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ABSTRACT
Real-time quality monitoring continues to gain interest within the manufacturing domain as new
and faster sensors are being developed. Unfortunately, most quality monitoring solutions are still
based on collecting data from the end product. From a process improvement point of view, it is
definitely more advantageous to proactively monitor quality directly in the process instead of the
product, so that the consequences of a defective part can be minimized or even eliminated. In this
dissertation, new methods for in-line process monitoring are explored using multiple sensors. In
the first case, a new cutting force-based monitoring methodology was developed to detect out of
control conditions in a broaching operation. The second part of this thesis focusses on the
development of a test bed for monitoring the tool condition in a turning operation. The
constructed test bed includes the combination of multiple sensors signals including, temperature,
vibrations, and energy measurements.
Here, the proposed SPC strategy integrates sensor data with engineering knowledge to produce
quick, reliable results using proven profile monitoring techniques. While, the already existing
methods are based on raw process data which requires more features to monitor without any loss
of information. This technique is straight forward and able to monitor the process
comprehensively with less number of features. Consequently, this also adds to the group of tools
that are available for the practitioner.
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PREFACE
This report has been prepared solely by the author which consolidates the research work
performed in the Intelligent Manufacturing and Assembly Systems (IMAS) Lab, a wing of
Center for Innovation based Manufacturing (CIbM) between Jan 2012 and April 2013. As in any
research, some of the ideas proposed are an inspiration of others research work for which
references have been provided to my best. All the photographs and figures that are included in
this report are made by the author.
My interest for machines and processes as well as my previous industry experience in the quality
control domain were the strong reasons for me to seek an opening in IMAS. Luckily, In Sept
2011, I was given a chance by Dr. Camelio, Director of IMAS, to assist Lee Wells in building a
welding test bed for his research work. It was quite challenging in the beginning but very soon I
enjoyed doing it as the concept and nature of work perfectly matched with my imagination about
research. Within few months of working on this project, I got the opportunity to handle a project
individually about tool-wear monitoring in turning process and since this project had a similar
research flavor, I immediately accepted it.
This new project is being funded by the Commonwealth Center for Advanced Manufacturing
(CCAM). The original project scope included an evaluation of current literature in the area of
machining process monitoring using in-line measurements. Phase I of this project also included
tasks such as identification of a sensor suite for in-line process monitoring, design and
implementation of data acquisition system and evaluation of their performance by accelerated
tests.
Soon after beginning the lathe project, I also engaged myself in designing & implementing a testbed for a broaching process. The goal of this new project was to develop a statistical monitoring
ix

technique to detect process deviations. This work is documented as a conference paper, which
has been already accepted and soon to appear in the “Proceedings of NAMRI/SME 2013”. Dr.
Camelio, Mr. Lee Wells, and Mr. John Robertson are the other co-authors of this paper.
Hence, the research work carried out with respect to the above mentioned projects is presented in
this thesis report. During this process, I am happy that my knowledge about Statistical Quality
Control (SQC), Data Acquisition (DAQ), and Data Mining has increased appreciably.
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Introduction

1.1 Motivation
The emphasis on quality has always been there in all industrial sectors including medicine,
aerospace, energy, automotive etc. and new quality systems like Six Sigma, Total Quality
Management keep evolving continuously. The most important reason for increasing importance
to such concepts is to establish a stable market place and considering the current trend, this can
only be possible by delivering products that not just satisfy but also delight customers.
Two well-known strategies adopted to handle this challenge are by designing new products or by
improving the manufacturing processes to make parts with better quality. Very often, the scope
for improvement is vast in the processes side. Machining is a common manufacturing process
whose presence is almost everywhere from tiny machine shops to massive industries. Milling,
turning, drilling, broaching, gear shaping are some of the most commonly used machining
processes. Many efforts have been taken in the past to improve machining processes. The use of
real in-process data combined with statistical analysis techniques has become a promising field,
more specifically with the advent of new fast and sophisticated sensors. In this direction, multi channel heterogeneous data fusion has become a popular topic of research.
This thesis presents the groundwork involved in achieving reliable and robust process monitoring
techniques suitable for industrial applications. The presented work specifically concentrates on
processes such as broaching and turning, which are of interest to our industrial partners.
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1.2 Thesis Layout
This thesis report comprises of four main chapters. Chapter two presents a developed statistical
monitoring technique for broaching process using energy features extracted from cutting force
signatures. The third chapter includes the work carried out in developing a sensor suite for
monitoring the turning process with the help of in-process heterogeneous data. This section
discusses and concentrates more on the design and implementation of the test bed with some
results and understandings from the accelerated tests that were conducted. Chapter four draws
conclusions and future directions of this research work.
It should be noted that the chapter two is an accepted paper and soon to appear in the
Proceedings of NAMRI/SME 2013. Also, it is currently in the process of being improved to be
submitted to the SME Journal of Manufacturing Systems.

2
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Statistical Monitoring of Broaching Process using
Energy Features extracted from Force Signatures
(John Robertson, Arvinth Chandar Rathinam, Lee Wells, Jaime Camelio (2013). Statistical Monitoring for Broaching
Processes Using Energy Features Extracted from Cutting Force Signatures. Proceedings of NAMRI/SME, Vol. 41.
Reprinted by permission of the Society of Manufacturing Engineers)

