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Machine Alloy

Nickel-based alloys are those of materials that are maintaining their strength at high tem-
perature. This feature makes these alloys a suitable candidate for power generation
industry. However, high wear rate and tooling cost are known as the challenges in
machining Ni-based alloys. The high wear rate causes a rapid failure of the tool, and
therefore, fewer data will be available for model development. In addition, variations in
material properties and hardness, residual stress, tool runout, and tolerances are some
uncontrollable effects adding uncertainties to the currently developed models. To address
these challenges, a probabilistic Bayesian approach using Markov Chain Monte Carlo
(MCMC) method has been used in this work. The MCMC method is a powerful tool for
parameter inference and quantification of embedded uncertainties of models. It is shown
that by adding a prior probability to the observation probability, fewer experiments are
required for inference. This is specifically useful in model development for difficult-to-
machine alloys where high wear rate lowers the cardinality of the dataset. The combined
Gibbs—Metropolis algorithm as a subset of MCMC method has been used in this work to
quantify the uncertainty of the unknown parameters in a mechanistic tool wear model for
end-milling of a difficult-to-machine Ni-based alloy. Maximum of 18% error and average
error of 11% in the results show a good potential of this modeling in prediction of param-

eters in the presence of uncertainties when limited experiments are available.
[DOI: 10.1115/1.4033041]
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1 Introduction

Understanding tool wear is highly important since it causes
20% of machining downtime [1]. A worn out tool deteriorates sur-
face finish and dimensional accuracy and is eventually detrimental
to machine health; this is an especially important consideration
for abrasive, thermally insulative alloys with abnormally high-
specific cutting energy, known as difficult-to-machine materials.
Studying tool wear in different manufacturing processes goes
back over a half century [2]. Since that time, several researchers
have proposed various wear models to predict tool wear. How-
ever, the model parameters were generated mainly under certain
experimental conditions, i.e., for 2D orthogonal cutting operation
with specific tool geometry. Therefore, those models cannot be
used for a wide range of materials, tool geometry, or cutting con-
ditions. In addition to that, several uncontrollable factors in
machining such as variation in material properties, existence of
residual stress, tool runouts, and tolerances affect the dynamic
interaction between tool and workpiece. Consequently, different
dynamics for progressive tool wear can be observed. To address
these unknown and uncontrollable factors, a probability-based
approach can be utilized to quantify them as uncertainties in
model parameters. In this way, parameters will be described with
probability density functions and not deterministic values.

