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Seismic Fragility Functions of Parameterized RC Curved Bridges 1 

Considering Stochastic Flood-induced Scouring Effect 2 

Wenpeng Wu1*, Jiacheng Li1, Xin Ye1,2*, Jiqiu Zhou1, Jiaqin Hou3 3 

Abstract 4 

Flood-induced scouring can significantly affect the dynamic response and seismic performance of irregular 5 

curved bridges. Most previous research simplified the scouring effects by assuming that the riverbed line 6 

reaches the maximum possible scour depth. However, due to the uncertainty of extreme flood events, the 7 

corresponding scour depth around the foundations of curved bridges exhibits considerable randomness. It is 8 

essential to quantify the impact of scour uncertainty on the seismic evaluation of such bridges. In addition, 9 

both the seismic input angle of ground motions and the curvature radius of the curved girder can have a sig- 10 

nificant impact on the evaluation process. Consequently, this study put forward an analysis framework based 11 

on machine learning (ML) method. In this framework, the stochastic scour depth is jointly taken into account 12 

with 36 other random variables, including the curvature radius of curved girder and 140 sets of ground motions 13 

with different incidence angles, so as to develop parameterized seismic fragility models for curved bridge. A 14 

parameterized finite element model of reinforced concrete (RC) curved bridges is constructed within the Open- 15 

Sees software, taking into consideration uncertainties stemming from structural design, flood-induced scour, 16 

and seismic excitation. A database composed of 1400 sets of input parameters and the corresponding engi- 17 

neering demand parameters (EDPs) is generated via Latin Hypercube Sampling (LHS) and nonlinear time 18 

history analyses that reuse 140 sets of ground motions. Based on the aforementioned data, a multidimensional 19 

probabilistic seismic demand model (MPSDM) founded on support vector regression (SVR) is established to 20 

estimate the failure probabilities of bridge’s pier, bearing, pile foundation, and abutment, as well as to develop 21 

fragility models taking into account random scour, seismic incidence angles, and the curvature of curved girder. 22 

The predictive accuracy of the proposed model is validated through comparisons of R2 and RMSE with those 23 

of the traditional linear PSDM, showing that the proposed SVR-based MPSDM provides a more accurate 24 

representation of the nonlinear response relationships for all selected engineering demand parameters. More- 25 

over, once trained, the MPSDM allows direct fragility estimation for arbitrary combinations of scour depth, 26 

curvature radius, seismic incidence angle, and ground-motion intensity, without repeating nonlinear time-his- 27 

tory analyses for each scenario. The results indicate that deeper scour, a smaller curvature radius, and unfa- 28 

vorable input directions significantly increase the component damage probability and shift critical damage 29 

from some pier sections toward pile foundations and displacement-controlled boundary components. The pro- 30 

posed framework provides a practical basis for multi-parameter fragility assessment for curved bridges in 31 

flood-prone regions. 32 
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1. Introduction 34 

Bridges are critical components of highway transportation systems, and their service safety is directly related 35 

to the continuous operation of transportation networks and post-disaster emergency response. Among various 36 

natural hazards, earthquakes and flood-induced scour are two major factors affecting bridge safety. The former 37 

may cause component damage or even structural failure, whereas the latter can weaken foundation restraint 38 

and amplify the risk of seismic damage. Compared with traditional regular bridges, curved bridges have been 39 

widely used in recent years because they can better accommodate complex roadway alignments with their 40 

unique geometric structures. However, their geometric irregularity leads to more complicated structural be- 41 

havior and dynamic response under unpredictable external extreme loads.  42 

On the one hand, post-earthquake investigations have revealed that curved bridges generally endure more 43 

severe damage compared to straight bridges. Under seismic excitation, the main girder might experience spa- 44 

tial motion, which can generate complex force demands in piers and bearings and subsequently lead to seismic 45 

damage such as bearing unseating and girder collapse (Yang and Ma 2018). Recent large-scale hybrid tests 46 

have further verified that small-radius curved bridges may display complex spatial failure modes under earth- 47 

quake loading, and their observed damage patterns are generally in line with post-earthquake field observa- 48 

tions (Tian et al. 2024). Therefore, significant efforts have been dedicated to exploring the seismic response 49 

and fragility of curved bridges. Jiao et al. (2018) reported that a smaller curvature radius results in more 50 

prominent differences in transverse internal forces and displacements among bridge piers. Tondini and Stoja- 51 

dinovic (2012) established a probabilistic seismic demand model for curved reinforced concrete bridges and 52 

identified the radius of curvature as a crucial parameter influencing seismic demand. Jeon et al. (2016) further 53 

investigated the effects of horizontal curvature, abutment skew angle, and pier height on the seismic demand 54 

and fragility of multi - frame curved concrete box-girder bridges, indicating that geometric irregularity can 55 

substantially change the seismic response of the structure. Uenaga et al. (2023) further demonstrated that deck 56 

radius, pier - height irregularity, and incident angle jointly affect the fragility and resilience of curved rein- 57 

forced concrete bridges under both short - and long - period ground motions. Abbasi et al. (2016) analyzed 58 

multi - frame curved concrete box multi-supports and probed their seismic response under different curvature 59 

radii and pier heights. Feng et al. (2018) showed that the angle of seismic incidence has a significant impact 60 

on the IM based components and the overall bridge system. From the perspective of more realistic seismic 61 

input. Song et al. (2024) demonstrated that spatially varying multi-support ground motions can significantly 62 



affect the  fragility and fragility estimates of multi-span irregular curved bridges. Rashid and Nishio (2025) 63 

further developed optimal intensity-measure-based seismic fragility surfaces for curved bridges and empha- 64 

sized their sensitivity to seismic excitation direction. Tehrani and Heydarpour (2025) also showed that var- 65 

ying earthquake incidence angles can notably influence the seismic response prediction of horizontally curved 66 

reinforced concrete bridges under bidirectional ground motions. Serdar and Folić (2018) pointed out that, 67 

in comparison to conventional straight bridges, curved bridges involve greater complexity in seismic demand 68 

modeling and fragility assessment, and that the selection of an optimal probabilistic seismic demand model 69 

(PSDM) merits special attention. Overall, previous studies have offered substantial understanding of the ef- 70 

fects of curvature radius, pier height, and seismic incidence angle on the seismic response of curved bridges.  71 

On the other hand, flood-induced scour is another important external factor affecting the seismic perfor- 72 

mance of bridges. Existing studies have shown that scour can reduce the foundation embedment depth and 73 

lateral restraint, thereby altering the dynamic characteristics of bridges and increasing their fragility  under 74 

seismic loading (Li G 2022). Ateş and Avşar (2023) investigated the influence of scour depth on the natural 75 

vibration period and superstructure displacement demand of skewed highway girder bridges. Ateş and Avş 76 

ar (2024) has also shown that both uniform and non-uniform scour can markedly affect the seismic perfor- 77 

mance of skewed bridges, with the response being further influenced by the angle of ground-motion incidence. 78 

Wang et al. (2014) found that increasing the scour depth leads to a longer vibration period, and that different 79 

bridge types exhibit different levels of sensitivity to the scour depth. Ganesh Prasad and Banerjee (2013) 80 

and Annad et al. (2023) showed that an increase in the scour depth significantly raises the seismic fragility 81 

of reinforced concrete bridges. Li et al. (2025) and Pinto et al. (2024) further indicated that uncertainty in the 82 

scour condition can significantly influence the seismic fragility estimates of simply supported reinforced con- 83 

crete bridges. Wu et al. (2024) further pointed out that, as the degree of flood scour increases, the seismic 84 

fragility of the bridge system continues to increase, while the damage sequence and damage progression of 85 

different components also change markedly. Hung and Yau (2017) and Guo et al. (2016) demonstrated, from 86 

the perspectives of soil - structure - water interaction and multi - parameter uncertainty, respectively, that 87 

increasing the scour depth and seismic intensity can significantly aggravate bridge damage. From a broader 88 

multi - hazard perspective, Biazar et al. (2024) proposed a fragility modeling framework for bridges with 89 

shallow foundations subjected to combined earthquake, scour, and vehicular loading, highlighting the im- 90 

portance of jointly considering interacting hazards. Karriqi et al. (2024) further proposed an integrated bridge 91 

assessment framework under earthquake and flood-induced scour, and generated fragility curves for both 92 

component - level and system - level performance under different multi - hazard scenarios. Ge et al. (2023) 93 



extended bridge fragility assessment to a time- dependent multi - hazard setting involving deterioration, cli- 94 

mate change, earthquakes, and flood-induced scour. Medina Yauri et al. (2026) proposed an integrated re- 95 

silience assessment framework for riverine bridges, enabling a more comprehensive evaluation in flood-dom- 96 

inated yet multi-hazard environments. At the network level, Ansari et al. (2024) demonstrated that bridge 97 

failures under combined earthquake and flood scenarios may trigger cascading effects, leading to substantial 98 

reductions in overall system performance. At the broader infrastructure level, Nirandjan et al. (2024) reviews 99 

and resilience studies have also highlighted the growing need for multi - hazard fragility and decision - support 100 

frameworks for critical infrastructure systems. These studies indicate that scour not only modifies the dynamic 101 

characteristics of bridges but also further amplifies seismic damage by weakening foundation stability. 102 