2.1 Abstract
The implementation of statistical process control (SPC) strategies over the past several
decades has been fundamental in improving product quality in manufacturing. This is especially
true for machining processes, where maintaining tight tolerances is critical to overall product
quality and end-user performance. However, more often than not SPC strategies for machining
processes focus on monitoring product data rather than process data, which tends to hinder the
ability of the system to detect process shifts. This is due to the fact that a shift in a machining
process may not immediately affect the quality of the part being machined. Therefore, in order to
increase the pool of machining process monitoring tools available to practitioners, this paper
introduces a new SPC approach for monitoring broaching process data. This approach is based
upon using current profile monitoring techniques to detect shifts in broaching energy curves.
These energy curves are obtained via real-time cutting forces measured during broaching. In the
proposed approach, these energy curves are segmented into piecewise linear functions. This
segmentation approach allows for specific sections of the broach to be monitored independently
and increases the sensitivity of the system to detect localized shifts in the broach. A laboratorybased case study of a hexagonal broaching process is used to validate the proposed quality
control approach.
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2.2 Introduction
Machining is an essential process in most manufacturing systems as it can create a variety of
part features over a wide range of materials. Moreover it can do so while maintaining tight
tolerances. However, due to the aggressive nature of machining, abnormal conditions such as;
tool fracture, tool wear, work hardening, and chatter can drastically impact the end-product's
quality. As companies face strong competition to capture market share, increasing product
quality and process efficiency is vital for survival. This has driven the need to develop more
advanced quality monitoring techniques that are able to take advantage of the wealth of
information available in current manufacturing systems.
There has been a significant amount of research in monitoring process data for common
machining processes, namely; turning, milling, shaping and drilling. However, for the most part,
these processes are not suitable to manufacture parts with intricate geometries. Instead, many
industrial applications, from aerospace to power generation rely on specialized processes such
as; hobbing, broaching, forming, and boring. In order to maintain high quality for these
specialized processes requires developing new SPC strategies designed around the uniqueness of
the process data. Specifically, this paper will focus on broaching, which has very wide array of
applications as it is capable of producing numerous shapes including; rounds, squares, polygons,
splines, and keyways.
Broaching is generally used for machining complex geometries such as keyholes or helical
grooves, which tend to be difficult or impossible to machine using more common methods. One
such application is the machining of Christmas tree-shaped slots used on turbine engine discs for
inserting turbine blades. Given that this is an aerospace application requires these parts be
manufactured from high strength materials such as Nickel and Titanium alloys. In addition, the
4

machining of these parts is costly and time consuming, so scrapping a turbine disc is highly
unfavorable. All together this makes the broaching of these parts a very crucial process in terms
of part accuracy, precision, and quality.
One of the main challenges in monitoring the broaching process is the inability to directly
observe tool wear without stopping the process. When the tool is inspected, it is often done
visually by an expert who determines the tool condition, which can be highly inconsistent or
inaccurate. Due to the extreme cost of broaching tools, if the condition of a broach is deemed
poor the tool is often sent for reconditioning (grinding). However, the only way to truly
maximize the quality of broaching is to continuously monitor tool conditions, as the condition of
the tool directly affects the quality of the machined part. Therefore, the ultimate goal of this
research is to implement an automatic monitoring tool for broaching, ensuring that the tool and
process conditions remain unchanged. In this paper we address this goal by proposing a
monitoring approach based upon current profile monitoring techniques to indirectly monitor
process conditions via broach cutting forces.

2.3 Literature Review
Process monitoring is the use of observable and measurable process and product parameters
to evaluate the state of a system. These parameters include product features such as; surface
roughness or geometric dimensions and process variables, such as; machine speeds and forces.
As advanced sensor technologies being used in manufacturing there is a continual need to adapt
and refine current statistical process monitoring and quality control methods to take full
advantage of the available data. For instance, current manufacturing system collects continuous
streams of data from numerous system sensors. One could use traditional univariate techniques,
5

such as monitoring the average or maximum value. However, evaluating just the average or
maximum value can exclude many important features and lead to high false alarm and
misdetection rates [Ding et al., 2006]. In order to truly use this data to its fullest, new monitoring
strategies must be explored.
Advances in statistical and mathematical analyses of continuous signals include the use of
multivariate control charts, profile monitoring, and signature analysis. Multivariate control
charting is an extension of traditional discrete measurement control charting to monitor multiple
parameters simultaneously. Messauod et al., [2007] proposed a rank based multivariate
exponentially weighted moving average (MEWMA) control chart to monitor residual values in a
drilling process. Similarly a multivariate control chart system was used by Zhou et al. [2004] to
monitor cyclical tonnage signals. Jin [2004] suggested the segmentation of signals and using a
Hotelling T2 control chart to monitor out of control conditions and identify specific faults in a
stamping process. Dimla Sr et al., [2000] introduced a MLP based tool state classification
technique for monitoring tool wear in turning operations using single wear and two wear
indicators.
Profile monitoring seeks to evaluate the relationship between a response variable and one or
more explanatory variables over time [Woodall, 2007]. The simple linear profile case is modeled
as

(1)

which relates the explanatory variable
observation, where

to the response

for the

is regression residuals [Noorossana et al., 2012].
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The majority of research in profile monitoring has been through linear profiles characterized
by regression models [Woodall, 2007]. Jensen et al. [2009] explored nonlinear mixed models to
account for autocorrelation within a profile. Nonparametric methods are useful when a
regression model is not satisfactory or it is very difficult to represent the profile through a model.
Finally, signature analysis, like profile monitoring, seeks to establish and monitor
relationships between signals and critical variables. Signature analysis has evolved from
advances in signal processing, particularly wavelet transforms, whereas profile monitoring has
grown from the statistics field with regression models. Wavelet transforms have been the focus
of most signature analysis studies, where the Haar transform seems to be the most common. The
Haar transform has been used for direct process monitoring in stamping processes [Ko et al.,
1995; Jin et al., 2001; Zhou et al., 2006]. Elbestawi et al. [1991] developed an online tool
condition monitoring system for milling using signature features extracted from cutting force
signals. Features extracted using wavelet transforms of force signals were monitored using SPC
techniques to detect tool malfunctions [Shi et al., 2007].
As mentioned previously, research specific to broaching processes has been very limited. A
design of experiments was performed by Mo et al. [2004] to investigate the relationships
between input parameters such as; material, coolant, rake angle, rise per tooth, and cutting speed
affect cutting forces and surface roughness. Axinte [2007] studied the effects of vibrations on
chatter marks and indentations. Boud et al., [2008] showed how tool wear and surface anomalies
are correlated to signals such as force; pressure, acoustic emission, and table displacement.
Axinte et al. [2002] studied the relationship between tool wear and signals such as; force,
pressure, vibration, and acoustic emission. Research done by Shi et al. [2006] developed an
online monitoring system using force signals to detect systems shifts while implementing a short
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time Fourier transform for feature extraction. The monitoring system requires many calculations
(e.g. automatic alignment technique, decomposition of broaching forces) that are feasible for
researchers to use but may be difficult to implement in industry.

