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ABSTRACT

Quality of welded components can be attributed with strength and presence of
any internal or external defects in the welded joints. Posts welding destructive and non
destructive evaluation techniques are available for quality assessment and defect
identification. However, these techniques suffer from limitations pertaining to loss of
usability of the component or high setup and operating investment. Alternatively real
time monitoring of welded joints can help to decide the outcome of the process without
the limitations prevailing with destructive and non destructive methods. The current
research work develops methodologies to monitor weld quality and defect identification
with real time information in friction stir welding (FSW) process. A total of sixty five
welding experiments are performed over wide range of tool rotational speed, welding
speed and shoulder diameter. During the experiments main spindle motor and welding
motor current signals, tool rotational speed signal and temperature signal are acquired in
real time. Apart from the above signals vertical force and torque signals are acquired
with a strain gauge based measurement system developed in the present work. These
signals are analyzed to extract useful features for monitoring of weld quality and
identification of defects in friction stir welded samples.

Current signals are analyzed in time domain through computation of root mean
square, variance, skewness and kurtosis as statistical features. Time frequency domain
analysis is attempted through wavelet packet transform and a new energy-to-entropy
ratio is developed for selection of suitable mother wavelet function. Using the computed
signal features, artificial neural network (ANN) models and support regression (SVR)
models are developed for prediction of ultimate tensile strength (UTS) of the joints. It is
observed that the data driven models with signal features in the input space results in
superior prediction performance compared to models with only process parameters in the
input space. Vertical force signals are analyzed in time domain through computation of
statistical features as computed for current signals. A new combined parameter is
proposed for combining the statistical features of the force signal. The proposed
combined parameter reveals an increasing trend with increase in UTS of the joints. Force
signals are also analyzed with a proposed methodology combining wavelet packet
transform and Hilbert-Huang transform. The instantaneous phase and instantaneous
frequency computed from the analysis is very useful to identify defective welds. The

signal features are further used for development of ANN and SVR models for prediction
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of UTS of the joints. Interestingly with force signal also the models with signal features
results in superior prediction performance compared to only process parameters. Torque
signals are analyzed with discrete wavelet transform and statistical features namely
dispersion, asymmetry and excess are computed from the decomposed signal. With these
features a new defect index is developed for identification of defective welds. The
features are further used for prediction of UTS of the joints using ANN and SVR models.
The present research work is the first attempt in exploring the effectiveness of tool
rotational speed signal in monitoring of FSW process. The rotational speed signals are
analyzed using fractal theory. Higuchi’s algorithm is implemented for computation of
fractal dimensions and these are used for developing ANN and SVR models for
prediction of UTS of the joints. Similar to the other models, in this case also the model
with signal features has better prediction accuracy compared to model without signal
features. The computed fractal dimensions also reveal the presence of defects in the
welded samples. The present study also delivers a new methodology for identification of
defects in the welded samples with real time temperature signal. Two new indicators
namely absolute rate of change of temperature and wavelet based indicator are proposed
for defect identification. Another contribution of the present study is the development of
methodology for processing top surface images of the welded samples. Three methods
based on fractal theory and wavelet transform are proposed for extraction of features
from the images. The extracted features reveal an increasing trend with decrease in UTS
of the joints. Overall the present research work is the collection of different
methodologies developed with real time process signals and top surface images of welds
for effective monitoring of the FSW process. The developed methodologies can be
modified with little effort to be integrated to different hardware and software for

successful implementation in actual industrial environment.

Keywords: Friction stir welding; Monitoring; Weld quality; Defect detection; Fractal
dimension; Wavelet transform; Hilbert-Huang transform; Current signal; Speed signal;

Vertical force; Transverse force; Torque; Strain gauge; Image processinig
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Chapter 1

Introduction

1.1 Friction stir welding

Friction stir welding (FSW) since its development in the year 1991 (Thomas et
al., 1991) has expanded to new dimensions and substantiated applications in a wide
range of industrial sectors that include aerospace, automotive, railway and maritime
industries (Gibson et al., 2014). It is a solid state joining process that does not involve
melting of parent materials to be welded. The FSW process bears many attractive
advantages over other welding processes and the most notable one is the ability to weld
alloys that were earlier considered difficult to weld using fusion welding processes
(Mishra and Ma, 2005). It is free from problems related to solidification such as
formation of second phase particles, porosity, cracking and embrittlement etc. as
experienced in fusion welding processes. Involvement of low temperature in joining
process results in lower distortion and lower residual stresses. Other advantages of FSW
process includes joining without the use of electrode and filler material, no loss of
alloying elements etc. The major limitations of FSW process is the exit hole that
remained at the end of the weld length. This hole has to be trimmed off from the welded
component that leads to material loss and additional production processes. With the
introduction of this method to the welding community newer possibilities with different
light weight materials has been emerged. In FSW process various joint configuration is
possible such as butt joint, lap joint, T-joint, fillet joint etc. making the process versatile
for various application (Mishra and Ma, 2005). The FSW is also suitable for joining of

dissimilar materials with appreciable difference in melting point as it does not involve

