This article has been accepted for publication in IEEE Transactions on Power Systems. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TPWRS.2023.3276827

IEEE TRANS. POWER SYST., ACCEPTED FOR PUBLICATION

Resilience-Oriented Coordination of Networked
Microgrids: a Shapley Q-Value Learning Approach

Dawei Qiu, Member, IEEE, Yi Wang, Member, IEEE, Jianhong Wang, Student Member, IEEE,
Ning Zhang, Senior Member, IEEE, Goran Strbac, Member, IEEE, and Chongqing Kang, Fellow, IEEE

Abstract—High-impact and low-probability extreme events
have occurred more frequently than before because of rapid
climate change, which can seriously damage distribution sys-
tems. However, conventional distribution management can be
dysfunctional after an event, destroying its centralized supervi-
sion towards resilience enhancement. In this context, networked
microgrids (NMGs) with distributed energy resources provide
a viable solution for the resilience enhancement of distribution
systems. Existing literature tends to employ model-based opti-
mization approaches for resilient operations of NMGs, which
require complete system models and can be time-consuming.
To address these challenges, this paper suggests a decentralized
framework for resilience-oriented coordination of NMGs and
proposes a novel multi-agent reinforcement learning (MARL)
method to solve it. Specifically, the proposed MARL method
develops an efficient credit assignment scheme for NMGs to
learn their contributions to the distribution system resilience
via the Shapley Q-value technique with more efficient resilience
enhancement. Case studies based on two modified IEEE 15-
and 69-bus distribution networks are conducted to validate the
effectiveness of the proposed MARL method in enabling effective
coordination among NMGs and providing a high resilience level.

Index Terms—Multi-agent reinforcement learning, Networked
microgrids, Resilience, Shapley Q-value.

NOMENCLATURE

A. Abbreviation

DER Distributed energy resource

DG Diesel generator

ES Energy storage

HILP High impact and low probability
MG Microgrid

NMG Networked microgrid
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PV Photovoltaic

RES Renewable energy resource
SoC State-of-the-charge

WT Wind turbine

B. Indices and Sets

1€l Index and set of MGs

teT Index and set of time steps

g € DG Index and set of DGs

g€ RES Index and set of RESs

ke&S Index and set of ESs

beB Index and set of buses

deD Index and set of loads

(b,p) €Y  Index and set of lines

C. Parameters

At Time resolution (1 hour)

Aid Shedding cost of load d in MG ¢ (£/kWh)

ﬁ?ii,t Active power of baseline load d in MG ¢ at
time t (kW)

7?7‘(; Maximum limit of active power of DG g in MG
i (kW)

72{% Minimum limit of active power of DG g in MG
i (kW)

@ff; Maximum limit of reactive power of DG g in
MG i (kVAR)

Q?Z Minimum limit of reactive power of DG g in

’ MG i (kVAR)
Zg Rated power factor of DG g in MG 1

7:25,5 Power realization of RES g in MG ¢ at time ¢
(kW)

P Power capacity of ES k in MG i (kW)

S Maximum limit of SoC of ES k in MG i (%)

7% Minimum limit of SoC of ES & in MG ¢ (%)

E; Energy capacity of ES k in MG ¢ (kWh)

Nk Charging coefficient of ES k£ in MG ¢ (%)

nf’skd Discharging coefficient of ES k£ in MG 4 (%)

1% Maximum permissible voltage (p.u.)

4 Minimum permissible voltage (p.u.)

Tibp Resistance of line (b,p) in MG 4 (p.u.)

Zibp Reactance of line (b,p) in MG ¢ (p.u.)

Sibp Capacity limit of line (b, p) in MG i (kVA)

?i]» Maximum limit of active power exchange be-
tween MG ¢ and MG ;5 (kW)

P Minimum limit of active power exchange be-

tween MG ¢ and MG 5 (kW)
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Maximum limit of reactive power exchange
between MG 7 and MG j (kVAR)

Minimum limit of reactive power exchange
between MG i and MG j (kVAR)

Maximum limit of apparent power exchange
between MG ¢ and MG j (kVA)

Maximum limit of virtual power flow through
branch (b, p) in MG i

N
<l

SIS

1%I

!

i,bp

D. Variables

Pfjt Active power of restored load d in MG ¢ at time
' t (kW)
ed Reactive power of restored load d in MG ¢ at
o time ¢ (kVAR)
Pfg’_t Active power output of DG g in MG 1 at time
' t (kW)
fo;_t Reactive power output of DG g in MG ¢ at time
' t (KkVAR)

Pyos Active power output of RES ¢ in MG ¢ at time
t (kW)

Pl Charging power of ES k in MG i at time ¢ (kW)

Pfi‘é Discharging power of ES k in MG 4 at time ¢
(kW)

ket SoC level of ES k£ in MG ¢ at time t (%)

Vit Voltage of bus b in MG ¢ at time ¢ (p.u.)

P Active power exchange between MG ¢ and MG
J at time t (kW)

Git Reactive power exchange between MG ¢ and
MG j at time t (kVAR)

Piopt Active power flow of line (b, p) in MG ¢ at time
t (kW)

Qi bp,t Reactive power flow of line (b, p) in MG 1 at
time ¢ (kVAR)

Fipt Virtual power flow through branch (b, p) in MG
7 at time ¢

yéj})pyt Binary indicating the status of line (b, p) in MG
¢ at time t (1 if closed, O otherwise)

e%p,t Binary indicating the status of branch (b, p) in
MG i at time ¢ (1 if closed, O otherwise)

Yiit Binary indicating the connection status between
MG ¢ and MG j at time ¢ (1 if connected, O
otherwise)

Uit Binary indicating the status of ES k£ in MG 4

at time ¢ (1 if charging, O otherwise)

I. INTRODUCTION
A. Background and Motivation

XTREME weather events are characterized by high im-

pact and low probability (HILP), which can affect the
status of power system components and cause severe power
outages [1]. Recently, decarbonization of the power industry
has led to the increasing penetration of renewable energy
resources (RESs), whose intermittent and fluctuating nature
may further exacerbate the impact of extreme weather events.
To deal with these HILP events, the concept of resilience has
been introduced into power systems [2]. Given the serious
disruptions, the main goal of a resilient power system is to

maintain the continuous supply of essential loads, posing a
system load restoration problem [3].

Microgrids (MGs), as localized small power systems with
enhanced control capabilities, are regarded as an effective so-
lution to integrate and coordinate different types of distributed
energy resources (DERs) (e.g., diesel generators (DGs), wind
turbines (WTs), photovoltaics (PVs), energy storages (ESs),
etc.) for resilience enhancement [4]. In this context, it can be
anticipated that MGs will become widespread in the coming
decades and play a significant role in the development of
future power systems globally, due to the crucial benefits (e.g.,
self-controlling, self-protecting, and self-healing) they offer
for the enhancement of resilience in decentralized operation
paradigms [4]. Going further, several MGs can even connect
with each other as networked MGs (NMGs), where the energy
sharing among them can effectively increase the survivability
of essential loads during extreme events [5].

