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ARTICLE INFO ABSTRACT

Urban resilience — the ability of a city to endure and recover from disruptions while maintaining essential
services — has become increasingly critical in the face of challenges such as climate change and resource
limitations. Among urban infrastructures, Electrical Distribution Networks (EDNs) are particularly vulnerable,
and their rapid restoration following failures is crucial for minimizing disruptions. We explore a new
approach which can help in designing a resilient network and can be used as a decision support system
to electrical distribution operators during emergencies. We develop an integrated simulation-optimization
tool OPT-RecSIM which integrates an EDN resilience simulator with a Mixed Integer Linear Programming
(MILP) problem to optimize the assignment to emergency teams of repair tasks needed to restore an EDN
after a disruption. Computational experiments on real-world network data demonstrate that the OPT-RecSIM
significantly outperforms conventional heuristic methods, particularly in high-damage scenarios with multiple
failures. The results underscore the value of integrating simulation and optimization techniques to analyze
emergency response strategies, ultimately enhancing urban resilience and expediting power restoration efforts.
Indeed, OPT-RecSIM has been integrated in a broader suite of Decision Support tools within the Critical
Infrastructure Resilience system currently deployed by ENEA.
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1. Introduction incentives tied to performance. Efficient management of available infor-
mation is essential, enabling quick fault identification and isolation and
ensuring affected customers are returned to regular service as rapidly
as possible.

Enhancing the resilience of the EDN requires optimizing both the

network reconfiguration operations, referred to in the literature as

1.1. Motivation and background

Urban resilience is an interdisciplinary concept [1] that denotes a
city’s ability to endure, adapt, and recover from diverse shocks and

stresses while preserving its fundamental functions and structures [2].
These adversities encompass natural disasters, pandemics, social con-
flicts, and the impacts of climate change. Recent reports [3-5] have
highlighted a rise in extreme natural events that significantly affect
urban areas, including vital infrastructures like power grids.

Electrical Distribution Networks (EDNs) are the most crucial infras-
tructures for cities or large metropolitan areas [6,7]. Disturbances in
EDN are unavoidable, with intense natural disasters becoming more
frequent due to climate change [8] and cyberattacks on power grids
being on the rise [9], posing significant risks of widespread black-
outs. Therefore, electrical operators must develop effective strategies
to restore power swiftly after a failure. Minimizing interruption dura-
tions enhances customer satisfaction and also aligns with remuneration
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Distribution System Reconfiguration (DSR), and the emergency Repair
Sequence Operations performed by emergency teams, known as Repair
Sequence Optimization (RSO). In this paper, we focus on the RSO which
complements Fault Detection, Isolation and Service Restoration (FDISR)
strategies by determining the most efficient order to fix faults, con-
sidering factors like resource availability, fault criticality, and system
topology.

1.2. Relevant literature

Operators often rely on past experience and heuristic rules to for-
mulate restoration plans that meet multiple practical needs. Exist-
ing approaches for DSR include expert systems that use knowledge-
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based rules for feasible restoration plans [10], search-based meth-
ods [11], mathematical programming for computationally demanding
multi-objective optimization [12,13], graph theory [14], and AI al-
gorithms [15]. The advantage of faster computation in optimization
models and advancement in graph theory, has garnered significant
attention from researchers. This trend is reflected in recent works,
where advancements in computational efficiency have been a key
focus. Tan et al. [16] modeled the repair and restoration process as
a scheduling problem with soft precedence constraints. Travel times
between repair sites are not considered in this formulation and impact
of large scale switch operations are ignored. A mixed Integer Non-
linear Programming (MINLP) model is formulated by Lei et al. [17],
to develop resilient strategies encompassing the routing and schedul-
ing of repair teams and power generators, as well as the dynamic
reconfiguration of the distribution network. Tan et al. [18] modeled
scheduling jobs with stochastic processing times on parallel identical
machines to minimize total weighted energization time. Shuai et al.
[19] modeled post-storm repair crew dispatch problem, formulated as
a sequential stochastic optimization model, utilizing a learning-based
approach called AlphaZero-UVR, which combines Monte Carlo Tree
Search (MCTS) with deep neural networks (DNN) for real-time crew
navigation. While it offers real-time decision-making based on evolving
damage data, its scope is limited to routing vehicles. Jia et al. [20]
proposed a two-stage restoration strategy for distribution networks
(DNs) impacted by rainstorm disasters, focusing on the coupling be-
tween DNs and transportation networks (TNs). It integrates a stochastic
approach to optimize restoration and real-time resource scheduling,
while acknowledging that uncertainties like resource availability and
disaster variations are not explicitly modeled. Pang et al. [21] primarily
focused on the coordination of repair crew dispatch and cold load
pickup in active distribution networks (ADNs), but it does not consider
the broader set of restoration resources, such as switch availability or
mobile energy sources, which are crucial in large-scale disaster recov-
ery. Similar to us, Liang et al. [22] presented a MILP-based approach to
coordinate workforce routing and scheduling in substation emergency
operations, with the assumption that all tasks, their attributes, crew
requirements, and locations are known in advance and remain constant.
They used as objective function the weighted feeder output loss ratios,
without directly considering information related to the number of users
connected to feeders. Computational experiments only on a single
small-scale real case study are reported. Liu et al. [23] modeled road
network conditions and integrated traffic-related disruptions during
disaster recovery, while focusing on the collaboration of repair crews
based on fault severity, making a significant contribution to recovery
planning without considering other resources. Shi et al. [24] proposed
an MILP model which simultaneously coordinates repair and restora-
tion processes with the goal of minimizing the accumulative operating
cost caused by the load reduction payment as well as distributed energy
resource operating cost. Arif et al. [25] proposed a method to maximize
the expected priority-weighted served loads over the time horizon by
optimizing repair team routing, aiming to determine optimal routes for
each team.