Although previous studies have separately revealed the seismic response characteristics of curved bridges 103 

and the adverse effects of flood-induced scour on bridge safety and dynamic performance, research on the 104 

seismic fragility of curved bridges under combined scour-earthquake effects remains limited. In particular, 105 

many previous studies simply simplified the scour effects by assuming that the ground line reaches the maxi- 106 

mum possible scour depth. Due to the uncertainty of extreme flood events, the scour depth around the foun- 107 

dations of curved bridges exhibits considerable randomness. It is therefore essential to quantify the impact of 108 

scour-depth uncertainty on the seismic performance of such bridges. In addition, when multiple sources of 109 

uncertainty, such as scour depth, ground-motion intensity, seismic incidence angle, and curvature radius of 110 

the curved girder, are considered simultaneously, efficient and reliable assessment methods are still lacking. 111 

However, traditional analytical methods, such as the linear and explicit probabilistic seismic demand models 112 

(PSDM), have faced significant computational challenges when dealing with the numerous uncertainty 113 

sources mentioned above, making it difficult to analyze the interrelationships between different influencing 114 

factors and their sensitivities. In recent years, machine learning technologies (Rezaei et al. 2022; Parisi et al. 115 

2025) have provided an effective solution to overcome these issues. By employing machine-learning ap- 116 

proaches, researchers can not only enhance analytical accuracy while substantially reducing the workload of 117 

structural finite element calculations but also demonstrate strong compatibility with sensitivity analysis pro- 118 

cesses (Rezaei et al. 2023; Ning et al. 2024; Saida et al. 2024). 119 

Despite these advancements, several important issues remain unresolved. Firstly, flood-induced scour is 120 

still commonly idealized as a deterministic maximum scour depth, which neglects its inherent uncertainty 121 

under extreme hydraulic conditions. Secondly, the combined influences of scour depth, curvature radius, seis- 122 

mic incidence angle, and ground-motion intensity on the fragility of curved bridges have not yet been system- 123 

atically quantified within a unified probabilistic framework. Third, conventional single-parameter fragility 124 



models are insufficient to capture the nonlinear interaction effects among multiple governing variables. Con- 125 

sequently, this study focuses on evaluating: (1) the influence of stochastic scour depth on the seismic fragility 126 

of curved RC bridges; (2) the effects of curvature radius and seismic incidence angle on component-level 127 

fragility under scour conditions; and (3) the predictive capability of the proposed machine-learning model in 128 

comparison with conventional linear fragility approaches. Accordingly, the following hypotheses are exam- 129 

ined: (H1) Increasing scour depth significantly alters the seismic fragility distribution among bridge compo- 130 

nents, leading to increased fragility in foundations and displacement-controlled boundary components.; (H2) 131 

Curvature radius and seismic incidence angle produce measurable changes in component-level fragility; (H3) 132 

The proposed machine-learning-based multidimensional demand model provides higher predictive accuracy 133 

than conventional linear fragility models. The main contribution of this work is the development of a multidi- 134 

mensional fragility assessment framework that simultaneously incorporates scour uncertainty, seismic inten- 135 

sity, seismic incidence angle, and bridge curvature. The findings are expected to provide useful guidance for 136 

seismic design, resilience assessment, and scour mitigation strategies for curved bridges located in flood-prone 137 

regions. 138 

In general, this study proposes a machine-learning-based framework for developing seismic fragility 139 

models of RC curved bridges subjected to stochastic flood-induced scour and earthquake excitation. A series 140 

of representative horizontally curved reinforced concrete bridges with varying geometric characteristics are 141 

selected as case-study structures. Parametric finite-element models are established, and a database of structural 142 

responses is generated through Latin hypercube sampling and nonlinear time-history analyses. Based on these 143 

data, support vector regression is employed to construct a multidimensional probabilistic seismic demand 144 

model capable of accounting for multiple uncertain variables simultaneously. 145 

2. Fragility Analysis of Curved Bridges Based on SVR Machine Learning 146 

2.1 Machine Learning-Based fragility Analysis Framework 147 

Over the past decades, extensive studies and practical applications have led to the development and refinement 148 

of a series of classical methods for seismic fragility analysis of bridges (Li et al. 2024). These methods include, 149 

for example, the cloud method, the IDA-based scaling method, the demand-to-capacity ratio-based logarith- 150 

mic regression method, and fragility analysis based on maximum likelihood estimation. However, most of 151 

these approaches remain essentially parametric. In recent years, increasing attention has been paid to non- 152 

parametric fragility analysis methods, which do not require prior assumptions regarding the shape of seismic 153 

fragility curves and therefore can improve the accuracy of fragility assessment while reducing model bias (Li 154 



et al. 2024). Non-parametric seismic fragility analysis methods mainly include conditional Monte Carlo sim- 155 

ulation, kernel density estimation, and machine-learning-based approaches. Among these, machine learning 156 

can effectively quantify the high-dimensional nonlinear relationships between input variables and seismic 157 

response, thereby enabling the construction of a multidimensional probabilistic seismic demand model 158 

(MPSDM). Compared with traditional methods, this approach can improve both the prediction accuracy of 159 

structural seismic response and the computational efficiency of fragility assessment (Lu et al. 2022; Zheng 160 

et al. 2023; Zhong et al. 2025). 161 

As shown in Fig. 1, the machine-learning-based parametric multidimensional seismic fragility analysis 162 

framework mainly consists of two major parts. The first part involves parametric bridge modeling, dynamic 163 

analysis, and machine learning, aiming to establish a ML-based multidimensional probabilistic seismic de- 164 

mand model (MPSDM). At this stage, multiple sources of uncertainty associated with the bridge structure 165 

itself, flood hazards, and seismic hazards can be considered simultaneously. For example, in the present study, 166 

the curvature radius of the curved girders, random scour depth, and seismic input angle of the bridge are all 167 

incorporated into the bridge ground motion sample database. After a large number of nonlinear time-history 168 

analyses are conducted, the resulting input–output relationships are mapped to the machine learning model, 169 

the proposed MPSDM shown in Fig. 1.The second part is the multidimensional seismic fragility analysis of 170 

bridge structures. As illustrated in Fig. 1, this part contains both inner and outer iterative loops. Through the 171 

inner loop, seismic fragility curves for a target bridge structure under different damage states can be estab- 172 

lished. Here, the target bridge structure may refer to either a specific bridge or a class of bridges sharing the 173 

same structural characteristics. The outer loop is used to further account for the effects of hazard - related or 174 

design-related parameters other than ground - motion intensity. For instance, when the variable Y represents 175 

the scour depth Hs of the bridge substructure, a joint fragility surface with respect to seismic intensity and 176 

scour depth can be constructed to investigate the influence of Hs on bridge seismic fragility. When Y repre- 177 

sents the seismic input direction θ, a joint fragility surface with respect to ground-motion intensity and input 178 

direction can be developed to examine the influence of θ on bridge seismic fragility. 179 



 180 

Fig.1 Parametric multidimensional seismic fragility analysis flowchart based on machine learning 181 

Currently, the ML methods can generally be categorized into three main types: supervised learning, un- 182 

supervised learning, and semi-supervised learning. As shown in Fig. 1, an appropriate ML method can be 183 

selected by comprehensively considering the scale of the input data-set, computational accuracy, and analysis 184 

efficiency. It is worth noting that in recent years, extensive comparative research has been conducted on the 185 

performance of different ML algorithms in fragility and seismic demand prediction. For example, Nguyen et 186 

al. (2023) compared Random Forest, Gradient Boosting, ANN, and XGBoost for the seismic fragility assess- 187 

ment of steel moment frames and indicated that the superiority of the model depends on the characteristics of 188 

the data-set. Ding et al. (2023) evaluated SVM, ANN, DT, RF, XGBoost within a probabilistic fragility frame- 189 

work and reported that different algorithms have their own advantages in different evaluation dimensions. 190 

