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Traffic action plays an integral part in fatigue deterioration and extreme load collapse, 
which are two major factors limiting the remaining life-time of a large-span bridge. 
However, the shortage of factual data and inaccurate estimating method act as 
bottlenecks for building a precise traffic load model. This paper presents a Bayes-based 
updating model of traffic loads from Nanjing 3rd Yangtze River Bridge. Based on the 
four years of monitoring data, the extreme value distributions of traffic loads obtained 
from the design code, the proposed novel tail-distribution based method, as well as the 
empirical method is carefully compared. Furthermore, a Bayes-based updating model of 
traffic loads, which combines posterior experience and empirical data, is developed. The 
results show the superiority of the proposed updating method is practical in predicting 
traffic loads’ extreme value distribution under variable working conditions, which 
would benefit considerably for the estimation of the bridge’s remaining life time. 
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ABSTRACT: Traffic action plays an important role in fatigue deterioration and extreme 
load collapse, which are two major factors influencing the remaining life-time of a 
large-span bridge. However, the shortage of factual data and inaccurate estimating 
method act as bottlenecks for building a precise traffic load model. This paper presents 
a Bayes-based updating model of traffic loads for Nanjing 3rd Yangtze River Bridge. 
Based on the four years of monitoring data, the extreme value distributions of traffic 
loads obtained from the design code, the proposed novel tail-distribution based method, 
as well as the empirical method is carefully compared. Furthermore, a Bayes-based 
updating model of traffic loads, which combines posterior experience and empirical 
data, is developed. The results show the superiority and effectivenessof the proposed 
updating method in predicting traffic loads’ extreme value distribution under variable 
working conditions, which would be benefit considerably for the estimation of the 
bridge’s remaining life time. 

1 INTRODUCTION 

Long-span bridges are essential  parts in both national and international transportation 
system. Worldwide authorities have recognized the importance of bridge safety on 
national economy and social stability, and structural health monitoring (SHM) in 
securing proper operation during the structure’s lifetime. Traffic action is one of the 
most important effects for the fatigue deterioration and remaining life-time prediction of 
long-span bridges. With the prosperous economy, the demand for the transportation of 
goods has led to increasingly serious overload. In fact, much social attention is attracted 
by the recent collapses of the transportation bridges under overload trucks. Load 
restriction, as well as overload fine might intuitively be optimal to the controlling of 
traffic loads on bridges. However, the current load code considers neither the 
phenomenon of increasingly serious overload, nor the actual effect of load controlling 
methods on the extreme value distribution of traffic loads. With the incorporation of 
health monitoring system in Nanjing 3rd Yangtze River Bridge, a wide range of 
monitoring data in four years, like traffic loads, wind speed, temperature, cable force, 
and acceleration of the bridge has been collected.  
The estimation and prediction of extreme value distribution from section distribution 
could be divided into two groups: (1) method that utilizes only actual data and 
predetermined probability model; (2) ones that based on Bayes theory to implement 
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estimation with prior distribution, prediction model, and monitored data. As for the 
treatment of section distribution, the methods above could be further divided: one is to 
utilize the full-range section distribution, while the other employs only the tail 
distribution. In this paper, all these methods above are scrutinized and compared, which 
shows that a novel Bayes model with a tail distribution has several satisfactory merits. 

2 DESCRIPTION OF DATA SOURCE 

The Nanjing NO.3 Yangtze River Bridge, as shown in ¡Error! No se encuentra el 
origen de la referencia., is one of the largest cable-stayed bridges constructed in 
mainland of China. It comprises a 648m main span and two 63+257m side spans. The 
bridge towers are as high as 215m, which consists 4 transverse beams. The tower below 
the bridge girder is made of pre-stressed concrete and the rest of the tower is made up of 
steel plates. There are totally 4×21 pairs of cables. Among the cables, the smallest 
number of 7mm steel wires consist in a cable is 109, while the largest of is 241. 
As for the health monitoring system, the acceleration, temperature, and wind speed 
sensors are located on the deck and the towers of the bridge, and also, stress and strain 
sensors are installed on each steel cable to monitor the stress and strain in these cables. 
Moreover, weight sensors are incorporated in the entrance of the bridge on both sides to 
monitor the incoming traffic loads.  
 