1.3. Contributions and organization

The paper presents an integrated approach of a simulation tool
and an optimization model. The RecSIM tool [26] enables a topology-
based simulation of an EDN operator’s reconfiguration and recovery
procedures, providing a comprehensive view of the impact of fault
scenarios on the network and its end users. The optimization model
integrated with RecSIM allows to obtain a schedule for the repairing
operations by managing emergency teams so to minimize the impact
on the final user which implies social benefits and cost savings. It
addresses limitations of past approaches on several aspects. First, up
to our knowledge, in the literature there is no other model involving
such simulation system with MILP optimization. Further, the MILP
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model includes variable processing times, release dates, and dynamic
travel times, providing a more comprehensive and practical solution
for restoration operations in a EDN with severe damages across the
network. Thus, the proposed approach can be used in the design of
a resilient network and as a decision support system for electrical
distribution operators during emergencies due to heavy damages.

The MILP model, is formulated as a scheduling problem for parallel
and identical machines [27] and it is integrated with an enhanced
version of the simulation platform RecSIM [26], which was developed
by ENEA - Italian National Agency for New Technologies, Energy
and Sustainable Economic Development in collaboration with Areti
S.p.A., the distribution system operator of Rome’s metropolitan area.
The RecSIM is enhanced in the fact that it also simulates the de-
pendencies of these procedures on the proper functioning of other
services and infrastructures, such as urban roadways (which affects the
recovery activities of emergency teams) and the telecommunications
network (essential for remote operations). Through the simulator, we
can calculate the impacts of faults on the EDN through a contingency
indicator. We do not incorporate detailed power flow analysis dur-
ing the restoration stages, primarily due to data access limitations
encountered during our collaboration with the distribution operator.
The simulation & optimization tool is named OPT-RecSIM and it is
employed to simulate the reconfiguration and restoration operations
of the electrical distribution network following fault scenarios. More-
over, OPT-RecSIM constitutes a specialized module within the broader
suite of Decision Support System (DSS) platforms currently deployed
by ENEA, particularly within the new CI-RES (Critical Infrastructure
Resilience) system [28]. Decision Support Systems such as CI-RES play
a pivotal role in assessing the failure risks associated with electric
power networks, enabling asset managers to evaluate the effectiveness
of alternative mitigation strategies and to support investment decisions
aimed at enhancing the resilience of critical infrastructures through
advanced simulation-based analyses.

The proposed OPT-RecSIM tool has been tested on a large-scale
EDN, modeled based on a realistic extensive electrical distribution
infrastructure data of a large metropolitan city. The results underscore
the efficacy of the OPT-RecSIM procedure, particularly in large damage
scenarios where the number of required emergency teams increases.

The paper is organized as follows: Section 2 describes the topology
model of the EDN, outlining the system structure and its key features.
Section 3 details the RSO problem, its challenges, and assumptions.
Section 4 introduces the OPT-RecSIM simulator, highlighting its fea-
tures and functionalities. Section 5 presents the optimization model
for the Repair Sequence problem. Section 6 discusses computational
experiments and analyzes the results. Finally, Section 7 concludes the
paper, summarizing the work and suggesting future research directions.

