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Steel welded tubular joints have been widely used in traffic signal support structures

for economic and aesthetic reasons. However, they are susceptible to fatigue cracking
which may lead to structural failure such as collapse,phoss e a t hreat t o
safety. To address this issue, this study is focused on fatigue test, modeling and
prognosis of the fatigue crack growth in fattale welded tubular joints of traffic

signal support structures.

Fatigue test of six fulkcale walled tubular joint specimens fabricated based on real

design for signal support structure is conducted to obtain crack growth data. Details

of test setup and results are reported in this dissertation. Two types of fatigue crack



growth models are proposed fiovo regimes of fatigue crack development in welded
tubular joints: the linear elastic fracture mechanics (LEFM) model for the slow crack
growth regime (denoted as Stage Il here) and the empirical failure model for the rapid
crack growth regime (denoted &tage 1ll). Details of these two models including
their mathematical expressions, stochastic parameters, sensitivity analysis and model
application, are given in the dissertation.

A sensoddriven structural health prognosis procedure that has an éxgibchastic
measurement error term and thus can model the sensor performance degradation over
monitoring period is proposed. The prognosis procedure involves the Bayesian
theorem and Markov Chain Monte Carlo (MCMC) sampling for updating the
structural degadation model using sensor data. An extreme value theory (EVT) based
tail fitting method is proposed to reduce the heavy burden on data transmission and
computing involved in sensor driven prognosis. This method employs moment
estimator to calculate themsll quantiles of the prognosis results by using a small
portion of available sensor data.

Finally, fatigue test data acquired in this study are used to examine the proposed
fatigue life prognosis procedure. Both the LEFM based fatigue crack growth model
and the empirical failure model are studied for fatigue life prognosis application.
Prognosis results show that the prognosis procedure is able to provide good estimate
of the fatigue crack growth curve of welded tubular joints in signal support structures

if certain conditions are met.
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Chapter 1: Introduction

There have been a lot of fatigue induced structural collapses of cantilevered traffic
signal support structures in many states in thgéedrStates (Dexter and Ricker 2002).
Some of the accidents happen on highway and the signal mast arm falling over fast
moving vehicle poses high threat to drivers. The study of the fatigue behavior of
welded tubular joints in traffic signal structures lirawn growing attention in the

past decadeHartnagel and Barker 1999; Heeden 1999; Kashat1999;Dexter and
Ricker 2002;0cel et al 2006. Most of the reported research work focus on fatigue
design. In this dissertation study, the focus is the daticrack growth of the welded
tubular joints in the signal support structures and how to use fatigue growth data for

fatigue life prediction.

1.1 Research motivation

Tubular structures have become increasingly popular for economic and aesthetic
reasons. Apptiation of tubular elements in welded structures possesses several
advantages, the main among them being low weight characteristics, reached owing to
optimum geometric characteristics of sections and reduction of external loadings on
the structure (Lobanoand Garf 1998). So far, tubes with different shape of sections
(e.g. circular hollow section (CHS), rectangular hollow section (RHS)) are frequently
used in structures such as traffic signal support structures, cranes, wind turbine
supports, bridges andfsehore structures etc. These sections are generally connected
by welding. Many of them contain CHS or RHS members and connections that

employ circumferential fillet welds.



Despite the popularity of the tubular structures in application, brittle failures
subsequent to fatigue cracking have been observed. There have been many reports of
cracking in the tubular structures in the vicinity of the welded connections (Dexter
and Ricker 2002). Fatigue cracks typically start at highly stressed locations such as
weld terminations of specific structural details. The stresses reach peak values near
the weld toe of the joints. The fatigue performance of welded tubular connections is
of particular importance for the safety of welded steel tubular structures subjected to
repeated loading such as signal support structures. The traffic signal support accidents
in the USA (Hartnagel and Barker 1999; Heeden 1999; Kahal1999; Dexter and
Ricker 2002;0Ocel et al 2006) have demonstrated the criticality of fatigue growth
moceling and prognosis of this type of tubular structure in order to develop an
effective strategy for fatigue monitoring and maintenance scheduling.

Fatigue behavior of welded tubular structure has been extensively studied in the past
decades while a largportion of the research work has been done on offshore
structures and bridges. In comparison with the tubular joints in offshore structures
and bridges, welded tubular joints commonly found in signal support structures
exhibit notable differences such agmber dimensions (both absolute and relative),
the loads affecting the joint, and joint fabrication procedures. For example, a major
difference between tubular structure in bridges and signal support structure lies in the
thickness of the tubes. The thidgs of the tube wall in signal support structure is
much smallerusually at the level of 6 to 10 mm (Kaczingkial 1998) while tubes

with wall thickness up to 70 mm is not uncommon in bridgesuqeret al 1998.

Evidences from the fatigue tests (Schehwx and Nussbaumer 2006) have



demonstrated the effect of size on the fatigue strength of welded tubular joints.
Therefore, research on welded tubular joints in signal support structures is needed to
contribute to the knowledge base on welded tubulartsteisuch as determining the
parameter values of fatigue growth model.

As for the existing research related to fatigue problem of tubular joints in traffic
signal support, most of them are on the fatigue resistance evaluation and design issues
(e.g., Kacmski et al 1998, Fouacet al 2003, Dexter and Ricker 2002). Not much
study has been reported on its crack growth modeling and fatigue life prognosis. In
order to study the fatigue crack growth behavior of the welded tubular joints in traffic
signal suppdrstructures, fatigue test has to be conducted to obtain experimental data
on the crack growth behavior. Meanwhile, models that describe the fatigue crack
growth behavior are in need. For fatigue crack growth model, a commonly used one
is the Rris Law(Pais et al1961) Bowness ath Lee (1999) modified the Paris law to
adapt it to the welded tubular joints in offshore structure and bridges. The limitation
of the Paris law is that it is only applicable to fatigue stage II. For the failure stage of
fatiguestagelll, however, not much research has been dornganto model it. Yet it

is of great interest since catastrophic failure could happen in this ultimate stage. If the
crack growth can be properly modeled, collapse can be predicted to avoid potential
catastrophic failure caused by fatigue cracking.

Besides the modeling of fatigue crack growth, another important issue about tubular
joints fatigue problem is how to implement the prognosis of its fatigue life. Lots of
research has been conducted on the |dpweent of fatigue prognosis methods.

However, currently available structural health prognosis methodaa@stty based on



conventional nondestructive testing (NDT) data, which has limited availability in
both time and space. With emerging monitoring sysfeaturing continuous and
online data collection, conventional health prognosis method needsrévitetl to
accommodate new features and requirements for a sergen healthprognodic
system such as continuous sensor data stream and sensor pexéovaxdation For
example, during long term monitoring project, the sensor itself could degrade in its
performance. How to model the sensor degradation and its effect on prognosis result
are important research topics. Als@, anlinestructural health motoring (SHM)
system can provide continuously collected sensoraatiemand, how teffectively

utilize the abundantsensor data is another question being raised in practice since
transmitting and processing large amount of sensor data requires considerab
communication bandwidth and computing resource. A notable method is to only use
those monitoring dataith significant valueshat exceed a prgpecified performance
threshold (Frangopatt al 2008; Strausset al 2008). However, this method discards
mog of the information and the obt@&dresult is deterministic. Since small quantiles

or extreme valuesf the prognosis results (e.g. Remaining Useful Life (R

often of more interest, an alternatisslution could be the us of tail fitting
techniqes(e.g. the extreme value theoffgVT)) to obtainthe prognosis resuliet

how toapplythe tail fittingtechniquesn fatigue prognosis needs to be explored.

1.2 Research objectives and scopes

The primary goal of this research is to study the fatigue ayemkth and fatigue life
prognosis for steel welded tubular joints in traffic signal support. To accomplish this

goal, the following specific objectives are defined: (1) select proper models for



fatigue crack growth modeling at different stages of the datigrocess; (2) conduct
full-scale fatigue test of welded tubular joints from signal support structures and
record the crack propagation pattern during the fatigue test; (3) develop a sensor
driven structural health prognosis procedure which is applicalfigtigue problems;
(4) apply the proposed fatigue model and the prognosis procedure to welded tubular
joints using fatigue test data and examine their performance in the tubular joints
fatigue problem.
To achieve the above objectives, the following aiiedy and experimental research
tasks are carried out for this research:
(1) Alinear elastic fracture mechanidsEFM) model and an empirical failure
model are introduced for fatigue crack growth modeling of welded tubular joints
in traffic signal structte. The LEFM model is modified from the Paris Law to
describe the fatigue crack propagation behavior of welded tubular joints in traffic
signal structure. Factors and parameters of the model are discussed. The
empirical failure model applies to fatigstegelll. It directly includes the fatigue
life as an explicit parameter in the equation. Details and discussions of these two
models are provided such as model derivation, model parameters, sensitivity
study and limitations, etc.
(2) Fatigue tests of situll-scale welded tubular joints specimens from traffic
signal supportThe specimens comprised 6HS mast armveldedto transverse
platearefabricated based on real signal support design for the state of Maryland
MTS servehydraulic loading systens used to apply constant amplitude loading

to the specimens. Beacharking is implemented in one test specimen to observe



the crack growth behaviogtrain gauges are installed on specimens to obtain the
stress data. Various nondestructive techniquasr¢ope, dye penetrant etc.)
areusd to track the crack propagatidaring the fatigue tesiThe crack sdace
features are also examined after test.

(3) A sensodriven structural health prognosis procedure is propo3ée.
proposed procedure utilizes Bayen theorem for updating of the structural
degradation model. Markov Chain Monte Carlo (MCMC) samplingsedto
calculate the posterior distributions thie stochastic parameters in the structural
degradation modeLimit state function and risk accepize level are defined to
obtain the fatigue life. The prognosis procedure is extended to study the two
features of sensairiven prognosis: sensor performance degradation over long
term monitoring and excessive amount of data obtained from structurdi healt
monitoring system.

To incorporate thesensor performance degradation in legn monitoring
processthe error term in thetructuraldegradation model isplit into two terms:

the measurement error term and the model error term. Stochastic p@gess
Gaussian process, Wiener processysed to represerihe measurement error
term In order toeffectively extracting key prognosis informatimom massive
amount of sensor dathat could begeneratedy online SHM systeman EVT
basedtail fitting methodis proposed which can reduce the computation demand
by 80% while stl preserving key information.

(4) With the obtained data from fatigue test, the proposed fatigue prognosis

procedure is applied to the fatigue test data to examine its performamekled



tubular joints fatigue application. Both the LEFM model and the empirical failure
model are employed as the degradation model for the prognosis of fatigue life in
different fatigue stages respectively. Prognosis results such as crack growth curve

and fatigue lives for both cases are compared and discussed.

1.3 Organization of dissertation

This dissertation is organized as follows: Chapter 2 reviews the current state of
knowledge on tubular structure fatigue modeling and prognosis. Chapter 3 presents
the two fatigue growth models: the LEFkhodel and the empirical failure model.
Chapter 4 presents the test setup and results for the fatigue test of sizakell
welded tubular joint specimens. Chapter 5 describes a sémgen structural health
prognosisprocedure which utilizes Bayesian theory and the Markov Chain Monte
Carlo (MCMC) sampling. Sensor degradation is introduced into the nixyd#ie
measurement error term. ABVT based prognosis method is also described. In
Chapter 6, the proposed fatiguedels and the prognosis procedure are applied to
welded tubular joints using the fatigue test data. Finally, Chapter 7 summarizes the

major findings of this dissertation research and future work.



Chapter 2: Literature Review

This chapter reviews the state of knedde offatigue modeling and prognosis,the
context of welded tubular joint¥he review is presented in two sections. Section 2.1
presents the general approaches of fatigue modeling followed by a brief description of
fatigue tests conducted on weldetbular joints in traffic signal structur@s Section

2.2 Section 23 introduces prognosis methods. Knowledge abwendestructive
testing (NDT) basegrognosis and sensdriven prognosis is also presented in this

section.

2.1 Fatigue modehg

2.1.1 Stresdife approach
The stresdife approach is the most commonly used approach in industry to estimate
the fatigue life. This approach states that three factors determine the fatigue life of a
steel structure(l) the number of loading cycles the structure undertai@sthe
stress range induced by the load at the fatigue detail location; (3) the type of
structures including fatigue detail geometry and materials (Fished 1998). A
regression analysis of experiment data for a specific type of structural detd&l wou
reveal a linear relation between the logarithm of stress range and fatigue life. This
forms the base of the AASHTO fatigue design rules. In the gifesspproach, the
fatigue life of a specific steel structure can be expressed as Eqn. (2.1),

logN = A -mlog( D) (2.1)

In Egn. (2.1),N is the fatigue life (in cyclesim and A are the slope and intercept

obtained from regression analysis of experiment data (Chotickai 2005). In the



AASHTO LRFD Bridge Design Secifications(3™" edition, 2004) each type of steel
structure is classified into fatigue category AftoFor each category, the value/ois
provided. For steel structure) is approximately 3.0 for simplicity of use (Keating

andFisher 1986).

2.1.2 Linearelastic fracture mechanics method
Fatigue assessment basedlioear elastic fracture mechanidsEFM) is related to
the stress distribution analysis in the vicinity of a crack tip. Since it is based on theory
of elasticity, linear stresstrain relationsip is assurad (Fisheret al 1998). Inthe
LEFM approach, stress intensity fackris defined to characterize the stress field
around the crack tip. The stress intensity factor is a function of the crack size and the

applied remote stress. It is often eagsed as,

K=WYs\ m (2.2)
In Eqn. (2.2),0 represents the applied remote stresi the crack size (e.g. crack
length, crack depth etc.Y.represents the correction of stress due to geometry of the
structure and crack (e.g. seadiiptical shape of the crack or existence of welded
attachment tathe crack tip etc.)W represents the neamiform distribution of the
stress around the crack tip caused by residual stress, stress concentration etc. (Fisher
et al 1998) The detailed expression of Eqn. (2.2) would vary for different fatigue
details. A geat number of expressions foW and Y have been developed by
researchers using either regression from experiment data or finite element analysis.
Paris ad Erdogan (Parist al 1961) deviped the welknown equation as the Paris

Law, which is given belovas Eqn. (2.3)



da _ m
N ( X) (2.3)

In Eqgn. (2.3),da/dNis the crack growth ratepKis the stress intensity factor range
which is the subtraction i, from Kynax C andm are materiatelatedcongants. It

can be observed from Eqgn. (2.3) that linear relation exists between the logarithm of
crack growth rateda/dN and the stress intensity factor rangel{ As the intercept

and slopeC andm can thus be obtained from linear regression of fatigsiedata.

Eqgn. (2.3) can only be used for the stable stage of fatigue crack growth. It cannot be
applied to the initiation stage or the final rapid crack growth stage. At the initiation
stage, the crack growth is very slow and unpredictable. At thediagk, the crack
growth rate accelerate rapidly and the linear relation betweeddlaiy) and logp K

no longer holds. Three stages are distinguished based on this. The initiation stage is
considered astage |. The linear stage shown in Figur# 8. considered astage |

and the final stage is consideredstege Ill. Also two limits are defined ugg the

value ofK for the fatigue crack growth. One limit is the threshold vapig. If @ Kis
belowm K, the crack would not propagate. The other limit is the facture tougKpess
When the maximum stress intensity fadt@.x approacksKc, unstable ack growth

would occur (Sobczyk and Spencer Jr 1992). FigutesRows the relation between

da/dNandgp K

2.1.3 Cumulative fatigue damagmalysis

As a linear cumulative fatigue damage theory, the Palmgiern er 6 s rul e i s
proposed by Palmgren in 1924 dndher developed by Miner in 194Miner 1945).

Based on the Palmgrevii ner 6 s r ul e, the fatigue damage
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defined as Eqn. (2.4).

k k
D=4 D #H (2.9)
i=1 i Ni
In Eqn. (2.4),N; is the fatigue resistance at stress rangeis the loading cycles at

stress range. PaimgreAMi ner 6s rul e assumes t hat t he
from a specific stress range level is proportional to the number of load cycle applied

at that stress rge level. It neglects the effect of load sequence and average stress.
The damage caused by each cycle in the load history is considered to be independent.
Despite these assumptions, this method gives reasonable correlation with test data. It

is advsed by AASHTO LRFD Bridge Design Specificatior8” Edition, 2002 to

estimate the cumulative damage due to its ease of use.

2.2 Fatigue test ontubular joints in signal support structure

Traffic signal support arm mast collapse has been seen in theepastlsdecades
(Dexter and Ricker 2002). After the accident in Michigan in 1990 (€t 1990),
AASHTO mandated the revision of the design code for traffic signal structures. Its
fatigue problem started to draw more attention from resear¢bee et d 2006;
Hartnagel and Barker 1999; Heeden 1999; Kashaal 1999) A few experiments

have been conducted to study the fatigue strength of welded tubular joints commonly
found in traffic signal structures. Those experiments examined a variety of fatigue
related design issues for the welded tubular joints in signal structures. A brief review

of some of these experiments is provided next.

2.2.1 Testfor fatigue resistance evaluation

An important objective of a majoritgf the fatiguetess on tubular joints in ginal

11



support structure i study the fatigue resistan¢@ilani and Whittaker 200Qa, b
Koenigs 20030celet al2006)

Gilani and Whittaker (200(, b) conductedanalytical and experimentatudy on
fatigue behavior of traffic tubular structuré®ur types ofspecimensested onewith
pole section and thregith mast armsResults show thahe fatigue performance of
thepole specimeis betweerCategory Dand Cwhile the fatigue performance of the
the mast armis betweerCategory Eand D.