B. Literature Review

Recently, much research has applied various control
schemes to operate NMGs for the load restoration problem,
which can be classified into the following three categories.
First, centralized control that involves a central controller mak-
ing energy schedules on behalf of all MGs. In [6], the NMGs
are centrally optimized to provide reliable power supply to
maximize load continuity. In [7], a group of mobile sources
are centrally optimized to enhance the resiliency of NMGs. In
[8], a linear integer program is introduced to solve the load
restoration problem using NMGs, accounting for the factors of
stability, frequency, voltage, and current. In [9], [10], a two-
stage module enabling the evaluation of NMGs’ restoration
actions and their feasibility by unbalanced three-phase optimal
power flow (3Ph-OPF) is proposed. In [11], a novel robust dual
dynamic integer programming approach is firstly proposed to
efficiently tackle the multi-stage resilient scheduling problems.
The load restoration under tropical cyclones is maximized with
guaranteed robustness to unanticipated outage uncertainties.
However, the centralized control method may raise privacy
concerns and can be prone to single-point failure, in particular
when extreme weather events cause physical damage and the
lose efficacy of information and communication technologies
(ICTs) [12]. Second, hierarchical control that builds up a
hierarchical structure between the central controller taking
the role of enhancing the whole system resilience and the
local MGs managing their individual energy schedules. In
[13], a hierarchical outage management scheme is proposed
to enhance the resilience of a distribution system comprised
of multi-MGs against extreme events. In [14], a nested energy
management system is proposed to hierarchically control the
NMGs to enhance resilient performance. In [15], a two-stage
heuristic is developed for the critical load restoration problem
of NMGs through a chance-constrained stochastic program,
accounting for the uncertainties of renewable and load. In
[16], a heuristic rule-based algorithm is proposed to determine
the optimal nodes to be restored within distribution systems.
In this setting, privacy concerns can be addressed properly,
the issue of single-point failure however still remains due
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to the requirement for a central controller. Third, distributed
control that removes the central controller and makes MGs’
individual energy schedules. In [17], [18], a consensus-based
algorithm is proposed to schedule various dispatchable DERs
to maximize the supply adequacy of each MG. In [19], an
alternating direction method of multipliers (ADMM) algorithm
is proposed to make load restoration decisions individually for
each MG, while ensuring the risk-limiting constraints of the
overall system to be satisfied. In this setting, MGs rely on
local information exchanges between neighbors with privacy
perseverance. However, the iterative algorithm of distributed
control may not guarantee an optimal or even a feasible
solution [5].

Although the above model-based optimization approaches
have been developed for a series of resilience enhancement
problems under the NMG concept, the following challenges
must be addressed when taking the real-world environment
into account. First, exact operation models and accurate
technical parameters of MGs are normally unavailable in
practice due to aging and privacy concerns [5]. Second, be-
cause the distribution network environment is highly dynamic
and stochastic, generalizing an adaptive and resilient control
scheme that accounts for various system dynamics and uncer-
tainties is difficult. Third, the resilience-oriented decisions of
NMGs require a fast response time, while solving a complex
optimization problem is normally time-consuming.

In this context, reinforcement learning (RL) [20], a data-
driven and model-free approach, can solve dynamic decision-
making problems by learning optimal control policies through
repeated interactions with the environment without any prior
knowledge. As an online learning approach, RL can effectively
utilize the growing amount of data from the environment,
capture various uncertainties, and adjust to different state con-
ditions. Furthermore, the well-trained control policies can be
directly deployed to the practical test process in milliseconds
without solving an optimization problem. However, research
work using RL to solve load restoration problems with NMGs
has not yet been thoroughly investigated. In contrast, various
RL methods have been successfully applied to the distribution
system or a single MG environment, e.g., deep Q-network
(DQN) [21]-[23] and soft actor-critic (SAC) [24] for recon-
figuring a distribution network via smart switches after a major
outage; deep deterministic policy gradient (DDPG) for optimal
load restoration in a distribution network [25] and an islanded
MG [26] via DER schedules.

However, the problem studied in this paper focuses on the
coordination of NMGs for resilience enhancement. Using the
above single-agent reinforcement learning (SARL) methods
[21], [22], [24]-[26] to assist a cluster of NMGs in making
decisions at the same time may cause scalability issues and
further suffer from excessive computation time, because both
state and action spaces grow proportionally with agent size,
making it hard to train a large-scale neural network. To this
end, it is reasonable to introduce the other category of RL, i.e.,
multi-agent reinforcement learning (MARL). Previous work
[27] has successfully applied multi-agent DQN, multi-agent
DPG, and multi-agent SAC to learn the optimal reconfigura-
tion decisions for NMGs in distribution networks. However,

it is assumed that each MG can acquire the local information
of the active load in each bus and the private information of
other MGs’ actions, which may raise privacy concerns. To
address this issue, a graph convolutional network is proposed
in [28] to capture the graph-structured distribution system
measurement patterns without complete information. Further-
more, the flexibility of DGs in providing resilience services
is also investigated in [28] through multi-agent DQN. Finally,
multi-agent SAC is proposed in [29] to learn the dispatched
power from shunts for system resilience enhancement while
only using the local information of bus voltages in each region.

Despite the aforementioned achievements in the applications
of MARL methods to the distribution system resilience en-
hancement problems [27]-[29], a significant research gap has
been identified, i.e., a shared global reward function (e.g., the
sum of weighted load restorations [27]) is designed for each
individual agent in a coordinated manner that does not reflect
each agent’s contribution to the group, which may lead to
unfair and consequentially inefficient learning performance.
Thus, this motivates us to investigate a credit assignment
problem [30] that targets the distribution of global rewards
to these agents according to their individual contributions.
Inspired by the Shapley value [31], i.e., an efficient payoff
distribution scheme, we propose a Shapley Q-value [32] that
extends the Shapley value for the credit assignment of a
MARL method. In this setting, the control policy of NMG
operation can be effectively learned, while the contribution of
each MG to the resilience of the distribution system can also
be accurately quantified.

C. Research Questions and Contributions

Although the aforementioned studies have shown that both
model-based optimization and model-free MARL methods
can be successfully applied to the NMGs’ load restoration
problem, the following critical research questions are still
worth discussing:

1) Previous work [6]-[11], [13]-[19] has tried to employ
model-based optimization approaches to operate NMGs
for the load restoration problem. What if the exact
operation models as well as the accurate technical and
uncertain parameters of MGs cannot be obtained in
practice? Are model-based optimization approaches fast
enough to satisfy the response time requirement of a
resilience-oriented problem?

2) Previous work [21], [22], [24]-[26] has tried to employ
various SARL methods to operate smart switches and
DER schedules to a resilient MG. What about the coor-
dination effect of NMGs on providing load restorations?
If the coordination of NMGs is introduced, what kinds
of methods can be proposed to efficiently solve the load
restoration problem with decentralized NMGs?

3) Previous work [27]-[29] has tried to employ various
MARL methods to operate reconfiguration decisions, DG
power schedules, and shunt power schedules for NMGs.
How to identify individual contributions of each resource
to the system-wise resilience performance?

To this end, this paper tries to answer the above discussed

questions and makes the following contributions:
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1) Develop a decentralized framework for the coordination
effect of NMGs towards resilience enhancement. For-
mulate the coordinated operation problem of NMGs as
a Decentralized Partially Observable Markov Decision
Process (Dec-POMDP) [33], wherein each microgrid
central controller (MGCC) is defined as an agent who can
regulate its own DERs and power exchanges with other
connected MGs in real-time; while the power flow model
and load restoration process of the distribution network
are together simulated as the environment. The objective
of this Dec-POMDP is finding an optimal control policy
for each agent to maximize the restored load condition
of a distribution network.

2) Derive a novel MARL method named Shapley Q-value
Deep Deterministic Policy Gradient (SQDDPG) to solve
the formulated Dec-POMDP by 1) introducing the concept
of Shapley value [31] for accurate credit assignment in the
load restoration process, resulting in a fair distribution of
each agent’s contribution to the system overall resilience;
ii) learning a decentralized policy with a centralized
critic by using an actor-critic architecture-based Deep
Deterministic Policy Gradient (DDPG) [34] algorithm
that can handle the continuous state and action spaces.
In this setting, the system’s operation models as well
as the technical and uncertain parameters are unneces-
sary. Additionally, the well-trained control policy can be
directly deployed to the resilience-oriented problem in
milliseconds without solving any optimization problem.

In case studies, we validate the superior performance of

the proposed SQDDPG method over the existing model-
based and model-free methods in enhancing resilience. Specif-
ically, the learned Shapley Q-value can efficiently reflect the
contribution of each agent to the system overall resilience.
Furthermore, a generalized control policy for the coordinated
NMG operation problem is learned and can adapt to various
system uncertainties, such as load profiles, RES generation,
and contingencies. Finally, the scalability of the proposed
SQDDPG method is evaluated on two modified IEEE 33-bus
and 69-bus distribution networks. To the best of the authors’
knowledge, this is the first time that Shapley Q-value has been
applied to power systems to address the coordinated operation
problem of NMGs towards a resilient distribution network.

