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1. Introduction
The digital revolution fueling the growth of datarich
environments,
“BigData”
analytics,
MEMS/NEMS sensor technologies and cloud
computing capabilities are transforming industrial
manufacturing operations into autonomous yet highly
connected smart environments [1]. Concomitantly,
“Smart Apps” that can work under different process
conditions in a plug-and-play mode in manufacturing
shop-floors and enterprises are beginning to be
deployed across manufacturing enterprises to help
assure quality and increase the overall productivity
and sustainability of manufacturing systems. This
trend is also a key driver for the emergence of smart
machine tool platforms whose intrinsic architecture
integrates advanced sensing, processing and
networking capabilities [2].
Despite these initiatives, machine tools for most
manufacturing
environments,
barring
the
microelectronic fabrication operations, are somewhat
slow to harness these advanced sensorizations.
Particularly, low-volume, high-value environments
such as aerospace, biomedical and the energy industry
are at a nascent stage of introducing smart machine
tools as part of their operations.
During the past decade, notable efforts have been
made towards developing intelligent tools for grinding
and other finishing processes [3]. Besides reliability
issues with sensors, a key barrier that has hindered the
wider deployment of smart machine tools is that the
data gathered to-date from sensor measurements are
processed predominantly based on data science
foundations, where the signals are perceived as mere
statistical patterns. Little, if any, efforts have been
made to connect these with underlying process
physics. Consequently, these models and their
predictions tend to be not generalizable beyond narrow
ranges of process conditions. Enhancement of the
predictive capability hinges on the ability to harness
the information generated in these operations to
discern the underlying process. Process-machine
interaction (PMI) modeling provides a systematic
approach to capture this information [4].
Pertinently, the aerospace industry employs
cylindrical grinding process, both in traverse and
2351-9789 © 2018 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of the scientific committee of NAMRI/SME.
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plunge modes, to finish surfaces of their critical
components, such as for air bearings [5]. Stringent
tolerance on surface roughness (Ra) is essential to
assure product performance, and the industry spends
significant efforts and increases the cost markup to
achieve the desired finish on these components. While
our earlier efforts have focused on traverse grinding
[5, 6], this study addresses the cylindrical plunge
grinding process. Here, the system is comparably less
likely to be near a steady state which poses significant
challenges for analysis.
Also, surface finish in cylindrical grinding,
especially plunge grinding, is known to depend
heavily on the process dynamics, especially the forces
and vibrations in the normal (radial) direction [7].
Machine design enhancements, such as increased
stiffness and damping of the machine tool structure
have significantly reduced vibration effects. However,
uncertainties in the workpiece microstructure,
instantaneous wheel geometry and abrasive particle
distribution introduce significant variability to surface
finish, and surface roughness cannot be predicted even
in a well-designed process. Consequently, a sensorbased approach is necessary to predict, and thereby
assure surface quality in plunge grinding process.
Among the sensor signals, structural vibrations
capture variations occurring over finer time scales (<
1 ms) compared to those of thermal and other multiphysical aspects of the plunge grinding process, and
they match the scales at which surface signatures are
created in the process. While prior efforts have
employed vibration signals for monitoring surface
finish and have studied the cutting forces generated in
the process, the gap remains in terms of relating the
physical origins of various patterns of the signals to
the process, especially on how they emerge from the
interaction between the machine tool structure and the
forces from the process. Pertinently, due to the random
nature of distribution of the abrasive particles, both in
terms of their size and geometry, as well as their
spatial dispersion on a grinding wheel, forces in the
plunge grinding process are modulated by the wheel
topography [8-10], especially by how each individual
abrasive particle interacts with the workpiece [11].
These interactions occur at frequencies exceeding 1
kHz. The vibration signals employed for monitoring
the plunge grinding process in earlier works, however,
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were sampled at frequencies much below 1KHz [12].
This has limited our ability to capture the time-scales
of the interactions between the abrasive particles and
the workpiece that are responsible for the generation
of the surface texture. As we show in Section 4,
surface roughness Ra during the finishing of
cylindrical EN-31 steel workpiece on a cylindrical
plunge grinding machine can be predicted to high
accuracies (exceeding 90%) using vibration pattern
over 700-2000 Hz frequency range. This range is
much higher than those of most of the structural
modes.
The objective of the work presented in this paper is
to determine the physical origins of these signals by
employing a lumped mass model so that the feature
extraction scheme can be generalized to various
process settings beyond those employed in our
experimental studies. This work draws upon earlier
efforts, including the seminal efforts of Hahn’s group
[13] to model grinding dynamics and investigate the
regenerative effects as a source of process instabilities.
Few other works considered the workpiece vibrations
alone as the source of regenerative effects [12, 14].
Thompson’s regenerative chatter model [15] captures
the wear effects of the wheel on the workpiece
abrasion. However, their models do not link the effects
of these instabilities on surface quality and integrity.
Previous works focused on the effects of geometrical
conformance of the wheel and relative motion of the