2.4 Methodology
In this paper, a new methodology is proposed to detect abnormal conditions for a broaching
process in real-time. This approach is based off of the assumption that a broach is designed so
that the energy required by each tooth is constant. Under this assumption, the total required
energy of the broach should be linear and can therefore be monitored as a linear profile. These
energy profiles are obtained from the broaching forces that occur during the process, as

∫

where
position

( )

(2)

is the total energy required from the broaching force ( ) occurring from position 0 to
for the

th

data point in the

th

observation. Using Eq. 1, the resulting linear profile to

be monitored is

(3)

However, the assumption of a completely linear energy curve does not hold true for many broach
designs. Often broaches are designed in segments, which results in a piecewise linear energy
curve. In order to account for these, the entire energy curve will be broken into segments, where
each segment will be monitored independently. Specifically Eq. 2 becomes
8

∫

where
noted that

and

( )

(4)

are the lower and upper bounds of the
and

th

segment, respectively. It should be

. The linear profile to be monitored for the

th

profile is then

(5)

While this segmentation strategy is implemented to overcome a flaw in the original assumption,
it also provides the control chart scheme with a significant benefit. Specifically, segmenting the
energy curve increases the sensitivity to signal under the presence of a localized shift in the
broaching tools (e.g. a chip in a single tooth). With this in mind, it may be advantageous to
segment the energy profile more than what would be necessary to obtain linear profiles.
In this proposed approach,

(slope) and the sum of absolute residual values,

∑|

|

(6)

are monitored independently using traditional Shewhart control charts for individual
measurements. The control limits for the I-chart (Montgomery, 2009) are defined as:

̅̅̅̅̅

̅

̅
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(7)
(8)

̅̅̅̅̅

̅

(9)

The moving range for a span of two observations is defined as:

|

|

For a moving range of two observations,

(10)

. Since observations in most broaching

processes tend to be obtained at a relatively slow rate it is inconvenient to use sample sizes of
. In addition, given the cost associated with scrapping parts, waiting for enough
observations to fill a sub-group could be devastating.

2.4 Test-Bed Overview
In order to validate the proposed approach, a test-bed was designed around using a Tinius Olsen
Super L tensile testing machine (Fig. 2.1). The test-bed incorporates a 0.75" hexagonal broach
tool, made out of High Speed Steel, with 32 teeth, and 0.375" pitch (Fig. 2.2a). The workpiece
samples are made of low carbon steel of size 2" x 2" with 1" thickness and a pilot hole of 0.75"
diameter (Fig. 2.2b). Considering that the broach has a pitch of 0.375” and the workpiece has a
thickness of 1”, between two and three teeth are engaged in the workpiece during machining;
except for the beginning and end of the process of course. These work pieces are attached to the
testing machine via a fixture designed to collect force signals in all three principle directions
(Fig. 2.3). Most importantly, this fixture was designed such that there is not much disturbance
caused to the sensors while loading and unloading workpiece specimens.
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Cross-head

Ram Adaptor

Base

Figure 2.1 Test bed

Figure 2.2a Push type broach tool
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Figure 2.2b Work specimens

The mounting fixture incorporates five load washers (LCWD Series from Omegadyne, Inc)
with measuring capacities of 5000 lbs. Three of these load washers (Fig. 2.4) are located between
the base plate of the mounting fixture and the cross head of the testing machine to measure axial
(denoted Z-direction) cutting forces. The other two load washers are affixed directly to each
workpiece via the cantilever strap plates to measure forces in the X and Y directions.

Specimen

Cantilevers

Figure 2.3 Fixture with sensors in position
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Figure 2.4 Load cells

Bridge modules (NI 9237) with a maximum sampling frequency of 50 kHz were coupled to the
load washers for data capture (Fig. 2.5).

Figure 2.5 Data Acquisition System
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NI LabVIEW 2011 was used to create the virtual measuring instruments needed for signal
conditioning, filtering, and scaling to convert the DC output to equivalent force values (in lbs)
and also made sure that all the preloading done during job setup were null compensated before
the experiments.

2.5 Cutting Experiments
Eleven in-control experiments (same tool and consistent machining conditions) and three
out-of-control (OOC) experiments were conducted. The first OOC condition consisted of a
specimen having a larger than nominal pilot-hole diameter. For the second OOC, a work
specimen was slightly angled by placing a shim between the fixture and the workpiece, in
essence simulated a tool misalignment. And for the final OOC, the process was performed with
wearing out three of the teeth on the broach using a hand held grinder.
For each experiment, the specimens (Fig. 2.6) were placed in the fixture and secured by the
cantilever straps. To assure consistent force data for the X and Y directions, the cantilever straps
were torqued to the same initial load (30 lbs.) each time a test specimen. In addition, to assure
consistency in the process, the broach orientation, its concentricity with respect to the fixture,
and the perpendicularity with the base were automatically aligned through the ram adapter.
Since the maximum travel for the testing machine's base is only 6", the broaching process
was performed in three 5.15" phases. The broach ram speed was set at 1 in/min for every
experiment performed.
.
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Figure 2.6 Work specimens before (left) and after (right)

The original process data was sampled at every 0.5ms. On the basis of studying the data for the
proposed application, the collected data was down-sampled to 25ms to make the analysis easier.
As mentioned earlier each experiment was performed in three phases. In order to compensate for
the time delay between phases, the profiles were "patched" together to obtain a continuous timeseries. Interpolation was then performed to ensure that the positions across all samples were the
same (i.e.

). Finally, smoothing was performed to minimize sensor noise by using

a central moving average window of size five.

