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Load hold at peak stress can drastically reduce the fatigue life of Ti-6Al-4V alloys, a phenomenon known
as dwell-fatigue life debit. Unlike normal fatigue, dwell-fatigue exhibits a characteristic three-stage strain
accumulation curve: an initial rapid strain increase (primary), followed by a steady strain-increase (second-
ary), and finally an accelerated stage leading to failure (tertiary). In the current study, flat specimens made
out of three distinct microstructures of Ti-6Al-4V alloys were subjected to uniaxial fatigue load with
120-second peak stress hold and 0.1 load ratio with real-time acoustic emission (AE) measurement. The
microstructures, namely, equiaxed, bimodal, and lamellar, were tailored through different heat treatment
procedures. Bayesian statistical analysis of AE data enabled both the detection of stage transition points
using Markov chain Monte Carlo (MCMC) simulation and the selection of strain accumulation models
through replica MCMC method. The results demonstrated that two change-points detected showed strong
correlation with the transitions in the creep-like three-stage curve of strain accumulation. The strain accu-
mulation behavior was successfully predicted using AE parameters. Furthermore, average frequency

proved crucial in monitoring the beginning of dwell-fatigue process.
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1. Introduction

Titanium alloys are widely used in deep-sea equipment,
aerospace components, and biomedical applications due to
their superior properties, including high strength, excellent
fatigue and creep resistance at elevated temperatures, favor-
able strength-to-weight ratio, high corrosion resistance, and
biocompatibility."” Among various titanium alloys, Ti-6Al-
4V is particularly significant, representing more than 50%
of the worldwide titanium production.”> Components manu-
factured from Ti-6Al-4V alloys frequently operate under
demanding thermal and mechanical conditions, including
cyclic loading and load-holding at high stress levels."” A
drastic reduction in fatigue life due to load hold, termed
dwell-fatigue life debit, has been widely reported in Ti-6Al-
4V alloys."*? Unlike the limited strain accumulation in
conventional fatigue, dwell-fatigue exhibits significant
time-dependent strain accumulation.” This strain evolution
typically follows a characteristic three-stage pattern similar
to creep behavior: an initial primary stage with decreasing
strain rate, followed by a steady-state secondary stage, and
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concluding with an accelerating tertiary stage leading to
failure."””

Acoustic emission (AE) refers to the phenomenon of
sound or ultrasound wave radiation in solids resulting from
a sudden release of energy. These energy releases can origi-
nate from various sources, including plastic deformation,
crack initiation and propagation, and phase transformation.
The generated elastic waves are detected by piezoelectric
transducers attached to the solid surface.'®'® AE analysis
typically involves characterizing individual events through
signal parameters. Waveform extraction is performed using
a threshold-based approach, with each extracted waveform
considered an independent event.'™'? Common AE param-
eters include amplitude, count, duration, rise time, energy,
and various frequency characteristics.'>!*!>)

Leveraging the real-time monitoring capability of AE,
researchers have attempted to monitor fatigue processes in
metallic materials. Particular emphasis has been placed on
predicting fatigue life through AE analysis, often establish-
ing empirical correlations between AE parameters and crack
growth behavior.'>!'*!9 Roberts and Talebzadeh proposed
a relationship between AE count rate and crack growth
rate.'"¥ Yu et al. later argued that cumulative absolute energy
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rate provided more suitable predictions than count rate.'®

Shiraiwa et al. further advanced this approach by proposing
crack growth models as the sum of power terms of mul-
tiple AE parameters, with optimal models selected through
Bayesian inference. These multi-parameter models dem-
onstrated superior accuracy compared to single-parameter
approaches.'?

Despite extensive AE research in conventional fatigue,
studies on dwell-fatigue of titanium alloys utilizing AE
analysis remain limited. McBagonluri ef al.'” demonstrated
a linear relationship between counts/energy and time during
dwell-fatigue of Ti-6242, suggesting crack initiation in the
first cycle with crack propagation as the primary deforma-
tion mechanism throughout the remaining dwell-fatigue life.
However, their study lacked AE data filtering to eliminate
noises, which was considered a crucial part in dealing with
AE data.'"*'®'"® Another research carried out by J.E. Hack
and G.R. Leverant' attempted to use AE for detecting
cracking during dwell-fatigue, but detected only three events
with minimal analytical discussion. To address this lack of
comprehensive AE research on dwell-fatigue, this study
aims at developing a novel Bayesian statistical framework
for monitoring the substantial strain accumulation during
dwell-fatigue of Ti-6Al-4V alloys. The framework includes
change-point detection dividing strain accumulations into
three stages and the selection of optimal multi-parameter
models for predicting strain accumulation based on AE data,
both of which will be achieved by Markov chain Monte
Carlo (MCMC) simulations.

