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Abstract. The acknowledged high failure rate of bridges worldwide due to hydraulic events 

and its projected increase due to climate change imposes a significant challenge in bridge 

management. This study performs a system reliability assessment of a bridge subjected to 

extreme flooding events and climate change by integrating simulation discharge data and 

public databases. Considering different climate change scenarios, the bridge’s failure 

probability is calculated along with its variability due to fluctuations in LQI-acceptability 

criteria. The results show that ignoring climate change can lead to overestimating the bridge’s 

capacity, especially for scoured foundations. Furthermore, climate change affects not only the 

bridge’s structural performance but also its acceptable failure probability. These findings 

highlight the need for a simulation- and data-driven system reliability assessment, along with 

a scenario-based evaluation of acceptable failure probabilities under climate change. 

1 INTRODUCTION  

Historically, hydraulic actions on bridges, such as floods, scour, debris, and other water-

driven phenomena, are reported to cause the highest number of bridge failures in several parts 

of the world [1]. For instance, in the United States, studies [3], [4] reported that hydraulic events 

caused 52% and 47% of bridge failures, respectively. Similar patterns of bridge failures are 

reported in India with 51% [4] and Turkey with 45% [5]. Although specific bridge failure data 

for Denmark has not been reported, studies estimate that floods and storms account for 38% 

and 32%, of the most prevalent disasters experienced in Europe, representing nearly USD 111.5 

billion in economic losses [6]. The experienced losses highlight a growing concern since the 

frequency and severity of natural disasters will increase due to global warming [7].  

Considering the significant impact of hydraulic events on bridges, it is important for 

decision-makers to evaluate the risk of bridge failure and assess the impact of climate change 

on this risk. However, decision-makers face several limitations during such assessments due to 

the lack of site-specific hydraulic and climate change data. Recent studies have evaluated 
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hydraulic risk on bridges considering climate change scenarios [8, 9], however, key factors such 

as risk acceptability and its variability due to climate change have not been addressed yet.  

This paper addresses the aforementioned limitations in risk evaluation by introducing a novel 

approach for computing bridge failure probabilities due to hydraulic hazards, integrating 

simulation discharge data and system reliability analysis. Moreover, it presents how the 

acceptable failure probabilities vary when considering climate change. This is a relevant 

contribution since, in the context of Denmark and to the authors' knowledge, no study has 

assessed the impact of climate change on bridges while addressing its effects on risk acceptance. 

In this paper, section 2 introduces the data type and sources used for the system reliability 

assessment for different climate change scenarios. This section also describes the methodology 

and discusses the concept of LQI-based risk acceptability and its related acceptable failure 

probabilities. Section 3 introduces the bridge case study, its associated loading, resistance and 

system model, and the computed failure probabilities and acceptable failure thresholds. Finally, 

section 4 presents the conclusions from this study.  

2 DATA AND METHODS 

2.1 Data description: simulation discharges and supporting databases 

Over the years, Denmark has experienced an increase in the number of available public 

databases. For instance, observation and simulation discharge data from the Danish 

Hydrological Information and Forecasting System (HIP, for its Danish acronym) are intended 

to support decision-making for climate adaptation and planning in water management [10]. The 

HIP platform provides hydrological information (e.g., water levels, stream discharge, and 

shallow groundwater), covering both historical records and future projections. The projections 

used by the HIP follow the Representative Concentration Pathways (RCPs) [11]. The available 

hydrological information is generated through national hydrological models developed by the 

Danish Meteorological Institute (DMI) and the Geological Survey of Denmark and Greenland 

(GEUS). The most recent hydrological model in Denmark (HIP4Plus) was validated and 

calibrated with data from 308 hydrological stations, providing near-surface hydraulic 

calculations at a 500m and 100m resolution. For details on the hydrological model, see[12]. 