3

wheel and the workpiece on anomalies, such as out-ofroundness, thermal damage and wheel wear [16].
These studies do not explain the random patterns of
the vibration signals and the workpiece surface
signatures.
Earlier works on lumped mass modeling of
cylindrical plunge grinding process dynamics [12, 17]
as well as simulation of surface formation in the
process [7] express grinding forces as a function of
process parameters including depth of cut and feed
rate with some regenerative effect. Dimensional
analysis-based empirical expressions were derived to
estimate this average force [18]. These models ignore
the fluctuations in the forces over finer time scales
(<1ms) that result from random variations in the
abrasive particle sizes, geometry and their dispersion
in the wheel. Consequently, they cannot be employed
to predict the effects of process dynamics on surface
finish.
Towards addressing this gap, we use the
specifications of the wheel surface to develop a
probabilistic model, extending the prior efforts [19,
20] to model random wheel topography. To calculate
the dynamic force at each time step, the variation of
chip thickness along the contact length [9, 11] is
considered. The model assumes spherical indentation
and particle size distribution assumed in [19] to arrive
at the probability of abrasives in the grinding zone.
The model was able to correctly capture the salient

Figure 1 a. Cylindrical grinding machine tool; b. Schematic of experimental setup; c. Photograph - accelerometers mounting
on tailstock; d. Power measurement on grinding wheel motor VFD

4

Bhaskar
et al. / Procedia
Manufacturing
26 000–000
(2018) 700–711
Bhaskar
BotchaBotcha
et al./ Procedia
Manufacturing
00 (2018)

trends in the measured vibration signals relative to
various process parameters.
The remainder of the paper is organized as follows:
Section 2 presents an overview of the experimental
setup employed in the present work. Section 3
discusses the dynamic model and its ability to capture
the salient time and frequency patterns in the measured
vibration signals. Section 4 presents a data-driven
random forest model that uses the vibration signal
features to predict surface roughness Ra to prediction
accuracies exceeding 90%. Section 5 summarizes the
work and delineates the future work directions.
2. Experimental details
2.1. Experimental setup
Experiments were conducted on an external
cylindrical plunge grinding machine (Make: MGTL,
India) as shown in Figure 1(a). This machine has a
direct-drive wheel spindle system with linear motion
guideways for positioning both the table and carriage.
It uses a pre-tensioned carriage ball-screw shaft to
compensate for thermal deformation along the
machine’s X-axis. The machine is capable of
producing parts in IT3 tolerance grade without any inprocess gauging system. Figure 1(b) shows a
schematic of experimental setup employed in this
work. The workpiece is held between the centers of
work head and tailstock. Table 1 specifies the
workpiece and grinding wheel used for experimental
trials. The machine tool was integrated with two
accelerometers and a power cell to measure the
structural vibrations as well as the energy consumption
rates during grinding. A single axis piezoelectric
accelerometer from Dytran (Specifications- Range:
±10g, Sensitivity: 500-1000mV/g) and a hall effect
based powercell (Specifications- Range: 0-25kW,
Output: 0-10 V/set power range) from Loadcontrol
Inc., USA were used to collect data from the grinding
process. A piezoelectric Mahr perthometer is used to
measure surface finish after each stage of the process.
The data acquisition boards NI-DAQ-9234 and an NI
DAQ-9205 were used to collect acceleration and
power data, respectively. The schematic of the sensing
scheme is summarized in Figure 2. The two
accelerometers were mounted over the tailstock quill
along the tangential direction (Y-axis) and along the
in-feed direction (X-axis), respectively, as shown in
Figure 1(b).

703

2.2. Design of experiments
For the grinding experimentation trials, a Central
Composite Design (CCD) with parameter 𝛼𝛼 = 2.366
with five factors was used as the experimental design,
as presented in Table 2. The details of the grinding
cycle parameters selected for each of the four stages of
the grinding process are presented in Table 3. We note
that the speeds of the work and the wheel spindles are
kept constant for all stages within a grinding trial.
Unlike factorial designs, CCD is known to cover the
entire parameter space well (better balance of variance
and bias) and avoids impractical, extreme conditions
that can damage the machine tool.
Table 1 Wheel, work and dresser parameters

Specifications / Details
A80-L5Wheel
V
Workpiece
EN 31
Needle
blade
Dresser
diamond
dresser