2. Materials and Methods

2.1. Materials and Heat Treatment

A commercial Ti-6Al-4V sheet, provided by Tokyo
Titanium Co., was used in this study. The chemical compo-
sition is shown in Table 1.

The as-received material served as one microstructure
type (designated as EQ). Two additional heat treatment pro-
cedures were applied to the as-received material to achieve

different microstructures, as shown in Fig. 1. Annealing
below S-transus (900°C) followed by air cooling (AC)
generated bimodal structures (designated as BM). For fully
lamellar structures (designated as LM), the material was
annealed at 1 010°C for 3 minutes, followed by 10 minutes
of furnace cooling (FC) and subsequent air cooling. All
samples (EQ, BM, and LM) underwent final tempering at
700°C for two hours.

Microstructural observations were conducted using a
laser microscope (LEXT OLS4000, Olympus, Japan).
Specimens from both heat treatment conditions and the as-
received state were mechanically polished up to #4000 grit
sandpaper, followed by final polishing with 0.05 um oxide
polishing solution. The polished specimens were then etched
in a mixed solution of 8% HNO; (nitric acid) and 2% HF
(hydrofluoric acid) for 10 seconds to reveal the microstruc-
tures. Moreover, electron back-scatter diffraction (EBSD)
measurements were performed to further characterize the
microstructural information of each condition. Specimens
were prepared by final polishing with colloidal silica sus-
pension for more than 5 hours. EBSD data were collected
using a Schottky field emission SEM (JSM-7900F, JEOL,
Japan) equipped with an EBSD detector (Symmetry, Oxford
Instruments, UK).

2.2. Mechanical Test Methods

Fatigue tests, including pure fatigue and dwell-fatigue
tests, were conducted on dog-bone shaped specimens with
the geometry shown in Fig. 2(a). All mechanical testings
were performed using an electrohydraulic servo fatigue test-
ing machine (Servopulser S0kN, Shimadzu, Japan), with the
experimental setup illustrated in Fig. 2(b). The tests were
conducted with simultaneous in-situ surface observation and
real-time AE measurement.

The in-situ surface observations served two purposes:
macroscopic strain measurement and surface crack tracking.
Surface imaging was conducted using a digital microscope
(VHX-5000, KEYENCE, Japan) equipped with a long-
focal-distance zoom lens (VH-Z50L, KEYENCE, Japan,
50X-500X) mounted on a 3-axial moving stage, as shown in
Fig. 2(b). The X-stage movement for auto-focusing was con-

Table 1. Chemical composition (mass%) of Ti-6A1-4V alloy used .
in this study. trolled by a 3D measurement unit (VHX-S15C, KEYENCE,
Japan), while Y- and Z-stage movements were regulated
Al \Y (0) Fe C N H Ti -
by a 3-axial controller (QT-ADM3, CHUO-SEIKI, Japan).
6.00 406 011 015 002 0006 0005 Bal A programmable controller (KV-5000, KEYENCE, Japan)
1010 2C / 3 min. @ 2grain
F( B orai
_/J\‘ » LM O B grain
4 0 o {3 colony
E Otransus 700 °C / 45 min.
900 °C / 45 min. ﬂ A(‘& AC
w—p BM .,,,
—» EQ
Recrystallization & Cooling Tempering
Fig. 1. Heat treatment procedures for three microstructures: equiaxed (EQ), bimodal (BM), and lamellar (LM). AC

standing for air colling, FC representing furnace cooling. (Online version in color.)
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Fig.2. (a) The geometry of the flag dog-bone specimens. (b) A schematic illustration of experimental setups. (c) An
example demonstrating the macroscopic strain measurement. (Online version in color.)
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Fig.3. Load waveforms for (a) pure fatigue and (b) dwell-fatigue tests.

coordinated the sequential operation of all components
based on our customized timing protocol. Specifically, the
controller received signals from the servo controller at pre-
determined intervals to initiate surface observations during
testing.

Regarding the macroscopic strain measurement, reference
marks were made at both ends of the reduced section for
strain measurement. An example is shown in Fig. 2(c). The
images were captured before and during testing for tracking
the reference marks. In detail, strain evolution throughout
testing was calculated by tracking the positions of these
marks using MATLAB’s Video Labeler application.

