
 
 

University of Birmingham

Dynamic Bayesian network-based system-level
evaluation on fatigue reliability of orthotropic steel
decks
Heng, Junlin; Zheng, Kaifeng; Kaewunruen, Sakdirat; Zhu, Jin; Baniotopoulos, Charalampos

DOI:
10.1016/j.engfailanal.2019.06.092

License:
Creative Commons: Attribution-NonCommercial-NoDerivs (CC BY-NC-ND)

Document Version
Peer reviewed version

Citation for published version (Harvard):
Heng, J, Zheng, K, Kaewunruen, S, Zhu, J & Baniotopoulos, C 2019, 'Dynamic Bayesian network-based system-
level evaluation on fatigue reliability of orthotropic steel decks', Engineering Failure Analysis, vol. 105, pp. 1212-
1228. https://doi.org/10.1016/j.engfailanal.2019.06.092

Link to publication on Research at Birmingham portal

Publisher Rights Statement:
Heng, J, Zheng, K, Kaewunruen, S, Zhu, J & Baniotopoulos, C. (2019) 'Dynamic Bayesian network-based systemlevel evaluation on fatigue
reliability of orthotropic steel decks', Engineering Failure Analysis, vol. 105, pp. 1212-1228. https://doi.org/10.1016/j.engfailanal.2019.06.092

General rights
Unless a licence is specified above, all rights (including copyright and moral rights) in this document are retained by the authors and/or the
copyright holders. The express permission of the copyright holder must be obtained for any use of this material other than for purposes
permitted by law.

•Users may freely distribute the URL that is used to identify this publication.
•Users may download and/or print one copy of the publication from the University of Birmingham research portal for the purpose of private
study or non-commercial research.
•User may use extracts from the document in line with the concept of ‘fair dealing’ under the Copyright, Designs and Patents Act 1988 (?)
•Users may not further distribute the material nor use it for the purposes of commercial gain.

Where a licence is displayed above, please note the terms and conditions of the licence govern your use of this document.

When citing, please reference the published version.
Take down policy
While the University of Birmingham exercises care and attention in making items available there are rare occasions when an item has been
uploaded in error or has been deemed to be commercially or otherwise sensitive.

If you believe that this is the case for this document, please contact UBIRA@lists.bham.ac.uk providing details and we will remove access to
the work immediately and investigate.

Download date: 09. Apr. 2024

https://doi.org/10.1016/j.engfailanal.2019.06.092
https://doi.org/10.1016/j.engfailanal.2019.06.092
https://birmingham.elsevierpure.com/en/publications/0366f09c-5d2c-42a4-aeb3-7d0ef5b6a6f7


1 

 

Dynamic Bayesian network-based system-level evaluation on fatigue 1 

reliability of orthotropic steel decks 2 

 3 

Junlin Heng
1,2

, Kaifeng Zheng
1
, Sakdirat Kaewunruen

2
, Jin Zhu

1
 and Charalampos 4 

Baniotopoulos
2 

5 

 6 

1
 Department of Bridge Engineering, School of Civil Engineering, Southwest Jiaotong University, 7 

Chengdu 610031, China 8 

2 
Department of Civil Engineering, School of Engineering, University of Birmingham, Birmingham 9 

B152TT, United Kingdom 10 

 11 

Abstract: Fatigue fractures can be frequently observed in welded joints in orthotropic steel decks 12 

(OSDs) after just a few decades of operation, which become the major deterioration mechanism 13 

deterring the serviceability of OSDs. In this paper, a novel dynamic Bayesian network (DBN) model 14 

has been established for the fatigue reliability analysis of OSDs at system-level. The exact inference 15 

algorithm is applied in the DBN model with discrete variables. Special modifications have been made 16 

on the existing algorithm to improve the computational efficiency in dealing with the deck system 17 

which consists of a considerable number of joints. Using the DBN model, the fatigue reliability of 18 

welded joints can be predicted and updated with the inspection and monitoring results at system-level. 19 

At the same time, a framework is established for the system-level reliability considering the fatigue 20 

fracture of rib-to-deck (RD) joints, the dominant cracking pattern affecting the serviceability of 21 

OSDs. For illustration, a typical OSD bridge in China has been selected to carry out a case study. To 22 

derive the stress spectrum required by the DBN model, the stochastic traffic model is employed, and 23 

the influence-based Monte Carlo simulations have been carried out. As a result, the fatigue reliability 24 

can be predicted at both component- and system-levels. Meanwhile, the observation of the traffic and 25 

the inspection result has been fused into the DBN model to update the deteriorating state of the deck 26 

system. Besides, the effect of enhancement and maintenance has been highlighted, including the 27 
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enhancement in fatigue strength at the construction stage, and the repair and traffic control during the 28 

operation stage. 29 

Keywords: orthotropic steel deck; fatigue reliability; system-level evaluation; dynamic Bayesian 30 

network; stochastic traffic model. 31 

 32 

1. Introduction 33 

Orthotropic steel decks (OSDs) have been extensively used in modern steel bridges, because of 34 

their advantages such as light self-weight, speedy construction and so on [1]. Under the continuous 35 

loading of vehicles passing through the deck, fatigue damage will accumulate in welded joints of 36 

OSDs and eventually lead to fatigue fractures, which is the critical deterioration mechanism of OSDs 37 

[2]. Besides, due to the large number of welded joints adopted in OSDs, the fatigue-induced 38 

deterioration has become the major cause degrading the serviceability of OSDs. 39 

Generally, the fatigue damage is highly stochastic, due to the significant uncertainties in fatigue 40 

strength (resistance) and vehicle loads (loading effects). Thus, if fatigue evaluation is performed in a 41 

deterministic manner, it may deviate from the stochastic nature and lead to inaccurate results [3]. A 42 

feasible way is to evaluate fatigue performance in a probabilistic way, i.e., fatigue reliability analysis 43 

[4]. In recent years, extensive efforts have been conducted by many researchers on the aspect. Kwon 44 

and Frangopol [3] proposed a method for fatigue reliability assessment of steel bridges incorporating 45 

the field-measured stress spectrum, in which fatigue strength and stress ranges were treated as random 46 

variables. Case studies were performed for the critical details in two bridges, and the remaining life 47 

was estimated by setting target reliability. Guo et al. [5] proposed a probabilistic traffic model through 48 

the statistics on the measured data. Finite element model was established to transfer the traffic model 49 

into the stress ranges of critical details, which were then used in the reliability analysis. Lu et al. [6] 50 

employed the machine learning method to derive the stress spectrum using the stochastic traffic 51 

model. Monte Carlo simulations were then applied to calculate the fatigue reliability of critical details. 52 