D. Paper Organization

The rest of this paper is organized as follows. Section II
discusses the challenges and potential solutions of a resilient
distribution system via NMGs. Section III presents the general
formulations of NMG operations, while Section IV and Sec-
tion V introduce the proposed Dec-POMDP formulation and
SQDDPG method, respectively. In Section VI, case studies are
carried out and analyzed on two modified IEEE 33-bus and 69-
bus distribution networks. Section VII draws the conclusions
and future work of this paper.

II. PROPOSED FRAMEWORK OF NETWORKED
MICROGRIDS TOWARDS RESILIENCE ENHANCEMENT

We focus on the coordination problem of an NMG cluster
involving multi-interconnected MGs towards overall resilience

4
centralized supervision
Outage
Switch }\
MGCC single-point [
DNO failure Al
Ird T v
<~ 4
> < | EEEEEE ket >
decentralized / \
operation ] \
T ) peration SRS, e md
» Control signal "/ & \ .
, D/ RN
» Communication MG1 Yol ‘\»_”,-'

Fig. 1. Scheme of NMGs towards resilience enhancement. It also illustrates
the transition from centralized supervision (purple) via DNO to decentralized
operation (blue and orange) via NMGs due to the single-point failure and line
outages.

enhancement, as illustrated in Fig. 1. In general, these MGs
can be connected with each other and regulate their own
energy resources for power sharing to facilitate load restoration
after a major power outage in the distribution network.

A. Challenges of Resilient Distribution System

The urgent need for resilience enhancement requires dis-
tribution systems to be managed in an efficient and se-
cure manner. However, conventional distribution management
featuring solely centralized supervision by the distribution
network operator (DNO) may suffer from a reduction in
operational reliability due to single-point failure, which can be
caused by large-scale blackouts and damaged communication
infrastructures [3].

As a result, a paradigm shift from a centralized to a
decentralized manner is required, e.g., by dividing the dis-
tribution network into two regions, as illustrated in Fig. 1.
As an emerging operation paradigm recently, MGs are able
to provide a viable solution by constructing a hierarchical
infrastructure to manage DERs in distribution networks [4].
In contrast to the centralized supervision, MGs can operate
in a decentralized manner to manage regional operations in
emergency conditions. However, the capacity and functionality
of a single MG are still limited to achieve effective resilience
enhancement of the distribution network, since the other MGs
may not be capable of being restored by themselves [5].

B. Resilience-Oriented Coordination of Networked MGs

NMGs can be implemented to enable additional flexibility
for resilient operations by cooperatively sharing extra power
resources [5]. Furthermore, each MG can have a heterogeneous
topological and operational design that is more flexible to
target local power supplies. More importantly, MGs operate
in a decentralized manner that can prevent the system from
a single-point failure. Finally, these MGs operate in parallel,
which can expedite the restoration process.

The proposed framework of NMGs for resilience enhance-
ment is illustrated in Fig. 1. After the power outages (e.g., main
connection, distribution line) and also the single-point failure
of centralized supervision, each MG is equipped with a MGCC
that can regulate the power dispatches of controllable resources
(e.g., PVs, WTs, DGs, and ESs) inside its own region, utilize
tie-lines or smart switches, and then manage power exchanges
with each other. In this context, these two MGs have their
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own controllability and can operate within a decentralized
framework without central commands from DNO, enabling a
fast response time. As such, the overall resilience performance
can be improved significantly.

III. GENERAL FORMULATIONS OF NMG OPERATION

In this section, we provide the general mathematical for-
mulations of the considered DERs (including DGs, RESs,
and ESs), the power exchanges, and the network operation
constraints inside the NMGs as well as the objective function
of the resilient distribution network. Finally, the practical chal-
lenges and potential solutions for solving a NMG coordination
problem towards resilience enhancement are discussed.

A. Operation Behaviors of DERs

1) Diesel Generator: The DG’s operation model is sim-
plistically constrained by its active and reactive power output
limits

P < pl, <Pzg,Vz‘ € I,Vqg € DG, (1)
QP < Qs < Qi Vi€ T,Vg € DG, )

QY < < P tan(cos™ 5d9) VieI,¥ge DG, 3)

i,g,t

where constraints (1)-(3) represent the active and reactive
power limits of DG g as well as its rated power factor 6gg in
MG 14, respectively. It is noted that the operation constraints of
ramping, start-up, and shunt-down are not considered in this
model, which follow the same setting in [14], [35], [36], since
this paper focuses on the resilience enhancement problem of
distribution networks with small-size DGs.

2) Renewable Generator: The active power limit of RES ¢
(including WTs and PVs) in MG 1 is represented by

0< P, <P,y VieT,Vg e RES, 4)

1,9,t

where ?leg&t represents the power realization of RES ¢ in MG
i at time step ¢, related to wind speed or solar irradiation. It
is noted that the reason to consider the active power output
of RESs as a dispatchable variable is to make renewable
curtailment possible and allow the distribution network to have
more flexibility, which follow the same setting in [13], [36].

3) Energy Storage: The operation model of ES k in MG i
is formulated as

0< P55 <ufhy, Pry, Vi€ I,VE € ES, (5)

?

(1—uzkt)Pi7k< @Sd<OVZEIVk€58 (6)

¢ < Sfe < Six, Vi € VK € ES, 7)
o es Zezct At nesc esd At/need
ik, t+1 ikt E;a,sk ) (8)
Vie L,Vk € &S,

where constraints (5) and (6) restrict charging and discharging
power limits of ES k in MG ¢ at time step ¢; the binary variable

rt €10, 1} indicates its charging (uf3, , = 1) or discharg-
mg (ul Tt = 0) status. Constraint (7) limits the minimum
and maximum battery state-of-the-charge (SoC) level of ES

k, while its dynamic transition between two consecutive time
steps is presented in (8), given the charging/discharging power
Prre = PO+ P@Z . as well as the charging/discharging
coefficients nix /7765‘1

4) Power Exchanges: The active and reactive power ex-
changes between the NMGs are limited by

yile Py < P < yit, Pig,Yi e INj € T\ {i}, (9)
yfft QZ < ijwt < yieﬁt @z‘j»w €ZI,Vj eI\ {i},

(Pim)? +(@550)* < iy Sig, Vi € T,V € T\ {i},

(10)

(an

where constraints (9)-(11) correspond to the active, reactive,
and apparent power exchange limits between MG 7 and its
interconnected MG j at time step ¢, respectively. The binary
yi+, € {0, 1} indicating the status of connection line between
MG ¢ and MG j at time step ¢t (1 if closed, O if open or
damaged) is determined by their reconfiguration switch.

B. Network Constraints

For NMG operations, the AC power flow model with
network constraints is employed, which can be realized as

DB D Plo= 0 Pl Y Pt
gE€Bay gEB es k€Becs d€Beq
NPT — > Pippi+ > Pipps,Vie LVbEB,
JEBmyg (p,b)€EY (b,p)EY
(12)
Z Q,g,t* Z 1dt+ Z l]t
EBdg d€Becq JEB.mg (13)
Z Qi,pb,t + Z Cgi,b[),h\v/Z S I7 Vb € Ba
(p,b)€Y (b,p)EY
v2<v;bt<v Vi € I,Vb € B, (14)
Pi2,bp,t + Q?,bp,t < yz‘fllyp,t Si,mei € Ia V(b,p) € y7 (15)
Ve = Vips < 2(Tip Pibp,t + i op Qi bp,t) 16)
+(1 =y}, M, Vi € T,Y(b,p) €Y,
Vvi?b,t - pr,t > 2 (Ti,bp Pi,bp,t + Li,bp Qi,bp,t) (17)

J'_(yﬁ,y;)p,t - 1) MaV’L € I,V(b,p) € ya

where the nodal active and reactive power balances at a certain
bus b in MG i are presented by (12)-(13), respectively. B.q,
Bag, Bres, Bes, and B,,, correspond to the bus sets of
loads, DGs, RESs, ESs, and connected MGs located at bus
b, respectively. The nodal voltage and power flow limits are
constrained in (14) and (15) respectively, while the linearized
power flow constraints are expressed in (16)-(17) [37], which
can be relaxed by the big-M method with a large positive
value M. It is crucial to emphasize the importance of carefully
selecting the big-M value in the model. If the big-M value
is chosen too small, the resulting solution may violate the
constraints of the model, leading to sub-optimal solutions. On
the other hand, if the big-M value is chosen too large, it can
result in a model with weak relaxations, making it challenging
for the solver to converge efficiently. A study in [38] high-
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lights these considerations. In this context, we have taken a
thoughtful approach to select a reasonable value for the big-M
parameter. Our chosen value ensures that the linearized power
flow model yields optimal solutions while also facilitating
efficient convergence of the solver. This careful selection of
the big-M value enhances the accuracy and effectiveness of
the power flow model in our study.