For AE measurements, two AE sensors (R-CAST
M304A, FUJI Ceramics, Japan) with a resonance fre-
quency of 300£20% kHz were attached in the vicinity of
the reduced section. The detected signals were amplified
through pre-amplifiers (A1002 Preamp, FUJI Ceramics,
Japan) and recorded by a continuous waveform memory
(CWM) system. The CWM system enabled post-filtering
of the signals, eliminating the risk of data loss due to
inappropriate pre-set thresholds.”” AE measurements were
conducted exclusively during dwell-fatigue testing with a
sampling rate of 5 MHz.

For pure fatigue testing, sinusoidal waveform loading was
applied to the specimens, as shown in Fig. 3(a). The load
ratio and frequency were set to 0.1 and 20 Hz, respectively,
for all tests. Multiple tests at different stress levels were
conducted on each microstructure to establish S-N curves,
with the applied peak stress conditions summarized in Table
2. These stress levels were determined based on the results
of preliminary tensile and fatigue tests for each microstruc-

Table 2. Summary of maximum stresses for pure fatigue tests
(unit: MPa).

Microstructure Load 1 Load 2 Load 3 Load4 Load 5 Load 6 Load 7

EQ 790 830 870 890 - - -
BM 790 810 820 830 860 - -
LM 770 785 800 805 825 830 860

ture and were selected to cover a range of fatigue lives and
to enable a comparison of dwell-fatigue behavior among
the different microstructures under similar pure fatigue life
conditions. Surface observations during pure fatigue testing
were limited to single image captured every 500 cycles at
50X magnification to shorten the load hold at peak stress,
minimizing the dwell-hold effects. AE measurements were
not conducted during pure fatigue testing as the focus of AE
in this study was on dwell-fatigue monitoring.

For dwell-fatigue testing, specimens were subjected to a
trapezoidal waveform with a 120-second hold at peak stress,
as shown in Fig. 3(b). The loading and unloading times were
each 2 seconds, and the load ratio was maintained at 0.1.
Due to the time-intensive nature of dwell-fatigue testing, a
limited number of tests were conducted: two stress levels
for EQ (870 and 790 MPa) and LM (805 and 785 MPa),
and one stress level for BM (820 MPa). During each load
holding period, a series of 14 photos (2-by-7 array) were
captured at 400X magnification. These images were subse-
quently stitched together for macroscopic strain measure-
ment and crack analysis. AE measurements were conducted
for one test condition per microstructure: EQ at 870 MPa,
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BM at 820 MPa, and LM at 785 MPa.

3. Analytical Methods

3.1. Extraction and Filtering of AE Events

Two filtering processes were applied to the AE data:
spatial filtering and noise filtering. For spatial filtering, a
one-dimensional AE source location was assumed, and
only events occurring within the reduced section (between
two AE sensors) were retained. The filtering criteria were
established through pencil lead breaking tests conducted
outside the reduced section prior to dwell-fatigue testing.
These calibration tests demonstrated that AE events from
pencil lead breaks hit the sensors sequentially, with a time of
arrival (TOA) difference of 3.3+0.3 us. Consequently, AE
events during dwell-fatigue testing with TOA differences
exceeding 3.3 us were filtered out.

Noise filtering was implemented to eliminate machine-
induced interference. Continuous background noise was
removed using a 47 dB threshold. Additionally, transient
noise signals, typically below 60 dB, were observed in
the 10-second period before unloading. To address this, a
higher threshold of 60 dB was applied specifically during
this period.

3.2. MCMC Detection of Change-points
3.2.1. Poisson Process Based Model

Change-points dividing the dwell-fatigue process into
distinct stages were detected using a Poisson process model,
following approaches similar to previous studies.''? The
model parameters were determined through MCMC sam-
pling. The analysis considered the time of arrival (TOA) of
AE events {f1,t,....tpti+1,--.,ts} and the intervals between
consecutive TOAs {1,7,...,T...,Ts—1} during dwell-fatigue
testing as successive time-series data, where S represents
the total number of filtered events. Based on the assumption
that AE events from different sources exhibit distinct activ-
ity levels (i.e. A) within particular stages, the occurrence of
events within each stage was modeled as a unique Poisson
process. Therefore, the models with m change-points (and
m+1 stages) can read as follows:

P(Ti): Y )
A, Cy<t; <C
A=<, Ci<t; <Cy (2)
lm+1 5 Cm <t < Cm+l

where Cy and C,,+1 are the beginning and end of AE record-
ing, C1,Cy,...,C,, are the change-points between them. p is
the probability of waiting time. A schematic is shown in
Fig. 4.