MoS

45mps

Hardness

60 HRC

Width of
dresser

0.9mm

Table 2 CCD parameters used in DoE design

Factors

5

Replicates

1

Base runs

54

Total runs

54

Base blocks

3

Total blocks

3

Cube points

32

Axial points

10

Centre points in
cube

8

Centre points in
axial

4

Table 3 Design of experiments - Central Composite Design

Factor
Roughing infeed
(mm/min)
Semi-finishing
infeed (mm/min)
Finishing infeed
(mm/min)
Wheel speed
(m/s)
Work speed
(m/s)

Level 1
0.4

Level 2
0.8

Level 3
1.2

0.2

0.3

0.4

0.01

0.03

0.05

25

35

45

100

200

300

2.3. Measurement and signal acquisition
The vibration and power signals were collected
through the entire cylindrical grinding cycle that spans
the four stages of roughing, semi-finishing, finishing
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and spark-out. The grinding cycles (grinding feed rates
and spark-out timing) were designed for a duration of
10s each. Power signals were measured at a sampling
rate of 66.67 Hz (limited by power cell clock
frequency), while both vibration signals were
measured at rates of 10 kHz. Surface finish was
measured after each stage of a grinding cycle using a
contact type roughness perthometer. Figure 2 presents
the scheme of measurement and data acquisition
employed for experimentation.

Figure 2 Framework - Measurement and data acquisition system

(a)

(b)

Figure 3 Signals collected from experiments (a) Power signal (b)
Accelerometer signal

Time portraits of power and accelerometer signals
for roughing stage of the grinding process are shown
in Figure 3. The change points in the power signal
indicate the start of a stage/engagement of the wheel
with the workpiece. Figure 6 shows the frequency
portraits of the acceleration signals gathered at each of
the four stages of plunge grinding process. The signals
for the representative plots were obtained at the
following conditions: the rough grinding stage was
performed at a feed rate of 1.2 mm/min , semifinishing at 0.2 mm/min and finishing was carried at
0.1 mm/min.
All figures consistently show an active frequency
band in 700-2000 Hz range. This band is of high
pertinence because, as we show in Section 4, it is a
major determinant of the surface finish in the process.
Evidently, the energy in this band decreases by 80%
from the first, rough grinding stage to the fourth,
spark-out stage.

5

These frequencies are known to arise from the
surface generation process and the dynamic model
developed in Section 3 is developed to delineate the
physical origins of this important high-frequency band
and its relevance to surface finish.

Figure 4 Variation of Mean of acceleration and Total energy in
band 1 with stage

The variation of mean of acceleration and average
energy in the 700-2000 Hz band with each stage of
grinding are depicted in Figure 4. The relative change
in surface roughness Ra for the same conditions is
shown in Figure 5. The trends in Figures 4 and 5
suggest that the energy over this frequency band
correlates well with Ra. In Section 4, we show from
the random forest model that these features are indeed
strong determinants of surface roughness during
different stages of grinding.

Figure 5 Variation of surface roughness with stage

6
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obtained through experimental modal analysis studies
performed on the machine tool.

Figure 6 Frequency portraits of accelerometer signals at various
stages of grinding

3. Grinding process dynamics model
A model to predict forces during the plunge
grinding process aims to explain the origins of the
salient patterns of the measured vibration signals noted
in the previous section. It also provides insights as to
why certain frequency bands were found to be strong
determinants of surface signatures as discussed in
Section 4. It must be noted that while several earlier
works have focused on modeling the forces in plunge
grinding [18], little if any, have addressed the
interaction between machine tool structure and forces
arising due to microscopic interactions between the
abrasive particles and the workpiece, which is a key
determinant of surface integrity of components from
this process.
In the proposed three degrees of freedom model,
the relative displacement 𝑥𝑥𝑤𝑤 at the wheel-work
interface along the plunge direction is modelled as a
spring mass damper system. Here, we treat the
workpiece as a lumped spring mass damper system
supported by on two ends by a tail-stock and a headstock each of which is modeled again as spring-mass
damper systems (see Figure 7). The dynamics of the
system can be represented as follows:

𝐹𝐹𝑛𝑛,𝑐𝑐,𝑡𝑡
(1𝑎𝑎)
𝑚𝑚𝑤𝑤
2 (𝑥𝑥
(𝑥𝑥ℎ̈ − 𝑥𝑥𝑤𝑤̈ ) + 2𝜁𝜁ℎ 𝜔𝜔𝑛𝑛,ℎ (𝑥𝑥ℎ̇ − 𝑥𝑥𝑤𝑤̇ ) + 𝜔𝜔𝑛𝑛,ℎ
ℎ − 𝑥𝑥𝑤𝑤 ) = 0 (1𝑏𝑏)
2
(𝑥𝑥𝑡𝑡̈ − 𝑥𝑥𝑤𝑤̈ ) + 2𝜁𝜁ℎ 𝜔𝜔𝑛𝑛,ℎ (𝑥𝑥𝑡𝑡̇ − 𝑥𝑥𝑤𝑤̇ ) + 𝜔𝜔𝑛𝑛,ℎ (𝑥𝑥𝑡𝑡 − 𝑥𝑥𝑤𝑤 ) = 0 (1𝑐𝑐)
2
𝑥𝑥𝑤𝑤̈ + 2𝜁𝜁𝑤𝑤 𝜔𝜔𝑛𝑛,𝑤𝑤 𝑥𝑥𝑤𝑤̇ + 𝜔𝜔𝑛𝑛,𝑤𝑤
𝑥𝑥𝑤𝑤 =

