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ABSTRACT 
 
The structural reliability assessment which incorporates structural health monitoring (SHM) data is capable of 
providing authentic information about in-service performance of the instrumented structure and accommodating 
uncertainties in the measurement data. Because the peak values of the measurands which illustrate the critical 
condition/status of the structure are random in nature, it is important to adopt appropriate statistical counting 
methods to extract favorable peak values for reliability assessment. Some methods, such as the sampling method, 
the peak counting method, and the pointwise counting method, have been proposed for peak counting. In the 
present study, different statistical counting methods for the selection of peak data targeted for SHM-based 
reliability assessment of instrumented bridges are examined and compared, through the application of the above 
methods for the purpose of constructing peak-stress histograms and formulating probability density functions 
(PDFs) by use of long-term strain monitoring data from an instrumented bridge. Peak covering rate is defined 
and the relationship between the amount of peak data and the control parameters for peak counting is obtained 
to help determine the parameters used in the statistical counting methods. The reliability indices obtained from 
different statistical counting methods under the same amount of peak data are also compared. 
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INTRODUCTION  
 
Structural condition assessment via monitoring enables uncertainties inherent in the structure to be taken into 
account and the usage of site-specific monitoring data for structural condition assessment allows the elimination 
of a substantial portion of modeling inaccuracy in live load characterization and the structure itself, therefore 
leading to a more accurate condition assessment. In practice, in-service monitoring of strain response is essential 
for monitoring-based structural condition assessment because strain measurement can offer information about 
stress experienced by the structure during its operation and stress is the most important data to indicate the 
safety reserve of structural components. Since structural reliability is an important performance measure of 
structural condition (Estes 1997; Frangopol et al. 2001; Ko and Ni 2005; Lark and Flaig 2005), the reliability-
oriented approach to processing SHM data for condition assessment naturally obtains its popularity. A number 
of methods of incorporating SHM data into reliability techniques for the purpose of bridge condition assessment 
have been developed in recent years (Peil 2005; Catbas et al. 2008; Frangopol et al. 2008a; Hosser et al. 2008; 
Liu et al. 2009, Xia et al. 2012). 
 
When long-term monitoring data of strain/stress is applied for reliability-based structural condition assessment, 
usually the peak data (or extreme values) rather than the whole raw data is used to formulate the probability 
density function (PDF) of the load effect (Frangopol et al. 2008b; Messervey et al. 2011; Ni et al. 2012a; Xia et 
al. 2012). Since the peak data demonstrates a number of maximum responses of an effect during its action on the 
structure, it is regarded as the favorable database for reliability assessment. Another advantage of using the peak 
data is the significant reduction of the amount of data while keeping high fidelity in reflecting the reliability 
condition. Several methods, such as the zero-derivation method, the sampling method, the peak counting 
method, and the pointwise counting method, have been proposed for statistical counting of peak data from 
immense raw measurement data (Frýba 1996; O'Haver 2013). Different statistical counting methods define 
different data clusters through grouping successive data points, and select the peak value from each of the data 
clusters. These peak data are integrated together to form a probability density histogram which would later be 



fitted by an appropriate parametric distribution model. By checking the probability of the resistance (capacity) 
of the structure exceeding the load effect (demand), the parametric distribution is transformed into reliability 
index by applying reliability theory and the related maintenance action can be justified. The reliability result is 
influenced by the selection of the statistical counting method and the parameter defined in the method.  
 
In this paper, the three most common statistical counting methods, i.e., the sampling method, the peak counting 
method and the pointwise counting method, for the selection of peak data targeted for SHM-based reliability 
assessment of instrumented bridges are examined and compared, through the application of the above methods 
for stress PDF estimation of the suspension Tsing Ma Bridge (TMB) with the use of long-term strain monitoring 
data. Peak covering rate is defined and the relationship between the amount of peak data and the control 
parameter in each counting method is obtained to help determine the parameters used in the statistical counting 
methods. Based on the formulated relationship, the parameters in the three methods are determined by ensuring 
a certain peak covering rate, and the evaluation results of reliability index for an instrumented deck component 
from the three statistical counting methods are obtained and compared. The reliability indices obtained from the 
three methods under the same amount of peak data are also compared. 
 
