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Climate-related failures pose increasing risks to railway operation and maintenance, requiring robust assess-
ments to support effective resilience planning. Accordingly, this study presents a comprehensive risk assessment
to identify, quantify, and prioritize climate-related failure modes (CRFMs). CRFMs were identified through text
mining of 15-year corrective maintenance records across all five Swedish railway regions. A probabilistic model
was then developed to analyze the risk of identified CRFMs, considering both operational and maintenance costs.
Risk distributions were derived using Monte Carlo simulation and summarized by Expected Value of Risk (EVoR)
and Conditional Value at Risk (CVaRg g0). As a result, 14 CRFMs were identified, accounting for 47% of all failure
records. Their annual trend and seasonal distribution align well with periods of increased extreme weather
events and dominant seasonal climate hazards. Furthermore, clustering the regional profile of CRFMs reveals
regional similarity. The CRFMs were then prioritized, showing that 4 modes (i.e., Track deformation, Snow and
ice, Buckling, and Rail breakage/crack) account for 73% of total CVaR go. The amplification of total risk in the
tail indicates a 74% higher cost burden under extreme conditions. Finally, regional climate vulnerability was

assessed using risk metrics normalized by track length and traffic density.

1. Introduction

Railways have a vital role in sustainable and cost-effective trans-
portation worldwide (Kendra et al., 2023; Shah et al., 2021). However,
as inherently rigid and linear infrastructure, they are significantly
vulnerable to climate hazards. Furthermore, railway networks often pass
through diverse geographical regions and are exposed to a wide range of
localized climate hazards. On the other hand, climate change is
increasing the probability and intensity of such hazards, leading to a
higher risk of climate-related failures (IPCC, 2023; Mishra & Sadhu,
2023; Palin et al., 2021).

The literature has identified a range of climate-related failure modes
(CRFMs) in railway infrastructure, including rail buckling (Mulholland
& Feyen, 2021), landslides (Casagli et al., 2023), track deformation
(Roghani, 2021), flooded track (Martello et al., 2023), track scour/-
washout (McKenna et al., 2021), wildfires (Nezval et al., 2022), material
degradation (Matias & Ferreira, 2022), snow and ice on switches &

crossings (S&Cs) (Lotfi & Virk, 2023), and slippery tracks (Ishizaka
et al., 2017). Such failures result in substantial operational disruptions
and increase the need for maintenance activities (Haghighi et al.,
2025a). Therefore, recent research has begun to explore the risks of
CRFMs affecting the operation and maintenance of railway infrastruc-
ture. Such an assessment is not only essential while developing effective
short- to mid-term maintenance planning, but also is a fundamental
prerequisite for long-term climate-change adaptation.

From a maintenance perspective, several studies have investigated
the relationship between railway CRFMs and climatic variables. Using
15 years of Swedish railway failure data, Ochsner et al. (2024) found
that railway tracks are the most vulnerable asset to temperature, pre-
cipitation, snow depth, and wind. Kasraei et al. (2024) employed a
reliability-based method to assess the effects of climatic variables on
S&Cs. The analysis indicated that precipitation is the dominant factor
influencing the mean time between failures. Complementing this study,
Soleimani-Chamkhorami et al. (2024a) assessed the cost of maintenance
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actions under changing climate and reported an increase in life-cycle
costs of up to 11%. Oslakovic et al. (2013) correlated weather-related
failures of the Netherlands railways with regional temperature and
precipitation data. They proposed probabilistic thresholds and risk
matrices to support maintenance planning. In northern Sweden, Gar-
mabaki et al. (2024) conducted a qualitative assessment based on 19
years of failure records, meteorological data, and expert judgment. The
results reveal medium to high risks for track buckling, rail defects,
vegetation fires, and loss of supportability. Additional studies have
addressed climate-related risks from coastal-flooding (Jiang et al., 2025;
Ricciardi et al., 2024); fluvial and pluvial flooding (Mu et al., 2025;
Teixeira et al., 2023); as well as snow and ice impacts on railway
infrastructure (Chen et al., 2025; Wen et al., 2025).

From a operational perspective, recent studies have examined how
extreme weather events translate into delays, accidents, and loss of
performance. Sun et al. (2022) assessed the impacts of gales, rainfall,
and snow on Chinese high-speed railway operations. They developed
risk matrices based on historical weather data and train-speed records,
presenting levels of single and compound risks. Kim et al. (2025) eval-
uated wildfire risks to Californian railroads by integrating burn proba-
bility, land cover, topography, and meteorological conditions, and
identified the most vulnerable track segments. Moreover, by analyzing
27 years of U.S. railroad operation data, Zhang and Lin (2025) showed
that although weather-related accidents are less frequent, they are
significantly more severe than non-weather-related events. Focusing on
Sweden, Mukunzi et al. (2024) found that snow and leaf contamination
on tracks cause the largest train delays, while Kamalian et al. (2025)
identified severe flooding as the dominant driver of delays in the UK
railway network using a Bayesian Network approach.

Despite substantial progress in the literature on the impacts of
climate hazards on railway operation and maintenance, important gaps
remain in the risk assessment of CRFMs. First, most existing studies focus
on only a limited number of specific CRFMs rather than providing a
broader failure-mode-based assessment framework. Second, operational
and maintenance-related consequences are often evaluated separately,
even though both are relevant for infrastructure management and
decision-making. Third, there is still a lack of unified probabilistic risk
metrics that jointly capture these two consequence dimensions, which is
essential for risk-informed prioritization of mitigation measures under
limited budgets. This paper’s core contribution is a practical probabi-
listic framework that uses maintenance records to identify climate-
related railway failures and prioritize them by combined maintenance
and delay consequences, filling the gaps left by narrower and frag-
mented earlier studies.

To achieve the research goals, corrective maintenance records from
five Swedish railway maintenance regions covering the period
2010-2024 are analyzed. CRFMs are identified and classified using a
semi-automated text-mining approach applied to the data. Occurrence
frequency, annual trend, seasonal distribution, and regional similarity of
failure modes are evaluated. The risk associated with each CRFM is then
quantified using a probabilistic model based on Monte Carlo simulation.
The model accounts for both maintenance-related and operational
consequences. CRFMs are then prioritized at the national level based on
the Expected Value of Risk (EVoR) and the Conditional Value at Risk
(CVaRg gp), while regional climate vulnerabilities are compared using
risk values normalized by track length and traffic density.

