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Abstract—Mobile power sources (MPSs) have been gradually
deployed in microgrids as critical resources to coordinate with
repair crews (RCs) towards resilience enhancement owing to their
flexibility and mobility in handling the complex coupled power-
transport systems. However, previous work solves the coordinated
dispatch problem of MPSs and RCs in a centralized manner
with the assumption that the communication network is still
fully functioning after the event. However, there is growing
evidence that certain extreme events will damage or degrade
communication infrastructure, which makes centralized decision
making impractical. To fill this gap, this paper formulates
the resilience-driven dispatch problem of MPSs and RCs in a
decentralized framework. To solve this problem, a hierarchical
multi-agent reinforcement learning method featuring a two-level
framework is proposed, where the high-level action is used to
switch decision-making between power and transport networks,
and the low-level action constructed via a hybrid policy is used
to compute continuous scheduling and discrete routing decisions
in power and transport networks, respectively. The proposed
method also uses an embedded function encapsulating system
dynamics to enhance learning stability and scalability. Case
studies based on IEEE 33-bus and 69-bus power networks are
conducted to validate the effectiveness of the proposed method
in load restoration.

Index Terms—Mobile power sources, Repair crews, Microgrid
resilience, Power-transport network, Hierarchical multi-agent
reinforcement learning.

NOMENCLATURE

A. Indices and Sets

teT Index and set of time steps (hours)

beB Index and set of electric buses

lel Index and set of power lines

deD Index and set of loads

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

g € PV Index and set of photovoltaic generation (PVs)
g€l Index and set of mobile emergency generators

(MEGs)
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n € Ny
w € Ny

Index and set of mobile energy storage systems
(MESSs)

Index and set of repair crews (RCs)

Index and set of MESS stations (MSs)

Index and set of damaged components

B. Parameters

At
cff

P’

pr
Lop

Sbp

Time resolution (1 hour)

Load shedding cost of load d (£/kWh)
Maximum active power of MEG g (kW)
Minimum active power of MEG g (kW)
Maximum reactive power of MEG g (kVAR)
Minimum reactive power of MEG g (kVAR)
Power capacity of MESS £ (kW)

Maximum SoC of MESS k (%)

Charging efficiency of MESS k (%)
Discharging efficiency of MESS k (%)
Time period required to repair component w
Resource capacity of RC j

Resources required to repair component w
Maximum active power of DG g (kW)
Minimum active power of DG g (kW)

Maximum reactive power of DG g (kVAR)
Minimum reactive power of DG g (kVAR)
Active power capacity of PV g at time ¢ (kW)
Apparent power capacity of PV g at time ¢ (kVA)

Baseline of active load d at time ¢ (kW)

Baseline of reactive load d at time ¢ (kVAR)
Maximum permissible voltage (p.u.)
Minimum permissible voltage (p.u.)
Resistance of line (b, p) (p.u.)

Reactance of line (b, p) (p.u.)

Capacity limit of line (b, p) (kVA)

C. Variables

eg
Pyt

QZ?n,t

P(iSC

k,n,t

Pesd

k,n,t

es

k.t

es
U

Active power generation of MEG g in MS n at
time t (kW)

Reactive power generation of MEG g in MS n at
time ¢ (kVAR)

Charging power of MESS k in MS n at time ¢
(kW)

Discharging power of MESS £ in MS n at time ¢
kW)

State of Charge (SoC) of MESS k at time ¢
Binary indicating the scheduling status of MESS
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k at time ¢t (1 if charging, O if discharging)

Re3S, 4 Binary indicating if RC j is repairing component
w at time ¢ (1 if repairing, 0 otherwise)

255t Binary indicating if the component w has been
repaired by RC j at time ¢ (1 if repaired, O
otherwise)

Uit Binary indicating the connection status of mobile
unit ¢ on node n at time ¢ (1 if connected, O
otherwise)

P; 9 Active power generation of DG g at time ¢ (kW)

ng]t Reactive power generation of DG ¢ at time ¢
(kVAR)

pPsd Restored active load d at time ¢ (kW)

ed Restored reactive load d at time ¢ (kVAR)
Py if’ Active power of PV g at time t (kW)
i Reactive power of PV g at time ¢ (kVAR)

Vit Voltage magnitude at bus b at time ¢ (p.u.)

Pyt Active power flow of line (b,p) at time ¢t (kW)

Qup.t Reactive power flow of line (b, p) at time ¢ (kVAR)

Py Active power output of PV g at time ¢ (kW)

€t Binary indicating the energized status of bus b at
time ¢ (1 if energized, O otherwise)

Yop.t Binary indicating the energized status of line (b, p)
at time ¢ (1 if energized, O otherwise)

Fopt Virtual power flow through branch (b, p) at time ¢

F3 4 Virtual output of black-start resource a at time ¢

I. INTRODUCTION
A. Background

Extreme events (e.g., hurricanes, storms, and earthquakes)
featured by high impact and low probability can cause a
catastrophic effect on power systems (e.g., severe power
outages) [1]. Given the serious disruptions, the main goal of
a resilient power system should be to maintain the supply
continuity of essential loads (e.g., medical facilities and police
stations), constituting a system load restoration problem [2].
As one emerging type of distributed energy resources (DERs),
mobile power sources (MPSs) have been applied in power
systems to coordinate with traditional mobile resource repair
crews (RCs) for system load restoration due to their mobility
and flexibility characteristics [3]. However, the deployment of
these MPSs and RCs also creates new complications for the
resilient operation of power systems, as they are transiting into
a decentralized fashion characterized by quick responses as
well as various system dynamics and uncertainties [4]. In this
context, it is necessary to develop an efficient decentralized
control scheme for the resilient coordination of MPSs and RCs
in a complex power-transport network.

B. Literature Review

In the existing literature, the dispatches of MPSs and RCs
are commonly solved as individual problems in a centralized
manner. On one hand, in [5], [6], RC routing behaviors are
formulated as a deterministic optimization problem to address
the load restoration in the initial stage, while uncertainties
associated with repair time and demand are realized in the

later stages. On the other hand, mobile emergency generators
(MEGs) have also demonstrated their advanced mobility in
restoring essential loads [7], [8] via stochastic programming
(SP) considering uncertain line outages. Additionally, mobile
energy storage systems (MESSs) as the key technology of
MPSs normally coordinate with MEGs for load restoration
[9], while uncertain contingencies are handled via robust
optimization (RO) [10] and SP [3]. However, prompt load
restoration can be influenced by both the operability of a to-be-
repaired branch and the availability of MPSs, while effective
coordination between RCs and MPSs can significantly enhance
the speed and quality of service restoration [11]. It is difficult
to achieve the optimal load restoration solely based on RCs or
MPSs, leading to the requirement for integrated methods that
can coordinate available flexibility resources. To address this
issue, there have been a few studies [11]-[13] investigating the
coordinated effect between MPSs and RCs for system load
restoration in coupled power-transport networks. However,
the above studies are all deterministic given the difficulty of
modeling the complex stochasticity of MPS and RC operations
in a centralized manner. In [14], a two-stage stochastic pre-
allocation model is proposed to coordinate MPSs and RCs,
capturing the uncertainties associated with line outages and
the influence of three different types of photovoltaics (PV)
systems. The detailed transport network model capturing road
congestion impacts is also missing in [11]-[14]. In [15], both
MPSs and RCs are employed for the load restoration problem
of an integrated power and hydrogen distribution network,
where transport network and road congestion are captured.

Furthermore, the network reconfiguration of distribution
networks is regarded as an efficient method and should be
considered in the load restoration process [15]-[18]. In [17],
[18], a time-efficient network reconfiguration model is pro-
posed for the resilience enhancement of distribution networks.
A virtual network with a set of radiality constraints is firstly
introduced in [17], which can significantly improve the com-
putational performance. In [18], a network reconfiguration
strategy considering microgrids (MGs), substations, and un-
supplied load islands is developed for black-start load restora-
tion after extreme events. In [15], the multi-period network
reconfiguration process is considered in an integrated power
and hydrogen distribution network. To simulate more realistic
load restoration process, a sequential black-start restoration
model is proposed in [16], which can effectively capture the
influence of black-start resources and dynamically concerns
the sequence of recovered lines and buses.

Although the above model-based centralized optimization
methods have been successfully applied to solve various
MPS and RC resilience enhancement problems, the following
challenges have to be addressed in the real-world environment.
First, centralized optimization methods solely depend on a
single control center, requiring prohibitive communication and
computation resources. Furthermore, the centralized manner
can be prone to single-point failure as all decisions are taken
by this central controller [19], [20]. Second, since power
systems are moving towards a decentralized fashion, it is
typically intractable to acquire operation models and technical
parameters of MPSs and RCs. Third, because the power and
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transport networks are highly dynamic and stochastic, it is
hard to generalize an adaptive control scheme that accounts
for various system uncertainties (e.g., renewables, demand,
traffic volumes, etc.). As the system uncertainties can be
characterized by many factors (e.g., weather conditions, energy
usage behaviors, driving habits, etc.), it is difficult to even
represent the uncertainty probability distributions exactly. Last
but not least, even though the system models and uncertainties
can be known, solving a scenario-based stochastic optimiza-
tion problem for load restoration is normally time-consuming.
Therefore, developing a control scheme for these decentralized
MPSs and RCs becomes important and urgent [10].