The posterior distribution of the model parameters was
determined using Bayes’ rule:

p(9,~ ID) _ p(DI1 9,)p(9,)
> pD16)p(6;)
where 6, represents the model parameters to be sampled. Previ-
ous studies'"'? treated both the change-points {Cy,Ca,...,Cp}
and the activity levels {Ai,A2,...,An+1} as independent
parameters of the model. However, the potential correlation

© 2025 ISIJ

Time Intervals: T; nj events

¥
+eei—eeeie——eoe o |

CO Cl Cl Cf+! Cur CnH— 1

AE events

Fig. 4. Schematic of the Poisson process based change-point mod-
els. (Online version in color.)

between these two sets of parameters remained unexplored.
Given that strong correlations among sampled parameters
can impact MCMC performance,”” an investigation of
parameter correlations was warranted.

For the likelihood function definition, consider the j-th
stage between chang-points C; and Cj,;, containing n; AE
events with i; as the first event within this stage. The likeli-
hood of the j-th stage is defined as:

i=ij+n; i=ij+n;
Li=in [ Aie™™™ =njlndj=2; Y 7 e 4
i=ij i=ij
To maximize the posterior probability according to Bayes’
rule, we maximize the likelihood function. The maximum
value occurs when the derivative of L; with respect to 4,
equals zero:

i=ij+n;
8Lj n;

_— z Ti = 0 ........................ (5)
This yields:

A = o tm e (6)

Z. T
i=ij

Since the AE time-series data is fixed, both n; and i; re deter-
mined by the change-points C; and Cj,;. Consequently, 7,
and i; are functions of C; and C;,, making /; is a function
of these change-points as well.

The total likelihood of the model is therefore the sum of
individual stage likelihoods:

Jj=m+l1 i=ij+n;
L=Li+1L,+..+L, = Z {njlnlj —lj Z T,‘] (7)

Jj=1 i=ij

where A is given by Eq. (6).

3.2.2.  Sampling Algorithm

The Metropolis-Hasting (MH) algorithm was employed
for MCMC sampling to detect change-points. The sam-
pling procedure began with establishing initial parameters
0° = {CIO,CQ,...,CS,}. Since a converged Markov chain
reaches the same stationary distribution regardless of initial
states,”” the initial change-points were simply distributed
uniformly across the duration of dwell-fatigue testing.

The candidate parameter set 0" ={C/,C5,...,C,,} was
generated using a proposal density based on the current
state 0%, Specifically, each new change-point candidate C;
was drawn from a normal distribution (qf) centered at C,’-C
with standard deviation o. The sampling process for C; was
proposed repeatedly until was repeated until the candidate
fell between adjacent change-points C}; and Cj,;. During
the burn-in period, o remained constant at 6y. Subsequently,
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o was “quenched” with temperature 7, to accelerate con-
vergence. The standard deviation o at step & was given as:

Oo 5 k< Kbumfin

c = k- Khum—in

, otherwise
T‘I

O'Oexp(—

The next step involved determining whether to accept the
candidate 6*. The acceptance ratio A was calculated based
on the detailed balance condition:

L(6")o(6107)
L(6*)o(0" 16")

where L is the likelihood given by Eq. (7), O(6* | 0" rep-
resents the product of normal distributions (qf) with Cj
as mean values, and Q(le 6*) represents the product of
normal distributions (g;) with C; as the mean values. The
acceptance ratio A was compared with a random number
u drawn from uniform distribution U(0,1). The candidate
was accepted (8°"'=0%) if A>u, and rejected (6""'=6%)
otherwise.

The process then continued by incrementing & and return-
ing to the second step until the desired number of iterations
was achieved.

Based on previous studies showing that strain accumu-
lation exhibits characteristic three-stage behavior during
dwell-fatigue,”* change-point models with two change-
points were evaluated to determine stage transitions. AE
events from the first and last cycles were excluded from
the analysis due to intense acoustic activity associated with
initial deformation and final rupture. Including these highly
concentrated AE events would effectively create additional
stages at the beginning and end of the test, potentially
obscuring the underlying three-stage behavior of interest.