Furthermore, the MG network can be dynamically recon-
figured through smart switch operations respecting the system
radiality, subject to a set of virtual network constraints (18)-
(21) according to the single-commodity flow model [37]:

> e, =B -1VieT, (18)
(b,p)€y
N Fippi— Y. Figpu=LVi € I,Vb € B/{b*"}, (19)
(p,b)ey (b,p)eY
_e?znt Fi,bp < Fi,bp,t < eff},p,t Fi,bmv'i S V(b,p) €,
(20)
Yos < € Vi € IY(b,p) €V, @21

where constraints (18)-(20) formulate a virtual network [37]
with its structure being the same as the power network but
without damages, ensuring that i) the virtual network has
|B] — 1 closed branches; ii) all virtual nodes are connected.
Constraint (21) models the connections between the power
network and the virtual network through their corresponding
switches. b*“? refers to the substation node inside the virtual
network. Binary ei-’fgp_’t € {0, 1} represents the status of branch
(b,p) in the virtual network (1 if closed, O if open), while
F pp.+ indicates the virtual power flow through branch (b, p).

C. Objective Function

The objective of this problem is to maximize the expectation
of the weighted load restoration in the entire distribution
network (comprised of multi-NMGs) over the daily horizon,
which can be expressed as

max E,, [ZieI ZdGD ZtGT XidPid ],

where Pfg’t represents the amount of restored load d in MG
1 at time step t. Given the limited resource capacity and
operational constraints of NMGs, restoring all electric loads
in the distribution network is difficult; thus, load shedding
cost \; 4 is introduced to prioritize the restoration of essential
loads (e.g., hospitals and data centers) over non-essential loads
(e.g., washing machines and office lighting). Finally, the load
restoration process takes various uncertainties w; (e.g., load
profiles, RES generation, and contingencies) into consideration
when an outage occurs.

(22)

D. Problem Challenges and Solutions

Solving the above optimization problem for NMGs to-
wards load restoration is challenging. Firstly, the MGCC
faces difficulties when the mathematical models and technical
parameters of DERs and networks are unknown. In such cases,
the optimization problem (1)-(22) cannot be formulated at all,
leaving the MGCC without a clear solution strategy. Secondly,

even the optimization problem (1)-(22) can be extracted, for
example by the digital-twin technologies, it is subject to
various uncertainties, making it difficult to obtain accurate
probability distributions for these uncertainties. Thirdly, solv-
ing a time-coupled optimization problem with a large number
of high-dimensional stochastic variables is computationally
intensive and time-consuming. The load restoration process
requires prompt decision-making and actions, but the lengthy
computation times may impede the timely response needed
for load restoration. Fourthly, developing a generalized control
scheme that can adapt to any system state condition is difficult.
Each new state condition requires resolving an independent
optimization problem, which may not be feasible or efficient
in practical scenarios with rapidly changing system condi-
tions. Finally, achieving coordinated load restoration across
all NMGs presents challenges in assessing the individual
contribution of each MG to the overall resilience task. It
is crucial to accurately reflect and evaluate the individual
behaviors in relation to their impact on the overall load
restoration objectives.

To address the challenges mentioned earlier, this paper
proposes an alternative data-driven and model-free MARL
method to solve the coordination problem of NMGs, which is
followed by two practical implementations: 1) reformulating
the NMG coordination problem into a Dec-POMDP, while
NMGs can operate in a decentralized manner without any
prior knowledge; and 2) deriving a novel MARL method
based on Shapley value and DDPG algorithm that can learn
a generalized control policy in real time with fair credit
assignment in the load restoration process. Overall, the two
implementation details are presented in the following Section
IV and Section V, respectively.

IV. REFORMULATION AS A DEC-POMDP

Since NMGs are operating in a decentralized manner with
a dynamic decision-making process and can only observe
partial information of the distribution network (while the
energy portfolios and dispatch behaviors of other NMGs are
unknown), it is reasonable to formulate the examined NMG
coordination problem as a Decentralized Partially Observable
Markov Decision Process (Dec-POMDP) [33]. In general,
Dec-POMDP is a 7-tuple (Z,S,{0;}, {A:}, R, P,7), includ-
ing a set of agents ¢ € Z, a collection of global states s € S,
a set of individual observations {o;, € O;}, a set of individual
actions {a; € A;}, and a global reward function r € R, as well
as a state transition function P(s, az,w), here w represents the
environment stochasticity as mentioned in objective function
(22). The time interval of the load restoration process At =
1 hour. Specifically, the components and dynamic process of
Dec-POMDP are as follows.

A. Agent and Environment Interactions

1) Definitions of Agents and Environment: The agents are
defined as the MGCCs, who can regulate their individual
DERs and power exchanges with the connected MGs (Section
III-A). The environment is defined as the power flow model
and load restoration process of the distribution network (Sec-
tion I1I-B).
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2) Dynamic Decision-Making Process: For each agent i
at time step ¢, an action a;; is computed using the policy
7;(alo) conditioned on the current local observation o; ;. Then,
the environment transits to the next state given the transition
function P, while each agent ¢ is rewarded r; and receives
a new local observation o, ;1. Following this process, each
agent ¢ emits a trajectory of local observations, actions, and
rewards: T; = 051, @i 1,71,0;,2, ..., '7 over O; x A; x R — R.
The objective of this Dec-POMDP is to find an optimal policy
m;(alo) for each agent ¢ that can maximize the cumulative
discounted global reward

(23)

T
§ t
= VTt
t=0

where v € [0, 1) and T = 24 hours refer to the discount factor
and restoration horizon, respectively.

B. State and Local Observation

The environment state s; = {oz,x:} describes the con-
figurations of all agents’ local observations oz ; and NMGs’
power exchanges x;, which can be respectively defined as

0t = [Pits Qipts Y S s, S € O, (24)
= [P, Q) €S, (25)

including 1) the active and reactive power injections
Py, Qi+ of each bus b inside MG ¢; 2) the switch status
y; ;¢ of connection line between MG ¢ and its connected MG j;
3) the battery SoC 573, of ES k inside MG i; 4) the location
of damaged lines S“; inside MG ¢; and 5) the active and
reactive power exchanges P/, Qff; between all MGs i € 7
and their corresponding connected MGs j € Z\{i}.

C. Action
The action a; ; of each agent 7 at time step ¢ is defined as

dg,q _res es exr,p _ex,q sw
ot Qigts Qe Qijp » Gy 5] € Ay, (26)

dg,p

@i =aj gy, a

including 1) the magnitude of active power dispatch a; g’IZ €

[0,1] of DG g inside MG ¢ as a percentage of its active

power capacity sz]’t € [PfZ,P g); 2) the magnitude of
reactive power dispatch a? 2% € [-1,1] of DG g inside

MG ¢ as a percentage of its reactive power limit Ql gt €
[ng Q; g] N [— Ptdﬁ , tan(cos™! 5d9) Ptdﬁ , tan(cos™! 5d9)]
3) the magnitude of active power generation a;’, € [0,1]
of RES g inside MG i as a percentage of its power re-

alization P[¢% € [0, P:i;t} 4) the magmtude of charging

(positive) and discharging (negative) power a7 , € [—1,1]
as a percentage of its power capacity Pf} , € [ fsk,ﬁf&k]

5) the magnitude of active power exchange aji i € [-1,1]

between MG ¢ and MGs j as a percentage of the active
power limits P, € [P, P; ] 6) the magnitude of reactive

i
power exchange aj:,! € [—1,1] between MG i and MGs
exr
eT o

©j,t
J as a percentage of the reactive power limits @7},
(Pi)?); and

Q. Qi) N =/ (557 — (P /(5 -

7 ‘the switch action a;iy € {0,1} indicating the status of

connection line between MG ¢ and its connected MG j, i.e.,
a;iy = 1 for closed (y;i;, = 1) and af}', = 0 for open or
damaged (y;;’, = 0).