TH-1751_126103001



Chapter 1

melting of parent materials (Sahu et al., 2016; Ji et al., 2017; Cioffi et al., 2015; Aval et
al., 2015; Mohammadi et al., 2015). Although the joining of dissimilar materials with
FSW process is limited by the formation of inter metallic compounds within the welds

that deteriorate weld qualities.

The basic operating principle involved in FSW process is schematically
represented in Fig. 1.1 along with a typical FSW tool. In this process a rotating tool is
plunged into a rigidly clamped work piece along the joining line. The tool is inserted to a
specific depth called as plunge depth. The plunged tool is kept in that condition for a
predefined time known as dwell time. Once the dwell time is over the rotating tool being
plunged is traversed along the joining line up to the desired length. After the completion
of the joint length the tool is retracted back and the welding is achieved. The heat
required for joining the material is achieved through friction generated between the tool
and work piece material. This heat increases the temperature and the material gets
plasticized. The stirring action of the tool makes the flow of the plasticized material
around the tool and on cooling the material gets joined. The frictional heat is aided by
adiabatic heat generated due to the severe material deformation in the weld zone due to

stirring action of the tool.

\EI - FSW tool
\S\ ]:: i z /§ ; @ °\ ‘ _‘ """'Tool shank
(a) (b) (c) ‘\\\/ Toolf pi ‘Tool shoulder

n

(d) (e)

Fig. 1.1 Steps involved in FSW process (a) positioning of plate (b) tool plunge (c) tool
travel (d) tool retraction (e) FSW tool

1.2 Motivation and preamble of the research work

The FSW process is a complicated system of interconnected factors that has
dynamically changing behaviour. The quality of the weld is affected by tool rotational
speed, welding speed, tool geometry among others. In welding applications quality is
critical because in many cases it influences the lifetime of the product and safety issues.
One of the measures that can be taken to assure the high quality of welded joints is to
establish constant monitoring over the technological parameters and the needed output

results including joint quality assessment and identification of internal defects. Real-time
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monitoring allows avoiding defects and producing high quality joints. Theoretical
knowledge is combined with the results of welding experiments of various real-time
monitoring techniques. The study shows that relying on the conditions of the process a
particular monitoring method may be suitable over another. The present study will help
the weld quality designer and practitioner to choose suitable monitoring methods for

FSW process.

The concept of real time monitoring in other welding and manufacturing
processes has already gained significant attention (Zhu et al., 2017;Li et al., 2017,
Ratnam et al., 2016; Sick, 2002; Pal et al., 2008) compared to FSW process. In these
processes mostly sensor fusion technique is adopted for real time monitoring to evaluate
the quality of the product. This includes acquisition of suitable signals and processing
with effective processing techniques for impactful feature extraction. Realizing the need
for monitoring methods in FSW process and conceptual aids from the published
literature the present work is motivated to develop monitoring methodologies for FSW
process with real time information. The study explores effectiveness of vertical force
signal and torque signal and possibilities with tool rotational speed signal, main spindle
motor and welding motor current signals for monitoring of FSW process. Among these
signals current signals and speed signal will be tested for the first time for developing
methodologies for weld quality monitoring. Suitable signal processing techniques are
developed in time and time frequency domains in order to extract salient process
information for quality assessment and internal defect identification. Apart from the
signal processing based monitoring methods the study also attempts to deliver weld
quality assessment method based on information extracted from top surface images of
the welds. It is an effort first of its kind to correlate top surfaces of the welds with

ultimate tensile strength (UTS) of the joints.

In the few attempts made for monitoring of FSW process researchers considers
force signals with various signal processing techniques. Apart from the force signals
main spindle motor and welding motor current signals may also contribute in order to
capture process information. These two signals relate to two most influencing process
parameters viz. tool rotational speed and welding speed in FSW process. Indirect
monitoring of these two parameters might be influential in order to monitor the process.
This study explores effectiveness of monitoring the process with information extracted

from these signals. Time domain analysis and time frequency domain analysis with
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wavelet packet transform (WPT) of the signals is performed through computing
statistical features and data driven models are developed for prediction of weld quality

specifically UTS of the joints.