This study uses simulation discharge data from the HIP platform as input for the hazard 

modelling. Additionally, information about the structural and geotechnical properties of the 

bridge case study and Denmark’s GDP and life expectancy at birth, is required for the reliability 

assessment. Table 1 describes the public data sources used in this study. 

Table 1. Summary of public data sources and their application in this study 

Data Type Use Source Access 

Stream Discharge: 
-Historical 

-Future projections 

-Calculation of flooding events  
-Variability in projections of flooding events over 

different climate change scenarios 

HIP4Plus 

(DMI) 
[10] 

Geotechnical  -Soil parameters for calculating foundation’s 
capacity 

Jupiter-database 
(GEUS) 

[13] 

Bridge Description -Location, dimensions and characteristics of bridges Road directory [14] 

Life Expectancy  -Computation of acceptable failure probabilities 

based on LQI criteria (see section 2.3) 
IIASA 

[15] 

GDP Denmark [16] 
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2.2 System reliability analysis under climate change  

The gradual development of hydraulic actions on bridges depends, among other factors, on 

the flow discharge beneath the structure, which in turn defines the water height. This means 

that hydraulic actions will initially affect the bridge’s foundation and substructure components, 

and as water rises, the superstructure can be compromised as well. Following this logic, for the 

system reliability analysis presented in this study, the bridge system is divided into two main 

sub-systems: (i) the substructure, which includes components such as piers, abutments and 

corresponding foundations (e.g., pile-groups) and (ii) the superstructure (e.g., bridge deck).  

Therefore, for bridges exposed to hydraulic hazard under the influence of climate change, 

the failure probability of the bridge system 𝑃(𝐹𝑠𝑦𝑠𝑡𝑒𝑚), can be calculated by modelling the sub-

systems behaving as a series system, as follows: 

𝑃(𝐹𝑠𝑦𝑠𝑡𝑒𝑚| 𝐻𝑗) = 𝑃 ((𝐹𝑠𝑢𝑏𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒  ⋃ 𝐹𝑠𝑢𝑝𝑒𝑟𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒  )| 𝐻𝑗) (1) 

where 𝐹𝑠𝑢𝑏𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 and 𝐹𝑠𝑢𝑝𝑒𝑟𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒  represents the failure event for both considered sub-

systems, while 𝐻𝑗 denotes the hydraulic hazard, represented by flooding events, whose 

likelihood is modeled with probability distributions for different flow discharges at the 

structure’s location. The index 𝑗𝑡ℎ  represents either historical discharge or future projected 

discharge associated to specific climate change scenarios (RCPs). 

As previously mentioned, each sub-system is itself composed of several components, which 

can fail by specific mechanisms, such as structural failure (e.g., deck unseating due to hydraulic 

forces) or geotechnical failure (e.g., loss of vertical bearing capacity). Accordingly, at a 

component level, the failure probability is computed by using the corresponding component’s 

limit state function (LSF). In a compact form, the failure probability for the 𝑖𝑡ℎ component and 

the 𝑗𝑡ℎ  hydraulic hazard scenario, is computed as follows: 

𝑃(𝐹𝑖) = 𝑃 (𝑔𝑖 (𝐷𝑆𝑗
, 𝑌𝑊𝑗

)) = 𝑃 (𝑀𝑅𝑖
· 𝑅𝑖 (𝐷𝑆𝑗

) − 𝑀𝑆𝑖
·  𝑆𝑖 (𝑌𝑊𝑗

)  ≤ 0) (2) 

where 𝑔𝑖 represents the LSF, 𝑅𝑖 and 𝑆𝑖 are the resistance and loading models, and 𝑀𝑅𝑖
 and 

𝑀𝑆𝑖
 are the corresponding model uncertainties. The loading model in the LSF depends on the 

water level (𝑌𝑤𝑗
), which defines the magnitude of the hydraulic loads. Similarly, the resistance 

model depends on the damage state (𝐷𝑠𝑗
), resulting from an extreme flooding event. 