 
STRATEGY FOR SHM-BASED RELIABILITY ASSESSMENT  
 
For an instrumented structure, the reliability assessment can be conducted with the monitoring data acquired by 
the SHM system. Figure 1 illustrates the flowchart of SHM-based reliability assessment. After acquiring the 
strain monitoring data, detrending of the raw measurement data is first performed. The detrending performs the 
elimination of unrelated effects in the data. For the in-service monitoring data of strain acquired at bridge deck, 
the temperature-caused strain, although considerably large, contributes little to the stress as the majority of it is 
released through the movement of the bridge deck at expansion joints and bearings. A wavelet-based multi-
component decomposition method was developed to eliminate the temperature-induced ingredient and other 
trend ingredients (low-frequency components) from raw measurement data of strain (Ni et al. 2012a). In the 
next step, an appropriate statistical counting method is applied to extract peak data from the detrended data and 
then construct the probability density histogram of the peak data. As a result of multi-load effects such as traffic 
(highway, railway, or both of them) and wind (monsoon or typhoon), the strain data acquired under in-service 
environment in general exhibits multiple engendering effects which cannot be characterized by a standard 
probability distribution model adequately. It makes the inference of PDF from the monitoring-obtained 
histogram more difficult. Finite mixture distribution models are adopted for this purpose because their capability 
of characterizing either single- or multi-modal PDF (Bučar et al. 2004; Ni et al. 2012b; Xia et al. 2012). After 
obtaining the analytical expressions of PDF of the peak strains/stresses by the finite mixture models, evaluation 
of the reliability index can be conducted by defining an appropriate limit state function. With properly deployed 
sensors and the corresponding data, the reliability index can be obtained at both structural component and deck 
cross-section levels (Xia et al. 2012; Ni and Lin 2013). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 1. Flowchart of SHM-based reliability assessment 
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The sampling method is the most frequently used method for finding the peak data from successive data sets the 
scale of which is equal and determined artificially. This method firstly divides the raw data into small clusters 
with equal scale which is based on a pre-determined length of data cluster. Within each of the small cluster, the 
data which has the highest value is derived to build up the peak database. The process is shown in Figure 2(a). 
In this method, the length of the data set covered in each cluster is the most critical parameter and should be 
appropriately selected to catch all the characterized peak data by dominant effects and rare events on the 
structure. It is usually determined by the analysis of these dominant effects of the structure. For example, the 
length should be enough large so that small values such as noise and spikes which contribute little to the 
reliability can be eliminated; the length should also be fitted to the frequency of target data which are triggered 
by important effects so that full coverage of those target data is achieved. In the present study, it is regarded as 
the control parameter of the sampling method and will be addressed in detail. 
 
The Peak Counting Method 
 
The peak counting method represents an alternative perspective on the raw data when the measurement data 
fluctuates at the mean level. The mean level for the detrended data is set as the x-axis. Then we identify all the 
positive cycles above the mean level, each positive cycle being recorded as a data cluster. But the clusters of 
which scales are lower than a given threshold are waived. Finally, the peak data is picked up from each of the 
valid clusters to make up the peak database. The process of the peak counting method is shown in Figure 2(b). It 
should be noted that the threshold to filter the unqualified clusters is essential in view that most of the spikes and 
noises reflect on the raw data with narrow positive cycles. The peak counting with a threshold for minimum 
scale of data clusters has the capacity to solve the problem. Therefore, the threshold (data scale) to filter the 
unqualified clusters is regarded as the control parameter of the peak counting method and will be addressed in 
detail. 
 
The Pointwise Counting Method 
 
The pointwise counting method assumes all the data to be the candidates of peak data, by testing each of them 
with a standard for eligible peak data and collecting those which pass the exam to form the peak histogram. The 
standard is that each of the eligible peak data should be larger than a number of data with a scale of n at its front 
and back. According to the standard, every point in the data is checked through comparison with its n number of 
adjacent data at its left and right respectively; in other words, this n number can be regarded as a radius for 
target data. The data which pass the test is collected, while the others are waived. Those collected data are then 
used to form the peak probability histogram. The radius for the standard is therefore regarded as the control 
parameter of the pointwise counting method and will be addressed in detail. 
 