D. State Transition

The state transition process from time step ¢ to ¢ + 1 is
governed by s;+1 = P(s;, az,w;), which is influenced by
a combination of the environment current state s;, all agents’
actions az ;, and environment stochasticity w.

At time step ¢, each MGCC agent 4 executes its action a; ¢
and consequently can calculate the power dispatches of all its
own DERs (i.e., Pdgt,Ql g.tr Ligitr Pk ¢)» the switch oper-
ations y;",, and the power exchanges P/, ()77, with other
connected MGs j (Section IV-C). Afterwards, each MGCC
agent ¢ runs its individual AC power flow and consequently
can calculate the nodal power injections P;p ¢, Q5+ of all
buses inside its own region (Section III-B).

In related to the power exchanges between NMGs, the de-
tailed calculation steps should be explained, which can be clas-
sified into three scenarios: 1) MG ¢ and MG j have conflicting
power exchanging intentions, i.e., P % x Pjj" > 0, therefore,
there is no power exchanging activity between them; 2) MG ¢
and MG j have complementary power exchanging intentions,

. Pt x Pit < 0, then, the actual power exchanging
amount between MG ¢ and MG j is selected as the lower ab-
solute value of their intended quantities (min{|P{7 |, [P57[}),
and the power exchanging direction depends on the sign of
P, power flows from MG ¢ to MG j if Pj;% > 0 and from
MG j to MG i else if P < 0; and 3) one or both of MG
1 and MG 7 has or have no power exchanging intentions, i.e.,
Pt x Pffy = 0, then there is no power exchanging activity
between them.

Since a storage unit cannot behave charging and discharging
simultaneously at the same time, the state feature of ES
battery SoC S5, of MG i is managed by the mutually ex-
clusive quantities P}, Pf; "t together with the minimum and

€S
S Sl > energy and power capacities

EZ k> ?Z 1> as well as the charging and discharging coefficients
esc ,esd

Nk Miw » depicted as

maxnnum SoC levels

4 = [min(a§s, , Py g, (i — S35 E; i/ (At net,
(27)
esd es P es es
Pt = [max(ai% o P; gy (Si% — Sik, t)E’L x Atn; 7, (28)
where []*/~ = max / min{-,0}. Then, the state transition of

i1+ from time step ¢ to ¢+ 1 can be written as equation (8).

On the other hand, the state feature of line outages S/ " is
not determined by the MGCC agents. Instead, it is influenced
by the increasing frequency and severity of weather-related
events. In this paper, we assume S”g corresponds to the exoge-
nous state that is independent of agent actions and has intrinsic
variability. RL can overcome this variability by adopting a
data-driven fashion that directly learns its characteristics from
the data set itself [20].

E. Reward Function

The reward function design is responsible for motivating the
agents’ scheduling behaviors, and the reward signals could be
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any unitless scalar values [20]. In section III-C, the objective
of the problem is to maximize the weighted load restorations
of the distribution network. However, directly using equation
(22) as the reward function may raise serious convergence
and optimality issues. This is because of the large fluctuations
of weighted load restorations for different state conditions,
possibly learning the unbalanced distributions of weight and
bias values of the control policies [32]. To combat this, we
scale the weighted load restorations and introduce an unitless
resilience index [35] as the reward function

ZiEI ZdED )‘i,dpigjg,t
—ed
ZieI ZdeD )‘i>dPi7d,t

where ﬁfit represents the baseline of load d in MG ¢ at time
step t. It is expected that the higher value of r; indicates more
restoration of the weighted loads Pi";it and consequently better
performance of the overall resilience enhancement. Further-
more, the scaled reward r; between 0 and 1 can improve the
convergence rate and the final optimality of control policies.

€0,100%],  (29)

ry =

V. PROPOSED MARL METHOD

As explained in Section IV, the MGCC agents in the formu-
lated Dec-POMDP aim to maximize the cumulative discounted
global reward that is shared among all agents. However, the
shared global reward function does not give individuals the
accurate contribution, in other words, the incentives to adjust
individual behaviors to reach optimality. As a result, the
performance could be corrupted in the studied coordination
problem of NMGs. This motivates us to apply the concept of
credit assignment [30] that can efficiently distribute the global
reward to agents according to their contributions. Specifically,
we derive a novel MARL method called Shapley Q-value deep
deterministic policy gradient (SQDDPG) to solve the above
Dec-POMDP, with its overall architecture being depicted in
Fig. 2. In SQDDPG, there are two practical implementation
details that are insightful and crucial: 1) generalizing a Shapley
Q-value [32] (i.e., an efficient payoff distribution scheme in
RL) for credit assignment of the coordinated NMGs towards
resilience enhancement; and 2) learning decentralized policies
and centralized critics via the conventional deep deterministic
policy gradient (DDPG) algorithm [34] to update the MARL
policy with privacy perseverance.

A. Shapley Q-value

1) Shapley Value: Shapley value [31] is one of the most
popular methods to solve the payoff distribution problem for
effective coordination. Given a set of NMGs MG = (Z,V),
for any subset (coalition) of NMGs G C Z\{i} let

0,(9) =V(GU{i}) - V(9)

be a marginal contribution of agent ¢ with respect to coalition
G, where V(-) represents the value function to measure the
payoffs earned by a NMG group. Then, the Shapley value of
each agent ¢ can be written as

(IZ] - |G| — 1)!
gCT\{i}

(30)
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Fig. 2. The structure of the proposed SQDDPG method.
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Literally, Shapley value takes the weighted average of
marginal contributions of all possible coalitions where the
weight follows a bell-shape distribution, so that it satisfies
[32]: 1) efficiency: the group value equals to the sum of
all local shapley values maxV(Z) = . ,maxV(i); 2)
dummy: if agent ¢ has no contribution, then V(i) = 0; and
3) symmetry: if agent ¢ and another agent j; make the same
marginal contribution to the group, then V(i) = V().

2) Shapley Q-Learning: In the era of RL concept, it is
common to use Q-value (i.e., action-value) function Q(s,a)
to equivalently represent the value function V(o) [20]. In this
context, we can reformulate (31) as a Shapley Q-value

3 G11(2Z] = 161 = 1!
, 1zl
GCT\{i}

QY (s,a;) = - ®i(s,ai|G), (32)

where ®;(s,a;|G) is defined as the marginal contribution of
agent ¢ taking action a; in observing s, which is transferred
from (30) using Q-value function Q(s,a) for representing
value function V'(0):

®D,(s,a;]G) = max Qs (s,agugy) — max Qs (s,ag), (33)
ag ag

where Q™9 (s, ag) represents the Q-value of coalition G taking
actions ag in observing s via the optimal policy 5.

To effectively approximate the Shapley Q-value in (32), we
take the principle of Bellman optimality equation [20] for the
optimal Shapley Q-value such that

Qw* (s,az) =Eg [7“ +’7H;§LX Qﬂ*(s/’a/z):l. (34)

Then, by the property of efficiency defined in Section V-Al,
we can get the optimal global Q-value by the sum of all
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individual Shapley Q-values
Zmax Q¢ (s',a%).

1€L “z

maXQ“ (s',a%) (35)

Furthermore, it is assumed that for each agent ¢ there exists
bounded weights w;(s,a;) € R > 0 and biases b;(s) € R >0
that can project Q™ (s, az) onto the space of Q?* (s',a}) such
that i )

Qf’ (s,a;) = wi(s,a;) QT (s,az) — b;(s).

Afterwards, by substituting (35) into (34) and further merg-
ing (36), we can obtain

Q?*(Syai) = w;(s, a;)Eq

(36)

[ty > max QP (o

i€ ¢

a;)] = bi(s).