2. Electrical distribution network topology model

In this paper, we adopt the network representation used by Tofani
et al. [26]. The topology of an EDN can be represented with an undi-
rected graph G(V, £) without loops and parallel edges. In this graph, the
vertex set (V) correspond to the nodes of the network and the edges in
the set (&) are the connections between them.

The node set V can be partitioned into three subsets H, £ and
S, representing different types of nodes in the network, primary sta-
tions, secondary stations and switches respectively. Fig. 1 presents a
network representation that includes all three types of elements [29].
The primary station serves as a load center, managing the distribu-
tion of electricity to various regions. A secondary station is usually
a client-provided distribution cabin containing the transformer and
high-voltage (HV) switchgear panels, facilitating the low-voltage (LV)
connection to the customer’s incoming switchboard [30].

Switches in an EDN are generally categorized into three types: (i)
automated switches, which operate automatically without human in-
tervention; (ii) remotely controlled switches, or tele-controlled switches,
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Fig. 1. Electrical distribution network featuring automated switches (red), tele-controlled switches (blue), manual switches (white), and frontier switches (gray dotted line). SP:

primary stations, |: secondary stations, LP:load points(consumers); CB: Circuit Breaker.

managed by operators from a remote location; and (iii) manual switches,
requiring on-site operations by personnel. Along with these, frontier
switches enable downstream electricity flow during failures by drawing
power from adjacent lines.

The edge set & consists of pairs of nodes {u,v} with u,v € V
modeling two different types of connection: (a) the connection of a
switch node to a primary or secondary station, i.e., without loss of
generality u € S, v € H U L; (b) the connection between two different
switches, i.e., u,v € S, u # v.

Thus, the primary or secondary station can be only connected to one
or more switches, while switches can be connected to stations and/or
other switches.

3. The repair sequence problem

The problem addressed in this paper is related to failures in the
medium voltage (MV) to low voltage (LV) lines. Such networks may
suffer faults to one or more elements simultaneously: at one or more
secondary stations, which belong to the same or different lines, as well
as on the links between secondary stations.

In this study, we focus exclusively on secondary cabin failures,
where a faulty line may encompass one or more malfunctioning nodes.
Moreover, we assume that the fault identification phase can be omitted
by presuming that the affected cabins are known at the commencement
of the recovery operations simulation. This assumption is strategically
motivated by our aim to assess the network’s resilience under extensive
failure scenarios, particularly within broader disaster risk assessment
frameworks. Notably, a substantial body of literature [31-34] has
explored the issue of fault location identification. These studies have
leveraged the rapid shift towards smart grids, employing a range of
techniques — including sensors, intelligent electronic devices, phasor
measurement units (PMUs), and artificial intelligence-based method-
ologies that are trained on historical fault data, load patterns, and
switching events — to predict fault locations, thereby mitigating the
impact of the problem. Importantly, our current work is supported
by a vulnerability analysis of electrical components, which helps to
identify which nodes are more likely to fail under extreme conditions.
This information is used to inform and prioritize the repair planning
process. Thus, our model not only responds to identified faults, but also
incorporates a proactive layer of planning based on risk.

Besides, our model could be integrated with real-time informa-
tion where the fault locations can be progressively identified and
a new model can be considered that takes a snapshot of the cur-
rent situation on the network including identification of new faults
and faults partially/fully recovered together with the current posi-
tion of the emergency teams. Our ultimate goal is to offer a struc-
tured, optimization-based decision-support tool that provides improved
solutions as information fidelity increases over time.

When the network experiences faults, the affected lines automati-
cally interrupt the power supply from the primary station via protective
devices (circuit breakers). Then, restoration operations will be per-
formed: automatic and tele-controlled reconnection operations, and
manual reconnection operations by emergency teams.

Automated switches operate almost instantly, while remotely con-
trolled switches take about 2 min to activate or deactivate, is based
on data from previous projects developed by ENEA in collaboration
with the distribution operator. Manual switch operations, however,
require a team to travel to the faulty node, isolate it, and reroute
electricity, with the isolation and rerouting process typically taking
approximately 10 min on average. After isolating faulty nodes, a mobile
power generator is assumed to be necessary to restore power to affected
users. This is the most time-consuming step, and for simplicity, we
assume it takes approximately 180 min in our experiments (Section 6).