Beyond immediate failure identification and prioritization, the study
establishes the empirical foundation for climate adaptation of railway
infrastructure. The identified CRFMs and their quantified risks can
support the design of targeted mitigation strategies, while future work
can extend the framework by incorporating climate-scenario projections
to evaluate how the risk changes under varying hazard conditions. In
this way, the study contributes to the development of adaptation
methods, decision-support tools, and practical actions for a more resil-
ient railway network.
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2. Materials and methods
2.1. Scope and delimitation

Railway infrastructure consists of a wide range of interconnected
components, including the track system (consisting of rails, sleepers,
fasteners, ballast, and embankments), S&Cs, electrical systems (e.g., the
catenary network), signaling and telecommunication systems, and
structural elements (e.g., bridges, tunnels, and culverts) (Trafikverket,
2025d). Given the large scale and complexity of the whole railway
system, this study focused on the track and S&C. These critical assets
alone account for approximately 60% of the total maintenance costs in
the Swedish railway network (Trafikverket, 2025d).

In the Swedish railway procedure, ongoing preventive and corrective
maintenance activities are conducted to keep the existing railway
infrastructure operational (Riksrevisionen 2020). Since climate hazards
often lead to unexpected infrastructure failures and operational dis-
ruptions, corrective actions are required to restore functionality (Kasraei
et al., 2024; Soleimani-Chamkhorami et al., 2024b). Therefore, this
study utilizes corrective maintenance records to assess CRFMs.

To facilitate effective maintenance management, the Swedish rail-
way network is divided into five main maintenance regions: North,
Central, West, East, and South. All five maintenance regions are
included in the scope of this study. The geographical distribution of the
railway network and its corresponding maintenance regions is shown in
Fig. 1a. Furthermore, the distribution of S&Cs, the total track length, and
the average number of annual trains per line within each maintenance
region are presented in Fig. 1b-1d (Trafikverket, 2024Db).

2.2. Climate in Sweden

Sweden covers a broad latitudinal range and exhibits diverse topo-
graphic conditions. This geographical heterogeneity results in distinct
climate exposures that directly influence the vulnerability of railway
infrastructure. To systematically capture these variations, the
Koppen-Geiger climate classification provides a robust and widely
adopted framework (Kasraei & Garmabaki, 2024; Ochsner et al., 2024).
According to the most recent high-resolution climate maps (Beck et al.,
2023), Sweden encompasses three dominant climate zones (see Fig. 2):
Cfb, Dfb, and Dfc. A comparison of the national railway network (see
Fig. 1a) with this climate classification maps shows that the North and
Central maintenance regions are predominantly situated within the Dfc
zone, whereas the West, East, and South regions are mostly within Dfb.

2.3. Dataset description and preprocessing

This study utilizes the Ofelia database, which collect corrective
maintenance activities across the Swedish railway infrastructure
(Trafikverket, 2018). When a failure is identified in the network, the
incident is registered in the Ofelia system as a work order for follow-up
and subsequently referred to the maintenance contractor for restora-
tion. The Ofelia system has been in use since 2000. However, due to
improved data quality after 2010 (Soleimani-Chamkhorami et al.,
2024b), this study analyzes records from 2010 to 2024.

The Ofelia database provides comprehensive information on failure
events, including geolocation, affected components, fault symptoms,
potential root causes, and the corrective actions undertaken. It also in-
cludes maintenance timestamps (e.g., failure reporting, work order
referral to contractors, repair initiation, and completion). Based on these
records, five key time metrics were derived:

e Referral Time: Time from failure reporting to work order assignment.

e Response Time: Time from assignment to the start of corrective
action.

e Repair Time: Duration of the corrective repair activity.

e Restoration Time: Sum of response and repair times.
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Fig. 1. Swedish railway network across maintenance regions: (a) map of network, adapted from (Soleimani-Chamkhorami et al., 2024a), (b) distribution of the
number of S&Cs, (c) distribution of track length (km), and (d) average number of annual trains per line.
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Fig. 2. Koppen-Geiger climate classification map of Sweden for the period
1991-2020, derived from the high-resolution global dataset (Beck et al., 2023).

e Work Order Time: Total time from failure reporting to restoration.

Train delays are also recorded via the automated signaling system,
ensuring high accuracy and reliability for this component of the dataset.
In contrast, timestamps related to maintenance activities are manually
entered by maintenance personnel and/or train dispatchers. Conse-
quently, the temporal accuracy of these entries may vary due to

inconsistencies in reporting practices, operational priorities, or delays in
data entry (Stenstrom, 2012; Trafikverket, 2018). Therefore, during the
data cleaning process, records associated with train delays should be
prioritized to ensure the overall reliability of analyses.

Work orders with restoration times of less than 15 min and no
associated delay were excluded from the analysis. Although such events
may occur in practice, they are unlikely to represent realistic failure
resolution processes and are more likely to reflect minor operational
disturbances or data entry inconsistencies. Records with a referral time
exceeding 5 hours were also excluded from the analysis, as such delays
typically indicate low-priority failures with limited operational impact.
These records account for approximately 3% of the dataset and were
excluded from the analysis. Moreover, work orders exceeding 24 hours
and no associated delay are typically considered prolonged orders
(Morant et al., 2016; Stenstrom, 2012). Such durations may reflect
failures occurring in less critical locations, postponed repair actions, or
data-entry inconsistencies, rather than the actual duration of urgent
corrective intervention. In this study, these records accounted for
approximately 14% of the dataset and were therefore excluded from risk
analysis to avoid overestimating restoration-related consequences. The
summary of data preprocessing steps is presented in Table 1.

To ensure that reliable delay information was not underestimated
during the analysis, a delay adjustment procedure was implemented. To
this end, a set of mode-specific delay coefficients was calculated by

min

Table 1
Summary of data preprocessing steps.
Step  Action #Nubmber of
records
1 Selected all records from 2010 to 2024 for S&Cs and 241,785
track assets
Removed duplicate records 231,641
Removed records with wrong locations 225,918
Removed records with missing/duplicate values in 206,774
timestamps fields
Excluded records with referral times exceeding 5 202,347
hours
Excluded records with work order times exceeding 173,662
24 hours
Excluded records with restoration times less than 15 171,051
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dividing the total delay in the full dataset by the corresponding delay in
the cleaned dataset for each failure mode. These coefficients were then
used to scale the individual delay values within their respective cleaned
subsets, effectively incorporating the proportional contribution of de-
lays from excluded records. It should be noted that, although this uni-
form scaling preserves the relative structure of the delay distributions
within each failure mode, it proportionally increases all observations
and therefore affects the magnitude of tail-related statistics. Despite this,
the results of risk prioritization (Section 3.3.1) show that the ranking of
CRFMs remains consistent for both mean-based and tail-sensitive
metrics.