Zhou et al. [7] conducted statistics on the vehicle loads collecting from four bridges in different 53 

regions of France. The lateral position of vehicles was measured and analysed. Based on that, 54 

probabilistic traffic model was established, and stress spectra were derived. 55 
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As stated above, these studies mainly focused on the fatigue reliability analysis at component-56 

level, in which the number of details has been ignored. However, this may lead to inaccurate results, 57 

since the deck system consists of various details. For instance, fatigue fractures are more likely to be 58 

observed in a structural system consisting of 1,000 fatigue-critical details than the one with only one 59 

fatigue-critical detail. Currently, few publications could be found on the fatigue reliability of OSDs at 60 

the system-level. Maljaars and Vrouwenvelder [8] established a probabilistic fatigue damage model 61 

for the critical detail in OSDs, using the presumed stress spectra. The multiple presences of similar 62 

details were considered by treating the OSD as a pure series system consisting of components with the 63 

same failure rate. The results suggested that the reliability of 100 similar details was significantly 64 

lower than that of a single detail. 65 

Usually, the crude Monte Carlo method is used in the reliability analysis due to its concision and 66 

flexibility [6][9]. However, its computational efforts would gradually become intractable when the 67 

failure rate reaches a small value. The problem can be ameliorated to some extent by using the 68 

advanced Monte Carlo methods such as importance sampling, directional sampling, and adaptive 69 

sampling. However, these methods also have their limitations and sometimes become infeasible [10]. 70 

Alternatively, approximation methods such as first/second order reliability methods (FORM/SORM) 71 

can be employed [11]. Nonetheless, when the limit state function is highly nonlinear, the accuracy and 72 

computational efficiency of these methods will significantly decrease [12]. Also, the above methods 73 

are unable to perform reliability updating and information fusion, which further restrict their 74 

applications. Even if these tasks could be partly performed by Monte Carlo simulations with 75 

conditional probability, the computational cost would become incredibly high [8].  76 

Recently, to overcome the above difficulties, the Bayesian network (BN) methodology has been 77 

proposed as an effective framework for reliability assessment at system-level. The BN is particularly 78 

suitable for system reliability assessment because it enables the uncertainty propagation and updating 79 

through nodes/components in the network that allows the transformation of information from the 80 

system-level to component-level. Straub [13] proposed a general dynamic Bayesian network (DBN) 81 

framework for the reliability analysis of deterioration processes. The study suggested that the 82 

computational efficiency and robustness in prediction and updating made the DBN particularly 83 
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suitable for the reliability analysis of deterioration processes. In the next, Luque and Straub [14] 84 

extended the general framework to the system-level reliability analysis of deteriorating systems. Zhu 85 

et al. [15] established a DBN model for the fatigue assessment of a single detail in OSDs. The particle 86 

filer-based approximation inference algorithm was used, and the result showed that the DBN model is 87 

capable to predict and calibrate the fatigue damage of OSDs. 88 

The objective of this paper is to evaluate the fatigue reliability of orthotropic steel decks (OSDs) 89 

at system-level. A DBN model has been established for the system-level fatigue reliability of OSDs, 90 

aimed at the prediction, information-based fusion and evidence-based update. In the model, the exact 91 

inference algorithm has been employed with discrete variables. Special modifications have been made 92 

on the existing algorithm to improve the computational efficiency in dealing with the large-scale deck 93 

system consisting of massive fatigue-critical details. Meanwhile, a framework of system-level 94 

reliability has been established for OSDs basing on the serviceability. In the DBN model, the fatigue 95 

action is considered by the combination of random traffic volume and deterministic stress spectrum. 96 

In deriving stress spectra, the stochastic traffic model has been employed incorporating with the 97 

multi-scale finite element model. Through employing the influence-surface technology, sampling-98 

based analysis has been performed with a large sample-size to obtain comprehensive stress spectra. 99 

Based on the established method, a typical OSD bridge in China has been selected to carry out a 100 

case study. At first, the fatigue reliability of the deck is predicted without monitoring results, and the 101 

effect of strength enhancement has been analysed. Meanwhile, the fusion of observed traffic 102 

information has also been illustrated with the model. After that, two types of inspection results have 103 

been considered to update the model, i.e., the non-detection and the detection of fatigue cracks. 104 

Finally, the effect of treatment approaches on the deteriorated deck system has been investigated, 105 

including the maintenance and traffic control. 106 

2. Development of DBN for OSDs at system-level 107 

2.1 Capability of DBN in modelling the deteriorating process 108 

The dynamic Bayesian network (DBN) is a powerful probabilistic tool originated in computer 109 

science [16], which is naturally suitable for modelling the deterioration process in structures. Fig. 1 110 
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shows a simple model of DBN, in which X stands for the variables in the state space, such as material 111 

properties and loading effects; Z stands for the evidence of current states, e.g. damage state. 112 

 113 

Fig. 1. Constructed mesh of sample model. 114 

With the DBN model, several probabilistic tasks could be conducted using various algorithms 115 

[17]. Among them, the following three tasks are commonly involved in the deterioration analysis: 116 

(1) prediction: the task is to predict the possible state of the system in the future time slice t, as 117 

shown in Eq. 1. 118 

Pr(𝑿𝑡) = 𝑂(Pr(𝑿𝑡−1)) = ⋯ = 𝑂𝑡(Pr(𝑿0))#(1)  

where the symbol 𝑂 stands for the operation function of state transition between time slices; the 119 

symbol 𝑂𝑡 indicates the state transition is repeated for t times. 120 

(2) information-based fusion: the task is to fuse the new information about the state space (e.g. 121 

the new physical model or probabilistic model) into the DBN model at the specific time slice, based 122 

on the previous state, as shown in Eq. 2. 123 

Pr(𝑿𝑡+1) = 𝑂
′(Pr(𝑿𝑡))#(2)  

Where the symbol 𝑂′ represents the state transition using the fused model.  124 

(3) evidence-based updating: the task is to update the probability distribution of the state space 125 

with the evidence, as shown in Eq. 3. 126 

Pr(𝑿𝑡|𝒁𝑡) ∝ Pr(𝑿𝑡) ∗ Pr(𝒁𝑡|𝑿𝑡)#(3)  

Where symbol ∝ stands for similarity between the two ends of the equation, and the exact value could 127 

be solved by normalization; Pr(𝒁𝑡|𝑿𝑡) is the likelihood factor representing the possibility of evidence 128 

𝒁𝑡 under the assumed state 𝑿𝑡. 129 

By performing the Eq. 3 recursively, the updated probability distribution of state space could be 130 

obtained basing on evidence over the past time slices from 0 to t, i.e., Pr(𝑿𝑡|𝒁0:𝑡). In addition, 131 

performing the Eq. 1 on this basis, the prediction at the future time slice T could be made with the 132 

updated model, i.e., Pr(𝑿𝑇|𝒁0:𝑡), where t<T. 133 

X t-1

Z t-1

X0

Z0

X1

Z1

X t

Z t
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2.2 Construction of the DBN model for OSDs 134 

2.2.1 Deterioration model of fatigue damage 135 

Several approaches are available for fatigue assessment of welded joints, which could be 136 

classified into two categories: damage factor-based stress-life (S-N) approach and crack size-based 137 

fracture mechanics (FM) approach [18][19]. The FM approach is close to the cracking nature and able 138 

to consider the sequence effect of loads. However, high computational efforts are usually required in 139 

FM approaches, which makes it somehow intractable for the system-level reliability problem. 140 

Meanwhile, with the well-established database, the S-N approach could also generate satisfactory 141 

results in engineering problems. Thus, an advanced S-N approach, the hot spot stress approach, has 142 

been applied [20]. The two-stage model proposed by Eurocode 3 [21] has been applied, and the 143 

fatigue deterioration model is derived, as shown in Eqs. 4a and b, 144 

𝐷𝑖,𝑡 =

{
 
 