Additionally, to accurately represent the relationship between components within a sub-

system, their interaction can be modelled using logical or Daniels systems (for instance, [17]). 

The ductile Daniels system is particularly appropriate when the sub-system exhibits redundancy 

and ductile component behavior, allowing load redistribution among its components. In this 

context, the failure probability of the substructure is calculated by using a perfectly ductile 

Daniels system as: 

𝑃(𝐹𝑆𝑢𝑏𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒) = 𝑃 (𝑀𝑅𝑖 
∑ 𝑅𝑖 (𝐷𝑆𝑗

) 

𝑛

𝑖=1

− 𝑀𝑆 ·  𝑆𝑆 (𝑌𝑊𝑗
)  ≤ 0) (3) 

where the sub-system loading and model uncertainty are denoted as 𝑆𝑆 and 𝑀𝑆, respectively. 

The water level 𝑌𝑤𝑗
 in previous equation is computed by using Manning’s formula as: 
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𝑌𝑤𝑗
= (

𝑛 · 𝑄𝑗

𝐵 ·  𝑠0.5
)

3/5

 (4) 

where 𝑛 is the Manning’s roughness coefficient, 𝐵 is the channel width, 𝑠 is the slope of the 

channel and, 𝑄𝑗 is the flow discharge for the 𝑗𝑡ℎ  hydraulic hazard scenario. For the current 

work, scour is the main damage mechanism, decreasing the resistance of the foundation within 

the substructure sub-system. The scour depth (𝑌𝑠𝑡) is computed as the combined scour effect 

caused by the pier, pile-cap, and pile-group [18], as presented below: 

𝑌𝑠𝑡𝑗
= 𝜆𝑠𝑡[𝑦𝑝𝑟 +  𝑦𝑝𝑐 + 𝑦𝑝𝑔] (5) 

where 𝑦𝑝𝑟 𝑦𝑝𝑐, 𝑦𝑝𝑔 represent scour depth due to pier, pile-cap and pile-group, respectively. The 

uncertainty parameter 𝜆𝑠𝑡 accounts for the inherent uncertainties related to scour formula.  

2.3 Acceptable failure probabilities  

The acceptable failure probability is a quantitative measure of the maximum allowed failure 

rate of a structure in order to satisfy human safety requirements. Its calculation is derived from 

the broader concept of risk acceptability, which refers to the level of potential loss that 

individuals or society can tolerate. Similarly, authors such as [19] define risk acceptability as 

the level of risk achieved by the most acceptable alternative in a decision-making problem. 

Indeed, design guidelines recommend comparing probabilities of structural failure with the 

acceptable levels [20], [21], as shown in [22]. Acceptable risk levels can differ depending on 

the approach used for its formulation. However, the most common methodologies are based on 

the ALARP (As low as possible principle) and LQI (Life Quality Index) criteria. The latter is 

used in this study to derive acceptable failure probabilities. 

The concept of LQI was initially proposed by [23] and became a widely accepted concept 

in academia and industry, as it describes how much should be invested in life-saving measures 

without affecting life quality. The LQI formulation involves two principal societal indicators: 

(i) gross domestic product (GDP) denoted as 𝑔 and (ii) life expectancy at birth, 𝑙, as follows:  

𝐿𝑄𝐼 = 𝑔𝑤𝑙1−𝑤 (6) 

where 𝑤 is an estimate of time spend at work, as a fraction of life expectancy. For more 

information regarding the LQI principle, see [24]. The LQI invariance principle sets the 

foundation for the Societal Willingness to Pay (SWTP), an indicator of the maximum cost that 

society is willing to invest in saving a statistical life. Similarly, the Marginal Life Saving Cost 

(MLSC) concept defines the efficiency of a life saving measure, therefore, an efficient 

investment indicates that MLSC ≤ SWTP, complying with the societal needs. In the context of 

cost-benefit optimization [24], the LQI-based acceptability criteria, indicates a constrain as:  

