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Abstract—Achieving resilience against severe weather is a 

prominent objective for power system operators. This paper 

presents an extension of a Cost-Benefit Analysis (CBA) 

framework based on Optimization via Simulation (OvS) for 

selecting the optimal portfolio of resilience enhancement 

measures. The optimal mix is determined using an efficient two-

step procedure based on the generalized pattern search 

technique. The framework quantifies risk indicators considering 

climate change models and simulating cascading outages. The 

methodology extends the analysis to address a new threat, i.e. the 

strong wind threat, and models the Mobile Emergency 

Generators (MEGs), which represent a hybrid measure as MEG 

procurement implies investment costs like passive measures, but 

this measure is activated, like other active measures, to improve 

system’s response to severe outages. Simulations on a medium-

sized IEEE test system demonstrate the approach's effectiveness 

in identifying the best measure portfolio, including MEGs, based 

on costs and climate projections, for both wet snow and wind 

threats. 

Index Terms—resilience, cost-benefit analysis, long-term grid 

planning. 

I. INTRODUCTION 
The increasing emphasis on power system resilience, 

defined by CIGRE as “the ability to limit the extent, severity 
and duration of system degradation following an extreme 
event” [1], is driving Transmission and Distribution System 
Operators (TSOs/DSOs) to develop dedicated resilience plans 
[2], where Cost–Benefit Analysis (CBA) represents a key tool 
for prioritizing interventions [3]. Resilience measures are 
commonly classified as passive (system hardening) or active 
(enhanced system operation). Despite extensive research on 
cost-effective resilience enhancement [4]–[12], including 
risk-based assessment [5] and optimization-based hardening 
strategies [6], [7], [10], several limitations remain. In particular, 
most approaches assess a predefined and limited set of 
measures, thus preventing the identification of an optimal 
combination of passive and active actions. Furthermore, the 
impact of Climate Change (CC) on hazard characteristics over 
long-term planning horizons is often neglected or 

oversimplified [4], [6], [7], [11], [12]. In addition, contingency 
analysis is typically performed using simplified Optimal Power 
Flow (OPF) models, which do not capture the actual behavior 
of protection and control systems, leading to inaccurate 
representations of cascading failures [6], [7], [11], [12]. 

These gaps were addressed in [13] through a framework 
that: (i) applies Optimization via Simulation (OvS) to identify 
cost-effective portfolios of hardening and operational 
measures; (ii) incorporates probabilistic modeling of CC 
effects; (iii) exploits a cascading failure simulator for realistic 
system response assessment; and (iv) employs a generalized 
pattern search algorithm suitable for large-scale grids. The 
framework was demonstrated for the wet-snow threat, 
considering selected passive measures (antitorsional devices 
and support reinforcements) and conventional active measures 
(e.g., generator redispatch and load shedding). 

In parallel, Mobile Emergency Generators (MEGs) have 
gained attention as an effective option for mitigating severe 
outages by supplying emergency power and reducing unserved 
energy. Existing studies address MEG pre-positioning and 
routing in distribution networks [14], transmission-level 
placement based on fragility scenarios [15], multi-stage 
stochastic planning with nonanticipativity constraints [16], and 
MEG sizing for service restoration [17]. However, these 
contributions generally do not include long-term cost–benefit 
assessments nor detailed cascading failure modeling. 

This paper extends the methodology proposed in [13] by: (i) 
incorporating the strong wind threat; (ii) expanding the set of 
countermeasures to explicitly account for MEG procurement 
and positioning costs within a CBA framework; and (iii) 
improving the robustness of the solution algorithm. By 
embedding MEGs in a climate-aware OvS process, their costs 
and benefits can be consistently evaluated alongside alternative 
resilience measures, rather than being treated as a standalone 
operational problem. 

The paper is organized as follows: Section II recalls the 

original CBA methodology, Section III presents its evolution. 

Section IV discusses the application results on a case study. 

