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ABSTRACT

With the gradual expansion of distribution system scales, increasing structural complexity, and growing un-
certainties caused by the integration of mobile power sources (MPSs) and various renewable energy sources,
higher demands are placed on distribution system reliability and resilience evaluation. This paper proposes an
analytical method for reliability and resilience evaluation of distribution systems with MPS, based on the
probability expectation and probability density evolution. First, a modeling approach for MPS is presented, and
the evaluation is divided into long-term reliability evaluation and short-term resilience evaluation according to
the evaluation timescale and the level of system disruption risk. Next, the backup power supply strategy of MPS
for failure nodes is investigated in the context of reliability and resilience evaluations. Subsequently, an
analytical method for evaluating the reliability and resilience of distribution systems with MPS is proposed based
on probability theory and probability density evolution. Additionally, reliability and resilience indices and their
calculation methods are introduced. The effectiveness and efficiency of the proposed method are validated
through case studies on the modified IEEE 123-node system.

1. Introduction

The distribution system is a critical link connecting the transmission
system and the consumer system, and the end is connected to the load,
which is directly related to the continuity and reliability of power supply
to the consumers [1]. According to statistics, more than 80 % of
customer power outages are related to distribution system failures
[2-4]. With the development of power systems, the size and complexity
of distribution systems have gradually increased, and the requirements
for system reliability have risen [5,6]. In addition, the frequent occur-
rence of high-impact and low-probability (HILP) natural disasters in
recent years has caused damage to the distribution system, resulting in
economic losses to the society due to power outages of consumers [7,8].
MPSs are increasingly being used in distribution systems nowadays due
to their flexibility as a backup power source to improve the reliability
and resilience of the distribution system [9,10]. It is therefore essential
to evaluate the reliability and resilience of distribution systems con-
taining MPSs to guide the planning and operation of the system.

MPSs include truck-mounted mobile emergency generators (MEGs)
[11], and mobile energy storage systems (MESSs) [12,13], which are
capable of continuing to supply power to the nodes as a back-up power
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source after a system failure. Several studies have been conducted
around the selection of MPS stations, routing and scheduling strategies
of MPSs. Reference [14] consider energy storage (ES) system cost
minimization, enhancement of electric vehicle resilience, and peak load
reduction to determine the optimal sizing of ES for a fast electric vehicle
charging station. Stochastic power flow is used to establish an effective
optimization model for site and size planning of electric vehicle charging
station [15]. Before the HILP event, MPSs are pre-deployed in the dis-
tribution system to enable rapid pre-restoration, thereby enhance the
survivability of power supply to critical loads [16]. After the events,
MPSs are dynamically dispatched according to the restoration [17].
Co-optimized scheduling of MPS and repair crews can better improve
the resilience level of the system [18,19]. Reference [20] considers the
combination of the distribution system and transportation in dispatch-
ing MPSs. These studies address the scheduling strategies of MPSs in
pre-disaster and in-disaster situations, and confirm that MPSs can
effectively improve the reliability and resilience level of the system.
However, there are still fewer studies that evaluate the reliability and
resilience of distribution systems containing MPSs.

Existing methods for evaluating the reliability and resilience of dis-
tribution systems containing MPSs mainly use simulation method,
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where evaluation results are obtained through sampling of component
states, analysis of system scenarios, and statistical analysis [21,22]. A
sequential Monte Carlo method is used to evaluate the reliability of
microgrids with local and mobile generation and intraday reconfigura-
tion [23]. Reference [24] extends evaluation of reliability of the distri-
bution system including vehicle-to-home and vehicle-to-grid using
quadratic optimization, optimal power flow and sequential Monte Carlo
methods. A resilience quantification framework for active distribution
system with mobile energy storage and four resilience evaluation indices
are developed and measured in simulation [25]. The simulation method
has the advantages of simple algorithms and application to complex
scenarios, but the computational efficiency becomes lower as uncer-
tainty in the system increases. In resilience evaluation, the optimization
has to be solved to obtain the repair strategy for each sampled scenario,
slowing down the efficiency of the evaluation. In addition, when the
system contains MPSs, the system uncertainty increases, the system
indices are harder to converge, more scenarios need to be sampled, and
the evaluation takes longer time. To provide guidance on distribution
system operation in real time, it is crucial to improve the computational
efficiency of distribution system reliability and resilience evaluation.

Analytical methods calculate reliability and resilience indices by
analyzing the probabilities and impact consequences of various antici-
pated events. The analytical method can avoid the need for a large
number of samples and the computational burden of solving optimiza-
tion problems in resilience evaluation. Compared to the simulation
method, the analytical method is more computationally efficient and has
clear mathematical and physical concepts [26-28]. Reference [29]
proposes a distribution system resilience evaluation analytical approach
based on instantaneous availability increments and probability density
evolution methods, improving the evaluation efficiency. An analytic
approach based on Markov models is applied to evaluate the reliability
of distribution system with the penetrations of mobile energy storage
system and intermittent distribution sources [30]. Reference [31] de-
fines the resilience evaluation of distribution systems as a multi-criteria
decision problem and the resilience is quantified using graph theory and
Choquet integrals. In [32], the resilience index-related probability
events are established through the utilization of energization paths, with
the probabilistic resilience index being explicitly defined employing the
total probability theorem, the conditional probability formula, and an
energization-path-topology simplification approach. However, the un-
certainty of MPSs and the randomness of multiple component failures
under extreme events bring challenges to the application of the analyt-
ical method. These studies are insufficient for modeling the operating
modes of MPS in distribution systems by analytical methods, so it is
necessary to propose a computationally efficient and accurate method
for reliability and resilience evaluation of distribution systems consid-
ering MPSs.

Therefore, this paper proposes an efficient and accurate analytical
method for reliability and resilience evaluation of distribution systems
containing MPSs using probabilistic expectation and probability density
evolution methods. First, the reliability model of MPS is established, and
the evaluations is divided into long-term reliability evaluation and
short-term resilience evaluation based on the time scale and the risk of
disruption to the system. Next, the long-term reliability evaluation
process is proposed, and the reliability evaluation index system and
calculation method are presented. Then, the short-term resilience eval-
uation process is proposed, considering the ex-ante deployment and in-
ante scheduling strategy of MPS, and the resilience evaluation index
system and calculation method are introduced. Finally, the effectiveness
and efficiency of the proposed method are validated through case
studies on the modified IEEE 123-node system. In summary, the main
contributions and innovations of this paper are as follows:

(1) An analytical evaluation framework is proposed for assessing the
reliability and resilience of distribution systems with MPSs, using
probabilistic expectation and probability density evolution. This
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framework overcomes the limitations of simulation-based ap-
proaches and enhances evaluation efficiency.