where 𝜁𝜁𝑤𝑤 = 0.2 is the damping ratio of the material
EN-31 steel, 𝜔𝜔𝑛𝑛,𝑤𝑤 is the natural frequency of the
workpiece in its first mode of vibration and 𝑚𝑚𝑤𝑤 is the
mass of the workpiece. Here, 𝑚𝑚𝑤𝑤 = 2𝑘𝑘𝑘𝑘, 𝑚𝑚ℎ =
115.5𝑘𝑘𝑘𝑘, 𝑚𝑚𝑡𝑡 = 75𝑘𝑘𝑘𝑘, 𝑘𝑘𝑤𝑤 = 25.17𝑁𝑁/𝜇𝜇𝜇𝜇, 𝑘𝑘ℎ =
5.68𝑁𝑁/𝜇𝜇𝜇𝜇, 𝑘𝑘𝑡𝑡 = 4.08𝑁𝑁/𝜇𝜇𝜇𝜇 . The parameters were

Figure 7 Three degrees of freedom lumped mass model

To enable numerical simulations, Eq. (1) was
discretized in time so that the overall force along the
plunge direction 𝐹𝐹𝑛𝑛,𝑐𝑐,𝑡𝑡 at each time is the sum of forces
exerted by each abrasive particle 𝑖𝑖, given by
𝑔𝑔𝑡𝑡

𝐹𝐹𝑛𝑛,𝑐𝑐,𝑡𝑡 = ∑ 𝐹𝐹𝑡𝑡𝑖𝑖
𝑖𝑖=1

(2)

where 𝑔𝑔𝑡𝑡 is a random variable capturing the number
of cutting particles in the grinding zone at time 𝑡𝑡. As
outlined in the foregoing, the earlier empirical models
to estimate 𝐹𝐹𝑡𝑡 do not capture the variation of forces
over finer time-scales where the penetration depth
changes along the contact length. Hence, an analytical
chip thickness model [21] was adopted to capture the
dynamic forces. The force for a single cutting abrasive
particle at time instant 𝑡𝑡 is the product of the effective
area the abrasive interacts with the work material (𝐴𝐴𝑡𝑡 )
and the specific cutting energy 𝜅𝜅, i.e.,
(3)
𝐹𝐹𝑡𝑡𝑖𝑖 = 𝜅𝜅𝐴𝐴𝑖𝑖𝑡𝑡
The specific cutting energy depends on various
factors like dressing parameters, grit parameters, grit
dulling, wheel wear, etc. The value of 𝜅𝜅 is estimated
using the power data [22] from experiments as it is the
power consumed per unit volume of material removed.
As an abrasive indents into the workpiece at an
𝑖𝑖
, the area of work material it
indentation depth 𝑎𝑎𝑔𝑔,𝑡𝑡
interacts with is approximated to be a hemisphere with
𝑖𝑖
𝑖𝑖
indentation radius 𝑎𝑎𝑔𝑔,
eff,𝑡𝑡 , where 𝑎𝑎𝑔𝑔,eff,𝑡𝑡 is the effective
indentation depth of abrasive 𝑖𝑖 taking into account the
vibration of the workpiece due to the variable force
excitation on the lumped mass system as shown in
Figure 8, i.e.
𝑖𝑖
𝑖𝑖
(4)
𝑎𝑎𝑔𝑔,
eff,𝑡𝑡 = 𝑎𝑎𝑔𝑔,𝑡𝑡 + 𝑥𝑥𝑡𝑡−∆𝑡𝑡
𝑖𝑖
where 𝑎𝑎𝑔𝑔,𝑡𝑡
is the indentation of abrasive 𝑖𝑖 at time 𝑡𝑡
given by,
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𝑖𝑖
𝑖𝑖
𝑎𝑎𝑔𝑔,𝑡𝑡
= 𝑎𝑎𝑔𝑔,0
+

