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Nomenclature 

Θ  Parameter to be updated 
D  Observation 
M  Model 
P() Probability 

Θ;   Posterior PDF 
Θ  Lower bound for parameter being updated 
Θ  Upper bound for parameter being updated 

 Experimental displacement 
 Displacement calculated from finite element model 

Abstract 

This paper describes a probabilistic structural health monitoring framework to determine crack growth on 
structural members using model updating. The framework uses Bayesian inference to estimate crack lengths.  On 
the proposed framework data from embedded piezoelectric wafer sensors (PWAS) and acoustic emission 
sensors is used for model updating. This paper presents preliminary results obtained using simulated data of a 
steel specimen.  As a first step, the crack length is estimated using calculated displacements at the tip of the 
specimen.  Results show that Bayesian inference can be used to estimate crack lengths on structural members. 

Introduction 

The focus on the interstate highway system shifted in the 80’s and 90’s from expansion to preservation and 
operation [1].  During the 60’s, 70’s and 80’s the focus of the transportation agencies was in the development and 
expansion of the interstate highway system, creating a $1 trillion transportation network to operate and maintain in 
the coming decades.  This shift from expansion to operation puts a heavy load for state DOTs who are required to 
maintain and operate the developed network with limited resources.  The South Carolina DOT alone had a $5.3 
billion maintenance backlog in 2005 [2].  In addition, the nation’s infrastructure is aging and major upgrades are 
becoming a necessity. Many of the nation’s 590,750 bridges are being used well beyond their design life and a 
routine and detailed inspection should be performed to ensure the safety of these everyday structures.  Bridge 
inspection plays an important role within bridge maintenance systems, providing vital information for scheduling 
maintenance and upgrades to the transportation network, which directly impacts the cost to maintain 
transportation networks. 

Visual inspection, defined as determining the health of the structure using the five senses with the help of very 
basic tools is the most commonly used method of nondestructive evaluation.  Unfortunately, visual inspection has 
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proved to be highly inconsistent between inspectors as shown on a report from the Federal Highway 
Administration Nondestructive Evaluation Validation Center [3].  Part of this report includes the results from an 
experimental program where a group of 49 bridge inspectors from different DOTs performed 10 inspections in 7 
bridges with different characteristics.  The inspections included six routine inspections; two inspections following 
their DOTs procedures; and two in-depth inspections.  Routine inspections used the standard condition rating 
system which rates the condition of members of the structure from 0 to 9 with zero indicating failed condition and 
9 indicating an excellent condition.  The Inspector field notes were collected for in-depth inspections and used to 
evaluate the accuracy of each inspection.  

In addition to the inspection results, information about the working environment, such as light intensity and noise 
level, and about the inspector, such as visual acuity, was collected to evaluate possible human factors affecting 
the evaluation.  The results showed a large variation in the visual acuity of the inspectors.  Additionally, 5 of the 
49 inspectors showed signs of color vision deficiencies corresponding to the mean color deficiency of the general 
population.  The results of the study showed a large variation in the assigned condition ratings during routine 
inspections.  In general, four or five different condition ratings were assigned by inspectors on the same primary 
bridge element.  Visual acuity, color vision, bridge inspection training and fear of traffic were determined to 
influence the condition rating of primary structural elements.  During in-depth inspection of the B544 Bridge, all 
inspectors identified paint system failure, however only 5% of the inspectors identified missing rivet heads.  The 
in-depth inspection was performed using lifts, thus it was determined that fear of heights affects inspector’s 
performance. 

Damage on structural members can be produced by several factors such as corrosion, damage from cars 
colliding with girders or columns, and fatigue due to repetitive loads.  In this paper we focus on damage created 
by cracks on structural steel members.  A framework to identify crack length is discussed and preliminary results 
showing the capabilities of the framework are presented. 

