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ABSTRACT 

Improving the efficiency of bridge inspection and minimising the impact of dynamic load on the long term 

deterioration of the bridge structure reduces maintenance and upkeep costs whilst also improving bridge longevity 

and safety.   

 

This research aims to deploy an innovative sensor system, capable of acquiring and analysing both Acoustic 

Emission (AE) and Long Range Ultrasonic (LRU) data, to identify defects in welds, high stress and corrosive areas.    

Current research data using commercially available sensors has been warehoused as historical records in a 

sophisticated business intelligence system which generated accurate pictures of the health of known and emerging 

structural defects as well as being able to quantify the rate of deterioration of the defects.  This has been linked to a 

further intelligent system to generate a dynamic maintenance and repair schedule that optimises labour resources.     

 

The data warehouse was then correlated with environmental, bridge traffic and other monitoring systems to inform 

decisions in the optimisation of the bridge load management.   

 

Keywords:  Quantitative NDT, condition monitoring, Acoustic Emission (AE), NDT management, structural health 

monitoring (SHM), WIM, bridge load management, statistical correlation, traffic load 

 

1. INTRODUCTION 

A Consortium of organisations is collaborating in the Wi-Health project, partly funded under the 

FP7 Framework by the EU, to research an autonomously powered, wireless network using both 

passive and active long range acoustic nodes for the total structural health monitoring of bridges.   

Part of the project is to develop a Structural Health Monitoring sensors and analysis software that 

will allow AE and LRU condition monitoring non-destructive test (NDT) data acquired on 

bridges to be analysed to determine the deterioration of previously known and newly identified 

defects.   

 

30th European Conference on Acoustic Emission Testing & 7th International Conference on Acoustic Emission 
                                                    University of Granada, 12-15 September 2012

                                                               www.ndt.net/EWGAE-ICAE2012

M
or

e 
in

fo
 a

bo
ut

 th
is

 a
rti

cl
e:

ht
tp

s:
//w

w
w

.n
dt

.n
et

/?
id

=1
35

68



From monitoring the deterioration of the defects and comparing them to acceptance and risk 

levels, the software will be able to automatically generate maintenance schedules that focus on 

the highest risk Regions of Interest (ROI) and optimise the use of the inspection engineers’ 

resources.   

 

The research presented in the paper investigates the correlation of AE activity to transient loads 

and therefore stress caused by road vehicle and environmental activities to the concept of 

informing bridge management strategies to reduce the deterioration of the bridge.   

 

AE test sites were established to monitor known Regions of Interest (ROI) such as potential 

cracks in transverse, cruciform and deck to trough welds within the bridge box sections.  This 

data was then correlated with bridge traffic loads, measured as Weigh in Motion (WIM).    

Correlating bridge AE activity with WIM data presented numerous challenges.   

 

Firstly the data collection points are rarely at the same location.  This presented a synchronisation 

problem especially between the WIM data and the AE test site purely due to sometimes large 

geographical separation distances.  For example, based on the WIM data, assumptions that 

vehicles would remain in the same bridge lane and remain at a constant speed were speculative 

and induced too many inaccuracies into the data set.    

 

Consequently, to demonstrate a related and possibly causative effect between the WIM data and 

the AE activity, compensation for changes in vehicle velocity and / or bridge lane were required.   

 

The second significant challenge was that AE activity may not be linked specifically to 

individual vehicles but to a combined weight of all vehicles close enough to the test site to 

influence the AE activity.  Again, to effectively correlate AE activity and bridge loads, aggregate 

sampling to reflect the length of the bridge’s structural subunits, a box section, as well as the 

correction for vehicle travel variations were required.   

 

Two major objectives were undertaken in this study:   

 To investigate whether specific AE high activity events or aggregated traffic load can be 

correlated to WIM 

 To investigate overall correlation of AE events to WIM loads 

  



2. DATA COLLECTION SET UP 
 

2.1. Acoustic Emission Data:  

ROI that were identified by previous visual and NDT inspections were monitored for AE activity 

from 16 to 30 December 2012.  A 12 channel Balrue (Vigilant) AE system was deployed with 

the sensors configured in three separate arrays around each of the three ROI.  Figure 1, for 

example shows an array of 4 AE sensors configured around a small crack in the cruciform weld 

between troughs.  Figure 2 illustrates the characteristics of a typical AE burst nominally emitted 

by a crack tip as it is forced to open or grow.  The Balrue (Vigilant) AE system was the preferred 

choice for collecting AE data due to its ability for discriminating between Background Noise 

(BN) and real event driven AE bursts.   