7

𝑖𝑖
𝑡𝑡 − 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑖𝑖
𝑖𝑖
(5)
(𝑎𝑎𝑔𝑔,𝑚𝑚𝑚𝑚𝑚𝑚
− 𝑎𝑎𝑔𝑔,0
)
𝑖𝑖
𝑖𝑖
𝑡𝑡𝑒𝑒𝑒𝑒𝑒𝑒
− 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑖𝑖
is the initial indentation of the abrasive
Here, 𝑎𝑎𝑔𝑔,0
𝑖𝑖
and 𝑎𝑎𝑔𝑔,𝑚𝑚𝑚𝑚𝑚𝑚 is the maximum uncut chip thickness for
𝑖𝑖
. It is assumed that the
an indentation of 𝑎𝑎𝑔𝑔,0
indentation of the grit varies linearly along the contact
zone, even though it is known that the grit path follows
a trochoid pattern. This is a reasonable assumption,
considering the extremely small contact length of the
grinding zone. 𝑥𝑥𝑡𝑡−∆𝑡𝑡 is the displacement of the
workpiece at the previous time instant 𝑡𝑡 − ∆𝑡𝑡.

Figure 8 Effect of displacement of work-piece on depth of cut

The area of contact with the workpiece for each
abrasive particle 𝐴𝐴𝑖𝑖𝑡𝑡 is given by
𝐴𝐴𝑖𝑖𝑡𝑡 = 𝜋𝜋

𝑖𝑖
𝑎𝑎𝑔𝑔,
eff,𝑡𝑡

2

2

(6)

To obtain the penetration depth of each particle,
abrasives embedded in the grinding wheel are assumed
to be randomly distributed on the surface of the wheel.
The interactions between the abrasives and workpiece
during the process cause the removal of asperities on
the workpiece surface. The engagement of each
abrasive particle with the workpiece results in an
excitation which persists until the grit leaves the
grinding zone. Thus, the total excitation at any point
of time is the sum of all the excitations of the abrasives
cutting in the grinding zone 𝑁𝑁𝑔𝑔 at that instant. 𝑁𝑁𝑔𝑔 is a
random variable which depends on the wheel
properties like abrasive particle spacing, volume
composition of abrasives and material removal rate
(MRR). In this work, we use a probabilistic model [19]
to arrive at the number of cutting points per unit area
𝑁𝑁𝑎𝑎 in the wheel used to subsequently derive 𝑁𝑁𝑔𝑔 . In this
case, for an A-80-L-V-5 alumina wheel, 𝑁𝑁𝑎𝑎 was
estimated to be 4.93 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔/𝑐𝑐𝑚𝑚2 .

Figure 9 Abrasive distribution on wheel surface

The computation of 𝑁𝑁𝑔𝑔 from 𝑁𝑁𝑎𝑎 can be approached
in two ways. Earlier models assign the grains’ centers
to spatial locations [23-25] on the wheel surface and
store the entire array of coordinates and grit sizes. This
is computationally very expensive from a process
simulation standpoint. This approach also results in a
fixed grinding wheel with specified coordinates for
abrasives on the wheel surface as shown in Figure 9.
The approach used in the present model is different
as we used the randomness of the grinding wheel to
estimate when an abrasive particle hits the workpiece
i.e., to know at what instant an abrasive starts
engagement and the instant the abrasive leaves the
surface. In particular, the inter-arrival times 𝑡𝑡 𝑖𝑖
between successive hits – abrasive 𝑖𝑖 and 𝑖𝑖 + 1 is
modeled as an exponential random variable
𝑖𝑖+1
𝑖𝑖
(7)
− 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
~ exp(𝜆𝜆 )
𝛿𝛿𝑡𝑡𝑠𝑠 = 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
Modeling inter-arrival times as an exponential
random variable essentially means the counting
process involved (the number of abrasives in the
grinding zone) involved follows a Poisson random
variable with parameter 𝜆𝜆∆𝑡𝑡 , where ∆𝑡𝑡 is the
simulation time interval and 𝜆𝜆 is the average number
of abrasive particles passing the grinding zone per
second. The exponential distribution possesses
memory-less property, i.e., the next instant when the
abrasive hits the work-piece is not dependent on when
the previous particle had hit the workpiece. This is
reasonable in case of a grinding wheel due to
randomness in grit distribution as a consequence of
random loose packing of abrasives.
1
The average inter-arrival time is modelled such
𝜆𝜆
that the probability of finding at least one abrasive in
the grinding zone is greater than zero. Also, the grit
sizes, which follow a Gaussian distribution [19] with
a minimum and maximum diameter are sampled at
each and every instant which captures the randomness
in the grit size. Due to a few effects like friability and
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chip loading in grinding, this kind of modeling
captures the high variability in the process.
𝑧𝑧 − 𝑧𝑧𝑚𝑚𝑚𝑚𝑚𝑚
(𝑑𝑑
𝑑𝑑𝑔𝑔 = 𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 +
− 𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 ) (8)
𝑧𝑧𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑧𝑧𝑚𝑚𝑚𝑚𝑛𝑛 𝑚𝑚𝑚𝑚𝑚𝑚