Valmont s a large company manufacturing signal support structures etc. It conducted
fatigue test to proefest its signal support structure desidterathe release of the
2001 AASHTO specificationgOcel et al 2006). The tubeto-transverse plate
connectionswere tested with three different detailsfillet-welded sockets, fillet
welded sockets reinforced with gusset plates, andparktration welds.20
specimens were testedResults of he Valmont testingshowedthat the fatigue
resistancedescribed by the 200AASHTO Specificationsfor all details tested is
conservativavith only one exceptian

Koenigs (2003) did experiment amast arm socket connectiots examine if it
should be categorized datigue categoryE' detail A total of 59 specimens were
tested.Thar testdatafalls into Category Eand it was concluded by Koenigs (2003)

that thetestedsocket connectiohelongs to Categorly' detall

2.2.2 Test for stress evaluation

Researchers frorilinois Department of Transportaticend University of Missoun
Colunbia (South 1997 investigated the stress level and stress concentration for the

traffic signal structure separately (South 1997; Alderson 1999).
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In the second phase of the research conducted by South (1997) Hinthe
Department of Transportation yical Research Laboratergantilevered sigal
structure was instrument&dth strain gaugeplacedon the mast arsand the anchor
bolts in their lab testWind load is simulated in the lab test. Rainflow data of the
stress calculated from measurements eeported.Strain gauges were placed
measure th@ot-spot stress. They were placeéd9 mm away from the weld tagth

the gauge griccenter1.20 mmfrom the weld toe. In order to calculate the stress
concentration factor (SCF)he nominal stress rge wasalso calculated from
mechanics equationdVith both hotspot stress and nominal stress, dhleulated
SCFshave amean valuef 1.78anda standard deviation of 0.014

For the research conducted by Alderson (1999) atUheersity of Missoun
Columbig two real signal support structures were stemtn monitored in field with
strain gauges in addition to lab test of five specim&hs recordedmaximum truck
gustinducedstress range was 14.1 MPihe measuredut-of-plane stressesaused

by wind gust have larger value thathe inplane stresses. The percentage ofadut
plane stresses exceeding the CAFL3&1% while all the inplane stresses were

below it. Also, No observation about galloping was obtained.

2.2.3 Test for weld evaluation
A few researchrs (Miki et al 1981; Alderson 1999) have conducted fatigue test to
study the fatigue strength of fillet weldtubeto-transverseplateconnections.
Miki et al(1981)conducted fatigue tesf 12 specimenat Lehigh University. &f 12
specimens havequaltleg fillet welds andthe other6 specimens havenequalleg

fillet welds (longer weld on the tube side). The test result shows thatleguidlet
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welds have a resistance slightiorsethan Category E', and the unegleq fillet
welds had a fatigueesistance slightly better than Category E'.

Researchers athé University of MissourColumbia (Alderson 1999) calucted
research to investigate tfetigue problemof tubular joints in traffic signal structure
Five mast arm specimens were testaderconstant amplitude fatigue loading wah
stress range of 55MPa. Threespecimens havenequal weld leg antavo with equal
weld leg. Results do nauggesimproved fatigue resistance with unequal weld leg
designwhich is different from the conclusiorravn from tests conducted by Mikt

al (1981)

2.2.4 Test for nondestructive method evaluation
Following the collapse of two cantilevered traffic signal poles in Wyoming
(Deschamp 2002fhe Wyoming Department of Transportation sponsored a research
project toinvestigate nosdestructive methods suitable for crack inspection of these
structures including acoustic emissions (AE). The majority of the specimens tested
were inservice structures. Test was also conducted using a hydraulic actuator to

apply the cydt loads. The actuator was operated in displacement control.

2.3 Fatique prognosis

2.3.1 NDT based prognosis
ConventionalNDT-data drivenstructural healthprognosis techniques have been
studed by researche(see, e.g., Lu and Meek&d93 Zhaoet al 1994, 1996 Zheng
and Ellingwood 1998; Enright and Frangopol 1999; Zhang and Mahadevan 2001;

Chunget al2006; Wanget al2008) Madsen (1987)ealeloped a strategy to use NDT
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measurements to updatiee failure probabilitythrough a probabilistic degradation
model Lu and Meeke(1993) proposeda generaldegradatiormodel with Gaussian
error termof independentdentical distribution (i.i.d) to predict thetime-to-failure
distribution. Zhao and Hadd (1994) studied the uncertainty in the NDT
measuremestand its effet onthe prognosis procedure. Detectability awturacy
were explicitly modeledas two uncertainty sources in theasurementZhang and
Mahadevan (2000also used Bayesian theorem to update the sel@ctdzhbilistic
modelfor prognosispurpose Robinon and Crowder (2000) extended tlagplication
of degradation model fqurognosisby incorporatingthe Markov Chain Monte Carlo
(MCMC) algorithmin the updating proces$he MCMC algorithmenablessamping
from posteriordistribution of model parameters soore complicateddegradation
model can be usedPerrin et al (2007) also implemeatl Bayesian updating and
MCMC simulation for fatiguefracture prognosispplication All these prognosis

methodsare based othe use of limited amount &DT data.

2.3.2 Sensor dven prognosis
Sensor may degrade in its performance over-teng monitoring. However,at too
much work has been done amcorporating the special features of sensors in a
continuous monitoring system into structural hegltbgnosigorocedure Gebraeket
al (2005) used stochastic procedures to model sensor measurements and derived a
closedform posterior distribution for both exponential and linear sensor degradation
model In their researchfwo stochastic modslfor general andom error term were
used and it was found that Wiener process fits the data better than the i.i.d. Gaussian

process.
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Popularity in using structural health monitoring (SHM) system to generate sensor
data for quantitative condition assessment and prognosis is growing. Usinglenulti
sensor data has the advantage of reduced uncertainty in general degradation model
through estimating the likelihood function in Bayesian updating with measured data.
In a study by Coppet al(2009), all available sensor data were used for the pragnosi

to obtain the distribution of the likelihood function in Bayesian updating.

As online SHM system can provide continuously collected sensor data at demand,
how to transmit massive sensor data is another question being raised in practice since
transmittig and processing large amount of sensor data requires considerable
communication bandwidth and computing resource. For example, the Wind and
Structural Health Monitoring System (WASHMS) installed on the Tsing Ma Bridge in
Hong Kong, has over 800 sensorsiethare currently generating 140 MbAgsr

hour sensor data (Ko 2003). An even higher data rate could be produced with the use
of hightresolution or high dynamic range sensors such abit2densors. This is
especially true in the context of wireless da#smission and post hazardous events

like strong earthquakes. A notable method is to only use those significant monitoring
data that exceed a pspecified performance threshold (Frangogioal 2008; Strauss

et al2008). The prognosis will then be bdse these extreme data only. By doing so,

the amount of sensor data transmitted and consequently prognosis computation can be
considerably reduced.

Many structural deterioration phenomena such as corrosion or fatiduesd
cracking are usually slowlyelving processes that take quite some time to develop.

Therefore, periodical or edemand monitoring can be carried out for such structural

16



limit states under normal operating conditions. Periodical monitoring at proper time
interval could reduce the rigkf unexpected failure while keeping the costs of data
acquisition, transmission, storage and processing down.

On-demand monitoring is triggered whenever severe loading events such as overload
or earthquake happen. Even for periodical monitoring, perf@rmrognosis such as
computing RULs using full sensor data set can be a daunting task due to the heavy
demand on computational resources. Since unexpected failure might lead to
catastrophic consequence, it is critical to know the small quantiles of thetest

RULs. Considering the fact that decision makers are often more interested in the
small quantile or extreme values of the estimated RULS, it is not necessary to obtain
the full probabilistic distribution of the RULs as a random variable. Therefore,
estimation of the tail parts or extreme values of the RUL distributions based on a
selected and thus reduced sensor data set would be of interest to SHM applications.
Continuous monitoring generates scattered data set due to uncertainties associated
with environment conditions and instrumentation measurement error. To use the full
sensor data set for RUL calculation could be very time consuming. The extreme value
theory (EVT) is employed to reduce computation demand without losing much
accuracyEVT makes tatistical inference about the upper tail of a random variable
without the need of knowing its true distribution. EVT is employed to allow only a
small percentage of total available sensor data to be actually used for estimating the
tail quantile of the RU. Estimators from EVT are often used to predict high quantile
values for the distribution of prognosis results. A variety of estimators have been

developed for EVT, such as the Hill estimator (Hill 1975), PWM estimator (Hosking
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and Wallis 1987), and momeestimator (Dekkerst al 1989), etc. Moment estimator

is selected here for its ability to discern a light tail distribution more efficiently than
the Hill estimator (Resnick 1997). In many applications such as fatigue life prognosis
or corrosion prognosj the distribution of the RULs is usually bounded and not

heavily tailed.
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Figure 2.1. Schematic of typical fatiguerackgrowth behavior
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Chapter 3: Fatigue Deterioration Models forWelded

Tubular Sructure

3.1 Introduction

Welded tubular joints are commonly used structural joint form in tradffgnal
support. There have been many reports of the fatigue cracking in the vicinity of the
welded connections (Dexter and Ricker 2002). The fatigue behavior of this type of
welded tubular joints is the study object of thekapter. For fatigue crack
devebpment, usually three stages can be distinguished, as shown in Figure 3.1. Stage
| is the initiation stage. At this stage, the crack propagation is very slow and difficult
to predict. Its propagation rate depends on the microstructure of the materialllStag

is the rapid propagation stage. Paris Law governs the crack propagation rate and
linear relation exists between the logarithm of crack growth rate and stress intensity
factor (SIF) range in this stage. Stage Il is the final stage when the crackgrowt
becomes unstable amaximum stress intensity factoK{a.y) approachedracture
toughnesgK.). Considering the different features of crack growth associated with
these three stages, different deterioration models may be proposed for each stage.
This chater presents two distinct types of fatigue growth models for welded tubular
joints: the linear elastic fracture mechanics (LEFM) model and the empirical failure
model. Both models take crack size data as the input. The LEFM model has been
used for the maoeling of crack growth adtage Il while the empirical failure model is
intended for the modeling of crack growthstge 1ll. As forstage I, since the crack

size is very small and its growth rate is hard to determine, no discussion of prognosis
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in this arly stage of fatigue growth will be made here.

In Chapter 3.2, the LEFM model is introduced. It is modified from the Paris Law to
adapt to the specific application in welded tubular joints. Equations to calculate
factors (correction factors and magniftban factors) in the LEFM model are
introduced to consider the stress concentration at thepabtof tubular joints. Size
effects of the tubular joints (e.g. tube diameter, tube wall thickness) are taken into
account by the LEFM model. Certain parametarthe LEFM model are treated as
stochastic parameters to incorporate the uncertainty inherent in the fatigue
deterioration process. Sensitivity study of the stochastic parameters is eshdbet
LEFM model governs the second stage of fatigue crack tgradowever, it is not
applicable to the third stage of fatigue crack growth. In order to model the crack
growth in stagelll, the empirical failure model is introduced in Chapter 3.3. It is
derived from the material failure equation (Voight 198%grametrs of the empirical
failure model are discussed. Examples are presented to illustrate its use for real crack

growth data modeling.

3.2 LEFM model

3.2.1 Model description

3.2.1.1Model assumptions
A schematic plot of the tubulgoint studiedis given as Figure 3. Crak usually

happens along the weld toe due to the high skees$caused by stress concentration.
A general assumption made in this study is that initial defects in the welded tubular
joints aresmall, semtelliptical surface cracks along the weld toe.nitgjor radius is

denoted ag and minor radius is denoted asThe ratio between these two radiuses
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(a/c) is called aspect ratio. The relation betwaemdc for the semiellipse suggested

by Vosikovskyet al (1985)for welded Foints is adopted in thistudyand listedin

Egn. (3.1).
. 5 . ) _
al C:ie><1CQa/ v (.aD-D % 4 a/T <0.28 (3.1)
i 0.2 ifaT2 0.25
In which,
X, = (al¢),- 0.2

(8, /T)’- 0.5 (& /T) OH062E
x,= 0.5 X

x=(al g, -x (/1 x%-(a/F

In Egn. (3.1),T denotes the thickness of the plate where the cradatest Figure 3.4
gives a schematic plot of how the crack locatethe weldedT-butt joint. Eqn. (3.1)
shows that spect ratio is related to the initial crack lengghinitial aspect ratida/c)

and the plate thickness An example of aspect ratievolvementis given as Figure

3.3 with a;=0.2 mm anda/c), =0.5. Also, the wall thicknes¥ is assumed to be 6.4
mm. In Figure 33, the aspect ratio is at its maximum value at the beginning and then
monotonicallydecreaseatthe early stage of the crackopagationlt enters a plateau
when the crack deptienetrated/4 ofthe tube wall thicknesandbecomes constant.

3.2.1.2General model
According to Walbridge (2005), the fatigue model based on the-Pateggan Law

(Pariset al1961) is modified as Eqn. (3.8)r tubular joint.

da _ . m
d_N_C OKQ Kth (3-2)

In Eqgn. (3.2) ks is the threshold stress intensity factor rarpdss is the range of
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effectivestress intensity factoS(F) expressed as Eqn. (3.3),

DKo mMax(K ppmax  Kopr 0) maxk K, 0 (3.3)

appmin op?
In which, Kappmax Kappmin denotes the maximum and minimum applied 3E;,
denotes the applied stress intensity level at which the crack tip would open upon
loading.

To calculateKappmaxand Kappmin, finite element analysis can be used. However, finite
element analysis is very demanding in computing, especially for corgpletures

like welded tubular joints. For practical application of the prognosis method,
approximation needs to bmade when calculatingeffective SIF. The equation

proposed by Bowness and Lee (1999)weitdedtubularjointsis used in this study as
Egn. (3.4),

Kapp =[MK,, @, (1ODOB) Mk+Y, DAB] sQ, ...\ & (3.4)
where Mk, and Mk, are the magnification factors for the membrane and bending
stresscases. These two factors are used to quantify the stress intensity as a result of
the presence of the weld and attachm&htand Y, are correction factorfor the
membrane and bendingess casegiven the crack as surface deefliptical crack.
Uhsapp IS the applied hespot stress at the location of interest, usually at the weld toe.
Extrapolation method is used to acquire thusnberfrom measuredtrain data. DOB
is the degree of bending.

In this study, the crack closure effect and the tiwkk for the SIF range are not
consideredthus Ko, and Ky, are set to beero. Eqn. () is simplified intoEqn.
(3.5)

DK, K K

appmax appmin

(35)
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Consequentl¥egn. (3.2) can be transformed irEgn. (36):

%:C [OVlkm Ymdl DDB) MIS \‘é DO@ (s Qapzmax Ghsaplmin) mm

(3.6)

3.2.1.3Factorsand parameters
Magnification factors: Mk and Mk

Equations to calculatek, andMk, were proposed by Bowness and Lee (1999) using
parametric study based on finite elemanalysis The original equations aerived
based on the -Butt joint as shown in Figure 8.Equations arederived from the
database obtained from finite element analysis. These equations are approximately
used for tubular joints in practic®¢wness and Lee 199Walbridge 2005)One
thing to note is that thequationdor Mk areonly valid for crack with a depth less
than ninety percent of the tube wall thicknesguations for magnification factor at
the deepest point of agelded tubular joints are provided in Appendix A.

Correction fators: Yy and Y,

Equations to comput®,, and Y, were originally proposed by Raju and Newman
(1979) based on the SIF acquired from a tuieeensional, finite element analysis of
semtelliptical cracks in finite elastic plates. Figur® 3howsa schematiplot of the
semielliptical crack in the finite plateoncernedEquations for the correction factors
are provided in Appendix B.

DOB

Degree of bending is defined as Eqn7)3.

sb
Spt &

DOB=

(3.7)

In Eqn. (37), Uy is the bending stress afgl is the membrane stress.
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Extrapolation method is applied to acquire that-spot stress range. In order to
implement extrapolation method, several strain gauges needs to bexpub the
welding toe in parallel. The extrapolation region for the strain gauges is pramided
Table 3.1(Romeijn 1994; Zhaet al 2001).T denotes the thickness of the tukall.

R: denotes the external radius of the tube. Linear extrapolation msthddpted here
for calculation of the hespot stress range. Two strain gauges are spacedLfrgm

to L, max A sketch of the extrapolation region is givesFigure 36.

3.2.1.4Fatigue life
In order to estimate the fatigue life, critical crack deptheed to be defined-or the

critical crack deptha., full wall thickness or half wall thickness have been used (Zhao
and Haldar 1996; Cremona 1996). Since a majority of the fatigue life will be spent at
the crack initation stage, small variation in criticedack depth definition would only
have minor effect on the estimated total fatigue life (Moan and Song 2000). Thus the
critical crack depth for the welded tubular joints is defined as 0.9 of the tube wall
thickness in this study which is consistent wite ttondiions forequations of factors

Mk andy.

After definingac, fatigue lifeN can be calculated by integrating Eqn2j3rom ag to

a.. The expression dfl is given as Eqn. (3.8Ny denotes the initial load cycle.

N = & da N
"R CEMK, 0@ DOB) Mk, DOB) (&, e O a) - A" °

(3.8)

3.2.2 Stochastic parameters

Fatigue behavior bears a lot of uncertainty. The vabfiise parameteris the LEFM
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modelthusdiffer a lot from case to case. Type of structures, material properties and
environment etc. would lahaveimpact on thegparameters. A loof fatigue tests on
different type of structuresvith different material properties and environment
conditionshave been conducted to obtain a statistic data for those model parameters.
In order to consider those uncertainties, it is necessary to rhakgeneral model
stochastic. Hereselectedparametersin the model are considered as stochastic
parameters to represent the uncertainties in the model.