 
 (
∆𝜎𝑖
∆𝜎𝐷

)
𝑚1

∙
𝑛𝑖,𝑡
𝑁𝐷

,∆𝜎𝑖 ≤ ∆𝜎𝐷

(
∆𝜎𝑖
∆𝜎𝐶

)
𝑚2

∙
𝑛𝑖,𝑡
𝑁𝐶

, ∆𝜎𝑖 > ∆𝜎𝐷

#(4𝑎)  

𝐷𝑠𝑢𝑚(𝑡) =∑∑𝐷𝑖,𝑡
𝑖𝑡

#(4𝑏)  

where 𝐷𝑖,𝑡  is the damage increment induced by the stress block ∆𝜎𝑖  at the time slice 𝑡; 𝑛𝑖,𝑡  is the 145 

corresponding number of cycles; ∆𝜎𝐶 and ∆𝜎𝐷 are respectively fatigue strength at 2 million cycles and 146 

5 million cycles; 𝑚1 and 𝑚2 are the power indexes for the stage 1 and the stage 2, which equal to 3 147 

and 5, respectively; 𝑁𝐶  and 𝑁𝐷  equal to 2 million and 5 million, respectively;𝐷𝑠𝑢𝑚(𝑡) is the total 148 

damage factor at the time slice 𝑡. 149 

In the model, the stress block ∆𝜎𝑖  and corresponding cycle 𝑛𝑖,𝑡  represent the vehicle-induced 150 

stress ranges, which will be discussed later in the derivation of stress spectra. The fatigue strength 151 

parameters ∆𝜎𝐶  and ∆𝜎𝐷  can be determined by the strength model in the design code [21] or the 152 

numerical analysis [22]. In the S-N approach, failure is achieved when the damage factor reaches a 153 

specific value. To this end, the limit state function could be established, as shown in Eq. 5, 154 

𝑔(𝐷, 𝑡) = ∆ − 𝐷𝑠𝑢𝑚(𝑡)#(5)  

where ∆ is the accumulation factor and assumed as 1.0 in this study. 155 
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2.2.2 Variables considered in the DBN model 156 

In the deterioration model, the uncertainties originate from both the resistance (i.e. the fatigue 157 

strength) and action (i.e. the stress ranges induced by vehicle loads). The fatigue strength is treated as 158 

a time-invariant random variable R. In the case of fatigue action, a high traffic volume is generally 159 

expected over the time slice (e.g. half million per year per lane). Due to Borel’s law of large numbers 160 

[23], the proportion of each stress range approximates to the actual probability with the increase in 161 

traffic volume. On this basis, the fatigue action is represented by the deterministic stress spectrum and 162 

the random traffic volume. Meanwhile, the stress spectrum is solved under the stochastic model with a 163 

large sample-size to reflect the diversity of stress ranges, which will be illustrated in detail later. The 164 

traffic volume is represented by the average daily traffic (ADT), derived from the traffic model in 165 

codes or by observation. 166 

2.2.3 Hyper parameter-based correlation 167 

The welded joints in OSDs are usually fabricated by the steel in the same grade (or even the 168 

same production batch) by the same manufacturer, using similar welding technology and quality 169 

assurance. Meanwhile, those joints will experience the same traffic during the operation. Due to the 170 

above factors, it will result in the correlation between state variables of joints. Two types of 171 

correlations have been considered: (1) the correlation in fatigue strength; (2) the correlation in ADT. 172 

To simulate the correlations, the hierarchical model with hyper-parameters has been applied [14]. The 173 

variables are considered as equally correlated, which have the mutual correlation coefficient 𝜌𝑋 and 174 

identical marginal distribution. To interrelate the variables statistically, an uncertain common hyper-175 

parameter α has been introduced, which follows the standard normal distribution. Basing on that, the 176 

cumulative distribution function (CDF) of each variable is assumed to be conditional on the hyper-177 

parameter, as shown in Eq. 6, 178 

𝐹𝑋|𝛼(𝑥) = Φ(
Φ−1[𝐹𝑋(𝑥)] − √𝜌𝑈 ∗ 𝛼

√1 − 𝜌𝑈
)#(6)  

where Φ and Φ−1 are respectively the CDF and inverse CDF of the standard normal distribution; 179 

𝐹𝑋(𝑥) is the marginal CDF of the variables in the correlated set; 𝜌𝑈 is the correlation coefficient in the 180 

standard normal space. 181 
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The coefficient 𝜌𝑈  could be determined from the marginal CDF 𝐹𝑋(𝑥)  and the original 182 

coefficient 𝜌𝑋, as shown in the literature [24]. In the case of ADT, the condition 𝜌𝑋 = 1 could be 183 

assumed, i.e., perfectly correlated. 184 

2.2.4 Construction of the DBN for OSDs 185 

Basing on the above analysis, the DBN model has been constructed for the system-level fatigue 186 

reliability of OSDs, as shown in Fig. 2. 187 

 188 

Fig. 2. DBN model for fatigue damage of joints in OSDs. 189 

 190 

Two types of nodes have been employed in modelling: (1) the random node with an elliptical 191 

box; (2) the deterministic node with a rectangular box. The notations of nodes are summarised in 192 

Table 1. Meanwhile, the solid arrow represents the inner-relation between different nodes in the same 193 

time slice, while the dashed arrow stands for the inter-relation between the same nodes in two 194 

adjacent time slices. 195 

Table 1 Notations in the DBN model 196 

Notation Type Description 

𝛼𝑅 Random Hyper-parameter of the fatigue strength 

𝛼𝑁 Random Hyper-parameter of the ADT 

𝑅𝑖,𝑡 Random Fatigue strength of the ith joint at time t 

∆𝑆𝑖,𝑡 Deterministic Stress spectrum of the ith joint at time t 

𝑁𝑖,𝑡 Random The ADT of the ith joint at time t 

𝐷𝑖,𝑡 Random Damage factor of the ith joint at time t 

𝐹𝑖,𝑡 Random Failure state of the ith joint at time t 

𝐹𝑖,𝑡
′  Deterministic Evidence of failure state of the ith joint 

 197 
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2.3 Computation algorithm of the proposed DBN model 198 

2.3.1 Discrete DBN with exact inference 199 

Generally, DBNs could be classified into two categories by the type of nodes: (1) continuous 200 

DBN consisting of continuous variables; (2) discrete DBN consisting of discrete variables. 201 

Meanwhile, various algorithms have been proposed for the two types of DBNs [25]. Obviously, the 202 

continuous DBN is perfectly suitable for fatigue deterioration since most of the variables are naturally 203 

continuous. However, the inference algorithms developed for continuous DBNs are generally 204 

sampling-based [17], in which the computational efficiency decreases rapidly with the increase in the 205 

number of nodes and the decrease in the probability of interest (e.g. the probability of failure). The 206 

OSD system consists of a considerable number of joints with a low failure rate, for which the 207 

continuous DBN is not feasible. Alternatively, the discrete DBN with the more efficient exact 208 

inference has been applied in this study, whose feasibility has already been proved in literature 209 