𝑑𝐶(𝑝)

𝑑𝑝
≥ −𝐺∆ · 𝑘 · 𝑁𝑃𝐸 · 𝜆 ·

𝑑𝑃𝑓(𝑝)

𝑑𝑝
  (7) 

where 𝐶(𝑝) is a cost function depending on the decision parameter 𝑝, similarly for the 

acceptable failure probability 𝑃𝑓(𝑝). The factor 𝜆 is the arrival rate of the hazard modeled as a 

Poisson process; 𝑁𝑃𝐸 is the number of endangered people and 𝑘 denotes the number of fatalities. 

The SWTP is included in the acceptability criteria through the factor 𝐺∆, which expresses in 

monetary terms how much society can afford for a unit mortality reduction [24], computed as: 
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𝐺∆ =
𝑔

𝑞
· 𝐶∆(𝜌, 𝛿)  (8) 

where 𝑞 is a fraction of the lifetime spent at work (𝑤) and 𝐶∆ is the increase of life expectancy 

with respect to mortality reductions, (accounting for discounting 𝜌, and age-averaging 𝛿). 

Recent studies presented in [25] projected fluctuations in the GDP, a critical factor in the LQI-

based acceptability criteria, this as a results of climate change. Therefore, it becomes essential 

to evaluate if the level of acceptable risks (e.g., derived from LQI) remains valid under variant 

climate conditions. This problematic was first introduced and practically illustrated in [26].  

The present work addresses this issue by analyzing variations in acceptable failure 

probabilities under climate change scenarios, focusing on bridges subjected to flooding events. 

3 CASE STUDY 

Figure 1 presents the case study, a railway bridge in Jutland, Denmark, crossing the Storå 

River. The bridge carries a single railway track with a span length (𝐿) of 11.25m and a total 

width of 5.3m. The superstructure is supported by a middle pier founded on piles placed in the 

river channel, while the ends are supported by abutments resting on shallow foundations. 

 

Figure 1. Geometrical layout of the bridge case study [14]. Initial level: riverbed level before scour occurs.  

3.1 Flood frequency analysis  

The simulated historical stream discharge 𝑄, covering the period from 1989 to 2023, is used 

to generate Annual Maximum Series (AMS), which then are fitted to several probability 

distributions to determine the one that better represents the AMS data, especially in the tails. 

Both graphical (Q-Q plots) and quantitative goodness of fit tests (Anderson-Darling and 

Kolmogorov tests) are used to evaluate the fit, with the Pearson-III (𝑃3) distribution leading to 

the best fit. The probability density function (PDF) for a 𝑃3 distribution is computed as follows: 

𝑄 ~  𝑃3 (𝛾, 𝛼, 𝛽), 𝑓𝑄(𝑥) =
1

|𝛽|Γ(𝛾)
[
𝑥 − 𝛼

𝛽
]

𝛾−1

𝑒𝑥𝑝 [−
𝑥 − 𝛼

𝛽
] 

 

𝜇 = 𝛼 + 𝛾𝛽                   𝜎2 = 𝛽𝛾2 

(9) 

where 𝛼, 𝛽 and, 𝛾 represent the location, scale and shape parameters, respectively, and 𝜇, 𝜎, 

indicate mean and standard deviation. In a non-stationary scenario, the distribution parameters 

are expected to vary over time. While specific histograms of future discharge are unavailable, 

the HIP provides data on changes of mean and standard deviation of the historical discharge. 
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This is used to apply scenario-based changes to the historical mean and standard deviation as:  