Effectiveness of vertical force signals for monitoring of FSW process is explored
through processing the signals with modified Hilbert-Huang transform (HHT) with WPT
proposed in this study. A new indicator has been developed for identification of internal
defects in FSW process with inconsiderable post processing time and effort. Later, data
driven models are developed for modelling of UTS with appreciable accuracy. Torque
signals acquired during the welding experiments are also analyzed in time frequency
domain with discrete wavelet transform for efficient feature extraction. With the features
an indicator has been proposed for reliable identification of internal defects in the welded
samples. The two indicators developed one with vertical force signal and other with
torque signal are both reliable and accurate and welding practitioners can choose
depending on the their requirements and availability of information. The force and torque
signals are acquired with a measurement setup developed in house with strain gauges.
The developed setup is calibrated and tested for its reliability and accuracy. The setup is
compared with commercially available piezoelectric based dynamometer and appreciable

accuracy has been observed.

Apart from current, force and torque signals capability of tool rotational speed
signal is also tested for monitoring of FSW process. The signal is selected owing to the
fact that tool rotational speed being one of the most influencing process parameters in the
process. Monitoring the parameter with real time signal might result in information that
would be useful for understanding the process behaviour under the influence of factors
that cannot be controlled during the process. Well established fractal theory has been
implemented in order to extract salient signal feature in terms of fractal dimension of the
signal. Later data driven models are developed for accurate modelling of FSW process.
The computed FDs are also capable of delivering information for identification of
defective welds. Another internal defect identification method based on real time
temperature signals acquired during the process is developed and two novel indicators
are computed from the extracted features. The developed features are as capable as that
developed with vertical force and torque signal features.
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The top surfaces of friction stir welded samples are characterized by semicircular
rings which are reported to carry significant information regarding the process behaviour
(Krishnan et al., 2002). The spacing between the consecutive rings provides an insight
regarding the process behaviour and is presented as the combined output of tool
rotational speed and welding speed. Hence, present study puts an effort in developing
methodology for monitoring of FSW process with top surfaces images of the welds. The
objective is to extract the information as depicted by semicircular rings present on the
surface of the welded samples. Digital images of the top surfaces of the welded samples
are captured and processed with two proposed fractal theory based methodologies. The
computed fractal dimensions are then correlated to UTS of the joints and it is observed
that intelligible correlation exists and can be presented as an indicator for monitoring
weld quality. Later, the findings are compared with wavelet transform based image

processing techniques that yields similar results as with the developed methodologies.

The developed methodologies will allow constant monitoring of the process
without investing time and effort to monitor individual parameters with considerably less
human intervention. The developed methodologies can be implemented for quality
prediction of the welds with appreciable accuracy that will reduce post processing cost
and time invested in production processes as well as accurate identification of defective

welds with internal defects.
1.3 Objectives of the research work

The thrust of the present work is to develop methodologies for FSW process with
real time process information for prediction of UTS and identification of defects.
Effectiveness of main spindle motor and welding motor current signals, vertical force
and torque signals and tool rotational are tested and evaluated for extraction of features
that can be useful in prediction of UTS as well as defect detection. Apart from the real
time signals top surface images of the welds are explored in monitoring the UTS of the
joints which is an attempt made first of its kind. Along with the aforementioned signals
temperature signals are also processed for developing methodologies for identification of
internal defects. The objectives with which the current research work motivates and

operated are outlined as follows.
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» To design and develop a low cost force and torque measurement setup dedicated
to FSW process.

» Exploring main spindle motor current and welding motor current signals in
developing methodology for UTS prediction.

» Probing capability of vertical force and torque signals in effective monitoring of
the process through accurate prediction of UTS of the joints.

» Presenting tool rotational speed signal as a competent option for modelling of
UTS of the joints.

» To develop image information based weld quality monitoring approach.

» ldentification of internal defects in the welded samples based on signal

information.
1.4 Contribution of the thesis

v A strain gauge based low cost force and torque measurement setup has been
developed dedicated to FSW process. The developed setup does not demand any
alteration in the existing FSW machine for its integration.

v A process independent methodology has been developed and tested for selection
of suitable mother wavelet function for WPT framework.

v" A new signal processing technique is proposed by combining WPT and HHT to
overcome the limitation of wide frequency band of first IMF in HHT. The
proposed technique is applicable in FSW process monitoring.

v Impact and usefulness of top surface images of welds has been presented for
monitoring of UTS of the joints which is an attempt made first of its kind.

v' For identification of internal defects in the welded specimens defect index (DI)
with features from torque signal, rate of change of temperature (R.T) and wavelet
based indicator (WBI) from temperature signals are the proposed performance

indicators. The proposed indicators are found very effective for defects detection.
1.5 Organization of the thesis

The thesis comprises of eight chapters and highlight of each chapter is presented

in the following.
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Chapter 1 starts with the brief introduction of FSW process underlying its advantages
and disadvantages and various applications. The motivation of the present study is also

highlighted in this chapter with research objectives and contribution of the thesis.