2.4. Identification process of climate-related failures
The failure dataset was not originally designed to explicitly classify

CRFMs. However, several columns in the dataset contain either struc-
tured information (predefined keywords/codes) or unstructured
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information (free-text descriptions entered manually by technicians or
dispatchers), both of which provide valuable information for identifying
CRFMs. This information was extracted in two stages. In the first stage
structured columns were evaluated, while in the second stage unstruc-
tured columns were analyzed. As illustrated in Fig. 3, the procedure of
each stage consists of two main steps: (i) developing climate-related
dictionaries, and (ii) applying these dictionaries to identify and label
CRFMs.

2.4.1. Identification using structured data (Stage 1)

In Stage 1, all the records in five structured columns were analyzed:
Failure Code, Actual Fault, Fault Symptom, Failure Cause, and Corrective
Action. Because the entries in these columns are limited to predefined
codes and terms, the unique values of each column were first extracted
in Step 1. These unique values were then manually screened for climate
relevance. Climate-related terms and codes were identified and grouped
into column-specific dictionaries, in which each climatic key was
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Input failure data
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Fig. 3. The procedure for identifying CRFMs from the failure dataset.

Notes: *This flowchart applies in two stages. In Stage 1, structured columns (Failure Code, Actual Fault, Fault Symptom, Failure Cause, and Corrective Action) are
analyzed. After completing both steps in Stage 1, the process proceeds to Stage 2, where unstructured text fields (Failure Cause Description, Fault Description,

Symptom Description, and Action Description) are analyzed.
**In Stage 1, unique values are extracted because the entries are limited and repetitive (e.g., codes or keywords), whereas in Stage 2, the full text is analyzed directly.

***The screening was based on Trafikverket documents, prior literature, and expert judgment.
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mapped to a corresponding CRFM. This process was informed by Tra-
fikverket’s maintenance documents (Trafikverket, 2025b), an extensive
literature review presenting a comprehensive list of CRFMs (Haghighi
et al., 2025a), and discussions with Trafikverket maintenance experts.
The dictionaries were updated iteratively whenever a new
climate-related term or code was identified during the screening of
unique values.

In Step 2, the developed dictionaries were used to scan all records in
the structured columns using a custom search and matching function.
Initially, all records were assigned the label Non-Climatic. If a value in
any of the structured columns matched a climate-related term in the
corresponding dictionary, the record was relabeled with the relevant
CRFM.

2.4.2. Identification using unstructured text descriptions (Stage 2)

After all structured columns had been processed, the remaining non-
climatic records were passed to Stage 2 for further evaluation using four
unstructured text fields: Failure Cause Description, Fault Description,
Symptom Description, and Action Description. As shown in Fig. 3, the
procedure in this stage was almost like that of Stage 1, except for dic-
tionary development. Unlike structured columns, the unstructured fields
contain full-text descriptions rather than limited predefined values and
therefore required text-based analysis. Accordingly, in Step 1, a text
mining procedure was applied to identify and extract climate-related
terms. The identified terms were then organized into climate-related
dictionaries and linked to the corresponding CRFMs. In Step 2, the
developed dictionaries were then applied to the unstructured columns
using a custom search and matching function to identify CRFMs.

2.4.3. Accuracy of the identification process

To evaluate the accuracy of the identification process, we conducted
a manual validation using randomly selected samples. Specifically, 350
records labeled as climate-related failures and 350 records labeled as
non-climatic failures were randomly selected, based on Cochran’s
sample size formula with a 95% confidence level and a 3% margin of
error. The review indicated that about 92% of the records classified as
climate-related were correctly labeled. For the non-climatic group,
approximately 89% of the records were confirmed as correctly classi-
fied. The remaining 11% were considered uncertain; that is, although
these cases were retained in the non-climatic category, some of them
may represent missed climate-related failures. This may result in a slight
underestimation of the frequency of CRFMs and their associated risks.
This uncertainty is mainly attributable to insufficient information in the
dataset and highlights the need for improved data recording practices.

2.5. Risk analysis method

Risk typically refers to the potential for negative consequences when
humans, assets, resources, or other valuable interests are at stake, and
the consequences are uncertain (IEC 31010, 2019). Practically, risk is
commonly modeled as a function of the event likelihood L and the
magnitude of its consequences C. Moreover, according to IEC 31,010
(2019), both L and C should be treated as uncertain quantities. That is,
risk should be described through a distribution of possible outcomes,
which provides richer information about both expected and rare but
severe consequences. To this end, the following steps were conducted.

2.5.1. Consequence analysis

This study includes two main consequences of CRFMs in the railway
infrastructure: (i) the direct maintenance consequence required to
restore the failure, and (ii) the operational consequence associated with
train delays caused by that failure. For each failure event i, the available
event-level information in the database gives the restoration time and the
delay time. Since these two time-based consequences represent different
severities of impact, they cannot be directly aggregated to quantify the
total consequence of a failure event. Therefore, both measures were
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converted into a common monetary metric to enable a unified conse-
quence in the subsequent risk analysis. To this end, unit restoration cost
was calculated for each failure mode m, together with a unit delay cost.
By multiplying these unit costs by the corresponding restoration and
delay times, the total event-level consequence was expressed as a
monetary value.

In Sweden, railway maintenance is carried out by multiple contrac-
tors, and detailed repair costs at the event level are not available.
Therefore, the unit restoration costs were calculated through a top-down
calculation procedure. We relied on aggregating the total maintenance
expenditure reported by Trafikverket and allocated these expenditures
to relevant corrective-maintenance subcategories. To this end, the
average annual expenditure of total maintenance for the period
2010-2024 was gathered from Trafikverket’s annual reports (Sund &
Canaki, 2025; Trafikverket, 2025d) and adjusted by an average annual
inflation rate of 2.1% (Statista, 2025). Based on this, the average annual
maintenance cost was estimated at approximately 2400 million SEK
(MSEK) for track assets and 600 MSEK for S&Cs. Corrective maintenance
is about 25% of total maintenance costs (Riksrevisionen 2020), resulting
in annual corrective maintenance costs of 600 MSEK for tracks and 150
MSEK for S&Cs. In addition, the average annual cost of winter mainte-
nance services (e.g., snow cleaning) was estimated at 350 MSEK, and the
annual cost associated with unexpected damage repair (e.g., landslides
and flooding) was about 300 MSEK. As a result, the total annual
corrective maintenance cost is 1400 MSEK; therefore, the share of winter
maintenance services and unexpected damage repair corresponds to
25% and 21%, respectively.