Section V concludes. 
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II. RECALLS ON THE ORIGINAL CBA METHODOLOGY 
This section recalls the methodology proposed in [13], for 

the  selection of active and passive measures to enhance power 
system resilience in long-term planning. Two indicators based 
on actualized benefits (𝐵𝑇𝑂𝑇,𝑎𝑐𝑡) and actualized costs 

(𝐶𝑇𝑂𝑇,𝑎𝑐𝑡), are considered, i.e. the Total Net Benefit (TNB) 

, ,TOT act TOT actTNB B C= −    (1) 

and the System Utility Index (SUI), also called Benefit-to-Cost 

Ratio (BCR) in ENTSO-E CBA [3]: 

, ,TOT act TOT actSUI B C=     (2) 

The methodology workflow adopts a scenario-based 
approach to manage the long-term variability and uncertainty 
of operational conditions, threat scenarios, and climate change. 
Threat intensities are modeled by a Generalized Extreme Value 
distribution for each climatological period of e.g. 5-10 years. 
The CBA is performed considering a reduced set of 
representative long‑term scenarios n = 1, …, N. For each 
climatological period, a scenario is defined by a triple {L, G; 
Th} of stochastic discrete variables: (a) Load level L, iL = 1…, 
NL, (b) Renewable generation level G, iG = 1…, NG, (c) threat 
stress level Th (e.g., wet‑snow intensity), iTh = 1…, NTh.  

Each scenario n has absolute probability n derived from a 
Gaussian‑copula model capturing correlations among variables 
L, G, Th. For each scenario, a screened set Cn of critical N-k 
contingencies is identified. Vulnerability curves evaluated at 
threat level th yield component failure probabilities. The latter 
are then combined to obtain the probability of each contingency 

j in scenario n. For each contingency j ∈ Cn with probability j, 
the ENS (Energy Not Served) is computed using a 
cascading‑failure quasi-static simulator [18].  

The optimization problem is formulated using binary 
decision variables to describe the space of possible active and 
passive measures { , , }C P   . The objective function (OF) is to 

maximise the SUI or TNB indexes over { , , }C P    as in (3): 

{ , , }
max

C P

SUI
    or { , , }

max
C P

TNB
             (3) 

where  is the set of passive hardening measures on 

components selected based on subsection III.A.1; P represents 
the preventive measures aimed at improving system security 

under given operating conditions; and C is the set of possible 
corrective measures aimed to limit impact of contingencies 
after they occur in the scenario (possibly modified by 
preventive measures).  

The constraints concern: (a) maximum costs for each 
typology of measure with respect to the relevant budgets; (b) 
the persistence of a hardening measure over subsequent 
climatological periods; (c) the rate of improvement of the 
failure return period of an asset in case of application of the 
hardening measure; (d) the maximum admissible residual 
EENS (Expected Energy Not Served); (e) technical limits 
related to active measures. The resulting binary non‑linear 
optimization problem is solved using the Generalized Pattern 
Search algorithm [19], as detailed in [13].  

III. EXTENSION OF THE METHODOLOGY 

A. Modeling of a new threat and countermeasures 

The first extension concerns the extension of the CBA 

methodology to the “strong wind” threat, with focus on 

indirect effects of wind (i.e. actions on interfering vegetation). 

In fact, wind speeds which cause a significant probability of 

indirect effects typically lie in a range of 60-80 km/h [20], 

where the direct actions have a negligible probability to cause 

line damages, due to design criteria [21].  
 

1) Integration of the New Vulnerability Models 

The vulnerability model for overhead lines (OHLs) to 

indirect effects is described in [20], which provides one 

vulnerability curve for each span of a line. Combining these 

curves with the probability distribution of the threat (e.g., wind 

speed) yields span failure Return Periods (RP), which can be 

aggregated into line failure RP. The RP is the average time 

between two consecutive occurrences of a threat exceeding a 

severity threshold or a component failure. The average value 

V


 of the normal distribution   (with standard deviation 𝜎𝑉) 

of the vulnerability for the whole line is set based on (4), where 

Ps is the probability of exceeding the critical value Lcritical (for 

example 100 km/h in the case of indirect effects of wind threat) 

on at least one of the groups of spans of the line considered in 

the RP calculation.  