[14][26]. 210 

2.3.2 Likelihood-based parallel updating method 211 

In the discrete DBN, the frontier algorithm is extensively used due to its concision and flexibility 212 

[16]. In the method, the state transition is conducted through sweeping the joint probability, called as 213 

the frontier, across the network. When evidence is available, e.g. the observation of cracks in 214 

structural members, the DBN model can be automatically updated as shown in Eq. 3. A notable 215 

feature of the method is that the joint probability of the entire state space will be constructed during 216 

the transition, which makes it computationally intractable in dealing with the large-scale system. Take 217 

a system consisting of m components as an example. If each component has N possible states, the 218 

computational complexity could be regarded as O(N). Moreover, the system will approximately have 219 

a complexity of O(N
m
), which will increase exponentially with the number of components m. Thus, 220 

the frontier algorithm has been modified according to the features of the established DBN. 221 

Since the joint probabilities of the components are connected through the shared hyper-222 

parameters only, the original frontier algorithm could be adapted to a parallel-solving way. To achieve 223 

that, the concept of the component-level frontier is introduced: the frontier containing only the state of 224 

one component and the shared hyper-parameters. At the beginning of each solving step, these 225 
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frontiers are parallelly transferred. During the transition, the component-level likelihood could be 226 

solved for the hyper-parameters, based on the evidence of the ith component, as shown in Eq. 7, 227 

𝐿𝑖,𝑡 = Pr(𝐹𝑖,𝑡
′ |𝜶) =

Pr(𝜶|𝐹𝑖,𝑡
′ )

Pr(𝜶)
#(7)  

where 𝐿𝑖,𝑡 stands for the component-level likelihood of the ith component; 𝜶 is the vector of hyper-228 

parameters, which are (𝛼𝑅 , 𝛼𝑁) in this study; 𝐹𝑖,𝑡
′  denotes the evidence of the failure state of the ith 229 

component. 230 

After that, the component-level frontiers could be parallelly updated by the evidence of other 231 

components, as shown in Eq. 8, 232 

Pr(𝑿,𝜶|𝐹1:𝑚,𝑡
′ ) ∝ ∏ 𝐿𝑖,𝑡

{1:𝑚}/{𝑖}

∗ Pr(𝑿, 𝜶|𝐹𝑖,𝑡
′ ) #(8)  

where 𝑿 is the vector of state space, including the nodes 𝑅𝑖,𝑡 , 𝑁𝑖,𝑡 , 𝐷𝑖,𝑡 , 𝐹𝑖,𝑡  in this study; m is the 233 

number of components in the system; {1:m}/{i} means the assemble from 1 to m except i. 234 

3. System-level framework for fatigue reliability of OSDs 235 

3.1 Case study: a typical OSD bridge in China 236 

Among all the welded joints, fatigue fracture is frequently observed in the rib-to-deck (RD) 237 

joints. Two primary reasons could be attributed to: (1) the wheel loads directly acting on the deck will 238 

cause high-level local stresses in the joints; (2) the RD joint accounts for the largest proportion of 239 

welded joints in OSDs. Meanwhile, the fatigue cracking in RD joints may lead to severe 240 

consequences: the serviceability of the bridge would be directly affected, and it may even pose a 241 

threat to the safety of passing vehicles. From the perspective of serviceability, the fatigue cracking of 242 

RD joints could be regarded as the dominated cracking pattern of OSDs [27]. To this end, the RD 243 

joint is focused when establishing the framework of system-level fatigue reliability for OSDs. For 244 

illustration, a typical OSD bridge in China has been selected to carry out a case study, which is called 245 

as the prototype bridge, as shown in Fig. 3. 246 

The prototype bridge has a total length of 158 m, consisting of a middle-span of 68 m and two 247 

side-spans of 45 m. The deck system of the bridge is divided into 112 segments, carrying three lanes 248 
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with 15 U-ribs. The details about the bridge are shown in Table 2. For illustration, the U-ribs are 249 

named as U1 ~ U15 with a footnote of ‘L’ or ‘R’ representing the left or right joint of the U-rib. 250 

 251 

Fig. 3. Fatigue cracking pattern of the prototype bridge 252 

Table 2 Basic parameters of the object bridge 253 

Parameter Description 

Span arrangement  45 m + 68 m + 45 m 

Lane configuration (from left to right) Fast + Middle + Slow 

Number of segments 112 

Number of U-ribs in a segment 15 

Thickness 

(mm) 

Deck 16 

U-ribs 8 

Floor beam 12 

Welding profile of RD joints One-sided with 80% penetration rate 

 254 

3.2 Development of the system-level framework 255 

As aforementioned, the deck system consists of considerable RD joints. Thus, the state of all the 256 

joints should be considered in describing the state of the system. However, the combination of 257 

component states will become incredibly large, which makes the system-level analysis almost 258 

impossible. Take a deck system consisting of N joints as an example. If each joint has two states (i.e., 259 

0 = not failure, 1 = failure), the deck system will have 2
N
 possible states, which is an intractable NP-260 

hard problem. Thus, it is essential to find out a more efficient way to represent the fatigue 261 

deterioration state of the deck system. Two unique features of the deck system could be utilized: (1) 262 

the deck is able to work with the presence of limited cracks due to the high redundancy [28]; (2) 263 

fatigue cracking of RD joints is more of a serviceability problem rather than the safety issue, which 264 

will not cause catastrophic structural failures directly. Thus, the conception of Daniel system has been 265 



12 

 

applied, in which the number of failed components in the system is employed to represent the state of 266 

the system [29]. 267 

Generally, the deck system is divided into a series of segments by the floor beams. Thus, the 268 

deck system can be idealised as a multi-level framework, as shown in Fig. 4. By assuming that 269 

cracking in any joint will cause misfunction of the entire segment, the segment is modelled as a series 270 

system consisting of several RD joints. As a result, the failure of segments is achieved after the failure 271 

of any RD joint. Meanwhile, the cracking in one segment will have little influence on other segments 272 

as the deck system is highly redundant [28][30]. On this basis, the deck system is modelled as a 273 

parallel system of the segments, whose deterioration state is represented by the number of failed 274 

segments. 275 

  276 

Fig. 4. Framework of the system-level reliability 277 

Basing on the limit state function shown in Eq. 5, the probability of failure of the mth joint could 278 

be expressed as Eq. 9, 279 

Pr[𝐹𝐽,𝑚(𝑡) = 1] = Pr[𝑔𝐽,𝑚(𝐷, 𝑡) ≤ 0] #(9)  

where the subscript ‘𝐽’ is abbreviated for joint while the subscript ‘𝑚’ is the sequence number of the 280 

joint; 𝐹𝐽,𝑚(𝑡) stands for the fatigue damage state of the mth joint in the segment at time t, with the 281 

value of 1 or 0 representing failure or not failure respectively; 𝑔𝐽,𝑚(𝐷, 𝑡) is the limit state function of 282 

the mth joint at time t. 283 

After that, the failure probability of the segments could be derived under the assumption of the 284 

series system, as shown in Eq. 10, 285 
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Pr[𝐹𝑠𝑒𝑔,𝑛(𝑡) = 1] = Pr [⋃𝐹𝐽,𝑚(𝑡) = 1