MCMC methods as one of the probabilistic approaches for
parameter inference have gained more attraction recently in
machining. Mehta et al. used this method for parameter identifica-
tion in cutting force and spindle idle power model in turning [3,4].
In another effort, Karandikar et al. compared the performance of
two MCMC methods, namely, mesh grid and Metropolis
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algorithms for inference on Taylor’s tool life model parameters in
milling [5,6]. Mesh grid algorithm is easy to implement as a brute
force technique, but has a high computational cost in high dimen-
sional space. Therefore, it suffers from a curse of dimensionality
[7]. On the other hand, Metropolis algorithm is more capable to
handle computation in high dimensional domains [7,8]. Bayesian
inference was also investigated by Long et al. for studying the
effect of flank wear and crater wear on 2D slip line force model in
cutting CK45 steel [9]. Probabilistic modeling also influenced the
tool wear condition monitoring area. The Kalman filter, particle fil-
ter, Bayesian networks, and hidden Markov models (HMMs) are
the main monitoring and diagnosing probabilistic tools available.
The Kalman and particle filters were specifically used for progres-
sive tool wear estimation of 7’-strengthened alloys [10,11]. Akha-
van Niaki et al. showed that the particle filter outperforms the
Kalman filter due to its robustness for selection of non-Gaussian
probability functions for tool wear state or model parameters [11].
Bayesian networks are another probabilistic tool, which can be
used for diagnosing/classifying variation sources in the process.
The main idea behind these networks is to discover the underlying
conditional probabilities between the potential parameters affecting
the outputs. Dey and Stori developed a Bayesian belief network to
diagnose the root cause of process variation in sequential machin-
ing operation while considering tool wear as one of the sources of
variation [12]. While Bayesian networks are proven practical in
many decision-making applications, they are considered as static
models. As an alternative, dynamic Bayesian networks known as
HMMs were developed for classification of sequential patterns in
speech signals [13] and then found their way into many different
applications including machining. HMMs are successfully used for
tool wear classification [14,15], but they are less informative than
continuous tracking algorithms such as the Kalman or particle
filters since the progress of wear cannot be estimated.
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While probabilistic monitoring approaches have been widely
studied in the literature for conventionally used materials in indus-
try such as steel or aluminum, there are few works dedicated to
the hard-to-machine alloys, specifically nickel-based alloys.
Reviewing the recent research articles [16—18] demonstrates the
lack of knowledge about proper model and strategies for monitor-
ing wear condition for these materials. Nickel-based alloys are
known to maintain their strength at elevated temperatures. Due to
this unique characteristic and their corrosion and creep resistance,
they are widely used in high-end industries. Nevertheless, because
of high strength, poor thermal conductivity, and rapid work hard-
ening of these materials, the tool wear rate of inserts during the
machining process is relatively high and more unpredictable as
compared to other conventional materials. This high wear rate
makes establishing an accurate tool wear model a challenging task
because only a limited number of experiments can be completed
before the tool fails. This is where the role of quantifying uncer-
tainties for the model parameters becomes important. While run-
ning tests with very mild cutting conditions can increase the
number of available data for model establishment, this could be
time-consuming and expensive in an industrial domain. Moreover,
excessive wear causes surface tearing, high roughness, and indu-
ces significant tensile residual stress on the surface, which eventu-
ally leads to fatigue in service, reworking parts, or scrapping
expensive materials (a cost comparison is given in Fig. 1) and
lowers productivity rate. Unlike the conventionally used determin-
istic approaches (e.g., regression analysis), which only operate on
the collected data, the power of probabilistic data analysis in the
form of MCMC methods lies in the fact that due to incorporating
initial knowledge to the current knowledge, fewer experiments are
required for parameter inference and model establishment. There-
fore, this method has the potential to be used for hard-to-machine
alloys which exhibit high wear rate and cost.

The objective of this work is to investigate the performance of
the Gibbs—Metropolis algorithm as one of the MCMC methods for
parameter calibration in mechanistic tool wear model in milling a
y’-strengthened hard-to-machine alloys when a limited number of
experiments is available. The organization of this work is as fol-
lows: The theoretical background of MCMC including Gibbs and
Metropolis algorithms is described in Sec. 2. In Sec. 3, the
selected mechanistic tool wear model and unknown parameters
are identified. The experimental setup is described in Sec. 4.
Implementation of MCMC methods is discussed in Sec. 5, and
results and conclusions are provided in Secs. 6 and 7.

2 Theoretical Background

2.1 Bayes Rule. Bayesian data analysis is a powerful tool
used for statistical inference. Thomas Bayes introduced the basic
formulation, known as the Bayes rule, in the 18th century [19].
According to the Bayes rule, the probability of an event 0 is
derived by multiplying the initial belief (or previous knowledge of
analyst, denoted as the prior probability) with the conditional
likelihood function p(y/0) as in Egs. (1) and (2), where p(0/y) is a
posterior probability of event 0, p(0) is the initial belief, and p(y)
is a marginal distribution

_p(y[0)p(0)
p(Oly) = “o0) )
p(y) = Jp(y\f))p(ﬂ)d(? 2)

Assuming independent and identically distributed (i.i.d.) obser-
vations, the likelihood function, p(y/0), is simplified as the product
of observation probabilities as in Eq. (3). In many cases, finding a
closed-form solution for marginal distribution is somewhat tedi-
ous or even impossible [20], so it is convenient to assume p(y) as
a normalizing constant which simplifies Eqs. (1)—(4). Although
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finding the closed-form solution of the posterior probability distri-
bution p(6/y) is possible, in many cases numerical approximations
such as MCMC methods (e.g., Gibbs sampler or Metropolis
algorithm) are proposed which simply generate samples from the
posterior probability instead of calculating it

p(Y10) = P(y1, ... y2|0) = [ [ p(3:l0) (©)
i=1

p(0]Y) o< p(¥]0)p(0) )