Comma to the LEFM fatigue modela, andC are considered as the two stochastic
parameters. Example$ the recommended distributions for different caseayaind

C are listed in Table 3.2 and Table 8CGhung 2005)As for the applicatioto welded
tubular joint fatigue, Walbridge (2005) suggestedattta, follows a lognormal
distribution witha mean vale of 0.2 mm and standard deviatioin0.045;C follows

a lognormal distribution witha mean value of 2.33x1§ and standard deviatioof
1.38x10". Also, for weldedtubular joints, aspect ratio is an important paramieter
its fatigue Yet the initial apect ratio is very difficult tadetermine Therefore, it is
also assumed to ba stochastic parameter which followdognormal distribution
with ameanvalueof 0.5 anda standard deviation of 0.16 sum three parametees,

C, (a/c) areseleced asstochastiqparameters in this study. Due to the lack of data
specifically for the tubular joints in signal support structueepmmended valuder
those three stochastic parametess, C, (a/ch) from Walbridge (2007) for the
application of tubular joits in bridgesareadopted heras an example. The values are
summarizedn Table 3.4In later chapters, the fatigue test results based osdalk

lab tests of tubular joints in signal support structure conducted at University of
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Maryland, College Parkwill be used to derive the values for those stochastic
parameters. All other parameters are considered deterministic.

Figures 3.7 to 3.9 show examples othe crack growth cung All values for
deterministic parametems Eqn. (3.6)are listed in Table 8. All values for stochastic
parameters argiven in Table 3.4.Two parameters out of the three stochastic
parameters aremnade deterministic byfixing at their p values whilethe third
parameteis set to be varying from itg value tou+20. The corresporeght curves of
mean, 2.3% quantile and 97.7% quantile are plotted for eachltcean.be seen that

in Figure 3.9, the three curves have the largest dispersion while in Figure 3.7, they
have the smallest dispersion. This shows Gdias themost significat impact on
thar crack growth curve while (a/cy has the smalleseffect among all three
stochastic parameters

Because Paris Law is only valid for fatigaeagell, the proposed LEFM model for

welded tubular joint structure fatigue is naturally orpyplécable in fatiguestagell.

3.3 Empirical failuremodel

3.3.1 Introduction of basic model
Many material failure phenomena are preceded by clear accelerating rates of strain
displacemenand seismicity(Cornelius and Scott 1993Yoight (1989) proposed a
relation between the acceleration in a geophysical precugsgsuch as strain or
number of earthquakes) and its rate for conditions of constant stress and temperatures

shownbelow asEqgn. (39) (Bell et al2011)

d?w d
=G(—)? 39
dt? ( d\t/\g (39
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Quantities thatan be represented loyinclude strains for deforming alloys, metals,
polymers, concrete, soil, rock, or ice. Fields of potential application of Ed). (3.
include materials science, various branches of engineering, and the earth sciences.
Eqgn. (39) may dso apply (at least approximately) predominantly ratendependent
applications, such as some cases of fatigue -independent repeated loading)
(Voight 1989)

According to Main et al (1991), rates of crack growth increase exponentially with
crack lengh in many cases (Kilburand Voight1998). Egn. (®) can be implemented

for such case of material failure.q§. volcano eruption). As for the case of fatigue
cracking, atits final stage with the preseaof | ar g e i cracls tha brdclke o
growth ratewould increase sharply. According tbe Forman Equation shown in Eqgn.
(3.10) (Formanet al 1967), clear acceleration of crack growth rate occurs at the final
stage whergp Kapproachegl-R)-K.. K. denotes the fracture toughness of the steel

specimenR s the stress ratioSin/Snax) -
Iog(d%N):log(C) m ldg( KD logf(l R) K &] (3.10

Thus, potentially Eqn. (9) can be applied to estimate the fatigue failtinee, for

which the crackengthcan be taken as the precursor signal.

3.3.2 Derivation of explicit model
Eqgn. (39) can be transformed into Eqn. (B 1o represent the final stage of cracking

before catastrophic failure (Kilburn and Voight 1998)
dw,., _,d 1
P R il ot t 3.11
( OIt) ( d\t/\fo gt t) (3.11)

In Egn. (3.11),q denotes the damage indexis an rate related coefficiertt is the
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initiation time. t; is the total life from to. By letting to = 0, Eqn. (3.1) can be
transformed into Eqn. (321

Wt) = gin(t, t) bt (3.12
Based on many curve fitting test of fatigue test datm. (3.2) is further modified
by making thesecondterm at right hand side of the equatian independent
parameteras shown in Egn. (331 Egn. (3.B) is chosenas theempirical failure
modelfor fatigue failure.

Wt) = glIn(t, ty ¢« (3.13)

In this study, the damage indeg,t) is the fatigue crackength although other
parameters such as kejiot strain potentially could also be used as the damage.index
t is the fatigue failure time (counted frory). 3, o, and t; are parameters which
depend on the materighroperties, geometrical properties and external loading
conditions One advantage dpplyingthe empirical failuremodel for prognosis is
that the failure timey is explicitly treated as a parametarthe equation anids value
can be directly obtained by updatiitg distribution using sensor data.this way, no
additional failure critenn needs to beefined (e.qg., for the LEFM based prognosis, a
critical fatigue size has to be defined firdi) this dissertatiostudy the potentialise
of Eqn. (3.B) for fatigue prognosis is examined usingal fatiguetest data.
In the empirical failure model described by Eqn. (3.23%letermines the growth rate
of the damage indey. o, represents the intersection witkayis. Figures 3.10 to 3.12
show the effect of théhree parameters on the curve. The initial valuesoare-
13.312,9, = 173.64,t = 5.34x10. For each figure, the value of one of the three

parameters is varied while the other two parameters are kept constant.
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A case study is presented next to show fimasibility of using the empirical failure

model for fatigue prognosis.

3.3.3 Case study
In order toexaminehow well the empirical failuremodelwould fit real fatiguecrack
growth data, fatigue crack daftam the experiments done by Virklet al (1978 is
used for curve fittingIn their test (Virkleret al 1978, 68 replicatefatigue testswith
the same loading on specimens with the same desga implemented on 202KE3
aluminium alloy under constant load amplitude€rack length trajectoriesvere
recoded for each test. All tests started with an initial crack length ahénCand tests
wereterminated at the crack length of 49.80n. Mean values othe crack length
data at specific load cycles aralculated from these test dafdis crack growthdata
sethasalsobeen used in statistical analysisfatiguecrack growth and prognosis by
other researchef®errinet al 2007; Guaret al2012). A set of the mean crack length
data is used her&he crack length dates fitted with the empirical failure med
Figure 313 shows the fitted curvevith the fitted modelexpressedas: q (t)=-
13.312In(5.34x106-t)+173.64.In Figure 3.13, the residuals of the fitted curve are
also plotted. They are all quite small comparing with the measurements indicating
that themodel fits the data well. Moreovehe coefficient of determinatiorRY) is
selected as the index to evaluate heell the model describes the behaviour of the
data More details aboul® application can be found iBteel and Torrie 1960. The
closer R? value is to1, the better the model describe the data. In this d¥sés

calculated to b&.9989 It suggests thahe modelits the crack growtldata very well
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34 Conclusions

The LEFM model can be used to describe the fatigue growth of welded tubutar join
at fatigue stage Il. Stochastic parameters are introduced to incorporate the uncertainty
in the fatigue crack propagation. Sensitivity studies showG@Hha&s greatest impact

on the crack growth rate in the LEFM model. One advantage of the LEFM model is
that it represents the effect of structural/material propertzsn) and external
loading €pli using three parameters and have been validated by many fatigue data.
However, me fundamental assunig for the LEFM modeis that the crack shape is
assumed to be seralliptical. Also, it s limited to the application on cracks with
depth less thaf.9 of the tube wall thickness. When fatigue crack depth exceisds th
limit, the LEFM modeis no longervalid.

To complement the LEFM model for latetage crack propagation modellinte
empirical failuremodel isproposedIt can be used tmodel faigue crack propagation

till failure. One feature of thempirical failuremodel is that it includes the failure
time t; asan explicitparameter in the modéThe failure time; is defined as théme

when the specimen becomes unstadie is no longer &b to carry load) In
prognosis practicd; is directly obtaied by model updatingpf the empirical failure
model A case stug of real fatigue datds performed todemonstrate that the
empirical failuremodel can fit real fatiguerack growthdata. A detailed comparison

of the LEFM model and empirical failure model is given in Table 3.6.
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Table3.1. Extrapolatiorregion

CHS I—r,min 0.4T

I—r,max 0.0%R

R:: external radius of the tube

Table3.2. Examples ofg distribution for different applications

Initial crack sizeag (unit: mm)

Detail DT Mean COv Reference source
Tubular joint Exponential 0.110 1 Kirkemo (1988)
Tubular joint Lognormal 0.730 1.07 Shet%/lzré%)Baker

Tubular joint Lognormal 0.200 0.225 Walbridge (2005)

Yazdani and Albrecht

Cover plate Lognormal 0.508 0.5 (1987)
Righiniotis and
Gusset Plate Lognormal 0.100 0.2 Chryssanthopoulos
(2003)
Fillet welded joint| Lognormal 0.124 0.34 Engesik and Moan
(1983)
Stiffener to Lognormal 0.600 0.1 Cremona (1996)

Bottom Flange

D.T. = Distribution type COV = Coefficient of Variation

Table3.3. Examples ofC distribution for different applications

Material Environment Dcllitnm/cyclelz;l(eg/:n?’z)”éov R;f)irrecr;ce
A36 Air Lognormal | 1.78%10%2 | 0.221 Kgg%zrrnzfg%r;d
A514 Air Lognormal | 5.33%10% | 0.088 Nl?z)a\l/rsli)r(nlg?%

HSLA Steel Air Lognormal | 1.5410%2 | 0.226 A%?ggmfggg)
A36, A588 Air Lognormal | 1.97x10%2 | 0.076 N'i"’\‘/rasfrag;‘%
A36, A588 | Aqueous | Lognormal | 558x10% | 0.15 Al\t(J?;gr?trEilggg)

D.T. = Distribution type
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Table3.4. Stochastigparameter values of the LEFM based fatigue growth model

c Initial crack Initial crack

. _3/2:m depthag aspect ratio
(mm/cycle)-(N/mrit'?) (mm) (a/ch
Mean 2.33x10" 0.2 0.5
Stardard deviation 1.38x10° 0.045 0.16

Table3.5. Deterministc parameter valuassedfor steel welded tubular fatigue model

Tube wall thickness 6.4 DOB 1
T (mm) ' (degree of bending)
Hot-spotstress range
Weld toe anglef () 45 o {MPa) 100
Weld footprint lengtt.,, (mm) 6.4 m 3.0
Half plate widthb (mm) 200

Table3.6. Comparisorof the LEFM modelandthe empirical failure model

LEFM model Empirical failure model
Form differential equation explicit model
Input crack length, stressmge crack length
Failure time additional failure criteria t; explicitly expressed in model
estimation needed as a parameter
Application fatiguestagell only Late stage of fatigustagell &
stage I
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Empirical failure model

LEFM model f, !

log(da/dN)

4Ky, log(41K) (1-R)K,

Figure 3.1. Fatigue crack propagation

—~— Welding Toe

Figure 3.2. Example of tibular structure
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Figure 3.3. Fatigue crack aspect ratio curve wag}r0.2 mm anda/c) =0.5, (T=6.4
mm)

Figure 3.4. Nomenclature for Foutt joint (Bowness and Lee, 1999)
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Figure 3.6. Hot-spot stress extrapolation region
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Figure 3.8. LEFM modelwith varyingvalues ofag
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Data from Virkler et al
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Figure 3.13. Curve fitting of data from the fatigue experimeaported by Virkler et
al (1979
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Chapter 4: Fatigue Test ofWelded Tubular Joints in

Signal Support Sructure

41 Introduction

Fatiguebehavor of weleded tubular structure has been extensively studied in the past
decades. However, most of the research have been focused on offshore structure or
bridges. In comparison with tubular joints in offshore structures and bridges, welded
tubular jointscommonly found in signal support structures and cranes exhibit notable
differences such as member dimensions (both absolute and relative), the loads
affecting the joint, and joint fabrication procedures. For the research related to tubular
joints in signalsupport structure, most of them are basedsivesslife approach

During the lab test,dy the fatigue life is recorded witlittle information abouthe

crack propagation.

In order to obtain experiment data about the fatigue crack propagatidubtdar

joints on signal support structuaed gain some experience on the fatigue behavior of
such structurespll-scale lab fatigue test on typical tubular joints from signal support
structure is carried out. Crack propagation data are recorded. Detéis fztigue
testareintroduced in this chapteDescription of the test program is firstly provided
including the introduction of test specimen, test setup, loading plan and
instrumentation. Next, test result is provided followed by discuss$iatigue ests

were carried out on six welded tubular joint specimens. Thesé¢alle round signal

mast arms with welded transverse plate were fabricated based on real signal support

design for the state of Maryland. Static tests were first carried out to invedtigat
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hotspot stress distribution at the welded toe of the joint. Then, cyclic fatigue loading
was implemented. During the fatigue test, fatigue crack size was monitored with a
digital microscope. Tubular members were instrumented withaxial metal foli
strain gauges. Data of crack location and siapplied load range and hot

spot/nominal straimvererecorded. Those dateereused for fatigue prognosis later.

4.2 Description of the test program

4.2.1 Testspecimen
In thereport byKaczinskiet al (1998, fatigue detailsof structural support®r traffic
signal are listedAmong thempDetail 16is a typical fatigue detadf weldedtubular
joints, which is a filletwelded tubeo-transverselate connectior{See Figure 4.1)
This fatigue detail is selected fatigue test because it is commonly used as column
to-baseplate or masarm-to-flangeplate socket connections in traffic signal supports.
The detail is categorized as fatigrtegegoryE' (Kaczinskiet al1998.
Six identical fultscale specimens were fatated in accordance with the masi
to-flange plate connection design for signal supptmucturs in Maryland.The full-
scale test specimensvere fabricated by Millerbernd Manufacturing Cdhese
specimens are labeled as WTJ1 to WTJ6 for later mefereDimensions of these test
specimens are shown in Figur@.4The specimen is comprised of two componets
tapered seamelded steel tube made of ASTM A572 steel and a traverse plate made
of ASTM A36 steel. The steel tube is inserted into the trassvplate and welded
together using fillet weld, as shown in Figur. & he transverse plate is a rectangular
plate measuring 0.4572 (48 incheg x 0.3048 m(12 incheg x 0.0508m (2 inchey.

The tubeds mnéregt Atapersate bf. 0DBLA/mM (0.14 irchegfoot)
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for the diameteris applied, which leads to a variation of external diameter tapering
from 0.254 m(10 in)to 0.236 m(9.3 in) at its open end. The thickness of the tube

wall is 6.35mm (1/4 incheg.

4.2.2 Test setup and loading plan
Figure 43 shows a picture of the test setup. The transverse plate of the test specimen
is anchored to the reaction frame with bolts. MTS sérywdraulic loading system
(dynamic 244.31 linear hydraulic actuator and FlexTest GT controller) was used to
apply cyclc loading to the test specimen. Cyclic load with constant amplitude is
applied vertically at the free end of the specimen with the ssyutrolled hydraulic
actuator. However, test of WTJ6 used a different loading scheme in order to apply a
beachmarking method for fatigue growth marking which employs an alternating
loading scheme with two different load ranges. According to Aghakouchak and
Stiemer (2001), almost all signal support structures that have been tested in the field
have natural frequenciestime range 0.5 Hz to 2 Hz. Therefore, the loading frequency

in this test is set to be 1.5 Hz.

4.2.3 Instrumentation
Two types of data are acquired during the fatigue test: surface crack length (only for
three specimendWTJ4 to WTJ6) and strains at specified ktions (for all 6
specimens). For strain measurement, metal foil strain gauges (Vishay mo@él EA
125AG-350 and EA06-250BF350) were used. Each test specimen has ten strain
gauges, labeled as SG1 to SG10 for reference. The instrumentation plan faaithe st
gauges is shown in Figure44.Nine out of the ten gauges are placed at the two

sections of the specimen. Section A is located at the weld toe and SectiOrBB5s
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m (12 inche} away from the weld toe. SG1 and SG2 are placed at the top of the tube
at 0° from the top ridge line of the tube to measuredpatt stress. SG1 is the one
closer to the weld toe. Extrapolation method is applied with the readings of those two
strain gauges to calculate thetspotstress range (Zhagt al 2001). SG3, SG4 and
SG5 are placed at the 22.5°, 45° and 180° position in Section A to monitootthe
spotstrain distribution along the perimeter of the weld toe. SG7 to SG10 are placed at
0°, 90°, 180°, 270° in Section B (see Figurd) 40 measure the nominal strain. SG6

is to measure the hoop strain.