     
(a) Sampling method   (b) Peak counting method 

 
(c) Pointwise counting method 

Figure 2. Three statistical counting methods for selection of peak data 
LONG-TERM MONITORING DATA OF STRAIN  
 
The strain data acquired by a long-term SHM system deployed on the Tsing Ma Bridge (TMB) have been used 
to testify the performance of the three statistical counting methods in SHM-based reliability assessment. The 



TMB, as shown in Figure 3, is a suspension bridge with a main span of 1377 m in Hong Kong, which carries 
both highway and railway traffic. After completing its construction in 1997, the bridge was instrumented with a 
sophisticated long-term SHM system by the Highways Department of the Hong Kong SAR Government (Wong 
2007; Ni et al. 2011). As part of the SHM system, 110 strain gauges were installed to measure dynamic strain 
responses at three bridge deck sections denoted by CH23488.00, CH23623.00 and CH24662.50 (chain mileages 
of the deck sections of TMB) as shown in Figure 3. The deployment locations of strain gauges include the chord 
members (top chords, diagonal struts and bottom chords) of the longitudinal trusses, cross-frame chord members, 
bracing members, deck trough and rocker bearings at one tower. Figure 4 provides a cross-sectional view of the 
distribution of strain gauges on a typical deck section. The strain data were continuously acquired at sampling 
rates of 25.6 and 51.2 Hz, respectively. 
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Figure 3. Layout of Tsing Ma Bridge and sections with strain gauges 
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Figure 4. Deployment of strain gauges on a deck cross-section of TMB 

 
Figure 5(a) illustrates a typical daily strain time history acquired by the strain gauge installed at the location H 
(refer to Figure 4). It is seen that the magnitude of the strain responses acquired at 2:00 to 5:00 am is relatively 
small since railway traffic ceases to operate during that period. It is also found that there is a trend ingredient 
(low-frequency component) in the strain time history, which is attributed to the daily cycle effect of temperature 
variation. As afore-mentioned, the temperature-caused strain contributes little to stress. Figure 5(b) shows the 
strain time history after detrending. The detrended strain stems mainly from live load effects including traffic 
(highway, railway, or both of them) and wind (monsoon or typhoon). Figure 6 shows the strain response during 
the passage of two trains running in opposite directions. Each train generates 9 peak values of the dynamic strain 
response at the measurement point.  
 
The strain responses acquired from 7 consecutive days (one week) with the data covering 10 hours in each day 
are used to constitute a sequence of 12902400 data for the present study. 
 

 
Figure 5. Typical daily strain time history and the strain time history after detrending 



 
Figure 6. Strain response during passage of two trains (time: second) 

 
PEAK HISTOGRAMS BY DIFFERENT STATISTICAL COUNTING METHODS 
 
The three statistical counting methods are applied to the above data sequence to derive the peak-stress (the peak 
stresses are obtained by multiplying the peak strains by the elastic modulus E of steel) probability histograms. In 
the sampling method, the control parameter is the interval length (data scale) for each cluster. The probability 
histograms of the peak stresses by the sampling method with the control parameter varying from 25 to 6144 
have been obtained, and some of them are illustrated in Figure 7. In the peak counting method, the control 
parameter is the length of the filter (data scale) to waive small positive cycles. The probability histograms of the 
peak stresses by the peak counting method with the control parameter varying from 10 to 200 have been 
obtained, and some of them are shown in Figure 8. In the pointwise counting method, the control parameter is 
the radius (data scale) to judge whether the target data is a peak. The probability histograms of the peak stresses 
by the pointwise counting method with the control parameter varying from 13 to 3072 have been obtained, and 
some of them are shown in Figure 9. 
 
It is seen from Figures 7 to 9 that the shape of the probability histograms obtained by the three statistical 
counting methods is varying with the control parameter; especially, the obtained probability histograms exhibit 
more significant multi-modal distribution properties with the increase of the control parameter. To facilitate the 
selection of a proper parameter value, a ‘new’ data sequence containing a small amount of data is constructed to 
testify the peak covering rate of the three statistical counting methods under different values of the control 
parameter. This sequence consists of six data segments lasting 10 minutes each, acquired at different time 
intervals within one day. The total number of train-induced peak responses (amount of peak data) in this data 
sequence (Np), and the total number of train-induced biggest responses (only the biggest value among the 9 peak 
responses in the passage of a train is picked up) in this data sequence (Nb), have been counted. Then the three  

 

     
(a) With the parameter value of 360   (b) With the parameter value of 770 

     
(c) With the parameter value of 1280  (d) With the parameter value of 2560 

Figure 7. Peak histograms by the sampling method with different parameter values 



     
(a) With the parameter value of 50  (b) With the parameter value of 85 

     
(c) With the parameter value of 120   (d) With the parameter value of 150 
Figure 8. Peak histograms by the peak counting method with different parameter values 

 

     
(a) With the parameter value of 180   (b) With the parameter value of 280 

     
(c) With the parameter value of 640   (d) With the parameter value of 1280 

Figure 9. Peak histograms by the pointwise counting method with different parameter values 
 
statistical counting methods are applied to the data sequence to obtain peak values by using different values of 
the control parameter.  
 