 

Figure 2: AE system data flow 
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Figure 1: AE inspection site 



The  Balrue (Vigilant) AE system collected AE data as defined by the 2D location plot at Figure 

3, which is a representation of the  AE burst counts, difference in time between burst arrival 

times at each sensor, peak amplitude, rise-time and signal duration. Plots of AE activity were 

generated and zones of high AE activity were found not only for the known ROI but also at two 

locations in the welds either side of the strengthening trough (Figure 3).   

 

The Wi-Health software is able to correlate all of the acoustic emission parameters from any of 

the arrays and for this study AE event count and AE amplitude for Array A (Figure 3) were 

correlated with WIM data.   

2.2. Weigh in Motion data:   

Vehicle traffic across the Humber Bridge is continuously monitored.  The weigh station collects 

detailed data on each vehicle from its weight, velocity, direction of travel and lane to the number 

of axles and the weight per axle.  

Vehicles are detected by induction loops, one per traffic lane, which also identify vehicle lengths.  

These are in slots cut in the road surface and sealed over with a bituminous sealing material and 

can be seen as the two dark lines running across the full width of the carriageway in Figure 

4.  Axle weights and vehicle speeds are measured by two piezo-electric strips in each 

carriageway extending across the whole road width.  Sensor data is fed back via cabling to the 

controller in a roadside cabinet which also houses communication and power equipment, etc. 

In this study the gross weight of each vehicle and its velocity are used to determine the 

correlation between the two data sets. 

Figure 3:  Plot of AE data for inspection site 
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Figure 4: Picture of WIM collection site 

2.3. Relationship of AE and WIM Data collection locations.  

Figure 5 shows the locations of the weigh station and the test site that was 674 metres away.  

 

 

3. CHALLENGES AND APPROACHES TO CORRELATING AE AND 

WIM DATA SETS 

 

Two major challenges to effectively correlate AE activity with bridge traffic loads are relating 

the time stamps of the WIM data with the AE data and determining the total weight of vehicles 

that are influencing the AE data collection site.   

 

3.1. Synchronising AE and WIM Data Sets 

Figure 6 shows a generalised diagram of a bridge, the traffic lanes, traffic directions and the 

relative locations of a weigh station that collects the WIM data and a test site recording AE data.    

 

Figure 5:  Relative locations of the weigh bridge and the AE test site 
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While time stamping for data collected at the two sites would be synchronised, the traffic at the 

AE sensors would need a travel time adjustment before it reached the weigh station, just as the 

traffic at the weigh station would until it reached the test site.   

 

Consequently, as shown in Figure 7, while both vehicles would be recorded at the weigh station 

at the same time, the blue vehicle would arrive at the weigh station earlier than the brown and, in 

any correlation between the data sets, the velocity at which vehicles are travelling will need to be 

accounted for.   

 

Simply correcting for velocity would be a trivial task as the velocity of vehicles is measured at 

the weight station.  However, while the velocity of vehicles is measured at the weight station, 

vehicles can alter their velocity during transit introducing uncertainties in effectively correlating 

the data sets.  This is further compounded as weigh stations are constructed at the ends of bridges 

were the changing traffic conditions means an increase in velocity changes – typically an 

acceleration for traffic leaving the bridge and a deceleration for traffic approaching the bridge.   

 

3.2. Aggregating Total WIM Load at AE Data Collection Point 

The AE activity will be influenced by not only each vehicle but by the total load of all vehicles 

within distance of the AE sensor array.  Consequently investigation of the correlation between 

the data sets would need to look at not only individual vehicles, but possibly more important, the 

aggregate weight of vehicles at the test site, including all lanes in both directions.   

Furthermore the two problems are not independent of each other as can be seen in Figure 7.  The 

synchronisation problem of the travel time also impacts the calculation of the total load of all 

vehicles on the AE sensors.  Again, as the vehicle velocity can change, compounded uncertainty 

has been introduced as to which vehicles to include into the aggregate weight acting on a sensor 

at any point in time.   

WIM inspection site AE sensors site 

Figure 6: Visualisation of AE and WIM inspection sites locations 



 

3.3. Approach to Synchronising AE and WIM Data Sets and Aggregating Total WIM Load  

The structural subdivision of suspension bridges such as the Humber Bridge are “box sections” 

(Figure 8) that are welded together to form the deck of the bridge.  As each section is structurally 

autonomous this is used for the catchment area from which statistically significant loads will 

contribute to AE activity.   

 

Knowing the length of a box section and the average velocity and the variance of the velocities of 

the bridge traffic a “box car” can be defined which gives the average time for vehicles to cross 

the box section.  More importantly it gives a time period to group and aggregate weights from 

vehicles which are likely to be within the same box section at any point in time.   