.A(O*,Ok):min

(a)

0.07241 . 0.09282

0.1308

0.07241 1

Amp., [dB]

[

0.09906
1
0.09282 0.02879 1

Amp., [dB] c, [] Ris., [;18] Dur., [;:s] Pk., [kHz]

Dur., [#s]  Ris., [us]

Pk., [kHz]

Ave., [kHz]

3.3. MCMC Prediction of Strain Accumulation from
AE Parameters
3.3.1. Selection of AE Parameters and Proposed Model
Candidates

Following the identification of distinct stages in dwell-
fatigue behavior, strain accumulation rate was modeled
using selected AE parameters. The first step involved iden-
tifying AE parameters with minimal correlation to ensure
model robustness. Correlation coefficients were calculated
among six AE parameters: count, amplitude, duration, rise
time, average frequency, and peak frequency. Analysis
revealed high correlation between amplitude and both count
and duration; therefore, amplitude was chosen as the repre-
sentative parameter. Figure 5(a) illustrates the correlation
among AE parameters from BM dwell-fatigue testing as
an example.

Four parameters (o) were selected to construct strain
accumulation rate models: amplitude (4mp.), rise time
(Ris.), peak frequency (Pk.) and average frequency (A4ve.).
These parameters were denoted by subscripts 1 to 4 in
sequence. hese parameters were sequentially denoted by
subscripts 1 to 4. The following 15 model candidates were

. . . de
considered for the strain accumulation rate ( N ):

log(;—;}j = z dic; (Oli )m' ................. (10)

i=1,2,3,4

where ¢; are binary indicators (0 or 1) denoting the inclusion
of corresponding AE parameters in each model, as shown
in Fig. 5(b).

Since strain accumulation was measured per cycle while
AE events occurred at irregular intervals, a cycle-based rep-
resentation of AE data was necessary. For cycles containing
multiple AE events, the maximum values of AE parameters
were selected. Linear interpolation was applied to cycles
without AE events. Moving averages were then calculated
for all parameters, followed by normalization, to generate
a representative AE dataset for strain prediction modeling.

S
a a; ay @y
0.9
Model 1 =
0.8 Model 2
o Model 3 -
Model 4
0.6
0.08518 Maodel 5
{05 Model 6
104
Model 13
103 Model 14
102 Model 15
0.1 a: Amp ay: Ris.
as: Pk, ay: Ave
L=0

Ave., [kHz]

Fig. 5. (a) Heat map with correlation coefficients indicated, example taken from BM dwell-fatigue test. (b) Parameter
combinations for the 15 strain accumulation rate model candidates. (Online version in color.)
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3.3.2. Replica MCMC Algorithm
The MCMC simulation aims to minimize the error func-
tion E(6):

n

3 (=1 (x:0))

i=1

1

2n

where 6 is noise variance, n is the number of data points
(equal to the number of cycles), y; is the observed value
(normalized logarithmic strain rate), and f(x;0) represents
the prediction given by Eq. (10).

A modified approach, the replica MCMC algorithm,
was employed to address local minima issues and improve
model selection accuracy.”” This method introduces an
inverse temperature 3 ranging from 0 to 1. The posterior
distribution under temperature f3; could is defined as:

E(0)

where E(6)) is the error function under temperature 3, @(6))
is the prior probability and Z(D) he normalization constant
(evidence). The temperature 3, was defined as:

- 0 , 1=1
B 1.5 otherwise

Low-temperature (f approaching 1) converge rapidly but
are susceptible to local minima, while high-temperature
chains (S approaching 0) converge slowly but better explore
the parameter space. States 6, and 6., are exchanged fol-
lowing a procedure similar to the MH algorithm, with
exchange ratio:

r= min{exp(%(ﬁm - B )(E(OM)—E(O, )),1} ..(14)

For each Markov chain at constant temperature, the sam-
pling process followed the MH algorithm, but with uniform
distributions (centered at current values with half-lengths D,
and D,, for parameters C and m, respectively) as proposal
densities.

A key advantage of replica MCMC is the straightfor-
ward calculation of stochastic complexity F=—log(Z(D)),
which serves as the model selection criterion. The model
with minimum stochastic complexity is considered optimal.
The stochastic complexity is computed as:

F

~log(Z(D))

(et} (rpsstocn] o (osstonn)-( ot
I +[<§ﬂ25(ﬂz )>—<§ﬁ15 (@ )ﬂ

~S (- @)

I=1

where =1, $i=0 and <l2E (6 )> is computed directly
c

from each chain.

4. Results and Discussion

4.1. Microstructures after Heat Treatment

The microstructures of as-received and heat-treated sam-
ples are presented in Fig. 6. Optical microscopy revealed
equiaxed microstructure in the as-received material (EQ,
Fig. 6(a;)), bimodal structure in specimens after heat treat-
ment Pattern BM (Fig. 6(b1)), and fully lamellar structure
following heat treatment Pattern LM (Fig. 6(ci)). These
microstructural characteristics were confirmed by inverse
pole figure (IPF) maps from EBSD analysis (Figs. 6(az)
(b2)(c2)).