𝜇𝑗 =  𝜇ℎ𝑖𝑠𝑡 (Δ𝜇𝑗
± 𝜀𝜇𝑗

)   ;     𝜎𝑗 =  𝜎ℎ𝑖𝑠𝑡 (Δ𝜎𝑗
± 𝜀𝜎𝑗

) (10) 

where 𝜇ℎ𝑖𝑠𝑡  and 𝜎ℎ𝑖𝑠𝑡 are the mean and standard deviation from the fitted P3 distribution. The 

parameters Δ𝜇𝑗
and 𝜀𝜇𝑗

 indicate the projected change in the mean and its associated uncertainty 

for the 𝑗𝑡ℎ  climate change scenario, while Δ𝜎𝑗
and 𝜀𝜎𝑗

 correspond to the same quantities for the 

standard deviation. The final 𝜇𝑗  and 𝜎𝑗 are used to back-compute the distribution parameters 

and resulting PDFs, with uncertainty inclusion resulting in upper and lower bounds of 𝑄. Figure 

2 (a) shows the effect of climate change on the historical PDF of 𝑄 and the projected PDFs for 

one RCP scenario, while (b) shows the return levels of 𝑄 across all climate change scenarios.  

 

Figure 2. (a) PDFs of discharge 𝑄 for historical and lower and upper limit of RCP 8.5 scenario - 2070-2100, (b) 

flow discharge for different return periods and all the considered climate change scenarios (RCPs)  

3.2 System reliability analysis  

Based on the calculated flood magnitudes 𝑄, Monte Carlo simulations are used to compute 

the water levels (𝑌𝑤, Eq. 4) and scour depths (𝑌𝑠𝑡, Eq. 5), with the parameters presented below:  

Table 2. Description of variables used in the calculation of water level and scour depth 

Variables Distribution Mean [μ]  CoV Ref. [μ, CoV] 

Flow discharge  𝑄𝑗 [m3/s] Pearson3 Figure 2 [10] 

Channel width B [m] Normal 23 0.05 [14, 27] 

Scour uncertainty  𝜆𝑠𝑡 [-] Normal 0.55 0.15 [28] 

Manning’s coefficient 𝑛 [-] LogNormal 0.035 0.28 [28] 

Slope 𝑠 [%] LogNormal 0.096 0.05 [29, 30] 

Shape factor 𝐾1𝑝𝑟
 ;  𝐾1𝑝𝑐

 [-] Deterministic 0.9; 1.1 - [31] 

Angle-attack factor 𝐾2𝑝𝑟
 ;  𝐾2𝑝𝑐

 [-] Deterministic 1 - [31] 

Riverbed factor 𝐾3𝑝𝑟
 ;  𝐾3𝑝𝑐

 [-] Uniform 1.1 0.05 [28] 

Structural dimensions  𝑎𝑝𝑟; 𝑎𝑝𝑐; 𝑓 ; 𝑇* [m] Normal 5.3;6;0.35;1 0.05 [14, 27] 

*where: 𝑎𝑝𝑟  pier width 𝑎𝑝𝑐  pile-cap width, 𝑇 pile-cap thickness, and 𝑓 distance from pier edge to pile-cap 

Using the simulated samples for scour depths (𝑌𝑠𝑡) and water levels (𝑌𝑤), it is possible to 

define the resistance and loading models, required for the system reliability analysis.  
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The substructure subsystem failure is modeled with geotechnical failure, representing the 

loss of vertical or lateral bearing capacity of the pile-group in the middle pier, while the 

superstructure subsystem is represented by the bridge deck (see, Figure 1). Building upon Eq. 

(1), the system failure probability for the case study is computed as follows:  

𝑃(𝐹𝑠𝑦𝑠𝑡𝑒𝑚| 𝐻𝑗) =  𝑃 ((𝐹𝑓𝑜𝑢𝑛𝑑𝑎𝑡𝑖𝑜𝑛 ⋃ 𝐹𝑏𝑟𝑖𝑑𝑔𝑒−𝑑𝑒𝑐𝑘)| 𝐻𝑗) (11) 

The failure probability of the foundation (pile-group) is calculated based on the definition of 

ductile Daniels system, where the overall resistance is computed as the sum of its individual 

pile resistances. For the presented case study, Eq. (3) takes the form of: 