(2) A detailed reliability model of MPSs is developed, explicitly
incorporating the outage time of a failure node using MPS backup
power, and distinguishing between MEGs and MESSs to improve
modeling precision.

(3) A MPS dispatch strategy is introduced, guided by node and zone
importance metrics, enabling effective pre-deployment and post-
disaster transfer to enhance system resilience.

(4) The method is validated on the modified IEEE 123-node system,
achieving comparable accuracy to simulation methods, with less
than 0.5 % error in reliability and less than 0.1 % error in resil-
ience evaluation, while reducing computation time by approxi-
mately 1400 times and 60 times, respectively.

This paper is organized as follows. Section 2 describes the MPS
reliability model and scenarios for reliability and resilience evaluation
of distribution systems containing MPSs. In Section 3, the long-term
reliability evaluation method is presented. Section 4 proposes the
method of short-term resilience evaluation. Section 5 reports and ana-
lyses the numerical results and the conclusion is provided in Section 6.

2. MPS reliability modeling

This section introduces the application of MPS in distribution sys-
tems, modelling method, and categorizes scenarios for evaluating dis-
tribution systems containing MPS, providing a foundation for reliability
and resilience evaluation.

2.1. MPS Backup Power Strategy

The MPS includes MPG and MESS, which is utilized as a backup
power source to continue powering the failure node, and its power
supply strategy is shown in Fig. 1. An example of a MESS is given, in
which it is assumed that the power and capacity of the MESS is suffi-
cient. When line failure occurs in the system, the MESS is dispatched
according to the importance of the failure nodes, while the repair crew is
dispatched to repair the failure. Once the failure line repair is complete,
the MESS will be transferred and dispatched until power is restored to all
failure nodes.

For nodes with MPS backup power supply, the time from line failure
to the time the MPS is backed up is the outage time t,, which includes
waiting time t,, traffic time t,,, and installation time t;. Waiting time t,
refers to the time when the number or power of MPS is not enough to
supply power to all the failure nodes at the same time, the nodes ranked
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Fig. 1. MPS power supply strategy.
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lower in the order of power supply according to the power supply
strategy wait for the nodes ranked higher to restore normal power
supply by repairing the faults. For the failure nodes with the highest
priority power supply, the waiting time t,, is zero. The traffic time t, is
the time it takes for the MPS to move from the previous power supply
node to the current node, and is related to distance and traffic congestion
which is calculated using the traffic impedance function proposed by U.
S. Bureau of Public Roads as follows [33]:

h
1+a (g—) } 6))

where t, is the driving time of the MPS in the state of free prevailing
driving, C, is the capacity of road a, q, is the traffic volume of road a, a;
and f, are the retardation coefficients. The installation time ¢; is the time
required for the MPS to be installed to the corresponding node. There-
fore, the outage time of a failure node using MPS backup power is
calculated as follows [34,35]:

tq = Era

ty =ty +tg +1t; @)
2.2. Evaluation scenario

Based on the evaluation time scales and the magnitude of system
failure risk, the evaluation scenarios are categorized into long-term
reliability evaluation and short-term resilience evaluation. Reliability
evaluation quantifies the system ability to continuously deliver qualified
power to users under normal operating conditions. It primarily focuses
on analyzing the system performance under random component failures,
with particular attention to the frequency, duration, and extent of power
interruptions. In contrast, resilience assessment evaluates the system
ability to anticipate, resist, absorb, respond to, and recover from high-
impact disturbances such as natural disasters or deliberate attacks.
Reliability evaluation targets low-impact, high-probability random
failures, while resilience evaluation addresses high-impact, low-proba-
bility extreme events. The reliability evaluation uses an annual time
scale, reflecting the system ability to continuously supply power to users
over long-term operation. The resilience evaluation, on the other hand,
uses an hourly time scale, reflecting the system ability to maintain
power supply to users in the short term under the impact of extreme
events. In reliability evaluation, only random component failures are
considered, with low component failure risk. The system experiences a
single failure. When the failure component is repaired, all nodes return
to normal power supply, and the MPS only needs to carry out one
dispatch. In resilience evaluation, the risk of component failure in-
creases due to extreme events, leading to multiple failures in the system.
With limited repair resources, important components are prioritized for
repair. Therefore, the MPS dispatch is coordinated with the repair pro-
cess. As components are repaired, the number of failure nodes decreases,
and the MPS makes dispatch decisions based on the evolving state of the
failure nodes to maximize the system resilience. Additionally, the
evaluation indices differ between the two evaluation scenarios. The
evaluation indices for long-term reliability evaluation are based on
failure rates, which are frequency-based indices, while the indices for
short-term resilience evaluation are based on availability, which are
probability-based indices.

3. Long-term reliability evaluation

This section introduces the long-term reliability evaluation method
for distribution systems that include MPSs. First, the evaluation process
is described, followed by reliability evaluation method for ordinary
nodes, nodes with distributed generation (DG) backup power supply,
and nodes with MPS backup power supply. Finally, system reliability
indices and their calculation methods are presented.
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3.1. Evaluation process

The process for long-term reliability evaluation of a distribution
system with MPSs is shown in Fig. 2. First, the required data for eval-
uation is input, including network topology data, load data, DG data,
and MPS data. Next, the reliability of each node is assessed using the
minimal path set method, where the component set of the power supply
paths for each node is determined, and the failure frequency of each
node is calculated. After considering the dispatch of MPS in response to
component failures, the consequences of failures at each node are ana-
lysed, and node reliability indices are calculated. Finally, based on the
reliability indices of individual nodes, the overall system reliability
indices are calculated, completing the reliability evaluation of the dis-
tribution system.

3.2. Node reliability evaluation

The purpose of node reliability evaluation is to evaluate the reli-
ability level of power supply for individual nodes. The evaluation
indices include annual failure rate /IJ’?, annual outage time U}’, annual
average availability A, and annual expected energy not supplied EENS].
The reliability level of a node is influenced by factors such as network
topology, the failure risk of the power supply path, and the configuration
of interconnection switch, DG, and MPS. Generally, nodes located up-
stream in the network have shorter power supply paths, lower failure
risk, and higher reliability. Nodes equipped with interconnection switch,
DG, or MPS can continue to receive power through alternative supply
paths in the event of a failure in the primary supply path, resulting in
higher reliability. The following subsections will introduce the method
for calculating reliability indices for ordinary nodes, nodes with DG
backup power supply and nodes with MPS backup power supply.