 1 1
. . min 1, , , criticalV

s

V s t V L
RP P

−
  

 =     


   (4) 

The candidate lines for reinforcement are selected based on 

a ranking list with increasing failure RP values. 

2) Extension of the Set of Passive Countermeasures 

The list of measures for wind threat is partially different 

from the one deployed for wet snow threat. In particular: (1) 

tree pruning or trimming of the potentially interfering 

vegetation is a maintenance-based measure, thus only an 

OPEX cost is defined in terms of amu/km, with amu standing 

for arbitrary monetary unit, (2) the conversion from overhead 

lines to cables is introduced as a further passive measure.  

B. MEG Modeling: Assumptions, Criteria for Candidate 

Nodes and Integration in the CBA 

For the integration in the optimal mix methodology, a 

MEG is characterized by the level of installed power (in MW) 

and the grid node where it is normally located in each 

climatological period. A MEG location far from the nodes 

which experience more frequent energy disruptions results in 

higher costs of transport and lower CBA indices. The set of 

decision variables for the optimization-based CBA framework 

is thus extended to include MEG installed power and location. 

To this purpose, a set of candidate nodes is selected in the pre-

optimization phase: specifically, all the load nodes which 

experienced a load disruption in at least one of the multiple 

contingencies selected by the algorithm in the analysis of the 

base case are considered as candidate nodes. Possibly, other 

more complex criteria can be applied such as the site 

accessibility, the criticality of the served loads, etc. 

1) Logistic and availability model: assumptions 

The logistic model of the MEGs assumes an artificially 

increased unitary cost for transport to quantify potential threat-

induced problems in accessing to the faulty components in the 

CBA. A more complete probabilistic model which quantifies 

the dependence of the whole asset recovery process timing on 
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weather conditions has been proposed in [22] for operational 

planning purposes. Such model, if applied to long-term 

planning applications, would call for the Monte Carlo 

sampling of many realizations of the space-time evolution of 

the threat during the same event, to cope with the uncertainties 

at long-term planning level. To preserve efficiency the 

proposed approach limits the threat uncertainty modeling to 

the quantification of the probability of overcoming the critical 

value of the stress variable as indicated in subsection III.A.1.  

2) Representing the Relevant Decision Variables 

MEG’s power rating is discretized, enabling a binary 

representation: a maximum number NMEG,c of MEGs with 

individual rating Pmeg is supposed to be installed at each node 

c  C, being C the set of candidate nodes selected based on the 

highest probabilities of load disruption events over analysed 

contingencies. Any number of MEGs nc between 0 and 

,MEG cN  is given in (5). 

( )
1

( ) ( ) ( ) ( )

1 2 0
2

0

2
TOT

TOT TOT

h
M

c c c c

M

h

c hMn b b b b
−

− −

=

=  =       (5) 

where maxTOT c
c C

M M


=  being Mc the number of binary variables 

needed to represent the integers up to NMEG,c and bh
(c) 

represents the value 0/1 for the h-th coefficient of the base-2 

representation for nc. Given the basic rating Pmeg, the total 

amount of MWs of MEGs at node c is given by nc·PMEG. 

Considering the Np climate periods, vector MEGx  in (6) is 

defined to represent the number of MEG units for each 

candidate node c = 1…Nc and each climatological period p. 
( ) ( )( ) (1, ) (1, ) ( , ) ( , )

1 0 1 0 1 0

, ,
,..., , ,

TOT TOT T

c c

OT

pc pN Np p p p c p

MEG M M Mx b b b b b b− − −
 =     

( )(1) ... pN

MEG MEG MEGx x x =
 

      (6) 

Vector MEGx is integrated into an augmented array of 

decision variables in the optimization problem in subsection II. 

Given the gas turbine's 11-year service life [23] and the 

adopted 10-year climatological period, no persistence 

constraints are applied to MEGs. New capital costs are needed 

for procurement in consecutive periods. 
 