After identifying CRFMs, we reviewed the corresponding corrective
actions in the Ofelia database and assessed the typical repair process for
each failure mode (e.g., crew size, equipment, materials, and interven-
tion complexity). This was discussed among the authors and informed by
personal consultation with practitioners familiar with railway mainte-
nance operations. The unit restoration costs were then calculated so that
the implied total annual repair expenditure remained broadly consistent
with the reported aggregate expenditure levels by Trafikverket. The
calculated unit restoration costs are presented in Section 3.1.

For the operational consequence, a unit train-delay cost was esti-
mated using Trafikverket traffic statistics together with ASEK 8.0
guidelines (Trafikverket, 2024a). On a typical working day in Sweden,
approximately 3900 trains operate on the railway network, of which
around 15% are freight trains and 85% are passenger trains. Among
passenger services, approximately 20% are national and 80% are
regional (Trafikverket, 2025a). Based on this traffic mix and the asso-
ciated ASEK values, the average operational cost of train delay was
estimated at approximately 1500 SEK/min per affected train.

Accordingly, the total consequence of the i-th failure belonging to
failure mode m was calculated as

Clgm) = CI(JIHZ + Co; = RTicE{niii + DTicpr; (@)

where RT; is the recorded restoration time (min), DT; is the recorded

delay time (min), cng) is the calculated unit restoration cost (SEK/min),
and cpr is the calculated unit delay cost (SEK/min). Thus, the set

{Cgm)}?:ml represents the calculated consequences for all n, observed
failures of mode m across all 15 years of data.

It should be noted that in the above consequence analysis, the
average unit-cost coefficients were calculated to convert restoration
time and delay time into a common monetary consequence metric.
Although actual restoration and delay costs may vary depending on
factors such as time of day, train type, and failure location, introducing
stochastic cost distributions without sufficient empirical support could
create an unjustified level of precision. Therefore, the average unit-cost
coefficients were adopted as a pragmatic modelling assumption in the
present study, while the development of more detailed cost models is left
for future research. Moreover, we have conducted a sensitivity analysis
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to further examine the effect of changes to the calculated unit costs on
the risk metrics (see Section 3.3.1).

2.5.2. Likelihood modeling

Likelihood can be expressed as probability or frequency of occurrence
over the stated time frame and population at risk (IEC 31010, 2019). In
this study, likelihood was defined in frequency terms as the annual
number of failures for each failure mode m (failures/year). Let

NE'") denote the observed number of failures in year t, where t =1,...,T,

and T is the total number of years in the dataset (15 years in this study).
To account for annual variability, we modeled the annual failure count
for mode m as a random variable N™., Its distribution was simulated

from the historical observed annual counts {N™ }tT:l. Depending on the
empirical mean and variance of the observed data,

NegBin (p™,r™), if Var[N™] > E[N™],
N(M)N{g (p™,r™), if var[N;"] > E[N;"] .

Poisson (A™), if Var[N{"™] ~ E[N{"],

and the model parameters were estimated using the method of moments
(Montgomery & Runger, 2019), i.e.,

(m) _ E[Ngm)}
var[N"]

E[N"]p™ (m)
P == A BN ®
Here NegBin (p, r) is the Negative Binomial distribution with
dispersion parameter r and success probability p, and Poisson (4) is the
Poisson distribution with mean A.

2.5.3. Risk quantification
Based on the simulated annual failure count for mode m, N(™, the

corresponding event-level consequences for failure mode m were
N(m)

generated. That is, N consequence values, {X}m)}_ L were obtained
j=

through random sampling with replacement from the calculated event-
level consequence set for failure mode m, {C\"™ }7;"1 Here, j indexes in-
dividual failures occurring within a simulated year (j = 1,...,N™). The

annual risk associated with failure mode m, expressed as the total annual
loss, was then computed as the sum of the event-level consequences:

RM =3"x™. Q)

2.5.4. Monte Carlo simulation

To obtain the distribution of risk, a Monte Carlo simulation was
implemented. By performing iterative random sampling from defined
probability distributions, this method produces a comprehensive dis-
tribution of potential outcomes rather than a single deterministic esti-
mate (ISO, 2008). Therefore, Monte Carlo simulation is widely applied
in risk assessment due to its ability to rigorously account for uncertainty
(IEC 31010, 2019; Mahmoodi et al., 2025). In this regard, the simulation
procedure for each failure mode m was carried out as follows.

First, the number of simulation iterations, n, was specified. Then, in
each simulation iteration (k = 1, ...,n), the annual number of failures
N™ was sampled from the selected likelihood distribution (Eq. (2)).

N
, Were gener-
1

Subsequently, N'™ event-level consequences, {X;m)}

ated through random sampling with replacement from the calculated
cost series for failure mode m, {C\™ }21 The annual loss of failure mode

m for the kth iteration, R,((m), was then computed using Eq. (4). Repeating
this procedure over n iterations yields a simulated distribution of annual
losses, {R,(cm) }Z:v for failure mode m. To ensure stable estimates for both

mean values and upper-tail percentiles, n = 100,000 iterations were
performed.
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2.5.5. Risk presentation

Two measures were then used to present the risk: the Expected Value
of Risk (EVoR) and the Conditional Value-at-Risk (CVaR). EVoR is
defined as:

1 n
EVoR = E[R™] = = > R™. (5)
k=1

EVoR provides the expected annual risk. However, it does not
adequately capture the impact of low-probability, high-consequence
outcomes. To address this, the tail-sensitive measure CVaR is recom-
mended (IEC 31010, 2019). The CVaR at confidence level a is defined as:

CVaR, = E[R™ |R™ > VaR,], 6)

where VaR, is the a-quantile of R™. In this study, we report CVaRg go,
which represents the expected risk in the worst 10%. To evaluate the
relative increase in expected annual cost under adverse conditions
compared to the long-run mean, we employed the tail amplification
(TA), defined as

CVaR,

TA, = EVOR (@]

Moreover, to fairly compare the risk of CRFMs across different
maintenance regions, the risk measures (e.g., CVaRg g¢) for each failure
mode were normalized by the total track length and traffic density of the
corresponding region. These normalizations allow meaningful risk pri-
oritization and climate vulnerability across regions with different
infrastructure scales and traffic conditions.

3. Results and discussions
3.1. Identified CRFMs

By applying the identification procedure presented in Section 2.4, a
total of 14 CRFMs were identified and are summarized in Table 2. Since
the identification step should be as comprehensive as possible (Aven,
2015; Rausand, 2013), all potential climate-related failures recorded in
the data were extracted, regardless of their intensity, frequency, or de-
grees of climate dependency. Table 2 also presents the calculated
restoration and delay costs for each failure mode.