 
Figure 1 Nanjing 3rd Yangtze River Bridge 

3 PROCESS AND VISUALIZATION OF MONITORED DATA  

The traffic load datasets would be divided into days, weeks, and years, then the 
empirical section distribution, as well as daily and weekly extreme value distribution is 
easy to achieve. Also, it should be noticed that the overall vehicles that pass through 
every lane are our point of interest. The separate distributions of vehicle loads on each 
lane are not considered and will be further studied in the future. The statistical 
properties of traffic loads are shown in Figure 2 and Table 1.  It can be seen from Figure 
2 that the section distribution of traffic loads do not follow a known probability 
distribution for the traffic loads distribution is influenced by multiple natural and social 
factors, such as snow storms, rains, load limitations, traffic congestions, economic 
transformation, and the development of car industry. The daily and weekly extreme 
value distribution are fitted by Generalized Extreme Value distribution (GEV).The 
cumulative distribution function and probability distribution function of GEV are shown 
as follows: 
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The distribution of time interval between two passing vehicles does not reject the 
exponential distribution, which opens a gate of utilizing stochastic process theory to 
treat traffic load model. Table 1 shows that the mean value and variation of traffic loads 
are nearly 18t, 15t respectively addressing a large variance.  
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Figure 2 Statistical properties of traffic loads collected by SHM (2006~2009): (a) 
Section distribution; (b) daily extreme value distribution; (c) weekly extreme value 
distribution ; (d) time intervals  
 
Table 1 numerical characteristics of traffic load data 

 Mean ( ) /  Standard Deviation () /  

2006 17.12 15.15 
2007 19.16 16.28 
2008 17.37 15.43 
2009 18.00 15.42 

Daily Extreme Value 80.67 17.26 
Weekly Extreme Value 104.45 26.67 

 

4 EXTREME VALUE DISTRIBUTION ESTIMATION  

As recommend in Unified Standard for Reliability Design of Highway Engineering 
Structures (GB/T 50283-1999), the stochastic process of traffic loads conforms a 
Filtered Poisson Process (FPP). The extreme value distribution of a FPP is 

                                                      (3) 
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where  is the section distribution of the data,  is the intensity parameter of the 

Stochastic Process,  is the time interval required for estimating extreme values.  

In order to estimate extreme value distribution of the traffice loads, the paramount work 
to do is to describe the section distribution. Traditionally, the whole-ranged section 
distribution is fitted by a Log-normal distribution and shown in Figure 3.  
 

 
Figure 3 Log-normal fit of section distribution 
 
Seen from Figure 3 that the outcome of the fit is far from satisfaction. Moreover, even 
the fit of the whole ranged distribution is satisfactory, the ultimate estimated extreme 
value distribution might also deviate far from the real one. The fatal drawback in Norm-
recommended method is that even the fit of the body part of section distribution is 
perfect (which lead to an acceptable distribution), the tail part may deviate considerably, 
because the  tail part of section distribution is responsible for the extreme value 
estimation.  So rather than the whole-ranged distribution, the tail distribution is 
intuitively optimal as a representative of section distribution to estimate extreme value 
distribution. Compared to the whole-ranged section distribution based extreme value 
distribution estimation, which introduces unnecessary error by considering the useless 
data in the middle and top part of section distribution, using tail distribution might be 
more accurate. Also, compared to the empirical distribution of extreme values, which 
only makes use of several extreme values and wastes most of measured data, utilizing a 
tail distribution could make use of more data. 

4.1 GPD fitting of tail distribution 

An approach that is often taken in extreme value statistics is to fit tail data into 
Generalized Pareto Distribution (GPD), which was proved by Pickands (1975) and 
Balkema to be the limit distribution of scaled excess over high threshold values under 
certain conditions. The probability density function of GPD is as follows: 

                                                    (4) 

where  and represent the scale and shape parameter respectively.  The threshold of 

the tail distribution, which are important for the description, does not included in the 
above equation.  The threshold of 0.95 fractile and the up-limit of load restriction can be 
chosed as threshold arbitrary in the former.  The fitting of tail distribution are shown in 
the following Figure 3. As shown in Figure 3, choosing the 0.95 fractile as a threshold 
do not yield a satisfactory GPD fit, while the alternative threshold of up-limit of load 
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restriction, 60t, as the alternative threshold seems to be an acceptable approximation of 
the empirical distribution. 
 

 
 

Figure 4 The fit of tail distribution to GPD (a) threshold: 0.95 fractile; (b) threshold: 
load restriction limit 
 
Incorporating the section distribution illustrated above into the stochastic process 
theory, we have the final statistic model: 

                                                             (5) 

The prediction of extreme value distribution is achievable by fitting the tail distribution 
into GPD, determining the stochastic process intensity , and setting a prediction period 

T. The estimations weekly extreme value distribution using this method are shown in 
Figure 3. As can easily be noticed that different threshold value can lead to dissimilar 
distribution of GPD and the intensity of the Poisson Process, and hence the final 
estimation outcome. So although not explicitly included in prediction model, the choice 
of threshold value is of considerable importance. 