𝑃(𝐹𝑓𝑜𝑢𝑛𝑑𝑎𝑡𝑖𝑜𝑛| 𝐻𝑗) = 𝑃 (𝑀𝑅𝑉,𝐻
· ∑ 𝑅𝑖𝑉,𝐻 (𝐷𝑆𝑗

) 

𝑁𝑝

𝑖=1

− 𝑀𝑆 ·  𝑆𝑆 (𝑌𝑊𝑗
)  ≤ 0) (12) 

where 𝑅𝑖  and 𝑁𝑝 indicate the induvial pile resistance and the total number of piles, respectively. 

The pile-group model uncertainty 𝑀𝑅 represents the bias and the uncertainty between observed 

and predicted pile-group resistance, obtained from physical tests or numerical simulations (see 

Table 3). The subindexes 𝑉 and 𝐻 represent the direction of the resistance model, vertical or 

horizontal. For the individual pile resistance model (𝑅𝑖𝑉 ), the vertical bearing capacity is 

composed of the shaft (𝑞𝑠) and base resistance (𝑞𝑏), which both among other parameters, 

dependent on the embedment of the pile. Consequently, this parameter is influenced by the 

scour depth (𝑌𝑠𝑡), reducing the pile’s capacity. The individual vertical pile capacity (𝑅𝑖𝑉
) is 

calculated as follows: 

𝑅𝑖𝑉
= 𝑞𝑏 + 𝑞𝑠 =  𝐴𝑏[𝜎′𝑉(𝑌𝑠𝑡) · 𝑁𝑞𝑠𝑎𝑛𝑑

] + 𝐴𝑠 [𝐾𝑠 · 𝜎′𝑉(𝑌𝑠𝑡) · tan(𝛿′)] (13) 

where 𝐴𝑏 is the base area, 𝐴𝑠 is the surface area, 𝑁𝑞𝑠𝑎𝑛𝑑
 is the bearing capacity factor, 𝐾𝑠 is the 

vertical to horizontal stress factor, and 𝛿′ represents the interface friction angle between the pile 

surface and the soil. The vertical and average vertical stresses depending on scour depth are 

denoted by 𝜎′𝑉(𝑌𝑠𝑡), and 𝜎′𝑉(𝑌𝑠𝑡), respectively. The lateral resistance of a single pile (𝑅𝑖𝐻
) in 

a cohesionless soil is calculated following the approach presented in [32], as follows: 

𝑅𝑖𝐻
= 0.3 · [𝜒′ · 𝐾𝑝

2 + 𝜉 · 𝐾𝐿] · tan(𝛿 ′) · 𝛾′ · 𝑎(𝑌𝑠𝑡) · 𝐷𝑝 · [2.7 · 𝑎(𝑌𝑠𝑡) − 1.7 · 𝐿(𝑌𝑠𝑡)] (14) 

where 𝜒′ is the shape factor, 𝐾𝑝 and 𝐾𝐿 are the passive and lateral earth pressure coefficients, 𝜉 

is resistance reduction factor, 𝛾′ is the effective soil’s unit weight and 𝐷𝑝 is the pile’s diameter. 

In Eq. (14), both, the embedment length 𝐿(𝑌𝑠𝑡) and the rotation point 𝑎(𝑌𝑠𝑡) depend on scour.  

 For the superstructure it was verified that the water level reached during extreme events 

does not reach the bottom chord of the deck. Hence, the lateral resistance model for the deck is 

omitted, as the hydraulic load on the deck is extremely low (negligible failure probability).  

Given that all piles share the same cross-section and installation process and considering a 

low local spatial variability of the soil, the resistances of the piles are modeled as fully 

correlated. Similarly, under an extreme flood, loads, damage states and failure modes (series 

system) are modeled as fully correlated. Lastly, considering that the same predictive models are 

utilized across all structural components, resistance and loading model uncertainties are 

modeled as fully correlated.  