Reinforcement learning (RL) [21], a data-driven and model-
free method, may solve time-coupled decision-making prob-
lems by learning optimal policies through repeated interactions
with the environment without any prior knowledge. As an
online learning method, RL can effectively utilize the growing
amount of data from the environment, capture various uncer-
tainties, and adjust to different state conditions. Furthermore,
well-trained policies can be directly deployed to the practical
test process in milliseconds without solving an optimization
problem. Recently, RL has been successfully applied to many
resilient power system operation problems, such as load
restoration [22], [23], voltage regulation [24], etc. However,
the up-to-date literature investigating the application of RL to
the dispatch problems of mobile resources towards MG load
restoration is still limited. In [25], a single-agent reinforcement
learning (SARL) method is applied to optimize the dispatch
decisions of four MESSs for critical load restoration in MGs.
However, applying SARL to a multi-agent setup may raise the
scalability issue since the action space increases significantly
with agent size, thereby costing computational time with
one central agent [26]. To address this issue, the authors in
[27] propose a multi-agent reinforcement learning (MARL)
method that models each MESS as an individual agent for
MG load restoration via a multi-agent formulation. However,
there are still several difficulties that can be identified and
are worthy of further efforts. First, the coordinated effect of
MPSs and RCS is not investigated in the above paper. It is
noted that effectively coordinating these decentralized MPSs
and RCs is capable of achieving better MG load restoration
performance. Second, at each time step, the routing and
scheduling actions are computed simultaneously. However,
MPSs and RCs cannot simultaneously make routing decisions
in the transport network and scheduling decisions in the power
network because the decision-making processes in the two
networks are mutually exclusive. Therefore, developing an
effective MARL-based method to separately compute transport
routing action and power scheduling action is important for
MPSs and RCs to enhance MG resilience.

C. Contributions

Based on the review of previous work on both model-based
[3]1, [5]-18], [10]-[13] and model-free [22]-[25], [27] methods,
a significant research gap has been identified, which drives the
motivation behind this paper: no previous work has developed
a coordinated control scheme of MPSs and RCs, operating in a

decentralized manner for MG load restoration, and employing
a model-free decision-making framework at the same time. To
fill this knowledge gap, following contributions are achieved:

1) Develop a novel decentralized framework for the co-
ordinated decision-making problem of MPSs and RCs
towards MG resilience enhancement with the objective
of maximizing restored loads. This framework overcomes
certain limitations of previous work: i) in contrast to [11]-
[13] neglecting the tranport sectors of mobile sources,
the detailed transport network model capturing road con-
gestion impacts is accounted for; and ii) in contrast to
[3], [5]-[8], [10] formulating the dispatch problem in a
centralized manner, the decentralized co-dispatching be-
haviors of MPSs and RCs are captured that do not depend
on the central commands, therefore avoiding the single-
point failure and constructing the privacy perseverance.

2) Formulate the coordinated decision-making problem of
MPSs and RCs as a Decentralized Partially Observable
Markov Decision Process (Dec-POMDP), wherein MPSs
and RCs are regarded as the agents who can operate
in a decentralized manner without following the central
commands. In this context, the mobility and flexibility
of MPSs and RCs can be fully explored inside the
power-transport network towards system load restoration,
in the meantime without knowing system models and
uncertainty parameters.

3) Propose a novel hierarchical and hybrid MARL method
to solve the Dec-POMDP. First, it learns a high-level
(HL) policy that can direct MPSs and RCs in choosing
between transport routing and power scheduling. Second,
it learns a low-level (LL) hybrid policy that can capture
MPSs’ discrete routing and continuous scheduling ac-
tions. Additionally, RCs learn their routing and repairing
selections in the HL via the same hierarchical structure,
while learning their discrete routing and repairing actions
in the LL via a conventional categorical policy. In this
setting, the MPS and RC agents can both benefit from
the hierarchical structure to learn the effective routing and
scheduling/repairing actions separately rather than learn-
ing these two kinds of actions simultaneously, of which
one becomes invalid. To further improve the scalability
and stability of MARL policy, an abstracted embedded
function capturing system dynamics is introduced during
the training process.

4) Validate the superior performance of the proposed MARL
method over the state-of-the-art model-based and model-
free methods in MG load restoration. A generalized
dispatch policy can be formulated and adapted to different
sizes of MPSs and RCs and power-transport networks as
well as system uncertainties.

The rest of the paper is organized as follows. Section II
presents the general formulations of the utilized MPSs and
RCs as well as the operational models of both transport
and power networks. Sections III and IV introduce the Dec-
POMDP formulation and the proposed HZMAPPO method,
respectively. In Section V, case studies are carried out and dis-
cussed on two experimental environments. Section VI draws
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Fig. 1. The scheme of coordinated dispatch problem of MPSs and RCs in a
power-transport network.

the conclusions and future work of this paper.

II. GENERAL FORMULATIONS OF MPSs AND RCs IN
TRANSPORT AND POWER NETWORKS

A. Problem Descriptions

We focus on the resilience-driven coordinated dispatch
problem of MPSs and RCs within a power-transport network
including both routing and scheduling/repairing behaviors, as
illustrated in Fig. 1. In general, electric components (e.g.,
buses and lines) in the power network are located on different
transport nodes, while MPSs and RCs can move upon the
transport network and choose to connect with their correspond-
ing candidate nodes [7]. Specifically, we consider MEGs and
MESSs as two types of MPSs that can choose to connect
with the candidate nodes, e.g., MESS stations (MSs) [10].
Following [10], [14], this paper assumes that both MESSs and
MEGs have black-start capability during the load restoration
process. The role difference between MESSs and MEGs is
that MESSs can charge power at one location with sufficient
power supply and then discharge power at another location
suffering load shedding, while MEGs can only provide power
supply for the power network. In other words, MESSs play a
role similar to demand-side response, whereas MEGs play a
role similar to traditional generators but with mobility features.
Regarding RCs, the candidate nodes are the initial depots
and the locations of line outages. Inside the power network,
static DERs, such as photovoltaics (PVs) and diesel generators
(DGs), are installed suitably. In terms of the demand side, the
power system captures both essential and non-essential loads
to highlight the primary objective of load restoration [28].

Unlike the centralized framework [3], [5]-[8], [10]-[13],
[25], this paper assumes that MPSs and RCs are operating in a
decentralized manner, in anticipation of a future trend towards
resilient distribution networks [10], [19], [20], [29]. In other
words, MPSs and RCs can determine their individual dispatch
behaviors without the central commands. In more detail, each
resource can only acquire the local information of the coupled
networks (e.g., PV generation, nodal load, line outage, and
traffic volume) and its own status (e.g., transport location,
battery state-of-charge (SoC), and repair capacity). Then,
each resource determines its routing and scheduling/repairing
decisions via an automatic control scheme. To solve the above
decentralized coordination problem of MPSs and RCs, we first

formulate this multi-agent setup as a Dec-POMDP, wherein
MPSs and RCs are regarded as the agents and the coupled
power-transport network is the environment. Then, a novel
MARL method is proposed to drive MPS and RC agents
to make optimal routing and scheduling/repairing actions in
the transport and power networks respectively, aiming to
maximize system resilience.

When the locations and repairs or power schedules of all
mobile resources are settled, the microgrid central controller
(MGCC) regulates each controlled DER and smart switches
optimally in the power network for weighted load restoration
maximization towards resilience enhancement. It is worth not-
ing that the dispatch decisions of MPSs and RCs and the smart
switch operations for network reconfiguration are mutually
influenced. On one hand, the different locations and dispatch
behaviors of MPSs and RCs can lead to different network
reconfiguration results; on the other hand, MPS and RC agents
repeatedly interact with the power network environment during
the RL training process, gradually learn the key features of the
environment (e.g., DER schedules and smart switch locations),
and then adjust their dispatch behaviors towards better load
restoration performance. In this section, we present the general
formulations of the routing behaviors in the transport network
and the scheduling/repairing behaviors in the power network.

B. Routing in Transport Network

The transport network is modeled as a weighted graph G =
{N, R}, where n € N is the node set and r € R denotes the
road set with the commuting distance L, [25]. The general
framework of MPSs and RCs’ routing behaviors is illustrated
in Fig. 2. Specifically, to commute in the transport network,
they need to consider the influence of uncertain travel time
and rely on an effective routing model, which are described
in the following subsections.
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i' 13 (1h) B A Depot
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Fig. 2. Routing behaviors of MPSs and RCs in a transport network.

1) Uncertain Travel Time: The travel time T,Z;‘f of road r
is influenced by the real-time traffic volume [30], which can
be estimated as

- Vrd
Trd =1Tré1 + ofd(CL’t)ﬂ ,VreRVteT, (1)
T
where T[ 4 is the free driving time of road r that mainly
depends on the road distance, while C,, o™, 8", and V¢
correspond to the capacity, the retardation coefficients and the
traffic volume of road r at time step ¢, respectively. Equation
(1) can characterize the relationship between uncertain traffic
volume and travel time, as well as reflect road impedance
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based on traffic flow itself. Note that heavy traffic volumes
can cause serious road congestion and long travel time. It is
crucial to account for the impact of road congestion on realistic
routing behaviors; nevertheless, most existing literature on
MPS and RC routing problems (e.g., [11]-[13]) ignores this
factor. It is worth noting that the travel time between candidate
nodes is directly associated with the dispatch behaviors of
MPSs and RCs, while serious road congestion can significantly
increase the required travel time. As such, ignoring road
congestion impact can lead to inaccurate estimation of travel
time and impractical dispatch behaviors of MPSs and RCs.