Chapter 2 summarizes the research works carried out by other researchers in the field of
FSW process. The chapter is divided into various sections starting from influence of
process parameters, different techniques for signal processing and monitoring of FSW
process, methods for identification of internal defects in the welded samples. The
literature review reported in the chapter will guide through the gaps observed in the
available work for the formulation of the research objectives for the present study.

Chapter 3 will showcase the experimental investigations carried for the present study.
Selection of workpiece and tool material, selection of process parameters with suitable
levels, design of experiments, and quality assessment of welded samples and
demonstration of signal acquisition during the welding process are included in this

chapter.

Chapter 4 demonstrates design and development of a robust and low cost force and
torque measurement setup for FSW process. A strain gauge based setup has been
developed and tested in real time during FSW process and the results are compared with
commercially available and widely used dynamometers for mapping accuracy of the

setup.

Chapter 5 includes the various signal processing techniques used in this study for useful
extraction of signal features. Later part of this chapter demonstrates methodologies
developed for prediction of UTS of the joints with machine learning based techniques
and the signal features. The chapter demonstrates comparison of ANN models with SVR

models to find out the best for accurate UTS prediction.

Chapter 6 is dedicated for representing the four methodologies developed for internal
defect identification in the welded samples. Vertical force signal, torque signal, tool
rotational speed signal and temperature signals are processed for feature extraction and
the computed features are further processed for development of indicators for

identification of defective welds.

Chapter 7 demonstrates an effort first of its kind to monitor quality of the friction stir

welded samples with information extracted from top surface images of the welds. The
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features of top surfaces in the welded samples are extracted with fractal theory and

correlated to UTS of the joints.

Chapter 8 summarizes the present study and reported the findings of the research work.
This chapter highlights contributions made from the thesis and outlines possible future
research scopes of the present study.
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Literature Review

2.1 Introduction

The FSW process draws significant attention of researchers in the field of
material joining across the globe since its introduction in the year 1991 (Thomas et al.,
1991). The amount of research publications is exploding in this area with time and the
count is still increasing. The process has gained immense exposure with the advantages
of joining difficult to weld materials and free from defects those are inevitable in fusion
welding processes. With increasing cutting edge research and development, lifts this
process acceptable in many industrial sectors that include aerospace, automobile,
railway, shipbuilding etc. Literature for FSW process has abundance in reporting effects
of process parameters on FSW of different materials starting from aluminum (Park et al.,
2017; Sun et al., 2017; Zapata et al., 2016; Ji et al., 2016; Dong et al., 2016; Guo et al.,
2017; Aval, 2015), magnesium (Pan et al., 2016; Chen et al., 2015; Zhao et al., 2015;
Mohammadi et al., 2015; Ni et al., 2014), steel of different grades (Li et al., 2017; Liu et
al., 2017; Liu et al., 2016; Miura et al., 2016; Leitao et al., 2016), copper (Zhang et al.,
2014; Bisadi et al., 2013; Khodaverdizadeh et al., 2012), composites (Salih et al., 2015;
Oliveira et al., 2017; Bahrami et al., 2014; Cioffi et al., 2015; Palanivel et al., 2016) etc.
Not only similar materials the FSW process has gained profound use in successful
joining of dissimilar materials (Sahu et al., 2016; Ji et al., 2017; Cioffi et al., 2015; Aval
et al., 2015; Mohammadi et al., 2015).

The survey of the available literature is carried out with the intention to ideate the
research trend in line with the objectives of the present research work. This chapter is

divided into various sections and sub sections to outline the salient results of the
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reviewed literature. The literature review started with exploring the influence of process
parameters on FSW process. In this regard section 2.2 is devoted to report results of
various research works regarding the influence of tool rotational speed, welding speed
and tool geometry on FSW process. The thrust area of this work is to develop
methodologies for effective monitoring of FSW process. In this respect, the available
literature are reviewed and reported in section 2.3. This is followed by literature review
(section 2.4) of various signal processing techniques used in FSW as well as other
welding and manufacturing processes for process monitoring. Various instruments used
for measuring of force and torque signals during FSW process are reviewed and reported
in section 2.5. This is followed by review of literature (section 2.6) for identifying
various methods adopted and developed for identification of defects in FSW process.
Various methods used for weld quality modeling is reviewed in section 2.7. Finally the
observations are summarized in section 2.8 and gaps realized after reviewing the relevant

literature are presented in section 2.9.