Table 3 presents the parameters used for the computation of resistance and loading models.  
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Table 3. Description of variables used in the calculation of bridge’s system reliability 

Variables Distribution Mean [μ] CoV Ref. [μ, CoV] 

Resistance Parameters 

Soil unit weight 𝛾 [kN/m3] Normal 20* 0.05 [13, 33] 

Soil friction angle  𝜙 [°] Normal 35* 0.03 [13, 33] 

Bearing capacity factor  𝑁𝑞𝑠𝑎𝑛𝑑
 [-] Calculated 30 - - 

Foundation Depth  𝐻𝑓  [m] Deterministic Variable - - 

Pile Diameter  𝐷𝑝 [m] Normal 0.3 0.05 [14, 27] 

Number of piles 𝑁𝑝 [-] Deterministic 20 - - 

Group efficiency factor 𝑀𝑅𝑉
 ;  𝑀𝑅𝐻

 [-] LogNormal 1.30 ; 0.4 0.21 [34, 35] 

Loading Parameters 

Permanent load  𝐺 [kN] Normal 1593 0.05 [33] 

Transient Load (train) 𝑄 [kN] Gumbel 650 0.03 [33] 

Lateral Hydraulic Load 𝐹𝑤(𝑌𝑤) [kN] Calculated  Variable [20] 

Model Load Uncertainty 𝑀𝑆 [-] Normal 1 0.1 [33] 

*Assumptions based on data obtained from a drilling hole located ≈30m from the middle pier’s location [13] 

No data was available regarding the middle pier foundation depth 𝐻𝑓 . Therefore, this 

parameter is varied leading to range of foundation depths around the target reliability. Once 

resistance, load and correlation models are defined, the system reliability is computed using the 

parameters in Table 3, and by performing Monte Carlo simulations with 𝑁𝑠𝑎𝑚𝑝𝑙𝑒𝑠 = 3 × 107. 

The results are presented in Figure 3, in terms of system reliability indexes (𝛽sys).  

 
Figure 3. System reliability indexes for different foundation depths 𝐻f across climate change scenarios. 

Vertical and horizontal failure modes as series system. The value of 𝛽Target is extracted from [33] for CC2. 

Figure 3 shows a significant reduction in the system reliability index when hydraulic loads 

and a scoured foundation are considered. For foundation depths less than ~10m and when 

considering scour effects, even the historical discharge can severely reduce the bridge’s 

capacity, leading to reliability indexes lower than the target limit. This issue could be even more 

critical under high emission scenarios (RCP 8.5), where discharges are expected to increase. If 

no scour issues are considered, the foundation depth threshold, 𝛽𝑠𝑦𝑠 < 𝛽𝑇𝑎𝑟𝑔𝑒𝑡 , is ~7.6m.  

The change in slope is attributed to the series system modelling, where the vertical LSF is 
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initially critical, and as foundation depth increases, the lateral LSF becomes critical. The 

previous results could guide foundation and scour inspections, helping to ensure that the critical 

reliability thresholds are met over the long term and under a variant climate condition. 

3.3 Acceptable failure probability under Climate Change 

This section is intended to illustrate that climate change not only affects the structural 

performance of the bridge but also it could alter the tolerance of society to risk failure. Building 

upon Eq. (8), the amount of money that society can invest in a life-safety measure may vary for 

different values of GDP. Therefore, the SWTP considering the 𝑗𝑡ℎ  climate change scenario is:  

𝐺∆𝑗
=

𝑔𝑗

𝑞
· 𝐶∆(𝜌, 𝛿) (15) 

Figure 4 presents the projected variation of GDP for Denmark [16], and the corresponding 

monetary SWTP over different Shared Socioeconomic Pathways (SSPs) [36].  