3.2.1. Ordinary node

In a distribution system, the ordinary node refers to the node sup-
plied by a single path from the distribution substation. The reliability
evaluation of ordinary nodes uses the minimal path set method [36],
identifying the minimal cut sets for each node. The minimal cut set for
an ordinary node consists of the components located on the power
supply path upstream of the node, as well as the components down-
stream of the node before the circuit breaker. When these components
fail, the node experiences a power outage until the failure component is
repaired, after which the node regains power. Therefore, the annual
failure rate 2} of node j is calculated as follows:

| Input the data required for the evaluation |

!

| Calculate the failure frequency of each node |

!

| Schedule the MPS after component failure ‘

'

| Calculate node reliability indices |

!

| Calculate system reliability indices |

End

Fig. 2. Long-term reliability evaluation process.
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where /7 is the failure rate of component i, and S; is the minimal cut set of
node j.
The annual outage time U} of node j is calculated as follows:

U= At ©)

icS;

where t, is the repair time of failure component.
The annual average availability AT of node j is calculated as follows:

n 870007 oo 5)
7T 8760

The annual expected energy not supplied EENS} of node j is calcu-
lated as follows:

EENS} = UL (6)
where L; is average load of node j.

3.2.2. Node with DG backup power supply

DG can serve as a backup power path for nodes, providing continued
electricity supply when the main power path fails, thereby enhancing
the reliability of the nodes. DG mainly includes diesel generators, wind
turbine generators (WTG), photovoltaic (PV), and energy storage (ES).
The output modeling for these types of DG is introduces as follows.

(1) Diesel Generator

The output of the diesel generator is determined by its oper-
ating state and rated power limits. The operating state is repre-
sented using a two-state Markov model [36]. If the diesel
generator is in a normal operating state, it can provide output as
needed within the rated power limits; if it is in a failure state, the
output is zero. The calculation method for diesel generator output
Py is as follows [37]:

Py =s4P{,0 <P/ <P! )

where s is the state of the diesel generators; Py is the output of
the diesel generator according to the load demand; P is the rated
power of diesel generator.
(2) WTG

The output of WTG is determined by both its operational state
and output characteristic curve. When the WTG experiences a
fault, its output is zero. When the wind turbine is in normal
operation, its output is determined by the wind speed. The output
of WTG P,, is calculated as follows [38]:

O,Vw S Vciorvw Z Vco
Py, =1 5y P (A+Bxv+Cx2),Vi<v, <V, (8)
SwPY, Ve <y < Voo

where s, is the state of the wind turbine; P is the rated power of
wind turbine; v, is the wind speed, V,; is cut-in wind speed, V; is
rated wind speed, V,, is cut-out wind speed.A, B, C are poly-
nomial fitting coefficients, which are calculated as follows:

A= (Va—(Va- LV, — 4(VaVy) (V”' - V’>3> /(Va -V)?

2V,

3
B (ama s v (YY) S Ve ) [ vt ©

o= o5 o v
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(3) PV

The output of PV system is determined by operating state and
output characteristic curve. Since the PV system consists of
several PV units which operate independently of each other, the
failure of one unit will not affect the normal operation of other
units. Therefore, a derated operating state is introduced to
describe the output of the PV system, as shown in Fig. 3 [39],
where p,, is the repair rate of the PV unit and Apy, is the failure
rate of the PV unit. A PV system consisting of n PV units hasn + 1
operating states. The calculation method for the output of PV
system Py, is as follows [40]:

va = Zsli’v.r.apv.r] (10)
i=1

where s‘[7 ¥ represents the state of PV unit i; r is solar irradiance; apy
is area of PV panel; 7 is conversion efficiency of PV units.
(4) ES

The ES system has four operating states: charging, discharging,
float charge, and failure. In the charging state, the system charges
the ES; once fully charged, the ES enters the float charge state,
where the voltage and current are low and the power consump-
tion can be ignored. In the discharging state, the ES acts as a
power source; once depleted, it enters the outage state, which is
simplified to be categorized as the failure state. In the charging,
discharging and floating states, there is a possibility of failure and
entering the failure state. The state transition process of the ES is
shown in Figure 4. The calculation method for the output of the
ES system P, is as follows [37]:

0, failureorfloatchargingstate
P, = { P, dischargingstate (11
—P, ., chargingstate

where P, is the output of the ES according to the load demand; P, . is the
charging power of the ES.

The integration of DG can enhance the reliability of the corre-
sponding nodes. When the component on the main power path of the
node fails, it can switch to the backup power path supplied by DG. The
demand and amount of load shedding is based on the output and load of

State 1 ’ 0 failure n normal ‘
/1,,\.,,? ¢ n-i,,‘,,,
State 2 ’ 1 failure n-1 normal ‘
2;1[,\.“ f ¢ (n—])ﬁ.pm
(=)t f ¢ (1= =2)Apy
State / ’ i-1 failure n-(i-1) normal ‘
i My f ¢ (n==1)Apy
(n=D) 1y f ¢ 22p0u
State n ’ n-1 failure 1 normal ‘
0ty f * Apvu
State n+1 { n failure 0 normal ‘

Fig. 3. State transition process of PV.



G. Lietal

Float
Charging

Discharging

Fig. 4. State transition process of the ES.

the DG. Considering the switching time of the backup power path, the
integration of DG does not affect frequency-related indices. The annual
failure rate of the node is calculated using (3).

When the main power path of the node fails, if the backup power
path also fails, the outage time for the node is equal to the repair time of
the failure component. If the output of the diesel generator or renewable
energy DG on the backup power path is less than the node load, the node
will experience load shedding, resulting in the partial outage event.
Conversely, if the output of the distributed generation on the backup
power supply path exceeds the node load, the outage time for the node
will be the switching time of the power path. The calculation method for
the annual failure time of the node U with diesel generators or

renewable energy DG on the backup power path is as follows:

Ul =4 (P;If'tr + (1 _p;‘zf)'(slc'(PDG'ts + (Lj—Ppg)t;) /Li+ (1 —Slc)'t:))
12)

where pj“f is the failure probability of the backup power path; t, is the

repair time of failure component; s;. represents the load shedding status
of the node, where 1 indicates that the node sheds load and 0 indicates
that the node does not shed load; Pp¢ is the output of DG; ¢ is the
switching time of the power path. When the node is not a DG installation
node, Pp; becomes the remaining output after the distributed generation
supplies the upstream nodes of the evaluation node.