Jabari Salmi et al. (2024) further compared Decision Tree, Random Forest, Logistic Regression, SVM, Gra- 191 

dient Boosting, and XGBoost for estimating fragility parameters, once again demonstrating that the predictive 192 

performance is problem - dependent. In bridge engineering, Soleimani (2022) also verified the effectiveness 193 

of multiple ML approaches for the probabilistic seismic analysis of bridges. 194 



Although various methods, such as artificial neural networks, logistic regression, support vector regres- 195 

sion (SVR), decision trees, and random forests, have been applied in previous studies on bridge seismic  fra- 196 

gility analysis(Kiani et al. 2019; Ruchun et al. 2023; Zheng et al. 2023), the main objective of the present 197 

study is not to identify the optimal ML algorithm, but to establish a multidimensional probabilistic seismic 198 

demand framework for RC curved bridges that explicitly captures the coupled effects of stochastic scour depth, 199 

seismic intensity, curvature radius, and incidence angle on seismic fragility . Therefore, the present study uses 200 

the SVR algorithm as an example to conduct machine learning on the relevant data, due to its well-documented 201 

robustness and strong generalization ability for medium - sized datasets and high - dimensional nonlinear 202 

regression problems, which are consistent with the characteristics of the current bridge fragility database.  203 

2.2 Principles of SVR and the Optimal Decision Model 204 

Support Vector Machine (SVM) is a supervised learning algorithm applicable to both classification and re- 205 

gression tasks. When applied to classification problems, it is referred to as Support Vector Classification 206 

(SVC), and when handling regression problems, it is called Support Vector Regression (SVR)(Ruchun et al. 207 

2023). The core of SVC is to find the optimal classification hyperplane to maximize the margin between 208 

samples. As shown in Fig.2, in a two-dimensional space, data separation is achieved by constructing the func- 209 

tion ( ) ( )t T ty w x b= + , thereby forming the optimal model. SVR, on the other hand, constructs a regression 210 

model to make sample points approach it, ensuring smoothness. It seeks the optimal fitting model 211 

( ) ( )t T ty w x b= + in a two - dimensional space. This study employs the SVR algorithm. Its model is determined 212 

by a small number of support vectors, and its performance relies on these. Computational efficiency is deter- 213 

mined by the number of support vectors, making SVR efficient and having strong generalization capabilities 214 

when dealing with high-dimensional nonlinear problems, and stable in prediction even with small samples. 215 

   

(a) (b) (c) 

Fig.2 Basic principle of SVM method: (a) classification; (b) regression; (c) loss function. 216 
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SVR uses a loss function to measure prediction error, typically employing an insensitive loss function as 217 

shown in Equation (1). When the error is less than ε, the loss is 0, thus ignoring minor errors to reduce sensi- 218 

tivity. A penalty is applied only when the error exceeds the ε threshold. 219 
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where   represents the error threshold or constant. As shown in Fig. 2, the loss for data points inside the two 221 

blue bands is zero, while the loss for points outside is the red vertical length from the point to the blue boundary. 222 

Furthermore, SVR requires the introduction of a kernel function for nonlinear regression to map the input 223 

to a high - dimensional space for linear regression. The choice of the kernel function influences the algorithm's 224 

performance. The penalty factor C is also crucial: an excessively large C leads to over fitting (good perfor- 225 

mance on the training set but poor generalization on the test set), while an excessively small C leads to under 226 

fitting, resulting in high errors and an inability to perform correct regression. Therefore, a reasonable selection 227 

of the penalty factor C is essential for the performance of the SVR model. An appropriate C value ensures the 228 

model neither overfits nor underfits, thereby maintaining good generalization ability while improving the ac- 229 

curacy of regression predictions. The optimal value for the penalty factor C is typically determined and ad- 230 

justed on the training set using cross - validation. Based on the above, the objective function and constraints 231 

for the regression problem are: 232 
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At this point, to minimize the influence of noise points as much as possible and allow for a greater margin 235 

of error, slack variables v

t  and t

 are further introduced. Therefore, the objective optimization problem is 236 

transformed into: 237 
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Based on the above, the Lagrange function is constructed, and the equation is as follows: 240 
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 (6) 242 

By taking partial derivatives of the parameters , , ,v

t tw b   in the Lagrange function with respect to each un- 243 

known variable and setting them equal to 0, the following equations are obtained through the solution process: 244 
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Substituting the partial - derivative results from (7) to (10) into the Lagrange function in (6), the dual form of 249 

the optimization problem is obtained as: 250 
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(11) 251 

Similarly, for nonlinear problems, replacing the inner product operation in the above equation with the kernel 252 

function ( )( ) ,tK x x  yields the learning model of the support vector machine as: 253 
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3. Bridge Modelling and Uncertainty Sources 255 

3.1 Case-Study Bridge 256 

The case-study bridge is founded upon a prototype of a six-span curved girder bridge spanning a river in 257 

western China. The total length of the bridge is 150 meters, (with a span arrangement of 6 × 25 meters, and 258 

the width of the deck is 11.8 m. The superstructure is composed of seven C50 concrete girders with a height 259 

of 1.2 m. The center-line of the bridge follows a circular curve with a radius of R. The bent cap has a rectan- 260 

gular cross-section measuring 1.5 m × 1.7 m. The piers are of a double-column C40 concrete frame structure, 261 

where each column has a diameter of 1.6 m and is fabricated from C40 concrete. The bottom of the pier 262 

columns is connected by a transverse tie beam, and the height of the piers is 15 meters. The pier foundation 263 

adopts RC bored cast-in-place piles with a diameter of 1.8 m and a length of 19.6 m, which are constructed 264 



using C30 concrete. The width of the expansion joint between the abutment and the girder end is 11 cm. Both 265 

the pier tops and abutments utilize laminated rubber bearings. The overall layout is depicted in Fig. 3. Based 266 

on the design data of the case-study bridge, the backfill soil behind the abutment is artificial sandy fill. The 267 

soils at the abutment and pier locations, including the pile cap and pile foundation areas, are predominantly 268 

composed of silty sand and sandy clay. The bearing stratum beneath the pile tips is completely weathered 269 

limestone.  270 

 271 

Fig.3 Schematic diagram of a bridge (unit: cm) 272 

3.2 Parameterized Finite Element Model 273 

This research established a nonlinear finite element dynamic analysis model for the aforementioned 274 

curved bridge on the OpenSees platform, as shown in Fig. 4. The superstructure components, namely the main 275 

girders, bent caps, and tie beams, were simulated by means of elastic beam elements. The piers and pile foun- 276 

dations were modeled with nonlinear fiber elements. The constitutive behaviors of concrete and reinforcing 277 

steel were respectively characterized by the Concrete04 and Steel02 material models to consider their material 278 

non-linearity. To more realistically simulate the response characteristics of the bridge under seismic excitation, 279 

the model also incorporated the nonlinear effects of key components such as abutments, bearings, expansion 280 

joints, and shear keys, as well as the pile - soil interaction. These characteristics were simulated using Zero - 281 

Length elements. The specific modeling methodology can be referred to in the relevant literature(Li et al. 282 

2020; Li et al. 2024; Wu et al. 2025).  283 



 284 

Fig.4 OpenSees Finite element model of case-study bridge 285 

To further validate the rationality of the prototype model, the global dynamic characteristics of the bridge 286 

were investigated under varying scour depths. Table 1 presents the first three natural periods of the bridge for 287 

Hs = 0, 5, 10, and 15 m. It can be discerned that all three natural periods increase gradually as the scour depth 288 

increases. In comparison with the intact state, the first three periods increase by 4.9%, 5.3%, and 27.4% at Hs 289 

= 5 m, by 14.2%, 15.6%, and 34.6% at Hs = 10 m, and by 36.9%, 39.2%, and 50.1% at Hs = 15 m, respectively. 290 