3) Assessing Impact of MEG Installation and Operation 

A MEG located at a certain grid node can be used at that 

node or at other nodes, provided that enough time is available 

to transfer the component. All this requires an upgrade of the 

quasi-static cascading outage simulator in section II, based on 

the following indications: 

1. After the application of the initiating contingency, the 

simulator performs a check about the presence of isolated 

nodes or islands provoked by the outages (it is assumed 

that no lines are available to reconnect the island to the 

main grid). If yes, the tool computes the costs to feed the 

load at the isolated bus with a MEG located at a specific 

candidate node (either the isolated node itself or other 

nodes) and with the given installed power from subsection 

III.B.2). In particular, the tool considers: (a) the cost for 

the MEG transport from the candidate node to the isolated 

node, expressed in amu/km. This cost is null if the MEG 

is already at the isolated node (or in the specific island); 

(b) the start-up and fuel cost for MEG, in amu/MWh. 

2. In case of transport of MEG from far nodes to the affected 

node, the transport time must be accounted for, which 

limits the benefit of using MEG (during the transport time, 

the isolated substation experiences total load disruption).  

3. After that, the tool considers the cascading outages 

potentially provoked by the initiating contingency. In this 

case, the system response, driven by potential cascading 

outages or power imbalances, evolves in a few minutes, a 

time interval shorter than the time needed to transport the 

MEG from far nodes to the affected island: the algorithm 

only accounts for the activation of MEGs already present 

in the islands which need to support the power balance.  

4. Finally, the chosen impact indicator i.e. Energy Not 

Served (ENS), is calculated considering a conventional 

duration of the interruption, set to 16 hours in line with 

indications from the TSO [22]. The dispatch rule for MEG 

consists in matching as much load as possible to assure the 

balance in the affected islands. A maximum autonomy 

time is assumed based on the power/energy sizing of the 

devices, assuming the lack of continuity in fuel supply.  

The MEG costs are counted in terms of both procurement 

and operational costs, specifically as “corrective measure” 

costs as they are used after the occurrence of contingencies. 

C. Enhancing the Robustness of the Solution Algorithm 

One limitation highlighted in [13] for the SUI-based 

optimization consists in the fact that a very cost-effective set 

of measures (i.e. which leads to the highest SUI) often implies 

a very limited reduction in residual EENS. For this reason, a 

constraint on the maximum admissible residual EENS, 

EENSMAX, has been introduced for the SUI-based optimization: 

however, setting the EENSMAX threshold independently from 

the EENS in the base case, EENS0, may bring to infeasibility 

of the solution. To solve this issue, the constraint on maximum 

admissible residual EENS is relaxed and replaced by 

introducing a multiplying factor DF, as presented in (7), to 

modify the current SUI-based OF in (3). 

0

0 0max( , ) min( , )max max

EENS EENS
DF

EENS EENS EENS EENS

−
=

−

     (7) 

 

Equation (7) holds valid for both cases: in fact, DF is 

positive when EENS is lower than EENS0, and the closest the 

distance between EENS0 and EENSMAX the largest the 

sensitivity of DF factor from the distance EENS0 – EENS. 

The modified OFnew for SUI-based optimization becomes: 

new original

Benefits
OF OF DF DF

Costs
=  =     (8) 

where originalOF  is the ratio between Benefits and Costs. 

IV. CASE STUDY 

The proposed approach has demonstrated its ability to 

deliver computationally efficient, sub-optimal yet 

operationally valuable solutions for large-scale power systems, 

as shown in [13] considering the wet-snow threat. 

A. Test System and Base Cases 

For the sake of clarity, presented extensions are tested on 

the IEEE 118 bus test system [24], which provides a good 

trade-off between tractability and size a medium-sized test 

system. In the test system generators at buses 46, 49, 54, 59, 
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61, 65, 91, 100, 103 and 105 represent equivalent renewable 

power injections. The georeferenced one-line diagram of the 

grid used for the present application is recalled in Figure 1a.  

 

 
(a) (b) 

Figure 1. (a) One-line georeferenced diagram of 118-bus IEEE test system; (b) 

visualization of failed components Visualization of top-ranking contingencies 

in the base case for scenario 6 in the 1st climatological period. 