(37

Finally, given the Bellman optimality equation and based

on the conditions such that Y, 7 w;(s,a;) 'b;(s) = 0 and

w;(s,a;) = 1/|Z| [39], we can update the Shapley Q-learning
via its temporal-difference (TD) error

A=r+v> maxQf(s,a}) = > QF(s,a)

ez ¢ i€l

(38)

until to find the optimal Qf (s,a;) for each agent .

It is worthwhile to note that the fundamental assumption of
Shapley value is convexity, which is named as convexity in
the context of cooperative game theory by Shapley [31]. In
[32], it is proved that the global reward game is equivalent to
a convex game (the game with convexity condition) with the
grand coalition. For the studied problem in this paper, it can
be categorized into the convex game, since NMGs are forming
into a cooperative game with a common goal by equation (29)
(that is defined as a global reward game). Also, Shapley value
is a solution to convex game. That is, if a problem can be
modelled as a global reward game, then Shapley value is
a solution for the problem and therefore the value can be
converged given sufficient number of samples.

B. Shapley Q-value Deep Deterministic Policy Gradient

However, the value-based Shapley Q-learning method can-
not deal with the continuous state and action spaces, referring
to the setup of our studied problem in Section IV. To this end,
we would like to propose a policy-based method by deploying
the technique of Shapley Q-value to the conventional deep
deterministic policy gradient (DDPG) algorithm [34] in a
multi-agent domain, namely SQDDPG.

In detail, SQDDPG is constructed based on an actor-critic
architecture that has two networks with different purposes.
Regarding the actor network p;(o;|t)) parameterized by b,
the input corresponds to the local observation o; with pri-
vacy perseverance rather than the environment state s, the
output refers to the action value a; via the deterministic
policy gradient theorem. Regarding the critic (i.e., Shapley Q-
value) network Q?(z, 0;,a,]0) parameterized by 6, the input
corresponds to the concatenation of NMG’s power exchanges
z, local observation o; and executed action a; of agent ¢, the
output refers to a scalar estimate of the Shapley Q-value to
perform the policy evaluation task. Based on the derivation of

TD error expressed in (38), the critic network can be optimized
via the TD learning

L) = B [(r+7 > Q4 o, afl6

i€L

) - Q:,b(xv 04, ai|6))2]7

(39)
where the parameters §~ for the target critic network Q?( 167)
are updated by copying the online parameters 6 softly, to
stabilize the learning performance. In target critic network
Q?(:|07), a/ represents the action generated from the target
actor network p;(o}|¢~) according to the next local observa-
tion of. Similarly, the target actor parameters ¢~ are softly
updated with its online actor parameters ¢. Here, the actor
network is optimized via the deterministic policy gradient

VT (i) = Vi 0i|9)Va, Q7 (, 04, ;]6) (40)

a;=pi(0i|p)"

C. Implementation

SQDDPG is an off-policy MARL method that requires the
past experiences to update the networks. Thus, a replay buffer
F; storing the past experiences acquired from the environment
is required for each agent ¢. In detail, an experience is a tran-
sition tuple that contains e; ; = (T, 05 t, Qi t, Tt, Tet1, 0it+1)-
To update the actor and critic networks, a minibatch of N
mixed e (perlences are uniformly sampled from the replay
buffer {e;" ~ F;. Then, the mean-squared TD error of
online critic network can be calculated as

Z min [
where the target Shapley Q-value

u = r 4y 37 Q¢ (2, o ol o),

i€T
(42)
The online actor network employing deterministic policy
gradient theorem can be expressed as

= QY @™, 0{”,a{"10))*], @)

N

1 n
ij(ﬂi) = i Z [vwllli(oz(' )W)
V0@ @™, 0™ af|0)] oo, (o0 |-

Afterward, the parameters of both online and target (actor
and critic) networks are updated as

00— a’ VL) and 07 < 70+ (1 —7)07,
e +a¥ Vyd () and ¢~ T+ (1—7))7.

where o, a¥ are the learning rates of the gradient descent
algorithm for the online critic and actor networks, and 7 is
the soft update rate for the target critic and actor networks.
Additionally, to assist the MGCC agents in exploring the
environment and acquiring more extensive experiences, a
Gaussian noise NV(0,07,) can be added to the online actor
network (policy) p;(0; ¢|1;), forming an exploration policy

fi(05,0) = pioie¥) + N(0,07,). (46)

Finally, the pseudo-code of SQDDPG is organized and
presented in Algorithm 1:

(44)
(45)
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Algorithm 1 SQDDPG for Z MGCC agents

1: Initialize actor p;(-|1)) with shared weights 1) among all agents
2: Initialize critic Q;(-|@) with shared weights 6 among all agents
3: Set learning rates a¥, o’ and an empty buffer F; = {}

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

5 Initialize the global state so, zo and local observation o0; o

6: Initialize a Gaussian exploration noise o; ¢.
7
8

for time step (i.e., 1 hour) t =1 to T do
For each agent ¢, select action a;,; in observing o; ; via the
exploration policy ji(0i,¢) in (46)

9: Execute all agents’ actions az; to the environment
10: Calculate DERs’ power dispatches Pfg’t, Q?f”, Chaen
%+ and NMGs’ power exchanges P;}7;, Q77

11: Run power flow and get power injections P; 5.+, Qi.b,¢

12: Obtain reward 7; and next observation 0; ;41 and state 41

13: For each agent ¢, store one sample experience to buffer

€it = (T4, 04,1, Qirty Tty Tig1, Oiyt41) — Fi

14: for MGCC agent i € Z do

15: Sample uniformly a minibatch of experiences {e§"> =
(acl(-n)7 ogn), agn), rl(n)7 :EE"_H), 01(-"“))}3-]:1 from F;

16: Updates network weights 1,0 and ¢, 0 in (44)-(45)

17: end for

18:  end for

19:  Update state s; <— S¢41, T+ < Zt+1, and local observation
04t <= O t+1
20: end for

VI. CASE STUDIES
A. Experimental Setup

1) Networked Microgrids: To assess the effectiveness of
the proposed MARL method for the coordination of NMGs
towards resilience enhancement, a modified IEEE 15-bus dis-
tribution network containing 3 NMGs, 2 tie-lines, and 4 smart
switches is utilized for our experiments, as shown in Fig. 3. It
is noted that the NMGs in this work are used to support load
restorations for line outages. To achieve this target, MGs can
use both generation resources (e.g., DGs, PVs, WTs, ESs) to
directly support its own loads and network reconfigurations
to allow power exchanges with their connected MGs. In
this context, the modified IEEE 15-bus distribution network
can be divided into three regions (MGs), of which each
MG owns 1 DG, 1 PV or WT, and 1 ES. To capture the
impact of extreme events, multiple line outages can happen in
distribution network, where the potential outage locations are
depicted in Fig. 3.

2) Data Descriptions: To capture uncertainties associated
with demand and RES generation, a real-world open-source
yearly dataset from [40] capturing various data characteristics
is utilized, where the mean and samples of the daily system
demand as well as PV and WT power generation over the year
are illustrated in Fig. 4. Afterward, we split it into two pieces,
with the first 11 months being the training data and the last
month being the test data, for the purpose of MARL method
evaluation.

3) Benchmarks: The proposed SQDDPG is compared with
four benchmarks, including two MARL methods and two
optimization methods: i) IDDPG [34]: each agent indepen-
dently employs a conventional DDPG to provide resilience
for its own region by constructing a local reward function
Tit = ZdeDi )\de"i/ ZdeDi )\dﬁsft, where D; is the load
set of MG ¢; ii) MADDPG [41]: each agent concatenates all
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Fig. 3. The modified IEEE 15-bus distribution network with 3 NMGs.
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Fig. 4. Means (black lines) and samples (colored lines) of daily system
demand as well as PV and WT power generation over one year.

others’ local observations and actions into the critic network
Qi(oz,az|f), but neglects its marginal contribution to the
group; iii) Consensus [19], [42], [43]: each agent employs
an ADMM to solve a distributed coordination problem of
NMGs, assuming perfect information of the system models
and technical parameters, handling the system uncertainties
via scenario generation and reduction techniques [35], where
the binary variables (e.g., y}" ,, Y5y, epn ., uf,) can be relaxed
by their continuous versions, ie., y,e € {0,1} — 0 <
y,e < 1, suggested by [44]; and iv) Centralization [35]:
DNO employs a central deterministic mixed-integer linear
programming (MILP) for the daily optimization with the
objective function (22) and constraints (1)-(21), assuming the
perfect knowledge of the system models, technical parameters,
and system uncertainties.