2) Routing Model: The routing behaviors of mobile units
1 € I including both MPSs and RCs within the transport
network G can be formulated in a same manner [11], which
are restricted by

S Uins S1LViE€IVEET, )
neN
mln(t—&-T:ndn T
Z Uimr < (1 — i) - mln(den T —1), 3)
T=t

Vie I,Vn € N,¥Ym € N\{i},Vt € T.

where constraint (2) shows that a mobile unit ¢ can only be
connected with one transport node for each time step, the
binary variable u; ,; € {0,1} indicates the the mobile unit ¢
connecting to the node n (u;,,,; = 1) or not (u; ¢+ = 0) at time
step ¢t. Constraint (3) ensures reasonable routing behaviors of
the mobile unit ¢ between different transport nodes, where
Tf,’ffm refers to the time period required to route from node
n to node m at time step ¢. Note that T,’,m ; can be uncertain
and influenced by the real-time traffic volume Vn’;‘fl 4

3) Routing Behaviors: In order to clearly illustrate the
routing behaviors simulated in this paper, we take RCs in Fig.
2 as an example, the depot location of RCs is ny and the
location of damaged line is nq. Inside the network topology
G, there are two available routes (i.e., 11 — ro and r3 — r4)
for RCs to commute, while serious congestion happening on
road 74 (the red road in Fig. 2) leads to much longer travel
time (7, fs‘i ..+ = 3 hours) of route 3 — r4. In this context,
RCs will choose 71 — 1o as their commuting route rather than
r3 — 14 due to the less 1 hour travel time. Regarding MEGs
and MESSs, their routing behaviors in the network topology
G can be derived in the similar manner as RCs. As shown
in Fig. 2, the examined MEGs and MESSs are traveling from
the initial MS at ng to the MS at ng. Finally, when MPSs and
RCs arrive at their destinations, they can be connected to the
power network via MSs and damaged components, represented

by N,.s and N,.. as subsets of N [11].

C. Scheduling/Repairing in Power Network

In power network, MPSs make scheduling decisions (i.e.,
MEG g power output P9, ,, MESS k charging power P¢5°,
and discharging power Pkef;it) in MS n, RC j makes repairing
decision Re}, , for damaged component w. Afterwards, a
linearized alternating current optimal power flow (AC-OPF)
algorithm with the objective of load restoration maximization

towards MG resilience enhancement can be solved by the

MGCC for each time step t. The operation models of MEG,
MESS, and RC as well as the employed AC OPF algorithm
can be found in the following subsections.

1) MEG Scheduling: MEGs are constrained by their active
and reactive power output limits

P9 < Pt <P Vg€,V € Ny, VEET,  (4)
QY < Qg S Q) Vg € Ieg,Vn € Ny, V€T, (5)

where P, 31 + and Qg n,t correspond to active and reactive
power output of MEG g in MS n at time step ¢, respectively.
We assume that adequate fuel is available for MPS routing
through portable or towable fuel tanks and optimally dis-
patched fuel trucks in case of long term blackouts, following
[31, [7], [10], [11], [14]. Additionally, to extend the contin-
uous operating time of MPSs and handle the potential fuel
issues, there are several potential solutions, e.g., appropriately
selecting candidate nodes to connect MPSs and fuel trucks,
deploying underground fuel tanks at candidate nodes, and pre-
allocating fuel in the network [7], [11]. As such, the detailed
logistic process based on the location of the re-filling station
and the optimal re-filling time is not considered in this paper.

2) MESS Scheduling: The power operation model of

MESSs can be appropriately presented via
0< P, <ugs Py Wk € Ios,¥n € Ny Yt €T, (6)

~P (1 —ugy) < PEY, < 0,Yk € Iy, ¥n € Ny, Wt € T,

(7)

S < S5 <Sk,Vk€I(,9,VteT (8)
oo gee 4 PRI+ P
k,t+1 — Pkt —es 5

Ey )

Vk € I.5,Yn € Nps,Vt € T,

where constraints (6) and (7) restrict the maximum charging
and discharging power of MESS k£ in MS n at time step ¢. The
binary variable u$®, € {0,1} introduced in constraints (6) and
(7) indicates the charglng (uz®, = 1) or discharging (ug®, = 0)
behavior of MESS £ at timé step . It is noted thaf these
two behaviors cannot happen simultaneously. Constraint (8)
limits the minimum and maximum battery SoC level of MESS
k, while its dynamic transition between two consecutive time
steps is presented in (9), given the charging/discharging power
Pe, Pkeid and efficiencies 7;°¢, nzSd.

3) RC Repairing: The repair plan of RC j is formulated as

t
e SR

J,w,T

Zjwg S RTI Vi € Ie,Yw € Ny, ¥Vt €T, (10)
Z_;’,th Szgwt-i-lvvjejrcvvweNrca\v/tST_L (11)
> s 2, < RSJOV) € L (12)

WENc

where the binary variable zj we = Lif the damaged component
w is repaired by RC j at time step ¢, and 27, , = 0 otherwise.
Binary Re’S, . represents if RC j is repairing component
w at time step ¢ (1 if repairing, O otherwise), while RT°
corresponds to the time period required to repair component w
[11]. Constraint (12) ensures that the resource capacity RS;*
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of RC j is sufficient for its repair tasks, where s’ refers to the
number of resources required to repair damaged component w.

4) Power Network: The power network operation is fully
modeled by a linearized OPF algorithm for MG resilience
enhancement. Specifically, once MEG g, MESS k and RC j
are moving to their individual destinations, where MEG ¢ and
MESS k are making their power schedules P;9 and Pg%, while
RC j is making its repairing decision Re’¢, , for damaged
component w. The following linearized OPF algorithm can be
then solved by the MGCC for each time step ¢.

{IgaxE{ Z cffPi‘i , (13)
B deD
where
= > d d v v
E™ = {Pgi’ Ziit’ Pgi’ Qgi’ P;t’ g)t7 (14)
Pbp,t7 pr,tv Vb2,ta Ybp,ty Eb,t, Fbp,t}a
subject to
DB+ D P Y Fpi= ) R
gE€Buayg gEBey gEBpy dEBeq (15)
T ZP;;_ Z Pyt + Z Py, Vb € B,
k€Bes (p,b)eL (b,p)EL
D Quh+ D Qi+ Y Q= ) Qi
gEBuayg gEBey 9gEBpy dEBeg
(16)
— > Quit > Qups, YhEB,
(p.b)EL (b,p)eL
P¥ < PY <P, vg e DG, (17)
QY <Qy, <Q), Vg€ DG, (18)
0< Py < FJy, Yge PV™, (19)
(PY)? +(Qpn)* < (5y )%, Vg e PV, (20)
0< PPy <ep Pl Vbe B, Vg€ B, NPV, (21)

(PPY)2 4+ Q)% < e (S')2,Wb € B,Yg € By, N PV™*,

g,t
p (22)
P4 < ey,4 Py, Wb € B,Vd € Beq, (23)
Q5% < er4Qays Vb € B,Yd € By, (24)
e V2 < V2, <ep V', Wb € B, (25)
Pb2p,t + Qgp,t < Yop,t - gbp? V(b7p) € L7 (26)
Vi = Vi <2+ (ropPops + 26pQup.t) on
+(]- - ybp,t) : Mv V(bvp) € La
‘/E)Q,t - Vﬁt > 2 (1o Pop.t + TopQbp,t) (28)
+(ybp,t - 1) : Mv V(b,p) € La
Z Yop,t = |B| — (Z(l —ept) + Nos),  (29)

(b.p)EL beB

Z Foot Z Fybe— Z Fopt = ept, Vb€ B, (30)

a€Bys (p,b)EL (b,p)EL

6
_ybp,tfbp S Fbp,t S ybp,tfbpy V(byp) S L, (31)
Yt < 2 VD) € Neey b, LET, (D)

where the objective function (13) is to maximize the expec-
tation of weighted sum of restored loads [11]-[13] capturing
various uncertainties (e.g., demand and PV generation) and
stochastic variables in set ="9. The OPF constraints for-
mulated by the LinDistFlow model [31] include the active
and reactive power balances (15)-(16) at bus b, where B4,
Bes, Beq, Bag, and By, correspond to the sets of MEG g,
MESS k, restored load d, DG ¢ and PV g located at bus b,
respectively. The active and reactive power outputs of DG g
are constrained by (17) and (18) respectively, while the output
limits of grid-forming and grid-following PVs are presented
in (19)-(20) and (21)-(22) respectively [32]. The status of load
d is restricted by constraint (23) and (24), where binary ey ;
corresponds to the energized status of bus b (1 if energized,
0 otherwise). The voltage and power flow limits are shown
in (25) and (26) respectively, while the linearized power flow
constraints are expressed in (27)-(28). Binary 3, in (26)-(28)
indicates the energized status of line (b, p) (1 if energized, 0
otherwise) determined by both reconfiguration switch and RC
operations, while M refers to a large positive number used to
relax constraints (27)-(28) for disconnected or damaged lines.
To coordinate with mobile source dispatch, the power net-
work can be dynamically reconfigured through smart switch
operations, while this process should respect the system ra-
diality, subject to a set of virtual network constraints (29)-
(32) [14], [16]. According to [15], [17], [18], two conditions
should be satisfied for the network radiality: i) each island is
connected; ii) the number of energized lines is equal to the
number of buses minus the number of islands. Furthermore,
an additional condition is introduced by [16] to ensure that
de-energized or cut-off buses are not connected with each
other due to the lack of black-start resources. Specifically,
constraint (29) maintains the network radiality during the
network reconfiguration process, which shows that the number
of lines is equal to the number of buses minus the number
of possible islands containing black-start resources and de-
energized buses [16]. Constraint (30) refers to the nodal
power balance of the virtual network, indicating that bus b is
energized if the virtual load at the bus is served (z3 1 = 1). By,
is the set of power sources with black-start capabilities (e.g.,
buses connected with DGs, grid-forming PVs, and MPSs in the
real power network) located at bus b. Constraint (31) models
the connections between the power network and the virtual
network through the line connection status ¥, ;. Constraint
(32) indicates that the damaged line (b,p) € N,. could be
energized in the power network after being repaired by RC j
(2%p+ = 1). More detailed mathematical formulations of the
power network model can be found in [11], [14], [16]-[18].