Each secondary cabin feeds a certain number of users. It is assumed
that there are no users with higher priority. In this paper, the perfor-
mance of the EDN system is evaluated using a contingency indicator
commonly employed as a Key Performance Indicator (KPI) to assess
service continuity: the customer Minutes of Interruption (CMI) [35].
For each electrical secondary station affected by a disturbance, the CMI
is calculated as the product of the number of disconnected customers
served by the secondary station and the duration of their disconnection,
expressed in kilo-minutes (10 min). The CMI is particularly suited
for assessing the performance of large and complex networks, where
creating a detailed electrical performance model to compute specific
metrics, such as power delivered or power flows, is often impractical
or infeasible.

A specific number of teams (N > 0) must be assigned to address
faults and restore the network’s proper operation. The number of teams
N is always considered to be less than or equal to the number p of
secondary stations in failure.

Additionally, the traveling time for teams to reach the intervention
site must be considered. This time depends on factors such as distance,
traffic, and weather conditions.

4. The OPT-RecSIM tool

The intent of OPT-RecSIM, a module of the decision support system
CI-RES [28], is to provide a sequence of operations to be performed
to restore power and to estimate the resilience and other KPIs of the
EDN for a specific input failure under different conditions. This is done
through the integration of the simulation tool RecSIM defined in [26]
and an optimization MILP model. RecSIM simulates the tasks which
are commonly carried out by automated systems and remote operators,
and provides a detailed breakdown of the timing for different phases
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Fig. 2. Architecture of the CI-RES Decision Support System. The OPT-RecSIM module, integrating the RecSIM simulator with the optimization model, serves as a core component
for evaluating and optimizing fault restoration strategies in the electrical distribution network. Key notations used in the figure include: BTS: Base transceiver station status, Tel.,:
Duration of tele-controlled operation, P: Set of failures, Tel: Tele-controlled stations, ETA: Estimated travel time, Man: Time for manual operations, Gen: Time for generator

installation, N: Number of available teams.

of restoration. Fig. 2 illustrates the architecture of the CI-RES decision
support system, which incorporates the OPT-RecSIM module.

The simulation tool is integrated with an optimization model to
compute a reasonable plan for the deployment of the teams which
are needed for the onsite interventions, on those elements of the line
that cannot be operated remotely. This approach becomes crucial when
there is a large number of interventions to address but only a limited
number of teams available, making it challenging to determine optimal
team assignments. The mathematical model is presented into details
in Section 5. The solution provided by the optimization model is then
utilized to establish a range of timings for manual operations, ensuring
realistic and feasible scheduling for intervention tasks in the restoration
process.

In the following, we recap the main input and output of the original
simulation tool RecSIM, and we describe the integration with the MILP
model described in Section 5, which overall describes OPT-RecSIM. The
inputs of RecSIM are the following:

1. The network topology, as presented in Section 2;

2. The failure information, which is a list of pairs containing a line
and their faulty secondary stations;

3. Duration of restore operations, such as the time needed for
a remote operation (switch on/off) to complete and the time
needed to setup a backup generator.

The simulator then proceeds to generate the automated and re-
motely controlled switch operations as part of the repair sequence. This
includes two steps: the opening and closing of tele-controlled switches,
combined with the automation of automated switches, reduces the
disconnected portions of an EDN; and the activation of the frontier
switches, which can be used to provide power to some of the stations
in the damaged line from adjacent lines, if available. Subsequently, for
each damaged line, the disconnected portion is analyzed, and a list of
onsite repair interventions is created along with a release time, namely
the time needed to identify the faulty nodes.

The list of onsite repair jobs, the topology, and the parameters —
the number of teams available for onsite operations, the time needed
to reach any specific substation on failure, and the time required to
complete a manual intervention on a faulty station — are provided as
input to the optimization model described in Section 5. The optimiza-
tion model assigns repair jobs to teams and determines the sequence of
tasks for each team to minimize the time required to isolate the faulty
nodes.

5. An optimization model for the repair sequence problem

In this section, we pose the problem of optimizing the activities of
emergency teams following a failure in the EDN. Given the input as
described in the section above, the objective is to enhance the reliability
and efficiency of the network by minimizing users’ downtime.

The problem can be interpreted as a scheduling problem with
unrelated parallel machines [27], and it can be modeled using a Big-M
formulation— a MILP approach commonly employed to represent log-
ical implications and disjunctive constraints [36].

In the following, we describe the key parameters used in the model.