where 𝑧𝑧~𝑁𝑁(0,1) , 𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 are the minimum
and maximum grit sizes, respectively.
The expected inter-arrival time 1/𝜆𝜆 is given by,
1 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
(9)
=
𝜆𝜆 𝑁𝑁𝑎𝑎 𝐴𝐴𝑔𝑔 𝑟𝑟
where 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the sweep time for an abrasive
particle, 𝐴𝐴𝑔𝑔 = 𝑏𝑏𝐿𝐿𝑖𝑖 , and 1 < 𝑟𝑟 < 1.5 is a fixed ratio for
increasing the probability of finding at least one
abrasive particle, where 𝐿𝐿𝑖𝑖 is the contact length for
𝑖𝑖
𝑖𝑖
abrasive 𝑖𝑖 given by 𝐿𝐿𝑖𝑖 = √𝐷𝐷𝑠𝑠 𝑎𝑎𝑔𝑔,𝑒𝑒𝑒𝑒𝑒𝑒
, 𝐷𝐷𝑠𝑠 and 𝑎𝑎𝑔𝑔,𝑒𝑒𝑒𝑒𝑒𝑒
are

wheel diameter and the effective penetration of
abrasive 𝑖𝑖 , respectively, and 𝑏𝑏 is the width of
engagement of the wheel and work surfaces. Starting
𝑖𝑖
𝑖𝑖
and 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
−
at 𝑡𝑡 = 0 , abrasive 𝑖𝑖 engages at 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑖𝑖−1
𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = δt s , which is a realization of exp(𝜆𝜆) random
𝑖𝑖
variable and the end time of engagement, 𝑡𝑡𝑒𝑒𝑒𝑒𝑒𝑒
=
𝑖𝑖
𝑖𝑖
𝑖𝑖
𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 . The simulation is continued until 𝑡𝑡𝑒𝑒𝑒𝑒𝑒𝑒
reaches end of simulation time 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠 .
After obtaining the start and engagement times for
each abrasive particle (see Figure 10), force at each
instant is calculated as a sum of all forces in the
grinding zone at time 𝑇𝑇 which is discretized from the
start to end of simulation in steps, such that at any two
consecutive time instants, there is a non-zero
probability that at least one abrasive is in more than
one time instant. This is better illustrated in Figure 10.
In this current case, ∆𝑇𝑇 was taken as 5 × 10−6 s,
considering different feed rates at which the
experiments were run.

Figure 10 Abrasive particle i at two successive time instants

Figure 11 Frequency portraits of simulated acceleration signals for
feeds (a) 3 mm/min (b) 2 mm/min (c) 0.5 mm/min (d) 0.1 mm/min

Figure 11 shows the frequency portraits of
acceleration signals obtained from the simulation of
cutting particles’ interaction on the workpiece. It is
evident from the frequency spectrum that the overall
energy of the spectrum decreases with decreasing
feed-rates which was the same observation from
experiments (see Figure 6). This is due to lowering of
effective penetration of each abrasive with lowered
feed rates. Lower penetration depth implies lower chip
thickness and consequently a lower force on the
workpiece. The simulated acceleration signals are
shown in Figure 12 for in-feed rates of 3 𝑚𝑚𝑚𝑚/𝑚𝑚𝑚𝑚𝑚𝑚,
2 𝑚𝑚𝑚𝑚/𝑚𝑚𝑚𝑚𝑚𝑚 and 0.5 𝑚𝑚𝑚𝑚/𝑚𝑚𝑚𝑚𝑚𝑚 and 0.1𝑚𝑚𝑚𝑚/𝑚𝑚𝑚𝑚𝑚𝑚. The
maximum magnitude of acceleration drops with
decreasing in-feed rate as a result of decrease in the
number of active abrasives following a similar
argument [19]. Also, results from simulation show that
the 700-2000 Hz dominant frequency band and the
decay of frequencies at very high frequencies as
observed from experiments. The frequency spectrum
was obtained with excitation from cutting abrasives
grains alone. Section 4 further discusses why the band
of interest, i.e. 700-2000 Hz is of significance than the
other frequencies and how the change in the mean of
acceleration as a result of increasing feed rates are
important in prediction of surface roughness in
cylindrical plunge grinding.
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Table 5 Frequency domain features from accelerometers

Features

Total energy
Energy in band 1
Energy in band 2

Figure 12 Time portraits of simulated acceleration signals for feeds
(a) 3 mm/min (b) 2 mm/min (c) 0.5 mm/min (d) 0.1 mm/min