2.2 Process parameters

Material movement and plastic deformation involved in FSW process is
relatively complex (Mishra and Ma, 2005). Welding parameters contribute significantly
in governing material flow and temperature distribution in the weld, thereby influencing
the microstructural evolution of material. In this section, published research articles are
reviewed with the objective to figure out the most influencing process parameters in

FSW process.
2.2.1 Tool rotational speed and welding speed

The working principle of FSW process includes plunging of a rotating tool up to
a predefined depth called as the plunging depth and then traversing the plunged tool in
rotating condition along the line of welding for achieving the desired weld. The heat
required for plasticization of material is achieved through the frictional heat generated
between the mating surfaces of tool and work piece. This heat is again aided by adiabatic
heating due to plastic deformation of the material during the stirring action of the tool
inside the work piece material. Thus, tool rotational speed is an important parameter in
governing the heat generation or in other words temperature distribution in the weld.
Apart from the tool rotational speed, welding speed governs the amount of heat
deposited per unit weld length. This in turn regulates the temperature distribution along
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the weld line which contributes towards microstructural evolution of the joints. Many
researchers contribute towards investigation of effect of tool rotational speed, welding
speed and tool geometry on FSW of different materials and produced suitable welding
window for the selection of tool rotational speed for successful FSW.

Effects of tool rotational speed and welding speed on FSW of aluminum bronze
joints were investigated by Zoeram et al. (2017). Use of lower tool rotational speed and
welding speed was suggested to affect the joint mechanical and microstructural
properties due to insufficient heat input. Joining of carbon nano tubes reinforced
aluminum-copper-magnesium alloy was attempted by Zhao et al. (2017). The joints
properties were evaluated under constant tool rotational speed with welding speed. With
moderate range of welding speed the joints were reported to attain 87% of joint
efficiency. Fracture and fatigue properties of friction stir welded samples were
investigated with varying tool rotational speed and welding speed in the work by
Moghadam and Farhangdoost (2016). The experiments were conducted over 2024
aluminum alloy and it was concluded that combination of high tool rotational speed and
welding speed results in deterioration of fracture toughness of the joints. Defect
formation, material flow behaviour and microstructural evolution of AA5456 aluminum
alloy in FSW process was investigated in the work presented by Shirazi et al. (2015).
The investigation results leads to the impression that combination of high tool rotational
speed and welding speed results in turbulence in the material flow and leads to formation
of internal defects. Effect of tool rotational speed and welding speed on UTS of the joints
were investigated in the work by Liu et al. (2012). Results produced reflect a nonlinear
behaviour of UTS with these two process parameters with increase up to a certain level
of parameters and then following a decreasing trend. The effect of tool rotational speed
and welding speed on vertical force was captured by Arora et al. (2010). The conclusions
show an increase in vertical force with increase in welding speed and decrease in vertical
force with increase in tool rotational speed. The effect of tool rotational speed and
welding speed on peak temperature of welds was reported in Rajamanickam et al.
(2009). The investigation reports that with increase in tool rotational speed peak
temperature of the joins increases. However, effect of welding speed on peak
temperature of the welds was reported to have less significant. Similar conclusive
statement was also observed from the investigation carried out by Rezaei et al. (2011)

during FSW of AA7075 aluminum alloy. Effect of welding speed at constant tool
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rotational speed on average grain size at the NZ was investigated by Cavaliere et al.
(2008). The investigation reported to observe decrease in grain size with increase in
welding speed. Similar trend of decrease in NZ grain size with increase in welding speed
was also reported by Zhang et al. (2015) in friction stir welded samples of high strength
Al-Zn-Mg-Cu aluminum alloy. On the contrary Liu et al. (2013) observed increase in NZ
grain size with increase in welding speed on FSW of AA6061 aluminum alloy. Effect of
tool rotational speed and welding speed was also investigated for average NZ grain size
by Sharma et al. (2012) for FSW of AA7039 aluminum alloy. The grain size at the NZ
was found to have increasing trend with increase in tool rotational speed. Similar
conclusion on size of grains at NZ of friction stir welded joints of AA7020 aluminum
alloy was reported in Gafer et al. (2010) and Al-Jarrah et al. (2014). Mechanical
properties of the joints viz. UTS, yield strength and percentage of elongation of the
welded joints for AA2014 aluminum alloy were measured against various combination
of tool rotational speed and welding speed by Aydin et al. (2012). All of these properties
reported to display a nonlinear behavior with the process parameters. Similar nonlinear
behaviour of mechanical properties of the joints was also reported in the work presented
by Sakthivel et al. (2009) and Liu et al. (2011). Combination of high tool rotational
speed and low welding speed were reported to result in internal defects in the welded
samples that deteriorate the weld qualities. Similar nonlinear behaviour of UTS and
percentage of elongation of the joints were reported by Hou et al. (2014) and Xu et al.
(2009) for friction stir welded AA6061 and AA2219 aluminum alloys respectively. On
the other hand Lim et al. (2004) reported to observe a linear behaviour of UTS and
percentage elongation of the joints of AA6061 aluminum alloy with increase in tool
rotational speed and welding speed. The effect of tool rotational speed and welding
speed on micro hardness of welded samples of AA6082 aluminum alloy was investigated
by Wan et al. (2014). The results showed that with increase in welding speed hardness of
the joints followed an increasing trend. However, similar decisive conclusion was not
reported with tool rotational speed. Efficiency of the joints produced from AA6061
aluminum alloy was reported to increase with increase in tool rotational speed and