III. REFORMULATION AS A DEC-POMDP

The conventional method lies in using optimization ap-
proach to solve above coordinated dispatch problem of MPSs
and RCs [11]-[13]. However, it is hard to generalize an
adaptive and fast control scheme that accounts for various
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system dynamics and uncertainties in the context of power
and transport networks, as discussed in Section 1. To this end,
it is reasonable to formulate this problem as a Decentralized
Partially Observable Markov Decision Process (Dec-POMDP)
[33], considering that MPSs and RCs are operating in a
decentralized manner and can only observe partial information
of the power and transport networks.

A Dec-POMDP is a 7-tuple (Z,S,{O;},{A:}, R, T,7),
including |Z| agents, a collection of global states s € S,
local observations {0; € Oj.r}, action sets {a; € Aj.r},
and reward functions {r; € R}, as well as a state transi-
tion function 7 (s, 01.7,a1.7,w), where w is the environment
stochasticity representing the system uncertain parameters.
The time interval At is 1 hour. For each agent i at time
step ¢, an action a;, is computed using the policy m;(alo)
conditioned on the current local observation o; ;. Then, the
environment transits to the next state given the transition
function 7, while agent ¢ is rewarded 7; ; and updated a next
local observation o; ;1. Following this process, each agent
1 receives a trajectory of local observations, actions, and re-
wards: T; = 04,1, i,1, 74,1, 04,2, -, 73,7 Over O; x A; xR — R.
The objective of each agent ¢ is maximizing its cumulative
discounted reward R; = 3., ~'ri;, where v € [0,1) and
T = 24 hours are the discount factor and daily horizon,
respectively. The components of Dec-POMDP are as below:

A. Agent

The agents are defined as three groups of resources: 1) RC
agent i = j € I, C I; 2) MEG agent i = g € I.4 C I; and
3) MESS agent i =k € I.; C I.

B. Environment

The environment can be organized into two sectors: 1)
routing process of RC, MEG and MESS agents in the transport
network; 2) repairing/scheduling process of RC, MEG and
MESS agents in the power network. The routing constraints
of mobile sources (2) and (3) can be satisfied automatically
by realistic transport network settings (e.g., transport nodes,
road distance, and traffic volumes) in the RL environment.

C. Observation

Each agent ¢ at time step ¢ observes its local observation
0;,¢ differing for distinct groups, defined as

[Nji, Vi, S5 RTTS, RSTS, S75] Vi=j € Ipe

gt 3t %3,
_ d ¢l d ppv -
Oit = [Ng,tavgr,tv g’rﬁsvpge,tvpg,t} Vz-g € Ieg )
d <l d v ;
(Ni.t: Vit Skt Pt Py Skl Vi=h € Ies
(33)

comprising two parts: 1) the transport node index N, the
agent ¢ is traveling on and the corresponding road traffic
volume V[ﬂ, 2) the power information of the line status
(outage or not) S/, nodal load Pf{, PV generation P},
the battery SoC S of MESS agent 4, the time RT]{ and
resources RS] required to repair the damaged line as well as

the current resource status S7¢ of RC agent i.

This paper assumes that agents can get access to the
above required local information through interactions with the
environment. However, it is worth noting that there exists a
risk that these agents can only get access to the incomplete
knowledge (or even no information) of the distribution network
due to damaged communication infrastructure or data privacy
concerns [34]. In this context, to discover accurate nodal
information only using incomplete knowledge, the following
two methods may be useful: 1) instead of directly observing
the detailed nodal knowledge of the coupled system, agents
can choose to acquire aggregated information (e.g., aggregated
load profiles) or estimated information (e.g., solar irradiance)
[34]; 2) agents can be equipped with effective forecasting
mechanisms (e.g., long short-term memory (LSTM) networks
[35]), which takes the incomplete information as input and
then output the required local information for the RL training
process.

D. Action

Each agent 7 at time step ¢ controls its action a; ; that varies
for different agent groups, defined as

l,re

(a7}, a7l Vi=j €.
L ) s
aip = 4 lag’ ags?’] Vi=g €l (34)
l , :
[akf, aﬁ):s] Vi=ke I

comprising two parts: 1) discrete routing action aét €
{0,1, ..., R"®} is selected from the set of potential routes upon
the transport node, in which O denotes no routing behaviors
and R"? denotes the number of available commuting routes
at current transport node N, ., as described in [36]-[38]; 2)
discrete action a}’;“ € {0, 1} corresponds to the choice of RC
J to repair the component (a7} = 1) or not (a};“ = 0); 3)
continuous actions ay’;? € [0,1] and a’;* € [~1, 1] represent
the magnitude of power generation (for MEG agent g) and
power charging/discharging (for MESS agent k) as a per-

centage of their power capacity [Pg’, Pzg] and [—P; P}l
respectively.

E. State Transition

The state transition process from time step ¢ to ¢ + 1 is
governed by s;y1 = T (S¢, 0114, a1.1,,wt), which is affected
by a combination of the current state s, of environment, local
observations o01.7; and actions a;.r of agents, and environ-
ment stochasticity w;. Regarding this problem, the environ-
ment stochasticity w; = [S}"}, Pg%, Py, V;{] corresponds to
the exogenous states that are independent of agent actions and
have intrinsic variability. RL can overcome this variability
by adopting a data-driven fashion that does not depend on
precise probability distributions for various uncertainties but
instead learns state features from the data set itself [21]. To
better prove the effectiveness of RL on handling environment
uncertainties, a test dataset (separate from training dataset)
is normally used to evaluate the performance of the trained
RL policy on generalization to different state conditions.
Furthermore, once the RL policy is well trained, it can be
directly deployed to the practical test process in milliseconds.
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On the other hand, the transition of endogenous states
Ni, RTTY, RS, ST, S¢i can be determined by the agents’
action a; ;. Specifically, N; ; is determined by am, correspond-
ing to the routing decisions upon the transport network, as
expressed in Section II-B. Furthermore, as an RC agent ¢,
once moving to a damaged line, the repairing time RT/} and
resources RS7§ of this line can be observed. If RC agent ¢
decides to repair this line (a;{“ = 1), the remaining resources

Si¢ at time step ¢ can be updated after the line is repaired:
it41 = Sit — af’:CRS{j,Vz e€l.. (35)

Finally, as a storage unit, S7; of MESS agent i is managed
by its continuous action a!’;” through the mutually exclusive
quantities P73, Pﬁfd, Wthh are limited by its minimum and
maximum SoC level §fs,§fs, energy and power capacities
Ffs,Ffs, and charging/discharging efficiency 7;°, depicted as
P = [min(af " P;, (S = SEDET /0], Vi € Lo, (36)

Pyt = [max(abyP;, (S5° — S¢3)E; ne°) ™, Vi € L, (37)

where operator []*/~ = max/min{-,0}. Then, the state
transition of S from time step ¢ to ¢ + 1 is written as

PENE AP0 o les
es Si‘z + L e if am =0 .
i+l = i . Vi € I,
S¢S otherwise

(38)
where aé’fs = 0 indicates that the MESS agent ¢ connects to
the grid at time step ¢.

F. Reward

After the dispatches of all MPSs and RCs have been
obtained, load restoration quantity Pﬂ of each load d at time
step ¢t can be optimized via the linearized AC-OPF algorithm
described in Section II-C. It is noted that all the constraints
inside the distribution network can be satisfied by solving
the optimization (13)-(32) with sufficient flexibility supported
by DERs, load shedding, and switch switch operations. The
studied problem aims at maximizing the weighted sum of
restored loads for resilience enhancement. Thus, the reward
function of agents in Dec-POMDP is designed as the following
resilience index

ZdED Cd dt

s ed
2aep

[ Pa
where the higher \; indicates the more restoration of weighted
loads and consequently the better performance of MG re-
silience enhancement. The designed reward function (39) is
similar to the objective function (13), where the only difference
is that the total weighted baseline loads are added in (39)
to realize reward signals as unitless scalar values [21]. In
Section II-C4, the objective of the problem is to maximize
the weighted load restoration of the distribution network.
However, directly using equation (13) as the reward function
may raise serious convergence and optimality issues. This is
because of the large fluctuations of weighted load restoration
for different state conditions, possibly learning the unbalanced

Tit = At = Vi € 1, 39)
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Fig. 3. The structure of the proposed HZMAPPO method.

distributions of weight and bias values of the control policies
[21]. To combat this, we scale the weighted load restoration
and introduce the (unitless) resilience index \; € [0, 1] as the
reward function.