This tendency is in line with the anticipated reduction in foundation restraint and the corresponding enhance- 291 

ment in global structural flexibility induced by scour. Therefore, the variation of modal properties corroborates 292 

the rationality of the scour - updated numerical model employed in the current study. Additionally, the con- 293 

stitutive assumptions for representative nonlinear components were verified against previously validated stud- 294 

ies of analogous bridge systems. 295 

Table 1. Modal properties of the bridge under different scour depths 296 

Hs(m) T1 Increment T2 Increment T3 Increment 

0 0.670 0% 0.584 0% 0.387 0% 

5 0.703 4.90% ↑ 0.615 5.30% ↑ 0.493 27.4% ↑ 

10 0.765 14.2% ↑ 0.675 15.6% ↑ 0.521 34.6% ↑ 

15 0.917 36.9% ↑ 0.813 39.2% ↑ 0.581 50.1% ↑ 

It is particularly noteworthy that, given the differences in tangential and radial azimuth angles at various 297 

piers and abutments of the case-study bridge (refer to Fig.3), the local coordinate system of the aforementioned 298 

Zero - Length elements in the model must be defined as a function of parameters such as the curvature radius 299 
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R and span length. Moreover, since the subsequent research also takes into account the random flood - induced 300 

scouring effect, the parameters of the PySimple1 model for the pile - soil Zero - Length elements will vary 301 

with the scour depth(Wu et al. 2025). As the scour depth increases, the surrounding soil layers around the 302 

foundations are gradually eroded, leading to a significant reduction in lateral stiffness and load - carrying 303 

capacity. Therefore, in this study, the lateral p - y spring elements within the scour depth (Hs) were re- 304 

moved(Tubaldi et al. 2018; Scozzese et al. 2023) to simulate the effects of flood - induced scour in the 305 

updated finite element (FE) models. Additionally, the lateral stiffness of the remaining p–y springs below the 306 

scour line was adjusted accordingly to account for the loss of upper soil support. Fig. 4 depicts the scoured 307 

pile - soil - interaction model with the updated p-y springs.  308 

3.3 Input Parameters and Uncertainties 309 

In the construction of the ML sample database for this research, a total of 39 random parameters were 310 

chosen as input variables. Table 2 presents the mean (μ), standard deviation (σ), and corresponding probability 311 

distribution types for all input variables. Among them, X1 to X35 signify uncertainty parameters associated 312 

with structural modeling, encompassing those related to structural unit weight, sub - structure (pier, pile) di- 313 

mensions and materials, as well as diverse boundary condition parameters. X36 represents the random flood - 314 

induced scour depth, X37 denotes the curvature radius of the girder centerline, and X38 to X39 are parameters 315 

related to ground motion. This study utilizes Latin Hypercube Sampling (LHS) to sample the input variables 316 

from the parameter ranges specified in Table 2, thus generating bridge model - ground motion analysis sam- 317 

ples. Simultaneously, the sampled values of these uncertain parameters will act as the numerical inputs for the 318 

ML model. 319 

Table 2. Uncertainty parameters of bridges and their probability distributions 320 

Input 
Symbol 

(unit) 
Distribution Input  

Symbol 

(unit) 
Distribution 

X1 w  ( 1.06,COV 10%)N  = =  X21 ccu_pile  ( 0.015,COV=30%)LN  =  

X2 (m)D  ( 1.6,COV 5%)N  = =  X22 (MPa)sE  ( 2E5,COV=3%)LN  =  

X3 (m)c  ( 0.05,COV 10%)N  = =  X23 (MPa)yf  ( 378,COV=7%)LN  =  

X4 _ (m)pileD  ( 1.8,COV 5%)N  = =  X24 B  ( 0.0012,COV=20%)LN  =  

X5 _ (m)pilec  ( 0.08,COV 5%)N  = =  X25 PTEB  U(0.2,0.3)  

X6 (mm)d  ( 32,COV 3.5%)N  = =  X26 (MPa)PTEBG  ( 1.2,COV 14%)N  = =  

X7   ( 0.05,COV 15%)N  = =  X27 (kN/m)P LRBK
−

 ( 1500,COV 14%)N  = =  



X8 c_pier (MPa)E  ( 3.25E4,COV=14%)LN  =  X28 ult (kN)P  U(0.5 1.5 )P P，  

X9 c_pier (MPa)f  ( 32,COV=20%)LN  =  X29 (kN/m)PassiveK  U(0.5 1.5 )P PK K，  

X10 c_pier  ( 0.002,COV=20%)LN  =  X30 (kN/m)ActiveK  U(0.5 1.5 )A AK K，  

X11 cu_pier  ( 0.006,COV=20%)LN  =  X31 (m)  U(0.08,0.12)  

X12 cc_pier (MPa)f  ( 39,COV=20%)LN  =  X32 (kN/m)effK  ( 1.94E6,COV=14%)LN  =  

X13 cc_pier  ( 0.004,COV=20%)LN  =  X33 (MPa)yyf  ( 378,COV=7%)LN  =  

X14 ccu_pier  ( 0.016,COV=20%)LN  =  X34 (MPa)uyf  ( 520,COV=7%)LN  =  

X15 c_pile (MPa)E  ( 3E4,COV=14%)LN  =  X35 (m)  U(0.03,0.10)  

X16 c_pile (MPa)f  ( 24,COV=14%)LN  =  X36 (m)sH  ( 7.2,COV=26%)LN  =  

X17 c_pile  ( 0.002,COV=20%)LN  =  X37 (m)R  U(50,2 )00  

X18 cu_pile  ( 0.006,COV=20%)LN  =  X38   U(0,2 )  

X19 cc__pile (MPa)f  ( 30,COV=21%)LN  =  X39 PGV  Discrete 

X20 cc_pile  ( 0.004,COV=20%)LN  =     

*N denotes normal distribution, LN denotes lognormal distribution, and U denotes uniform distribution.
w and represent the struc- 321 

tural unit weight coefficient and damping ratio, respectively. _pierD and _ pierc represent the pier column diameter and concrete cover 322 

thickness. _pileD and _ pilec represent the pile foundation diameter and concrete cover thickness. c_pierE , c_pierf , c_pier , cu_pier , cc_pierf , 323 

cc_pier and ccu_pier represent the elastic modulus, unconfined compressive strength, unconfined peak compressive strain, unconfined 324 

ultimate compressive strain, confined compressive strength, confined peak compressive strain, and confined ultimate compressive 325 

strain of the C40 concrete for the pier columns, respectively. c_pierE , c_pierf , c_pier , cu_pier , cc_pierf , cc_pier and ccu_pier represent the cor- 326 

responding parameters for the C30 concrete of the pile foundations. d ,
sE , yf and B represent the reinforcing bar diameter, elastic 327 

modulus, yield strength, and strain hardening ratio, respectively.
ultP ,

PassiveK and
ActiveK represent the abutment passive ultimate ca- 328 

pacity, passive tangent stiffness, and active effective stiffness, respectively.  and
effK represent the expansion joint gap width and 329 

effective impact stiffness. yyf , uyf and represent the shear key (or restrainer) bar yield strength, ultimate strength, and shear key 330 

gap, respectively. sH , R and denotes the flood-induced scour depth, horizontal curvature radius of the curved girder, respectively. 331 

PGV represent the peak ground velocity. 332 

In the annotation at the end of Table 2, the designations and connotations of each input variable are 333 

enumerated. For parameters X1-X35 in Table 2, their values and uncertainties were determined based on the 334 

actual conditions of the case-study bridge and with reference to existing literature(Li et al. 2020; Hu et al. 335 

2022; Wu et al. 2025). Regarding the random flood - induced scour depth X36, this research utilizes the 336 



modified formula based on the CSU equation in HEC - 18 to compute the local scour depth at bridge 337 

piers(Arneson et al. 2012): 338 
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   (13) 339 

where, psy , 0py and 0pV respectively denote the local scour depth, water depth, and flow velocity at the pier loca- 340 

tion; a represents the effective width of the pier perpendicular to the flow direction. 1 2 3p p ps K K K、 、 、 are coef- 341 

ficients associated with the model, pier shape, flow attack angle, and flow conditions, respectively; g signifies 342 

the gravitational acceleration (9.8 m/s²). This research gathered 40 - year historical annual peak discharge data 343 

at the bridge site and conducted frequency analysis, as presented in Fig. 5(a)~(b). The figures demonstrate 344 

that the peak discharge conforms to a log - normal distribution with a mean of 6.19 and a standard deviation 345 

of 0.61. Subsequently, by taking into account the uncertainties in parameters such as
s ,

2K ,
3K ,n, s, a, and w 346 

with reference to existing literature(Wu et al. 2024), the probability density distribution of the scour depth 347 

was fitted through Monte Carlo simulation. As shown in Fig.5(c), the results suggest that it is reasonable to 348 

represent the randomness of the scour depth using a log - normal distribution.  349 
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Fig.5 Uncertainty distribution of floods and ground motions considered in this study: (a) Historical flow records; (b) 350 