The microstructural features were quantitatively analyzed
from the EBSD data. The prior 3 grain size was determined
by reconstructing the parent grain orientation from the o
phase orientation data. For the equiaxed (EQ) and bimodal
(BM) microstructures, the volume fraction of primary o
grains was calculated using image analysis to segment the
primary o phase from the lamellar matrix, which resulted

[0001) [1210]

Fig. 6. Optical micrographs of (a;) EQ, (b)) BM, and (c¢;) LM. The IPF maps of alpha phases of (a») EQ, (b,) BM, and (c»)

LM. (Online version in color.)
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in 67% for EQ and 30% for BM. The average area of prior
o grains was similar in both cases, approximately 25 um?.
Although designated as LM, the microstructure more closely
resembled a bi-lamellar structure, containing both thin and
thick laths measuring 1.1 pwm and 6.1 um, respectively.
The average prior § grain diameter in this structure was
158.7 um.

4.2. Pure Fatigue and Dwell-fatigue Properties

The peak stress versus cycles to failure (S-N) curves
for all pure fatigue and dwell-fatigue tests are presented
in Fig. 7(a), with empty and filled markers representing
pure fatigue and dwell-fatigue data, respectively. The
introduction of load holds reduced fatigue lives across all
three microstructures. Comparable pure fatigue lives were
observed at peak stresses of 870 MPa for EQ, 820 MPa
for BM, and 805 MPa for LM, enabling direct comparison
of microstructural effects on dwell-fatigue behavior. The

8
S

dwell-life debit, defined as the ratio of pure fatigue life to
dwell-fatigue life, was calculated at these stress levels as
1.38, 12.42, and 6 568 for EQ, BM, and LM, respectively.
LM exhibited the highest dwell-life debit, followed by BM,
while EQ demonstrated the highest dwell-fatigue resistance.
This observation aligns with early studies that considered
only lamellar microstructures as dwell-sensitive in Ti-6Al-
4V alloys.** The increasing dwell-fatigue resistance with
higher volume fraction of primary ¢ grains (0% in LM to
67% in EQ) is also consistent with previous investigations
of Ti-6A1-4V alloys.?**"

Strain accumulation curves for pure fatigue and dwell-
fatigue tests are presented in Figs. 7(b)-7(d), with solid
lines representing dwell-fatigue and dashed lines show-
ing pure fatigue results. Higher strain accumulation was
observed in dwell-fatigue compared to pure fatigue for all
microstructures. Dwell-fatigue strain accumulation exhib-
ited characteristic three-stage behavior: a primary stage with
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against range of stress intensity of related pure fatigue and dwell-fatigue tests. (Online version in color.)
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initially high but decreasing strain rate, a secondary stage
with steady strain rate, and a tertiary stage where strain rate
increased until failure. In contrast, pure fatigue tests showed
only a modest increase in strain rate prior to failure due to
crack opening.

The in-situ surface observation enabled crack growth
monitoring when cracks appeared on the specimen surface
facing the microscope. Surface cracks were successfully
observed in multiple tests: EQ specimens under both dwell-
fatigue (870 MPa) and pure fatigue (790 MPa), BM speci-
mens under both dwell-fatigue (820 MPa) and pure fatigue
(810 MPa), and LM specimens under pure fatigue (770
MPa). The stress intensity factor range was calculated using
the edge crack in a plate model:

AK =

2 3 4
Acra 1.12—0.23(ij+10.55[i] —21.71(ij +30.38[ij
w w w w

where a is the crack length, W is the plate width and Ao is
the stress range.

The crack growth results are presented in Fig. 7(e). All
cracks exhibited Paris law behavior in the long crack propa-
gation region. The crack growth rates were comparable
among EQ, BM, and LM microstructures under pure fatigue
conditions. However, both EQ (black circles) and BM (red
diamonds) showed higher crack growth rates under dwell-
fatigue compared to pure fatigue conditions. Although some
previous studies have reported slower long crack growth
rates under dwell conditions,'”?® our results in Fig. 7(e)
showed an opposite trend. This observation, combined with
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Fig. 8.

the higher strain accumulation shown in Figs. 7(b)-7(d),
which was suggested to introduce earlier crack initiation,”
and faster short crack growth rate,” attributed to the sig-
nificant life reduction under dwell-fatigue conditions. No
crack growth data was obtained for the LM sample under
dwell-fatigue conditions. As shown in Fig. 7(a), the fatigue
life was extremely short, which made it difficult to track
stable crack growth before final failure.