IV. PROPOSED MARL METHOD

In this section, a MARL method called H2MAPPO is
proposed to solve the above Dec-POMDP, with the overall
architecture depicted in Fig. 3. Specifically, HZMAPPO gen-
erates four practical implementation details that are insightful
and crucial: 1) constructing a hierarchical architecture using a
two-level framework [39] to choose between transport network
routing and power network scheduling/repairing; 2) creating
a hybrid policy [40] that can perform both discrete routing
and continuous scheduling actions; 3) updating the MARL
policy using MAPPO algorithm [41] that exhibits a stable
learning performance, and is easy to implement, sample, and
tune hyperparameters; 4) utilizing an embedded function to
encapsulate system dynamics and approximate an abstracted
state-value function, which can enhance the multi-agent train-
ing performance while providing privacy protection.

A. Learn Two-Level Hierarchies

Hierarchical reinforcement learning (HRL) refers to a type
of RL method that can deal with several sub-policies work-
ing together in a hierarchical structure [42]. The two-level
framework [39], one of the most common HRL techniques,
is proposed as a temporal abstraction for RL actions, where
the high-level (HL) action takes place over several time steps
via the low-level (LL) actions. Specifically, for any RC or
MPS agent ¢ observing o;; at time step ¢, an HL action is
chosen using the HL policy x;; = p(zlo) — [0,1] € X;
(e.g., when MESS i is parked to a MS at time step t, it has a
x;,+ = 80% probability to choose charging/discharging actions
in the power network and the left 20% probability to choose
routing actions in the transport network, then the final HL
action would be choosing charging/discharging behaviors in
the power network, this is because final selection would be
the one with the higher sampling probability). Afterwards, the
LL policy m(a|o) is utilized to compute the LL action a; ¢ (e.g.,
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discharge MESS battery power to support load restorations).
This process continues until the HL action switches to the
transport network routing when probability x;;, < 50%.
Similar as the vanilla RL, the reward over the two-level
framework is given as 7; ; in (39). Then, the objective of agent
i over the proposed two-level framework within f time steps
can be written as R;(0;1, Tiy, 0itf) = ]E[ZZJ”: Yl ).
For each agent ¢, this process continues for 7' time steps,
emitting a new trajectory of local observations, HL actions,
LL actions, and rewards: 7; = 0; 1, %41, @i 1,7i,1, 04,2, --
over O; Xx X; x A; x R = R.

In this perspective, we consider a two-level action policy
as shown in Fig. 3, where agent ¢ picks up an HL action
x;,+ according to its HL policy p(z|o), and then computes the
LL actions a;; according to its LL policy pi(a|o) at each
time step ¢ until the HL action z;; switches to the other
network environment. For each agent i, this process lasts for
time steps 7. In order to characterize the high-dimensional
and continuous observation and action spaces of the HL and
LL policies discussed above, an actor-critic architecture [21] is
introduced for the hierarchical architecture. The actor module
contains the HL policy p(z|o) and the LL policy 7 (a|o), while
the critic module contains a state-value function V (o, x) that
specifies the expected value of selecting an HL selection x; ; in
observation o0; ;. To deal with the complicated circumstances
of the problem, deep neural networks (DNNs) are used as
differentiable parameterized function approximators for both
actor and critic modules. In detail, for each agent ¢, an actor
network with parameters 1); is constructed for training the
HL policy py,(z|o); another actor network with parameters
¢; is constructed for training the LL policy 7y, (alo); and a
critic network with parameters 6; is constructed for training
the state-value function Vj, (o, x).

T, T

B. Construct Hybrid Policy via MAPPO

After selecting the HL action z;; = puy,(x]o) for either
transport routing or power scheduling, each agent ¢ at time
step ¢ should execute the LL actions a;; = 7y, (alo) to the
environment. Considering that the LL routing and scheduling
actions of MEG and MESS agents are in discrete and continu-
ous spaces respectively, a hybrid policy a; ; = {ki+, it} € A;
with two actor branches (networks) [40] is constructed to
separately compute the discrete and continuous actions in the
LL for MEG and MESS agents:!

[aé’ftg] Vi=g€ly

kiy = Les ) ) (40)
lay%] Vi=k€ I
[azg)fg} Vi = ge Icg

G =4 o . 1)
lagy] Vi=k€ Les

In this case, MEG or MESS agent ¢ will choose a discrete
routing action k; ; when the HL action x; ; is switched to the

't is noted here that both routing a;, ’:C and repairing a, t ¢ actions of RC

agent are in discrete, we thus do not need the hybrid pohcy for RC agent,

but adopt two categorical policies to generate al < and al t ¢, respectively.

transport network and choose a continuous scheduling action
ci,+ when the HL action z;; is switched to the power network.

To model such action characteristics, we first generate
a softmax(:) distribution for the discrete actor network
parameterized by ¢¢ to output the corresponding probabilities
for all potential routing behaviors, this categorical policy
softmax(o) = kit = m4a(klo) is then sampled for the
optimal action k; ; in observation o; ;. The softmax activation
function takes in the local observation o and returns the
probability scores of all possible discrete routing actions. In
general, the equation of softmax(-) distribution is given as

Od

Zf:l €%
where K indicates the number of dimensions of LL discrete
routing action k;; in (40). In principle, function (42) applies
the standard exponential function to each element oy of the
input local observation o and normalizes these values by di-
viding by the sum of all these exponentials; this normalization
ensures that the sum of all elements’ output probabilities is 1.

softmax(0)g = Vdel,.. K, (42)

We then generate a Gaussian distribution f(-) for the
continuous actor network parameterized by ¢f to output the
corresponding mean and variance for all scheduling behaviors,
the stochastic policy f(o) = c; 1 = mge(clo) is then sampled
for the optimal action c;, in observation o;,. A Gaussian
distribution is a type of continuous probability distribution
for a real-valued random variable. The general form of its
probability density function is

1 1
flo) = —c?
oV2m
where the parameter p is the mean of the distribution, while
the parameter o is its standard deviation. The objective of the
continuous actor network parameterized by ¢ is learning the
parameters p and o in (43) given input local observation o.

(50

(43)

The discrete policy Ty and continuous policy 7y are
then updated 1ndependently using the MAPPO algorithm [41],
which minimizes their clipped surrogate objective to restrict
the policy update:

LEP(6d) = By [ min(¢, A v, elip(¢l, 1 — e, 1+ €) A1),
(44)

LEYP(¢5) = By [min(¢f, A, clip(¢Fy, 1 — €, 14 €) Ay )],
(45)

where the former term in the operator min{-} indicates the
normal policy gradient while the later term in the operator
min{-} trims the policy gradient by clipping the probability ra-
tio ¢!, (¢, between [1—e, 14-€]. The hyperparameter € € [0, 1]
is used to truncate the gradient update of the new policy from
the old version. In other words, the advantage function fl”
will be clipped if the probability ratio between the new and old
policies goes beyond the range [1 — epsilon, 1 + epsilon]. In
hybrid policy, the probability ratio Cﬁt only takes into account
the discrete policy, whereas the probability ratio (', only takes
into account the continuous policy. Specifically,

g Tea(kidloit)

cd = e (Citloit)
ot %glold(k“, i)

and (§, = ——1— 1",
Cl’t 7T¢gold(ci,t|0i,t)

(40)
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Then, the HL discrete policy fuy,(x]o) can be updated
similarly as the LL discrete policy 7r¢?(k:|o) in (44), while
the probability ratio of HL policy ¢, can also be derived
similarly as the LL discrete one Cfft in (46).

In addition, the generalized advantage function fli’t can be
expressed as

Ay + AT o, 47)

— Vo, (01:1,6,%1:1,1), (48)

where Vj, (0, z) is the state-value function incorporating cen-
tralized training with the local observations o0;.; and HL
actions x1.; of all agents, which is approximated by a critic
network parameterized by 6; introduced in Section IV-A. It
should be mentioned that providing all local information to
the critic network can stabilize learning and foster coordinated
behaviors for all local agents [41].

=it +Y0it41+ -

Oit =Tit+vVo, (01.1,041, T1:1,441)

C. Abstract System Dynamics

However, the centralized critic network taking all agents’
local information may raise problems. First, the shared infor-
mation among all agents can destroy their privacy, since these
decentralized MPSs and RCs are not willing to exchange their
dispatch behaviors with each other [10]. Second, a POMDP
may not be reduced to an MDP by concatenating all local
information in centralised training since there may be crucial
information (e.g., load shedding quantity) that is not noticed
by any of the agents during training. This paper thus abstracts
the system’s global dynamics (e.g., load shedding quantity) via
an embedded function &; and approximates a new multi-agent
joint state-value function as

Vo, (0171’1'751'),

which inputs individual agent’s local observation o;, HL action
x;, and embedded function &;. Specifically, &; indicates how
much each agent i contributes to the system overall load
restoration, which can be expressed as

Pl Sgen(Pi — PY)
P/ ep(P5t = PY)
1PE)/ S e p (P

where P/} represents the power flow through the repaired line.

‘/'0,,(01:[71'1:]) - (49)

Vi=j€I.

& = Vi=g€l,, (50)

—Pi®) Vi=kel,

In this setting, &; can be assumed to abstract the local obser-
vations of all other agents, e.g., Ped P’f”t,Sf”t,Vi’ e I(i"),
where I(i’) indicates the set of all other agents 7' apart from
i. Furthermore, &; can reflect the status of agents supporting
system resilience, i.e., the higher value of ¢; denote the better
performance of load restoration, and vice versa. As a con-
sequence, each agent can make informative actions based on
the abstracted knowledge &; of local observations and actions
from all other agents, albeit not directly obtaining their local
information and dispatch behaviors, therefore safeguarding the

privacy and enhancing scalability.?