  
Figure 5 Comparison of the estimations 

from tail and whole-ranged distributions 
Figure 6 Optimizing threshold 

In this study, the Coincidence Coefficient (CC), which is the overlapped area between 
two probability distributions, is used as a criterion to investigate the similarity of 
estimated extreme value distribution and empirical distribution.  
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∞
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(6) 

A range of thresholds are inspected to find an optimal one. It can be seen in Figure 10 
that the coincidence reaches its peak value at a threshold of 52, so that 52t is chosen as a 
threshold value in the following prediction.  
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5 A BAYES-BASED ESTIMATION MODEL 

5.1 A gentle introduction of Bayes statistics 

Bayesian analysis is performed by combing the prior information ( ) and the sample 

information ( ) into what is called the posterior distribution of  given the sample 

observation . Noting that  and  have joint density 

                                                        (7) 

and that  has marginal density 

                                                  (8) 

It is clear that (since  and providing ) 

                                                                      (9) 

The name “posterior distribution” is indicative of the role of . Just as the prior 

distribution ( ) reflects beliefs about  prior to experimentation, so  reflects 

the updated beliefs about  after observing the sample . In other words, the prior 

information contained in prior distribution combines the model information and the 
sample information contained in likelihood function to give a composite picture of the 
final beliefs about . Noticing that  is a constant nonzero number, the Bayesian 

posterior distribution has the form 
                                                            (10) 

where  is prior, and  is likelihood function.  

5.1.1 Inspect prior distribution 

The utilization of prior information is the major merit of Bayesian inspection, so the 
determination of prior distribution of model parameters is of vital importance. Although 
it is demonstrated in James O.Berger (1980) that the inaccurate choice of prior 
distribution can be compensated with sample data (so even uniform distribution is 
acceptable), a precise determination of priors can more accurate prediction. 
Since prior data is readily accessible, determining priors in this case is easy.  As can be 
seen in Figure 8,  are fitted by normal, log-normal distribution and log-

normal distribution respectively. The priors are determined as follows: 
, ,                                     (11) 

where  are known super-parameters, which determines the 

distribution of model parameters. 
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Figure 7 Fitting of ,  and   :(a)  Normal distribution of  (b) Log-normal 

dsitribution of  (c) Log-normal dsitribution of  
 

5.1.2 Determine likelihood function 

According to the formula of likelihood function: 
                                               (12) 

Then 

         (13) 

so here the Bayesian form of prediction model can be described as follows: 

                              
(14) 

5.2 Application to Nanjing 3rd Yangtze River Bridge 

By performing a Markov Chain Monte Carlo (see Liu 2008 for details) in the Bayesian 
model illustrated above, the updated distribution of week extreme value is shown in 
Figure 15 
 

 
Figure 15 Bayesian estimation of week extreme value distribution 
 
It can be seen from Figure 15 that the Bayesian estimation is a successful compromise 
between empirical and theoretical distribution. 
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6 CONCLUSIONS  

In this paper, the drawbacks of Code recommended method is firstly pointed out, which 
is that the tail part of the whole-ranged distribution in section distribution is not precise 
enough to perform sound extreme value estimation. This drawback is repaired by 
introducing a precise GPD tail to substitute the whole-ranged distribution. The 
monitored data shows the superiority of using tail distribution over whole ranged 
distribution. 
Then a novel Bayesian approach of extreme value estimation is raised. Bayesian 
methodology combines the prior information, model information, and monitored data to 
make an updatable prediction. The mechanism of Bayesian updating is illustrated and 
the practical updating result shows Bayesian prediction is a reasonable compromise of 
empirical model and theoretical model. 
 
Acknowledgements 
This research is financially supported by NSFC (Grant No. 51008096), MOST (Grant 
No. 2011BAK02B02) and China Postdoctoral Science Foundation (Grand No. 
20100471072). 

7 REFERENCES 

Beck, JL, 1996. System identification methods applied to measured seismic response. 
11th World Conference on Earthquake Engineering, Elsevier, Amsterdam. 

Berger, JO. 1980. Statistical Decision Theory and Bayesian Analysis. New York: 
Springer, Inc. 

Ma, WJ, Beck, JM, Latham, PE, Pouge, A, 2006. Bayesian inference with probabilistic 
population codes. Nature Neuroscience,  

Katafygiotis, LS, Lam, HF, 1998. A probabilistic framework for structural health 
monitoring. 12th Engineering Mechanical Conference ,ASCE, New York, 1379–
1382. 

Liu, SJ. 2008. New Monte Carlo Strategies in Scientific Computing York: Springer, Inc. 
Sohn, H, Law, HA, 1997, Bayesian probabilistic approach for structure damage 

detection. Earthquake Engineering and Structure Dynamics. 26,1259–1281. 
Vanik, MW, 1997, A Bayesian probabilistic approach to structural health monitoring, 

PhD thesis, California Institute of Technology, Pasadena, Calif. 
Vanik, MW, Beck, JL, Au, SK 2000. Bayesian probabilistic approach to structural 

health monitoring. Journal of Engineering Mechanics. Vol. 126, No. 7 

 

 
 
 
 
 
 