A set of manual interventions at failure nodes J = {0,1,2, ...,n},
seen as jobs. Since emergency teams start their trip from a com-
mon base location, we introduce a “dummy job 0” at the starting
location. The absence of the dummy job could lead the optimiza-
tion model to overlook the travel time from the base to the first
job for each team, potentially resulting in an inaccurate repair
sequence.

a set of emergency teams M = {1,2,...,m}, seen as machines.
the processing time p; for each intervention j € J with py = 0.

the number w; of disconnected users associated with the inter-
vention j € J with wy = 0.
The release time r. Since not all failures that need an emergency

team intervention appear simultaneously due to the need for
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various switch operations, with their timings depending on the
network topology, we set the release time r( of the dummy job 0
as the maximum of the release times of the failures returned by
RecSIM. This ensures that the teams are dispatched only after all
fault information is available.

the set-up time s;; required to start intervention ;’ immediately
after j, where j,j’ € J, j # j’. This includes, for example, the
transfer time of a team from one failure location to another.

The decision variables are:

1;, a continuous non-negative variable representing the comple-
tion time of manual intervention j
xj, €{0,1} foreach j € J, me M

1 if job j is assigned to team m

" 10 otherwise
viym €10,1} foreach j,j' € J, j#j', meM

ij

1 if job j is done immediately before job j’ by team m
Yij'm = .
0 otherwise

The objective is to minimize the weighted completion time, defined as
the sum of all intervention completion times weighted by the number
of disconnected users. Thus, the standard scheduling problem can be
formulated as a MILP model as follows:

min 2 wjt; (1a)
jeJ

st Y x, =1, vjeJ\(0) (b)
mem
Xom = 1, Vvme M (1c)
Yjom =0, VieJ\ {0}, meM @1d)
to > po +ro (1e)

tr 20458+ Py — M@= Xj =X = Vjjtm)s
vijed.j#j,mem (1D
= Xjty + Vjjtm)s

vi.j'ed,j#j,memM (g

thtj/+Sjrj+pj—M(2—xjm

1; 20, VieJ (1h)
x;m €1{0,1}, vieJ, meM (1i)
Yijrm € 10,1}, Vij'ed, j#ismem (1))

,where the parameter M, called Big-M, is a large positive constant
which ensures that the constraint is effectively activated or deactivated
depending on the state of the binary variables. A suitable value for M
for this problem is

M= ZP,-+ZZS,-,~-
jeJ ied jeJ

Constraint (1b) ensure that each intervention j except the dummy
job 0 is assigned to exactly one emergency team m. Constraints (1c)
and (1d) ensure that dummy job O is completed by each machine and
that it is the first job assigned to them, respectively. Constraint (1e)
establishes a lower bound on the completion time 7, that ensures that
the teams are dispatched only after all fault information is available.

Precedence constraints (1f) and (1g) manage the sequencing of
jobs on each machine m, ensuring that if job j precedes job j’, the
completion time 7, should account for the processing times p; and
pjrs as well as set-up time s i Finally, constraints (1h)-(1j) define the
variables domain.

Though we assume all teams (machines) consume a fixed amount
of time to complete a manual intervention (job), our optimization
model is built on the framework of a scheduling problem on unre-
lated parallel machines with sequence-dependent setup times and due
date constraints. This flexibility allows us to account for varying task
durations required for manual interventions.
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6. Computational experiments

This section presents the results from the OPT-RecSIM tool and
evaluates its performance against a conventional heuristic approach.
The analysis uses data from the scaled-down representation of the
original EDN of the Metropolitan area of Rome (Italy), comprising
1396 lines, 15087 secondary stations, 35080 switches, and 86 primary
stations.

To evaluate the benefits of the optimization model in the simulator,
we compared the solutions obtained by using an out-of-shelf solver
to those obtained from a heuristic approach. The heuristic approach
distributes faulty nodes approximately equally among the available
teams. For a scenario with p faulty nodes and N teams (p > N), each
team is initially assigned a random faulty node. Teams then proceed to
the nearest remaining faulty node, provided the number of remaining
nodes is at least N. If N exceeds the remaining nodes, the nodes are
assigned to the nearest available teams. Since for each crew the initial
job assignment is random, we conducted 300 trials with different initial
assignments and calculated the mean CMI to ensure robust and reliable
results.

Travel times between intervention sites are a crucial element of
OPT-RecSIM, as they significantly impact the duration of service in-
terruptions. In our experiments, these travel times are fixed averages
between nodes and do not change over time or depend on traffic or
weather conditions. They are calculated using the open-source routing
service OSRM (Open Source Routing Machine),! which processes ge-
ographical coordinates of failed nodes via HTTP requests and returns
travel times, extracted based on the shortest route, as JSON data.