D. Training Process

During the training process, HZMAPPO runs for all agents
by their individual HL and LL policies py, (x]0), me,(alo)
through 7' time steps, while collecting the trajectories T;
(including the function &;) from the interactions with the envi-
ronment. Then, the agents can use the gathered trajectorles to
calculate the discounted reward-to-go RL ;= Zh ' 7h tn,h
and the advantage function Am according to the abstracted
state-value function Vy, (0, ¢, .+, &, +) for each trajectory ¢ and
time step ¢, where a batch of trajectories are taken from the
buffer J = {7,} ~ F. Then, three actor networks are trained
by maximising their objectives as follows:

1< )
E(wi):jZmin(CftAL7t,clip(Cft, —el+e)d,,), 5D

=1

J
1 . .
dy — jZmin (¢HLAL 4 elip(¢h 1 — e 1+ e)A,), (52)

=1

J
£(65) =5 min (¢, A, clip(¢y.1

=1

—el+e)d,,), (53)
where J indicates the training batch size. The critic network
is trained with the objective of minimizing the mean-squared
error loss function:

(54)

R..)%

Given the above optimizations, the network weights of three
actors and one critic can be updated as below:

J
1 .
£(9l> = j Z min (%L (OL,t; Loty Eb,t) -

=1

bi 4= P+ PV, L(Y5), (55)
o ¢+ a¥ Vg L(6), (56)
¢ = o + a? Ve L(¢), 57)

0; < 0; + Vg, L(6;), (58)

where aw,a¢d,a¢d,a9 indicate the learning rates of the

gradient ascent/descent algorithms for actor/critic networks.
Finally, the pseudo-code of HZMAPPO is presented as below:

E. Test Process

The training process lasts for E episodes until the trained
H2MAPPO method is being converged. Once in the test
process, we firstly collect the weight parameters v; of HL
policy network as well as ¢¢, ¢¢ of LL discrete and continuous
policy networks respectively trained in Algorithm 1. The critic
network is no longer required in the test process. For each
time step in the test days F', each (RC, MEG, MESS) agent

21t should be noted that directly integrating function &; into the current
observation o0; ; is unimplementable, since they can be only accessible once
MGCC has solved the AC-OPF algorithm, which requires all agents’ actions
conditioned on the current local observations. However, the function &; can
be used in the critic training process, which is carried out after integrating
them into the state-value function in (49).
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Algorithm 1 Training process of H2MAPPO for I agents

Algorithm 2 Test process of H2ZMAPPO for I agents

1: Initialize weights t;, $2, gﬁf, 0; for actor and critic networks
2: Set learning rates a¥, o ,a¢L, of
3: for episode (i.e., day) epi = 1 to E do

4:  Initialize the global state so and local observation o; o
5:  For each agent i, sets an empty buffer 7 = {}
6:  For each agent i, sets an empty trajectory 7; = ||
7:  For each agent ¢, selects HL action x; 0 in observing o;0
8:  for time step (i.e., 1 hour) t =1 to T do
9: repeat
10: for agent (i.e., RC, MEG, MESS) i =1 to I do
11: Selects LL discrete action a; ¢ = k;,+ (if HL action is
for transport) or continuous action a;,; = c¢;,¢ (if HL
action is for power)
12: end for
13: Execute all agents’ actions ai.r,; to the environment,
including both transport and power networks
14: MGCC runs the AC-OPF algorithm once collecting
all agents’ dispatches (RCs’ repairing decision, MEGs’
power generation, and MESSs’ charging and discharging
power) and calculates the embedded function &; + (if HL
action is for power)
15: for agent (i.e., RC, MEG, MESS) i =1 to I do
16: Observes reward 7;; and next observation o0; ¢41
17: Stores one sample experience to trajectory 7; +=
[Oz‘,z, Tty Aty Ti,t,fi,t]
18: while time step ¢ % J = 0 do
19: Collects a set of trajectories 7, from buffer F, then
computes advantage function A, and discounted
reward-to-go R, ;
20: Updates network weights v, ¢, ¢, 0 in (55)-(58)
21: end while
22: end for
23: Update local observation o; ¢+ < 04 ¢++1
24: until HL action z;; is switched in new observation o; ¢
25: Update HL action x; ¢+ < X ++1
26:  end for
27: end for

1 observes its current local observation o;; and accordingly
executes the HL action x;; for environment switch as well
as the LL discrete or continuous action a; ; = {k;, c;+} for
behaving in transport or power network. Those decisions are
then mapped to the operation models of the coupled power-
transport network (environment), transiting to the next state
and time step. Each agent can also obtain its individual reward
from the environment. Overall, the test process of the proposed
H2MAPPO method is presented as below:

V. CASE STUDIES

A. Experimental Setup

1) Network setup: To assess the effectiveness of the pro-
posed MARL method in capturing realistic MPS and RC
dispatch behaviors, a modified IEEE 33-bus power network,
as shown in Fig. 4. The power network has 8 essential loads,
15 non-essential loads, 6 PVs, 3 DGs, and 5 MSs. Mobile
resources deployed for load restoration include 1 MEG, 1
MESS and 1 RC. In the transport network, we assume that
these resources can move to any candidate node through
their routing characteristics, where detailed transport network
structures between these candidate nodes (i.e., MSs for MPSs
and damaged components for RCs) can be found in Fig. 4.

1: Load the weights 1;, ¢¢, ¢S trained by Algorithm 1

2: for test day = 1: F' do

3 Initialize the global state so and local observation o;,0

4 For each agent i, selects HL action z;,¢ in observing 0; o

5:  for time step (i.e., 1 hour) t =1 to 7" do

6 repeat

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

8 Selects LL discrete action a;; = k;,; (if HL action is
for transport) or continuous action a;,; = c; ¢ (if HL
action is for power)

9: end for

10: Execute all agents’ actions ai.r,; to the environment,
including both transport and power networks

11: MGCC runs the AC-OPF algorithm once collecting

all agents’ dispatches (RCs’ repairing decision, MEGs’
power generation, and MESSs’ charging and discharging
power) and calculates the load restoration Pj"%

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

13: Observes reward r; ; and next observation 0; 41
14: end for

15: Update local observation 0; ¢+ < 04 ¢++1

16: until HL action z;; is switched in new observation o; ¢
17: Update HL action x; ¢+ < X ++1

18:  end for

19: end for
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Fig. 4. The coupled power-transport network utilized for case studies: (a) the
modified 33-bus power distribution network, (b) the transport network with
MSs for MPSs, (c) the transport network with damaged components for RCs.

To capture the impact of extreme events, we assume that
multiple line outages can happen in the power network, as
depicted in Fig. 4. Specifically, the Monte Carlo sampling
technique can be used to generate a manageable number of
scenarios based on the fragility curve suggested in [7]. For
each episode, a random outage scenario will be sampled from
the fragility curve to represent the damaged conditions. Within
the distribution network as shown in Fig. 4, the potential lines
with higher damaged probabilities are easier to be selected
into the outage scenario.

2) Data Descriptions: Case studies are conducted based
on a real-world dataset from the Ausgrid [43]. The one-year
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TABLE I
TECHNICAL PARAMETERS OF 3 DGS
DG | P kW) [ PP kw) | Q™ (kVAR) | @7 (kVAR)
1 0 200 -67 100
2 0 300 -100 150
3 0 400 -133 200
TABLE 11
TECHNICAL PARAMETERS OF MESS, MEG AND RC
RC MEG MESS
57 (unit) 10 P (kW) 150 | P%° (kW) 100
RST¢ (unit) | [23] | QY(kVAR) | 75 | E° (kWh) | 400
RTT™¢ (h) [14] | Q°9kVAR) | -50 | n°/n? (%) 90

PV generation and residential load data are collected, and
then split into train (11 months) and test (1 month) sets for
MARL method. To reflect the load distinction, 30% of loads
are assumed to be essential featuring a high shedding cost at
2.5 £/kW, while the other 70% are non-essential and have
a shedding cost at 1.5 £/kW. Tables I and II present the
technical parameters of 3 static DGs and 3 mobile resources,
respectively.

3) Benchmarks: The proposed H2MAPPO is compared
with four benchmarks, including two MARL methods and
two optimization methods: 1) IPPO: each agent independently
employs PPO , introducing a Gaussian policy with two dimen-
sions, i.e., continuous scheduling action and discrete routing
action by separating the continuous space into a finite set
of segments; ii) MAPPO: based on IPPO, all local obser-
vations oj.; are concatenated by each agent to formulate its
individual value function V;(o1.5); iil) MPC: MGCC employs
a stochastic model predictive control (MPC) approach to solve
a rolling optimization problem, which is constructed with
the objective function (13) and constraints (1)-(12) and (15)-
(32), assuming the perfect information of the power-transport
network, mobile resource models, and all technical parameters;
iv) MILP: MGCC employs a central deterministic mixed-
integer linear programming (MILP) for the daily optimization
problem with the objective function (13) and constraints (1)-
(12) and (15)-(32), assuming the perfect knowledge of the
system uncertainties.