2.2 Gibbs Sampler. The Gibbs sampler is proposed as one of
the MCMC algorithms to sample from a posterior distribution
when a closed-from solution of posterior probability distribution
is intractable [21]. To implement the Gibbs sampler, the closed-
form solution for full conditional probability distribution of each
parameter given all the remaining parameters is required. To illus-
trate how Gibbs sampler works, one needs to consider a linear
model as in Eq. (5), where Ye{yy,...,y,} is the set of observations,
f; is an unknown coefficient, X = [x1,...;]T is a set of known
variables, and ¢ is a measurement error, which is assumed to be
normally distributed with zero mean and unknown variance ¢°. In
this case, there are two unknown values, f5; and ¢, that should be
identified in Bayesian framework

Y =fX+e 3)

The joint posterior probability density of the unknowns can be
written as Eq. (6). The term p(ﬁ,«/az, Xis Y1»---Yn) 18 called the full
conditional of f;, and the term p(a2/x,~, Vi»e--5Y,) 18 called the mar-
ginal distribution of a”, where finding its closed-form solution is
tedious except with some special assumptions. However, the
Gibbs sampler states that if the full conditional of unknown
parameters, f5; and o?, are known, samples taken from them
belong to their joint posterior distribution. The full conditional of
f: can be written as Eq. (7), where p(f3;) is an initial belief for
unknown coefficients with mean fy and variance X,

(B X, 31, ovn) < p(Bilo® X, y1,.ya)p (G X, 1, o3n)  (6)

,D(ﬁ,-|0'27X,y17 yn) o8 p(y|7 "'y"|/))i7 0—27X)p(ﬁi|o—27X)
=p i, ynlBi 0 X)p(B) )
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Fig. 1 Price comparison of different materials (source:

McMaster-Carr)

Transactions of the ASME

Downloaded From: http://manufacturingscience.asmedigital collection.asme.or g/ on 04/15/2016 Terms of Use: http://www.asme.or g/about-asme/ter ms-of-use



Assuming i.i.d. observations and after some simplification, the
full conditional of f3; is derived as a normal distribution with mean
f.. and covariance X, shown in the following equations:

p(Bilo® X, y1,...9) mN(ﬁ,,,Z’J (8)
1
B, = (ZO 02) (ZO Bo + ) )
T 1
== (5 F) (0

The next is to calculate the full conditional of ¢*. This can be
written as Eq. (11), where p(az) is the initial belief of measure-
ment variance. It has been shown by Hoff [20] that this distribu-
tion can be considered as an inverse-gamma distribution with vq

n
p(‘72|97)’h-~%) X (0'2)2 CXp{
i:1
Vo +n

=(?)2~-1 xexp{—a X [V000+Z

2.3 Metropolis Algorithm. The Gibbs sampler is an easy-to-
implement and practical algorithm in the case of linear models,
while for nonlinear models or in cases where closed-form solution
for the full conditional distribution of unknown parameters is not
available, it does not work properly. Another technique was pro-
posed by Nicholas Metropolis in 1953, where a distribution called
proposal density is used to approximate the posterior distribution
of parameters [20]. Since the proposal density does not fully cap-
ture the features of the posterior distribution, an acceptance—
rejection method is implemented to reject the samples that are
generated from regions with lower probability of occurrence.
Unlike the Gibbs sampler that accepts all the samples, the Metrop-
olis algorithm just accepts a portion of them. The step-by-step
guide for Metropolis algorithm is shown in Fig. 3.

In practical applications, a symmetric probability density (i.e., a
normal distribution with zero mean and arbitrary variance 6°) is
used as the proposal density function. Even though Lynch
reported that finding the variance &> is more of an art than science
and it depends on the experience level of the user [22], there exist
several studies in the literature on techniques for finding an

Gibbs Sampler Algorithm
* (0) Find the full condition of unknowns
* (1) start with k=1
- Draw a sample B¥ from full condition of §;:
Bl~ N(Bn, 20)
* (2) Use the drawn sample [31-’"‘
- Calculate sum of squared error:

T N\2
-SSE = 31, (Y - B %:)
- Draw a sample o7 from the full conditional of 5%:
_ Uk ~1IG (v0+n voao+SSE

)
2
* (3) Add (+1) to k and GO to line (1)

yi — 0) /2

and 0'(2) as a sample size and sample variance of the prior, respec-
tively (Eq. (12))

P(“z‘ﬁnxo’l, ~~~yn) O(P(yl, “'ynlﬁhaz?X)p(O—ZlﬁhX)

=pW1, - yalBi0”, X)pla?) (11
2
Yy Mooy
plo )ocIG<2 2) (12)

By substituting Eq. (12) into Eq. (11), the full conditional of
measurement error variance is calculated as Eq. (13), thz're SSE
is a sum of squared errors equivalent to Y ., (¥; — X ) and n
is a number of observations. Therefore, the full conditional proba-
bility distribution of unknown parameters in linear systems is
available and the Gibbs sampler can be easily used to draw sam-
ples to characterize the posterior distribution of parameters. This
algorithm is described in Fig. 2

" exp {0 VOGO/2}>

/2} B (u0+n VOUO+SSE)
— , 5

13)

optimal proposal density variance [23-25]. The proper choice of a
proposal density function plays a critical role in the acceptance
rate of candidate points. If a very small variance is chosen for 57,
it takes a longer time for the Markov chain to converge to the true
values and if a very large variance is chosen the rejection rate of
drawn samples increases and this affects the efficiency of the
chain. It is reported that the 25-35% acceptance rate can be con-
sidered as appropriate for Markov chain [20]. In this work, a
method of Solonen [26] based on calculating the Jacobian matrix
was used to come up with the proposal density variance. Note that
in addition to Metropolis algorithm, there are many other algo-
rithms that are developed such as Metropolis—Hasting algorithm,
delayed rejection algorithm, or adaptive Metropolis [20,25,27] to
increase the performance of sampling procedure. However,

Metropolis Algorithm
(0) Select the proposal density function
(1) Select the starting point as /)’il N
(2) FOR k=1:N
- Select a candidate point g;, from proposal density:
o~ N(0,6%)
- Calculate a candidate point 3;:
Bi =BE+qr
(3) Calculate the r ratio
_PBi1oE X, Y10 ¥0) _
o PBEIO% Xy, 3m)
expl o (2D SSEED | g, 5y -
Os B;
(4) Select a point U from the uniform distribution
U~uniform[0,1]

NGoZo) )

(5) Find the acceptance ratio
a = min{U,r}

(6)IF U<a:
- Accept the candidate point SF+1 = g7
OTHERWISE
- Reject the candidate point g1 = gk
(8) END IF
(9) END FOR

Fig.2 Gibbs sampler algorithm
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Fig. 3 Metropolis algorithm
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exploring these algorithms is out of the scope of this work. The
last part of this section explains the Solonen algorithm to approxi-
mate the proposal density variance 6> Solonen showed that an
optimal value of the covariance matrix 6 can be approximated as
Eq. (14), where MSSE is the minimum SSE derived after plugging
in the optimal value of f; that minimizes squared error function
and J is a Jacobian matrix of outputs with respect to the unknowns
as in Eq. (15) [26]

& = (JT7) " 'MSSE (14)
oy oy
=g o (15)

3 Mechanistic Model of Tool Wear

Altintas and Yellowley showed that the tangential force in mill-
ing can be described as Eq. (16) [28], where K and ¢ are the con-
stants, /1 is the mean chip thickness, a,, is the depth of cut, f'is the
feedrate, and ¢ is the instantaneous angle of rotation (Fig. 4)

F, = Kh'a,fsing (16)

It was shown that with an increase in tool wear, the magnitude
of the cutting force increases as well [30]. Waldrof et al. showed
that the change in magnitude of tangential force (F,) is a function
of material hardness (H), friction coefficient (u), tool flank wear
(Vb), and tool wear length (s) as in Eq. (17) [31]. Shao et al.
derived average cutting power in milling [29] which is simplified
in this work as Eq. (18), with the assumption of constant depth of
cut. In Eq. (18), parameter P represents the cutting power, N is the
cutting speed, and K;, K,, and K3 are the unknown parameters
that need to be identified