 

Figure 4. Variation of GDP per capita in billions adjusted to US$ in 2005 (left) [16], and SWTP over Shared 

Socioeconomic Pathways (SSPs) for Denmark  

Although in previous sections, RCPs were used, due to data availability on the projected 

GDP, the risk acceptability is formulated based on SSPs. To address this, each RCP could be 

matched with a comparable SSP based on similar radiative forcing levels, as shown below:  

Table 4. Approximate comparison of SSPs [36] and RCPs [11] with respect to radiative forcing  

SSP Summary description of SSPs 
Rad. Forcing 

(W/m
2
) 

Related 

RCPs 

SSP1 Sustainability: low challenges to mitigation-adaptation 5.0 – 5.8 RCP4.5 –

RCP6.0 SSP2 Middle: medium challenges to mitigation-adaptation 6.5 – 7.3 

SSP3 Regional-Rivalry: high challenges to mitigation-adaptation 6.7 – 8.0 
RCP6.0 – 

RCP8.5 SSP4 
Inequality: low challenges to mitigation, high challenges to 

adaptation 

6.0 – 8.3 

SSP5 
Fossil-fueled Development: high challenges to mitigation, low 

challenges to adaptation 

8.5 – 8.7 
RCP 8.5 

The LQI-based acceptability criteria presented in Eq. (7) shows that the cost of a risk 

reduction strategy and its corresponding failure probability depends on the decision 

parameter 𝑝. Considering that previous sections showed that scour damage could lead to an 

increase in the failure probability of the bridge, this illustrative example defines the decision 
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parameter as an increment in the resistance of the pile foundation, as: 𝑅𝑓𝑜𝑢𝑛𝑑𝑎𝑡𝑖𝑜𝑛(1 + 𝑝). 

 This illustrative example considers the vertical resistance model in Eq. (13), a specific 

foundation depth of 8 m and the simulated historical discharge 𝑄 (1989 to 2023) for estimating 

scour depths and hydraulic loads. For simplicity, these resistances and loading models are fitted 

to Normal distributions to estimate the projected change in acceptable failure probability. The 

cost of the risk reduction strategy is expressed as a function of the decision parameter 𝑝, as: 

𝐶(𝑝) = 106 + 104𝑝1.25. The remaining involved parameters are retrieved from [37]. Solving 

the acceptability inequality presented in Eq. (7), for a scenario-based variation of the SWTP, 

the projected LQI-based acceptable 𝑃f and 𝛽 can be estimated, as presented in Figure 5. 

 

 Figure 5. Projected LQI-based acceptable 𝑃f and 𝛽 index over different SSPs, considering the vertical LSF. 

Figure 5 clearly shows that for SSP5; despite representing extremely high emissions, the 

associated GDP growth will lead to a higher capacity from society to invest in life safety, 

resulting in lower acceptable probabilities of failure and higher reliability indexes. In contrast, 

SSP3, showing lower increments in GDP, leads to a larger acceptable probability of failure 

from society. It is extremely important to mention that these findings do not suggest that high-

emission scenarios should be pursued but rather highlight the dependency of risk acceptability 

on economic growth (e.g., GDP), a conclusion in line with the findings presented in [37]. 

4 CONCLUSIONS 

Climate change represents a growing threat to existing and future infrastructure. This paper, 

based on system reliability assessment and its integration with public simulation discharge data, 

presented how to quantify the effect of global warming on a specific structure, indicating that 

extreme hydraulic events, even under a relatively small effect of climate change, induce a 

significant reduction in the bridge’s safety. Additionally, the present work illustrates the 

sensitivity of LQI-based acceptable failure probabilities on economic growth, a factor strongly 

influenced by global warming. Furthermore, this paper shows the relevance of including public 

observation and simulation datasets in probabilistic flood risk assessments, facilitating the 

application of the data in real-world problems, and supporting decision-making under an 

uncertain hazard scenario due to global warming. 
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