Figure 4.5 illustratethe strain instrumentation. Figure 4.5a shows the position of the
strain gauges on the test specimen. The strain gauges are connected to the data
acquisition system (Pacific Instruments 6000, stragegcard 6038) using cables.
Figure 4.5b provides a closg view of the hospot strain gauges. It is seen that SG1,
SG3 and SG4 are next to the weld toe and perpendicular to circumferential weldment
while SG6 is parallel to the wettent

For crack monitang and sizing, a digital microscope (model AM7013MZTS
polarizing microscope) igsd. In the testa magnification factor of 50 igsed tosee

the fatigue crack.arger magnification isot possibldoecause of blocked viely the

90 degree angle betwedine transverse plate and the tube at the weldwbeh
makes it impossible to get the smaller view depth required for higher magnification
factor. The detection and size measurement of fatigue cracks tr@ndigital
microscope depends on crack opemmgdth under cyclic loading. Once the crack
opening width is large enough to be identified in microscope image, the crack is

detected. During the fatigue test, crack growth is periodically monitored using the
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digital microscope. At the early stage of crackwth, crack length is measured every
10,000 cycles while at the final stage of the crack propagation; measurement is taken

every 5,000 cycles. Figure&4shows the microscope ¢ine specimetube.

4.3 Testresult and discussion

Fatigue tests were terminatedter crack propagation bame unstable. Strain and

load data was recorded in all specimens. For crack length data, specimens WTJ1 to
WTJ2 were used for crack measurement technique training and adjustment purpose
Crack length propagation data was not kapfrJ3 failed prematurely &.18&10°

load cycle whichwas totally unexpected and thus no crack measurement was
performed. In addition to the digital microscope for crack measurement, alternative
methods such adye penetrantphased array ultrasonic sensmere also tested to
examine techniques for eardyage crack propagation measurement, but did not work
as well as the digital microscope on the steel tube specimens. It is found in this test
that microscope can identify initiating crack earlier thanplyeetrant or phased array

ultrasonic technique.

4.3.1 Crack length measurement
Table 1lists the total load cycle numbeeandthe finaloverallcrack length at the test
terminationfor all six specimenavhich show a large dispersioh.is noted that for
WTJ1 and WTJ2, the test was terminated at a smailarall crack length than the
other four specimens because these two specimens are mainly tested for training and
adjustment purpose. However, they both entered the final unstable crack propagation

stage at thdime of test termination. These data points of total load cycles falls
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between the AASHTO fatigue catego€/ and E although the AASHTO fatigue
category designation for this detailaategoryE'. This result is also found to be in
agreement with the testsults reported bgrcher and Gurnegt al (1970 on similar

test specimens.

An image of WTJ1 specimen shimg the fatigue crack highlighted with dye
penetrant is presented in Figur&.4The crack can be clearly seen as a dark red line
along the weld te and the crack is approximately 6 cm in length when this picture
was taken. Figure &.gives two pictures of fatigue cracks taken by the digital
microscope on WTJ6. Figure8é shows the crack with a length of 2.4 cm which was
imaged at 1.22xT0oad cyck. Figure 48b shows the crack imaged at 3.55xbad

cycle (near the end of its loading) when the crack length is about 30 cm.

Figures 4.9 to 4.11show the crack length growth pattern recorded for specimens
WTJ4 to WTJ6. For all three specimens, theckralmost always initiatedearthe

top ridge of the specimen where the maximum stress range occurs at the weld toe
(this is also the location where steel tube seam weld meets the circumferdatial fil
weld, supposedly leading to a higher chance for vasteéct) and then gradually
propagate in both directions along the weld téer. all three specimens, the crack
propagates faster on the south side of the tube. This might be due to the imperfect
alignment between the actuator and the specimen. The acpasition is slightly

away from the center of the tube towards the south side. Therefore, the strain level on
the south side of the tube would be slightly higher than that of the nortHtdekeds

to the faster crack propagation on the south side.

Using the digital microscope, crack can be identified as early as when its length
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reaches 10 mm. For example, for WTJ5, the crack was first identified at 13 mm. At
the final stage of the fatigue test, the fatigue crack penetrates the full thickness of the
steé tube and crack opening width can reach about 2 mm under the peak load. Crack
growth curves for specimens WTJ4 to WTJ6 are plotted in Figd2 Bor WTJ6,

Mi ner 6s r ul errectthe recqrged data tomtbeacteckong loading into

that of consint amplitude loading witlbhendingmomentrange at weld toe section

aM = 39.55 MPam as given in Table 1. Detailed descriptions of the crack
measuremerfor each specimen are provided below

WTJ1

The crack was firsseenwith naked eyeat load cycle numbeN = 560687 cycles.

Dye penetrant wagnmediatelyapplied tohighlight the crack. The crack lengthas
approximately 60 mnat that time pointFor the initial 565068 load cycle, ateel
extensiontube with the length of 0.2286 m (9 inch) and diameter of 0.2032 m (8
inches) was installed at thdree end of the ést specmen as a loading fixture
connecting the actuator and the specimklowever, friction betweenthe steel
extensiontube and the test specimencaused strongroise which overwhelmedhe
acoustic emission signal in the piezoelectpaint AE sensor mounted onhé
specimen. Thereforghe testspecimenwas repositioned bghifting a distance of
0.305 m (1foot) towards the actuator and the actuator is directlyopnof the test
specimenafter removing the extension tubEhe fatigue testwasterminated atoad

cycle numbeiN = 619000 when theverallcrack length reached 251 mm.

WTJ2

Crackwas notvisible to naked eyeantil load cycle numbeN = 941,700. Since the
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load cyclewas already 1.5 timeghat of the previous specimenload range was
increased from 228kN to 22.58kN at load cycle numbeN = 941700 cycles to
accelerate the tedRigital microscope, dygenetrant angbhased arrayvere applied
to measure the crack length. Conclusion is drawnpihased array and dye penetrant
techniques ar@ot workingwell to perform crack length measuremewhen crack
length andopening isstill very small. Digital microscope gives the most reliable
result among the three methoufs terms of crack length measuremeMultiple
crackswere identified at different locatins along the fillet weld toe. The test was
terminated atload cycle numbeN = 12.46x10 cycles. At that timepoint, the
multiple cracks merged into oheng crack withan overalllength of 181 mm.

WTJ3

WTJ3 was cyclically loaded to 12@162 loading cyclesnd no crackvasidentified.
Based onthe experiencgained from specimend/TJ1 and WTJ2, it was believed
that nocrackshouldhapperbefore load cycle numb&t = 200000cycles Therefore,
overnightfatigue loading was applied without checking the cracdowever,in the
next morning wherN = 217,800 cycles,a crack with the length of over 30 cmdha
alreadyoccurredalong the weld toenithe specimen. The test was then terminatet!
thus nocrack lengthdata wasneasurd.

WTJ4

The crack was firstlgeenat load cycle numbeN = 3.87x16 with alength of 10 mm
usingthe digital microscope. Crack length was then periodically measured At
582281cycles the test was terminated with a total crack length ofr842

WTJ5S
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The crack was first identified & = 191,251 with a crack length of 13 mm. Test was
terminated aN = 390098 witha totalcrack length of 337 mm.

WTJ6

Crack was first identified aN = 122620 cycleswith a crack length of 24 mm. The
crackwas not symmetricaboutthe seam weld of the tub&he crackength grewto
35.8mm atload cycle numbeN = 355171 cycles Beach marking loading of 10,000
load cycle withaload rangdrom 14.63 kN to 27.7&N was appliedive timesatN =
180,000 to 190,000y = 220,000 to 230,000y = 260,000 to 27@O0; N = 300,000 to
310,000 andN = 340,000 td350,000 to generate beach maoksfracture surface

Figures 4.90 4.11 give the craclnitiation andpropagé&on plots for WTJ4 to WTJ6.

4.3.2 Load and strain

Loading parameters for fatigue test of WTJ4 to WTH6 lsted in Tabled.1. The
loading history for WTJ4 is shown in Figurel3. Its amplitude varies from 0.9N

to 27.43kN with the load range of 26.9a\. For WTJ4, displacement control mode
was usedto operatethe servehydraulicactuator. At the finastage, the crackeame
very large The stiffness ofthe test specimemropped The applied load range
droppedconsequentlywith the constantlisplacement rangef loading As seen in
Figure 413, the load range started to drop gradually at around 5%0e40 cycle and

it eventually went below 15kN at the test termination. For WTJ5,mixed
displacement control mode and force control maeecused to keep the load range
constant. The load range is 268 asshownin Figure 414. Figure 4.5 showsthe
load history of WTJ6. Befor&l = 1.8x10, the load rangaas kept constant. Starting

from N = 1.8x10, alternating loading scheme with two different load rangeee

49



execued everyforty thousandoad cycle among whickfirst ten thousandycleshave

a load rangefrom 14.63kN to 27.78kN and the following thirty thousandycles
havea load range of 1.3%N to 27.78 kN. As mentioned before, this alternating
loading scheme was implemented to gendvatehmarks in fracture surface.

The strain distributions wter static loading fospecimensVTJ4to WTJ6 at the two
sectionsalong the tubere plotted in Figue4.16 to 4.18. It is observedhatfor all

three specimens tHeG1strain at the top of the steel tulkvayshad the maximum
value. Additionally, the sain measurements close to the weld toe at Section A are
much larger than those at Section B. This signifies the existence of large stress
concentration close to the weld toe.

For all three specimens, the strain levels at Section B are close to eacbxotyar

for the reading of SG7 of WTJ6 which is smaller than that of WTJ4 and WTJ5. This
might becaused byhe seam weld on the top of the tuBecause of the existence of

the seam weldSG7 has to be placed away from the center line instead of putting
exactly on top of the weld (see Figure 4.5a). The different width of the seam weld for
each specimen causthe location of SG7 on the tube section to be slightly different
from specimen to specimen. For WTJ6, the width of the seam weld is a little wider
than WTJ4 and WTJ5, makes the placement of SG7 further away from the center line
which leads to reduced strain readings.

As for Section A, strain readings from specimen WTJ4 and WTJ6 have similar strain
reading while the readings from WTJ5 are smaller {&lSSG3 and SG4. This
difference signifies different stress concentration levels in these three specimens.

Strain histories of SG1, SG2 and S@a7specimensNTJ4 to WTJ6 are shown in
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Figures 4.9 to 421 respectively For WTJ4, Figure 44 shows that the dgrain
readings from all three gaugemmaired relatively unchangeadt the initial stage but
dropped rapidhyat final stageOne thing worth noting here is that for SG1 and SG2,
their reading started dropping as early as ardurd4.4x10 load cycle due tdocal

strain relaxation caused ltlye propagatingcrack. On the contrary, the reading of SG7
dropped later aN = 5.0x10 due toreducedoad rangeThis feature of local strain
relaxation caused by fatigue crack can be used for fatigue failure warnexgor
fatigue life prognosisFor WTJ5, it is seen in Figure2 that the readings of SG7 at
Section B kept nearly constant even at the final stage when the crackdreache
enormously large size. However, for SG1 and SG2, since they are located very close
to the crack, the strain at their locations dropped substantially due to cracking. The
strain history of WTJ6 in Figure 21 also shows decreasing strain at the final stage of
fatigue loading. Also, Figure 4.28hows the impact of beacharking on strain
readings

Using the strain recordings from SG1 and SG2, thespot stress range can be
derived by adopting a linear extrapolation method. The distances of SG1 and SG2
from weld toe are 3.84 mm and 14.06 mm respectively. For example, the strain ranges
for SG1 and SG2 of WTJ5 is 1137@ and 606.9ve respectively. The extrapolated
strain at thehot-spotlocation is 1337.7#e for which the calculated stress range is
267.5 MPa. Schematics bbt-spotstrain extrapolatiofor specimendVTJ4to WTJ6

are plottedin Figures 4.22 to Figure 424. Table 4.2 lists the hospot strain range
readings for WTJ4 to WTJ6. All three specimens have large strain ratio between SG1

reading and SG2 reading (between 117&). This confirms again that large stress
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concentration idl occur at the weld toe of the welded tubular joint specimEnmsse

hotspotstress will be used in fatigue prognosis sturdghe following chapter

4.3.3 Fracturesurface features
The facture surfaces of specimens WTJ1, WTJ4, WTJ5 and WTJ6 were opened and
examined for surface features aftee completion of théatigue testThree zones of
fatigue propagatioareidentified from thefracturesurfaceof all four specimens: the
origin zone the slow fracturezone andhe fast fracturezone a shown in Figure
4.25 to 432. Thisis consistent with current understandingafgue fracturesurface
features gee, e.g.Sachs 2005). At therigin zone the crack development igery
slow and the fracture surface is darker in color. For the sldvacture zone, the
fracturesurface become lighter in colandis relativelysmooth since the ppagation
of crack at this stage is steady and stable. The last phase of crack development
corresponds tehe fastfracturezone on thdracturesurface which becomes rough
andirregular compaed with the slowfracturezone.In Figures 4.25 to 4.32, pictures
of these three zoneare showrfor specimen®VTJ1, WTJ4, WTJ5 and WTJ6.
For WTJ1, dye penetrant was applied when the onaaddfirst seen with naked eye.
The dried red ink ofhe dye penetraé¢ft a red water mark on tHeacturesurface as
shown in Figure 83. The red watermark recorded the crack front at the time when
the dye penetrant was spraydthe watermark clearlghows a serrglliptical shape
which has a lengtl{2c) of 62 mm anda depth(a) of 6 mm. The aspect ratifor the
semtelliptical crack frontis thusaround0.2 This is in good agreement with the
assumedaspect rativalue of0.2 suggestedby Vosikovskyet al (1985) Therefore for

WTJ1, the aspect ratio asmptionis supportedvith experimental observation.
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For specimenWTJ6, beachmarking method is applietb generate crack front prints
on the fracture surface at specified load cycfetotal of five marksare supposed to
occuraccording to the loading @h. From Figure &4, it can be seen that theaee

only three beach marks visibbm the fracture surfac&@hose three areelieved to be

the marks from thérst three beach marking loadinghis is confirmed using digital
microscopeThe last twamarksare missing because the crack has penetrated the tube
wall thicknessbefore these two marks could ocandthe specimerntered the fast
propagation stage. The crack specimenWTJ6 has multipleinitiations which
correspond to thenultiple dark spots athe origin in Figure 431. Therefore, the
shape of the beach mark is not sefhptical asexpeced. The first beach mark has a
surfacelength of 33 mm and depth of 1.5 mm. The second beach mark has a length
of 55 mm and depth of 2.5 mm. The third beatdrk has a length of 94 mm and
depth of 5m. The aspect ratio is no longer consistent with the edsaspect ratio
valuesince it is applicable for singtackinitiation only.

Schematis of fatigue crack growthover the fracture surfaceof specimenWTJl,
WTJ4, WTJ5 and WTJ6 are alpoesentedn Figures 4.35 to 4.38. The three crack

propagation zones are marked in the figures.

4.4 Conclusions

Fatigue &sts orsix identicalweldedtubular joint specimens are carried out. Test data
of appliedload, strain ad crack information are acquired. The strain data shows that
high stress concentratiatcurredat hot-spotlocatiors nearweld toe.Fatigue cack
initiates at the weld toe orthe top ridgeof the tubespecimensand propagate along

the weld toeén both drections.Recordedoad datashowsthat with crack propagiiy
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along the weld toe, the stiffness of the test specidemmeasesonsiderablydue to
reducedube section areat thefractured section location

As for the crack length measurement, thretedé#ht techniqueweretestedincluding
dye penetrant, phased armnalyrasonicanddigital microscopelt is foundthat digital
microscope is able to detesmall cracls before the other two techniques could.
Generally speakingcrack detection and measuarent is verychallengingwhen the
cracklength issmall €.g.,less than 10 mm).

By applying dye penetrant on WTJ1 and beach marking on WTJ6, the fooatk
shapeis recordedon fracturesurface. The water matkft on the fracture surfacaf
WTJ1 by dyepenetrantink has a semelliptical shape withan aspect ratio 0D.2,
which s in close agreememtith theassumedspect ratiovalue at that stagéret for
the beach marks on WTJ6, because of multpdek initiatiors, they are not exactly
semielliptical in shape and hawespectratio values much larger thanthe assumed
aspect ratio values for single crack.