If the ES is installed on the backup power path, it is assumed that it
acts as a backup power source under normal operation and is in a fully
charged state when a component on the main power path of the node
fails. If the stored energy can supply power to the node until the failure
component is repaired, no load shedding will occur; otherwise, the node
will need to shed load. The failure time for the node is calculated as
follows:

U =2 (pf e+ (1) (s (&~ B / ) + (1 —510))) 1s)

where E, is the rated capacity of ES.

The annual average availability and the annual expected energy not
supplied for nodes with backup power from distributed generation can
be calculated using formulas (5) and (6).

3.2.3. Node with MPS backup power supply

In long-term reliability evaluation, the component failure rate is low,
allowing the system to be considered as experiencing single failure. After
a component failure, the dispatching of the MPS is based on the load
size, importance of the outage node, and the power capacity of the MPS.
If the load of the outage node exceeds the total power capacity of all
MPSs, load shedding is required. If the load of the outage node does not
exceed the total power capacity of all MPSs, no load shedding is
required. Due to the travel and installation time required for MPS
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backup power, it does not affect the failure frequency of the node. The
annual failure frequency of the node is calculated using (3). Since MPS is
divided into MEG and MESS, and MESS has capacity limitations, it is
necessary to differentiate between MEG and MESS power supply when
calculating the annual outage time for nodes powered by MPS backup.
The calculation method for the annual outage time of the node is as
follows:

U = A" (st (Puze-to + (Lj — Puzc) tr)
J j U a4
Ly (s (s~ B /1) + (1~ 5,)4)

where 279

is the failure frequency of node j powered by MEG backup

after the failure, /}** is the failure frequency of node j powered by

MESS backup after the failure, Pygg is the output of MEG, and EMESS js
the rated capacity of MESS.

3.3. System reliability evaluation

In the long-term reliability evaluation of the distribution system, the
system evaluation is carried out by counting the reliability indices of
each node, which reflects the reliability of overall system during long-
term operation. The system reliability indices include system average
interruption frequency index SAIFI, system average interruption dura-
tion index SAIDI, customer average interruption duration index CAIDI,
expected energy not supplied EENS, and average system availability
index ASAL The calculation methods for each index are as follows:
SHN,
jeo

2N

jeo

SAIFI = (15)

Y
jeo
2N

jeo

SAIDI = (16)

Y
jeo
SiN,
jeo

CAIDI =

a7

87603 N; — Y-UIN;
Jjeo Jjeo
87605 _N;

jeo

ASAI = 18)

EENS = »_EENS; 19)
jeo

where O is the set consisting of all nodes of the system and N; is the
number of users of node j.

4. Short-term resilience evaluation

This section introduces the short-term resilience evaluation method
for distribution systems with MPS. First, the evaluation process is
described, followed by the MPS pre-disaster deployment and transfer
strategies. Next, the node resilience evaluation method is introduced,
and finally, the system resilience indices and their calculation methods
are provided.

4.1. Evaluation process

The short-term resilience evaluation process for a distribution system
with MPS is illustrated in Fig. 5. First, the required data for evaluation is
input, including network topology data, load data, DG data, MPS data,
and component failure risk data under extreme events. Next, MPS pre-
disaster deployment is performed based on node and zone importance
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| Input the data required for the evaluation ‘

v

| Pre-disaster: pre-deploy MPS l

v

| During-disaster: failure process evaluation |

'

| Post-disaster: restoration process evaluation ‘

'

| Calculate node and system resilience indices ‘

Fig. 5. Short-term resilience evaluation process.

and failure risk. Then, the system failure process during the extreme
event is evaluated, assessing the instantaneous availability of nodes
based on component failure risks under extreme events and network
topology. Post-disaster, the restoration process is evaluated by consid-
ering the repair of failed components and MPS transfer strategies.
Finally, resilience indices for nodes and the overall system are calcu-
lated, completing the short-term resilience evaluation of the distribution
system under extreme events. In the evaluation, both load shedding and
partial load restoration are considered. Due to the low voltage level and
high capacity margin of distribution lines, capacity constraints are
typically neglected, and node power availability is assessed based on
network connectivity. Under extreme events, multiple component fail-
ures may occur. A node can be supplied if at least one of its supply paths
remains normal; otherwise, it is considered to be in outage. Alternative
supply paths may be available through interconnection switches or DGs.
When the primary supply path fails, supply can be restored via switching
operations, provided the backup path. For DG- or MPS-based restora-
tion, both the condition of the supply path and the operational status of
the DGs/MPSs must be considered. As DGs and MPSs are subject to
power and capacity constraints, their dispatch strategies are determined
based on network topology, switch configurations, and load priorities.
Loads exceeding their supply limits result in unsupplied demand. During
the restoration process, repair crews prioritize critical components to
accelerate the recovery of load. As fault components are repaired,
affected nodes regain power once their supply paths are restored. MPS
units are dynamically reallocated based on repair progress to supply
remaining nodes, with the amount of restored load constrained by their
power and energy capacities.

4.2. MPS Pre-deployment and transfer strategies

For extreme events such as typhoons, floods, and ice storms, weather
forecast information can be used pre-disaster to predict the intensity,
duration, and impact range of the hazard. Based on these predictions,
MPS can be pre-deployed to critical nodes and those with high failure
risk before the disaster strikes, enhancing system resilience. Under
extreme events, the importance of each node depends on its failure risk
and the importance of the loads it supports. Therefore, the node
importance index ¢ is defined and calculated as follows:

¢ = (1-AN(e) (20)

where A](ty) is the instantaneous availability of the node j at the time tq

when the extreme event ends, and ch- is the importance of the load
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connected to the node.

When the MPS output is sufficient, a single MPS can supply the
power demands of multiple adjacent nodes. Based on MPS output, node
load, and network topology, system nodes are partitioned into zones.
The importance of a zone is determined by the sum of the importance
values of all components within that zone. The zone importance c}, is
then defined and calculated as follows:

g=>d (1)

J€Zn

where Z; is the set of nodes that make up zone h.