decrease in welding speed in the work reported by Cui et al. (2013).

The survey of literature on effect of tool rotational speed and welding speed on

FSW process revealed that these two parameters have significant influence over the
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process. These two parameters govern the process to achieve desired mechanical and

microstructural properties of the joints.
2.2.2 Tool geometry

The tool geometry plays a critical role in material flow and in turn governs the
traverse rate at which FSW can be conducted. An FSW tool consists of a shoulder and a
pin as shown schematically in Fig. 2.1. The FSW tool has two primary functions: (a)
localized heating, and (b) material flow. In the initial stage of tool plunge, the heating
results primarily from the friction between pin and workpiece. Additional heating results
from deformation of material during the plasticization. The tool is plunged till the
shoulder touches the workpiece. The friction between the shoulder and workpiece results
in the biggest component of heating. From the heating aspect, the relative size of pin and
shoulder is important, and the other design features are not critical. The shoulder also
provides confinement for the heated volume of material. The second function of the tool
is to ‘stir’ and ‘move’ the material. The uniformity of microstructure and properties as
well as process loads is governed by the tool design. Different researchers have carried
out research to evaluate effect of tool geometry on FSW process and available literature

are reviewed and presented as follows.

Shank

Pin

Shoulder

Fig. 2.1 Schematic representation of a conventional FSW tool

Tool geometry of FSW tool includes tool pin length, tool pin diameter, tool pin
profile, shoulder diameter, shoulder profile. The parameters associated with the tool are
schematically represented in Fig. 2.1. Out of various tool pin profiles developed in FSW
process the most primitive one is the cylindrical profile. Various studies reported
successful joining of different similar and dissimilar materials with this profile. Better
mechanical properties, appreciable joint efficiency and microstructural properties were
reported to observe with cylindrical pin profile in FSW process over various materials
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(Mehta et al., 2017; Fujii et al., 2006; Boz and Kurt, 2004). Higher surface area and
better mechanical contact with the plasticized materials around the tool pin during the
welding process makes this profile one of the most suitable option for FSW process. The
modification on the straight cylindrical pin is obtained through producing threads on the
pin. Various threaded profiles has been investigated and reported in literature and many
have confirmed successful joining with square thread profile (Imam et al., 2013;
Elangovan and Balasubramanian, 2008; Sundaram and Murugan, 2010).Apart from the
profile of the pin the other parameter associated with the tool that highly influence the
FSW process is the geometry that includes shoulder diameter and shoulder profiles. The
process of FSW process was investigated over various ranges and design of shoulder
diameter. The common conclusions made in each contribution is the influence of
shoulder diameter is maximum on FSW process (Scialpi et al., 2007; Leal et al., 2011;
Rajakumar et al., 2011; Liu et al., 2008; Mehta et al., 2011). Shoulder diameter is mainly
responsible for frictional heat generation between the rotating tool and the rigidly
clamped workpiece material. This frictional heat softens the material around the tool and
the stirring action of the tool help in plasticization of the materials. Thus contribution of
shoulder diameter is observed to be more in heat generation during the process after tool
rotational speed and welding speed. However, effect of pin diameter is found to be
insignificant as reported by various researchers (Tozaki et al., 2007; Sharma et al., 2012;
Mehta et al., 2017; DebRoy et al., 2012). The other parameter associated with FSW tool
is the tool pin length. However, the available articles effect of tool pin length reported to
be negligible compared to other parameters (Elangovan and Balasubramanian, 2008;
Mishra and Ma, 2005; Gibson et al., 2014; Garg et al., 2017, Mehta and Badheka, 2016).