The application of the framework to the strong wind threat 

is considered. The Fast Forward Method [25] is used to 

identify 24 representative Threat/Renewable-Generation/Load 

scenarios (4 operating points × 3 climatological periods × 2 

threat conditions). Scenarios with intense threat correspond to 

indices 5–8, 13–16, and 21–24 for the first, second, and third 

climatological periods, respectively. The adopted datasets 

include yearly load demand and renewable generation profiles 

from [26] and [27], and Complementary Cumulative 

Distribution Functions (CCDFs) of exceeding the critical wind 

speed threshold (100 km/h) for past and future periods (2021-

30, 2031-40, 2041-50) from [28]. MEG parameters adopted in 

the simulations are reported in TABLE I, while cost 

assumptions for all other measures are taken from [13]. 

TABLE I. MEG PARAMETERS. 

Quantity Unit Value 

Capital cost for installation amu/MW 103 

Fuel cost amu/MWh 10 

O&M cost % of capital cost/yr 2 

Transport cost amu/km 0.1 

Service life year 10 

The critical wind speed used in simplified vulnerability 

models of the assets is 100 km/h. The base cases (in case of no 

countermeasures) have a residual EENS of 2036 MWh, with a 

maximum ENS among N-k contingencies of 1540 MWh. 

Figure 1b highlights the failed components associated to the 5 

top-ranking contingencies in the base case for scenario 6 

related to the 1st climatological period. Given similar locations 

for faulty components also for the 2nd and 3rd periods, the 

optimization identifies a set of candidate nodes for MEG pre-

positioning, mainly located in the Northern part of the grid. 

Regarding the solution algorithm options, the maximum 

calculation time is set to 2 hours (7200 s) and the maximum 

number of OF evaluations is set to 3000. Parameter EENSMAX 

in (8) is set equal to 1000 MW. 

B. Optimizing the Countermeasures for Strong Wind Threat 

TABLE II and TABLE III report the set of active and passive 

measures identified, respectively in case of TNB-based and 

SUI-based optimization. TABLE IV reports the results on 

MEGs’ installation for each climatological period, assuming 

that old MEGs are replaced by new ones from one 

climatological period to the following one. 

 

TABLE II. SET OF MEASURES IDENTIFIED WITH THE TNB-BASED 

OPTIMIZATION IN CASE OF “STRONG WIND” THREAT. C_VM = COSTS FOR 

VEGETATION MAINTENANCE [AMU]; C_PRC_MEG = COSTS FOR MEG 

PROCUREMENT; C_CM = COSTS FOR CORRECTIVE MEASURES [AMU]. 

 Costs [amu] 

(Upgraded Line | MEG Bus | Scenario ID) 

Measures 1st period 2nd period 3rd period Total 

C_VM [amu] 

(upgraded line) 
- 

7.96105  

(75-118) 

2.06106 (53 -54) 

7.96105 (75-118) 
3.65106  

C_PRC_MEG 

[amu] (bus) 

7.2104 (112) 

7.2104 (76) 

4.8104 (95) 

7.2104 112) 

7.2104 (76) 

4.8104 (95) 

9.6104 (112) 

- 

1.2104 (95) 

4.92105 

 

C_CM [amu] 

(scenario) 

1.29103 (5) 9.83102 (13) 1.68102 (21) 

3.33104 

1.39104 (6) 3.89103 (14) 1.30103(22) 

2.36103 (7) 5.79103 (15) 8.92102 (23) 

1.00103 (8) 1.42103 (16) 3.36102 (24) 

TABLE III. SET OF MEASURES IDENTIFIED WITH THE SUI-BASED 

OPTIMIZATION IN CASE OF “STRONG WIND” THREAT.  

 Costs [amu] 

(MEG bus | Scenario ID) 

Measures 1st period 2nd period 3rd period Total 

C_PRC_MEG 

[amu] (bus) 3.6104 (52) 3.6104 (52) 2.4104 (52) 9.6104 

C_CM [amu] 
(scenario) 

4.20102 (5) 3.42102 (13) 6.48101 (21) 

1.10104 

2.84103 (6) 2.31103 (14) 6.65102 (22) 

1.39103 (7) 1.73103 (15) 4.70102 (23) 

3.48102 (8) 3.43102 (16) 7.87101 (24) 

TABLE IV. AMOUNT OF EMERGENCY POWER FROM, AND LOCALIZATION OF 

MEGS FOR THE THREE CLIMATOLOGICAL PERIODS. (A) TNB-BASED AND (B) 

SUI-BASED OPTIMIZATION FOR “STRONG WIND” THREAT. 