Based on the importance of each zone within the distribution system,
MPS units are pre-deployed before the extreme event. Following
component failures during the extreme event, MPS units rapidly supply
power to the affected nodes, thereby enhancing system resilience. In the
simulation method, each failure scenario is simulated through random
sampling, and optimization is performed to minimize load loss, yielding
both the repair strategy for failed components and MPS transfer strategy.
However, in the analytical method, only the failure probabilities of
components after a disaster are available, without any specific failure
scenarios. As a result, it is not possible to directly apply optimization
models to determine the allocation of MPSs and repair crews. Instead,
the restoration strategies are developed based on probability theory,
taking into account the expected failure risks and their potential im-
pacts. Although the resulting strategies may not be strictly optimal when
compared to those derived from scenario-based optimization, they are
generally close to optimal in performance. This may lead to slightly
conservative resilience evaluation results. Nevertheless, a key advantage
of the analytical method lies in its ability to significantly improve
evaluation efficiency by allowing a small and acceptable loss of accu-
racy. Since resilience evaluation is oriented toward practical engineer-
ing applications, such a minor deviation in accuracy is considered
acceptable.

After the extreme event, the repair crews restore the failed compo-
nents based on the component importance ranking. The importance of a
component is related to its failure probability, its position in the network
topology, the amount of load supplied by that component, the impor-
tance of the load, and the network topology. A component with a higher
probability of failure is considered more critical. Generally, components
located upstream of the line are more important. The importance of a
component also increases with the number and importance of loads it
supports. Moreover, the configuration of interconnection switches and
DGs influences the component importance. The component importance
index c{ is defined as the sum of the reductions in normal supply load
due to component failures multiplied by the load importance. The
calculation method is as follows:

cf = (1-Ai(ta) (ZA,»”(Q)'LJ'C} - Alta)

jeSN; JESN;

1
AS(tg)=0 Lj.cj) @

where SN; is the set of nodes that component i supplies, A7 (ta)|4¢(r,)—o 18

the instantaneous availability of node j assuming component i fails.

When the failed component on the current MPS service zone power
path is repaired, the MPS will move to the next failure zone based on
zone importance to power the affected nodes. The calculation formula
for the improvement in the instantaneous availability of system nodes
due to MPS transfer will be provided in the next subsection.

4.3. Node resilience evaluation

Under extreme events, the repair of failed components begins after
the event has ended. Therefore, resilience evaluation for nodes and the
system is divided into two processes: failure and restoration. In the
resilience evaluation, hours are used as the time scale, and since this is a
short-term evaluation, probability indices based on availability are used,
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rather than frequency-based indices common in reliability evaluations.
Resilience evaluation employs the probability density evolution method
[41], dividing the evaluation time into K time intervals, each with a
duration of AT. This results in K+1 discrete time points:T{)7 T{ , Tg7 - T{,

f
o, The

7
AiC(Ti) - exp{ - /0 ﬂf(t)dt} 23)

where A;°(t) is the instantaneous availability of component i at time t;
{ (t) is the failure rate of component i at time t under the influence of the
extreme event. In distribution system resilience evaluation, component
failure rates are often derived from component vulnerability models
combined with the intensity of extreme events. Typically, these
vulnerability models are developed based on historical data using sta-
tistical fitting techniques or artificial intelligence approaches [29,42].
The instantaneous availability of a node is determined by the
instantaneous availability of the components along its power supply
path. For an ordinary node with only one power supply path, the
calculation method for its instantaneous availability is as follows:

ar(rf) = [T (™) (24)
i€S;

For nodes with DG as backup power supply path, the node can switch
to the backup path for continued power supply if the main power supply
path fails. The calculation method for the instantaneous availability of
such a node is as follows:

() =)+ (- T Loy elt) 0

=) =) i€AS;

where AS; is the set of components in the backup supply path and A'pg(t)
is the equivalent availability of DG. The equivalent availability accounts
for the uncertainty of renewable energy output and the capacity limi-
tations of ES. The calculation method for the equivalent availability of
renewable DGs such as WTG and PV is as follows:

Apg (T{) Poc (T{k) >L (Tfk)
Pos (1) (26)

Apc <T{ ) W Ppe <T{) <L <T{)

() -

where Ppg(t) is the output of DG. When the evaluated node is not the
installation site of DG, Ppg(t) is the remaining output of DG after sup-
plying the upstream nodes of the evaluated node.

The state of charge (SOC) of the MESS at each time step is iteratively
calculated based on its SOC at the previous time step and the power
supplied at each time. The calculation method is as follows:

E<T{) = E<Tfk,1) — Pugss (T{—l) At @7

Where E (T {) is the SOC of MESS at time TLI and Pygss (T,fcil) is output

of the MESS at time 7{71-

When there are overlapping components between the main supply
path and the backup supply path, the instantaneous availability of the
overlapping components in the backup supply path should be calculated
using the conditional availability of the components under the
assumption that the main supply path has failed. The calculation method
is as follows:
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A (1)) =prfss = olg =1}
pr{s =1
s = 0}-Pr{s =0} +Pr{s =1

5 =0} -Pr{s; = 0}

s =1)Pr{s =1}

(1 -0 A (Ti)) 1(r)

i€5)0 #i

Pr{sf’ -1

(28)

(1 - i,ggli,#A? (ﬁ)) AS (T{) + (1 fAf(T{»

where ;ﬁ:(t) is the conditional instantaneous availability of the compo-
nent i at time t; s{ denotes the state of the component i, in which 0 in-
dicates normal operation and 1 indicates failure; sjp denotes the state of
the power supply path for node j, in which 0 indicates normal operation
and 1 indicates failure.

During the system failure process, repair crews cannot operate due to
the extreme event, and as a result, MPS remain stationary. The calcu-
lation method for the instantaneous availability of nodes powered by
MPS backup during the failure process is as follows:

PAGAR | CHGARR R R | CHEAR Pt 29)

i€S; i€S;

where A'yps(t) is the equivalent availability of the MPS.

After the extreme event ends, the restoration process begins, with
repair crews restoring failed components based on their importance.
Similar to the failure process, a discrete time series T, T, T, -+, Ty, -+,
T is defined for the restoration process. At the start of the restoration
process, the instantaneous availability of each component is equal to its
availability at the end of the failure process.

If a component starts repair at time Tj, the probability that the repair
time t, falls within the interval (T;_;, T}] is as follows:

Pl’{Tk,l <t < Tk} = G(Tk,l) — G(Tk) (30)

where G(t) is the repair time distribution function.

The repair sequence of components is determined based on their
importance ranking. Assuming there are C repair teams, if the compo-
nents ranked in the top C by importance fail, the expected start time of
repair is the start time of the system restoration process Tj. At time T,
for component i with low importance ranking, if the number of failed
components that are more important than component i is less than C,
then component i starts to be repaired at Tj,. The probability is calculated
as follows:

—Z(H((l—S?(TB))'Aﬁ(TS)+S?(TB)'(1— s(m))))\zx,«

i€IN;

(3D

where pF(Tj) is the probability that component istarts repair at Tj;
F; (T()) is the number of failure components with higher importance than
component i; IN; is the set of components with higher importance than
component i; s7(Tf) is the state of component i at Tj, where 0 indicates
normal operation and 1 indicates failure.