Historical flow; (c) Scour depth; (d) Magnitude and distance. 351 



Furthermore, to obtain ground motion input data with a wide range of variation, this study selected 140 352 

sets of far-field random ground motion data collected in previous research (Yao 2023) to simulate the ran- 353 

domness of input records. The corresponding distribution of magnitude and distance for theses ground motion 354 

are shown in Fig.5(d). The ground motion input method in the OpenSees model was simultaneous bidirec- 355 

tional input in the longitudinal and transverse directions. Although previous research indicates that the Spectral 356 

Acceleration (SA) corresponding to the structure's fundamental period is more suitable as the Intensity Meas- 357 

ure (IM) for the seismic fragility analysis of small and medium-span bridges(Padgett et al. 2008; Aljawhari 358 

et al. 2021; Jamdar et al. 2024), the consideration of random flood-induced scour in the present study leads 359 

to variations in the fundamental period of the bridge model under different scour conditions. The modal anal- 360 

ysis shows that the first natural period increases from 0.670 s to 0.917 s as scour depth increases from 0 m to 361 

15 m. Therefore, this paper adopts Peak Ground Velocity (PGV) as the IM for the bridge seismic fragility 362 

analysis. 363 

3.4 Output Parameters and Uncertainties 364 

The selection of output parameters is another significant critical variable that need to be identified in 365 

machine learning analysis. In addition, their damage indices are used to measure the damage state of structures 366 

or components. These indices are related to the Engineering Demand Parameters (EDPs) in seismic fragility 367 

analysis. In bridge seismic fragility analysis, structural damage is typically classified into four levels: Slight 368 

Damage (DS1), Moderate Damage (DS2), Extensive Damage (DS3), and Complete Damage (DS4). Since 369 

piers, bearings, abutments, and scoured pile foundations are all vulnerable parts in the seismic design of 370 

bridges(Wu et al. 2024; Wu et al. 2025), this study selects the curvature ductility ratio of pier and pile sections 371 

(  ), the she
d is strain of pier bearings (  ), the displacement ductility ratio of abutment bearings (), and the 372 

displacements of the abutment in the active and passive directions ( Abut _ activ , Abut _ pass ) as the output parameters 373 

and EDPs. The corresponding damage indices are listed in Table 3. Meanwhile, with reference to existing 374 

research(Li et al. 2024; Wu et al. 2025), the uncertainty in the seismic capacity of different components is 375 

considered, as shown in Table 3. 376 

Table 3. Uncertainty and seismic capacity of different components at four damage states 377 

Out-

put 

Component Name EDP(Unit) 

DS1 DS2 DS3 DS4 

cs  
c  

cs  
c  

cs  
c  

d  
c  



Y1 Curvature ductility of pier top pier _ T (/) 1 0.127 1.35 0.247 6.48 0.321 11.16 0.383 

Y2 Curvature ductility of pier bottom pier _ B (/) 1 0.127 1.32 0.247 5.86 0.321 11.13 0.383 

Y3 Curvature ductility of foundation pile (/) 1 0.127 1.27 0.247 4.62 0.321 10.27 0.383 

Y4 
Radial displacement ductility of 

pier bearing 
_pier rad (/) 1 0.246 1.5 0.246 2 0.472 2.5 0.472 

Y5 
Tangential displacement ductility 

of pier bearing 
_ tanpier (/) 1 0.246 1.5 0.246 2 0.472 2.5 0.472 

Y6 
Radial shear strain of abutment 

bearing 
_abut ran (/) 1 0.246 1.5 0.246 2 0.472 4 0.472 

Y7 
Tangential shear strain of abut-

ment bearing 
_ tanabut (/) 1 0.246 1.5 0.246 2 0.472 4 0.472 

Y8 
Displacement of abutment in ac-

tive direction 
abut _ act (mm)  13 0.246 26 0.246 78 0.472 150 0.472 

Y9 
Displacement of abutment in pas-

sive direction 
abut _ pas (mm)  5.5 0.246 11 0.246 35 0.472 100 0.472 

 378 

4. Parameterized Multidimensional fragility Function of Bridges 379 

4.1 PSDM and MPSDM 380 

In seismic fragility analysis, the Probabilistic Seismic Demand Model (PSDM) is a crucial tool for as- 381 

sessing the relationship between structural response and seismic intensity. Traditional PSDM methods typi- 382 

cally employ a log-linear regression model, which approximates the relationship between the seismic demand 383 

parameter (EDP) and the intensity measure (IM) through fitting, as expressed by the following approximate 384 

formula: 385 

 bEDP = a(IM)  or ln ln lnEDP a b IM= +                       (14) 386 

where a and b are the regression coefficients. The parameter IMEDP
 is evaluated based on the statistical analysis 387 

of ln EDP and ln IM : 388 

 
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ln( ) ln( )

2

N

IM iEDP i
EPD IM

N


=
= −

−                       (15) 389 

where,
iEDP is the demand from the ith ground motion input, and N is the number of dynamic time-history 390 

analyses. The aforementioned traditional PSDM has its limitations. This paper employs the Support Vector 391 

Regression (SVR) method to establish a multidimensional probabilistic seismic demand model (MPSDM). 392 

The input features for this model not only include the IM but also introduce other influencing factors, such as 393 

scour depth, incidence angle, and structural parameters. The SVR-based EDP predicted model f(x) can be 394 

calculated as: 395 



i 1

( ) ( , )
N

i if x K x x b
=

= +                             (16) 396 

where K(xi, x) is the kernel function, xi denotes the input features,
i and b are parameters of the support vector 397 

machine. Through nonlinear mapping, the SVR can effectively capture the complex nonlinear relationships 398 

among input features, thereby enhancing the model's prediction accuracy and adaptability. Compared to tra- 399 

ditional regression-based PSDM, the SVR-based MPSDM can handle a greater number of input parameters 400 

and does not rely on linear assumptions. This enables the SVR method to better describe the structural response 401 

of bridges under the combined effects of multiple hazards and various uncertainty factors. By training with 402 

SVR, the complex relationships between each input feature and the seismic demand parameters can be ob- 403 

tained. 404 

To ascertain the optimal dataset size for the development of the Support Vector Regression (SVR)-based 405 

multidimensional probabilistic seismic demand model (MPSDM), a convergence analysis was initially per- 406 

formed with four incrementally augmented sample sizes: N=560, 840, 1120, and 1400. Fig. 6 illustrates the 407 

predictive performance of the SVR model for the nine engineering demand parameters (EDPs), evaluated 408 

using the coefficient of determination (R2) and the root mean square error (RMSE). R2 measures the proportion 409 

of variance in the sample data accounted for by the model, with values approaching unity indicating superior 410 

model fit. RMSE quantifies the average magnitude of deviation between predicted and observed values, where 411 

lower values correspond to reduced prediction errors. 412 
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where 
iy represents the actual value of the sample, ˆ

iy represents the model's predicted value,
iy represents the 415 

sample mean, and n is the number of samples. Generally, a higher R2 and a smaller RMSE indicate superior 416 

model prediction performance. 417 

The overall prediction accuracy improves while the prediction error decreases when the sample size in- 418 

creases from 560 to 1400, indicating that the additional samples substantially enhance the learning capability 419 

of the SVR model in the high-dimensional parameter space. Similarly, Soleimani (2022) employed 960 sim- 420 

ulation samples for fragility modeling involving 36 uncertain input parameters and demonstrated satisfactory 421 

prediction accuracy. Considering that the present study involves a larger uncertainty space with 39 random 422 



input variables, including stochastic scour depth, curvature radius, and seismic incidence angle, a relatively 423 

larger data set is required to ensure sufficient coverage of the parameter domain and reliable nonlinear map- 424 

ping between inputs and seismic responses. Therefore, a total of 1400 bridge-analysis samples were finally 425 

selected to establish the database of the proposed SVR-based MPSDM. Each sample consists of one set of 426 

input parameters and the corresponding EDPs obtained from nonlinear time-history analysis. The dataset was 427 

divided into two parts referring to a previous study(Wang 2024): 90% of the samples were used for model 428 

training, while the remaining 10% were reserved as an independent test set. During model development, 429 

Bayesian optimization was performed on the training dataset, and 5-fold cross-validation was adopted as the 430 

internal validation procedure for hyper-parameter tuning and model selection. 431 

 432 

Fig.6 Convergence analysis of the SVR model under different training sample sizes. 433 