4. Surface roughness estimation
In the present scenario, we utilize data from three
sensors, namely, two accelerometers and a power cell
to build a data-driven model which can estimate
surface roughness in grinding. The features extracted
from the signals to predict Ra are divided into timedomain and frequency domain features. The time
domain features extracted are shown in Table 4. These
are essentially descriptive statistical quantifiers of the
measured signals. The frequency features extracted
from accelerometer signals are shown in Table 5. Note
that frequency domain features were not extracted
from power signals as the sampling rate was very low
(66.67 Hz). The variations over this band would only
to due to structural dynamics and cannot capture the
high-frequency surface generation process and the
characteristics of process machine interactions. Also,
power signals were used to capture the specific cutting
energy 𝜅𝜅 as discussed in Section 3 to arrive at cutting
forces; as such it does not require high-frequency
sampling, thereby reducing data storage and
processing requirements.
Table 4 Time domain features from three sensors

Features

Peak
Mean
Std. deviation
Skewness
Kurtosis
Peak to peak

Power







Acceleration Acceleration
(Normal)
(Tangential)












Acceleration Acceleration
(Normal)
(Tangential)







In addition to these features, process parameters,
namely wheel speed, work speed and in-feed rate of
the spindle carriage were included as inputs to
construct the model to predict the roughness Ra.
Altogether, 23 features (6 for power signal, 7×2=14
for the two accelerometers and 3 machine settings)
were used. We also determine the process parameters
as well as signal features that are the strongest
determinants of the surface finish in the plunge
grinding process.
Resampling methods, such as bagging and random
forests offer an attractive means to capture the
underlying nonlinear relationships without imposing
biased structures, as in conventional regression
methods. They can also reuse the sparse experimental
data to capture the empirical relationships connecting
the features 𝑿𝑿(𝒊𝒊) extracted based on the foregoing
analytical model as well as experimental observations
to predict surface roughness Ra at every stage of the
plunge grinding process, and obtain the error estimates
for performance benchmarking.
(𝑖𝑖)
Given a feature set ℧ = {(𝑿𝑿(𝒊𝒊) , 𝑅𝑅𝑅𝑅 )}, 𝑖𝑖 =

1,2, . . 𝑁𝑁 , from experiments, random forest model
generates ℬ new bootstrap training datasets ℧𝑗𝑗 , 𝑗𝑗 =
1,2, . . ℬ, each of size 𝑁𝑁 by sampling from the original
experimental data ℧ with replacement. We note that
the bootstrapping process allows some observations to
be repeated in each ℧𝑗𝑗 as it involves sampling with
replacement. For each ℧𝑗𝑗 , a random p/3 out of the p
features are retained. A total of ℬ different decision
trees are constructed, each using a particular bootstrap
training dataset ℧𝑗𝑗 . The predictions of Ra from each of
these trees are combined (here, averaged) to provide
an aggregated output. The combination of aggregation
of predictions from multiple (tree) models together
with the use of different sets of input features to model
each tree helps reduce variance and avoid overfitting.
Earlier studies including our recent investigations
[26] suggest that Random Forests (RF) compare well
with other classification algorithms for capturing the
complicated relationships connecting the process
parameters, signal features and the surface roughness.
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They perform particularly well whenever a large
number of signal features and covariates are
considered in a high-dimensional input space (here, 23
dimensions). RFs also provide reliable internal
estimates to monitor error rates, and it has sharp
measures to rank significance of features. For
performance quantification, we use the out-of-bag
(OOB) error rate and mean decrease in Gini index in a
region m given by 𝐺𝐺 = ∑𝐾𝐾
𝑘𝑘=1 𝑝𝑝̂ 𝑚𝑚𝑚𝑚 (1 − 𝑝𝑝̂𝑚𝑚𝑚𝑚 ), where
𝑝𝑝̂𝑚𝑚𝑚𝑚 is the estimate of the probability that an element
in a region m of the feature space belongs to class k. If
the Gini index decrease is high while perturbing a
feature, it suggests that the particular feature (or
covariate) is important (see Figure 14). This provides
an information-theoretic feature significance measure,
which inherits the invariance property of the decision
rules, i.e., absolute values of the features do not matter.

Figure 13 Surface roughness comparison – Predicted vs
Experimental (Observed) values

The results from the random forest classifier for Ra
estimation and are shown in Figure 13. As summarized
in the figure the results show that the model can predict
Ra to accuracies exceeding R2 of 93% with crossvalidation, and 89% with the testing data set obtained
from subsequent confirmatory experiments. Also, it
can be observed that the variation in Ra values near
lower values of surface roughness (near finishing
stage) is low and variability at higher surface
roughness is high. This can be attributed to the
parameter space considered for predictions. The initial
surface of the work plays an important role in
predicting the final roughness and it has high
variability. For any other stage other than roughing,
the effect of treatment conditions are the same and
hence a lower variability can be observed in the finer
finish region. Also, an important observation made
during building these models was the importance of a
few predictors in building a random forest model. This
is a key motivation to assess as to what extent the highfrequency dynamics, influences the surface generation
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process in cylindrical plunge grinding, and how the
features capturing the vibrations at these frequencies
can predict Ra values.