By examiningthe crack surfacef specimen®WTJ1, WTJ4, WTJ5 and WTJ6, it can
be concluced thatcrack propagation can loivided intothree stageaccording to the
surfacefeatures of théracturesurfacethe originzone the slowfracturezone and the
fast fracture zone. Each stageorresponds t@ different surface features/er the

fracturesurface.
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Table4.1. Fatigue ¢st paramets of the six test specimens

Test
Shear Force Bending Moment termination
load cycle &
crack length
. Mmax Mmin (X:I.OL3
Pmax (KN) | Pmin (kN) | &P (kN-m) | (kN-m) &eM cycles) (mm)
WTJ1| 25.35 3.43 |21.92| 45.72 6.19 |[39.53| 6.19 | 251
WTJ2| 24.82 276 |22.06| 37.20 4.14 | 33.06| 12.46 | 181
WTJ3| 27.93 1.77 |26.16( 41.86 2.65 |[39.20( 2.18 | 320
WTJ4 | 27.43 0.91 26.52| 41.11 1.36 39.74| 5.82 342
WTJ5| 28.3 1.82 |26.48( 42.41 2.73 |[39.68| 3.90 | 337
WTJ6| 27.78 1.39 |26.39( 41.63 2.08 |[39.55( 355 | 358
Table4.2. Strain range at hedpot
SG1 SG2 Ratio (SG1/
(eU) (eU0) SG2)
WTJ4 1390.7 779.6 1.78
WTJ5 1137.0 606.9 1.87
WTJ6 1301.2 717.6 1.81
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Figure 4.4. Location of strain gauges
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Figure 4.6. Measuring cacksize using digitamicroscope

Figure 4.7. Crack atthe weld toe of test specimen (dark red line identified with dye
penetrant)
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(a) Load cycle N 427,800

Crack Closed Crack Opened

(b) Load cycle N =3855,100

Crack Opened Crack Closed

Figure 4.8. Microscope image of fatigue crack growth in WTJ6: (éjdhstage; (b)
Crack at failure
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Figure 4.14. Load history of fatigue test for WTJ5
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Figure 4.22. Schematics ofiot-spotstrain extrapolationf WTJ4
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Figure 4.23. Schematics ofiot-spotstrain extrapolation of WTJ5
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Figure 4.25. Pictures of tack propagation zos®n the fracture surfaad specimen
WTJ1(magnification factor for microscopic image labeled 1, 2, 3 @5, (b)
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(c) Slow fracture zone
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Figure 4.26. Pictures of tack propagtion zons on the fracture surfacé specimen
WTJ1 (magnification factor for microscopic image labeled 1, 2, 3= @3, (d)
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(b) Origin zone
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Figure 4.27. Pictures of tack propagation zoseon he fracture surfacef specimen
WTJ4 (magnification factor for microscopic image labeled 1, 2, 3)=(6}% (b)
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(c) Slow fracture zone
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Figure 4.28. Pictures of tack propagatiozones on the fracture surfacé specimen
WTJ4 (magnification factor for microscopic image labeled 1, 2, 3)=(6p (d)
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(b) Origin zone
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Figure 4.29. Pictures of tack propagation zoseon the frature surfacef specimen
WTJ5 (magnification factor for microscopic image labeled 1, 2, 3)=(6}% (b)
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(c) Slow fracture zone
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Figure 4.30. Pictures of tack propagation zos®n the fracture surfaced specimen
WTJ5 (magnification factor for microscopic image labeled 1, 2, 3)=(65 (d)
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(b) Origin zone

Figure 4.31. Pictures of tack propagation zoseon the fractureurfaceof specimen
WTJ6 (magnification factor for microscopic image labeled 1, 2, 3)=(6}% (b)
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(c) Slow fracture zone
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Figure 4.32. Pictures of tack propagation zoseon thdracture surfacef specimen
WTJ6 (magnification factor for microscopic image labeled 1, 2, 3)=(6p (d)
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Figure 4.34. Beach marken WTJ6 (magnification factor = 43)
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Figure 4.35. Crack propagation along surface for WTJ1

Figure 4.36. Crack propagation alorgurface for WTJ4
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Figure 4.37. Crack propagation along surface for WTJ5

Figure 4.38. Crack propagation along surface for WTJ6
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Chapter 5: Structural Health Prognosis Procedure

51 Introduction

This chapter presents a general procedure for sensen structural health
prognosis and probabilistic maintenance scheduling. The proposed procedure utilizes
Bayesian theorem for updating the structural degradation modekoMaChain

Monte Carlo (MCMC) sampling ismployedto calculate the posterior distributions

of the stochastic parametens the structural degradation model. Bayesian updating
allows the use of dynamic diagnostic information with prior knowledge for ingorov
prognosissuch agisk analysis and remaining useful life (RUL) estimation.

In this chapter,ite general prognosis procedure is extended to consider two unique
features associated with sensor driven prognosis. One feature isetisor
performance degdation in longterm monitoring. In order taccount fotthis feature

the error term in thestructuraldegradation model islivided into two terms: the
measurement error term and the model error term. Stochastic process is used to
represent tese two terms. The other feature is the massive amount of sensotiddta
could begenerated from cfine structural health monitoringSHM) system. How to
effectively extract key prognosis information outnafissive amount of sensor daa

of interest. An extremealue theory (EVT) based method is proposed which can
reduce the computation demalogl80% whilestill preservinghe key informationof

sensor data

5.2 General degradation model

In the proposed general sensibiven probabilistic health prognosis proceduae,
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general structural degradation model with random parameters is defined, intkéhich
error term are divided into two types of errors. Bayesian theorem is applied to update
the parameter distributions of the structural degradation model with sensor data.
MCMC is implemented to sample from posterior distributions of the random
parameters. Risk analysis and RUL estimation can be carried out with specific limit
state function and risk acceptance level. The proposed sémsen structural health
prognosis rethod can perform updating of multiple random parameters with multiple
measurement inputs. A flowchart illustrating the general procedsi®msnin Figure

1. In this section, the genesdtucturaldegradation model is firstly introduced.

5.2.1 General form

The proposed sensdriven structural health prognosis procedure is based on a
stochastic structural degradation model which models the variation of an engineering
system over time. Imondestructive testing\NDT) data driven degradation model, a
single prolabilistic error term is commonly incorporated to account for the overall
uncertainty associated with the model and measurements. In the proposed sensor
driven health prognosis procedure, however, this general error term is explicitly
divided into two sepatte terms: measurement error and model error. This approach
reflects the fact that sensor performance (in terms of measurement error) generally
varies (usually deteriorates) with time, and thus needs to be described with a time
evolving stochastic procesBhe model error term represents the unknown factors in

modeling the system. The stochastic structural degradation model can be expressed as,
y(1)=F (£:0B)+ Uy (1) + Cher(1) (5.1)

where y(t) is the degradation index which can be dike measured or indirectly
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identified from sensor data (e.g., features of fused sensor datd)jamotes the time.

F(t , )Js affunction describing the evolution of the systélis. the model parameter
vector containing quantities related to system propertiesJ.gU;, € {]. Due to

the uncertainties commonly associated with the model parameters, they can be
descrbed as random variables following gpecified probability distributions is

the environmental input vector which includes quantities (e.g. strain) resulting from
loading such as temperature, or any other excitations to the sysgtgrand Ghsm

represats the model error and measurement error respectively.

5.2.2 Error term modeling

5.2.2.1Measurement error
Modeling the measurement error should be derived from the characteristics of sensors

used for continuous online monitoring system for structural health diagandis
prognosis. Compared with NDT inspection data based approaches,-cevesor
monitoring and prognosis procedure has the following features (also summarized in
Table 5.1): sensor data are continuous, abundanttimeal(or nearly reatime)
collected;sensor data with multiple modalities are available. Data analysis in such
online monitoring system generally requires automated execution due to huge amount
of data stream collected every day. Another feature of sensors intelang
monitoring system is #t their performance would vary (usually deteriorate) over the
time due to the degradation of the sensors themselves. Uncertainty in sensor data
(measurement error) thus needs to be explicitly modeled as an evolving stochastic
process. Gebraeelt al (2009 studied two types of stochastic processes: Gaussian
process and Wiener process. He concluded that the model with Brownian motion

assumption for the error term fits the data better. A few researchers have adopted the
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Wiener process to model error termprognosis application. (DoksuandHoyland

198; Whitmore 1995; Gebraeet al2005). Here, considering the sensor degradation,
the Wiener process is used as an example to demonstrate the updating procedure.
Under this assumptionChsr(t), [Ghsr{t2)-Ghsn(t) 1,  @snft)-Ghenfti-0)] are

independent normal random variables with zero mean, i.e.,

[Gnsn(t) - @kt)] "N(O, “ft ) (5.2)
In certain cases, the sensor exhibits little degradation during monitorirgjomis
under such cases, the measurement error can simply be treated as following Gaussian
process. Under this assumpti@hsi(t1), Ghen(tz) .  @safti) are independent normal

random variables with zero mean, i.e.,

emsm(t i) ’ N(O! %sn) (53)

5.2.2.2Model error
The model error term represents the aggregated influence by various factors because

the degradation model never holds exactly in practice. In this study, the model error
term is assumed to follow the Gaussian prodessany given time, the model error
term Gha(ty), Gha(ta) . B.a(t) also follow independent normal distribution as

shown in Eqn. (5.4):

eat)” N(O, &) (5.4)

Independence between the measurement error and model error is assumed.

53 Bayesia updating and Markov Chain Monte Carlo simulation

5.3.1 Bayesian updating with implicit degradation model

Without updating using monitoring data, uncertainty in the model parameters may
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lead to large variance in the predicted value of the degradation indegh whi
subsequently affects the accuracy of risk analysis and maintenance management. With
data related to the damage index from monitoring system, initial model parameter
distributions can be updated with measured data thus reducing the uncertainty in the
prediction. Bayesian theory is used here for updating the model parameters with
sensor data.

5.3.1.1Updating with sensor degradation considered
Let Y=[y(t), y(k) &)y demote the measurement ddt#s the time of measurement.

From the assumptions for modelr@ar and measurement error, we come to the

conclusion thay(t)-y(t-1) follows normal distribution.

y(t)- t) “N(K(Ea) F(ty 8, & (0t1.) 2 19) (5.5)
It should be noted that for(t), its distribution is slightly different from Eqn. (5.5)
and can be expresses N(F(t,a), ¢.,.,@ +%,). Under the assumption of the

Wiener process for measurement error and model error, as well as the independence
between measurement error and model error, the covariance between any two
different measurement increments equedso. Also, according to Eqgn. (5.4), the
measurement increments follow normal distribution. Therefore, it can be concluded
that for given values ofj measurement incrementg(t]), y(b)-y(t) , é w)-y(t)] t

are mutually independent. Therefore, given the values Uothe conditional
probability density function (PDF) é€Y|U) can be expressed as:

f(Yla)= f(M(1), () - D, W) KL D

v 5.6
:f(y(tl)‘a) O, f(xt) Xt)|3 >

In Eqn. (5.6),
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xp( (y(t)- Ft.a)’ )

1
f =
(y(tl |a)) \/2:0 (tl ésm + ﬁdl) Z(t smsm mdl)

o ((y(t)- v(t.) (F(t.a) F(1 . éb))z)
2((t| -1)smsm +2 §d|)
Ak 1

O.,
i \/2,0((t| - ti—l) ‘ism 2 iﬁdl)

expt a, -
Of(y(t) y(t.,)|a) =

(5.7)
Using the Bayesian theorem, their posterior distribution can be computed using Eqgn.

(5.8),

__1(lay f(4
A v Ta) T(ad o

Therefore, it is seen that the posterior distribution Bozcan be updated using

monitoring data.

5.3.1.2Updating without sensor degradation considered
y(t) is a normal distribution witlits meanvalue of F(t;,UJ and its variance equal to

(Bmsn2+0ma). Meanwhile,its distributionis truncatedo keepy(t) nonnegative. The

truncated conditional probability density functitgp(t)|U) is shownbelow:

((y(ﬁ) F(t a)) )

\/2,0 § 2(s2 + 5)
mdl f - >O
FC M) oo 59)

VSL* S,

0 otherwise

f(y(t)la)=

e ——->-> - @:

As for f(Y|U), it is calculated using Eqn. (5.10) below,

f(Yla)= f((D, YL, V(1) @ (5.10

After f(Y|U) is obtainedf(JY) can be calculated using Eqn. (5.8).
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5.3.2 Markov Chain Monte Carlo simulation
F(t , Umaf have a large number of random system parameters that would make
computingf ( Udiiffiedlt to do because of mukdimensional integration being
involved. For higher dimensions, analytic evaluation of this posterior distribution is
infeasible, while numerical evaluation as an alternative approach might be equally
difficult and inaccurate in greatemgension (Gilkset al 1996). Generally speaking, if
the dimension exceeds three, an alternative method would be used instead of
numerical integration. Furthermore, occasionally, there is even no explicit form for
the degradation model. Under such situgtmased form expression for the posterior
distribution would not be available. In order to overcome these two problems, MCMC
simulation, which is suitable for simulating high dimension PDF, is selected here as
the alternative approach to calculate thetigragr distribution.
The MCMC method draws samples from a-ppecified distribution by running a
constructed Markov Chain that will converge after certain number of loops. The
MetropolisHastings algorithm (Metropolist al 1953; Hastings 1970) is emplale
here for sample drawing from the posterior distribution, which is described below in
details (Gilkset al 1996). Figure 5.2 illustrates a single loop of the Metropolis
Hastings Algorithm.
1. Initializing the stochastic parameters, i.e.,U8t= [xX°]. Sett = 0. At any time step
=i, the value ol is expressed ax'].
2. Propose a probability densi(U, U). Using this density function, a new stéte
[X] can be generated out of the current sthte[x].

3. Calculate] value with the measurementsas below,
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fa'|V)aX 4| 3

J =min(l, . = .
fa'v)a 4 3

)

4. Draw U from a uniform distributiorlJ[0,1]. If U < J, setU** = U; otherwise, let
J+i= U,
A new sampldJ*! is now available based on the previous sartbRepeat Step 1 to
Step 4for a prespecified number of cycles.
In the above procedure, a random walk sampler is adopted, and the proposal function
is thus symmetric, i.e.,
Qa'|a)=Q 4 ¥
J can be simplified into Egn. (5.11),

f@'y)

J =min(l, 4
f(a' |Y)

) (5.11)

For the MCMC calculation, the initial samples may not follow the specified
distribution. Yet they will gradually converge to the specified distribution. Therefore,
the criterion for the convergence of the samples has teted beforéhand. The
samples after convergence are gathered to represent the posterior distributions. An
index for judging the convergence as proposed by Gelamah Shirley(2010 is
adopted in this study. A total of parallel sequences each with agémofn samples

are first generated using the given algorithm. jrtte sample in the-th sequence is

labeled a<J;. The index can then be expressed as,

\/TFE:Q/ a\;v(yE) (5.12)

In Eqn. (5.13),
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If \/E reaches a value close to one, the chain is considered to converge. Usually,
more than 10 chains are needed to calculate the index. In Gatde®hirlep s st udy
(2010, a value of 1.2 is recommended the threshold for the convergence. In
another word, the samples are considered to have converged once the index falls
below 1.2.

After the samples representing the posterior distribution are generated, the failure
probability as well as RUL of the gg$n can be determined.

A template code of the MCMC sampling is provided in Appendix C.

5.3.3 Risk analysis and remaining useful life updating
After updating the probability distribution of the random parameters in the
degradation model, the estimated degradatimlex can be recalculated from the
updated model. With many sensor data being collected at almost the same time, the
estimated degradation index at any time instant follows a statistical distribution due to
the uncertainty associated with the systemrardsured data.
In order to estimate the RUL of the concerned system, two terms need to be defined:
limit state function and risk acceptance level. Usually, the limit state function is given

as Eqgn. (84), (Shinozuka 1983)
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g=y, -F(ta, ) ¢ (5.14)
Due to the uncertainty in the degradation moBe{, t ,fdllow$ g distribution at any
time instantt, when the updating is done. From Eqgn145, the probability of failure
can be calculated as,
PMO=Hy -F(ia, § @ (5.15)
Risk acceptance level is defined ks tritical failure probability value below which a
system is considered safe and beyond which the system is considered unsafe and thus
action needs to be taken for maintaining the system. Supposeazcigitance level
of R% is specified to compute theURr using Eqgn. (5.16), RUL is the value bt
which
P, (t)=R% (5.16)
An illustration of how RUL estimation can be performed igegi in Figire 5.3. In
this figure, the horizontal axis denotes thes@mvice time. Irservice time is defined
as the interval between the time the structure first opened to service and current time
when structural health prognosis is performed. Servieddidefined as the total life
of the concerned structure from its first opening to service till its failure. Given the
definition, there is the relationship that service life is the sum of in service time and
RUL. Different combination ofy.; and R% migh yield different RUL estimations
such as next inspection time. Values ygrand R% must be determined from code
specifications or empirical datdaintenanceoperationcan be scheduled based on

such RUL information
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54 EVT-based structural pragpsis method

The above introduced prognosis procedure utilize a single set of sensor data for
structural prognosis. In real case of structural monitoring project, hundreds sets of
sensor data can be obtained within a short time during which structuditi@on
presumably would not change under normal operating conditions. In such condition,
for each set of sensor data, a corresponding RUL value can be determined through the
prognosis procedure. Therefore, hundreds of model updating and RUL estimation
haveto be carried out. Subsequently, distribution fitting can be applied to determine a
probabilistic distribution for the RULs from which the quantile values can be
computed. However, this approach is computationally very demanding because of the
Bayesian ugating process and MCMC sampling involv&ince unexpected failure
might lead to catastrophic consequence, it is critical to know the small quantiles of
the estimated RULs. Considering the fact that decision makers are often more
interested in the smallugntile or extreme values of the estimated RULSs, it is not
necessary to obtain the full probabilistic distribution of the RULs as a random
variable. Therefore, estimation of the tail parts or extreme values of the RUL
distributions based on a selected #mas reduced sensor data set would be of interest
to SHM applications.

In this study, the EVT is introduced to reduce computation demand without losing
much accuracyEVT makes statistical inference about the upper tail of a random
variable without the redl of knowing its true distribution. EVT allows only a small
percentage of total available sensor data to be actually used for estimating the tail

guantile of the RUL. Estimators from EVT are often used to predict high quantile
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values for the distributiomf prognosis results. A variety of estimators have been
developed for EVT, such as the Hill estimator (Hill 1975), PWM estimator (Hosking
and Wallis 1987), and moment estimator (Deklatral 1989), etc. Moment estimator

is selected here for its ability tiscern a light tail distribution more efficiently than
the Hill estimator (Resnick 1997) since in many applications such as fatigue life
prognosis the distribution of the RULS is usually bounded and not heavily tailed.