3.2. Trend analysis of the CRFMs

3.2.1. Overview of failure modes

A summary of failure mode characteristics is presented in Table 3,
while standard box plots of annual frequency, restoration time, and
delay time across different failure modes are shown in Fig. 4. Out of a
total of 171,051 recorded failure incidents, 79,635 (47%) were diag-
nosed as climate related. Among these, the most frequent CRFMs are
Snow and ice (32%), Rust, corrosion, and dryness (28%), Track defor-
mation (21%), and Fall of trees/objects on track (6%). This distribution
indicates that the majority of CRFMs in Swedish railway infrastructure
are caused by extreme snow, cold temperature, precipitation, and wind
events.

In terms of restoration time, Buckling, Vegetation-related incidents/
obstructions, Rail breakage or crack, Flood & drainage issues, Thun-
derstorm, and Track deformation exhibit the highest mean restoration
durations (i.e., more than 5 hours). This shows that these CRFMs are
generally more complex to address and often require additional safety
inspections before railway operations can resume. Vegetation-related
incidents/obstructions are an exception, as they typically have low
operational and safety impact and can be resolved with less urgency.
Moreover, these failure modes exhibit the largest dispersion in restora-
tion time as shown in Fig. 4. This indicates a higher degree of uncer-
tainty in the restoration process due to variations in failure severity.

Furthermore, the probability of delay following CRFMs is generally
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Table 2

Identified CRFMs and estimated restoration and delay costs.

Failure mode

Description

Restoration
cost (SEK/
min)

Delay
cost
(SEK/
min)

Abnormal
temperature

Avalanche

Buckling

Fall of trees/
objects on track

Fire

Flood & drainage
issues

Landslide

Rail breakage or
crack

Rust, corrosion,
and dryness

Slippery track

Snow and ice

Thunderstorm

Track deformation

Extreme heat or cold
conditions and rapid
temperature fluctuations
that induce thermal stresses
in railway components.
Sudden movements of snow
mass, triggered by snow
accumulation and thermal
variations.

Sudden lateral instability of
the track superstructure
caused by compressive
thermal stresses in
continuously welded rails
and insufficient lateral
restraint.

Obstruction of railway
tracks by fallen trees or
debris due to storms and/or
flooding.

High temperatures,
drought conditions, and
wind increase fuel dryness
and ignition probability,
leading to fire occurrence.
Heavy rainfall, rapid
snowmelt, or storm surges
lead to runoff, water
accumulation around
tracks, inundation, and
erosion of tracks.
Movements of soil or rock
mass, affecting tracks or
cuttings. These are
triggered by prolonged or
intense rainfall, rapid
snowmelt, or changes in
groundwater levels.
Extreme cold, large
temperature gradients, and
freeze-thaw cycles increase
tensile stresses and fatigue
damage in rail steel,
potentially leading to
brittle fracture or
progressive crack
propagation.

Climate exposure such as
humidity, precipitation,
and wet—dry cycles lead to
corrosion, rust, and drying
of metallic railway
components.

The presence of leaves,
snow, or ice on the
railhead, which reduces
wheel-rail adhesion.
Heavy snowfall, drifting
snow, freeze-thaw cycles,
and ice accretion that
obstruct tracks and/or
malfunction of switches.
Intense vertical convection,
high atmospheric moisture,
and strong winds that can
cause failures in railway
equipment.

Permanent or temporary
geometric irregularities
caused by heavy rainfall,
freeze-thaw cycles,

600
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600

1500

1800

4200

1500

450
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1800
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1500

1500

1500

1500

1500

1500
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Table 2 (continued)

Failure mode Description Restoration Delay
cost (SEK/ cost
min) (SEK/

min)

flooding, or groundwater
level variations.

Vegetation- Vegetation growth reduces 300 1500
related visibility and/or grows
incident/ onto railway tracks.
obstruction
Table 3
Summary of failure mode characteristics.
Failure mode Frequency  Restoration Delay Delay
mean (min.) probability mean
(min.)
Abnormal 1813 262 0.26 37
temperature
Avalanche 2 81 0.00 0
Buckling 819 439 0.44 419
Fall of trees/objects 4602 239 0.12 18
on track
Fire 1484 140 0.29 254
Flood & drainage 1437 339 0.09 106
issues
Landslide 35 200 0.37 999
Rail breakage or 1567 355 0.38 366
crack
Rust, corrosion, 22,722 147 0.19 9
and dryness
Slippery track 1221 231 0.30 37
Snow and ice 25,355 148 0.28 28
Thunderstorm 419 305 0.51 113
Track deformation 17,030 280 0.26 83
Vegetation-related 545 415 0.03 3
incident/
obstruction
Undetermined 584 159 0.51 33
climatic issues
Non-climatic 91,415 118 0.25 52

higher compared to non-climatic failures, which exhibit a delay proba-
bility of 25%. Notably, Thunderstorm (51%), Buckling (44%), Rail
breakage or crack (38%), and Landslide (37%) demonstrate substan-
tially higher likelihoods of causing operational delays. This trend can be
attributed to the rapid onset of weather-induced failures and the current
limitations in predictive tools and early warning systems to support
operational preparedness (Haghighi et al., 2025a, 2025b). It un-
derscores the importance of developing and implementing predictive
strategies to reduce the vulnerability of railway operations.

Regarding delays, the highest mean delay durations are observed for
Landslide, Buckling, and Rail breakage or crack. This is likely due to the
significant track damage associated with these failure modes, which can
lead to derailments or other safety risks. As can be seen in Fig. 4, these
failure modes, together with Flood & drainage issue also show the
largest variation in delay time.

3.2.2. Annual trends in failures

The annual trends of climate-related and non-climatic failures are
illustrated in Fig. 5. No consistent trend is observed over time in the
number of climate-related failures. This is because their variability is
largely driven by the occurrence of extreme weather events (Haghighi
et al., 2025a). Local peaks in climate-related failures occurred in 2010,
2018, and 2024 (when compared with surrounding years), coinciding
with years that experienced high extreme weather conditions in Sweden
(Kasraei et al., 2024; Soleimani-Chamkhorami et al., 2024b; Sundh &
Canaki, 2024). This correspondence supports the accuracy of the
methodology employed to identify climate-related failures in the
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Fig. 4. Standard box plots of annual frequency, restoration time, and delay time across different failure modes. Note that the delay box plots include only records that
resulted in delays.
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Fig. 5. Annual trends of climate-related failures, non-climatic failures, and the total hours of delay.

dataset. Regarding non-climatic failures, the highest number of events (8253)
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was recorded in 2010. Thereafter, a gradual decrease of approximately
35% was observed until 2015. This reduction can be attributed to two
main reasons. First, improvements in the recording of climatic indicators
have enabled the classification of a greater proportion of failures as
climate-related rather than non-climatic. Second, previous research in-
dicates that each unit of investment in preventive maintenance can
reduce corrective maintenance costs by approximately three units
(Stenstrom et al., 2016). This finding may have encouraged the main-
tenance sector to increase investment in preventive maintenance (Sundh
& Canaki, 2024), resulting in fewer non-climatic failures. After 2015, the
number of non-climatic failures showed fluctuations like climate-related
failures. One possible reason is that some failures classified as
non-climatic were influenced by climatic factors but could not be
identified due to limitations in data quality. This underscores the need
for improved data collection to enable more accurate distinction be-
tween climatic and non-climatic failures.