The survey on effect of tool geometry on FSW process provides the insight that
straight cylindrical and square tool pin profile results in better mechanical properties
compared to other tool pin profiles. Apart from the tool pin profile, shoulder diameter of
the tool also plays significant role in FSW process. However, higher shoulder diameter
might results in deterioration of joint quality. On the other hand tool pin diameter does

not seem to have significant influence on FSW process.
2.3 Monitoring of FSW process

Monitoring can be defined as the procedure or method of observation of any

physical process or phenomenon and acquiring valuable information. The performance
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of the process can be evaluated continuously or periodically with the acquired
information. Monitoring of a process involves two crucial steps: one is acquisition of
valuable information through observation and the other one is the estimation or
prediction of outcome from the acquired information. To have better control over the
outcome of the process, the monitoring should be very effective to capture every possible
change during the process. Process signals can be an effective option for detecting
changes occurred during the process over time. Moreover, acquired signals give a more
direct representation of the time dependent behaviour of the physical process.
Monitoring a process over time can effectively reduce process faults, defects in the final
product and can help in controlling the output quality in the desired level. FSW being an
automated process monitoring the process over time would be useful in controlling the
output as desired. Efforts made for development of methods for monitoring of FSW

process are outlined in the following paragraphs.

Monitoring of FSW process with acoustic emission signals was reported in the
work presented by Soundararajan et al. (2006). Fast Fourier transform (FFT), short time
Fourier transform (STFT) and wavelet transform had been applied for processing of
acoustic signals. The research work claimed that among the three signal processing
methods adopted wavelet transform results in more information than FFT and STFT.
Processing of acoustic emission signal with wavelet transform for monitoring of FSW
process was also presented by Chen et al. (2003). The conclusions made leads to the
impression that various defects formed during the FSW process have different signal
band energy characteristics and the same can be an effective indicator for identification
of defects in the welded samples. In the research work presented by Subramaniam et al.
(2013) a signal frequency analysis based approach for monitoring of FSW process was
presented with acoustic emission signal and Fourier transform. The chances of noise
contamination with acoustic emission signal are high and the presented research work
hardly describes the methods adopted for elimination of noise and extraction of suitable

band in the desired frequency range.

Features extracted from force signals acquired during FSW process were
presented as the indication for observing in-process gap between the mating surfaces by
Yang et al. (2008).The presented results showed that with the gap present in the mating
plates during the process the computed power spectral density would yield higher values.

In an another attempt by Fleming et al (2008) force signals features based methodology
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was proposed for identification of gap in welded samples. Possibilities of defect
monitoring in FSW process using vertical force signal information was attempted by
Kumari et al (2016). Continuous wavelet transform was implemented for analysis of the
vertical force signals and it was reported that the developed methodology was able to
detect defects in FSW process. However, the authors studied only surface level defects
and did not extend the idea to identify internal defects those are more challenging in
detection. Vertical and transverse force signals during FSW process were acquired and
Fourier transform was implemented in order to develop defect monitoring method by
Boldsaikhan et al. (2011). Artificial neural network based models were developed for
classification of defective welds from defect free welds with signal information. Input
electrical signatures of the driving motors in FSW system were captured and processed
for monitoring of torque and transverse force during FSW process by Mehta et al.
(2013).Monitoring of weld quality in terms of UTS of the joints was presented by Jene et
al. (2008) with force signals features. Frequency spectrum of the force signals were
reported to have significant information regarding process behaviour. It was reported that
high frequency amplitudes in frequency spectra were observed for welds without any

notable imperfections or defect.

Presence of defects in friction stir welded samples are attempted to monitor by
Longhurst et al. (2016). The frequency information of current signal acquired from the
main spindle motor of a FSW system is presented as the key feature for monitoring
defect occurrence in the welded samples. The authors claimed that inclusion of void in
the welded sampled would result in increase in frequency band of the signal. However,
the authors did not emphasize on monitoring weld quality with the extracted signal
features. Applicability of infrared thermography in online monitoring of FSW process
has been presented by Serio et al. (2016). A new indicator termed as maximum heating
slope value has been proposed to correlate tool rotational speed and welding speed
during the process for monitoring the behaviour of the joining process. Imam et al.
(2013) developed a methodology based on temperature distribution of friction stir
welded joints for monitoring of the process. The study discloses that weld nugget zone
temperature below 350 °C can result in formation of tunnel defect in joining 6063-T4
aluminum alloy. Image processing based monitoring of first mode metal transfer in FSW
process is attempted by Sinha et al. (2008). Images of welds are captured to obtain image

features in terms of grey level distribution, texture, pattern and contours. The authors
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reported that the proposed methodology is effective and can be extended towards

prediction of process parameters for unknown materials.