As for the proposed EVbased pgnosis method using moment estimator in this
study, onlyk out of n measurements (normalky<< n) are used for model updating
and RUL estimation by implementing the moment estimator. Khéargest
measurements selected from the full sensor data satsack as the input to the
structural health prognosis. TRERUL values are computed accordingly using these
largest measurements. If it can be proved that theB&JL values represent the
smallest values among all RUL values, moment estimator can bedapplibe set of

k RUL values to estimate the small quantile values of the underlying RUL distribution.
Information such as small quantile estimates for the RUL can be obtained accordingly.
However, the computational demand for the Ed&ABed structural hehl prognosis

can be cut substantially to neakiy of the original computing time (normalky<< n).

A flowchart for this method is given in Rige5.4.

5.4.1 Moment estimator method for univariate EVT
Moment estimator method for univariate EVT is used to @pprate the high
guantiles for sample distributions using only a small portion of the available samples.
A high quantileX; is defined a®(x>X,) = p wherep approaches zero. Assume tiat

X1 € Xowy Xek€  Xgpare the order statistics of thatal n data samples
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available. Moment estimator method uses the lamestmples (i.e.Xn, X1, € , n X

m+1) t0 approximateX, (n>>m). According to Moment estimator method, the quantile

estimator)Ep(k) is defined in Eqn. (5.17) ba,

(L)ﬁk) -1
%K= X,, &K [ﬁp?] (5.17)

Wherek = 1 , 2m. X.¢ is the (n-k)th order statistic oh samples&Kk) is the
moment estimator for scale function which can be calculated as Eqn. &8s

the moment estimator for extreme value indexvhich can be estimated using Eqn.

(5.19). ﬁve is the estimated value fagr derived from estimato#fk) .

9 (M, (k))?

& k) = Xn &, (k) Qu M (k)] (5.18)
(M,(K))*

#HK)=M,(k) 4 [1 M K) A (5.19)

In Eqns. (5.17) and (5.19)M (k) is calculated as Eqn. (5.20),

M; (k) = —a[log( ae1) 109X, I (5.20)
In which X, is the(n-i)th order statistic oh samples, anfl=1, 2.
To determinegEe, a common approach is to calculd#) for k = 1 , 2., Thed, m
plot #k) againstk, and the average af{k) within a certain range (usually for
sufficiently largek values) inge. The value onge can be used to assess whether the
sample data is heavy tailed not. For example, the distribution of the sample data is

heavy tailed if i Is positive, and vice versa. Hill estimator is preferred in estimating
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the high quantile value.

-

After & is obtained, a similgorocess can be applied to determi@doy first plotting
)Ep(k) againstk, and then calculating the average)gg(k) within a certain range

that shows less fluctuation i)Ep(k) (usually wherk is sufficiently large).

The above moment estimator method uses a relatively small parmier () of the
sample data that has larger values. To estimate low quantiles that may be of interest in
certain applications, only slight adjustment can be madeetaliove process. For
instance, in the RUL quantile estimation, low quantile values are desired. The above
procedure can be applied to the reciprocal of the RULs.

Danielson (2001) suggested that the optimal value for the samplensize

-2l

O(n*"= *) in applying the above moment estimagagis the second order index for

the EVT theorem and is the original total sample size. For example, for a total
sample size oh = 500,100 samples (i.en = 100) may be adequate to estimate the

high quanie value, thus using only 20% samples.

5.4.2 Firstorder stochastic dominance for posterior distribution
The EVT method is applied to the calculation of RULs. Therefore, the lower portion
of RUL needs to be calculated from damage index values using the Baypdating,
which is the most demanding part computatiaee in the EVT based prognosis
process. If monotonicity condition between damage index and prognosis results such
as RUL values is satisfied (monotonically increasing or decreasing)ooiyt of n
damage index values would be used to calculate the smallest RUL values; thus it

lowers the computation load by 106%(n)/n percentage.

95



To show the monotonicity condition, the fastder stochastic dominance of the
posterior distributiori ( UsffteY Bayesian updating (see Eqgn. (5.8)) is first examined.
First-order stochastic dominance is defined as follows (Cox, 2002): for two random
variablesX andY, X first order stochastic dominan¥ef and only if Fx(a) OFy(a) for

all a. (F(a) is the cumulative mbability density function fol). Milgrom (1981)
proved that the strict monotone likelihood ratio property (MLRP) of the likelihood
function f ( Y is BWQth a necessary and sufficient condition for the -Girder
stochastic dominance of the posteriostdbutions in Bayesian updating. Therefore,
in Eqn. (5.8), if the likelihood functioh ( Ydatldfles the strict MLRP (as shown
below), the firstorder stochastic dominance for the posterior distribution Udary )
be assured.

According to Milgrom (198), the density functioffl A| d) has the strict

(5.21) below holds for every>zand g > F,

£(x19) £(219- f(xI5af(217) @c (5.21)
Assume a total oh,,s measurement segments are carried out and eacsuregeent
segment containsiy data samples. For the EMBsed prognosis method, the
measured data within each measurement segments are ranked and regroup the
measured data intasg new sets by rank statistics (e.g., all largest data values will be
regroupd into one set, etc.). Two such sgisandy, are choseny; = [Yi1, Y12, e,
Yin_md @ndy> = [Y21,Y22, 62n md, Whereysi> yai. The general error tertN) = Gha(N)
+ Uhsn{N) is assumed to follow the Gaussian process and always follow the same
normal distribution of N ~ (Of%). Two valuesU, and O (assumingl, > () are

randomly sampled from the stochastic paramétérhe joint conditional probabiljt
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fiyi| )X =1, 2; andi = 1, 2) of y; andy follows normal distribution of N ~R(U), &)

from Eqn. (5.1), which can be expressed as,

1 vy, - F(@)]?
exp{4 —/——F+——
2p s = 22

t(yla)= } (5.22)
wherei =1, 2 and =1, 2;k=1 énns Eqn. (523) is derivedrom Eqgn. (5.22) as,

f(yla)  AIF@-F(AI By, R ¥ FC %
1% = exp{*= 252

1 (5.23)

wherej = 1, 2 andk = 1, Bns It &n be observed that Eqn. (5.23) is
monotonically increasing witly; as long asF(a1) > F(a). Strict MLRP is thus
demonstrated for the likelihood rfation of f(y;| )J and the firstorder stochastic
dominance of the posterior distributibn( U Bgn. (5.8) is verified.

Because of the firadrder stochastic dominance of the posterior distributién(ift , U, b)
is also monotonic withU it can be concluded that mmtonicity between
measurementyg and estimated RUL holds given the same limit state condition and
acceptance level. For a variety of degradation processes, the monotonicity between
the measured damage index datand model parametds exists. For exampldhe

fatigue crack length in the Paris Lévased fatigue degradation model (Patisal.

1961) monotonically increases with the two parametrand m. For steel rebar
corrosion problem, thdepthfor the hemispherical pit also monotonically increases
with the pitting current (Harlow and Wei 2001). For application in these fields; EVT
based prognosis method is applicable.

In summary, three prerequisite conditions have to be satisfied in order to use the

proposed EVIbased prognosis method: (1) A stochasiegradation model with a
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measurable damage index as the independent variable is established; (2) A limit state
function is defined in terms of the damage index; (3) A monotonicity condition

between the damage index value and RUL exists. Once these tmdiBoos are

satisfied, the proposed EVT based prognosis method can be used for other limit states

than those described in the two case studies next. A real structure is a system
comprised of many components and its failure might be caused by one of theesyn 6 s
component s. Therefore, the systemds failuw
determined using systems theory once the failure probability and RUL of each

i ndi vidual component6s | i mit state is kno
cracking and rear pitting corrosion are given in this paper to illustrate the
implementation of this method. The RUL in this paper refers to the component rather

than the system.

5.5 Case study

5.5.1 Fatigue prognosis of Yellow Mill Pond bridggneral procedure
The Yellow Mill Pond Bridge is located on the Connecticut Turn pil@slin the City
of Bridgeport, Connecticut. The bridge was first opened to traffic in January 1958.
This bridge consists of 28 simpépan coveplated steel -pirders crossinghe
Yellow Mill Pond Channel. The dimensions for the beam are given as follows: Flange
Width = 0.4191m; Flange Thickness 0.0320m; Cover Plate Thickness = 0.0348
Web Thickness 0.0190m; Weld Leg= 0.0160m.
Fatigue cracking was first observedla Yellow Mill Pond Bridge in 1970 (Fishet
al 1981). Fatigue crack growth resulted in complete fracture of a tension flange in one

of the girders. Several inspections were made between 1970 and 1979. In 1976, 1977,
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1979, cover plates on the Yellow Miond Bridge were inspected for fatigue cracks.
Using ultrasonic NDE method, Fatigue cracks were found in the vicinity of the cover
plate welds. A sketch of the cover plate and the crack location is presented in Figure
5.5.

The stress range due to the ficafvas recorded in 1971, 1973 and 1976. Maximum
stress ranges as high as 7RIRa (10.5ksi) were measured at the end weld of the
cover plates (Fisheat al 1981). Since this bridge is well studied by many researchers
(Fisheret al 1981; Yazdani and Albott 1987; Zhao and Haldar 1994) and as such
verified fatigue data are readily available, the fatigue data from this bridge is used in
this research as an example to illustrate the application of the structural health
prognosis procedure. A specified progeslof sensor driven fatigue prognosis for the
Yellow Mill Pond bridge cover plate is shown in Figure 5.6.

Initial crack length

In his paper, Fisher (1984) stated that for most welding details of steel bridges, initial
cracks usually would exist at theryéeginning. Therefore, they made an assumption
that the initial crack starts to propagate from the first loading cycle. In this research, it
is also assumed that initial crack exists before loading starts.

For thick cover plate, Yazdani and Albrech®8¥) used égognormal distributiorwith

a mean value of 0.0508n and coefficient of variatio(COV) equal to 0.5or initial

crack length These values are also adopted here for the health prognosis of the cover
plate fatigue details on the Yellow Mill Rd Bridge.

Critical crack length

The critical crack size is defined as the crack size above which the fatigue limit state
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(i.e., failure) is assumed to occur. In practical applications, it can be determined by
either fracture mechanics or a servicaapdriterion (Zhao and Haldar 1996).

To avoid unexpected failure, people usually take the relatively conservative value
which is from serviceability criterion as the critical crack size. Zhao and Haldar (1996)
suggested that the width or the thicknea tatigue detail can be used as the critical
crack size.

In this study, the serviceability criterion is adopted to determine the critical crack size.
The flange thickness is taken as the critical crack size ai,e=, flange thickness =

3.20 cm.

Correction factor

For cover plate fatigue, the correction factors are calculated as (Eisid979),

G,=1.211-0.18¢a b

G, =1 (for AASHTO fatigue categories E and E')

G, = SCE (5.24)
1+6.789(" §4348
T
) T .
SCF= -3.539 l@é) 1:981«1@’0) 5.3% (5.25)
F F

wherea is the crack length along miner axis (i.e., in the direction of crack ddpih),
the crack I ength along maj orTgpiatkeicever( usual |
plate thicknessTk is the flange thicknesZ is the weld leg sizeE(K) is the complete

elliptical integral of the second kind with k definedk@s (c*a?)/c?.
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Material Constants

Usually, among the two materials constants, paran@ter asumed to follow a
lognormal distribution, while crack growth exponent constamtis treated as
deterministic. The crack growth exponemt 3 is proposed out of basic crack growth
rate data from structural steels as well as test data on welded membelan(¥ax

Albrecht 1987). Paramet€ris found to be with a mean value292x10™ and COV

of 0.63 (nfor crack size aniPaym for K).

Crack measurements

For fatigue cracks associated with the cover plate detail, the crack is assumed to be
sem-elliptical surface crack. In November 1973, the east ends of Beams 2 and 3 of
the eastbound roadway of Span 10 were inspected; fatigue cracks were discovered
(Fisheret al 1981). In Beam 2, a crack with a depth of 0c®5 was identified. In
November 1976 during a brief inspection of Span 13, four large cracks were
observed. These cracks are about Ic8v deep. Crack lengths measurements are
summarized in Table 5.2. For illustration purpose, it is assumed here that these
measurements are from the sameknaeasuring instrument so that the dependence

of the instrument degradation can be retained. Using these crack information, the
RUL of this specific coveplate detail can be estimated.

Here, standard deviation for the model error is assumed to be T.8x1be first
measurement moment similar to the number used by Robinson (2000). Ultrasonic
inspection along with other NDT techniques was used to detect the crack size on
Yellow Mill Pond Bridge (Fisheet al 1981). At present days, one commonly used

crack size measurement technique is the ultrasonic phased array sensors. For example,
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measured crack length within a Gr2n error, which is on the order of 1xiacan be
achieved using ultrasonic phased array sensor probes (Satyanatagh@007).
Therefoe, we assume thainsm is also 1x1d. It is anticipated that as ultrasonic
sensing technique advancesssitu ultrasonic phased array sensor can achieve this
level of accuracy in the future.
Total fatigue load cycle
The average daily truck traffic (ADTydetermines the load history of a bridge. It was
reported by Fishest al (1981) that the ADTT on Span 10 has increased fr@90Bto
6,700 for the years 1958975. The ADTT estimated from weigh-motion data
collected by Connecticut Department of Tramsation is 20,692 in 2009. To simplify,
the following traffic flow model is adopted,

ADTT(i+1) =ADTT() @ r) (5.26)
The annual traffic growth rate is set to be 3.38%. Eqn. (5.26) yields the traffic loading
volume as: In 273, total number of passed trucks is 2.68x101977, total number
of passed trucks is 3.35x1®@ne loading cycle for each truck passage is adopted here.
Stress range history
In the July 1971 study, electriesdsistance strain gages were installedr@nbridges
(Fisheret al 1981). They were placed at two locations on the interior beams: One at
the midspan, the other at a location about 102 mm away from the end of the primary
cover plate. All of them were under the web on either the flange or pricoasr
plate. Also, other measurements have been done to obtain the strain history in 1973 to
1974, and in June 1976. The measurements for the highest stressed girder yielded a

Miner stress range of 13MPa (Fisher, 1984). In this study, sinoe= 3 is alopted,
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the equivalent constant amplitude stress range is equal to the Miner stress range.
According to fatigue theory, the earliest cracks usually occur at locations with the
most severe condition. They usually first initiate at the details where halerdhst
effective stress range applies. The equivalent constant amplitude stress range is set to
be 13.1MPa in this study to estimate the fatigue life.

Model updating

Bayesian updating was carried out given the two measurements in 1973 and 1976.
The MCMC method was applied to sample from joint posterior distributions of
random parametelS anday. 100,000 samples were generated for each updating. The
samples drawn foay; and C are shown in Figure 5.7. The posterior distribution for
these two parametera$ changed from the prior distribution. Comparison between
prior and posterior distribution foa, and C can be seen in Figure 5.8. For the
posterior distribution, the mean values for bajlandC have increased. This means

the initial mean values for thEarameters are smaller than the true values in this case.
Meanwhile, the coefficients of variance for both have decreased. This is attributed to
the new information flown in which reduces the uncertainty in the model parameters.
Parameter comparison isopided in Table 5.3. With the samples of the random
parameters, the fatigue crack growth curve is calculated and shown in Figure 5.9a.
Also, the fatigue crack growth curve with initial parameters distributions is plotted as
Figure 5.9b.lt is seen that theipdated crack growth curve fits the measurements
much better than the initial crack growth curve. Meanwhile, the distribution for the
estimated crack length after updating becomes narrower than the one without

updating, as shown in Figure 5.9.
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Risk analysis and fatigue life estimation

In the AASHTOSN approach, the allowabEN curve is set two standard deviations
from the mean. For normal distribution, the cumulative density functiors-afi)
equals 2.3%. In this study 2.3% is adopted as the riskptaoee level for the bridge
detail of cover plate following the research by Yazdani and Albrecht (1987). It is
expected that inspections are required at the considered fatigue detail location
whenever the failure probability reaches 2.3%. Maintenancenastialso planned at

that time based on the inspection results. After generating the samples by MCMC
simulation, failure probability curve can be calculated. Next inspection time estimated
from the failure probability curve is given in Table 5.4.

Given therisk acceptance level at 2.3%, the estimated service life before next
inspection is 26.5 years from the updated model while the estimated service life
without updating is 22.ears. This means the initial degradation model without
updating yields a consgtive prediction. As an example, Figure 5.10 plots the
distribution of fatigue crack length estimated after 30 million load cycles. Results
from both the initial model and updated models are given in the figuieseen in

this figure that the estimed crack length distribution from the initial model has a
quite heavy tail on the right side. But for the updated crack length distribution, it is
not heavy tailed. Since the risk acceptance is as small as 2.3%, given the critical crack
length, the resultig RUL estimation is determined primarily based on the 1sghe

tail of the crack length distribution. This explains why the estimated RUL from the
initial model would be smaller than that from the updated model even though the

mean value of crack lengitistribution from the initial model is smaller than that
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from updated model.

In real application, for a specific component, the true parameter values might be in
the tail of the prior distribution. If prediction is still made based on the initial
distribution, this might lead to unexpected failure, or more frequent inspection
because of false alarm. Here in this example, it leads to a more frequent inspection
schedule than the result with updated model, and thus requires additional resources.
Therefore, pdating of the model with new information from sensing system plays an
important role in better prediction of the degradation.

During long term structural monitoring, sensor itself might degrade in performance.
For example, certain types of sensors siglpiazoelectric material based ultrasonic
guided wave sensors and strain gages exhibit data quality degradation as sensors age
and deteriorate in performance. In the proposed selis@n prognosis procedure,

the example used to illustrate the conceptlIdeaith fatigue crack length
measurement, which are often done using ultrasonic guided wave sensors. This is also
verifiedi n ot her s & r e s g2009cntentioned tltat sensoCaedrddatient a |
is one among the factors causing the variance in seate@. Therefore, in the
proposed procedure, sensor degradation is modeled with sensor data quality
deterioration in terms of measurement error variance. Besides the initial assumption
of Smsm= 1x10% another measurement variance vaksigm= 2x10%is considered for

the stochastic process of measurement error.