FY — uVbHs 17

P = K\Nf® + K3NVD (18)

4 Experimental Setup

The material used for this experimental study is a hard-to-
machine nickel-based material known as Rene-108 (R-108)
[26,27]. An OKUMA GENOS M460-VE three-axis computer nu-
merical control machine was used to end mill (in the down-
milling direction) rectangular blocks of size 60 x 80 x 25 mm,

)

Fig. 4 Milling schematic [29]
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using a 5% water-soluble coolant. A two-flute indexable tool
holder with a diameter of 15.875 mm was used, and the width of
cut was chosen to be 9.5 mm that corresponds to 60% tool engage-
ment, as this was the maximum manufacturer recommendation for
the particular tool holder. Full length of the blocks (60 mm as the
cutting distance) was utilized for machining. At the chosen width
of cut, eight tests were conducted on the block: four tests with two
replications. Four additional tests were also conducted to cover the
full range of cutting conditions for validating the results. The
depth of cut for each pass is kept constant at 0.5 mm, and the cut-
ting speed and feedrate were changed as excitation factors for pa-
rameter identification. A tool monitoring adaptive controller from
Caron Engineering was used for measuring spindle current to
monitor spindle power consumption in real time. However, due to
the low sampling frequency of the commercial software (~50 Hz),
a national instruments NI-cRIO9103 data-acquisition (DAQ) de-
vice was programed to capture the data at a higher rate. To mea-
sure spindle power in high sampling frequency, the output of the
transducer (Fig. 5) was directed to the NI9215 analog input mod-
ule mounted on NI-cRIO9103 chassis programed with LABVIEW.
Data were collected in voltage at a sampling rate of 10.24 kHz.

Tests for R-108 were designed in a fashion that the effect of
each parameter can be observed, therefore selecting a high and a
low level of cutting speed and feedrate. Two levels of cutting
speed at 25 and 50m/min, two levels of feedrate at 0.1 and
0.2 mm/rev, and a constant depth of cut of 0.5 mm were used to
identify the constants K;, K,, and K3 in Eq. (18). These cutting
parameters were selected at both their relatively mild values to
show the behavior of the inserts under normal machining condi-
tions, and at their relatively aggressive values to show the behav-
ior of the inserts under high material removal rate conditions.
Cutting parameters for validation tests were selected between the
mild and aggressive values. Design of experiment (DoE) used in
this work is shown in Table 1. Spindle power consumption was
measured for each test. The change in spindle power consumption
is shown in Fig. 6, the increase in the power illustrates the devel-
oping tool flank wear during the cutting process. The mean value
of cutting power between 42 and 48mm cutting distances
(70-80% of total cutting distance) was selected as the average cut-
ting power affected by tool flank wear at each test. One portion of
this value is contributed to the power required to cut the work-
piece (i.e., K le'Q), and another portion is due to the effect of tool
wear on increasing cutting power magnitude (i.e., K3NVb).

Inserts used in this work were Sandvik Coromill (R390-11 T3
08 M-PM 1030). The 1030 grade is recommended by Sandvik for
milling R-108 due to its resistance to material build-up on the cut-
ting edge and plastic deformation [32]. Fresh unworn inserts were
used for each test, and flank wear at the end of each pass on the
bottom edge of each insert was measured using scanning electron
microscope and average flank wear was calculated. Measured tool
flank wear for tests 1-4 is shown in Fig. 7.

5 Inference on Model Parameters

The objective of this work is to identify unknown parameters
K, K>, and K5 and measurement error variance 6> when a limited
number of experiments exist. Due to the nonlinearity of Eq. (18),
finding the full conditional distribution of the unknown parame-
ters is impossible but the full conditional of measurement error
variance (02) is available as shown in Eq. (13). It is possible to
use a combined Gibbs—Metropolis algorithm to characterize the
posterior distribution of unknowns. In such case, the Metropolis
algorithm is used to generate samples from unknown parameters
K1, K>, and K3, and Gibbs sampler is used to characterize the dis-
tribution of measurement error variance o~. In Fig. 8, the flow
chart of the combined algorithms is shown. Since the full condi-
tional of ¢ is available, all the samples drawn by using the Gibbs
algorithm were accepted automatically, but a rejection/acceptance
method should be implemented for the samples generated by the
Metropolis algorithm. The prior belief for unknown parameters is
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i 1 . i
[ Horsepower Transducer