If at time T} ,, the number of failed components with higher
importance than component i is greater than or equal to C, and at time
Ty, the number of failed components with higher importance than
component i becomes less than C, then component i starts to be repaired
at time Tj. The probability is calculated as follows:
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(32)

The instantaneous availability of a component at time T, is equal to
its instantaneous availability at the previous time Tj_,, plus the proba-
bility that the repair of the component was started at each of the pre-
vious times and completed at time T;. The calculation method is as
follows:

s () - (1-1() S () (o) o)
33)

As failed components are restored, when nodes in the zone where the
MPS is located can be powered by the main supply path, the MPS will
transfer to the next failure zone based on zone importance. If at
timeT}_,, the number of failed zones more important than zone h is
greater than or equal to the number of MPS M, and at time Ty, the
number of failed zones more important than zone h is less than M, then
the MPS will start transferring at time Tpand begin providing backup
power to zone h at time T}, + t,+ t. The calculation method for this
probability is as follows:

P (Ty + ta + ;) = Pr{Hy(T}_,) > M&H;(T;) < M}

:Z Q 17 ( 1)) ( 1)+5h( )~(17Af1,(T,’(71))~
s (To) (1= AL (TR)) + (1 -5 (T))-A |Zsz DESACIE
(€D)]

where pI (Tf, 4+t +1;) is the probability that zone hstarts MPS backup
power supply at time Ty + & + t;; Hy(T) is the number of failure zones
in zones more important than zone h at time Tf;sZ (T%) is the state of
zone h at T}, where 0 indicates normal operation and 1 indicates failure;
A% (Tr) is the instantaneous availability of zone h at Tf,.

During the restoration process, the instantaneous availability of
nodes is calculated using (24)-(29) based on the instantaneous avail-
ability of components. The calculation method for the instantaneous
availability of nodes supplied by MPS transfer is as follows:

~TJac(m) + (1 [T (ry

i€S; i€S;

) ) | -A'wes (T)Ph" (T5) (35)

In short-term resilience evaluation, node indices are divided into two
categories: instantaneous indices and average indices. Instantaneous
indices reflect the damage state of a node at each moment during an
extreme event, while average indices represent the overall damage state
of the node throughout the event. Instantaneous node indices include
instantaneous node availability A}'(t), while average node indices

include average availability :ﬁ", expected outage time U", and expected
energy not supplied EENS;.

The instantaneous node availability is calculated using (23)-(35),
and the method for calculating the average node availability is as fol-

lows:

e Iy An(t)de
J

3 (36)

where t, is the total evaluation time under the extreme event.
The expected outage time for node is calculated as follows:
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te
- /0 (1-47(0)de 37)
The expected energy not supplied for node is calculated as follows:

EENS; — / (1 A1) Ly(ode 38)
0

4.4. System resilience evaluation

System resilience indices are categorized into instantaneous indices
and average indices [29]. Instantaneous indices include system instan-
taneous availability A,(t) and instantaneous power not supplied IPNS(t).

Average indices include system average availability Xs and system ex-
pected energy not supplied EENS;.
The system instantaneous availability As(t) is calculated as follows:

DA} (6)-N;

jeo

YN

jeo

Aq(t) = (39

The instantaneous power not supplied IPNS(t) is calculated as
follows:

IPNS(t) = 2(1 7A;‘(t)) Li(t) (40)
jeo
The average system availability A, is calculated as follows:

AN

a _J<o0
YN

Jjeo

(41)

The system expected energy not supply EENS; is calculated as
follows:

EENS, — Z( /0 ) (1 _A;‘(t))-Lj(t)dt> 42)

jeo
5. Numerical results

This section conducts long-term reliability evaluation and short-term
resilience evaluation on the modified IEEE 123-node test system. The
effectiveness and efficiency of the proposed method are validated by
comparing the results with those obtained using the traditional simu-
lation method. The calculations and simulations were performed using
MATLAB R2023a on an Intel CORE i7-10700F PC with a clock speed of
2.9 GHz and 16 GB RAM.

5.1. The modified IEEE 123-node system

To validate the proposed method, an IEEE 123-node system was
modified by incorporating MPS and specifying MPS station node.
Additionally, four DGs were added, including a diesel generator, a WTG,
a PV system, and an ES. The modified IEEE 123-node system consists of
123 nodes, 85 load nodes, 123 lines, 2 interconnection switches, and 4
DGs, as shown in Fig. 6. The supply areas of each DG are marked in
yellow in the figure. The MPS resources consist of two MEGs and two
MESSs. The main feeder zones and branch zones of the system are
marked in green and blue areas, respectively. The topology, line, and
node data of the IEEE 123-node system are obtained from reference
[43]. The diesel generator has an output of 200 kW. The WTG is rated at
240 kW and has a cut-in wind speed of 3 m/s, a rated wind speed of 10
m/s and a cut-out wind speed of 25 m/s. The PV system is rated at 120
kW. The ES has a capacity of 500 kW with an output power of 140 kW
and an input power of 40 kW. The MEG has a rated power of 200 kW and
the MESS has a capacity of 250 kW with an output power of 150 kW. In
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Fig. 6. Modified IEEE 123-node system.

the long-term reliability evaluation, the hourly wind speed data for the
entire year was obtained by averaging the 30-year data (1991-2020) for
the Washington area published by the U.S. National Centers for Envi-
ronmental Information [44]. The hourly load profile and PV output ratio
for the entire year were based on typical values provided in reference
[45]. Under normal operating conditions, the failure rate of the lines is
0.065 failures per kilometer per year [21]. It is assumed that the repair
time for failed lines follows a log-normal distribution with a mean of 5
hours [46,47]. In the short-term resilience evaluation, it is assumed that
the extreme event is a wind storm. The failure risk of components is
derived from their vulnerability curves under various wind speeds [48].

5.2. Long-term reliability evaluation

Considering the impact of MPS, the long-term reliability evaluation
of the test system was performed using both the proposed analytical
method and the traditional simulation method [21]. In the simulation
method, a coefficient of variation less than 0.4 % was used as the
convergence criterion. The system indices are shown in Table 1. The
results obtained from the proposed analytical method and the simula-
tion method differ by less than 0.5 %, demonstrating the accuracy of the
proposed method. The calculation time for the proposed analytical
method was 2.59 seconds, while the evaluation time for the simulation
method was 3628 seconds, highlighting the efficiency of the proposed
method.