Model Updating Framework 

The framework described on this paper is designed to infer the probability of the length of the crack given some 
experimental data.  Bayesian inference is used to update a probability density function of the length of the crack 
based on experimental data.  Let, Μ, represent a chosen model (e.g. finite element model from a real structure), 
which is a function of the crack length , and some experimental information obtained from the structure D (i.e. 
strain measurements, displacement measurements, etc).  The Bayes’ theorem can be written as 

)(),(),( MPMDPMDP   (1)

where, ),( MDP   corresponds to the probability density function (PDF) of   for the chosen model M after being 
updated with the observation D, or posterior PDF. )( MP   is the PDF of the parameters  for the chosen model 
M before updating, or prior PDF, and ),( MDP  is the likelihood of occurrence of the measurement D given the 
vector of parameters and the model M.  Model updating requires the comparison of experimental and 
theoretical data.  Therefore, features from the data records that are easily calculated with a numerical model are 
commonly used for updating.  For example, in structural dynamics the natural frequencies and mode shapes of 
the structure are commonly used for model updating [4].  Modal parameters can be obtained from field 
measurements and can be easily calculated from numerical models.  On the proposed framework Acoustic 
Emission (AE) sensors and Piezoelectric Wafer Active Sensing (PWAS) are used.  PWAS allow for the imaging 
and quantification of the crack on their active form and provide important information for the development of a 
prior PDF.  AE sensors are passive sensors that capture acoustic signals that are emitted by the crack.  AE 
sensors are used to estimate the amount of energy released by the crack.  The amount of energy released by the 
crack can also be computed from finite element models for comparison. 

PWAS are active sensors that allow for the imaging and quantification of cracks in steel and other metallic 
structures in the absence of crack growth, and perform active interrogation at will. This complements passive (e.g. 
AE) sensing that relies on damage progression for quantification. In both Lamb wave generation and sensing 



 

PWAS couple their in-plane motion with the particle motion of Lamb waves on the material surface, which is 
excited by the applied oscillatory voltage through the d31 piezoelectric coupling. The interaction between the 
PWAS and the structure is achieved through an adhesive layer, in which the mechanical effects are transmitted 
through shear effects. When generated by PWAS, optimal Lamb wave excitation and detection can be obtained 
when the PWAS length is an odd multiple of the half wavelength of particle wave modes. An example of using 
PWAS active sensing to detect crack on aluminum plate is given in Figure 1[5]. 

The PWAS embedded sensing and monitoring technique has achieved significant success on damage detection 
in metallic plate or pipe structures. The sensing and monitoring feasibility is demonstrated through various 
methods either using propagating guided waves in pitch-catch, pulse-echo or phased array patterns, or using high 
frequency impedance spectrum method. Additionally, the PWAS transducers have also shown their potential for 
passive sensing in AE and impact detection. The small size of the PWAS is shown in Figure 2. 

The Acoustic Emission method is a non-destructive technique that can be used for Civil Engineering applications.  
When cracks grow, energy is released at the location of the crack tip in form of waves.  Acoustic Emission (AE) 
sensors (Figure 3) can be used to measure these waves.  Several sensors can be used to locate the approximate 
location of the crack.  The intensity of the acoustic emission can also be used to estimate the severity of the 
crack.  AE data can be used to estimate the amount of energy released by the crack.  This information can be 

(a) (b)

( )
Figure 1. PWAS pulse-echo crack detection experiment. (a) plate with built-in rivets and a simulated 12.7

mm crack; (b) baseline signal containing reflections from the plate edges and the rivets at 100 mm;
(c) reading containing reflections from the crack, plate edges, and rivets; (d) subtracted signal
containing reflection from crack only 

(a) (b)

Figure 2. PWAS: (a) 7-mm round PWAS compared to a dime; and (b) linear phased array of ten 5-
mm square PWAS with a total dimension of 50 mm. 



 

Figure 4. Specimen specifications and instrumentation 
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used on the model updating framework.  Energy released from the crack can be estimated from the finite element 
model and related to the experimental data. 

