:01-
4:00) and 5 h (7:01-12:00) repairing the damaged GL4 — 5 and DG,
respectively. As a result, the corresponding gas flow of GL4 — 5 and the
power supply of DG respectively become operable at 4:01 and 12:01,
as depicted in Figs. 12 and 11. In the above analysis of the routing and
repair processes, it can be highlighted that the gas network and the
main grid connection are prioritized to be repaired (in the first round
of repair in Fig. 9), which are more important for enhancing overall
system resilience. This is because (1) the examined gas network has a
radial topology, which is more vulnerable to extreme events compared
to the power network having a meshed structure; and (2) repairing the
connection with the main grid can provide a large amount of power
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Table 8
Load shedding quantity and cost for idle and HMAPPO dispatch strategies.
Strategy Idle HMAPPO
Power Quantity (kWh) 2924 503
Gas Quantity (S m* h) 5113 858
Cost (£) 14,190 2490

supply outside the MEMG, further improving the system reliability.
Finally, it can be observed from Fig. 10 that all three RCs have almost
run out of their resources by the end of the day.

Go further, we try to evaluate the benefits of RCs’ routing and
repairing characteristics in providing resilience enhancement by com-
paring it to the case if RCs are idle (no repairing behavior) under
the damaged power-gas system. Specifically, Figs. 13-16 illustrate the
power supplies and gas balances of the energy system with and without
RCs’ dispatches, respectively. It can be observed from Figs. 13-14 that
there is only limited load shedding in both power and gas networks
after the 3 RCs’ first-round repairs (the first 6 h). Then, all the EDs
and GDs can be fully supplied once the RCs finish the second-round
repair at 10:00. All resources (including main grid, PV, DG, GG, GWs)
are utilized for energy supplies. It is noted that the power supply of
GG in the power system (in Fig. 13) is supported by the GWs in the
gas network (in Fig. 14), considering the energy coefficient for gas
consumption in GG. However, it can be found in Figs. 13-14 that there
is a large amount of load shedding in both power and gas networks
during the scheduling horizon if RCs become idle without any dispatch
behaviors. In the power network, the power supplies from the main grid
and DG are completely zero. The support from GG is also limited by
the damaged power lines. In the gas network, only GW1 is operated to
supply the gas system, which is very weak to make the system operate
reliably.

Last but not least, the load (3 EDs and 3 GDs) level comparisons
between with and without RCs’ dispatch in power and gas networks
are illustrated in Figs. 17 and 18, respectively. On the one hand, there
are different levels of load shedding for all 3 EDs in the power network
before RCs finish repairing the connection with the main grid and two
damaged PLs. On the other hand, GD1 and GD3 in the gas network have
a large amount of load shedding before the GLs are repaired, while GD2
is not influenced by the extreme event since the connection between
GD2 and the gas supply is intact. Furthermore, we can also observe
that each ED and GD (apart from GD2) exhibits a certain level of load
shedding if there are no dispatch behaviors in the restoration process,
of which ED2, GD1, and GD3 are particularly serious without any load
supply. To make a detailed comparison, we present the load shedding
quantity and cost in both power and gas systems for Idle and HMAPPO
algorithms in Table 8. It can be observed that HMAPPO can provide
2421 kWh power restoration and 4255 S m? h gas restoration over the
load supplies in the idle strategy, which results in an 11,700 £ total
saving in load shedding cost.
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Fig. 8. Routing and repairing characteristics of 3 RCs inside the 6-bus power and 6-bus gas network.
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Fig. 9. Damaged components repaired by 3 RCs.

6.3. Scalability analysis in 33-bus power and 15-bus gas system

To further investigate the scalability of the proposed HMAPPO,
a larger operation system (a 33-bus power network, a 15-bus gas
network, and an 18-node 27-edge transportation network) is utilized
in this subsection, which includes 3 DGs, 6 PVs, 2 GGs, 4 GWs, 21 EDs,
and 9 GDs, while 8 RCs are employed for providing system resilience.
It is worth noting that the studied RC dispatch problem focuses on the
distribution network level, which is normally characterized by a radial
structure [48]; thus, the modified 33-bus power network is employed in
this section for scalability analysis. Furthermore, to capture the severe
damage caused by a natural disaster, one outage scenario including
8 PLs, 5 GLs, 1 DG, and 1 GG is appropriately selected for presen-
tation. Fig. 19 illustrates the network structure of the 33-bus power
and 15-bus gas network, and also expresses the routing and repairing
characteristics of these 8 RCs for resilience enhancement.

First of all, it can be observed from Fig. 19 that all 8 RCs are
dispatched to repair the damaged components in a coordinated manner,
while most of them perform multiple repairing tasks that fully explore
their mobility and flexibility for resilience enhancement. Although the
dispatching process of these 8 RCs is very complex, it is not hard to
find that network lines are more important for system resilience, which
has a higher priority to be repaired. Specifically, RC1 (blue) repairs
GL4-5 at 3:01-5:00; RC2 (red) repairs PL7—8 at 2:01-4:00; RC3 (green)
repairs PL25 — 26 at 3:01-5:00; RC4 (gray) repairs PL1 — 18 at 2:01-
6:00; RC5 (pink) repairs PLO — 1 (connection with the main grid) at
3:01-6:00; RC6 (brown) repairs PL31 — 32 at 2:01-6:00; RC7 (orange)
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repairs GL9 — 10 at 2:01-5:00; and RC8 (purple) repairs GL11 — 12 at
3:01-7:00. As a result, all 8 RCs contribute to the network lines’ repair
in the first-round dispatch, bringing five of the eight PLs and three of
the five GLs back to normal operation. Afterward, the other three PLs
and two GLs are successfully repaired in the second-round dispatch.
Finally, the damaged DG2 and GG2 are repaired by RC2 in the third-
round dispatch at 9:01-12:00 and RC7 in the second-round dispatch at
6:01-13:00, respectively.