Two peak covering rates are defined: the first peak covering rate is defined as the ratio of the number of train-
induced peak values in the selected peak data by a statistical counting method to the total number of the train-
induced peak responses in the original data sequence (Np), and the second peak covering rate is defined as the 
ratio of the number of train-induced biggest peak responses in the selected peak data by a statistical counting 
method to the total number of the train-induced biggest peak responses in the original data sequence (Nb). Figure 
10 illustrates the peak covering rates versus the control parameter, obtained by the three statistical counting 
methods respectively. It is observed that for the sampling method, the peak covering rate (coverage percentage) 
for Np dramatically decreases with increasing control parameter when the control parameter is less than 200, but 
varies slowly when the control parameter is large than 200; the peak covering rate (coverage percentage) for Nb 
remains as 1 until the control parameter exceeds 920. For the peak counting method, both the peak covering rate 



for Np and the peak covering rate for Nb are irrelevant to the control parameter. For the pointwise counting 
method, the peak covering rate for Np remarkably decreases with increasing control parameter when the control 
parameter is less than 120, and keeps almost unchanged when the control parameter is large than 120; the peak 
covering rate for Nb remains as 1 until the control parameter exceeds 512. 
 
The total number of peak values (amount of peak data) obtained by the three statistical counting methods when 
using different values of the control parameter is shown in Figure 11. With this relationship, we can know the 
amount of peak data selected by a statistical counting method with a specific value of the control parameter. In 
addition, it is enabled to determine the values of the control parameter in different methods to achieve identical 
amount of peak data resulting from the three statistical counting methods. 
 

     
(a) The sampling method   (b) The peak counting method 

 
(c) The pointwise counting method 

Figure 10. Peak covering rates versus control parameter for three statistical counting methods 
 

     
(a) Sampling method   (b) Peak counting method 

 
(c) Pointwise counting method 

Figure 11. Relationship between amount of peak data and control parameter 
 
EVALUATION OF RELIABILITY INDEX 
 
Appropriate values of the control parameters in the statistical counting methods should be determined to obtain 
the probability histograms of the peak stresses. In this study, the control parameter in the sampling method is 
taken as 920 because the peak covering rate for Nb cannot be kept as 1 when the control parameter exceeds this 



value (Figure 10(a)). Similarly, the control parameter in the pointwise counting method is taken as 512 (Figure 
10(c)). According to Figures 11(a) and 11(c), the amount of peak data is 13743 for the control parameter equal 
to 920 in the sampling method and 10699 for the control parameter equal to 512 in the pointwise counting 
method. Because the control parameter in the peak counting method does not affect both the peak covering rate 
for Np and the peak covering rate for Nb (Figure 10(b)), the target amount of peak data for the peak counting 
method is taken as an average of that (13743) for the sampling method and that (10699) for the pointwise 
counting method, that is, 12221, with which the control parameter in the peak counting method is determined as 
51 according to Figures 11(b). After specifying the control parameters, the peak-stress histograms are obtained 
by the three statistical counting methods as shown in Figure 12. 

 

 
  (a) Sampling method     (b) Peak counting method   (c) Pointwise counting method 

Figure 12. Peak-stress histograms and finite Weibull mixture modeling 
 
The peak-stress histograms display multiple engendering effects. In the present study, the finite Weibull mixture 
distribution model is utilized to derive analytical expressions of the PDFs from the histograms. For a random 
variable X, the finite Weibull mixture distribution model decomposes its probability density function f(x|Θ) into 
the sum of m component density functions fj(x|θj) (j = 1, , m) with the expression 
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where ßj and θj stand for the shape and scale of the component density function. Iterative solution expressions in 
terms of the expectation maximization (EM) algorithm have been explicitly obtained (Xia et al. 2012) which can 
be applied in conjunction with the Akaike information criterion (AIC) to determine the optimal number (m) of 
components and the parameters (wj, ßj and θj; j = 1, 2, , m) in the finite Weibull mixture distribution model. 
Table 1 shows the identified parameters of the Weibull mixture models for the peak-stress histograms obtained 
by the three statistical counting methods, and the envelop curves in Figure 12 illustrate the PDFs characterized 
by the formulated Weibull mixture models. 
 