Numerical simulations 

The preliminary results presented on this paper focus on numerical simulations of a steel specimen.  The goal is 
to demonstrate that the probability of the crack length can be inferred based on a clip gage on another location on 
the specimen.  The specimen modeled is shown in Figure 3 and it is made of steel A572 grade 50.  A 
displacement gage was simulated at the end of the slot to measure the deformation of the slot along the test.  The 
numerical model was tested under cyclic loading. The cyclic tension load was applied with a minimum of 0.5 KN 
and a maximum of 50 KN.   

First, a numerical model is cracked such that the clip gauge measures 0.5mm (Figure 4).  This value is assumed 
as experimental data.  Then, a second numerical model with the same characteristics is updated to find the 
probability of the length of the crack.  The finite element model was built in Abaqus/standard using plane stress 
assumptions and a direct cycle fatigue analysis. The material is modeled as elastic-plastic with strain hardening. 
The entire strain stress curve up to the rupture point was introduced to the model. The boundary and load 
conditions of the model were set by constraining the displacements of the nodes at the inferior and superior holes, 
equal to the displacements of a node at the center of each circle. The displacements in the X (horizontal) direction 
and Y (vertical) direction of the node located at the center of the inferior hole were restraint for setting the 

Figure 3. Acoustic Emission Sensor 



 

Figure 5. Finite element model 

boundary conditions. The model was loaded by applying a cyclic load at the node located at the center of the 
superior hole. 

The crack is assumed to develop at the middle of the specimen. For the crack to develop two different surfaces 
are created. The node at the tip of the slot is assumed as the initial crack tip, from which the crack will develop. 
The Paris law is used to relate the crack growth to the relative fracture energy release rate [6]. The specimen was 
divided in several parts to allow the creation of a structure mesh. Shell elements of 4 nodes with reduce 
integration (CPS4R) were used for the construction of the mesh.  This type of elements has plane stress 
assumptions and 2 degrees of freedom per node [7].  The element size increases as the elements get away from 
the crack tip. The smallest element along the crack surface has a length of 0.25 mm and the largest a length of 25 
mm for a total of 2302 elements. A constant thickness of 0.5 in was specified for the specimen.  

Assuming that no prior information about the crack length is known, the prior PDF would correspond to a uniform 
distribution.  The likelihood PDF for a function which is proportional to a Gaussian distribution of the difference 
between the numerical model and the measured data, the posterior probability can be calculated as 
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where, n is the number of displacement measurements obtained (in this case one), id
ju  is the j-th measured 

displacement, )(fe
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is the j-th displacement at the finite element model being updated, u

j  is the standard 
deviation of the error in the j-th displacement, and l  and u  are the lower and upper bounds of the parameter 
 . This equation is proportional to the probability of the structural parameters  given a set of experimental 
modal parameters D and could have one or several local maxima. Equation (2) measures the probability of the 
numerical model as the parameters   vary. Furthermore, an optmization of the equation (2) will result in the 
values of the parameters   that best represent the model.  For this particular example the identified the standard 
deviation of the error was assumed to be 0.005 mm. 

Figure 4 shows the posterior PDF describing the probability of the crack given a measurement of 5mm on the clip 
gauge.  This result is confirmed by simulating the finite element model with a crack of 8 to 10 mm, and obtaining 
gauge values close to 0.5 mm. 



 

Conclusions and future work 

A Bayesian model updating framework to detect crack length on steel specimens was presented in this paper.  
On the proposed framework data from acoustic emission and PWAS sensors are used to update the posterior 
PDF of crack length.  A numerical example is presented as preliminary to show the capabilities of the framework 
for crack length identification.  A a clip gauge readings is used to determine the posterior probability density 
function of the crack length.  Future developments include the inclusion of acoustic emission and PWAS data onto 
the updating process. 
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Figure 6. Posterior PDF 
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