Figure 14 Importance of features – Random forest

The importance of variables in predicting surface
roughness was estimated based on the extent to which
the mean square error in predicting Ra would increase
if a particular feature is not included. It was observed
that the energy in frequency band with frequencies
ranging from 700-2000 Hz as well as the mean of
vibration signals were found to be the most important
features that influence Ra. These experimental
observations essentially have motivated to pursue the
modeling investigations, specifically to explore the
hypothesis that these high-frequency vibrations, which
have not been studied in the plunge grinding process
heretofore, arise from the forces generated as a result
of random abrasive particle hitting, reinforced by the
relative vibration of the workpiece due to these forces.
The output of the lumped mass model considers the
excitation only with the cutting forces due to this
random hitting, and ignores the effects of plowing and
rubbing (burnishing). Inclusion of these features into
the model may be able to capture the salient trends of
these important variables, especially the variations in
the spectral content over the 700-2000 Hz frequency
range.
The Random Forest model developed was
compared with several other methods, such as a
multiple-linear regression, regression tree, and support
vector machine (SVM) for predicting surface
roughness. We note that the important features
determined based on the random forest classifier were
used to inputs to the linear regression model. Such a
comparison would provide a robust machine learning
approach to fuse and/or pick the best model as shown
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in Figure 15. Here, the model with best 𝑅𝑅2 and lowest
𝑀𝑀𝑀𝑀𝑀𝑀 was chosen as the best model. A multiple linear
regression developed based on the important features
identified via the random forest model provided the
best prediction accuracies with highest 𝑅𝑅2 under cross
validation. One of the reasons for such a high crossvalidation performance is due to the inclusion of
nonlinear and interaction terms. The random forest
model had a prediction accuracy of 93% which is the
second best model after multiple linear regression.
Additionally, it yielded the high R2 with test data sets.
As noted earlier, the results from importance plots in
Figure 14 were in line with the results from the
simulation of forces, showing similar trends in these
features as observed from experiments. Hence,
random forest was considered the best model for
prediction of surface roughness in this case.

Figure 15 Flowchart of methodology to obtain best model

Figure 16 Comparison of performance of different models

5. Conclusions
Cylindrical plunge grinding process has been
employed, especially in the aerospace, automotive and
defense manufacturing sectors to realize products with
sub-micrometer finish on high-valued components.
Assurance of quality in this finishing process is of
utmost importance and this requires a critical
understanding of the physical relationship connecting
the material removal mechanisms with the signal
patterns and the machine settings. Towards this end,
experiments were conducted on a precision cylindrical
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grinding machine developed at Indian Institute of
Technology, Madras. The machine was equipped with
three sensors, namely, two accelerometers and a
power-cell. The sensors were used in tandem to
monitor the process at different process conditions.
Next, we investigated a process-machine
interaction (PMI) model to characterize the process
dynamics to better explain the surface generation in
cylindrical plunge grinding process. An analytical,
three degree of freedom model was developed to
capture the nonlinear relationship connecting the
process parameters including the infeed rate and the
spindle speeds with the cutting force, as well as
modulation of the forces due to the random spatiotemporal distribution of the abrasive particles and their
engagement with the vibrating workpiece. The
simulation outputs were able to correctly capture the
variations in vibration signal energy with the process
conditions, especially over the 700-2000Hz frequency
band.
Subsequently, various time and frequency domain
features were extracted from the signals and a random
forest machine learning algorithm was developed to
estimate surface roughness (Ra) using these extracted
features and process parameters. The results suggest
that the random forest model can predict surface
roughness with accuracies above 90%. Analysis of the
machine learning model also suggests that the energy
of the 700-2000Hz frequency band is one of the most
important predictors of Ra. In other words, variations
in the roughness patterns can be discerned from
tracking vibration patterns over this frequency band.
This result opens an exciting opportunity to design the
wheel signature and machine parameters, based on
inverse analysis of the PMI model, to realize a
particular finish pattern. This can greatly reduce the
reliance on an elaborate statistical design of
experiments and such conventional approaches that
tend to be expensive for high-value product
manufacturing. Apart from suggesting the practical
value of the approach, the results from the model also
helped shed light on the frequency domain features of
the signal which contributed the most towards
prediction of surface roughness.
Taken together, these investigations using the
physical model and data-driven models using multisensor fusion approach help us choose stable process
conditions to achieve a desired level of finish, which
helps maintain tight control over quality of the
process. These class of lumped mass and machine
learning models which can predict the performance of
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a manufacturing process can lead to development of
digital plug and play “Apps” for manufacturing which
is an emerging need in the context of smart
manufacturing.
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