 

Humber Bridge box sections are roughly 18 metres and as the average velocity is around 100 

km/h, a box car is about two thirds of a second.    

 

Box section = 18 m 

Average Vehicle Speed = 96.62 

Speed Standard Deviation = 13.42 

Estimated passing time = 0.67 

s 

Figure 8:  Schematic diagram of a box section with calculations for determining the "box car" 

Figure 7: AE and WIM data gathering simulation 

a) b) c) 



This is a narrower duration for grouping the data sets than is normally measureable, particularly 

as few weigh stations would need accuracies of less than second.  This allows a minimum time 

step of one second to correlate the data sets.  

 

For a weigh station and AE test location within the same box car, the total aggregate weight of 

vehicles would be accurate.  However the further the locations of the test site and the weigh 

station, the greater the Gaussian error would be on the aggregate weight due to variations in 

vehicle velocity.  Figure 5 shows the Humber Bridge with the locations of the weigh station and 

the AE inspection site.  The distance between the two sites is 674 metres.  Vehicles travelling at 

the average velocity would take roughly half a minute to travel the distance.   

 

Consequently analysis software would need the ability to group the data into different time 

frames for different inspection locations on the bridge – dependent largely on the distance 

between the weigh station and the AE test site.  

To overcome the linked problems of synchronising the data sets and aggregating the total weight 

of vehicles the Wi-Health software has developed a solution that allowed both WIM and AE data 

to be grouped by different time frames to determine the correlation of individual vehicles, 

aggregate values of vehicles and overall correlations over large time frames such as hours, days 

or custom durations.   

  

4. RESULTS FOR WIM / AE CORRELATION  

 

4.1. Specific AE High Activity Events Correlation with WIM Causes  

Figure 9 shows the Vigilant™ plot of AE activity over the entire inspection period from 00:00 17 

December to 12:00 30 December 2011.  While characterised by an overall low level of AE 

activity over the holiday period, noticeable spikes occurred on 19 and 22 December.   

 

Figure 9: Left - AE count and cumulative AE Power vs. Time. Right - Correlation of bridge traffic weight (WIM) and 

AE activity for 19 October 2011 



When the WIM and the AE data sets where grouped using the minimum time step (one second) 

no link between AE events and bridge traffic could be determined as can be seen in Figure 10 

which shows scaled traffic load and AE event count for 19 December, the day with the highest 

AE activity.   

With a correlation coefficient of 0.01 there was no evidence of an overall correlation.  Neither 

could individual high AE activity events, such as the one at around 03:30 on 19 December be 

found to have corresponding bridge traffic.  While other factors such as wind strength, thermal 

contraction, corrosion or random crack growth could have generated the AE activity, when the 

time frames was varied to adjust for changes in vehicle velocity, the data grouping duration was 

found to be the most influential factor when correlating the WIM and AE data sets.   

 

4.2. Correlation of individual and aggregated vehicle weight with AE activity  

While there was no level of direct correlation for the shorter time frames of 1 second, 2 second 

and 5 second intervals between the data sets (Figure 10), the overall correlation was improving 

dramatically as the time frame adjusts to allow for variations in velocity after the weigh station.  

Respective correlation coefficients of 0.01, 0.03 and 0.06 for 1, 2 an d 5 second time intervals  

indicates that linking the individual vehicles and AE activity is more difficult than the standard 

pencil break test in a laboratory and that further adjustments for the real-world environment were 

needed.   

 

Much improved correlations however were seen with longer time intervals. The lack of 

correlation for short time intervals was reversed when sufficient time was allowed to average out 

changes in the velocity.   

 

Figure 11 shows the WIM / AE activity (event count) correlation for 30, 60 and 120 second time 

intervals.    

 

r = 0.01 r = 0.03 r = 0.07 

Figure 10: AE count / WIM correlations for 1, 2 and 5 seconds respectively (starting from the left) 



With improving correlation coefficients of 0.24, 0.39 and 0.57, strong correlation was achieved, 

particularly as some of the most significant AE events would need to be correlated to other 

causes. This indicates that there is an optimal time range to correlate AE activity with bridge 

loads.   

 

 

 

 

Even better correlation was found with the peak amplitude of the first arriving AE burst (Error! 

Reference source not found.).  Using time intervals of 30, 60 and 120 seconds again, the 

respective correlation coefficients where 0.35, 0.50 and 0.67.   