2.6 Data Analysis
The test-bed used for these experiments incorporates multiple load cells. However, for brevity,
only the results from one of the Z direction load washers are presented. As this research
progresses, incorporation of additional sensor channels will be considered. Figure 2.7 shows that
comparison of the force signals from the three OOC conditions and a typical in-control
experiment. It should be noted that the units of force in Fig. 2.7 (and energy in subsequent
figures) is not given, as it is merely the non-calibrated response from the data acquisition system.
For SPC, the actual magnitude of the statistics being monitored are not important, only their
15

distributions. From these graphs it can be seen that the first OOC condition has much smaller
peak-to-peak forces in the beginning of the broaching process when compared to the in-control
condition. This is due to the fact that the first few teeth do not remove as much material due to
the increased pilot-hole size. For the second OOC, the entire broaching process experiences
higher forces than the in-control condition. This is expected since the pilot-hole was not aligned
with the broach axis, resulting in each tooth having to remove more material than usual. For the
third OOC there were significant spikes in the third phase of the broaching process, where the
worn teeth were located. This of course is due to the fact that the teeth edges were dull and much
less efficient at cutting.
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Worn Teeth
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Figure 2.7 Force signals for the three out of control conditions

Figures 2.8 and 2.9b show the result of applying Eq. 2 to the force data. Specifically, Fig. 2.8
shows energy curve from all of the experiments. As can be seen there is a significant difference
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increase in the slope for the second OOC (black curve) and a decrease in the slope for the first
OOC (dotted curve) when compared to the in-control experiments (grey curves).
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Figure 2.8 Energy Curves
However, the slope for the third OOC condition (dashed curve) appears to have the same
slope as the in control experiments. A closer examination of the curve shows that it does deviate
from linearity as can be seen by the dashed curve in Fig. 2.9b. The full extent of the third OOC
condition is given in Fig. 2.9a.
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Figure 2.9a Modified broach showing the worn out teeth
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Figure 2.9b Energy curve with worn teeth
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2.7 Results and Discussion
The segmentation of the profiles is given in Fig. 2.10, from which we will focus on the fourth
segment, positions 6" to 13.882". For this study, the individual control charts are created using
phase I control limits. Therefore, whenever an OOC condition is detected, the data for that
sample is thrown out provided there is an assignable cause and the control limits are reevaluated. This procedure is repeated until all assignable causes detected are taken out of the
control chart data. Figure 2.11 shows the individual control chart of the fourth segment for the
observed energy profile slopes. It can be seen that the profile of OOC number two (Sample 13)
exceeds the upper control limit while all the other experiments are shown to be in-control.
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Figure 2.10 Plot showing the different sections of energy curve
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Figure 2.11 I-Chart for linear profile slopes

In addition to the control chart to monitor the slope of the energy profile, a control chart was
created for the sum of absolute residuals for the observed profiles, shown in Fig. 2.12. In this
control chart both the second and third OOC condition exceed the upper control limit and signal.
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Figure 2.12 I-Chart for Sum of Absolute Values of the Residuals

A new control chart, given in Fig. 2.13, was established by removing the two samples that
signaled in Fig. 2.12. With these samples removed, the first OOC condition is beneath the
control limit and signals. Hence, it was observed that by simultaneously monitoring both the
control charts (based on slopes and sum of absolute values of residuals) it is possible to detect
process shifts better.
The proposed methodology of using linear profiles to detect process changes worked for the
conditions presented in our study. However, more research should be continued to use quality
control tools such as the CUSUM chart that are more sensitive to process shifts. Another element
to consider is the fact that cutting low-carbon steel is easier to cut than nickel or titanium alloys.
If studying the effects of different cutting conditions for nickel and titanium alloys, it should be
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expected that the effects on force signals and subsequent process monitoring techniques would
significantly increase.

I control chart
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2.8 Conclusions
The approach discussed in this paper, using energy profiles to perform profile monitoring,
was sufficient to detect the changes implemented in the process. Although these findings are
encouraging, more analysis should be done using simulation and real data to see how well this
method can detect certain magnitudes of shifts within the process for both uniform and localized
shifts.
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Measuring the wear on tools having complex profiles along with increasing geometry
changes can be difficult using conventional metrology instruments. Using this technique, it
becomes relatively easier to monitor the wear on a broach tool and also qualify whether the tool
is still good to carry on the process. Apart from the primary objective mentioned, this method
can also provide a trend of how fast the tool is deteriorating as further machining is done.
Reliability studies can also be performed on tools to predict the life of the tool before it fractures.

More sensors such as acoustic emission could be used along with force measurements
simultaneously through the use of multivariate process monitoring or neural networks. Materials
such as Titanium and Nickel alloys produce significant temperature increase during metal
cutting. In such cases, monitoring tool wear on the basis of temperature patterns could be another
possible area of research. Data fusion techniques are being increasingly prevalent as they are
used to make more reliable and robust statistical models for process monitoring. Studying the
different characteristics of process variables like temperature, acoustic emission, force and
vibration opens up several other avenues to consider in the future.
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3

Development of a sensor suite to monitor turning
processes based on heterogeneous in-process data

3.1 Abstract
The main objective of this project was to identify a group of sensors that could be
collectively used to capture in-process phenomenon such as vibration, acoustic emission, cutting
temperature, power consumption and machining forces. With the understanding and learning
from the process data, our ultimate goal is to develop a self-learning system that can
autonomously decide cutting strategies that minimize tool wear as well as maintain part integrity.

3.2 Introduction
It is quite true that inspection does not actually add value to a product. But the costs involved
when a defective part reaches the customer can be enormous even comparable to losing market
share than the actual cost involved in performing the activity. Also, there is no such ideal process
that can produce only good parts throughout the production time. Hence, inspection becomes an
essential activity in any production environment. Inspection techniques have evolved over the
period in the industry starting from 100% off line inspection, acceptance sampling to online
direct inspection. The practical limitations of implementing any of these techniques in the
industry and their effectiveness can be questionable. In addition to this, all these inspection
methodologies are product centric and could be performed only post – manufacturing. This calls
for the development of technology that can detect product non-conformance during the process.
With that in mind, there is plenty of research potential to monitor processes indirectly by
collecting in-process data. Even though, a number of publications can be identified in this
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particular area, there is still scope for identifying and developing new statistical techniques to
monitor process deviations or key performance characteristics. Currently, we are working on
developing a robust methodology for reliable process monitoring that is suitable for industrial
environments.
The ultimate goal of this research project is to develop an adaptive control for tool wear in
machining processes using in-process heterogeneous data. Since this idea completely rests on
some vital aspects such as reliability and consistency of process data that is collected. It is
essential to setup a test bed with a dedicated data acquisition system and so, the forth coming
sub-sections will describe in detail the work carried out for Phase-I of this project which includes
surveying of previous related research, design and implementation of test bed, observations from
the conducted accelerated tests, insights learnt and challenges ahead.