4.3. AE Monitoring of Dwell-fatigue Process
4.3.1. Cumulative AE Counts

After extraction and filtering, the total number of AE
events recorded during dwell-fatigue tests was 834 for
EQ, 1053 for BM, and 6 795 for LM. Figure 8 presents
the cumulative AE event counts plotted against cycles,
alongside strain accumulation curves. While the cumulative
count curve for EQ appeared to follow the characteristic
three-stage pattern, the curves for BM and LM showed
significant deviation from this trend. Although AE count
has been established as an effective parameter for monitor-
ing crack growth in fatigue tests,'*'%***) its sole use for
monitoring strain accumulation in dwell-fatigue appears
inadequate. The following sections present results from
the proposed Bayesian statistical analysis framework for
monitoring strain accumulation during dwell-fatigue of
Ti-6Al1-4V alloys.

4.3.2. Results of Change-point Detection

While strain accumulation naturally revealed three dis-
tinct stages in dwell-fatigue (Figs. 7(b)-7(d)), the primary
objective of Poisson-process-based change-point detection
was to identify these stages based on AE activities. The
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Cumulative AE counts versus cycles (red lines) and strain accumulation versus cycles (black dots) for dwell-

fatigue tests on (a) EQ, (b) BM, and (c) LM. (Online version in color.)
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black dashed lines in Fig. 9 presents the detected change-
points by MCMC simulations, which corresponding to the
modes of simulated posterior distributions (shown in dark
and light blue histograms). Examining the event densities
(blue starts in Fig. 9) reveals different characteristics of AE
activity levels for each stage of dwell-fatigue. The primary
stage is characterized by high-density AE activities, with
relatively lower time difference between neighboring events.
In contrast, the secondary stage exhibits notably reduced AE
activities with more scattered and isolated events. As the
material transitions to the tertiary stage, AE activity intensi-
fies again with increased density prior to final failure. These
characteristics were observed among three microstructures.
When overlaid with strain accumulation curves (red
lines), the AE-based change-points showed strong correla-
tion with strain accumulation transitions for all three micro-
structures. This correlation validates the acoustic emission
approach for detecting critical stage transitions during
dwell-fatigue. The posterior distributions exhibited shapes
resembling normal or lognormal distributions, indicating
successful convergence of the MCMC simulations. The
detected change-points are summarized in Table 3.

4.3.3. Results of AE-parameter-based Models for Strain
Accumulation Prediction

Using the detected change-points, strain prediction mod-
els based on AE parameters were selected through Bayesian
inference for each stage. The stochastic complexity was
calculated for all 15 model candidates listed in Eq. (10) and
illustrated in Fig. 5(b), with the model exhibiting the lowest
complexity being selected. The parameters of the selected
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models are summarized in Table 4.

Figures 10(a)-10(c) presents comparisons between
observed strain accumulation (red lines) and predicted
values derived from AE parameters (blue lines). The close
agreement between predictions and observations demon-

Table 3. Summary of change-points detected in dwell-fatigue
tests.

Microstructure  1st change-point 2nd change-point Life

EQ 546 9722 10 106
BM 50 1 049 1127
LM 192 3317 4071

Table 4. Summary of selected parameters and models for strain
accumulation prediction of each stage in dwell-fatigue

tests.
Microstructure Stage Model Parameters
Primary 15 Amp., Ris., Pk., Ave.
EQ Secondary 1 Amp.
Tertiary 14 Ris., Pk., Ave.
Primary 13 Amp., Pk., Ave.
BM Secondary 7 Amp., Ave.
Tertiary 1 Amp.
Primary 12 Amp., Ris., Ave.
LM Secondary 4 Ave.
Tertiary 3 Pk.
(b) e .
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Fig. 9. Change-point detection results from MCMC simulations of AE data for (a) EQ, (b) BM, and (c) LM microstruc-
tures. Vertical dashed lines for detected change-points with corresponding posterior distributions as blue histo-
grams. Blue stars for individual AE hits with right y-axis scale for time differences between hits. Solid red lines
for strain accumulation curves with reference to left y-axis. (Online version in color.)
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strates that strain can be effectively predicted using AE
data through the proposed MCMC methods. While AE
counts have been traditionally used for monitoring crack
growth in conventional fatigue tests, their direct application
to dwell-fatigue strain monitoring showed limitations, as
demonstrated in Fig. 8. The strain prediction results in Fig.
10 demonstrate how our multi-parameter approach offers a
novel solution specifically tailored to dwell-fatigue behav-
ior. By incorporating and selecting optimal combinations of
AE parameters (amplitude, rise time, peak frequency, and
average frequency) through Bayesian inference, the models
accurately track strain evolution through all three stages of
dwell-fatigue across different microstructures.