Fig. 5 Data acquisition with NI-cRI0O9103

chosen as normal distribution with the mean of 1 and a large var-
iance (Eq. (19)). The prior belief for measurement covariance is
chosen as inverse-gamma function with vo=1 and ¢ = 100
(Eq. (20)). The choice of prior distribution is arbitrary but should
be a rational guess since no previous knowledge was available
about the parameters. A selection of prior distribution far from the
true posterior can increase the convergence time of the Markov
chain to find the true values

K, 1 1 0 0
Kl~|1],]0 1 0 19)
K; 1 0 0 1
1 2
2 VIG|[ = 20
7 271002 20)

To avoid singularity of the covariance matrix, spindle power
consumption is multiplied by 1000 so that K| and K3 are in the
same absolute range as K. The rest of this study is based on the
normalized values for K; and K. The optimal value of unknown
parameters was calculated from data in Table 1 using an uncon-
strained derivative-free optimization method. This method uses
the Simplex search algorithm described in Ref. [33]. At each itera-
tion, new points are generated around the simplex, and the points
with the lowest output function are rejected. The process is
repeated until the optimal points that minimize the output function
are found

T T
[Ki K, K_;]Opt: (094 121 0.15] 1)
Table 1 DoE for end-milling Rene-108

Test # V, (m/min) f (mm/rev) P (x107% hp) Vb (um)
1 25 0.1 36 88
2 25 0.2 57 73
3 50 0.1 82 85
4 50 0.2 154 113
5 25 0.1 36 88
6 25 0.2 47 82
7 50 0.1 62 97
8 50 0.2 165 82

Journal of Manufacturing Science and Engineering

The Jacobian matrix was calculated using K°® for each test and
consequently the Solonen formula used for proposal density co-
variance matrix calculation. The optimal points K°** were used for
initializing the Markov chain as well. The total number of points
in the chain was selected as N = 2000

N KNG log(K)  NiVB
J= (22)
Kopt Kopt
Ngfgz K]Ngf82 log(K;’P‘) NgVBg g3
0.87 0.78 0.1
#*=1078 074 0.52 (23)
0.51 0.52 0.41
K)=K™ =094 121 0,15]T ic{1,2,3} (24
100
s
z 80 Power affectdd
£
3
g 60} sharp insert
(8]
Sa
o £ 40r
oo
ge
X
S 7 20
£
[-%
»
0

0 10 20 30 40 50 60 70
Traveled Distance (mm)
Fig. 6 Cutting power of test 3:
f=0.1 mm/rev

V.=50m/min and
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300um [l S3400 20.0kV 9.4mm x110 SE

Fig. 7 Measured flank wear for tests 1-4: (a) test 1—V,.=25m/min and f= 0.1 mm/rev, (b) test 2—V, =25 m/min
and f= 0.2 mm/rey, (c) test 3—V,. =50 m/min and f= 0.1 mm/rev, and (d) test 4—V_.= 50 m/min and f= 0.2 mm/rev

6 Results plot of samples shown in Fig. 9(b) was taken into consideration.
In a converged chain, samples become uncorrelated to each other
after some time lags. However, as it is shown in Fig. 9(b) samples
are heavily correlated (more than 60% correlation with the lag of
20) which indicates that the Markov chain was not able to con-
verge to the posterior density. Hoff stated that to improve the per-
formance of Markov chain, the posterior variance of samples can
be an efficient choice of proposal variance [20]. Therefore, to
improve the current run (named as pilot run), the information

The MCMC trace plot for the parameters K, K,, and K3 follow-
ing the procedure described in Sec. 5 with N=2000 points is
shown in Fig. 9(a). The first set of iterations is usually discarded
as burn-in period to reduce the effect of initial errors at the start of
the chain [20]. In this work, the first 20% of the iterations (400
points) were discarded as the burn-in period. After removing the
first 400 points, the acceptance ratio was calculated as 19%. To
assess the convergence of the Markov chain, the autocorrelation