3.3 Background
Research literature were collected based upon type of sensors, type of process data collected,
type of monitoring methods adopted, applications used and data fusion. This research related to
tool wear can be dated back to at least fifty years. Some of the literatures which were referred to
are described briefly below. During this process, we could realize that very little work has been
published towards statistical tool condition or process monitoring using control charts.

3.3.1 Related Research on Force Data
Elbestawi et al (1991) proposed a tool condition monitoring strategy based upon the
harmonics of cutting forces measured using biaxial dynamometer mounted on a milling machine.
The strategy related features extracted from cutting force signatures to the flank wear with
27

different immersion ratios. In 1997, Santochi et al came up with an idea of embedding a strain
gauge sensor on to the tool holder to capture force signals and transmit them through wireless to
a data acquisition system. Choudary et al (2000) developed a prediction model for flank wear in
turning inserts using force ratio of feed force to tangential force calculated from the data
collected by a strain gauge dynamometer. Dimla Sr (2001) suggested a technique of extracting
features using FFT on the force data collected via tool component dynamometers to monitor tool
wear. Two-channel strain gauge sensors were placed on the tool holder to measure the deflection
in tangential and feed direction which was used indirectly to monitor tool wear using integrated
kurtosis based algorithm for z-filter technique (Ghani et al, 2011).

3.3.2 Related Research on Temperature Data
Shin (1985) placed photo-diodes on the tool holder which produces a photo-emf proportional
to the temperature at the insert and is amplified using a measurement transducer. Kitagawa et al
(1997) used thermocouples embedded on the tool holder to investigate the influence of tool tip
temperature on tool wear during high speed turning of Inconel 718 and high speed milling of
Ta6V alloys. Sutter et al (2003) proposed using an intensified CCD camera to monitor the
temperature gradients along the secondary shear zone and studied the temperature fields based
upon the effect of cutting speed and chip thickness. Sullivan et al (2001) compared several
temperature measurement techniques in single point cutting such as using K-type thermocouples
and Infra-Red (IR) thermography. Longbottom et al (2005) summarized the several methods of
measuring temperature into two classes namely conduction and radiation that have been
implemented in the past. The paper also discusses about the different types of sensors which
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were used for different type of application. Snell (2005) discussed in detail the wide range and
capability of IR thermography with specifics to application.

3.3.3 Related Research on Acoustic Emission (AE)
Sturges (1992) identified a methodology to combine the features extracted from AE and
geometrical data from tool or workpiece to monitor a milling process. Ravindra et al (1997)
suggested a tool condition monitoring technique for metal cutting based on pattern recognition of
features from processed AE signals. Li (2002) compiled the previous research work in acoustic
emission with respect to turning. Various aspects such as signal generation, signal correction,
signal processing and also estimation & prediction models for tool condition were discussed in
this review paper. Jemelniak (2008) proposed a tool condition monitoring for a micro-milling
setting, based on extract features from the AE signals which showed strong correlation to tool
wear. This paper discusses elaborately about extraction of 144 signal features, feature selection
and their integration into the tool wear estimation model. Yum et al (2012) presented a
methodology for decision fusion of the results obtained from Hidden Markov Models, Bayesian
Model, Gaussian Mixture Model And K-Means to perform better in case of a tie in the voting
method. This idea was implemented using the AE data collected from a coroning process.

3.3.4 Related Research on Power data
Cuppini et al (1990) proposed an indirect method of monitoring tool wear using the power
measurements from the spindle. This monitoring technique is based on a linear regression model
established between power and wear data collected by experiments. Shao et al (2004) suggested
a mean cutting power cutting model to monitor tool wear as it was very difficult to get the
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instantaneous power signal due to the intermittent cutting process in milling. Axinte et al (2004)
by performed a detailed assessment showed that spindle power signal is a suitable indicator that
can be used for process monitoring in machining processes like milling, turning and drilling.
Harmon et al (2012) developed a low-cost power sensor that can be mounted on the spindle and
capable of transmitting data wirelessly and compared the accuracy of results with a usual tool
component dynamometer. Atluru et al (2012) used a Hall Effect sensor to monitor the power
consumed on air compressor using MTConnect.

3.3.5 Related Research using Vibration
Dimla Sr et al (2002) performed the time and frequency analysis of the vibration data
collected from the turning process and concluded that the Sum Total Power features extracted
from the vibration components correlated well with the tool wear compared to spectral displays.
Abu-Mahfouz (2003) used a multi layered feed forward neural network which vibration signals
as the only input to predict and classify the tool wear in a drill-bit.

3.3.6 Related Research using Sensor Fusion
Silva et al (1998) used features extracted from multiple sensors to train neural networks and
an expert system using tool life equation to classify tool wear. Scheffer et al (2001) developed a
wear monitoring technique which uses vibration and strain signals. A self-organizing map is used
to correlate the features extracted from these data to relate to tool wear. Ghosh et al (2007)
proposed strategies such as signal level segmentation for temporal registration, space level,
feature space filtering, estimation space filtering and outlier removal to estimate average flank
wear in milling using multi sensor data. Boud et al (2008) identified suitable techniques and
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sensor signals to monitor different types of process deviations including tool wear and surface
anomalies in a broaching process with the help of data from multiple sensors.