𝑚

] = 1 −∏(1 − Pr[𝐹𝐽,𝑚(𝑡) = 1])

𝑚

#(10)  

where 𝐹𝑠𝑒𝑔,𝑛 stands for the failure state of the nth segment, in which value 0 or 1 stands for not failure 286 

and failure respectively. 287 

Above all, the failure probability of the system is defined as the probability that the number of 288 

failed segments is no less than a specific value, as shown in Eq. 11, 289 

𝑃𝑓,𝑠𝑦𝑠(𝑡, 𝑘) = Pr[𝑁𝑓,𝑠𝑒𝑔(t) ≥ 𝑘] = Pr [∑𝐹𝑠𝑒𝑔,𝑛(𝑡)

𝑛

≥ 𝑘]#(11)  

where 𝑁𝑓,𝑠𝑒𝑔 stands for the number of failed segments; 𝑘 is the number of expected failed segments. 290 

Correspondingly, the system-level reliability also reflects the probability that the number of 291 

failed segments is no more than k. It is worth stating that the value k should be determined based on 292 

the expectation on the serviceability of bridges. It also associates with the decision-making process of 293 

the inspection and maintenance plan [31], which is outside the scope of this study. Alternatively, an 294 

empirical failure percentage k/n of 30% has been used in this study, after consulting both the senior 295 

structural engineers, manufacturers and bridge management authorities. 296 

4. Stress spectrum analysis using stochastic traffic model 297 

4.1 Stochastic traffic model 298 

4.1.1 Framework of the stochastic traffic model 299 

As stated before, the stress spectrum is crucial information in the fatigue analysis. With the help 300 

of advanced monitoring systems, the stress spectrum could be established directly by monitoring 301 

[3][32]. However, because of the limitation on budget and feasibility, the monitoring system could not 302 

be extensively applied. Alternatively, the structural analysis with traffic models could be employed. 303 

Under this approach, the accuracy of spectra dependents on the rationality of the applied traffic model. 304 

In the code-specific design, the stress spectrum is represented by the effective stress range solved with 305 

the deterministic truck model [21][33]. Meanwhile, a series of correction factors are used to consider 306 

the uncertainties in traffic [34][35][36]. Obviously, this deviates from the stochastic nature of the 307 

traffic loads and may lead to inaccurate results [3] [37].  308 
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To overcome the problem, the stochastic traffic model has been applied to derive stress spectra. 309 

The traffic could be considered as the assembly of random vehicles passing through the bridge in 310 

various lateral positions stochastically. On this basis, the framework of the stochastic traffic model 311 

could be established, including both the model of vehicles and their lateral distribution. Since the 312 

stress of RD joints is directly determined by vehicles [1], the model is parametrised in detail with axle 313 

numbers, axle spacing, wheel tracks, axle weights, and footprints. Meanwhile, the lateral distribution 314 

of vehicles is described by lane occupancy rates and the in-lane position. Besides, the traffic volume 315 

is described by the average daily traffic (ADT). The parameters in the framework are summarised in 316 

Table 3. The distribution of parameters could be determined after either codes and specifications, or 317 

field observation, which will be discussed later.  318 

Table 3 Parameters in the framework of the stochastic traffic model 319 

Type Parameter Description 

Vehicle  

property 

Axle number The number of axles in a vehicle 

Axle spacing The distance between the center of axles 

Wheel track The distance between wheels in the same axle 

Axle weight The weight of each axle in a vehicle 

Footprint The contact area of wheels on the deck 

Lateral 

position 

Occupancy rate  The distribution of the vehicle in different lanes 

In-lane position The lateral position of the vehicle within a lane 

Traffic volume ADT The number by averaging annual traffic to one day 

4.1.2 Data source of the stochastic traffic model 320 

After the innovative framework of stochastic traffic is established, the parameters could be 321 

determined from two main sources: (1) the existing data in publications such as codes and 322 

specifications; (2) direct measurements by monitoring systems. Obviously, the data from the site-323 

specific measurements could reflect the real traffic on the specific bridge more accurately, which 324 

could in turn narrow down the uncertainties. However, this type of data is unavailable before the 325 

implementation of monitoring systems. Besides that, the availability of data is also associated with the 326 

number of sensors in the monitoring system. In this case, the capability of DBNs in information-based 327 

fusion could be utilised. At first, the default traffic model could be established based on existing data, 328 

which is subsequently used to derive the original stress spectra. Whenever more data are available, the 329 

traffic model could be easily updated to obtain the new stress spectra. Then the new spectra could be 330 

fused into the DBN model to evaluate time-dependent fatigue reliability. 331 
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In the study, the default model is first established with the standard truck model defined in 332 

Eurocode (EC) 1 [34], as shown in Fig. 5. In the model, a deterministic 4-axle truck is used as the 333 

representative of vehicles, in which the impact factor has been already included. Meanwhile, EC1 334 

suggests that in the lanes predominantly used by cars (i.e. the fast lane and middle lane), the truck 335 

traffic number could be considered as 10% of the number in the slow lane. On this basis, the 336 

occupancy rate of the standard truck could be determined, which is also included in Fig. 5. 337 

 338 

Fig. 5. Standard truck model proposed in Eurocode 1 339 

As aforementioned, the lateral position associates with both the occupancy rate and the in-lane 340 

position. In the study, the distribution proposed in EC1 is used for the in-lane lateral position. To 341 

facilitate its application in numerical simulation, the discrete distribution has been transformed into a 342 

normal distribution, as shown in Fig. 6.  343 

 344 

Fig. 6. Distribution of the in-lane lateral position 345 

When the new traffic model is available, the new stress spectra can be derived and fused into the 346 

DBN model. For illustration purpose, an observed traffic model measured in another typical OSD 347 

bridge in China has been considered. Table 4 shows some basic information about the model, while 348 

details could be found in the article [38]. 349 
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Table 4 Vehicle types and occupancy in the observed model 350 

Type Description 
Lane occupancy (%) 

Fast Middle Slow 

1 Two-axle cars 41.23 25.74 9.70 

2 Three-axle trucks (I) 0.03 0.26 0.36 

3 Three-axle trucks (II) 0.10 0.87 0.60 

4 Four-axle trucks 0.04 0.67 0.92 

5 Five-axle trucks 0.06 1.17 1.31 

6 Six-axle trucks 0.57 7.94 8.43 

Since the in-lane position was not provided in the observed model, it keeps the same with the one 351 

depicted in Fig. 6. Meanwhile, the footprints of tire have been adjusted as per the Chinese code [39], 352 

which are respectively 0.3×0.2 m for front axles and 0.6×0.2 m for rear axles. Besides, an impactor 353 

factor of 1.15 is considered [33]. 354 

4.2 Influence surface-based stress spectrum analysis 355 

4.2.1 Multi-scale finite element model 356 

To transfer the traffic model into stress spectra, a multi-scale finite element (FE) model has been 357 

established for the prototype bridge in ANSYS software [40], as shown in Fig. 7.  358 