Fig. 5 also shows the annual trend of total delay hours. This trend
almost follows the number of climate-related failures. The pairwise
correlations between annual delay hours and the counts of climate-
related, non-climatic, and total failures are 0.85, 0.32, and 0.76,
respectively. These coefficients indicate that climate-related failures are
the primary driver of changes in delay. Non-climatic failures display
lower annual changes (coefficient of variation ~ 14%), which limits
their contribution to delay variability. In contrast, climate-related fail-
ures vary more across years (coefficient of variation ~ 28%) because
they are driven by weather extremes and are less predictable. This leads
to a strong contribution to delay variability. This further highlights the
need for developing predictive strategies to mitigate the risks of climate-
related failures (Haghighi et al., 2025b; Soleimani-Chamkhorami et al.,
2024b).

3.2.3. Seasonal distribution of CRFMs

The seasonal distribution of failure modes is presented in Fig. 6. As
can be seen, each CRFM exhibits a distinct seasonal pattern that reflects
the dominant climatic hazards in the season. For example, Snow and ice
failures dominate in winter (77%), consistent with Sweden’s sever cold
season, when snowfall, drifting snow, thaw-freeze cycle, and rime/glaze
deposition are most common (Kostianaia & Kostianoy, 2023; SMHI,
2025b). In addition, Rail breakage and cracks are more frequent in
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winter (32%), which can be attributed to low-temperature brittleness
and tensile stress in continuously welded rails (Skarova et al., 2022;
Trafikverket, 2024d). The highest share of Abnormal temperature
related failures (37%) also aligns with the prevalent hazard of cold spells
during winter (Lotfi & Virk, 2023; SMHI, 2025b).

In spring, Landslides (43%) and Track deformations (31%) peak,
highlighting the geotechnical issues associated with snowmelt, high
pore-water pressures, and frost degradation of trackbeds and slopes
(Haghighi et al., 2025a; SMHI, 2025b). Moreover, Flood and drainage
failures (30%) reach their seasonal maximum due to the coincidence of
melting snow and rainfall. The highest share of Rust, corrosion, and
dryness also occurs in spring (34%), consistent with frequent wet-dry
cycles and the effects of de-icing activities during the preceding winter
(SMHI, 2025b; Trafikverket, 2025c). Additionally, Fire related failures
are relatively high in spring (39%). This is mainly because last year's
grasses dry rapidly after snowmelt under sunny and windy conditions
and ignite easily from maintenance activities, sparks, or passing traffic
(SMHI, 2025a).

As expected for the warmest season, Buckling failures are prevalent
in the summer (82%) due to the thermal expansion of rails at high
temperatures, particularly during heatwaves (Villalba Sanchis et al.,
2020). The relatively high proportion of Abnormal temperatures (35%)
confirms the significant hazard of heatwaves in summer.
Thunderstorm-related failures are also frequent in summer (84%). This
aligns with intensified vertical convection and increased atmospheric
moisture during this season (SMHI, 2025b). Moreover, the highest oc-
currences of Vegetation-related incidents (63%), Fall of trees/objects on
track (30%), and Fire related failures (44%) are in the Summer. This
reflects rapid vegetation growth, convective wind gusts (SMHI, 2025b),
and increased risk of wildfire and fuel drying out of forests under warm
conditions (MSB, 2025).

In autumn, the dominant hazard is Slippery track failures (90%),
which correspond to the well-documented leaf-fall season in Sweden
(Trafikverket, 2024c¢). The interaction of crushed leaves with rail oxides
produces a low-adhesion biofilm that severely weakens braking and
traction (Ishizaka et al., 2017). Moreover, the rebound in Rail breakages
and cracks (30%) likely reflects the arrival of colder nights and larger
daily temperature fluctuations. Snow and ice failures (12%) also begin
to emerge, especially in late autumn.

=O-Winter =0-Spring =0O-Summer Autumn
Abnormal
temperature
Non-climaticy 1““? pBuckling
\\\ i /
Vegetation-related A i Fall of trees/objects
incident/obstruction®™. i Ve on track
\\x i //’
L
Track deformation -~ _.--» Fire

Thunderstorm &=~

Snow and ice

Slippery track‘

issues

p Landslide

AY
“Rail breakage or
crack

Rust, corrosion, and
dryness

Fig. 6. Seasonal distribution of failure modes.
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These good agreements between the seasonal patterns of the iden-
tified CRFMs and the well-documented dominant seasonal climate
hazards in Sweden is another support for the accuracy of the risk iden-
tification and classification process in this study. Moreover, the pre-
sented seasonal variation in CRFMs underscores the importance of
targeted adaptation strategies. For instance, rail neutral temperature
management and ballast shoulder stability checks should be prioritized
before summer, vegetation control and adhesion management before
autumn, drainage maintenance and slope monitoring before spring, and
rail defect inspection together with snow and ice preparedness in late
autumn and winter.

3.2.4. Regional distribution of CRFMs

The annual average of CRFMs ratios for different regions and asset
types are presented in Table 4. As can be seen, the results highlight
regional similarity/contrast of failure patterns and asset-specific vul-
nerabilities. Snow and ice failures in S&Cs are by far the highest, peaking
at 41.3% failures per asset unit in the North and remaining high across
all other regions. This reflects the vulnerability of S&Cs to snow accu-
mulation, freezing, and ice accretion. Rust, corrosion, and dryness fail-
ures are the second most frequent failure in S&Cs, highlighting the
mechanical complexity of S&Cs and exposure to wetting—drying cycles,
deicing agents, and challenges related to lubrication. For track, Track
deformation shows the highest ratios in all regions. The Fall of trees/
objects failures are also considerable in the South, West, and East.
Additionally, Slippery track incidents are concentrated in the South and
East.