4.2 Hyper-parameter Optimization of the SVR Algorithm 434 

The establishment of an SVR model largely depends on its hyper-parameters, which determine the mod- 435 

el's generalization and learning abilities. In this study, when constructing the SVR model, the Radial Basis 436 

Function (RBF) is employed as the kernel function to characterize the complex nonlinear relationship between 437 

the input variables and the Engineering Demand Parameters (EDPs). To enhance the generalization ability of 438 

the Support Vector Regression model, the Bayesian optimization method is used to automatically search for 439 



the optimal penalty coefficient (C), kernel function parameter (  ), and epsilon-insensitive loss parameter (  ). 440 

The 5-fold cross-validation mean squared error (CV_MSE) is adopted as the objective function. The evaluation 441 

results from each iteration during the hyper-parameter search are recorded, and the convergence curve of the 442 

objective function is plotted, as shown in Fig. 7. Simultaneously, the optimal hyper-parameter combinations 443 

and corresponding model performance metrics for the nine EDPs listed in Table 3 are extracted, as presented 444 

in Table 4. It can be observed from Fig. 7 that as the number of function evaluations increases, the historical 445 

optimal objective value gradually decreases and stabilizes. This indicates that the Bayesian optimization 446 

method employed in this study can effectively search for a superior combination of SVR hyper-parameters. 447 

 448 

Fig.7 Hyper-parameter optimization process of SVR model 449 

Table 4. Optimal Hyper-parameters of the developed SVR model 450 

Output C     CV_RMSE 

Y1 40.46 0.0042 0.0025 0.24 

Y2 21.66 0.0010 0.0017 0.21 

Y3 1000.00 0.1189 0.0001 0.21 

Y4 985.88 0.0744 0.0004 0.16 

Y5 192.20 0.0024 0.0006 0.19 

Y6 1000.00 0.0579 0.0001 0.16 

Y7 1000.00 0.0037 0.0003 0.22 



Y8 1000.00 0.0404 0.0001 0.17 

Y9 475.38 0.0258 0.2525 0.18 

4.3 Validation of the SVR-Based PSDM 451 

To further validate the effectiveness of the established machine learning MPSDM, this study employs 452 

the coefficient of determination R2 and the root mean square error RMSE as evaluation metrics.  Generally, 453 

a higher R2 and a smaller RMSE indicate superior model prediction performance. Fig. 8 presents a comparison 454 

of and RMSE between the traditional linear PSDM and the SVR-based multidimensional PSDM for nine re- 455 

sponse indicators: curvature at pier top, curvature at pier bottom, curvature of pile foundation, radial displace- 456 

ment of pier bearing, tangential displacement of pier bearing, radial displacement of abutment bearing, tan- 457 

gential displacement of abutment bearing, active displacement of abutment, and passive displacement of abut- 458 

ment. The results indicate that the SVR model achieves higher R2 and lower RMSE across all components 459 

compared to the traditional linear PSDM, demonstrating that SVR possesses better fitting capability and higher 460 

prediction accuracy. The improvement is most pronounced for components 8 and 9, indicating that for com- 461 

ponent responses with stronger nonlinear characteristics, the traditional linear PSDM struggles to accurately 462 

capture the variation pattern of their demands, whereas the SVR model can more effectively capture the com- 463 

plex mapping relationships under the coupling effects of multiple parameters. Therefore, the multidimensional 464 

PSDM constructed based on SVR is more suitable for the subsequent seismic fragility analysis in this study. 465 

 466 

Fig.8 Comparison of the predictive performance of traditional PSDM and LM PSDM: (a) Coefficient of Determina- 467 

tion (R²); (b) Root Mean Square Error (RMSE). 468 

In addition to the improved predictive accuracy indicated by higher R2 and lower RMSE, the trained SVR- 469 

based MPSDM can serve as a surrogate demand model for rapid fragility evaluation under different parameter 470 

combinations. This avoids rerunning nonlinear time-history analyses for each individual scenario and is there- 471 

fore particularly suitable for multi-parameter fragility surface construction. It should be noted that the purpose 472 



of this comparison is not to establish the universal superiority of SVR over all nonlinear surrogate models, but 473 

to demonstrate that an SVR-based multidimensional PSDM provides an effective nonlinear alternative to the 474 

conventional linear PSDM for the present fragility problem. 475 

4.4 SVR-Based Multi-parameter fragility Model 476 

Based on the established SVR-based MPSDM, a multi-parameter parameterized seismic fragility model of 477 

RC curved bridges is further constructed. Different from the analytical methods in traditional fragility analysis, 478 

which are based on log-linear demand models and preset probability distributions, this study employs SVR to 479 

establish a nonlinear mapping relationship between the input parameters and the EDPs. Combined with Monte 480 

Carlo random sampling, the probability of the structure reaching or exceeding a given damage state under 481 

different parameter combinations is estimated, thereby constructing seismic fragility surfaces that consider the 482 

influence of factors such as scour depth, curvature radius, and seismic input angle. The input feature vector X 483 

is expressed as follows: 484 

1 2 35[ , , , , , , ],s RX X X H IM= X
                         

（19） 485 

where, Hs represents the scour depth, R represents the curvature radius, θ is the seismic input angle, IM is the 486 

ground motion intensity measure, and 
1 2 35 ][ , , ,X X X  are the bridge structural random parameters. Based on 487 

the trained SVR model, the seismic demand prediction function can be established as: 488 

( )ln( ) (X)SVREDP f=                  （20） 489 

When the predicted demand, EDP, exceeds the capacity threshold corresponding to a specific damage state 490 

kdsC , the structure reaches or exceeds the kth damage state: 491 

kdsEDP C                      （21） 492 

Under a given combination of control parameters, the Monte Carlo method is employed to sample the 493 

remaining random variables. The samples are then input into the SVR model to obtain the corresponding 494 

demand values, subsequently enabling the statistical calculation of the failure probability: 495 
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P DS DS Z I EDP C
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  =  ∣               （22） 496 

where, Z denotes different parameter combinations, N is the number of sampling iterations, and I[·] is the 497 

indicator function, which takes the value 1 if the condition inside the brackets holds true, and 0 otherwise. By 498 

repeating the aforementioned process within the parameter space, the exceedance probabilities for each dam- 499 

age state under different parameter combinations can be obtained, enabling the further construction of multi- 500 

parameter seismic fragility surfaces. Fig. 9 displays the developed fragility surfaces for the abutment bearings 501 



in the tangential direction under varying scour depths (Hs), seismic input angles (θ), and curvature radius (R). 502 

Compared to traditional one-dimensional fragility curves, this method can more intuitively reveal the coupling 503 

effects of parameters such as scour depth, curvature radius, and seismic input angle on the damage probability 504 

of bridges. 505 
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Fig.9 Seismic fragility surfaces of pier and abutment bearing under different conditions: (a) Pier-Hs; (b) Pier-θ; (c) 506 

Pier-R; (d) Abutment Bearing-Hs; (e) Abutment Bearing-θ; (f) Abutment Bearing-R. 507 

In summary, the developed SVR-based multi-parameter fragility model in this study integrates the effi- 508 

cient nonlinear fitting capability of machine learning with the probabilistic estimation power of Monte Carlo 509 

simulation. It enables the estimation of the probability of a bridge reaching or exceeding a given damage state 510 

under different parameter combinations. Based on this model, subsequent chapters will present the bridge 511 

seismic fragility curves under varying conditions of scour depth, curvature radius, and seismic input angle, 512 

and analyze the influence patterns of each parameter on the structural damage probability. 513 



5. Impact of Different Parameters on the Seismic fragility  514 

5.1 Impact Analysis of Scour Depth 515 

To examine the influence of scour depth on the seismic fragility of parameterized RC curved bridges, 516 

four representative scour conditions with Hs values of 0, 5, 10, and 15 m were selected. While keeping all 517 

other parameters constant, fragility curves were developed for nine response indicators under both slight dam- 518 

age (DS1) and moderate damage (DS2), as depicted in Fig.10. The selected indicators encompass the curvature 519 

at the pier top and pier bottom, the curvature of the pile foundation, the tangential and radial displacement 520 

ductility ratios of the pier bearings, the tangential and radial displacement ductility ratios of the abutment 521 

bearings, and the maximum abutment displacements in the active and passive directions. These indicators 522 

were chosen to characterize the seismic fragility of the key components of the curved bridge.  523 
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Fig.10 Seismic ragility curves of pier column and abutment bearing under different conditions:(a) Pier_top; (b) 524 