 359 

Fig. 7. Multi-scale finite element model of the prototype bridge 360 

Generally, fatigue cracking of RD joints is mainly induced by the transverse stress, on which the 361 

longitudinal location of segments has little influence [1]. Since all the segments of the OSD have 362 

identical geometry, the joints in the same lateral position of different segments will have similar stress 363 

spectra. Thus, the segment in the midspan is selected as the representative to derive the spectra. The 364 

FE model consists of three parts in different meshing sizes: (1) the global model of the bridge 365 

structure, simulating the boundary condition of the selected segment; (2) the sub-model of the selected 366 

segment, served as a link between the relatively coarse global model and the highly refined detail 367 

model; (3) the detail model of RD joints, in which the minimum element size is gradually refined to 1 368 
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mm near the joints. The 3-dimensional shell element is used, and only half of the joints are refined 369 

with the detail model due to the symmetry of the deck. 370 

4.2.2 Influence surface-based calculation 371 

Based on the established model, Monte Carlo (MC) simulations are employed to derive the stress 372 

spectrum from the traffic model. To obtain the comprehensive spectra, a large sample-size, e.g. 10
5
, is 373 

required even if stratified sampling is used. Besides, the computational cost is relatively high to derive 374 

the vehicle-induced stress history from the FE model directly. For instance, it may require 100 or 375 

more solving steps to calculate the stress history induced by just one vehicle. Thus, it becomes 376 

computationally intractable with the large sample size. Thus, the influence-surface technology has 377 

been used. Through a series of FE analysis, the influence-surface of RD joints could be established. 378 

Fig. 8 shows the result of the joint U12L, which is unitized after the maximum response for better 379 

illustration. In the next, the stress history could be solved by direct superposition of the influence-380 

surface according to the configuration of vehicles, which is much more computationally efficient. 381 

 382 

Fig. 8. Influence-surface of the rib-to-deck joint U12L 383 

The calculation process is shown in Fig. 9. At first, a large-size database of vehicles, i.e. 10
7
 in 384 

this study, can be established through sampling according to the stochastic traffic model. FE analysis 385 

is then performed to generate the influence-surface of each joint. After that, a Monte Carlo-based 386 

program has been coded in MATLAB [41] to solve the stress history from the traffic data using the 387 

influence-surface. Finally, the database of stress history is transformed into stress spectra using cycle-388 

counting methods such as the rain flow approach [42]. 389 
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 390 

Fig. 9. Calculation process of the stress spectrum 391 

The stress spectrum of the RD joint U12L in the slow lane has been shown in Figs. 10a and b, 392 

which are respectively solved under the standard truck model and the observed model.  393 

  
(a) (b) 

Fig. 10. Stress spectra of the joint U12L: (a) standard truck model; (2) observed model. 394 

For better demonstration, the stress ranges with a small possibility are truncated in Fig. 10b. The 395 

result shows that under both models, the low-level stress ranges (less than 15 MPa) account for the 396 

largest proportion. Meanwhile, the observed model could generate a more even and continuous 397 

spectrum, compared with that induced by the standard truck model. This is because the standard truck 398 

model only considers the lateral position as the random variable, while the observed truck model 399 

includes many other random variables such as the vehicle type, axle weight, etc. Obviously, the 400 

observed model can provide an in-depth consideration of the randomness in the traffic at the site. 401 
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5. Reliability analysis using the established DBN model 402 

5.1 Distributions of input random variables 403 

In the DBN model, the fatigue strength and traffic volume are input random variables, and the 404 

correlation between joints should be considered. As a common practice [3][5][38][43], the fatigue 405 

strength R is assumed to follow the lognormal distribution. According to Eurocode 3 [21], the design 406 

strength at two million cycles could be considered as 100 MPa for RD joints, which is derived under 407 

the 97.7% survival rate. Meanwhile, the coefficient of variation (COV) of R could be derived after the 408 

COV of the material constant proposed in [44]. Through the COV, the relation between the mean and 409 

standard deviation could be established, as shown in Eq.12. 410 

𝜎𝑋 = 𝜇𝑋 ∙ 𝑉𝑋#(12)  

Where 𝜎𝑋 stands for the standard deviation of the variable X; 𝜇𝑋 and 𝑉𝑋 are respectively mean value 411 

and COV of X. 412 

Basing on the above data, the mean value and standard deviation of R could be solved. The 413 

detailed procedures could be referred to literature [18]. Meanwhile, the correlation coefficient could 414 

be determined by Eq. 13. 415 

𝜌𝑋 = 1 −
𝑉𝑋,𝑓
2

𝑉𝑋,𝑝
2 #(13)  

Where 𝜌𝑋 is the mutual correlation coefficient of variable X; 𝑉𝑋,𝑓 and 𝑉𝑋,𝑝 are respectively the COV 416 

of the entire distribution and the distribution within one deck.  417 

In this study, the 𝑉𝑋,𝑓 of fatigue strength is determined after the model in Eurocode 3 [21] since it 418 

is established on a large-scale testing database. Meanwhile, the testing data from the article [27] are 419 

used to calculate the 𝑉𝑋,𝑝, in which the specimens are fabricated by the same manufacturer with the 420 

steel in the same grade.  421 

As aforementioned, the average daily traffic (ADT) is used to represent the traffic volume. For 422 

the standard traffic model, the mean value of ADT is determined after the estimation of traffic 423 

category 2 in Eurocode 1 [34], i.e. 0.5×10
6
 per slow lane per year, representing the highway with a 424 

medium rate of trucks.  425 
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At the same time, a COV of 0.2 is determined after the article [45] and then used to calculate the 426 

standard deviation, as shown in Eq. 12. In the case of the observed model, the mean value is solved 427 

after the measured data [38], while the same COV is applied to derive the standard deviation. As 428 

stated before, the ADT of each joint is assumed to be perfectly correlated. Thus, the value 1.0 is used 429 

for the correlation coefficient of the ADT. The input random variables are summarised in Table 5. 430 

Table 5 Distribution of input random variables 431 

Variable Unit Distribution Mean Deviation Correlation 

𝛼𝑅 /1 Normal 0 1 — 

𝛼𝑁 /1 Normal 0 1 — 

𝑅𝑖,𝑡 /MPa Lognormal 135 19.3 0.16 

𝑁𝑖,𝑡 ST
*
 /1 Normal 1631 326 1 

𝑁𝑖,𝑡 OB
*
 /1 Normal 10605 2121 1 

*: ST and OB respectively stand for the standard truck model and the observed model 432 
 433 

5.2 Results and discussions 434 

5.2.1 Prediction using the standard truck and observed model 435 

According to codes of practice [21][39], a design life of 100 years has been considered in the 436 

study. The prediction has been made using both the standard truck model and the observed model for 437 

comparison purpose. Figs. 11a and b show the results of component-level reliabilities, which only 438 

include the joints with initial reliability less than 8 for better illustration. According to JCSS [46], 439 

targeting reliability indexes of 2.3 and 1.3 could be used for the service limit state when the costs of 440 

enhancement are respectively high and low. Thus, two lines have also been used as the safety lines in 441 

the comparison of component-level reliability (denoted as the upper and lower safety line for 442 

distinction), below which the component is considered unreliable.  443 

In the case of the standard truck model, only the curve of the most critical joint U12L crosses the 444 

upper line after 37 years and then the lower line after 92 years. In the case of the observed model, 445 

despite that the curve of U12L crosses the lines at similar times, the curve of U9R also crosses the 446 

upper line after 63 years but remains above the lower line until the end of design life. Meanwhile, the 447 

curves solved with the observed model are more scattered than those solved with the standard truck 448 

model, since the consideration of randomness in vehicles is more comprehensive in the former model. 449 
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(a) (b) 