Table 1. Identified parameters of finite Weibull mixture PDF models 

 
 
After obtaining the analytical expressions (Weibull mixture models) of the peak-stress probability distributions, 
evaluation of the failure probability or reliability index can be conducted straightforward. In the present study, 
the limit state function is defined in terms of sensor readings as proposed by Frangopol et al. (2008a). It requires 
that the resistance (strength) R is greater than the monitored load effect (stress demand) S, i.e., g(X) = R – S > 0 
where X is the resistance and load effect parameter vector. The maximum allowable stress (resistance) caused by 
live loads in the serviceability limit state was specified as 60 MPa in the design of the TMB. Based on the 
defined limit state function and the formulated Weibull mixture model, the reliability index is calculated to be 
8.34, 8.33 and 8.38 when selecting the peak-stresses by the sampling method, the peak counting method, and the 
pointwise counting method, respectively. It is found that the evaluated values of reliability index from the three 
statistical counting methods are consistent when the control parameters for the three methods are determined 
according to the peak covering rate as described above. 
 



A further comparison about the evaluation results of the reliability index is made with the same amount of peak 
data generated by the three statistical counting methods. For a given amount of peak data, the corresponding 
value of the control parameters for the three statistical counting methods can be determined according to Figure 
11. Then the peak-stress histograms are derived by the three methods with such obtained control parameters, 
and the corresponding finite Weibull mixture distribution models are formulated for the purpose of evaluating 
reliability index. The evaluation results of reliability index obtained in this way are associated with the same 
amount of peak data included in constructing the peak-stress histograms by the three methods. Table 2 gives a 
comparison of the evaluation results of reliability index from the three statistical counting methods when the 
amount of peak data is fixed as 6000, 8000, 10000, 30000, and 50000 respectively. It is observed that when the 
amount of peak data involved is relatively small (between 6000 and 10000), the evaluation results of reliability 
index obtained from the three statistical counting methods are coincident with each other. In the three cases with 
the amount of peak data being 6000, 8000 and 10000, the reliability index result from the peak counting method 
is slightly less than those from the sampling method and the pointwise counting method; the result from the 
sampling method is slightly larger than those from the peak counting method and the pointwise counting 
method; and the result from the peak counting method is between those from the sampling method and the 
pointwise counting method. When the amount of peak data is larger than 10000, the reliability index results 
from the sampling method and the peak counting method are in good agreement; but the result from the 
pointwise counting method is considerably larger than those from the sampling method and the peak counting 
method. In whole, the evaluated values of reliability index from the three statistical counting methods increase 
with the increase of the amount of peak data used in constructing the peak-stress histograms. 
 

Table 2. Evaluation results of reliability index under different amount of peak data 

 
 
 
CONCLUSIONS 
 
This study focused on the comparison of three statistical counting methods (the sampling method, the peak 
counting method, and the pointwise counting method) for constructing peak-stress histograms with the purpose 
of evaluating reliability index. The strain monitoring data acquired from the instrumented Tsing Ma Bridge 
(TMB) were used in this study. Peak covering rate was defined and the relationship between the amount of peak 
data and the control parameters for the three methods was obtained to help determine the parameters used in the 
three statistical counting methods. Because the obtained peak-stress histograms display multi-modal properties, 
the finite Weibull mixture distribution modeling technique has been adopted to formulate analytical expressions 
of the peak-stress PDFs. The reliability indices obtained from different statistical counting methods under the 
same amount of peak data were compared.  
 
The following conclusions can be drawn from the present study: (i) the obtained peak-stress histograms from all 
the three statistical counting methods display higher probability densities at the large-stress ranges when using 
larger values of the control parameters; (ii) the peak-stress histograms exhibit multimodality which can be 
adequately characterized by the finite Weibull mixture distribution model; (iii) the evaluation results of 
reliability index from the three statistical counting methods are consistent when the control parameters for the 
three methods are determined according to the peak covering rate as described in this study; (iv) when the 
amount of peak data used in constructing peak-stress histograms is fewer than a certain size, the reliability index 
results obtained from the three statistical counting methods under the same amount of peak data are in good 
agreement with each other; when the amount of peak data is larger than a certain size, the reliability index result 
from the pointwise counting method is larger than those from the sampling method and the peak counting 
method; and (v) the evaluated values of reliability index from the three statistical counting methods increase 
with the increase of the amount of peak data used in constructing peak-stress histograms. 
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