Choose prior belief for Select arbitrary starting point for Estimate proposal density
K; and d K,/' and 020 covariance &’

A 4

‘ Set i=1 ’

Sample ' .fl‘:Om its full o
conditional

) 4 T

Select three points (Z;) from Accept point- move
uniform distribution U[0,1] forv;ard
l YES
Calculate candidate points NO>| Rejectpointaremalniat
based on & and Z; current position

|

Calculate acceptance ratio Select a random number
(3] - ”| from U[0,1] and calculate a

Fig. 8 Flowchart of combined Gibbs—Metropolis algorithm
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Fig.9 Pilot run samples: (a) trace plot and (

from the generated samples was used as the initial belief of pa-
rameters for a next MCMC run (named as main run). The mean
and covariance matrices of the pilot run were extracted from the
chain and implemented as a prior belief. The covariance matrix of
parameters was also used as the proposal density covariance, and
the final point of the chain was used as the initial point of the new

b) samples autocorrelation (diverged chain)

chain. For the main run, the number of generated samples was
selected as N = 10,000.

The trace plot and autocorrelation of samples are shown in
Fig. 10, which reveals that after modifying the proposal density
variance and initial prior the chain has converged and parameters
are mixing well. After removing the first 20% of the samples
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Fig. 10 Main run samples: (a) trace plot and (b) samples autocorrelation (converged chain)
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Fig. 11

Prior and posterior distributions after main run: (a) prior probability of K; and Kj, (b) posterior probability of K; and

K>, (c) posterior probability of K3 and K, and (d) posterior probability of K3 and K,

1
—Main Run Posterior| 2
0.8}~ - Pilot Run Posterior
- - -Prior 15
-+ 0.6 “2
3 g
& 04 a 1!
0.2 0.5
92 ) 4 92 — 0 - 4
Fig. 12 Distribution of parameters for prior belief, pilot run, and main run (the y-axis is not normalized)
covers a wide range of possible values for unknown parameters
200 . T T (i.e., large variance, shown as dashed curve), however, by running
I M the MCMC method and bringing new information, the range of
\ possible values for unknown parameters shrinks and at the same
1501 Z H ] time its probability distribution moves toward the true values of
A actual parameters (shown as solid and dotted dashed curves)
< P
< 100 - 1 K 1.947 [0.20 0.07 0.01
e I K| ~NJ| | L.79 0.07 0.04 0.02 (25)
K; 0.43 0.01 0.02 0.02
50 1
Furthermore, the gamma distribution of the inverse of measure-
ment error variance (1/6%) generated from the Gibbs sampler is
0 ; shown in Fig. 13, and the mode is chosen as the posterior value of
0 0.005 0.01 0.015 0.02

Inversed error covariance (1/02)

Fig. 13 Gamma distribution of the inverse of measurement
error variance

(2000 points) as the burn-in period, a comparison of each pair of
parameter’s distribution is shown in Fig. 11, where contour (a) is
the initial belief (prior distribution) from the pilot run, and con-
tours (b)—(d) are the posterior belief of parameters. The multivari-
ate posterior distribution of identified parameters is shown in Eq.
(25). Figure 12 also demonstrates the improvement in the degree
of uncertainties after each MCMC run. Analysis starts with an ini-
tial degree of uncertainties which is collected from previous avail-
able data or a rational guess. The initial belief as shown in Fig. 12

Table 2 Validation tests cutting conditions, measured power,
and tool flank wear

Test # V, (m/min) f (mm/rev) P (x107% hp) Vb (um)
1 30 0.18 64 84
2 35 0.15 65 73
3 40 0.12 56 92
4 45 0.05 41 80

061014-8 / Vol. 138, JUNE 2016

measurement error variance g% = 51. Now that the unknown pa-
rameters distribution is identified, the performance of the Bayes-
ian inference can be evaluated using the validation tests. Table 2
shows the cutting parameters, spindle power consumption, and
tool flank wear for each of the four new tests. It is fairly straight-
forward to find the posterior distribution of observations (posterior
predictive distribution) as shown in Fig. 14.