Figs. 20 and 21 present the load restoration and the corresponding
energy supplies in power network and energy balances in gas network,
respectively. It can be observed that the load shedding for both power
and gas networks occurs at the beginning of the day, since RCs are
repairing the damaged components. Once part of these damaged com-
ponents is fully repaired and return to normal operation around 7:00,
all EDs and GDs are completely restored for the rest of the hours within
the day. Overall, there are 21.65 MWh of load restoration in the power
network and 26.61 M S m? h of load restoration in the gas network over
the day, which is 92.27% and 95.39% of baseline load, respectively.
In this context, we can conclude that the proposed HMAPPO exhibits
good scalability in both network and agent sizes, and also shows its
effectiveness in system resilience enhancement for the coupled 33-bus
power and 15-bus gas network.

7. Conclusions, discussions, and future work

This paper has developed a novel MARL algorithm named HMAPPO
for the real-time automatic routing and repairing problem of multiple
RCs in a coupled power-gas-transportation network, with the objective
of MEMG system resilience enhancement. In detail, a traffic network
model is proposed to capture the impact of traffic time and congestion,
while a linearized network model is employed to capture the coupling
operation of power and gas networks. The proposed HMAPPO has
various advantages for this particular problem. First, a hierarchical
architecture with a two-level framework is proposed to switch the
decision-making process between routing in the transportation network
and repairing in the power-gas network. Second, a PS-based MAPPO
algorithm is applied to enhance the learning efficiency and also ensure
stability and scalability by incorporating the restoration index into the
critic network.

Extensive case studies on a real-world dataset have been conducted
in two power-gas-transport networks to evaluate the training and test
performance of the proposed HMAPPO as well as analyze the dispatch
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Fig. 14. Energy balances in gas network after repairing.

behaviors of RC agents to provide system resilience. We now discuss the
key physical insights observed from the experiment results as below:
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ing the training process. In addition, HMAPPO in the test process
achieves 26.29%, 44.33%, 18.58%, and 25.91% lower averaged
system load shedding cost than the benchmark MAPPO, HPPO,
GA, and MPC, respectively, over the 30 test days. This is because
HMAPPO featuring a hierarchical architecture with a two-level
framework is able to take more targeted actions, i.e., select either
a transportation network route or a power-gas network repair
in observing different state conditions. Furthermore, HMAPPO
approximates an abstracted state-value function through a set of
collective indexes that can represent system dynamics to stabi-
lize the multi-agent training performance. However, MAPPO and
HPPO either do not benefit from the hierarchical architecture or
do not benefit from the abstracted state-value function, thereby
suffering from the low-quality policy issue and the instability
issue, respectively. Finally, HMAPPO learns a faster policy than
MAPPO and HPPO due to its parameter-sharing technique that
can update a single common policy for all RC agents, speeding
up the training process.

The routing and repair behaviors of RCs have been analyzed in
the context of a 6-bus power network, a 6-node gas network,
and a 9-node 12-edge transportation network to show the ef-
fectiveness of learned policy in providing system resilience. In
general, the 3 RCs that are utilized can cooperatively repair the
damaged lines sequentially within the day and then restore both
the power and gas systems to normal operation in 6 and 7 h,

@
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respectively. This is because RCs have learned to prioritize the
restoration of critical lines. For example, the first task for RC1
is to repair the main grid connection (Fig. 8) in order to allow
a more sufficient power supply from the external grid (Fig. 13).
Overall, 3 RCs under the proposed HMAPPO algorithm can help
the MEMG provide 2421 kWh of power load restoration and
4255 S m? h of gas load restoration, which together result in
an 11,700 £ total saving in load shedding cost.

Fig. 19. Routing and repairing characteristics of 8 RCs inside the 33-bus power and 15-node gas network.

evaluated in the
a 15-node radial

system resilience.
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(3) The scalability of the proposed HMAPPO algorithm has been

context of a 33-bus radial power network,
gas network, and an 18-node 27-edge trans-

portation network, in which 8 RCs are operating to provide

Owing to the parameter-sharing technique,

these 8 RC agents can train a common policy together, which
can accelerate the training speed. In addition, the abstracted
state-value function inputs the information of local observations,
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high-level switch action, and a restoration index that is scalable
for multi-agent setup, since the input dimensions of the critic
network do not change with the number of agents. Finally, 8
RCs can help the MEMG provide 21.65 MWh of load restoration
in the power network and 26.61 M S m? h of load restoration in
the gas network, which is 92.27% and 95.39% of baseline load,
respectively.

Nevertheless, the research limitations and future extensions of this
work should be discussed. First, the environment state introduced in
this paper focuses on the observed information at the current time step
only. However, considering that RL is operating in a dynamic process
and some of the state features (e.g., traffic volumes, PV power gener-
ation, power and gas demand) capture the time-series characteristics,
future work will make use of the advanced forecasting method, support
vector regression (SVR) [49] or long short-term memory (LSTM) [50]
techniques, to predict the future trends of time-series states and feed it
into the RL training process. Second, this paper only focuses on the mo-
bile sources of RC technology. Future work will include various mobile
power sources to provide resilience, such as mobile emergency genera-
tors (MEGs), mobile energy storage systems (MESSs), electric vehicles
(EVs), etc. Third, this paper only solves the load restoration problem of
a MEMG after an outage occurs. However, the other stages of resilience
are not considered. Future work will focus on the coordination of
different stages (e.g., vulnerability assessment, preventive allocation,
and restoration action) towards system resilience enhancement.
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