4) Hyperparameters: To build up the actor and critic net-
works, we use Multilayer Perceptrons with two hidden layers
with 400 and 300 units, respectively. Two Adam optimizers
with learning rates o = 1073 and a¥ = 10~* are employed
to update the critic and actor networks, respectively. We set the
replay buffer size |F;| = 10° and minibatch size N = 64. The
discount factor v = 0.99 and soft update rate 7 = 102 are
implemented. For all MARL methods, we run 5,000 episodes
with the same 10 random seeds. For each episode, a certain
amount of lines with a relatively high probability can be
potentially damaged, as shown in Fig. 3.

B. Performance Evaluation

In this section, the training and test performance of the
proposed SQDDPG and four benchmark methods are eval-
uated. Fig. 5(a) depicts the evolution of episodic rewards of
three MARL methods over 5,000 training episodes, where the
solid lines and the shaded areas indicate the moving average
over 100 episodes and the oscillations of the original reward,
respectively. Fig. 5(b) shows the evolution of episodic Shapley
Q-values of 3 NMGs over 5,000 training episodes. We also
collect the averaged resilience index (i.e., global reward) and
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Fig. 5. (a) episodic reward for three MARL methods and (b) episodic Shapley
Q-values for 3 NMGs in SQDDPG method over 5,000 episodes.

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

Method Resilience index (%) | Computation (sec.)
IDDPG 63.56 0.63
MADDPG 72.36 0.59
SQDDPG 76.42 0.56
Consensus 67.98 488.93
Centralization 79.54 9.56

computation time over the 31 test days for three MARL and
two optimization methods in Table L.

The first observation we notice from Fig. 5(a) is that
IDDPG (blue) has the most unstable and oscillatory training
performance, thereby obtaining the lowest reward level. The
independent learning method of IDDPG, which concentrates
on local observation while disregarding others, is the major
cause of this instability issue, making the environment non-
stationary. As a result, by concatenating all agents’ local
observations and actions, MADDPG (orange) can effectively
mitigate such a non-stationarity issue and thus display better
stability performance. However, in the absence of the NMGs’
power exchange information, agents in MADDPG become
devoid of knowledge on the status of NMG coordination,
resulting in sub-optimal performance. Additionally, using a
common reward without credit assignment means each agent
cannot acquire its accurate contribution to the group, which
may result in ineffective learning of Q-value and consequently
poor performance on policy evaluation tasks. In this case,
the proposed SQDDPG (green) can address the above issues
by 1) utilizing power exchange information x to learn NMG
coordination dynamics; and 2) employing Shapley Q-value to
effectively reflect each agent’s contribution to the system’s
overall resilience, as depicted in Fig. 5(b), i.e., MG 1 (green)
and MG 3 (blue) learn higher values of Shapley Q than MG
2 (orange), indicating their higher contributions to the group.
Going further, it can be observed that MG 2 has a higher
deviated Shapley Q-value than MG 1 and MG 3. This is
because MG 1 and MG 3 have learned to supply power to
MG 2 and make significant contributions to the group. The
Shapley Q-values of MG 1 and MG 3 are very critical to
the system’s resilience performance, resulting in very stable
learning curves under optimal solutions. On the other hand, the
behavior of MG 2 is relatively less important; MG 2 learns
a vibrative Shapley Q-value, but its effect on the system’s
resilience performance is relatively irrelevant.

Regarding the test performance in Table I, the proposed
SQDDPG achieves a near-to-optimal performance (3.92%

lower than Centralization), and outperforms IDDPG, MAD-
DPG, and Consensus in terms of the averaged resilience over
31 test days by 20.23%, 5.61%, and 12.42%, respectively. On
the other hand, all three MARL methods can be deployed
in real-time at around 0.6 sec., while the optimization-based
Consensus and Centralization methods require around 500
and 10 sec., respectively, to compute solutions. It is worth
noting that real-time control is important to the resilient NMG
coordination problem due to the demand for a fast response
time.

C. Analysis of Coordinated NMG Operation

After evaluating the MARL performance, this section val-
idates the learned policy of SQDDPG for the coordination
effect of 3 NMGs under a particular event scenario with 3 line
outages (lines 0 — 1, 6 — 7, and 9 — 10 in Fig. 3). Specifically,
we analyze the 3 NMGs’ corresponding behaviors of smart
switches, power exchanges, and DER dispatches, which are
illustrated in Fig. 6 and Fig. 7, respectively. Furthermore, the
power supplies of 3 NMGs are shown in Fig. 8. Finally, the
load restorations and the individual contributions of 3 NMGs
to resilience enhancement are presented in Table II.

1) Power Exchanges among NMGs and Switch Operations:
We first examine the power exchanges among the 3 NMGs.
It can be observed from Fig. 6 that both MG 1 (green) and
MG 3 (blue) are learned to supply power to MG 2. This is
mainly driven by the following three reasons. First, MG 1
and MG 3 are characterized by their abundant resources (e.g.,
large DG capacity in Fig. 7(b)), resulting in the energy surplus
supplied to MG 2 with the energy deficit of relatively high
demand levels. Second, the smart switch operations prompt
the transmission channel to enhance the capability of power
exchanges among the 3 NMGs. Third, the particular (middle)
location of MG 2 allows it to connect with both MG 1 and
MG 3, leading to more options for power supply.

In particular, the smart switch operations of lines 2-3 and 4-
14 are learned to close in the morning and evening, as depicted
in Fig. 6(a)-(b). This allows MG 1 to be capable of supplying
power to MG 2 (green) through these two lines. The reason
why MG 1 does not supply power to MG 2 at midday is that
MG 2 is characterized by abundant PV resources (Fig. 7(c)),
which is enough to supply its own midday demand. Similarly,
as shown in Fig. 6(c)-(d), MG 3 (blue) is learned to supply
MG 2 via lines 3-9 and 7-12 with the close switch operations.
However, MG 2 (orange) is learned to supply MG 3 through
line 3-9 at midday because of its excessive PV resources. The
interesting result in Fig. 6(d) is that MG 3 is also learned to
supply power back to MG 2 at midday via line 7-12. This is
because of the outage occurring at line 6-7. The essential load
at bus 7 is isolated from MG 2, while the tie line is closed to
allow the power supply from MG 3 to MG 2.

The physical behaviors of power exchanges and switch
operations for 3 NMGs also reflect the elaborated theory of
Shapley Q-value as discussed in Section VI-B. Specifically,
MG 1 and MG 3 with abundant resources supplying power to
MG 2 make significant contributions to the system resilience
enhancement, therefore learning the higher levels of Shapley
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Fig. 8. Load profiles, load shedding, and power supplies of 3 NMGs (a)-(c).

TABLE 11
SHEDDING QUANTITIES AND CONTRIBUTIONS OF 3 NMGS TO LOAD
RESTORATION PROCESS IN THE MODIFIED IEEE 15-BUS POWER

NETWORK
Agent MG1 | MG2 | MG 3 Total
Essential load (kW) 0 0 0 0
Non-essential load (kW) 786 1,111 988 2,885
Contribution (%) 41 23 36 100

Q-values in Fig. 5(b). On the other hand, MG 2 contributes
less since it receives power from MG 1 and MG 3, therefore
learning a lower Shapley Q-value in Fig. 5(b).

2) Dispatches of DERs: We next analyze the power dis-
patches of DERs inside 3 NMGs. It can be observed from
Fig. 7(a) that the flexibility of ESs in both MG 1 and MG 2
is fully explored via the significant charging and discharging
power magnitudes, while ES in MG 3 behaves inactively over
the day. Specifically, the first charging behaviors of ESs in
MG 1 and MG 2 occur at the beginning of the day (hours
1-6) for the purpose of discharging to supply the secondary
demand peak in the early morning (hours 7-9). Meanwhile,
the second charging and discharging cycle occurs at midday
(hours 10-16) and at night (hours 17-24), respectively. This
is because ESs in MG 1 and MG 2 are learned to shift PV
generation from midday to supply the primary demand peak at
night. The reason why ES in MG 3 behaves inactively is that
MG 3’s two demand peaks can be mostly met by its installed
DG and WT, with no need for ES.