The expectation is that the measured power be within the 95%
confidence interval for each of the four tests. As shown in Fig. 15,
the model is able to predict the measured power with good

Posterior Predictive Distribution
*  (I)FOR k=1:N
- Sample Kl-k from posterior distribution
- Sample ¢7 from its posterior distribution
- Sample g, as measurement error
€~ N(Ov 0‘]3)
*  (2)Calculate the power output
P = KENFKE + KENVB + ¢,

«  (3)END FOR

Fig. 14 Posterior predictive distribution algorithm
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Fig. 15 Posterior predictive distribution, measured spindle power (-o- sign)—validation tests 1-4

Table 3 Percentage error of prediction and measurement

Test # Pmeasuremem (X 1073 hp) Ppredicled (X 1073 hp) Error (%)
1 64 75 17
2 65 68 4
3 56 66 18
4 41 39 5

accuracy. Percent error between the measurement and the predic-
tion mean for each test is compared in Table 3. Maximum 18%
error indicates that the algorithm is capable to predict spindle
power consumptions with good degree of accuracy, which implies
validity of identified parameters. As demonstrated in Fig. 15, at

test 4 some of samples of the posterior predictive distribution are
generated in the negative area which is physically impossible. The
nature of a large variance in power prediction in test 4 is due to
the limited number of available experiments for establishing the
model. Limited experiments cause a significantly large measure-
ment error variance which produces a large variation in the output
of the model. However, considering the mean of output prediction
in comparison to the measured power, the error is in acceptable
range (only 5% in test 4).

6.1 Elimination of Prior Belief’s Effect. To eliminate and
reduce the influence of the initial belief distribution, MCMC was
run 50 times to investigate the convergence of unknown parame-
ters mean and variance. On each run, the final points of the chain
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Fig. 16 Evolution of mean (E[K]]) and variance (Var[K}]) of parameters after 50 runs
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were used as the initial points of a new chain and covariance of
samples as a new proposal density covariance. As shown in
Fig. 16, the evolution of mean and variance of each variable con-
verged to a certain value. Variance (which represents uncertain-
ties) never reaches zero which confirms the fact that uncertainties
always exist but can be reduced. Note that although the variation
in unknown parameters reduced significantly, this does not affect
the measurement error variance since the same information from
the experiments was used in the simulations. The reduction in
measurement error variance was only 17%.

7 Conclusions

This work demonstrates the use of the Bayesian parameter iden-
tification in mechanistic model of the tool wear. The focus of this
work is on hard-to-machine alloys which have been shown to
have a poor machinability due to several reasons such as low ther-
mal conductivity and high strength. High tool wear rate while
machining these materials is a major challenge in industrial appli-
cations since it limits the productivity rate. In addition, excessive
tool wear can damage surface quality and causes undesired resid-
ual stress beneath the machined surface. The aforementioned chal-
lenges also limit the available number of experiments for
establishing accurate models since the cutting tool wears out
quickly, and the materials are expensive. To have the accurate
estimation of unknown model parameters, a Bayesian model
establishment method, i.e., a combined technique of MCMC, was
used in this work. This technique can be used for parameter identi-
fication when limited experiments are available, a feature that is
beneficial and cost effective in studying hard-to-machine alloys,
as well as a number of other physical phenomena. The main con-
clusions are summarized below:

e The combined Gibbs—Metropolis algorithm was formulated
for prediction of unknown parameters in a nonlinear mecha-
nistic cutting power model for milling of R-108. The Metrop-
olis algorithm with symmetric proposal density was used for
predicting the model parameters, while the Gibbs sampler
was used for updating measurement error variance.

e A DoE study with mild and aggressive cutting conditions
was used along with high-frequency DAQ to capture a wide
range of tool wear and spindle power consumption. The per-
formance of the algorithm improved significantly after using
data from the first run of MCMC as prior belief for the sec-
ond run. Predicted parameters were successful in estimating
the spindle power consumption with a maximum 18% error
and average error of 8.5%.

The results of this study can be used for monitoring tool wear
while measuring cutting power by simply substituting the identi-
fied distribution of parameters into the mechanistic model as a
measurement model in state-space format and then using the
online Bayesian techniques such as Kalman filter or particle filter
for estimating or predicting the tool wear during machining.
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