Pier_bottom; (c) Pile; (d) Pier_bearing_rad; (e) Pier_bearing_tan; (f) Abutment_bearing_rad; (g) Abutment_bear- 525 

ing_tan; (h) Abutment_active; (i) Abutment_passive. 526 

As depicted in Fig. 10, the responses of different components to variations in scour depth display sub- 527 

stantial disparities. As the scour depth Hs increases, the fragility curves corresponding to the pier top, pier 528 

bottom, and the radial pier bearing undergo an overall right - ward shift. This implies that their failure proba- 529 

bilities under the same seismic intensity gradually decline. For instance, at a peak ground velocity (PGV) of 530 

70 cm/s, the failure probability of the pier bottom under damage state 2 (DS2) decreases from 54.9% to 1.5% 531 

as the scour depth increases from 0 m to 15 m. Meanwhile, the failure probability of the radial pier bearing 532 

under damage state 1 (DS1) decreases from 69.3% to 6.4%, with reduction rates of 97.3% and 90.8% respec- 533 

tively. Conversely, the fragility curves corresponding to the pile foundation, tangential pier bearing, tangential 534 

abutment bearing, and the abutment displacement in the active and passive directions generally shift to the 535 

left. This indicates that the failure probabilities of these components increase notably with the deepening of 536 

scour. For example, at PGV = 70 cm/s, the failure probability of the pile foundation under DS2 rises from 2.7% 537 

to 98.8%, and that of the tangential abutment bearing increases from 6.0% to 39.8% as the scour depth in- 538 

creases from 0 m to 15 m, representing increases of 96.1 and 33.8 percentage points respectively. In contrast, 539 

the radial displacement ductility ratio of the abutment bearing is less influenced by scour. 540 

These findings suggest that as scour weakens the soil restraint around the foundation and enhances the 541 

overall structural flexibility, the damage demand is redistributed from some pier sections to displacement - 542 

controlled components, especially pile foundations, tangential bearings, and abutments. Specifically, the pier 543 

bearings demonstrate a differential characteristic of "decrease in the radial direction and increase in the tan- 544 

gential direction." The abutment bearings, on the other hand, exhibit a response pattern of "minor change in 545 

the radial direction and significant change in the tangential direction." This demonstrates that scour has incon- 546 

sistent impacts on the responses of different bearings and directions in curved bridges. Overall, flood - induced 547 

scour causes a shift in the potential weak locations of parameterized reinforced concrete (RC) curved bridges, 548 

which is consistent with the findings reported by Ganesh Prasad and Banerjee (2013), Wu et al. (2024), 549 

and Hung and Yau (2017), who also demonstrated that scour-induced loss of foundation restraint may sig- 550 

nificantly alter structural demand distribution and amplify seismic fragility . Therefore, fragility analyses un- 551 

der the combined effects of scour and earthquake should give particular consideration to the damage risks of 552 

foundation and boundary components.  553 



5.2 Impact Analysis of Seismic Input Angle 554 

To examine the influence of the seismic input angle θ on the seismic fragility of parameterized reinforced 555 

concrete (RC) curved bridges, six representative response indicators were selected: the curvature at the pier 556 

bottom, the radial displacement ductility ratio of the pier bearing, the tangential displacement ductility ratio 557 

of the pier bearing, the radial displacement ductility ratio of the abutment bearing, the tangential displacement 558 

ductility ratio of the abutment bearing, and the maximum displacement of the abutment in the active direction.  559 

fragility surfaces for different damage states under the combined action of peak ground velocity (PGV) and 560 

the input angle were established for these indicators, as shown in Fig. 11. Furthermore, to further clarify the 561 

angular dependence of representative components, the failure probabilities at PGV = 70 cm/s were presented 562 

in polar form in Fig. 12. The selected components represent the main response of the pier, the connection 563 

response of the bearings, and the boundary response of the abutment, which can comprehensively reflect the 564 

impact of the seismic input direction on the damage probability of key parts of the curved bridge. 565 
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Fig.11  The impact of varying earthquake input angles on the seismic fragility of bridge components: (a) Pier_top; 566 

(b) Pier_bearing_rad; (c) Pier_bearing_tan; (d) Abutment_bearing_rad; (e) Abutment_bearing_tan; (f) Abut- 567 

ment_active. 568 
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Fig.12 Failure probability versus seismic incidence angle for representative components at PGV=70cm/s: (a) Pier 569 

Top; (b) Pier Bearing; (c) Abutment Bearing; (d) Abutment Active. 570 

As depicted in Fig. 11, the sensitivity of different components to the seismic input angle θ varies signif- 571 

icantly. The failure probability of the pier exhibits minimal variation with the input angle. Although its sensi- 572 

tivity to the excitation orientation increases as the limit state rises, the overall influence of the input direction 573 

on the pier response remains limited. In contrast, the bearings and abutments are more sensitive to the input 574 

angle and display a distinct most unfavorable incidence direction. Among them, the radial pier bearing varies 575 

considerably with θ across different damage states, with the most unfavorable input angles mainly around 150° 576 

and 330°. The failure probability corresponding to the tangential pier bearing is relatively small and is less 577 

affected by the input angle. The abutment bearings show different patterns. The tangential abutment bearing 578 

corresponds to a higher failure probability and is more sensitive to the input angle, with the most unfavorable 579 

angles concentrated mainly around 90° and 270°. The displacement of the abutment is also notably affected 580 

by the input angle, and its most adverse direction is also approximately 90° and 270°.Thesensitivity of bearings 581 

and abutments to seismic incidence angle agrees with previous studies (Feng et al. 2018; Rashid and Nishio 582 



2025; Tehrani and Heydarpour 2025), which also identified the earthquake input direction as an important 583 

factor governing the seismic response of curved bridges. 584 

The aforementioned findings suggest that the seismic input angle exerts a substantial influence on the 585 

damage risk of boundary components, including bearings and abutments, by modifying the in - plane response 586 

characteristics of the curved bridge. In contrast, its impact on the pier response is relatively restricted. Conse- 587 

quently, in the seismic fragility analysis of curved bridges, the effect of the input angle should be fully taken 588 

into account, with special attention being paid to controlling the damage of bearings and abutments under the 589 

most adverse input directions.  590 

5.3 Impact Analysis of the Curvature Radius 591 

To analyze the influence of the bridge curvature radius R on the seismic fragility of parameterized rein- 592 

forced - concrete (RC) curved bridges, four representative cases with R = 50, 100, 150, and 200 m were taken 593 

into consideration. While keeping all other parameters constant, the fragility curves for the nine key compo- 594 

nents under different curvature radii were separately plotted, as depicted in Fig. 13. Fig. 13 shows that as the 595 

curvature radius R increases, the fragility curves of all components generally shift rightward. This implies that 596 

a larger curvature radius can decrease the failure probability of parameterized RC curved bridges under seis- 597 

mic action, though the sensitivity of different components varies. The influence of curvature radius observed 598 

in this study is also consistent with earlier investigations by previous studies (Tondini and Stojadinovic 2012; 599 

Jeon et al. 2016; Jiao et al. 2018), which reported that smaller curvature radii generally lead to stronger 600 

irregular response and higher seismic demand. The curvature at the pier top, curvature at the pier bottom, and 601 

curvature of the pile foundation are relatively less affected by changes in the curvature radius, with the damage 602 

probabilities under different radii being quite comparable. In contrast, the responses associated with bearings 603 

and abutments are more significantly influenced by variations in the curvature radius. For the pier bearings, 604 

the damage probability corresponding to the radial displacement is greater than that of the tangential displace- 605 

ment, and the radial response is more sensitive to changes in the curvature radius. For the abutment bearings, 606 

the failure probability in the tangential direction is generally higher than that in the radial direction, and both 607 

are significantly affected by variations in the curvature radius. In particular, under strong ground motions, the 608 

radial damage of the abutment bearings is more sensitive to the curvature radius. For instance, at a peak ground 609 

velocity (PGV) of 150 cm/s, as the curvature radius increases from 50 m to 200 m, the failure probability of 610 

the radial abutment bearing decreases significantly from 48.0% to 3.7%, corresponding to a relative reduction 611 



of approximately 92.3%. Regarding abutment displacement, the damage probability corresponding to the ac- 612 

tive direction is generally greater than that in the passive direction. Overall, the results suggest that an increase 613 

in the curvature radius can, to a certain extent, alleviate the spatial response effects induced by the plan irreg- 614 

ularity of curved bridges. This influence is mainly manifested in the boundary and connection components, 615 

such as bearings and abutments. 616 
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Fig.13 The impact of varying curvature radii on the seismic fragility of bridge components: (a) Pier_top; (b) 617 