Fig. 11. Component-level reliability: (a) standard truck model; (b) observed model. 450 

The system-level reliability has also been calculated using the framework established in section 3. 451 

As stated before, an empirical value of failure percentage k/n = 30% is used. For comparison, analysis 452 

has also been made for the situation k = 1, i.e., failure of the system occurs after the first cracking in 453 

any segment. The results are shown in Figs. 12a and b. Contrary to the comparison of component-454 

level reliability, β = 2.3 is used as the only safety line in the comparison of system-level reliability. 455 

  
(a) (b) 

Fig. 12. System-level reliability solved with two different assumptions: (a) first cracking in any 456 

segment; (b) failure percentage of 30%. 457 

Under both assumptions of failure, the reliability solved by the observed model is slightly lower 458 

than the one solved by the standard truck at the beginning. Then, the difference in the two curves 459 

increases with time and reaches its peak at the end of design life. In the case of the first cracking, the 460 

two curves cross the safety line before 20 years and then gradually decrease to minus after around 40 461 

years. Thus, it suggests that fatigue cracking is highly possible to occur in OSDs during the service 462 

life due to the considerable number of RD joints, especially under the heavy truck traffic. In the latter 463 
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assumption, the lower curve solved by the observed model is still above the safety line at the end of 464 

design life, illustrating that it is reliable that the proportion of failure segments will not exceed 30%. 465 

Meanwhile, the observed model demonstrates the conservativeness in the system-level analysis and is 466 

then employed as the default model in the following analysis if not specified. 467 

5.2.2 Enhancement of fatigue strength 468 

According to Eqs. 4 and 5, the fatigue reliability of the OSDs can be improved by enhancing the 469 

fatigue strength. To achieve that, innovative details and fabrication technologies could be employed 470 

[47][48]. In the study, the application of an innovative U-rib, named thickened edge U-rib (TEU), has 471 

been investigated [48]. According to the test results, the strength of RD joints could be enhanced by 472 

20% by using TEUs. On this basis, the analysis is made with improved strength, and the results are 473 

compared in Figs. 13a and b.  474 

  
(a) (b) 

Fig. 13. Reliability with and without strength enhancement: (a) component-level; (b) system-level. 475 

Two critical joints, U9R and U12L, are selected for the comparison of component-level reliability. 476 

With the enhancement, the reliability curves move up significantly. As a result, only the reliability 477 

curve of U9R becomes slightly lower than the upper safety line after almost 90 years. At the end of 478 

design life, the two reliability indexes are increased by about 50%. In the case of system-level 479 

reliability, at first, the difference is relatively small between the two curves, while it increases rapidly 480 

with time. At the end of design life, the system-level reliability index is increased by more than 100%. 481 

To summarise, a moderate enhancement in fatigue strength, i.e. 20%, could lead to significant 482 

improvement in fatigue reliability at both component- and system-level. Thus, proper design and 483 

fabrication are vital to the fatigue reliability of OSDs. 484 
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5.2.3 Information-based fusion 485 

As aforementioned, the established DBN can fuse new information into the evaluation model at 486 

any time when it is available. The investigation has been made on the fusion of traffic models, in 487 

which the standard truck model and the observed model are used. In the analysis, the observed model 488 

is assumed to be available after ten years and then fused into the model basing on the previous state. 489 

The reliability index solved with information fusion is plotted against the one without information 490 

fusion in Fig. 14. The result shows that after the fusion, a significant increase could be found in the 491 

deterioration rate, i.e. the gradient of reliability curve. As a result, the reliability index finally reaches 492 

a lower value at the end of design life. Thus, it is vital to consider the up-to-date traffic model to 493 

obtain an accurate reliability index. 494 

 495 

Fig. 14. System-level reliability with the information-based fusion. 496 

5.2.4 Evidence-based updating 497 

The most important feature of the DBN lies in the capability in automatic evidence-based 498 

updating, i.e., to calibrate the model using inspection results. Since the partial inspection has been 499 

proved to have little effect [8], the full inspection is considered in the study, i.e., all the RD joints are 500 

checked in one inspection. The deck system is assumed to be inspected three times at the 30th, 50th 501 

and 70th years. Two scenes of inspection results are considered, i.e., non-detection and detection of 502 

cracks. 503 

The reliability index updated with the non-detection results (i.e. fatigue crack is not detected in 504 

all the three inspection) has been plotted against the index without inspection in Fig. 15. The 505 

reliability index is increased after each inspection since no crack is detected. Meanwhile, the 506 
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deterioration rate (i.e. the gradient of the curve) increases suddenly after the inspection and gradually 507 

decreases to the normal level. It is worth noting that after the last two inspections, the reliability 508 

becomes higher than the value after the first inspection. This can be attributed to the updating in the 509 

posterior distributions of fatigue strength and ADT. 510 

 511 

Fig. 15. System-level reliability with the information-based fusion. 512 

The posterior distributions of the fatigue strength and ADT after inspections are derived, as 513 

shown in Fig. 16a and b. The result shows that after each inspection, the distribution of strength will 514 

move to the right side while that of ADT will move to the left side. 515 

  
(a) (b) 

Fig. 16. Posterior distribution updated with no detection of cracks: (a) fatigue strength; (b) average 516 

daily traffic (ADT). 517 

Thus, the non-detection results indicate a higher value of strength and a lower value of ADT. In 518 

other word, the strength is underestimated while the ADT is overestimated in the prior distributions. 519 

Since the fatigue deterioration is an accumulation process, the update in posterior distribution will 520 
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have effects throughout the whole time slices. As a result, it can lead to a reliability index much 521 

higher than the one previously predicted, as is the case in Fig. 15. 522 

The situation that fatigue cracks are detected has also been analysed. The cracks are assumed to 523 

be observed in different segments, to account for the most critical situation. Table 6 shows the 524 

considered inspection results.  525 

Table 6 Inspection results considered in the case of detection 526 

No. 
Inspection 

time 

Number of cracked joints 

U4R U7L U9R U12L U12R U14R U15L 

1 30th year 0 0 0 0 0 0 0 

2 50th year 0 0 2 3 0 0 0 

3 70th year 0 1 5 7 0 0 0 

 527 

Based on the results, the updated reliability index can be calculated, as shown in Fig. 17. Before 528 

the second inspection, the reliability is the same as the one with the non-detection results, since no 529 

crack is observed until then. After the second inspection, the reliability only slightly increases since 530 

crack is observed in several joints, while the deterioration rate increases significantly. After the third 531 

inspection, the reliability experiences a slight increase while the deterioration rate becomes even 532 

higher. As a result, the inspected curve decreases below the uninspected curve and safety line after 75 533 

years and 85 years, respectively. Finally, the reliability index decreases to almost zero at the end of 534 

design life. 535 

 536 

Fig. 17. System-level reliability updated with the detection of cracks. 537 

Similarly, the posterior distributions are also derived, as shown in Fig. 18a and b. After the first 538 

inspection, the changes in the distributions are identical to the previous result with the non-detection 539 

results. However, since cracks are found in the next two inspections, the distribution of strength 540 
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moves to the left while that of ADT moves to the right. These changes indicate the overestimation in 541 

strength and the underestimation in ADT. At the same time, the change in the reliability could also be 542 

explained by the updated posterior distributions: (1) the reliability increases since most of the joints 543 

are not cracked when inspected; (2) the deterioration rate rises since the lower strength and high 544 

traffic volume are expected. 545 

  
(a) (b) 