Due to space limitations, the index results for a selection of nodes are
provided in Table 2. Comparing the results obtained from the analytical
method and the simulation method, the error for indices of node 1 is
slightly larger than for other nodes. This is because node 1 is located

Table 1

The results of system indices of long-term reliability evaluation.
Index Analytical Method Simulation Method error/%
SAIFI 0.2398 0.2409 0.4751
SAIDI/h 0.4107 0.4123 0.3982
CAIDI/h 1.7128 1.7115 0.0773
ASAI/% 99.9953 99.9952 1.87E-05
EENS;/MW-h 1.4332 1.4389 0.3982

Calculation time/s 2.59 3628 /

Table 2
The results of node indices of long-term reliability evaluation.

Node Index Analytical Method Simulation Method error/%

1 i 0.0260 0.025734 1.0334
Ut/h 0.0476 0.047122 1.0334
Al/% 99.9995 99.9995 5.56E-06
EENS?/kW-h 1.9043 1.8848 1.0334

28 g 0.1982 0.1987 0.2172
Ujg/h 0.0684 0.0685 0.2172
Alg/% 99.9992 99.9992 1.7E-06
EENS3¢/kW-h 2.7358 2.7418 0.2172

49 Mo 0.2340 0.23427 0.1154
Uje/h 0.6670 0.6678 0.1154
Al /% 99.9924 99.9924 8.8E-06
EENS},/kW-h 93.3838 93.4917 0.1154

66 A6 0.2957 0.2977 0.6648
Ugs/h 0.4209 0.4237 0.6648
Afe/% 99.9952 99.9952 3.22E-05
EENS};/kW-h 31.5711 31.7825 0.6648

96 156 0.4046 0.4064 0.4440
Uge/h 1.8501 1.8557 0.3025
AGe/% 99.9789 99.9788 6.41E-05
EENS§¢/kW-h 37.0027 37.1150 0.3025

upstream in the distribution system, where the reliability level is higher.
For low-probability events, the simulation method requires a large
number of scenarios to obtain accurate results. This also demonstrates
the accuracy and superiority of the proposed analytical method. Node
28 and node 96 are nodes with DG backup power supply, with relatively
high reliability levels. Node 28 is located near the DG installation node,
while Node 96 is farther away, and its backup power is provided by a PV
system, whose output is affected by weather conditions. Therefore, the
reliability level of node 28 is higher than that of node 96. Node 49 and
node 66 are nodes with MPS backup power supply. Although node 66
has a higher failure frequency than node 49, the reliability of node 66 is
higher due to its proximity to the MPS station. The shorter time required
for the MPS to move to node 66 for backup power contributes to its
higher reliability compared to node 49. Fig. 7 presents the annual failure
frequency and annual average availability results for all load nodes
obtained using both the analytical method and the simulation method.
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Fig. 7. Node failure frequency and availability in long-term reliability evaluation.

The consistency between the results of the two methods demonstrates
the effectiveness of the proposed method. Comparative analysis of the
reliability indices for different nodes helps identify weak nodes in the
system, providing valuable guidance for improving the overall reli-
ability level of the distribution system.

To investigate the impact of MPS and DG on the long-term reliability
of the distribution system, four evaluation cases are listed in Table 3, and
the long-term system reliability results under these cases are presented
in Table 4. Comparing the four cases, the SAIFI remains consistent across
all cases. However, with the inclusion of MPSs and DGs, the failure
duration of nodes is reduced, leading to the higher reliability in the
distribution system. The reliability in case 3 is higher than in case 2,
owing to the flexibility of MPS, which allows it to provide backup power
to a broader range of nodes during failure. It is important to note that the
effectiveness of MPS and DG in improving system reliability is also
influenced by their quantity and rated power. Conversely, the system
exhibits the lowest reliability when neither MPS nor DG is deployed.

The availability of selected nodes under different cases is shown in
Fig. 8. Node 1, located upstream in the distribution system with a short
supply path and low failure rate, exhibits high reliability. After config-
uring MPS, the reliability of node 1 improves slightly. Nodes 28 and 96
are nodes with DG backup power supply. With DG considered, the
reliability of these nodes improves. Node 28, powered by a diesel
generator and located close to the DG installation site, exhibits higher
reliability and greater improvement compared to node 96, which relies
on PV backup power and is not adjacent to the PV installation site. Nodes
49 and 66 are supplied by MPS as backup. Without considering MPS,
node 66 has a lower reliability level than node 49. However, when MPS
is included, the reliability of node 66 improves more significantly due to
its closer proximity to the MPS station, resulting in a higher reliability
level than node 49.

5.3. Short-term resilience evaluation

The case study uses a storm as the extreme event. The wind speed, PV
output proportion, and load proportion for the next 60 hours are shown
in Fig. 9(b). It is assumed that MPS is pre-deployed before the storm.
During the storm (0-24 hours), no repairs are conducted. After the storm
ends, there is a 6-hour response waiting period before the repair process

Table 3
Evaluation cases.
Case Evaluation Scenario
Case 1 Both MPSs and DGs are considered

Case 2 MPSs are not considered, DGs are considered
Case 3 MPSs are considered, DGs are not considered
Case 4 Neither MPSs nor DGs are considered

Table 4
System reliability indices in different cases.
Index Case 1 Case 2 Case 3 Case 4
SAIFI 0.2398 0.2398 0.2398 0.2398
SAIDI/h 0.4107 0.9735 0.6360 1.1988
CAIDI/h 1.7128 4.0601 2.6527 5
ASAL/% 99.9953 99.9889 99.9927 99.9863
EENS;/MW-h 1.4332 3.3974 2.2197 4.1839
I Case | [ Case 2 Case 3 [l Case 4
100.00
99.99
Af/% 99.98
99.97
99.96
1 28 49 66 96
Node

Fig. 8. Node availability in different cases.

begins. The instantaneous system availability is shown in Fig. 9(a).
Starting from the 10th hour, as wind speed increases, the instantaneous
system availability rapidly decreases. At the 14th hour, when wind
speed peaks, the rate of decline in instantaneous system availability
reaches its maximum. Subsequently, as the wind speed decreases, the
decline rate of the instantaneous system availability slows. By the 24th
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Fig. 9. Instantaneous system index of short-term resilience evaluation.
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Table 5