(a) 1st period 2nd period 3rd period 

 Rating 

[MW] 

Bus Rating 

[MW] 

Bus Rating 

[MW] 

Bus 

MEG 1 60 112 60 112 80 112 

MEG 2 60 76 60 76 10 95 

MEG 3 40 95 40 95 - - 
       

(b) 1st period 2nd period 3rd period 

 Rating 

[MW] 

Bus Rating 

[MW] 

Bus Rating 

[MW] 

Bus 

MEG 1 30 52 30 52 20 52 

The residual EENS is reduced by 96%, from 2036 MWh to 

81 MWh, confirming the effectiveness of the selected 

measures. The optimal solution combines the installation and 

use of three MEGs in all climatological periods with vegetation 

trimming outside the ROW of line 53–54 in period 3 and line 

75–118 in periods 2 and 3. The resulting total TNB over 30 

years is 1.135·10⁸ amu, while the total SUI is 119.8 

(corresponding to an annual SUI of about 3.9), a value 

considered satisfactory by TSOs. As expected, line conversion 

to cables is not selected due to its high capital cost. The 

SUI-based optimization suggests installing a single MEG at 

bus 52 in all periods, with lower power ratings than the 

TNB-based solution (up to 30 MW versus 60 MW). This 

option is more cost-effective (30-year SUI increasing to over 

818) at the expense of a higher residual EENS (1095 MWh), 

which still represents a 46% reduction relative to the base case. 

TABLE V summarizes SUI, TNB, and residual EENS for 

two MEG installation cost assumptions (10³ and 10⁴ amu/MW) 

and for both objective functions. 
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TABLE V. SUI, TNB AND RESIDUAL EENS INDICATORS AFTER THE 

DEPLOYMENT OF THE SET OF MEASURES OBTAINED FROM TNB-BASED AND 

SUI-BASED OPTIMIZATION, FOR TWO INSTALLATION COSTS (103
 AMU/MW 

AND 104 
AMU/MW), APPLIED TO “STRONG WIND” THREAT. 

 TNB OF SUI OF 

               Installation  

                          costs 

Indicator       

103 

amu/MW 

104 

amu/MW 

103 

amu/MW 

104 

amu/MW 

SUI [-] 119.8 47.1 818 91.4 

TNB [amu] 1.135108 9.908107 5.847107 5.713107 

Residual EENS [MWh] 80.98 114.35 1095.7 1147.4 

Total Costs [amu] 1.816106 4.066106 6.493104 5.406105 

Total Benefits [amu] 1.153108 1.032108 5.853107 5.767107 
 

An increase of installation costs determines a higher impact 

on SUI indexes which undergoes a 60% and 88% reduction 

respectively for TNB- and SUI-based optimization, while TNB 

decreases by 13% (2%) for TNB- (SUI-) based optimization. 

V. CONCLUSIONS 

The paper has presented an extension of a CBA framework 

for resilience-oriented long-term planning, introducing wind 

threat, MEG modeling and an improved formulation of SUI-

based OF. Simulations applied to a medium sized IEEE test 

system indicate that the modification of the objective function 

determine a satisfactory balance between cost-effectiveness 

and resilience improvement. Simulations also confirm the 

higher cost-effectiveness of the SUI-based optimization 

relative to the TNB-based approach, at the expense of a higher 

residual EENS. MEGs are consistently selected by both 

optimization targets, affirming their technical and economic 

viability as a countermeasure. The resulting methodology is a 

computationally efficient solution for long-term resilience 

planning. Future work will include an extensive simulation 

campaign on large power systems, the integration of a more 

complex asset recovery model, and the extension of the 

methodology to new threats such as floods. 
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