While various optimization solvers like Gurobi, SCIP, GLKP, CLP,
LP SOLVE, and CPLEX are available, we select Gurobi for its superior
time efficiency and reliability [37]. Gurobi’s performance enabled us to
effectively address the NP-hard repair sequence optimization problem
within time constraints, ensuring robust and accurate results. We run
our experiment on a system with Intel(R) Xeon(R) Gold 5218R CPU @
2.10 GHz, and use Gurobi Optimizer version 12.0.1.

6.1. Fault density and recovery performance

We have considered scenarios with the number of faulty nodes
ranging from 5 to 15. We analyze five random failure scenarios for
every choice of p € {5,6,...,15}, which led to varying CMI values due
to their inherent uncertainty (Table 1).

For better understanding of the results, we also perform an exper-
iment where initially, we started with a list of five faulty nodes and
progressively added one faulty node at a time to the previous list, until
reaching a total of 15 nodes. We averaged results across five such cases
per failure scenario to analyze how CMI changes with each additional
failure for different N values. This incremental approach allowed us
to analyze the system’s performance under varying levels of failure
intensity shown in Fig. 3.

Additionally, increasing the N consistently reduced restoration
times. However, the impact of adding more teams is not linear. Our
results demonstrate that the transition from two to three teams typically
has a more significant effect on restoration time than the addition of a
fourth team. Similarly, increasing the team count from four to five has
a diminished impact compared to the transition from three to four.

Thus, with the increasing number of teams, the improvement per-
centage of CMI decreases. This observation aligns with similar results
provided by Tofani et al. [26]. Fig. 3 also indicates the variation of CMI
value as we make differences in number of available teams N.

To evaluate the scalability and robustness of our OPT-RecSIM tool,
we conduct further experiments on a large-scale scenario involving 150
faulty nodes (see Table 2), obtained by considering one/two faulty
nodes on the 10% of the network’s lines. Such scenarios are highly

1 https://project-osrm.org/
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Table 1
Customer Minutes of Interruption (CMI) values and the average execution times provided by OPT-RecSIM for different failure
scenarios and varying numbers of teams (N).

P N=2 N=3 N=4 N=5
CMI Time (s) CMI Time (s) CMI Time (s) CMI Time (s)
294.57 0.03 277.66 0.05 274.42 0.05 274.32 0.05
218.31 0.06 211.44 0.05 208.10 0.04 208.10 0.06
5 88.21 0.03 88.08 0.02 88.08 0.04 88.08 0.03
167.46 0.03 159.40 0.04 159.16 0.03 159.16 0.05
343.73 0.05 341.92 0.04 341.05 0.04 341.05 0.05
153.16 0.06 146.71 0.07 143.40 0.04 143.40 0.05
308.32 0.04 295.55 0.05 289.79 0.04 289.79 0.05
6 373.31 0.08 360.88 0.10 354.32 0.07 350.95 0.09
310.83 0.04 295.87 0.06 288.93 0.06 288.89 0.04
270.77 0.07 249.07 0.06 246.67 0.07 246.63 0.05
92.55 0.14 88.04 0.15 86.12 0.09 85.72 0.15
297.50 0.21 274.43 0.16 265.37 0.16 259.29 0.11
7 119.14 0.09 112.51 0.09 111.32 0.08 110.91 0.06
240.43 0.08 238.54 0.09 237.16 0.08 237.00 0.06
166.69 0.10 160.16 0.14 159.64 0.16 159.44 0.11
361.31 0.17 350.45 0.19 344.13 0.20 339.23 0.19
277.46 0.13 270.88 0.20 268.55 0.26 266.85 0.22
8 202.66 0.26 188.17 0.21 179.86 0.16 176.26 0.18
192.98 0.13 186.82 0.11 183.63 0.10 182.64 0.06
264.70 0.12 256.34 0.13 249.17 0.15 248.90 0.15
527.29 0.42 501.41 0.31 488.37 0.34 482.70 0.39
135.77 0.14 135.62 0.21 135.53 0.34 135.46 0.31
9 201.39 0.09 195.93 0.21 195.03 0.33 194.76 0.34
143.97 0.25 138.22 0.26 136.82 0.27 135.99 0.37
322.89 0.35 301.62 0.29 290.54 0.48 285.66 0.37
132.17 0.35 127.96 0.39 126.24 0.52 125.64 0.88
317.01 0.29 305.26 0.32 302.59 0.44 300.45 0.36
10 287.46 0.26 271.79 0.30 267.88 0.32 264.55 0.54
317.07 0.29 300.62 0.39 294.05 0.63 290.62 0.53
324.19 0.16 317.06 0.30 312.62 0.47 311.47 0.97
401.45 0.35 382.04 0.56 372.65 0.62 368.57 0.56
343.95 0.70 317.38 0.83 304.99 2.14 298.79 3.75
11 681.35 0.64 650.93 0.54 640.11 1.23 633.19 2.44
419.06 0.24 398.91 0.43 394.64 0.47 391.94 1.74
443.22 0.33 412.42 0.59 398.83 0.41 393.22 0.57
269.18 0.47 254.13 0.51 250.47 1.50 248.61 1.43
291.59 0.36 271.92 0.67 263.00 0.92 255.79 0.79
12 258.95 0.85 247.36 1.08 241.30 1.21 237.52 1.41
487.30 1.18 463.96 5.63 450.68 10.17 444.03 24.58
291.13 0.38 277.86 0.42 274.18 0.52 272.42 0.91
568.33 3.72 539.36 3.20 521.96 4.97 514.05 12.09
548.48 1.46 505.65 2.53 486.49 2.19 478.21 1.18
13 323.10 1.15 296.56 0.99 286.72 1.72 282.45 3.06
648.09 1.85 606.70 6.95 588.24 6.68 573.63 62.99
381.17 0.81 347.57 0.70 335.65 1.15 329.58 1.20
602.71 1.97 558.91 4.11 534.48 9.92 523.09 3.32
578.40 4.45 539.33 21.49 520.11 8.11 509.13 16.29
14 486.78 1.70 458.33 2.49 447.49 4.37 439.58 4.46
487.88 0.83 465.63 2.78 453.83 12.13 448.12 26.68
494.38 3.75 457.87 3.96 439.82 3.93 430.73 6.40
609.06 2.20 558.41 3.50 542.74 10.78 532.46 7.58
823.29 6.14 762.01 4.81 733.30 8.75 715.03 4.67
15 697.46 7.16 646.59 14.38 618.19 13.83 608.66 9.24
434.04 6.62 411.39 7.49 398.98 5.23 393.40 22.69
832.48 29.08 751.51 75.62 715.99 104.73 691.25 113.19