Time (h)

In terms of the dispatches of DGs and RESs in Fig. 7(b)-(c),
their aggregated power generation exhibits a complementary
effect, which can effectively supply the overall demand re-
quirements of 3 NMGs.

3) Power Supply and Load Restoration: We third analyze
the power supplies of 3 NMGs together with their load restora-
tions and individual contributions. It can be found that MG 1
in Fig. 8(a) solely uses its own resources (green) to supply
itself; while MG 2 in Fig. 8(b), apart from itself (orange),
also receives a significant amount of power supply from both
MG 1 (green) and MG 3 (blue) in the morning and at night;
and lastly, MG 3 in Fig. 8(c) mainly relies on its own resources
(blue) but also receives a certain level of power supply from
MG 2 (orange) in the midday. Those power exchanges among
the 3 NMGs are caused by i) the abundant resources in MG 1
and MG 3; ii) the high demand requirements in MG 2; iii) the
severe power outages occurring in MG 2; and iv) the smart
switch operations making the power transmission available.
More importantly, all the essential loads (red lines) in the 3
NMGs are fully supplied, while the load shedding (gray area)
belonging to non-essential loads happens during the two peak
demand periods.

In summary, the proposed SQDDPG is capable of learning
an effective coordination policy for 3 NMGs towards the load
restoration problem of the modified IEEE 15-bus distribution
network. As shown in Table II, the resilience enhancement
for essential loads outperforms that for non-essential loads,
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Fig. 9. Network topology and daily power exchanges of the modified IEEE 69-bus distribution network.

respectively, resulting in completely zero and 2,885 kWh of
total load shedding quantity, yielding a 75% resilience index of
the entire distribution network. Furthermore, MG 1 contributes
the most (41%), which is nearly 1.78 and 1.14 times MG 2
and MG 3, respectively. Such outstanding performance further
verifies the effectiveness of the proposed SQDDPG method in
providing resilience enhancement for the distribution network.

D. Test Results in Modified IEEE 69-Bus Distribution Network

This section serves as a further demonstration of the pro-
posed SQDDPG method on scalability through a modified
IEEE 69-bus distribution network that is operated via 6 NMGs,
as depicted in Fig. 9. Inside each MG, multiple DGs, ESs, and
RESs are appropriately deployed as emergency resources to-
gether with the smart switches for the overall load restoration.
Multiple line outages can occur in an extreme event, including
the disconnection from the main grid.

Similar to the 33-bus system, the performance of resilience
enhancement for essential loads is much better than that for
non-essential loads, i.e., no essential load shedding, as shown
in Fig. 10(a). Specifically, the power exchanges among the 6
examined NMGs are presented in the colored arrows in Fig. 9.
For instance, a line outage happens in line 31-32, causing the
isolation of loads at buses 28-31, including an essential load at
bus 30. To restore the load, MG 1 (orange) is sending a certain
amount of power (2971 kW) to MG 2 (dark blue) through line
3-28. A similar effect can be found between MG 5 (gray) and
MG 6 (green) through tie-line 27-65, MG 1 (orange) and MG
5 (gray) through tie-line 50-59, and MG 3 (light blue) and
MG 6 (green) through tie-line 15-46.

Furthermore, the contribution of each MG can be found
in Fig. 10(b), indicating the highest three levels of MGs 4-6
that together make 73% contributions to the 6-NMG group.
This is because i) these 3 MGs are equipped with abundant
generation and storage resources (2 DGs for all 3 MGs and
3 RESs for MG 6) to supply the system load restoration,
e.g., MG 6 provides 3,833 kWh (sum of 3 green arrows)
energy exports; ii) these 3 MGs are located in the center
of the distribution network, allowing more lines (4 lines for
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Fig. 10. (a) Aggregated load profile, shedding and
restoration of the modified IEEE 69-bus distribu-
tion network; (b) Contributions of 6 NMGs to the
resilient IEE 69-bus distribution network.

both MG 4 and MG 5, and 3 lines for MG 6) for more
effective power supplies with other NMGs. In summary, the
proposed SQDDPG method learns an 88% resilience index of
the entire distribution network, further validating its scalability
in a large-scale system.

VII. CONCLUSIONS AND FUTURE WORK

This paper proposes a novel MARL method called SQD-
DPG to solve the resilience-oriented coordination problem
of NMGs in a distribution network. The proposed SQDDPG
method features a Shapley Q-value and DDPG algorithm that
can accurately learn each agent’s contribution to the system’s
resilience while also handling continuous state and action
spaces. The NMG coordination problem is formulated as
a Dec-POMDP, rendering it in a decentralized fashion and
capturing various system dynamics and uncertainties, such as
demand, renewable generation, and line outages. Experiment
results based on two radial distribution networks (IEEE 33-
bus and IEEE 69-bus) evaluate the superior performance of
the proposed SQDDPG method in optimality, stability, and
scalability compared to the state-of-the-art MARL and opti-
mization methods. Finally, the coordination effects of NMGs
on the resilience provision of two distribution networks are
analyzed.

This paper only focuses on the implementation of two
experiments: 3 NMGs in a modified IEEE 15-bus distribution
network and 6 NMGs in a modified IEEE 69-bus distribution
network. The scalability issue of using the SARL method
(mentioned in Section I-B) can be improved by employing
the proposed MARL-based SQDDPG method. In this setting,
each MGCC agent only needs to manage its own region,
which both state and action spaces reduce proportionally with
agent size. However, the implementation of a large-scale NMG
coordination problem is not considered, for example, hundreds
of NMGs. Generally, there are two key challenges to scaling
up the number of agents in the proposed SQDDPG method: 1)
the dimensions of concatenating all agents’ power exchanges,
local observations, and actions will increase proportionally
with the agent number, causing the curse of dimensionality

Authorized licensed use limited to: Imperial College London. Downloaded on February 19,2024 at 04:12:32 UTC from IEEE Xplore. Restrictions apply.

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Power Systems. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TPWRS.2023.3276827

IEEE TRANS. POWER SYST., ACCEPTED FOR PUBLICATION

and making it impractical to train the neural networks; and
2) agent-agent interactions are critical in multi-agent systems
while the number of interactions grows quadratically with the
agent number, causing the non-stationary issue and difficulty in
policy stabilization. Future work will try to address the above
two challenges and develop a scalable MARL method for
the large-scale NMG coordinated problem towards a resilient
distribution network. Since the NMGs are characterized by
similar behaviors, their scalability issue can be potentially
addressed by the techniques of mean-filed approximation [45]
and parameter-sharing [46].

Furthermore, distribution systems are inherently three-phase
unbalanced because of the random demand changes in each
phase. The existence of various uncertainties and contingen-
cies under extreme weather events may even cause larger
unbalances in distribution networks [9]. In this context, this
paper employs a three-phase balanced distribution network as
the RL environment, which may be impractical. Future work
will focus on the resilience-oriented coordination problems
of networked MGs in three-phase unbalanced distribution
networks, while the unbalanced dynamic control of voltage
and frequency can also be further investigated.

Finally, generalization and security are two key factors that
limit the real-world applications of RL in power systems. This
paper tries to demonstrate the generalization of the proposed
SQDDPG method through two experiments on the modified
IEEE 15-bus and 69-bus distribution networks. However, the
model (SQDDPG) needs to be retrained when the later 69-
bus distribution network is implemented. Additionally, the
safety of power system operations must always be guaran-
teed. However, unsafe exploration actions can cause system
infrastructure damage, resulting in more severe outages. Future
work aims to address the generalization and security issues to
develop a more generalized and safer RL algorithm that can
quickly adapt to the real-world environment and also ensure
secure operations, for example, by making use of the double
critic networks [47], the integrated safety layer [48], [49], or
the primal-dual gradient update [50].
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