Pier_bottom; (c) Pile; (d) Pier_bearing_rad; (e) Pier_bearing_tan; (f) Abutment_bearing_rad; (g) Abutment_bear- 618 

ing_tan; (h) Abutment_active; (i) Abutment_passive. 619 



5.4 Coupled Effects of Different Parameters 620 

To further clarify the seismic fragility evolution of parameterized curved reinforced concrete (RC) girder 621 

bridges under multi - parameter interactions, the tangential displacement ductility ratio of the abutment bearing 622 

is selected as a representative index owing to its high sensitivity to parameter variations. At a peak ground 623 

velocity (PGV) of 80 cm/s, the joint effects of the curvature radius R and seismic input angle θ, the curvature 624 

radius R and scour depth Hs, and the seismic input angle θ and scour depth Hs are respectively discussed. Fig. 625 

14 - Fig.16 display the fragility comparisons for slight and moderate damage states. 626 

The results reveal that, under fixed PGV and Hs conditions, the failure probability generally decreases as 627 

the curvature radius increases. Meanwhile, it shows significant fluctuations with the seismic input angle, 628 

reaching relatively high levels near 90° and 270°. This indicates a distinct coupling effect between the curva- 629 

ture radius and the seismic input angle. The curvature radius mainly affects the overall level of damage prob- 630 

ability, and the input angle primarily determines its fluctuation pattern and the most unfavorable direction. 631 

Under different scour depth conditions, the failure probability decreases as the curvature radius increases. For 632 

the same curvature radius, it increases with the increase of the scour depth. This implies that a significant 633 

coupling effect also exists between the curvature radius and the scour depth. The combination of a small 634 

curvature radius and a large scour depth is more likely to form a high - risk scenario. Under different scour 635 

depth conditions, the failure probability shows significant fluctuations with the seismic input angle. For the 636 

same input angle, it generally increases with the increase of the scour depth. This suggests that the seismic 637 

input angle mainly controls the fluctuation characteristics of the damage probability along the angular direc- 638 

tion, while the scour depth mainly raises its overall probability level. 639 

In conclusion, the seismic fragility of parameterized RC curved bridges exhibits distinct multi - parameter 640 

coupling characteristics. The curvature radius, seismic input angle, and scour depth jointly govern the bridge 641 

damage risk and the distribution of unfavorable conditions. Bridge components under the combined scenario 642 

of a small curvature radius, a relatively large scour depth, and an unfavorable input direction are more prone 643 

to entering high - damage states. This combination should be a key focus in seismic design and risk assessment.  644 



 645 

Fig.14 Comparison of the tangential damage probability of bridge abutment bearings with different curvature radii 646 

under various incidence angles: (a) DS1; (b) DS2. 647 

 648 

Fig.15 Comparison of damage probabilities of tangential displacement at abutment bearings under different inci- 649 

dence angles for different curvature radii: (a) DS1; (b) DS2. 650 

 651 

Fig.16 Comparison of damage probability of abutment bearings with different scouring depths under different inci- 652 

dent angles: (a) DS1; (b) DS2. 653 

6. Discussion 654 

This research presents a seismic fragility analysis framework for curved bridges based on machine learn- 655 

ing, taking into account the impacts of stochastic flood scour under the multi - hazard coupling of flooding 656 

and earthquakes. In contrast to traditional methods that characterize scour depth with a single extreme value, 657 



the proposed framework explicitly incorporates the randomness of scour depth and its coupled effects with 658 

ground - motion intensity, seismic input angle, and bridge geometric parameters. This allows for a more pre- 659 

cise evaluation of the damage risk of irregular curved bridges under complex environmental loading condi- 660 

tions.  661 

With reinforced concrete (RC) curved bridges as the research subject, a parameterized finite - element 662 

model is established on the OpenSees platform. In this model, uncertainties in structural design, flood scour 663 

effects, and uncertainties in seismic input are comprehensively considered. Within this framework, the support 664 

vector regression (SVR) method is employed to construct a multidimensional probabilistic seismic demand 665 

model (PSDM) to capture the coupled nonlinear relationships between multiple input variables and bridge 666 

responses. Comparative analysis reveals that, for all key components, the SVR model attains higher R2 values 667 

and lower root - mean - square error (RMSE) values compared to the traditional linear PSDM, indicating that 668 

it offers a more effective nonlinear surrogate for the current fragility problem. Moreover, based on the devel- 669 

oped multidimensional PSDM, parametric fragility models are formulated under different random scour 670 

depths, ground - motion intensities, seismic input angles, and curvature radii. Although the present study fo- 671 

cuses on the SVR model due to its strong generalization capability for medium-sized datasets and high-di- 672 

mensional nonlinear problems, other nonlinear machine-learning models such as artificial neural networks, 673 

random forests, and gradient boosting methods may also provide competitive predictive performance. A com- 674 

prehensive benchmark comparison among different surrogate models is an important topic for future research 675 

and could further optimize model selection for bridge fragility assessment problems. 676 

Finally, by integrating the ML model with the LHS - based Monte Carlo simulation, the proposed frame- 677 

work enables the efficient estimation of bridge damage probabilities under various combinations of influenc- 678 

ing parameters, eliminating the necessity of conducting repeated nonlinear time - history analyses for each 679 

scenario. The results demonstrate the applicability of the proposed framework in the performance assessment 680 

and risk - informed seismic evaluation of curved bridges in complex multi - hazard environments. 681 

From an engineering perspective, the results suggest that the post - flood seismic assessment of curved 682 

bridges should consider not only piers but also pile foundations, tangential bearings, and abutment displace- 683 

ment. Where possible, bridges with small curvature radii should be avoided as they are more vulnerable to 684 

damage. In flood - prone regions, scour protection, foundation reinforcement, and post - flood inspection are 685 

particularly crucial when deep scour may coincide with unfavorable seismic input directions.  686 



7. Conclusions 687 

A multi - dimensional probabilistic seismic demand model for parameterized reinforced concrete (RC) curved 688 

bridges, which takes into account the effects of stochastic flood - induced scouring, was developed. The find- 689 

ings suggest that, in comparison with the traditional linear probabilistic seismic demand model (PSDM), the 690 

support vector regression (SVR) model demonstrates a higher coefficient of determination (R²) and a lower 691 

root - mean - square error (RMSE). This enables a more precise depiction of the nonlinear variation in bridge 692 

seismic demands under multi - parameter conditions. 693 

An increase in scour depth does not uniformly enhance the fragility of all structural components. Instead, 694 

it modifies the distribution of seismic demands among different parts of the structure. The damage probabili- 695 

ties associated with pier curvature and the radial displacement ductility ratio of pier bearings generally decline, 696 

while those for pile foundation curvature, the tangential displacement ductility ratios of bearings, and abut- 697 

ment displacements increase substantially. This implies that scouring causes a shift in the potential critical 698 

weak locations from certain pier sections to the foundations, the tangential direction of bearings, and the dis- 699 

placement - controlled zones at the abutments. 700 

Both the seismic input angle and the curvature radius have a significant influence on the seismic fragility 701 

of parameterized RC curved bridges, yet the sensitivity varies among components. The pier response is less 702 

sensitive to changes in the input angle, whereas bearings and abutments are highly sensitive and display dis- 703 

tinct most unfavorable incidence directions. As the curvature radius increases, the fragility of all key compo- 704 

nents decreases overall, with bearings and abutment - related responses being more sensitive to this change. 705 

This indicates that the curvature radius plays a crucial role in regulating the spatial response effects resulting 706 

from the plan irregularity of curved bridges. 707 

Evident coupling effects exist among different parameters. When the curvature radius and seismic input 708 

angle act in combination, bridges with smaller curvature radii not only have higher overall damage probabil- 709 

ities but also exhibit greater fluctuation amplitudes with changing input angles. Under the combined effect of 710 

the curvature radius and scour depth, the amplifying effect of scouring on the damage probability of boundary 711 

components is more pronounced for bridges with smaller curvature radii. When the seismic input angle and 712 

scour depth act jointly, the impact of scouring on component damage probability varies significantly across 713 

different input directions and is more prominent near unfavorable incidence angles. This demonstrates that 714 

the seismic fragility of parameterized RC curved bridges exhibits distinct multi - parameter coupling charac- 715 

teristics. In engineering practice, high - risk scenarios involving a combination of a small curvature radius, a 716 



relatively large scour depth, and an unfavorable input direction should be a key focus in seismic design and 717 

risk assessment.  718 
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