Table 2
Customer Minutes of Interruption (CMI) values provided by OPT-RecSIM (OPT) and Heuristic (Heu) approach for 5 failure scenarios with 150
faulty nodes and varying numbers of teams (N).

p N=2 N=5 N =10 N =25
OPT Heu OPT Heu OPT Heu OPT Heu
36262.90 42683.55 20027.10 21198.55 12398.75 14058.28 9284.51 10500.37
29208.39 33404.73 14361.72 17 492.37 8844.79 10783.93 6098.33 7729.61
150 30813.29 36295.54 15772.21 19555.28 10464.12 12935.07 8014.79 9405.05
31070.77 39933.34 14570.49 22812.09 10335.31 15049.75 7894.78 10022.88
29992.51 39598.48 15149.56 20371.63 13133.03 13854.84 8979.32 9821.02
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CMI line plot under different N values
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Fig. 3. Impact of progressively increasing faulty nodes on CMI values, with the effect
of varying N values.

unlikely. Indeed, a single faulty node per line represents the most
common failure scenarios. In contrast, the presence of two faulty nodes
on the same line constitutes a worst-case scenario [26]. Moreover, it
is important to note that 150 faulty nodes can lead to the functional
unavailability of several hundred additional downstream nodes, due to
topological and operational dependencies. Based on discussions with
the local utility operator, such an event is considered a large-scale dis-
aster scenario in the context of urban electrical distribution networks.
Also, we consider the number of available crews up to 25, which is
a very huge number even in such extreme failure scenarios. Although
it is well known that scheduling problems are NP-hard and inherently
face limitations when scaling to large job allocations, our OPT-RecSIM
tool is able to provide a feasible solution better than the heuristic one
(Table 2) within the time limit of 1500 s, which is reached for all the
values of N.

6.2. Comparison with heuristic approaches

The Fig. 4 demonstrates the extent to which OPT-RecSIM enhances
the quality of the repair sequence compared to the conventional ap-
proach. In most cases, OPT-RecSIM provides significant improvements,
showcasing its efficiency in optimizing restoration procedures. While
the exact improvement cannot always be predicted due to the variabil-
ity in network conditions and failure scenarios, the results indicate that
as the number of failures increases, the likelihood of substantial time
savings for operators also grows.