Agglomerative hierarchical clustering was employed to identify
similarities in climatic failure profiles in the five maintenance regions.
For each region, failure ratios from track and S&C assets were treated as
separate features for each failure mode. All features were standardized
to zero mean and unit variance before clustering to mitigate the influ-
ence of differing numerical scales (Grus, 2019), such as the dispropor-
tionately high snow and ice failure ratio in the North region. Clustering
was performed using Ward’s minimum variance method with Euclidean
distance (Murtagh & Contreras, 2012). The resulting dendrogram in
Fig. 7 shows regional distinctions. The East and South regions form the
closest pair, followed by the grouping of Central and West. The North
remains the most distinct region, highlighting a significantly different
profile of CRFMs.

Although Sweden is classified into two main climate zones according
to the Koppen-Geiger system (see Fig. 2), this clustering analysis dem-
onstrates that the patterns of CRFMs do not fully align with this climate
classification. For instance, the Central and North regions belong to the
same climate class. However, they exhibit distinct CRFM profiles.
Moreover, despite the Central and West regions are classified differently,
they display similar CRFM patterns. This finding shows that rather than
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Fig. 7. Dendrogram of maintenance regions clustered by the CRFMs.

a general climatic classification, an infrastructure-specific climatic
classification is needed. The presented classification can support climate
adaptation of maintenance strategies for Swedish railways.

3.3. Results of risk analysis

3.3.1. Results for the whole railway network

Fig. 8 presents probability-density histograms of the simulated
annual risk of CRFMs in Sweden. All distributions are right-skewed,
which is consistent with empirical evidence from maintenance data
and infrastructure risk studies (Ebeling, 2019; Stenstrom et al., 2016).
However, tail behavior varies across failure modes. Common failure
modes such as Track deformation and Snow and ice have TAgg < 1.8.
Buckling, Fire, and Thunderstorm show TAgg > 2, indicating greater
uncertainty in extreme outcomes. The rare failure modes, i.e., Landslide
and Avalanche, exhibit the largest tail amplification values (TAg9 = 4.8
and 8.2, respectively). This indicates that although these failures
contribute little to the total EVoR, they can produce severe conse-
quences when they occur.

By aggregating across all CRFMs, the total risk can be assessed. The
sum of EVoR values is 1454 MSEK, while the sum of CVaRg g equals 2530
MSEK. The average TAgg is therefore 1.74, meaning that under the
worst 10% conditions, the expected system-wide cost is about 74%
higher than the mean.

For risk prioritization, the Pareto chart of CRFMs in Sweden is
plotted in Fig. 9. It shows that approximately 73% of the total CVaRy g is
concentrated in only four failure modes (i.e., 28% of all modes). Spe-
cifically, the top failure modes of Track deformation, Snow and ice,
Buckling, and Rail breakage/crack together account for approximately
73% of the total risk. This imbalance is consistent with the Pareto

Table 4

Annual average of CRFMs ratio (%) in different regions.
Failure mode Track S&C

North Central West East South North Central West East South

Abnormal temperature 0.128 0.073 0.113 0.072 0.047 2.054 0.759 0.740 1.080 0.789
Avalanche 0.000 0.000 0.002 0.000 0.003 0.000 0.000 0.000 0.000 0.000
Buckling 0.204 0.440 0.434 0.504 0.353 0.000 0.029 0.006 0.011 0.009
Fall of trees/objects on track 0.683 1.284 3.054 2.399 3.144 0.218 0.108 0.137 0.181 0.192
Fire 0.650 0.700 0.547 0.523 0.722 0.101 0.198 0.143 0.124 0.163
Flood & drainage issues 0.667 0.600 1.087 0.508 0.474 0.154 0.086 0.065 0.045 0.046
Landslide 0.043 0.005 0.007 0.019 0.021 0.000 0.000 0.000 0.000 0.000
Rail breakage or crack 0.847 0.890 0.854 0.751 0.590 0.000 0.000 0.003 0.000 0.000
Rust, corrosion, and dryness 0.036 0.019 0.032 0.165 0.213 8.337 10.764 15.20 16.589 14.043
Slippery track 0.036 0.141 0.223 1.416 0.967 0.011 0.006 0.012 0.011 0.023
Snow and ice 0.654 0.368 0.199 0.401 0.300 41.341 18.600 8.416 11.380 8.468
Thunderstorm 0.026 0.014 0.015 0.017 0.021 0.463 0.405 0.174 0.087 0.206
Track deformation 3.455 6.861 6.804 5.783 5.088 2.187 3.775 4.009 3.417 3.186
Undetermined climatic issues 0.082 0.136 0.093 0.135 0.124 0.388 0.083 0.214 0.215 0.237
Vegetation-related incidents 0.020 0.073 0.272 0.475 0.374 0.011 0.013 0.016 0.026 0.020
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Fig. 8. Probability density histograms of simulated annual risk values for CRFMs in Sweden.

principle (IEC 31010, 2019), where a small subset of failure modes
contributes disproportionately to the overall risk. These results can
support the planning of climate-related risk adaptation strategies in two
ways. First, to effectively mitigate the risk of CRFMs, adaptation should
prioritize Track deformation and Snow and ice, which together drive
more than half of the total risk. Second, to improve resilience against
extreme but plausible scenarios, contingency planning and resource
allocation should incorporate tail amplification and CVaR.

The effect of changes in unit restoration and delay costs on CVaRg g9
for the main CRFMs is shown in Fig. 10. This figure illustrates the
relative contribution of each consequence component (i.e., restoration
cost and delay cost) to the simulated risk value. As shown, the sensitivity
of the risk measure to changes in these unit costs is dependent on the
failure mode. For instance, for Snow and ice failure mode, the sensitivity
ratios of CVaRg g9 with respect to restoration cost and delay cost are 0.84
and 0.16, respectively. This means that a 20% change in the unit
restoration cost would lead to an approximately 16.8% change in
CVaRy go. These findings indicate how the quantified risk measures may
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change if alternative, updated, or more accurate unit costs become
available in future applications.

3.3.2. Regional comparison of CRFMs

As mentioned earlier, to enable a fair comparison of risk values
across different regions, normalized risk values are used. Fig. 11a pre-
sents a heatmap of the CVaR g values normalized by track length for all
region—failure mode combinations. Although the most nationally sig-
nificant risks were highlighted in the previous section, examining the
normalized risk values allows for the prioritization of specific region-
—failure mode pairs. In this regard, the top regional risks are Snow and
ice in the North, Snow and ice in the Central, Track deformation in the
West, Snow and ice in the East, Track deformation in the South, and
Track deformation in the East.