The posterior distributions of the simulated parameters
closely resembled normal distributions, demonstrating the
successful convergence of MCMC simulations. Figure 10(d)
provides an example from the primary stage of LM, where
this characteristic distribution is clearly evident.

From Table 4, amplitude and average frequency appear
in the models for the primary stage across all three micro-
structures. Fig. 11 illustrates the normalized contributions of
each AE parameter to strain rate prediction during the early
primary stage. Certain terms function as relatively constant
baselines, while others decrease with increasing cycle count.

© 2025 ISIJ

For EQ and LM (Figs. 11(a), 11(c)), the amplitude term
provides this baseline, while for BM (Fig. 11(b)), peak
frequency serves this function. Notably, the characteristic
strain rate decrease in the primary stage correlates with the
average frequency term in all three microstructures. This
consistency highlights average frequency’s sensitivity to
the underlying physical processes governing primary stage
strain evolution. It should be noted, however, that different
AE parameters were selected for secondary and tertiary
stages, indicating a limitation of this research in that a uni-
versal set of parameters applicable across all stages has not
been identified.

4.3.4. Dwell-fatigue Mechanisms from AE Analysis

The results demonstrated that the LM microstructure
exhibits the highest dwell-fatigue debit. This significant
life reduction is attributed to the degradation of both crack
initiation and propagation behavior under dwell loading.
Our proposed AE analysis provides further insight into
these mechanisms. Our previous work on a forged Ti-6Al-
4V alloy revealed that dwell loading facilitates early and
multiple crack initiations, originating from significant
strain localization at microstructural features like colony
boundaries. This mechanism is particularly relevant to the
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LM microstructure, where long, straight slip paths can pro-
mote intense strain localization. Additionally, the current
study shows that dwell loading also accelerates the crack
propagation rate (Fig. 7(e)). The AE analysis framework
captures this accelerated damage process effectively. For the
LM sample, the change-point detection (Fig. 9(c)) reveals a
very early transition from the primary stage (Stage I) to the
secondary stage (Stage II) at only 192 cycles. Stage I, char-
acterized by intense AE activity, corresponds to the initial
rapid plastic deformation and damage accumulation leading
to crack initiation. The remarkably short duration of Stage I
for the LM sample strongly suggests that the process leading
to crack initiation is significantly accelerated, which is the
dominant factor for the massive life debit. The subsequent
AE activities in Stages II and III then reflect the process of
crack propagation until final failure. Therefore, while our
AE-based method does not strictly separate crack initiation
from propagation, it enables a semi-quantitative assessment
of the damage progression. By identifying the accelerated
transition between damage stages, the analysis supports the
conclusion that the drastic reduction in dwell-fatigue life
for the LM microstructure is primarily governed by the
acceleration of the initial damage and crack initiation stage.

5. Conclusions

The present study investigated the dwell-fatigue behav-
ior of Ti-6Al-4V alloy with three different microstructures
(equiaxed, bimodal, and lamellar) by developing a novel
Bayesian statistical framework for monitoring strain accu-
mulation. This approach integrated mechanical testing, in-

50

Normalized contributions of AE parameter terms to strain rate prediction during early primary stage for (a)

situ observation, and acoustic emission (AE) monitoring to
characterize the dwell-fatigue process. The key findings of
this work can be summarized as follows:

(1) When compared at similar pure fatigue life con-
ditions, microstructure strongly influenced dwell-fatigue
sensitivity, with dwell-life debits of 1.38, 12.42, and 6 568
for equiaxed, bimodal, and lamellar microstructures, respec-
tively. The equiaxed microstructure with the highest volume
fraction of primary o grains (67%) demonstrated superior
dwell-fatigue resistance.

(2) Change-points corresponding to stage transitions
were successfully detected using Poisson process-based
MCMC simulations of AE data. These AE-derived change-
points showed strong correlation with the visually observed
transitions in strain accumulation.

(3) Bayesian model selection identified optimal combi-
nations of AE parameters for strain prediction, with average
frequency emerging as a consistently significant parameter
in the primary stage across all microstructures. The resulting
stage-specific models accurately captured strain evolution
throughout the entire dwell-fatigue process, demonstrating
the effectiveness of the multi-parameter approach for non-
destructive monitoring of dwell-fatigue damage progression.
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