When the number of teams N is equal to the number of failures,
each team can be directly assigned to a specific failure without any
need for prioritization or optimization in the sequence of tasks. In
such cases, the results obtained from the conventional approach in
RecSIM and the OPT-RecSIM with the optimization technique converge,
as there is no scope for further improvement in the restoration time.
This outcome is clearly demonstrated in the bottom right figure of Fig.
4 when N and number of faulty nodes both are 5, emphasizing that
optimization gains are primarily evident when the number of failures
exceeds the N, requiring strategic allocation and sequencing of tasks.
Fig. 5 presents a comparison of the average CMI values for five different
instances involving 150 faulty nodes, evaluated under varying numbers
of emergency teams. The results are obtained using the OPT-RecSIM
and the Heuristic approaches.

Fig. 6 illustrates the percentage improvement in CMI when using
OPT-RecSIM compared to the conventional approach. The experimental
results were derived from the failure scenarios discussed in Section 6.1.

6.3. Sensitivity analysis of travel times

Using the failure scenarios from Section 6.1, we examined the
impact of varying travel times between nodes, as such changes are
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common during natural disasters, requiring OPT-RecSIM to dynami-
cally adapt its restoration strategies. It is obvious that any changes
in any parameters can significantly alter the repair schedule. Travel
times were increased by a random factor between 1.1 and 1.6 of normal
times to simulate delays caused by adverse conditions. As travel times
increase, often irregularly, the total restoration time is expected to rise.
OPT-RecSIM is anticipated to handle these changes more effectively
than the heuristic approach in RecSIM, as illustrated in Fig. 7.

7. Conclusions and future works

This paper presents a study on service restoration following large-
scale failures due to natural calamities in electricity distribution net-
works. While certain assumptions were made for simplification, the
work remains highly significant in optimizing restoration procedures
to minimize downtime. Conventional methods commonly employed by
electricity operators and also adopted in RecSIM have notable limita-
tions, highlighting the need for a more efficient and reliable approach.
Our results demonstrate how a comprehensive restoration process can
be achieved using optimization techniques.

We use a MILP formulation of the problem following the traditional
scheduling approach and we compare it against a heuristic approach
used in practice and implemented in the simulator RecSIM.

For small-scale number of failures, the conventional repair approach
in RecSIM may produce results comparable to OPT-RecSIM, integrating
the optimization model with the simulator RecSIM. However, as the
number of failures grows, OPT-RecSIM demonstrates substantial im-
provements, with restoration time reductions of up to 39%. We perform
computational tests including variation in the travel times between
secondary stations, which must be considered during emergencies, to
account for the impact on the restoration times.

This paper demonstrates an advanced approach to service restora-
tion in electricity distribution networks, addressing limitations of con-
ventional methods by leveraging simulation and optimization tech-
niques to reduce restoration time significantly.

The paper outlines potential avenues for future work that could
advance the repair sequence problem further. Indeed, in our current
optimization model we addressed scenarios where all failures occur
simultaneously and the details of faulty secondary stations are known in
advance. A more generalized approach could account for uncertainty in
the number of failures, the fault locations, and the times of occurrence,
and other operational parameters — task durations, travel times —
reflecting real-world conditions more accurately. As for travel times
estimation, while OSRM, provides a cost-effective solution, its accuracy
is lower compared to premium APIs like Google Maps or Apple Maps.
Investing in such high-quality APIs could improve travel time esti-
mates [38,39], enhancing the reliability and real-world applicability of
our simulations, especially given the study’s focus on realistic electricity
network modeling. In any case, uncertainties can significantly affect
model performance and robustness. We will address sensitivity analysis
on this aspect in a future paper. We perform our computational test
on the single topology of the Rome electrical grid. While the operator-
provided network offers a realistic testbed, it limits the generalizability
of the results to a broader set of topologies, including radial, ring,
and meshed networks with distributed generation. We are currently
extending our simulator and optimization framework to support syn-
thetic benchmark networks and topologies derived from open data,
enabling comparative studies in future publications. Moreover, our ap-
proach could be extended to incorporate isolation of faults and/or other
uncertainties, such as times of fault occurrences by means of robust or
stochastic optimization. Future research could also explore a separate
optimization technique for power generator placement, considering
constraints such as an operator’s capacity to carry a single generator
and the requirement to return to base before proceeding to the next
site for installation. Therefore, this work can be exploited as a basis for
developing more advanced models that incorporate deeper uncertainty
and resilience-oriented planning.
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Impact of Travel Time Increment on CMI
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Fig. 7. Variation in the average percentage increment of CMI values for OPT-RecSIM
and Heuristic approaches with increasing travel time, analyzed for different N values
for failure scenarios described in Section 6.1.
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