The results of average system indices of short-term resilience evaluation.
Index Analytical Method Simulation Method Error/%
X;/% 91.5875 91.6425 0.0560
EENS;/MW-h 18.2014 18.0840 0.6496
Calculation time/s 210 12750 /

hour, the instantaneous system availability drops to 76.7 %. During the
25th to 30th hour of the system response, the instantaneous system
availability no longer remains constant, unlike the classical resilience
trapezoidal curve. Instead, it fluctuates based on the output variations of
renewable DGs. At the 30th hour, the restoration process begins, and as
failure components are gradually repaired, the instantaneous system
availability steadily improves. Simultaneously, the MPS is deployed to
different zones. and by the 53rd hour, the instantaneous system avail-
ability reaches 99.9 %, marking the end of the storm’s impact on the
grid. The instantaneous availability curves obtained from the analytical
method and the simulation method show a high degree of overlap,
demonstrating the validity of the proposed method. In the recovery
process, the instantaneous system availability obtained by the simula-
tion method is slightly larger than that obtained by the analytical
method, which is because the simulation method optimizes each failure
scenario, and the repair strategy and MPS transfer strategy are optimal.
In contrast, there is no specific failure scenario in the analytical method,
and the repair strategy and MPS transfer strategy are proposed based on
the probability expectation, which leads to a conservative evaluation
result, but the evaluation error is small, while greatly improving the
evaluation efficiency. The system average indices are presented in
Table 5. The deviation from the results obtained using the simulation
method is within 0.1 %, indicating the validity of the proposed method.
The computation time of the proposed method is 210 seconds, compared
to 12750 seconds for the simulation method, highlighting the efficiency
of the proposed approach in short-term resilience evaluations.

Fig. 10 presents the top 20 critical lines ranked by importance, with
their locations marked in Fig. 6. The importance of a line is influenced
by its failure risk, the distribution system structure, its position within
the system, and the load it supplies. Generally, lines with higher failure
risks, those closer to the upstream of the system, or those supplying
larger loads are more critical. In the short-term resilience evaluation
proposed in this paper, restoration resources are allocated to compo-
nents in descending order of importance during the restoration process.
Furthermore, identifying critical components through importance
ranking helps prioritize reinforcement measures, thereby enhancing the
system resilience.

Fig. 11 illustrates the importance ranking of zones. The importance
of a zone is determined by the failure risk of nodes within the zone and
the loads connected to those nodes. Zones with higher node failure risks
and larger connected loads have higher importance rankings. The pre-
deployment of MPS resources is guided by the importance ranking of
zones. In this case study, four MPS units are pre-deployed in zones 25, 4,
7, and 21 based on their importance. During the restoration process, as
the repair crews fix failure components and these zones resume normal
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Fig. 10. Component importance ranking.
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Fig. 11. Zone importance ranking.

Table 6

Average system resilience indices in different cases.
Index Case 1 Case 2 Case 3 Case 4
) 91.58755 86.08674 89.87728 84.37795
As/%
EENS;/MW-h 18.2014 30.1021 21.9019 33.7994

power supply, the MPS are relocated according to the importance
rankings of other zones until the entire system is fully restored.

To investigate the impact of MPS and DG on the system resilience
under extreme events, the test system was evaluated under the four cases
presented in Table 4. The average system resilience indices are shown in
Table 6. The case considering both MPS and DG achieves the highest
system resilience. The resilience in the case considering only MPS is
higher than that in the case considering only DG. In the case without
MPS and DG, the system resilience is the lowest. The instantaneous
system availability indices under the four cases are shown in Figure 12.
When DG with renewable energy is considered, the system resilience
curve during the response stage is no longer linear due to the variability
of renewable energy output with environmental changes. A comparison
of the four curves demonstrates that MPS and DG can enhance the sys-
tem resilience under extreme events.

To verify the applicability of the proposed method to large-scale
systems, we conducted long-term reliability and short-term resilience
evaluations on a real 1,444-node distribution system from an urban area
in southern China using different methods. The evaluation times are
presented in Table 7. As the system scale increases, traditional analytical
methods encounter the problem of dimensional explosion, significantly

A%

20 40 60
t/h

Fig. 12. Instantaneous system availability in different cases.

Table 7
Comparison of evaluation efficiency for different methods.

Method IEEE 123-Node system 1444-Node real system
Reliability Resilience Reliability Resilience
Evaluation Evaluation Evaluation Evaluation
Proposed method  2.59s 210s 43s 3409s
Simulation 3628s 12750s 46239s 383472s
method
Importance 1076s 3108s 15767s 128325s
sampling
simulation
method
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reducing computational efficiency. This is because traditional analytical
methods use exhaustive enumeration to analyse system states from the
component perspective. Specifically, by considering all possible states of
each component to evaluate system reliability, if a component has two
states—normal operation and failure—then a system with n components
have 2" states, leading to dimensional explosion. In contrast, the
analytical method proposed in this paper does not analyse the system
from the component perspective but rather from the node perspective.
By determining the power supply path of a node, the node availability
can be calculated using only the availability of components along its
power supply path, thereby avoiding the dimensional explosion issue.
Additionally, when calculating conditional availability and node avail-
ability, only basic arithmetic operations such as addition, subtraction,
multiplication, and division are involved, without requiring advanced
operations such as calculus or convolution. This significantly reduces
computational demand, making it highly efficient for modern
computers.

6. Conclusion

This paper presents an analytical approach for reliability and resil-
ience evaluation of distribution systems with MPS, based on probabi-
listic expectation and the probability density evolution method. The
proposed method offers advantages in terms of modeling concept,
evaluation efficiency, and computational accuracy. Specifically, the
paper first models MPS and divides the evaluation into long-term reli-
ability evaluation and short-term resilience evaluation according to the
evaluation timescale and the severity of system failure risks. Backup
power supply strategies of MPS for failure nodes are proposed for both
evaluations. Reliability and resilience evaluation methods are developed
using probabilistic expectation and the probability density evolution
method, along with evaluation indices. Finally, the method is validated
on the modified IEEE 123-node system, achieving comparable accuracy
to simulation methods, with less than 0.5 % error in reliability and less
than 0.1 % error in resilience evaluation, while reducing computation
time by approximately 1400 times and 60 times, respectively.

The proposed analytical method does not account for the impact of
extreme events on the transportation network, nor does it incorporate
coordinated dispatch strategies between MPSs and repair crews. In
addition, the role of demand response is not considered in the current
evaluation framework. Future research should aim to integrate these
critical factors into reliability and resilience evaluation, which would
enhance the practicality and accuracy of the evaluation.
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