 

Varying the time range enables optimisation between the data sets to an acceptable degree of 

correlation.  Correlation between AE and WIM becomes effective when the sampling interval 

averages out the sampling error due to the uncertainty of the location of the vehicles at the test 

site (due to changes in velocity).   

 

This allows bridge operators and NDT consultants to determine the optimum time interval, based 

on the confidence level they needed.   

 

Figure 12: AE amplitude / WIM correlations for 30, 60 and 120 seconds respectively (starting from the left) 

r = 0.36 r = 0.50 r = 0.67 

r = 0.24 r = 0.39 r = 0.57 

Figure 11: AE count / WIM correlations for 30, 60 and 120 seconds respectively (starting from the left) 



In Figure 13, the Wi-Heath software User Interface shows the correlation for 300 and 6,000 (ten 

minutes) with correlation coefficients increasing to x and y.    

As the sample time interval approaches the data set’s limits the correlation coefficient naturally 

approaches 1.   As mentioned, determining the optimum time interval would be determined by 

the level of correlation that was needed.  As each bridge and probably every bridge location vary, 

this would best be determined by sampling at each location and calculating the time interval to 

achieve the required correlation for that location.   Inspection and software system functionality 

could also be linked to risk-based management or SHM systems.   

 

The time interval would be dependent on travel distance and initial traffic velocities recorded at 

the weigh station.     

 

By extending the travel time by three standard deviations, or roughly doubling the travel time, we 

find the minimal time interval for reasonable correlation between both the AE event count and 

the AE amplitude (r = 0.57, r = 0.67).  Each bridge management would need to determine 

optimisation.  This could be accommodated by a software module that determined the relevant 

time interval for a specific location for a specified correlation coefficient.    

 

Factors to consider in future testing during the project would be much higher traffic loads.  To 

extend the findings to other bridges the age of a structure would also need to be considered as 

this also plays a role in the level of AE activity.  The Humber Bridge is a relatively young 

structure having been operational for only 30 years.   

Figure 13: Wi-Heath software User Interface 



4.3. Relationship of AE Activity with WIM  

Averaged AE activity was analysed for WIM ranges.   

 

Strong correlation is demonstrated when the average AE count per time period is grouped by the 

WIM range into which it would fall.    

 

Figure 14 show the AE activity (event count) for an approximately log2 scale WIM range when 

grouped in 30, 60 and 120 second intervals.   

 

 

 

The most evident relationship is for a 60 second sampling interval but all ranges show a linear, if 

not exponential, proportional increase in AE activity with traffic load.    

 

5. CONCLUSIONS 

 
Broad time ranges show good correlation with bridge traffic loads and provide some instructive 

bridge load management information.  Individual vehicles show little correlation with AE 

activity and likewise many high AE activity events cannot be readily linked bridge traffic.  The 

use of a “box car” grouping to gauge a time range with which to aggregate traffic is very useful 

when the weigh station and the AE test site are located together or specifically within the same 

box section.   However an adjustment by the Wi-Health software allows test sites that are further 

away to allow the required degree of correlation to be optimised by adjusting the time interval 

with which the AE and WIM data is grouped.   

 

Even analysing simply for AE event count or amplitude, with no input for other influences such 

as wind strength, a high degree of overall correlation (r > 0.8) can be achieved when the time 

interval for an inspection location has been optimised.   

 

Figure 14: Average AE count for specified weight groups in 30, 60 and 120 seconds interval respectively 



AE event count and amplitude showed directly proportional, if not exponential, relationships 

with increasing traffic load.  Using AE activity as a measure of crack growth and bridge 

deterioration, the implication for traffic management would be to distribute the bridge traffic 

more evenly, for instance, if heavy vehicle convoys (Figure 15) could have 1 to 5 seconds 

between vehicles, no significant delay would be caused to their journey and the wear on the 

bridge would be significantly reduced.   

 

 

Figure 15:  This traffic load may not be the best strategy for bridge longevity 

 

6. NEXT ACTIONS 

 
The research and analysis is from a relatively short time period from a single location and the 

data has to date not been linked to other factors that could influence AE such as wind strength.  

The observed period was also one that was characterised by low traffic loads.    

 

Further research would include longer monitoring periods and collecting AE data from multiple 

locations on the bridge to determine a generalised relationship to adjust for velocity changes after 

the weigh station.   

 

Software development for specific clients could provide:   

 customisable and extensible integration of new data sets such as  other NDT data or 

environmental factors such as wind strength 

 automatic correlation optimisation to determine the most effective parameter ranges such 

as time interval 

 multivariate analysis or neural networks  to determine co-relationships between different 

datasets e.g. the influence of wind shear on heavy traffic loads. 

 