Fig. 18. Posterior distribution updated with the detection of cracks: (a) fatigue strength; (b) ADT. 546 

Based on the above analysis, the DBN model is capable of self-calibration through inspection 547 

results. Even if the prior distributions are not well established, they could be gradually adjusted with 548 

the input of inspection results. As a result, a good accuracy could be still reached for the reliability 549 

prediction. 550 

5.2.5 Effects of treatment approaches 551 

After the cracking problem becomes significant, treatment approaches can be employed to 552 

maintain the reliability of OSDs. Two general treatments are investigated, including maintenance and 553 

traffic control. At first, maintenance is assumed to be carried out after the last inspection when the 554 

cracking problem affects the safety risk after the last inspection. In the assumption, the cracked joint 555 

can be fully repaired after the maintenance, i.e., recovered to the initial state. On this basis, the 556 

reliability has been solved, as shown in Fig. 19. The reliability increases significantly after the 557 

maintenance. At the end of design life, the reliability index is much higher than the safety line. 558 

Meanwhile, the two curves are almost parallel, indicating that the maintenance has little influence on 559 

the deterioration rate. This could be attributed to the following factors: (1) only the cracked joints are 560 
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manipulated through the maintenance; (2) the maintenance will not change the distributions of 561 

strength and ADT, which determine the deterioration rate. 562 

 563 

Fig. 19. System-level reliability with and without maintenance. 564 

In the engineering practice, there are cases that maintenance cannot be carried out due to various 565 

reasons such as the lack of budget, the difficulties in maintenance, the disturbance on daily traffic, and 566 

so on. Alternatively, traffic control could be applied as a backup approach. Two types of controls have 567 

been investigated, including the control on the vehicle weight and the control on the traffic volume. 568 

At first, the average vehicle weight is assumed to be reduced by 10% due to the weight control. 569 

Analysis has been made using the information-based fusion of the DBN model, as shown in Fig. 20. It 570 

could be found that the deterioration rate significantly decreases after weight control. As a result, the 571 

reliability curve finally reaches a value above the safety line at the end of design life. 572 

 573 

Fig. 20. System-level reliability with and without weight control 574 

Analysis has also been made on the situation when the traffic volume is reduced by 20% due to 575 

the traffic volume control, as shown in Fig. 21. A similar trend could be found, and the reliability 576 

curve also reaches the value above the safety line at the end of design life. 577 
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 578 

Fig. 21. System-level reliability with and without traffic volume control 579 

However, traffic control should only be considered the second choice even if the reliability could 580 

be maintained at an acceptable level. To some extent, it could also be seen as a special type of 581 

degradation of serviceability, since the function of the bridge is intendedly restricted. Instead, the 582 

maintenance seems to be a suitable choice. However, as aforementioned, maintenance does not affect 583 

the uncracked joint and the deterioration rate. Thus, if the deck system is poorly designed and 584 

fabricated, extensive efforts of maintenance are required to keep the reliability at a satisfied level. 585 

Recalling the investigation on the enhancement in fatigue strength, an important conclusion could be 586 

drawn here: it is crucial to prevent the fatigue cracking by the reasonable design and elaborate 587 

fabrication, instead of the maintenance and traffic control conducted after significant cracking. 588 

6. Concluding remarks 589 

In this paper, a novel dynamic Bayesian network (DBN) model has been proposed for the system-590 

level evaluation on the fatigue reliability of orthotropic steel decks (OSDs). With the model, three 591 

major tasks could be facilitated: prediction, information-based fusion, and evidence-based updating. 592 

The inference algorithm used in the model has been adapted to enable the analysis of the large-scale 593 

deck system with a considerable number of joints. After that, a system-level framework is established 594 

for the fatigue reliability of OSDs, based on the serviceability of the deck system. For illustration, a 595 

typical OSD bridge in China has been selected to carry out a case study. To derive stress spectra 596 

required by the reliability analysis, the stochastic traffic model is employed with Monte Carlo 597 

simulations. Two types of traffic models have been considered, the standard truck model and the 598 

observed model, which respectively stand for the prior and posterior knowledge about the traffic. 599 
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Finally, the selected bridge has been investigated using the proposed approach. According to the 600 

analyses, some important conclusions could be drawn as follows: 601 

 Fatigue fracture is highly possible to occur in OSDs during the service life because a considerable 602 

number of welded joints are adopted, especially under the heavy truck traffic. However, OSDs 603 

can work with the presence of limited cracks because of their high redundancy. Thus, a 604 

framework of fatigue reliability at system-level is established basing on the number of cracked 605 

segments of OSDs, to reflect the serviceability of the deck system.  606 

 A moderate enhancement in fatigue strength of rib-to-deck joints may lead to significant 607 

improvement in the fatigue reliability at both the component-level and system-level. As discussed 608 

in the study, if the strength has been increased by 20%, the system-level reliability will be 609 

increased to more than two times at the end of design life, while the component-level reliability of 610 

two critical joints will be increased to around 150% at the end. Compared with the treatments 611 

such as maintenance and traffic control, special cares should be taken at the design and fabrication 612 

stage to improve the fatigue reliability. 613 

 Through the information fusion of the observed traffic model, it demonstrates the importance of 614 

considering the real-time change in the traffic model. Meanwhile, the DBN model has been 615 

updated with the two types of inspection results. The analysis indicates that reliability could 616 

change significantly with the inspection results. Thus, proper inspections should be carried out for 617 

OSDs, through which the prediction could be auto-calibrated. 618 

 Maintenance could be performed to maintain the reliability of OSDs after significant cracking has 619 

been found. After the proper maintenance, the reliability could be notably increased. However, the 620 

effort of maintenance has little influence on the deterioration rate, which is determined by fatigue 621 

strength and traffic volume. Thus, if the deck system is poorly designed and fabricated, extensive 622 

efforts must be made to keep its reliability at a satisfied level. 623 

 Traffic control could be applied as an alternative approach when maintenance is difficult to be 624 

conducted. Two types of controls have been considered, including the control on vehicle weight 625 

and the control on traffic volume. As a result of controls, the deterioration rate decreases, and the 626 
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reliability could be maintained at an acceptable level. However, traffic control should be treated 627 

as a backup approach only, since the function of the bridge is intendedly restricted. 628 

 Of the most engineering concerns, the OSD can provide a 100-year service life with the proper 629 

design, fabrication, inspection and maintenance during the whole lifetime. 630 
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