4) Implementations: The training process of both actor and
critic networks use the Adam optimizer with learning rates
a? = a®" = a® = 10"% and o = 10~3. The batch size
J = 24 corresponds to 24 environment steps per episode. The
discount rate v = 0.99 and the clip rate ¢ = 0.2. Multi-layer
Perceptrons (MLPs) constructed by two hidden layers (128
and 64 units) with ReLU activation function are utilized for all
networks. Softmax activation function is utilized to construct
the categorical policy for both HL and LL discrete (routing and
RC repair) actors. Tanh and Softplus activation functions
are utilized to respectively construct a Gaussian policy with
mean and standard deviation for the LL continuous (MPS
scheduling) actor. Overall, the detailed specifications of actor
and critic networks for three utilized MARL methods are
presented in Table III. Both IPPO and MAPPO feature a single
actor-critic network, the difference is that the input of critic
network for IPPO is the individual local observation while
the input of critic network for MAPPO is the all agents’

local observations. For our proposed HZMAPPO, the network
structure becomes more complicated. Specifically, there are
four separate actor networks, indicating the HL actor for
switch option; the first LL actor for routing decisions of both
MPSs and RCs; the second LL actor for scheduling decisions
of MPSs; and the third LL actor for repairing decisions of
RCs. For all MARL methods, we run 5,000 episodes with the
same 10 random seeds.

TABLE III
GENERAL SPECIFICATIONS OF THREE MARL METHODS.
Mechanism Network Structure
IPPO Actor linear(o_dim, 128) — ReLU()x2 — tanh+softplus(64, 2)
Critic linear(o_dim, 128) — ReLU()x2 — linear(64, 1)
MAPPO Actor linear(o_dim, 128) — ReLU()x2 — tanh+softplus(64, 2)
Critic linear(o_dimx |I|, 128)— ReLU()x2 — linear(64, 1)
HL actor linear(o_dim, 128) — ReLU()x2 — softmax(64, 2)
H2MAPPO LL actor (route) linear(o_dim, 128) — ReLU()x2 — softmax(64, 4)
LL actor (MPS) | linear(o_dim, 128) — ReLU()x2 — tanh+softplus(64, 1)
LL actor (RC) linear(o_dim, 128) — ReLU()x2 — softmax(64, 2)
Critic linear(o_dim+2, 128) — ReLU()x2 — linear(64, 1)

B. Performance Evaluation

In this subsection, the training and test performance of three
investigated MARL methods are evaluated. Fig. 5 depicts the
evolution of episodic reward over 5,000 training episodes,
where the solid lines and the shaded areas respectively depict
the moving average over 100 episodes and the oscillations of
the original reward. Furthermore, their corresponding averaged
episodic training time as well as the averaged number of
episodes and averaged total training time required to reach
convergence are collected in Table IV. Finally, we also collect
the averaged resilience index (\) and computation time over
the 31 test days for three MARL and two optimization methods
in Table V.

21.0
20.5 1
20.0 A
g 19.5 1 W
E 19.0 1 N i
& 18.51 i o
18.0 1 MAPPO
17.54 —— H2MAPPO
17.0 +— v v v v v
1 1000 2000 3000 4000 5000
Episode
Fig. 5. Episodic reward over 5,000 episodes for different MARL methods.
TABLE IV
COMPUTATIONAL PERFORMANCE FOR DIFFERENT MARL METHODS
Method IPPO MAPPO H2MAPPO
Episodic training time (s.) 1.83 2.14 2.65
Number of episodes (#) 5,000* 4,000 3,200
Total training time (hr.) 2.54" 2.38 2.36

* Fail to reach convergence within 5,000 episodes.

TABLE V
AVERAGED RESILIENCE INDEX AND COMPUTATION TIME OVER 31 TEST
DAYS FOR DIFFERENT MARL AND OPTIMIZATION METHODS

Method IPPO | MAPPO | H2MAPPO MPC MILP
Index-A 19.56 20.15 21.34 19.93 22.12
Computation (sec.) | 0.59 0.49 0.54 1028.93 | 76.21
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The first observation we notice from Fig. 5 is that IPPO
(blue) has the most unstable and oscillatory training perfor-
mance, thereby obtaining the lowest reward level and fail-
ing to reach optimum. The independent learning method of
IPPO, which concentrates on local information while dis-
regarding the other agents, is considered to be the major
cause of this instability issue, making the environment non-
stationary. As a consequence, by concatenating all agents’
information, MAPPO (orange) can effectively mitigate such
non-stationarity and thus display better stability performance.
However, MAPPO has inadequate policy quality due to the
simple division of action space, which dramatically reduces its
efficacy in handling scheduling actions in the power network,
resulting in sub-optimum. Additionally, in the absence of a
hierarchical architecture, each resource agent acquires routing
and scheduling actions simultaneously, which may result in
ineffective critic network learning, because there is always
one meaningless action in the environment. In this case, the
proposed HZMAPPO (green) can address the above issues by
1) utilizing embedded function £ to learn system dynamics; 2)
employing the hybrid policy to generate both continuous and
discrete actions separately; and 3) introducing a hierarchical
architecture that allows agents to adaptively switch to suitable
environment status (power network or transport network).

We further assess the computational performance of three
MARL methods during the training process. Table IV shows
that IPPO has the shortest episodic training time (since it only
requires training one actor network to compute both routing
and scheduling/repairing actions, eliminating the need for hier-
archical architecture), followed by MAPPO (since it takes all
agents’ local observations as the inputs of the centralized critic
network), and H2MAPPO (since it needs to train four actor
networks rather than the single actor network in IPPO and
MAPPO). Additionally, we see that H2ZMAPPO (around 3,200
episodes) demonstrates a faster convergence rate than MAPPO
(around 4,000 episodes). This is because the critic network
incorporates an embedded function &; that can stabilize the
training performance and obtain a faster learning algorithm.
Due to its instability issue, IPPO fails to reach convergence
within 5,000 episodes. Finally, our proposed HZMAPPO (2.36
hrs) costs the similar computational time to MAPPO (2.38 hrs)
but obtains a better policy quality (i.e., higher resilience level).

Regarding test performance in Table V, the proposed
H2MAPPO achieves a near-to optimal performance (3.53%
lower than MILP), and outperforms IPPO, MAPPO, and MPC
in terms of the averaged resilience index over 31 test days by
9.10%, 5.91%, and 7.07%, respectively. On the other hand, all
three MARL methods can be deployed in real-time around 0.5
sec., while the optimization-based MPC and MILP requires
around 1000 sec. and 75 sec. averaged per day. It is worth
noting that real-time control is important to the resilient MG
operation problem due to the demand of a fast response time.

C. Analysis of Dispatch Behaviors and Switch Operations

After evaluating the MARL performance, this section vali-
dates the learned policy of H2MAPPO for dispatch behaviors
of three resources, while the MG switch operations and load

conditions are also involved. A scenario with 6 line outages
(lines 4 — 5, 14 — 15,2 — 19, 3 — 23, 6 — 26 and 31 — 32) is
selected here. Additionally, serious traffic congestion mainly
happens in the afternoon during the rush hours.
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Fig. 6. Dispatch behaviors of MESS, MEG and RC.

TABLE VI

CONTRIBUTION OF MESS, MEG AND RC TO LOAD RESTORATION IN
33-BUs POWER NETWORK

MESS (|P**%]) | MEG (P°9)
692 3,211

Agent
Quantity (kWh)

RC ([P"])
6,363

1) Dispatch of MPSs and RCs: We first examine the
dispatch behaviors of three MESS, MEG and RC agents, as
depicted in Fig. 6. As for MESS in Fig. 6-(a), its routing
behaviors are between MSs 1, 3 and 5. Specifically, the MESS
chooses to discharge power at MSs 1 and 5 for demand supply,
since both MS 1 at bus 2 and MS 5 at bus 25 connect
with essential loads. Additionally, the discharging behaviors of
MESS mainly occur at the periods of morning and night, when
demand is relatively high. Now, let us look at the charging
behaviors of MESS when it runs out of energy. The first
charge occurs in the evening at MS 3 where MEG chooses to
connect for power supply during the first few hours, as shown
in Fig. 6-(b). Such phenomena also exhibits the coordination
effect of MESS and MEG in both mobility and flexibility. The
second charge occurs in the mid-day when free PV resources
are abundant. Furthermore, the interesting results can be found
that it takes MESS 2 hours (15:01-17:00) to travel from MS
3 to MS 1 in the afternoon while taking only 1 hour (1:01-
2:00) from MS 1 to MS 3 in the morning. This is because the
serious road congestion happening in the afternoon leads to
another hour traveling time. On the other hand, MEG chooses
to connect with MS 3 at bus 32 and MS 4 at bus 14 for power
supply, since MS 4 is connected with essential load and one
serious damage happens around bus 14. As for RC in Fig.
6-(c), it chooses to repair the damaged lines 4 — 5, 6 — 26,
3 — 23 and 14 — 15 sequentially. After these four lines are
all repaired, RC has run out of its resources and is incapable
of repairing more. It is also mentioned here the reason why
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RC firstly repairs line 4 — 5 is that repairing this line can #\:}m =@

restore the associated power flow, in which bus 2 is connected pro ow o s
with essential load. In this case, there is no need for MEG to ‘
connect with MS 1 at bus 2 towards resilience enhancement.
After analyzing the dispatch behaviours of three MESS, MEG
and RC agents, we also summarize the overall contribution of