3.3.7 Related Research on Tool Condition Monitoring Systems (TCMS)
Cook (1980) presented a review literature comprising of sensing techniques that were
previously adopted and broadly classified them into direct and indirect tool wear sensing. Under
indirect tool wear sensing, the paper covered the methods of temperature, vibration, force, power
and sound. Dan et al (1990) consolidated the previous research carried out in the field of tool
condition and failure monitoring with respect to turning and discussed in detail the various
sensing techniques which were adopted. Also the paper hints at the limitations of every method
and suggests that sensor fusion methodology is research area to be considered. In 1995, Byrne et
al did a comprehensive study which includes the various sensor systems already implemented,
sensing techniques that are available based on application, various challenges in building a
robust tool condition monitoring system and also throw some light on the future areas such as
multi sensor fusion that can be explored. Followed by Dimla Snr (2000), who concentrated more
on putting together the research work related to signal processing, feature extraction and
estimation methods that were proposed while handling these heterogeneous in-process data.
Benardos et al (2003) summarized the research literature pertaining to surface roughness
prediction methodologies. The merits and demerits of the each one of the broadly classified
approaches namely artificial intelligence, experimental investigation, designed experiments and
machining theory were discussed. Rehorn et al (2005) grouped the research work related to
TCMS based upon the machining process. The paper points out the limitations of each technique
and also suggests future trends in developing TCMS to suit the industry.
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3.4 Test-bed Description
The test – bed designed and implemented to study the process data includes a 2-axis CNC
Lathe (Figure 3.1) with sensors mounted on it to measure cutting temperature, power, and
vibrations during the machining process. The sensors were connected to a data acquisition
system capable of sampling up to 50 kHz. The data acquisition system comprises of sensors, NIDAQ Chassis, NI-cDAQ modules, and a Virtual Instrument (VI) created using NI LabVIEW
software. The program developed on LabVIEW platform performs scaling, synchronized
sampling, and export the collected data into predetermined formats.

Figure 3.1 CNC Lathe Test bed

3.4.1 Data Acquisition - Architecture
The schematic of the planned architecture of the data acquisition system can be seen in
Figure 3.2. The proposed sensor suite comprises of Piezo-electric force sensors, Accelerometer,
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AE sensor, IR Thermometer and Hall Effect sensor. Data acquisition (DAQ) hardware includes
the NI – 9174 CompactDAQ Chassis which houses the controller and modules (NI 9234 and NI
9229) which perform the signal conditioning and analog to digital conversion. It should be noted,
that the selection and location of the sensors were decided carefully after considering various
aspects such as sensor proximity, operating conditions, reliability, consistency in data capture,
space & movement constraints, and suggestions from previous research.

Figure 3.2 Architecture of the Data Acquisition System

3.4.2 Temperature Measurements
Raytek MI3 IR based temperature sensor (marked as 1 in Figure 3.3) was fixed onto the tool
post using fabricated support clamps and steel rods. This setup was adjusted to focus the cutting
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edge so as to capture the temperature rise on the tool during the process. As we have to
continuously focus the tool tip throughout the process, it was decided to have the sensor on the
tool post so that it remains in focus with the tool even after carriage and cross slide movement.
The sensor position and direction is calibrated with an external source of heat to ensure that the
sensor is measuring the correct location on the insert.

1

2

Figure 3.3 (1) Temperature and (2) Vibration Sensors

3.4.3 Vibration Measurements
Machine vibration, tool chatter and vibration as a result of tool wear are captured using a
triaxial miniature accelerometer (marked as 2 in Figure 3.3), which is mounted on the tool holder
close to the tool insert (X – along the direction of cut, Z – radial direction towards the center of
the work piece and Y- perpendicular direction acting vertically downwards). Kistler
Accelerometer (Type 8763B050A) is used in conjunction with an amplifier to provide the
excitation current needed for the sensor and as well as performs pre-conditioning before the
signal is fed to the DAQ modules.
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3.4.4 Power Measurements
As part of the multi-sensor machining setting, measuring cutting forces plays an important
role. The original setting includes using a Kistler dynamometer to measure cutting forces in
every direction. Unfortunately, during the first phase of the study, we have not been able to
secure a dynamometer. Therefore, we are measuring cutting forces indirectly using a power
sensor. The power sensor (shown below), which measures the spindle power based upon the
variation in the three phase current can be seen in Figure 3.4.

Figure 3.4 Hall Effect Sensor for Spindle Power

3.4.5 DAQ Chassis and Modules
The implemented system (Figure 3.5) collects data from 5 different analog input channels (3
from the accelerometer, 1 from the power sensor, and 1 from the IR sensor) via two DAQ
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modules and sends the signals to a dedicated computer to perform the data conversion, scaling,
and file creation.

Figure 3.5 Data Acquisition System
Data is collected in the form of spreadsheets and saved in a shared repository for easy retrieval
and safe backup. Cycle time for every cut is approximately 30 s and sampling done at every 0.6
ms creating at least 50,000 sample-points. We are in the process of designing a date filter and
compression system to determine the adequate amount of data required to represent the process
characteristics. Data is collected in the form of TDMS measurement files, which can be easily
viewed as Excel spreadsheets.

3.5 Naming Convention for Experiments
In overall two set of experiments were conducted to collect five data sets. First set of
experiments includes data set #1 and data set #2. Similarly, datasets #3, 4, 5 were collected from
the second set of experiments. Also, the tool wear was monitored continuously on the inserts
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which were used and as one would expect, new inserts were used every time to collect a new
data set. Hence, it would be easier to relate the experiments to the tool number that was used to
avoid any confusion while data referencing.