The results from the twsmsmVvalues are compared in Figure 5.10 and Figure 5.11. In
Figure 5.10, given differerdmsm values, the PDFs for estimated crack length at Load

CycleN = 3x10 are pldted. In Figure 5.11, failure probability curves from different
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setup are plotted. It is seen in Fig@aO that the updated crack length distributions
have different kurtosis. The smaller tegsmis, the more concentrated the updated
PDF becomes. This becausemsmrepresents the uncertainty in measuremestss,

of smaller value means that less uncertainty exists in measurements, thus less
uncertainty would transfer into the updated RULs from measurements. In Figure 5.11,
we can see that,sm= 2x10% leads to a more conservative estimated RUL thasm,

= 1x10%* The updated service life farnsm= 1x10¢* is 27.4 Years while the updated
service life forsmsm= 2x10% is 26.5 Years, as shown in Figure 5.11. The results show
the effect of sensor perfoance degradation and the importance of its proper

modeling.

5.5.2 Fatigue prognosis of Yellow Mill Pond bridgéVT method
The cover plate fatigue problem is still taken as the example to illustrate the EVT
method in this section. Due to lack of continuousseerdata (largely because
technology was not available then) for fatigue crack length and availability of only
limited number of data, the crack depth data are numerically simulated using
inspection data as reference. For the sake of EVT based proghsassumed that
during the first measurement segment in 1973, the true crack depth is 9.7 mm. The
measurement error is assumed to follow stationary Gaussian process with zero mean
and standard deviation of 2. 500 sensor data of the crack depth weratathftdm
normal distribution of N(9.7, 4). Also, the histogram of the crack depth data is plotted
in Figure 5.12. The model error term is assumed to be zero here for simplicity.
Bayesianupdating of the fatigue degradation model and prognosis are tarfedc

out based on the 500 sensor data. For EVT based method, the largest 100 sensor data
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are used for updating the degradation model which yields 100 RULs correspondingly.
Updating is implemented for each measured data. For each updating, 100,000
samplesare generated for MCMC simulation. RUL values are then estimated fro

the updated degradation model. According to the monotonicity, these 100 RUL values
are the smallest among total 500 RUL values. Next, the small quantile estimation (e.qg.,
1%) can be callated using the 100 smallest RUL values. By doing so, the total
computation time can be reduced by 80%. The crack depth data and its corresponding
estimated RULs is plot in Figure 5.13.

1/RUL; is used to implement the EVT estimators following Eqns. {5t&75.20).

First, the extreme value indexis estimated, as shown in Figure 5.152.(the

estimated value ob) is calculated to be0.3234 as shown in Figure 5.14a. The
negative value here implies that the distribution for the reciprocals of RULs is not
heavy tailed. It 3 bounded on the right side. The selection of quantile in real
application needs to be justified based on either structural failure criteria or
serviceability limit states. Here, several quantile values estimated from moment
estimators are presented alonih those from distribution fitting. For example, by
substituting the 100 RULs into Eqgn. (5.17) and letpng0.005, this quantilg.oosiS
estimated to b2.5%108, as shown in Figure 5.14b. The corresponding RUL value is
thus equal to 3.88.0’. Also, several other small quantiles are calculated using the
moment estimator, as listed in Table 5.5.

For comparison purpose, distribution fitting method is also implemented. All the 500
RULs are calculated using the given 500 sensor data. Then, distrilitttromn was

performed using the 500 RUL values. Statistical regression analysis shows that as
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distribution with left boundary, lotpgistic distribution provides a good fit to the
RUL data. The PDF of the ldggistic distribution is given as Eqn. (5.2Parameters
for the fitted loglogistic distribution have the following values:= 5.8241,1 =

1.8884x10, d = 3.1321x10.

x- h 1

=TT

Qo
-0:0
O R e

o s'"2
+—X%'rh § (5.27)

Quantile estimations from the two different approaches are given ie babl All
estimations for the same quantile values have small difference (less than 3% for this
case study). The cumulative distribution curve for the fittedidggstic distribution

as well as estimated quantile values from moment estimator are pigure 5.15. It

is observed that all the quantile values are very close to each other. Therefore, it can
be concluded that the proposed EMAsed prognosis method provides a good

estimation while reducing the computation demand by 80%.

5.6 Conclusions

This chapterpresentsa sensodriven structural health prognosis procedure in which
sensor performance variation is explicity modeled in $teictural degradation
model. By modeling sensor performance using stochastic process, uncertainty
associated with sensperformance variation over time can be characterized and thus
better decision making can be made in the prognosis procedure. The prognosis
procedure is capable of using sensor data of multiple modalities to update multiple
random parameters in the stosti@ structural degradation model. Application of this
procedure to fatiguemlamagefound in the Yellow Mill Pond Bridge is used to

illustrate the procedure.

108



Because of their different characteristics (especially over the timegritieterm in

the stoclastic degradation moded divided into two stochastic error terms: sensor
measurement error and model error. Proper modeling of the sensor measurement error
is crucial to characterize thempact of sensor performanceariation (usually
deterioration) over time. From the parametric study, it is observed that sensor
degradation rate does have an impact on the prognosis result. In the fatigue
application example, different values of the stochastic model parameters for the
sensor measurement error process #ie estimated crack length distribution as well

as the predicted RUL of the fatigdetail Longterm experimental data to support the
sensor performance degradation model is thus needed.

The proposed sensdriven structural health prognosis procedoas the potential for
automated execution when implemented in modern continuous monitoring system.
Such system generates huge amount of sensor data that have not been well utilized.
However, these large amounts of sensor data can be used in the proposddrprto
provide additional dimension information about the effect of sensor performance
variationfor decision making.

The EVTbased structural health prognosis method is also presented with the aim of
reducing sensor data transmission and computingadd from prognosis. In order to

do this, moment estimator from EVT is used to estintfa¢equantile values for the

RUL of themonitored structures.

One advantage of the EMiased prognosis method is that only a small fraction
(usually < 20%) of the fulbensor data set are actually used in Bayesian updating and

RUL calculation. This is very appealing because the Bayesian updating is
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computationally demanding and thus time consuming. For example, in the example of
fatigue prognosis, fatigue crack growth aeb usually takes an implicit form which

leads to iterative computation for crack depth. Therefore, the-lE&8¢€&€d prognosis
method could save the computation time and make the prognosis more efficient
without sacrificing much accuracy.

The EVTFbased progosis method requires the condition of monotonicity between the
damage index and RUL. In this study, error term is assumed as Gaussian process. For
likelihood functions following normal distribution, the monotonicity condition is

proven forthefatigue crak growthmodel.
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Table5.1. Comparisorof sensoidrivenand NDI datadriven structural health

prognosis
Sensoidriven NDT data driven
Data collection | Continuous, or oldemand Periodic
(e.g., after natural hazard)
Dataset for Huge amount of sensor data| Very limited
updating that are continuously collecte

Decision variable

Uncertainty factorsre better
characterized.g(g., error is
derived from field measured
data, and modeled as
stochastic proceysMore
uncertainty factors can be
incorporatede.g.,
temperaturesensor
performance, etc.), which
offer additional dimension in
decision making,

Deterministic(error in
measurement and interpretati

0

is based on lab calibration test

not based on real figd
measurement)

Major factor
affecting its
accuracy

Limitation of sensor
specification (this is fixable a
technology evolves)

Technicianés
experience (too costly to fix
human error (through more

S

training and practice) and may

never be possible)

Location with Yes No
difficult access

Autonomous Yes No
Execution

Table5.2. Fatigue crack data froMDT at Yellow Mill Pond Bridge

Years Crack depth measurednf)
November, 1973 0.95
November, 1976 1.27

Table5.3. Parameter comparison between prior and posterior distributiayaoid C

ao (cm) C ((m/cycle)-(N/m”?)%)

Mean Cov Mean Cov
Prior 0.0508 0.50® 39210+ 0.6300
Posterior 0.1403 0.1953 6.43x10* 0.0518
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Table5.4. RUL predicted for the Yellow Mill Pond Bridge based on cover plate
fatigue detail in 1976

2.3% failure Initial (1958) Updated (1976)
Total Service LifgYears) 22.1 265
RUL (Years) after 1976 4.1 85

Table5.5. Comparison of estimated fatigue RUL values from moment estimator and
distribution fitting

Quantile 0.002 | 0.005 | 0.01 0.02 0.05

RUL from Moment Estimator | 4 gay | 3944 | 4.010 | 4.004 | 4.248
(load cycles x10")

RUL from distribution fitting
(load cyclesx10) 3.770 | 3.880 | 3.980 | 4.093 | 4.263

Difference Ratio 2.8% 1.6% 0.7% 0.0% | -0.4%
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Figure 5.1. Sensor driven structural progme®grocedure
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Figure 5.2. Single loop of MCMC sampling

113



1-CDF(Y,)=R%

Degradation IndexY)

tg Service Life

/

Y

t: in-service time

Figure 5.3. Schematics oRUL estimationusing a stochastic degradation model
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Figure 5.5. Schematics of fatigue details of bridgeverplate
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Figure 5.6. Fatigue prognosis for cover plate
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Figure 5.13. Crack depth data and corresponding estimated RULs
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Chapter 6: PrognosisSudy of Fatigue TestSpecimens

6.1 Introduction

In this chapter, fatigue prognosi$ three fatiguetest specimens carried out using
the proposed prognosiprocedure Prognosis with thelinear elastic fracture
mechanics (EFM) model and empirical failure model are both studiécbgnosis
usingthe fatigue testlatais first performed withthe LEFM model. Crack length data
from earlier stage with smaller valgeareusedas input to update the LEFM model
and predictfatigue crack growth Results are compared with that franaditional
linear regressiomethod Then, prognosigvith theempirical failure modeis carried
out using allmeasuredcrack length data awlable till the termination of the test.
Limitations of theempirical failure modein fatigue data fitting are discussed amd
data selection metholbased on coefficient of determination valuegieposedto

improve the goodness of fit

6.2 Prognosis usinghe LEFM model

Specimens WTJaAndWTJ2 were used for crack measurement technique training and
adjustment purposeTherefore,crack length propagation data was not k&giJ3

failed prematurely a2.1810 load cycle whichwas totally unexpected and thus n

crack measurement was performécerefore, only crack length data for three
specimens WTJ4 to WTJ6 are available for prognosis study. In this chapter, all
prognoses are done using the crack length data obtained from specimens WTJ4 to

WTJ6.
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6.2.1 Model updatig and cracklepth propagation prediction

6.2.1.1Crack length data and aspect ratio
The values of both deterministic and stochastic parameters fadty@edLEFM

model are listed in Table 6.1 and Table 6.2. The LEFM model uses the craclkadepth
as the input dateSince the crack depth is much more difficult to measure especially
at early stage, surface crack length was measured instead and crack depth is derived
from the measured crack length value using aspexified relationship named aspect
ratio. Aspect rap is defined as the ratio of crack depthhalf crack length(a/c).
According to the equati@nfor aspect ratioaspect ratio keeps decreasing from initial
value to 0.2 when the crack depdache5 percent of the tube wall thickness. After
that, the apect ratio is consideraeaba constant value of 0.2 until the failure. As for
signal support structures tested in this study, it has a relatively thin wall with a wall
thicknessT of 6.4 mm. The LEFM model is only valid for crack with a depth less
than 09T, which is 5.76 mm in this study. The corresponding crack lebgth57.6

mm. After the maximum crack lengthegceeded, the structure is consideredhave
reached its fatigue life corresponding to a critical crack length &f. @@ly crack
length d@a smaller than 57.6 mm is thus used for the prognosi®iprésenstudyof

the LEFM model

Crackdepthdata used for prognosae plotted in Figure 6.1 to 6.3 for specimen
WTJ4 to WTJ6respectively The crack length datavere firstly measuredusing a
digital microscopeThen, crack depths were derived from the crack length data based
on aspect ratio equationSince the smallest marking on tipapertape measure
placed alonghe weld toe is 1 mm for reading under microscope, the measurement

error fa crack size is within 1 mm if no cognitive bias is incurred. By assuming the
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general error term is on the same order of magnitude as the measurement error, it is
assumed to have the standard deviation of 1 for use in this fatigue life prognosis study.

6.2.1.2Model parameter distribution updating
With the crack length measurements, the distributions for the three stochastic

coefficientsC, ap, and &/c), of the fatigue growth model are updated using the
proposed prognosis procedui® specimens WTJ4 to WTJ6. Thgdated mean
values for these stochastic parameters are listed in Table Tlie mean value of
parametelC deviatesfrom the prior valueof 2.0x10" to updated value of.84x10™

for specimenWTJ4 while the mean values fag and(a/c) change a littlgall within

15% difference). This is in agreement with the findings reported by Walbridge (2005).
Their sensitivity study shows the LEFM model is mostly sensitive to paraGeter
For paramete€, many factors could impact its value such as material prepemd

it would deviate from experiment to experiment. Experiments orséale specimens

are thus important to determining relialevzalues for specific applications. Also, for
the updated mean value 6f the results from WTJ5 and WTJ6 (5.37%%Gard
6.03x10") are close to each other while tBevalue for WTJ4 (1.84x1) is much
smaller.As for the LEFM model, the largemalue C has, the fasrthe crack growth

rate becomes and the smaller the fatigue life is. Therafuseis consistent withhie
situation that WTJ4 has a fatigue life much larger than the fatigue lives of WTJ5 and
WTJ6.

6.2.1.3Crackdeph growth prediction
Figures 6.1 to 6.3 alsoprovide the crackdepth growth curve estimated with the

updated fatigue growth model fespecimendNTJ4 toWTJ6 respectivelylt is seen

from Figure 6.2 that the fatigue growth model with updated parameters is in good
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agreement with the measured craedata for WTJ5. Also, Figure 6.1 gives a good

fit for WTJ4 although the first two data points are demtt little from thepredicted
curve. This mighbe due to the measurement error since the readihg® first two
dataare small withtiny crack opening. For WTJ6, the updated curve does not capture
the crack growth trendreflected bythe measum dataas shown in Figure 6.3. This
might becaused by multiplerack initiation. As mentioned in the discussion of crack
surface features in Chapter 4, there are sedar&linitiation spots and ratchenarks
observed on the fracture surfacé/tJ6. Thisalsocause the beach marksotto be
semtelliptical. Also, the aspect ratios for these marks are comparasiwedll (0.046

0.046 0.053 due to the multiple crack initiation. Therefore, the assumed aspect ratio
equation for WTJ6 does nbbld true forthe adual crack shape. The crack did not
penetrate the tube wall thicknessfore load cycle reach&¥0000 based on beach
marks.However, using the assumed aspect ratio relationship for updating the LEFM
based fatigue crack growth model, fatigue crack woabkully penetrated the tube
wall thickness before load cycle numlidér 180,000. This caused the predicted crack
growth curve not match well with the measured data.

It is noted in Figure 6.2 that for the early stage (before 190,000 load cycle) of the
predicted crack growth curve, there are no measured data available due to the
limitation of the crack measurement technique. The updated model gives a prediction
of how crack propagation would likely be in the early stage. An updated value of
initial crack depth a is also obtainedrom model updating. Crack growth curves
corresponding to the 5%, 50% (median), and 95% quantiles are plotted in Figure 6.2.

Another thing worth noting is that theEFM basedfatigue growth model is only
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valid before the crack rehes ninety percent of the tube wall thickness when the
structure is considered to fail. However, the crack would further propagate after this
before it becomes completely unstable and load capacity drops substantially.
Therefore, the calculated fatigue eliffrom this model is more conservative in

comparison with the totalumber ofload cycleat testerminaton.

6.2.2 Discussions

6.2.2.1Linear regression
The fatigue prognosis procedure applies the Bayesian theorem and MCMC when

updating the fatigugrowth model to olain posterior distributions for the fatigue
model parameters. Another commonly used approach for determining the parameter
values in a deterministic fatigue growth modek.@., Paris Law) is the linear
regression method. It uses the-log linear form ofthe Paris law aEgn. (6.1).
log(da/dN)= mIog( HKp log(O (6.1)
The data ofda/dN and pKis used to curve fit the value ai as the slope and the
value of logC) as theintercept (Yazdani and Albrecht 1987). Sinteis usually
considered constant in updating based on Bayesian theorem, it is also assumed to be
constant i(e., m = 3.0) here dér the linear regression. Only the value®fis to be
regressed using the linear regressiéor. the initial crack depthy, it takes the mean
value of prior distribution from LEFM model assumptions.
The linear regression results fepecimensWTJ4 to WT& and corresponding
prognosis curve are presented in FiguBetd to 6.6respectively For example, n
Figure 6.5aC is obtained from linear regression. The coefficient of determination is

0.8446 and the mean square error is 0.1815. Using this regi@ssaide for the
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fatigue growth model, the crack growth curve is plotted in Figusk. &learly, the
fatigue growth curve using regressed values deviates considerably from the measured
data.Similar situations can also be observed in Figure 6.4 and Figbir&@ssible
reason for the large deviation is that small regression residual error in theglog
linear form of the Paris law equation could lead to large error in itdinear form.