£ @m = m\m |
each agent to the system resilience in Table VI. RC enhancing  [©7F ; e ATE S SR B a e
power flow contributes the most, followed by MEG and MESS. e
As such, it can be concluded that H2MAPPO successfully mopmm Rt ) 8 e § o
learns the reasonable dispatch behaviors for MESS, MEG and Beve o @ [ oggws e (B9 s O et
RC agents with the objective of providing resilience. LSS0 o Shar Sas S
TABLE VII Fig. 8. The coupled 69-bus power-transport network.
SWITCH OPERATIONS FOR POWER NETWORK RECONFIGURATION
Time period (hr) | Switch Operations 120 MESS 1 u 120 MESS 2 .
I close 8-21, 9-15, 12-22, 18-33, 25-29 Sl — ye o Ve
13 open 25-29 % 72 I I 7 % E: 721 t7 Eg
18 open 26-27, 9-15 and 12-22 2 s |_H/ il SE 3 i; E
22 open 8-21 = i, E | A=
P EEEEE TR EEEEE T TR
= Chnrlgc Time (h) Time (h)
Discharge
. . . MESS 3 MESS 4
2) Switch Operations: Besides MESS, MEG and RC, 1 NP g
switch operations that consider dynamic network reconfigu- Z 5 ;S 2 72—+ <
. s § gt 52§ a8 I ts 2
ration can also help enhance resilience. It can be observed 2 , I i ” 38 % 4l H ” I 15
. . — -
from Table VII that all five tie lines are closed to restore the T 1113 15 17 1921 23 ! eI 1131517 1|921 2 !
obstructed power flow at the beginning of the day. But after RC Time (8) Time ()

gradually repairs the damaged lines, some switches open up to
ensure the power network radiality. As a result, the resilience
can be further enhanced via the smart network reconfiguration.

Fig. 9. Dispatch behaviors of MESSs in the modified 69-bus system.
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Fig. 10. Dispatch behaviors of MEGs in the modified 69-bus system.

TABLE VIII
LOAD SHEDDING QUANTITY AND COST IN 33-BUS POWER NETWORK RC1 RC2
Performance Essential load Non-essential load N I R STR = oo mm 5o 5
Quantity (KWh) 291 4217 =4\ [RE &3] = = [10&
Cost (®) 728 6,326 Bof- el FR gy 72 22 - L7 £
I ba 2 ] ta g
! i 5 71 vty 13
Finally, load conditions for both essential and non-essential P g'l]i:n?(hl)s e P ngiImSm])S ream
types are compared in Fig. 7. Overall, the resilience enhance- s RC3 . ] RC4 y
. oy . 5 - 5455 [ o ~N [ o
ment for essential loads exhibits better performance than that — _+{', = '}L- e FET I g
. . . =3 = ~ 3 F10
for non-essential loads, respectively causing 291 kWh and = 2,1\ (1 [ £ Em TG s li””;" E
4,217 kWh total load shedding quantity, as compared in Table by |||||””| 45l e S
VIII. Thus, the system needs to pay serious cost for non- PR ey PR T e
essential loads (6,326 £) compared to the essential loads (728
£). Fig. 11. Dispatch behaviors of RCs in the modified 69-bus system.
. . TABLE IX
D. Test Results in MOdlﬁed IEEE 69-Bus Power Network LOAD SHEDDING QUANTITY AND COST IN 69-BUS POWER NETWORK
This section serves as a further demonstration of the pro- Performance Essential load | Non-essential load
posed HZMAPPO on scalability. Thus, a modified IEEE 69- Quantity (kWh) 227 8.726
. ’ Cost (thous.£) 1,318 13,089

bus power network is introduced, which includes 7 DGs, 11
PVs and 10 MSs, while 4 MESSs, 4 MEGs and 4 RCs are
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Fig. 12. Aggregated baseline and load after shedding in 69-bus system.
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TABLE X
CONTRIBUTION OF MESSs, MEGs AND RCS TO LOAD RESTORATION IN
69-BUS POWER NETWORK
MESS (|P**%]) | MEG (P*°9)
2,068 10,299

Agent
Quantity (kWh)

RC (|P"¢])
26,495

employed for load restoration. The detailed structure of the
coupled power-transport network can be found in Fig. 8.

The dispatch behaviors of MESSs, MEGs, and RCs are
illustrated in Figs. 9, 10, 11, respectively. Similar to the
results in the 33-bus power network, MESSs and MEGs
are coordinating with each other to provide power supply
for the modified 69-bus power network towards timely load
restoration. On one hand, 4 MESSs choose to charge power
in the midday at MSs 2, 3, 6, 10 respectively due to their
nearby high PV penetration, while discharging power in the
evening at MSs connected with essential loads, e.g., MESS 1
at MS 4, MESS 2 at MS 7, MESS 3 at MS 2, and MESS 4
at MSs 2 and 4. On the other hand, MEGs move to the MSs
connected with essential loads for power supply, e.g., MEG 1
at MSs 1 and 3, MEG 2 at MSs 3 and 4, MEG 3 at MS 4,
and MEG 4 at MSs 8 and 10. Specifically, it can be found
that MEG 3 moves to MS 4 and stays there all day, while
MEG 2, and MESSs 1 and 4 are also connected with MS 4 in
the evening when the load level reaches its peak. It is because
the line outage occurring on line 45 — 46 causes the isolation
of the essential load at bus 46, while MPSs with black-start
capabilities can energize bus 46 and provide power supply for
this essential load via MS 4 and the smart switch operation
on line 15 — 46.

Furthermore, 4 RCs repair the damaged lines sequentially,
where lines 31—-32, 60—61, 19—20, and 63—64 are repaired in
the first order. On one hand, repairing line 31 — 32 can restore
the power supply to the area around buses 28-31 including one
essential load, since the only power source in this area is the
grid-following PV at bus 30 without black-start capability. On
the other hand, repairing lines 60 — 61, 19 — 20, and 63 — 64
can restore the connections between the areas around buses
61-65 and 20-27 (including several essential loads) and the
main power network. In particular, buses 61-63 can only be
energized after line 60 — 61 is repaired at 6:00, because of the
lack of black-start capability in this area (grid-following PV
at bus 63).

From the perspective of their coordination effect, it can be
found that RCs firstly focus on repairing damaged components
on the right part of the power network, while MPSs mainly
choose to connect with MSs (e.g., MSs 1, 3, 4, and 8) on
the left part of the power network. For instance, MEG 1 with
black-start capability is connected with MS 1 to energize the
area around buses 1-6 and provide power supply in the first 10

hours and then move to MS 3 when the line 4 — 47 is repaired
by RC 1 at 11:00. In this case, the DG unit at bus 47 is
capable of providing power supply and black-start capability.
Such coordination behaviors ensure that most buses in the
power network can be energized quickly and enable fast load
restoration.

Similar to the 33-bus system, the performance on providing
resilience for essential loads is better than that for non-
essential loads, as compared in Fig. 12 and Table IX. The
cost for non-essential loads is thus much higher than that for
essential loads. Furthermore, it can be observed in Table X
that RCs enhancing power flow are also expected to contribute
the most, followed by MEGs and MESSs. These results
further validate the effectiveness of the proposed H2ZMAPPO
in supporting system resilience for a large-scale system.

VI. CONCLUSIONS AND FUTURE WORK

This paper proposes a novel MARL method to address
the coordinated dispatch problem of MPSs and RCs for MG
load restoration. The proposed MARL method is characterized
by a hierarchical architecture and a hybrid action domain
including both discrete routing and continuous scheduling
actions. The resilience-driven coordinated dispatch problem
of MPSs and RCs is formulated as a Dec-POMDP, rendering
a decentralized fashion and capturing the system dynamics of
the coupled power-transport networks. Additionally, uncertain-
ties related to renewables, demand, traffic volumes, and line
outages are encompassed in the MARL training procedure.
Experiment results based on two power networks (IEEE 33-
bus and IEEE 69-bus) demonstrate the effectiveness of the
coordinated dispatch of MPSs and RCs on restoring loads
and enhancing resilience, while the outstanding performance
of the proposed MARL method in optimality, stability, and
scalability is testified, compared to the state-of-the-art MARL
and optimization methods.

Future work aims at enhancing the studied problem from
three directions. First, this paper focuses on the short-term
daily load restoration problem. However, extreme events may
have a long-term impact on the power system infrastructure.
As a result, the first future extension is applying the proposed
MARL method to a long-term load restoration problem that
could last for several days/weeks. In this case, the episodic
horizon will be expanded, e.g., 168 time steps for a 7-day
episode with 1 hour per time step, while more efficient data
sampling techniques could be applied to deal with the longer
episodic horizon. Furthermore, these MPS and RC agents
should be capable of learning multi-task policies within a
single episode. For example, the re-filling process of resources
or fuels that captures the influence of working time and
resource availability can be considered in the RL training
process by modifying the Dec-POMDP setup, e.g., appropri-
ately adding a penalty term to the reward function to avoid
the long-term working period. Second, this paper focuses on
the routing and scheduling/repairing behaviors of MPSs and
RCs, while their pre-allocation problem is not considered.
However, the effective pre-allocation of these mobile and
flexible sources can further improve system resilience. As a
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result, the second future extension is developing an optimal
pre-allocation scheme for their initial positions and numbers of
mobile sources towards system resilience enhancement. Third,
this paper models the uncertainties of RL environment in terms
of load profiles, PV generation, traffic congestion, and line
outages, while the uncertainties of mobile sources themselves

are

not captured. However, in real-world applications, the

mobile sources are also characterized by various uncertainties,

e.g.,

the repair time of RCs, the charging losses of MESSs,

and the fuel consumption of MEGs. As a result, the third
future extension is taking the uncertainties of mobile sources
into account and developing more realistic dispatch behaviors
towards load restoration.
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