To assess the climate vulnerability of different regions, it is important
to recognize that railway degradation and failure occurrence are also
influenced by traffic density. Therefore, normalization solely by track
length may not fully reflect the underlying vulnerability of the
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infrastructure to CRFMs. In this regard, the risk metrics were addition-
ally normalized by the annual average traffic density of each region (see
Fig. 1d), as presented in Fig. 11b. The results show that the northern
regions exhibit substantially higher normalized risk levels than the
southern regions. This suggests that the elevated climate-related risk in
the northern regions is more likely associated with greater exposure to
climatic hazards. Overall, the relative ranking of regional climate
vulnerability is: North, Central, West, South, and East, respectively.

4. Limitations and future work

The magnitude of quantified risk depends on the scope definition and
the assumptions made in the analysis. Therefore, the limitations of the
risk assessment should be stated explicitly (IEC 31010, 2019). The main
limitations of this study, which can guide future research, are as follows.

e This study focused on the track and S&C components, and the
assessment was limited to corrective maintenance records. To
broaden the scope of future analyses, research should also include
other railway assets (e.g., power supply and signaling systems) and
incorporate potential CRFMs identified through preventive mainte-
nance activities.

In the data preprocessing, approximately 14% of work orders with
durations exceeding 24 hours were excluded to avoid overestimation
of restoration time. This methodological compromise may have
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unintentionally excluded certain complex or resource-intensive cli-

matic failure cases, potentially introducing a minor survivorship bias

in the dataset.
e Consequences can affect multiple objectives, including technical,
environmental, safety, and societal outcomes (IEC 31010, 2019). In
this study, technical consequences were considered via total resto-
ration costs. Societal consequences (e.g., customer disutility and
compensation) were also reflected in operational costs (Trafikverket,
2024a). Other consequence dimensions, such as environmental im-
pacts from maintenance activities (COz2 and other emissions) and
safety outcomes (accidents, injuries, and fatalities), were not
considered.
A limitation of the present consequence analysis is that the unit
restoration and delay costs were treated as constant values. While the
empirical variability of restoration and delay times is explicitly
represented in the analysis, the uncertainty associated with the cost
coefficients themselves is not fully propagated. Actual costs may vary
with time of day, failure location, traffic congestion, train type, and
service characteristics. Future work may address this by introducing
context-dependent or probabilistic unit-cost models when richer
data becomes available.
Likelihoods of CRFMs were modeled using 15 years of historical
corrective maintenance data. Therefore, the results are most suitable
for short- to medium-term planning under approximate stationarity
conditions. Climate change may alter the statistical properties of
climate hazards, introducing additional uncertainties into likeli-
hoods. For long-term planning, projected climate conditions and
changes in the exposure/vulnerability of railway infrastructure to
climate hazards should be incorporated (IPCC, 2022).

5. Conclusions

This study assessed the risk of climate-related failure modes (CRFMs)
in railway infrastructure using corrective maintenance records from all
five maintenance regions in Sweden over the past 15 years. CRFMs were
identified and classified through semi-automated text mining. The
annual trend, seasonal distribution, and regional profile of the CRFMs
were examined. The risk of the CRFMs was then quantified using a
probabilistic model based on Monte Carlo simulations. These risks were
summarized by Expected Value of Risk (EVoR) and Conditional Value-
at-Risk at 0.90 tail (CVaRg go). The main findings are as follows:

o A total of 14 CRFMs were identified, independent of their intensity
and frequency. These modes accounted for 79,635 failures (47% of
the cleaned dataset). The most frequent modes were Snow and ice
(32%), Rust/corrosion/dryness (28%), Track deformation (21%),
and Fall of trees/objects on track (6%), aligning well with dominant
climate hazards in Sweden. Moreover, Buckling, Rail breakage/
crack, Flood & drainage issue, Thunderstorm, and Track deformation
exhibited the longest mean restoration times. This reflects their
higher intervention complexity and the need for safety inspections
before service can resume.

e CRFMs led to train delay events with higher probabilities than non-
climatic failures. This reflects their rapid onset and the limitations in
predictive tools. In addition, the longest mean delay durations were
observed for Landslides, Buckling, and Rail breakage or crack, likely
because these failures can cause extensive track damage and safety
issues.

Peaks in CRFMs were observed in 2010, 2018, and 2024, corre-

sponding to years with higher extreme weather events in Sweden. In

addition, CRFMs showed the main correlations with annual vari-
ability in delays, as they are triggered by climate hazards and exhibit
low predictability. On the other hand, the seasonal distribution of

CRFMs aligns well with the dominant seasonal climate hazards

documented in Sweden. For instance, Landslide peaks in spring
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(43%), Buckling in summer (82%), Slippery track in autumn (90%),
and Snow and ice in winter (77%).

Hierarchical clustering of regional profile of CRFMs yielded an
infrastructure-specific climatic classification that differs from the
Koppen-Geiger system. For example, although the Central and
Northern regions fall within the same climate class, they display
distinct CRFM profiles.

Risk quantification indicated a total of EVoR = 1454 MSEK and
CVaRg.g0 = 2530 MSEK, resulting in a tail amplification factor of
1.74. This means that under the worst 10% of conditions, expected
system-wide risks can be approximately 74% higher than mean.
The total risk is concentrated and follows the Pareto principle. Four
CRFMs (Track deformation, Snow and ice, Buckling, and Rail
breakage/crack), which together represent 28% of all modes, ac-
count for about 73% of the total CVaRggo. Particularly, Track
deformation and Snow and ice together drive more than half of the
total risk.

The relative ranking of regional climatic vulnerability is: North,
Central, West, South, and East, respectively. Moreover, high priority
region-failure mode pairs include Snow and ice in the North and
Central regions, and Track deformation in the West, South, and East.

Maintenance Region
(b)

Fig. 11. Heatmap of normalized CVaR oo of simulated annual risk values for CRFMs across maintenance regions: (a) normalized by track length and (b) normalized
by track length and annual average traffic density.
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e Although the results are based on Swedish railway data, the pro-
posed analytical workflow can be applied in other nations where
comparable failure records are available. The general procedure in-
volves identifying CRFMs, harmonizing and quantifying their con-
sequences, modeling failure likelihood, and combining consequence
and likelihood through Monte Carlo simulation to derive the risk
distribution. The CRFMs can then be prioritized using actionable risk
measures, such as CVaR.

In summary, the findings provide empirical, risk-based evidence for
enhancing railway infrastructure resilience. In the near- to mid-term,
prioritizing high-risk CRFMs, together with targeted maintenance,
informed inspections, and the development of predictive tools, can
reduce both failure likelihood and delay impacts. For long-term adap-
tation to climate change, the results provide a scalable foundation for
scenario-based risk management.
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