3.6 Data Collection
3.6.1 First Set of Experiments
The first set of metal cutting experiments were carried out on AISI Steel 4140 using Sandvik
CNMG 432 PR 4215 inserts focusing on facing and straight turning operations without coolant.
Factorial experiments were designed based on cutting conditions as recommended by Sandvik
Coromant, which gave a total of 27 different combinations of machining parameters (cutting
speed, feed rate, and depth of cut). Four cutting scenarios were proposed to study the
development of wear:
1) Facing with different combinations of parameters
2) Facing with repetitions of single set of parameters
3) Turning with different combination of parameters
4) Turning with repetitions of single set of parameters
Facing operation (both scenarios 1 & 2), did not produce any noticeable wear on the inserts.
After several cuts, the tool either looked new under the tool maker’s microscope or went through
a catastrophic failure. We could not observe any stages of wear development. Hence, it was
decided to perform turning experiments with maximum length of cut.
The turning experiments (for scenario 3) provided good and appreciable wear for different
sets of cutting conditions. During the cuts, some observations were made to identify those cutting
conditions that are crucial in order to maintain consistency and reliability in the collection of in37

process data such as chip accumulation, chip strikes, chatter, tool wear, surface roughness, etc.
One particular set of process variables were chosen to be used in performing the experiment
repeatedly, producing several successive cuts to study wear characterization, as this kind of
practice is very normal in a mass production industrial setting. The experiments were conducted
under the following conditions:


Process parameters: cutting speed 469.5 m/min, depth of cut 5.425mm, feed rate
0.35mm/rev



Work piece: AISI Steel 4140 φ 153 mm, overall length 295 mm, length of cut 220mm



Turning insert: CNMG 432 PR-4215 coated carbides



The repeated successive cuts are done on the same part (with an initial diameter of
152.4mm)



This design of the experiment was replicated two times using two different parts and
tools (tool 1 and 2)

3.6.2 Second Set of Experiments
In the first set of experiments, appreciable differences were noticed between the actual
spindle speed (measured directly using a tachometer) and the theoretical spindle speed
(calculated values based on the selected cutting parameters). Accordingly, investigations were
conducted to identify the possible causes for that difference which was later concluded to be the
high power requirement corresponding to the selected cutting parameters, which is more than the
actual capacity of the lathe (10 HP). This means that the successive cuts in the first set of
experiments were conducted under variable cutting speeds. Hence, it was necessary to modify
the design of experiments to reduce this variability caused by the power limitation. This
modification resulted in a second set of experiments run under the following conditions:
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Process Parameters: cutting speed 150 m/min, depth of cut 5.425mm, feed rate
0.35mm/rev



Work piece: AISI 4140 Steel rod of diameter 50.8 mm, overall length 295 mm,
length of cut 220mm



Turning insert: CNMG 432 PR-4215 coated carbides



The repeated successive cuts were done on separate parts (with initial diameter of
50.2mm) and replicated three times with three different tools, tool are used at
different diameter within each part but at the same diameter for the different parts
(replication 1 with tool 3 at diameter 48.425mm; replication 2 with tool 4 at diameter
43mm; replication 3 with tool 5 at diameter 37.525mm)

In addition to that, the second set of experiments were performed using upgraded data
acquisition modules (NI 9229) to provide larger sampling rates for power and temperature
measurements compared to the previously used NI 9219 which could not sample enough leading
to sufficient data loss.

3.7 Analysis of Test Results
In this section, we highlight our findings and remarks from the preliminary analysis and
interpretation of the data from the sensors.

3.7.1 Tool Wear Characterization
The main purpose of these experiments was to characterize tool wear by measuring flank and
crater wear metrics. The obtained measurements for these tool wear metrics from these
experiments are shown in Figures 3.6 and 3.7.
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Figure 3.6 Flank wear after each repeated cut (using tool 1)
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Figure 3.7 Crater wear after each repeated cut (using tool 1)
Along with the tool wear characterization, in-process data are collected from the available
sensors during each successive cut. Figures 6-8 show the power, temperature, and vibration
responses for the first set of experiments.
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3.7.2 Power Data
According to power data from the first set of experiments, shown in Figure 3.8, we notice
that there is a decrease in consumed power from one cut to the next successive cut of experiment
conducted. This decrease in power contradicts the common intuition that the required cutting
power should increase with tool wear increase. However, that decrease can be attributed to the
decrease in the diameter from cut to the subsequent cut as we did the successive cuts on the same
part. Thus, the effect of reducing diameter is more dominant on the consumed power than its
effect due to tool wear.
Based upon this observation, the second set of experiments was designed such that each tool
does successive cuts on parts with the same diameter. This modification worked well and
eventually, the effect of decreasing diameter on consumed power was removed which is shown
in Figure 3.9. However, it is hard to see a clearly increasing pattern in the power signals from the
figure which can be related to tool wear. As the actual tool wear measured during the second set
of experiments was itself very low and only a negligible increase in the consumed power can be
seen. This is mainly because of the low cutting speed (150 m/min). Thus, it was again necessary
to modify the experiments, to increase the cutting speed to obtain appreciable wear and decrease
the depth of cut meanwhile to reduce the required cutting power so that we can still run the
experiments within the lathe power capacity. Fortunately, we tried and tested that with a
modified set of cutting parameters (cutting speed of 375 m/min, depth of cut of 2.5mm, and feed
rate of 0.35 mm/rev) and that, finally, gave what we need (appreciable wear shown with
consistent cutting parameters over the successive runs done within the power capacity of the
used machine). As a result, the next of experiments can be performed with a high certainty in
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Figure 3.8 Power signal for the successive cuts (using tool 1)

Figure 3.9 Power signal for the successive cuts (using tool3)
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3.7.3 Temperature Data
Temperature data collected from the IR sensor is shown in Figure 3.10 for the first set of
experiments. One of the key limitations of using that sensor observed while measuring
temperature was the inability to get a precise focus (point of measurement) of the IR sensor on
the tool tip. Therefore, the collected data using this sensor were highly inconsistent and not
reliable enough for performing analysis to draw any conclusions from them. Accordingly, we are
working now on identifying another technique/sensor for temperature measurement that is
capable enough to provide a reliable data for the analysis phase.