6.2.2.2Comparisons
A comparison of Figure 6.2 and Figure 6.5b suggestghiibaesult from the Bayesian

method fits the measured crack data better than that of the regression method. Similar
results can also be seenin WTJ4 and WTJ6 as shown figures6.1 to 6.6 A
summary of the regression results are listed in Table. 6.8, Atsmparison of the
results between the two different methas be made by looking diable 6.4.
Conclusion can be drawn that when the regressed valu€saiod m areused forthe

LEFM based fatigue growth modehe obtained crack growth curve does fitothe
measurd data wel] evidenced by thédarge deviationbetween these twoAlso,
another disadvantage of the linear regression method comparing with the Bayesian
updatingproceduras that it can only update the parameter€ @ndm. On the other

hand, the Bayesian procedure can update any combination of stochastic parameters.

6.3 Prognosis usingmpirical failure model

In this dissertatiorstudy discussion of thempirical failure models restricted to
fatigue caseswith constant amplitude loadingnly. Therefore, it is necessary to
convert the recorded crack length datan the fatigue tesnto those with constant

amplitude | oadi ngnployedhesettaothidi ner 6s rul e i
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6.3.1 Corrected load cycle number
According totheMi n e r dMiner 1845),dhe damage induced by a single loop is
considered to be the multiplication of load cycle and the stress rianties fatigue
test load is appkd atthe end pointof the cantileveed specimenThe stressangeis
proportional to theange of the ggied moment Mi n e r 6can be applied to the
loading record and transfer it inbmnstant amplitude loadinghe equivalent loading

cyclenumbercan be calculated using Eqn. 6.2

i=k
a Ni I\/li
Ne = ile (62)

e

In Egn. (62), M; is thebendingmomentactingat the end section diietestspecimen.
Ni is thenumber ofloading cycleatthe load leveM;. Ncis the equivalentbadcycle
numberat theload levelMe.

WTJI1:

The cyclic load range wakept constant at thearly stage of the test. However, the
length of the arm from load point to the weld toe was adjusted from 1.83 m (6') to
1.52 m (5') atoad cycle noN = 560,678during the testThe moment at the weld toe
before the loading setup adjustmés taken asle. N is calculated to bé.09x10
which is smaller than the recorded value of 6.19x10

WTJ2:

The targetcyclic load rangavas increased from 22.06N to 25.08kN atload cycle
numberN = 941,700 to accelerate the test till the termioatof the test aN = 12.46
x10°. M, is chosen to be the bending moment value before the load inchaase.

calculated a€3.3%10° which is larger than the recorded total load cycle of 12.46
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x10°.

WTJ4:

Displacement control mode is usloughout theéest The target displacement of the
actuator kept constanft the final stage of the crack propagation, tending
stiffnessof the tube decreased due to large créigace theappliedmoment dropped
at the final stage of loading although displacenpamtimeters are kept the sarmbe
corrected total load cycle numbégis 5.78x10 while the recorded total load cycle is
5.82x10. The differenceis less tharl% of the fatigue life of WTJ4.

WTJ5:

The target loading was kept constant throughout theNgsguals the recorded value.
WTJ6:

Beach marking method is used, two load ranges are appl&dg the bending
moment value for théarger load range aBle, the calculatedequivalent total load
cycle numberNe is equalto 3.40x1G which is smaller tharthe total loadcycle of
3.55%10.

One notable thing is thaftar transformingthe crack length recordébr all specimens
into equivalent constant loading condition, the rasgltatigue life N still varies a
lot from specimen to specimen even though Ilsimmoment is appliedThe
equivalent load cycle is also named corrected load cycle fabte 6.5lists the
corrected fatigue life for all six specimens.

For comparisonpurpose, boththe uncorrectedcrack growth curve from direct
measurement and tleerrectedcrack growth curve arghown inFigure 6.7t is seen

that for WTJ4, the two curves overlapch otheexcept for the final stage when the
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load range started drpmg due to cracking. For WTJ5, they are identical since the
load range is kept constaall the time. For WTJ6, the two curves started to deviate

from each other when beaatarking loadingstarted

6.3.2 Data segment selection method
One feature of theempirical failure models that the growth rate of the modeled
degradation pross should be mnotonically increasing. However, in riggl the
crack growth ratenight slow down occasionally due to various reasons, for example,
reduced fatigue load rangk such cases, multiple acceleration stages could happen
during the fatigue crack propagatipnocess. Under such condition, it is preferred
that the data set is divided into several segments and the empirical failure model is
updated for the stages with monotonically increasing rate bnlyrder toautomate
this in prognosis practicea data sedction method based on the coefficient of
determination ) is proposed in this study.
For data set with monotonically increasing rate, genenadlseasing numbeof data
pointswould improve thegoodness ofit for the updated modeTherefore the R?
value would get closer to 1when more data points become availabBmall
fluctuation might existn R? values due to the uncertainty and noise in the measured
data and the degradation procegst no significant drop o value shoulchappen
However, ifdeceleration in the measured data is observed, the goodness of fit of the
empirical model to the data set would also deteriorate which will be reflected as the
sudden dropof R? value. In this study, adata selection procedure based on this
observation igroposed. A flow charllustrating this procedure is shown Figure

6.8. With each data point taken in and the Bayesian updatiegutedthe R valueis
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examined toseeif a new acceleration staggarts If a relaively large drop ofR?
value occurs it is corcludedthat a new acceleration stage begins andpedivious
data points ardiscarded The selection o& small constant valugin the criterionis
to avoid misinterpretation oflata fluctuation (e.g. caused by noisepto new

acceleration stag

6.3.3 Prognosis result without data selection

In order toperform prognosisusing the empirical failure modelinitial estimaed
parameter values for the modehve to be provided as the prior distributi@ne
thing tomentionhere is thathe load cycle ambert; applied to the empirical failure
model is the load cyclsince the first measuremetit representshe time interval of
the crack propagation at final stagend a relation exits betwedailure timet;and
total fatigue lifeT; asgivenin Eqn.(6.3)

T =t . (6.3)
In Egn. (6.3); denotes the load cycle at the first measurement.
In this study, ihear regression is applied tme crack length data afpecimensVTJ4
to WTJ6 todetermne the initial parameter values fax, o9, andt;. In practice, initial
values can be derived from similar applications with recorded @am.results are
listed in Table 6.6. The mean vatuand standard deviation are calculated utsnmegr
regression resudfor the three specimens
The distribution of 9;, 2, and t; are updated using crack measurements for each
specimenusing theempirical failure modebased prognosis procedurehe error
term in the general degradation model is still assumed to follow normal distribution

with zero mearand standard deviation of 1, which is the same as those of the LEFM
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model. Each time a new data point is obtained, updatingeidormedusing all
available datawithin the current data segmeand a new set of updated parameter
valuesarecalculated Thefatigue life T; with updated; valuesfor specimensVTJ4to
WTJ6 are givenn Figures 6.9, 6.11 and 6.13 respectivelilso, thecorresponding
coefficients of determinatiorRf) for all three specimens are plotted in Figuelo,
6.12, and 6.14 respeetly.

Figure 69 shows that for WTJ4, the estimatd¢ convergesnear load cycle
numberN = 5.35x16 with an estimatedT; equal t05.78x10 cycles. This is very
close to the corrected load cycle at test termination whistY6x10. In this case, the
empirical failure model basegdrognosis method is able to gigemeearlywarning
before thecompletestructuralfailure. For WTJ6,T; also converge as early as around
2.5x10 cycles as shown in Figure 6.13 while the load cycle at test termination is
3.4x10, leaving a remaining fatigue life of 9x16ycles before complete failurBor
WTJ5, however T; fluctuatesto some extent in the updating process,shown in
Figure 6.1. By looking at he R? plot for WTJ5 in Figure @2, it is seerthat a
sudden decasein the R? value occurs inbetweenN = 2.8x1¢ and N = 3x10.
Meanwhile, the R? value at later stage of the prognosis for WTJ5 is around 0.95
which is smaller than th& value for WTJ4 and WTJ6This indicates thathe
empirical failure modetioes noffit the whole data setf WTJ5well. By looking at
the crack growth curvéor WTJ5in Figure 6.7, it can be seen that therasts a
deceleration stage for crack propagatisnundN = 3x1C. This coincides with the
sudden drop of th&? value.In order tomake theempirical failure modeapplicable

to WTJ5,thedata selectiomethodbased ori? needs to be applied.
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6.3.4 Prognosis result with data selection
The prognosisor WTJ5 isperformed again, but augmented witle R data selection
method.The constantvalue ofdis set to be 0.03 based on some tests. For different
application, this value might vary. A = 3.0169x16 there is a sudden drop f&¢
value. Therefore, according to the procedure presented in the flowchart shown in
Figure 6.8, all data befe N = 3.0169x16 are discarded Updatingis implemented
using refreshedlata points collected after thabint The variation of R in the
updating processs shown in Figure 65a. It is seenthat theR? value gradually
increases and approaches 1. Theesultis shown in Figure 68b. Comparingthe
results inFigure 6.Bb with Figure 6.1, it can be observed thdk converges in
Figure 6.Bb. A comparison of the curve fitting result betwdkeaupdating with and
without data selection is shown in Fig@d6a and b It can be clearly seen that with

the data selection, the prognosis method gives a better fitting.

6.3.5 Discussion
Prognosisusing theempirical failure modeis able toprovide a good estimation for
thefailure timet;. As an explicit parametethe failure time; is directly obtaired from
updatingof the empirical failure modelising measured data. No definition of the
limit state is neessaryn comparsonwith the prognosis based on LEFRKbdel
Onelimitation of the empirical failure models thatit can only fit he deterioration
processwhich has monotonically increasingrowth rate.In real applicationthe
growth ratemight not bemonotonic In orderto make the empirical failure model
applicable to such casesdata selection methad proposed which can determine the

part of the collected datuitablefor model updating and prognosise The data set
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of WTJ5 from the tubular fatigue test is used as an example to demonstrate the data
selection methodwith the data selection methodgtempirical failure modebased
prognosis method is demonstrated to be abladll a good estimatef ahe fatigue

failure timet; for weldedtubularjoints fatigueapplications.

6.4 Fatigue life comparisons

AASHTO gives the fatigue lifequation as Eqgn. 6.3ccording to AASHTO, the test
specimes fall into fatigue category ‘Bvith A = 1.28x13% mis usuallyassumed to be
equalto 3.

N=A &I (6.4)
The calculated fatigue lives for WTJ1 to WTae listed in Table 6.7. The
corresponding stress ranges are equivalent stress raxyapgolatedrom the time
history of the measured nominal strain. Also listed in Table 6.7 are the load cycles at
test termination. Since all tests are terminated atithe whersurfacecrack length
along the welding toés at least 20cm. It is consideredhat the load cycle at test
termination should be close to the tfadure load cycle Table 6.7 shows thaof all
six specimens, the estimated fatigue lives gdtign. (64) aremuchsmaller than the
load cycle at test termination. Figure 6.17 presents the load cycle at test termination
for the six specimens in 8l chart together with test results for simitabular joints
by others (Archer and Gurneyl970. In the figure it is clearly seenthat the test
results fall betweefatigue categoryC and categor{, whichare in good agreement
with the experimerat resuls on similar specimenisy Archer and Gurney1970.
Another thing worth noting is that the fatiglies for the six specimens are widely

scattered. The large dispersion observed in the fatigue crack development makes
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fatigue monitoring an important tool for predicting structural failure caused by fatigue
cracking.

Table 68 lists the estimated fatigukfe from both LEFM model based prognosis and
empirical failure model based prognosis. It can be observed that the estimated fatigue
life using empirical failure model is quite close to the load cycle at test termination
(difference less than 1%). Howeyéne estimated fatigue life based on LEFM model

is always smaller than the load cycle at test termination (50% to 80%). This is
explained by the limit state function defined for the LEFM based prognosis method.
In this study, penetration of 90% of the Whickness is defined as the limit state and
the corresponding crack length is about 5.8 cm. However, in fatigue test, the crack
could keep propagating along the weld toe well over 20cm without collapse. One
thing to note is that although the empiricaluiee model based prognosis is able to
obtain an accurate estimation of the failure time, it can only converge to the accurate
estimation at later stage when less than 10% of the fatigue life remains. Still, it has
the potential of complementing the currdatigue life prognosis method and can

provide earlywarning to avoid catastrophic structural failure like collapse.

6.5 Conclusions

Crack length data frorfatigue test of weldedubular joint specimensare used for
demonstratinghe application of twoprognais procedurgbased ordistinct fatigue
growth models the LEFM model and thempirical failure model The proposed
prognosis procedureas certairadvantageovertraditionallinear regression method
First of all,it is capable of multparameter updatg. Also, the updated model fits the

data better than that from the linear regression. By applying the prognosis procedure
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based on LEFM modelhaupdatedatigue model is made availalfier predicing its
fatigue life.

Using the stochasticEFM model, itis found that the crack growth curft®m the
updated model agrees reasonably well \ilitnmeasured data. Updated distributions

of the stochastic paranegs such as thgaraneter C, initial crak depthag and initial

crack aspect rati(a/c), are obtaind for three specimens and they are compared with
the deterministic values @ regressed using traditional approach fromdblN vs.

LXK dataset. This adds to the knowledge on the fatigue behavior of welded tubular
joints in signal support structures. bigithe updated stochastic fatigue growth model,

a continuous crack growth curve can be established. This can be used for
understanding how fatigue crack propagant its earlydevelopmenstage, when the
crack is still too small (e.g., crack length 1mm) to measure with current
instrumentation technique.

Prognosis based on LEFM model leads to conservative ré50fs to 80% of the

load cycle at test terminatiodyue to theselectedimit statedefinition. However, for
theempirical failure modebased pognosis, its estimated fatigue life is quite close to
the loadcycle at test termination (less than 1% difference). The limitation for
prognosis based on this model is that itmestly applicable tdhe final stage of
fatigue crack growth and thus hasless margin for safety and possible preventive
action However, i main application is to providearlywarning signal before

catastrophic strctural failure.
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Table6.1. Deterministic parametgof fatigue gowth model

Tube wall | Weld toe fo\é)vtelr(ijnt half plate DOB
thickness angle Ien%th width m (degree of
T (mm) qg() L, (mm) b (mm) bending)
6.4 45 6.4 200 3.0 1
Table6.2. Stochastt parametes of fatigue growth model
c Initial crack Initial crack
_ _3/2m depthag aspect ratio
((mm/cycle)-(N/mrit'?) (mm) (a/ch
Prior mean value beforg 2 00x10%3 0.2 0.5
updating
Updated mean value, 4
specimen WTJ4 1.84x10" 0.1662 0.4899
Updated mean vae, 4
specimen WTJ5 5.37x10" 0.1860 0.4879
Updated mean value, 6.03x10 0.1867 0.4901
specimen WTJ6
Table6.3. Linear regression result
C ((mm/cycle)-(N/mi?9)™ | s(mean square error R
WTJ4 2.4510" 0.1633 0.8695
WTJ5 4.09x10" 0.1385 0.8446
WTJ6 2.0410™ 0.2496 -0.2160

Table6.4. Comparison of the regressed result witbdelupdatingresult

C ((mm/cycle)-(N/mriv 9™ m

Prior 2.00x10" 3
[ | s ;
D ——— 2
T8 e o 3
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Table6.5. Correctedoad cyclenumberu s i ng Mi

ner 6s

Specimen Recorded total load Correctedoad Correspondent loading

cycle k10°) cycleNe (x10°) | moment range (kN-m)
WTJ1 6.19 6.09 39.53
WTJ2 12.46 13.38 33.06
WTJ3 2.18 2.13 39.20
WTJ4 5.82 5.76 39.74
WTJ5 3.90 3.90 39.68
WTJ6 3.55 3.40 39.55

Table6.6. Updated stochastjgarameters fothe empirical failure model

Parameter| WTJ4 | WTJ5 | WTJ6 | mean | st | cov | DiStibut
on Type
% 766 | 810 | 512 | 696 | 1.61 | 0.23 Logglorm
% 96.56 | 100.87 | 67.95 | 88.46 | 17.89 | 0.20 Logglorm
s 137,281 198,847| 232,551 | 189,559| 48,309| 0.26 | Normal
Table6.7. Fatigue life data destspecimen
Nominal stress Estimated fatigue| Load cycle at test
Specimen rangeat weld toe | life from AASHTO termination
(MPa) (x10° cycles) (x10° cycles)
WTJ1 111.04 0.93 6.19
WTJ2 111.10 0.93 12.46
WTJ3 125.00 0.66 2.18
WTJ4 127.70 0.61 5.82
WTJ5 125.70 0.64 3.90
WTJ6 11694 0.93 3.55
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Table6.8. Fatigue lifeestimationdor specimen®VTJ4, WTJ5 anWTJ6

Mean value of

Correcteddad Mean value of . .
| . d fati estimated fatigue
Specimen cycle at test estimated Tatigue life (Empirical
termination life (LEFM model, .

failure modelx10°
(x10° cycles) x10° cycles cycles
WTJ4 5.78 4.74 5.78
WTJ5 3.90 2.77 3.90
WTJ6 340 1.68 3.52
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Figure 6.1. Predicted crack growth curve for WTJ4
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Figure 6.2. Predicted crack growth curve for WTJ5
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Figure 6.3. Predicted crack growth curve for WTJ6
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Figure 6.4. (a) Linear regression of fatigue growth model parameter&réajicted
fatigue crack growth prognosis using linear regression data from WTJ4
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Figure 6.5. (g) Linear regression of fatigue growth model parameter®i@jicted
fatigue crack growth prognosis using linear regression data from WTJ5
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