Figure 3.10 Temperature signal for the successive cuts (using tool 1)

3.7.4 Vibration Data
The collected vibration data is in a time signal format so Fast Fourier Transformation FFT
was applied to obtain the different vibration components. Subsequently, on examining these FFT
spectrums of the 1st set of experiments (Figure 3.11) for any potential vibration components that
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could be related to the tool wear, it was supposed that the frequency band of 200-300 Hz could
be a region of interest. The same region was also identified from the FFT spectrums in the
second set of experiments. Although, we saw changes in vibration frequency of the maximum
vibration component within this region, these changes were mostly random as shown in Figure
3.12. However, as we mentioned above, we didn’t see any appreciable wear so far; thus, we need
to run turning experiment showing appreciable wear to be able to make investigations about that
region of interest. It may also be noted that the data for Part 2 is not available on the chart as the
file was corrupted and so to avoid any other confusion, the part numbering is maintained as it is.
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Figure 3.11 Frequency of maximum vibration component for different cuts (using tool2)
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Figure 3.12 Frequency(Hz) of maximum vibration components for each part obtained at
different diameters (2nd set of experiments)
Hence, we have planned to perform few more experiments with parameters producing significant
tool wear as well as minimizing the elements causing process variability which were identified
during the experiments performed so far. This is very essential in order to make strong
conclusions. Also, training under the guidance of a machining expert will be really helpful in
understanding the mechanism behind machine vibrations; tool chatter, tool wear and surface
integrity which will help us travel in the right direction. This will be the next step in our action
plan.

3.8 Insights from Phase-I and Challenges ahead for Phase - II
Phase I of this project concentrated specifically on learning the ideas proposed earlier and
setting up the test bed by identifying a suitable collection of low cost sensors for process
monitoring.
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The accelerated experiments helped us to understand the process parameters in relation to the
wear development, to identify the short comings of few of the sensors, to realize the limitations
of the machine tool, to evaluate the capability of the microscope used for characterizing tool
wear and also to recognize the potential elements inducing variability in the experiments. While
the accelerometer and power sensor are functioning as expected, the performance of temperature
sensor is of more concern.

As previously discussed, it is quite challenging to get precise measurements of the
temperature buildup at the tool tip (side cutting edge) using IR based non-contact sensors as it
relies completely on the stability of focus of tool tip. Thus, it will be a better and cost effective
idea to use a contact method such as a thermocouple to measure cutting edge temperature.
Although there is problem of accessibility in placing the thermocouple right next to the cutting
edge, it can be addressed by modifying the tool holder suitably and in addition to that, the
distribution of temperature is all the more important than the actual temperature values itself. So,
placing a thermocouple reasonably close to the cutting edge and securing it at the same spot
every time after measuring tool wear is the key to get reliable data. Hence, efforts have begun to
modify the tool holder to introduce the thermocouple.

Soon, the dynamometer and acoustic emission sensors have to be installed on the test bed. As
they not only strengthen the sensor suite but also provide a reliable source to cross-check and
validate claims of any interesting behavior during the process. Especially, when solving
problems which are generic in nature there many factors causing variability and in such
situations every sensor will compliment to each other helping us to develop a robust model.
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It might be essential to look at very high frequencies when collecting the AE data as the
phenomenon itself is observed in above audible and ultrasonic range (between 1 kHz to 1MHz).
In such case, the current data acquisition cards will not be sufficient to provide such higher
sampling frequencies which mean AE data has to be collected separately. This will also provide
more challenges in terms of synchronizing the data.

The spindle power available from the machine is limited to 10 HP which limits the operating
range of cutting parameters for conducting the experiments. This in turn does not allow us to
perform a comprehensive study about the tool which is being used. So, while considering
different operations later, such as profiling or while using different tool geometries. It is very
important to design the experiments and choose the parameters such that the power factor is
taken into account to eliminate the variability as a consequence of that.

The tool maker’s microscope currently being used to measure the flank and crater wear has a
resolution which is not sufficient to measure values less than 2.5 micron. For most part of the
second set of experiments that were conducted the wear values were less than 2.5 micron
resolution, hence reliable and accurate measurements could not be made. In order to develop
reliable prediction models, a more advanced tool wear measurement system with better
resolution is very essential.
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Currently the experiments are carried out on steel and so it is limited to dry machining.
However using coolants are essential while machining special materials like Titanium and Nickel
alloys. Thus, it is likely that we need to identify some robust sensors which can perform reliably
under the influence of coolants and in such abrasive environment.
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4

Conclusion and Future Work

4.1 Thesis Contributions
This thesis contributes to fields such as profile monitoring in manufacturing processes and test
bed design and implementation for multi sensor process monitoring. Specifically, the main
contribution is a methodology for real-time monitoring of broaching operations. Even though,
broaching can be considered as a traditional manufacturing process, limited research has been
proposed to monitor the process condition. One of the main challenges in broaching process
monitoring is the inability to detect process shifts using direct measurements or conventional
metrological gauges due to the nature of the process and the intricate tool geometry, which is
continuously changing. The development of effective monitoring tools to detect process shifts
quickly and ahead of time is critical to avoid tool failures that can damage the part or injure the
operator (in case of a tool breakage).. It should be noted that the developed methodology will be
soon implemented at one of the manufacturing plants of our industrial partner.

The contributions of this work not just restricts to above mentioned areas, it also influences the
research in other domains such as development of advanced technology for new sensors and
processes, which are cost effective and capable of handling future materials.

Although, the processes covered in this thesis work are broaching and turning, the profile
monitoring methodology identified has the potential to be tailored to fit other processes as well.
The use of control charts in process monitoring has been in practice for some time. Mostly its
application is based on product data but the actual power of this statistical tool can be largely felt
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when it operates in-line using process data. Since, the performance of this technique is directly
influenced by the control charts which are used. Hence, there is scope to improve the design of
control charts with better statistics such that it complements the performance of this
methodology by less false alarm rate and quick detection of process shifts.

4.2 Future Work
As mentioned earlier, this work has the potential to be extended in many directions; some of
them are listed below:


Statistical monitoring of time between tool replacements, part quality, tool wear detection
and estimation.



Spatiotemporal monitoring of multi-sensor profile data to detect changes in tool-wear and
surface quality within a part and between successive parts.



Prediction models for residual tool life and product key performance characteristics such
as surface integrity



Process diagnosis to perform predictive maintenance in machining operations.



Building intelligent systems to support knowledge capture from machining experts for
process tuning.



Development of self-correcting and self-learning systems to compensate for process
deviations.



Direct monitoring to link part quality, tool wear, surface roughness, power consumption,
and process efficiency.
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