The survey of available literature provided the information that few works has
been carried out for monitoring of FSW process. However, in other manufacturing
processes monitoring has already gained significant attention. For instance, in the
comprehensive review of turning operation over a decade by Sick (2002) around
hundreds of literature on monitoring of the process is presented. In comparison to this the
effort made for developing schemes for monitoring of FSW process is quite less. The
demand of FSW process is increasing across various automated industrial sectors. In
industry low cost, effective and reliable monitoring methods are useful for achieving the
desired quality of the product. Monitoring schemes can help in decision making
regarding the process outcome for the betterment of the process. The very less attempts
made for monitoring of FSW process the current research work is motivated to develop

effective methodologies for monitoring weld quality.
2.4 Signal processing techniques

Signals carry vital information regarding the process variability which can be
enhanced further to produce decision making methodologies for efficient monitoring of
the process. However, simply observing the signals may not end up with concrete
evidences to understand the behaviour of the process. For this reason, the signals need to
be processed to gather useful and salient information regarding the process. Processing
of signals can be performed in time domain, frequency domain and time frequency
domain. Time domain processing includes computation of statistical features from the
signals. In frequency domain analysis fast Fourier transform and short time Fourier
transform can be implemented for extraction of useful signal features. However,
limitations with these methods lie in the assumption that the signal under consideration
should be of stationary nature which is hard to achieve in actual conditions. Moreover, in
frequency domain analysis time based information of the signals is lost that might be
useful in many practical cases. Time frequency domain analysis solves the limitation of
losing time information as in frequency domain analysis. It comprises of methods like

wavelet transform, Hilbert-Huang transform, Gabor transform etc.
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Fourier transform was applied to acoustic emission signals by Subramaniam et al.
(2013) in FSW process. Effects of various pin profiles were investigated through
computation of power spectral densities of the signals. Vertical and transverse force
signals acquired during FSW process were analyzed in frequency domain by Jene et al.
(2008). Fourier transform and short time Fourier transform were implemented as the
signal processing tools. Frequency spectrum of the signals were computed and presented
as the feature for monitoring variation of process with tool rotational speed and welding
speed. ldentification of automatic gap during FSW process was attempted through
processing vertical force signal by Yang et al. (2008). Fourier transform was
implemented for frequency domain feature extraction in terms of power spectral density
of the signals. Fourier transform in gap detection in FSW process was also attempted by
Fleming et al. (2008) with vertical force signals. Frequency domain features were
computed in order to develop classification methodology for detection of gaps during the
process. Processing of acoustic emission signal for monitoring of FSW process with
Fourier transform, short time Fourier transform and wavelet transform was attempted by
Soundararajan et al. (2006). It was concluded that among the three methods wavelet
transform offers more valuable information regarding the process behaviour compared to
others. Fourier transform as a signal processing signals was also implemented by
Longhurst et al. (2016) for processing main spindle motor current signal. It was
commented that inclusion of defects in FSW process show appreciable change in the
frequency spectrum of the signal. Boldsaikhan et al. (2011) presented a methodology of
defect detection in FSW process using Fourier transform of vertical and transverse force
signals. It was commented that occurrence of defect in the welded samples bring notable
change in frequency spectrum of the signals. The effect of tool wear on acoustic
emission signal during FSW process was investigated by Zeng et al. (2006). The
frequency domain analysis leads to the impression that characteristics of tool wear were
evidential in acoustic signals. It was concluded that with the increase in the tool wear
magnitude of the signals in frequency domain reduces indicating higher tool wear.

Despite the limitation and assumption with Fourier transform and short time
Fourier transform many researchers have used these techniques for processing of signals
acquired during FSW process. However, these methods results in loss in time
information that might be useful in time dependent monitoring of FSW process. As a

solution to the limitations with frequency domain techniques, time frequency domain
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techniques are evolved with time. Wavelet transform is one of the most robust
techniques for signal processing with retaining time and frequency information of the

signal.

Wavelet transform was used by Chen et al. (2006) in processing of acoustic
emission signal in FSW process. The study revealed that with the inclusion of defects in
the welded samples wavelet energy signatures of the signals deviates from that of a
defect free signal. In the work presented by Kumari et al (2016) continuous wavelet
transform was used as signal processing technique for defect identification in FSW
process. Vertical force signals were analyzed using continuous wavelet transform and
features were computed for identification of surface level defects. However, the authors
did not comment on selection of suitable mother wavelet function which is essential in
effective decomposition of signal using wavelet transform. Kumar et al (2015) also
attempted identification of surface level defects in FSW process using vertical force
signal and discrete wavelet transform. Signal features were computed which later
correlated to surface level defect information during the welding. In this work also the
authors failed to mention about the selection procedure for suitable mother wavelet
function and appropriate level of decomposition in wavelet transform. Although wavelet
transform offers rich way of analyzing a signal in both time and frequency domain
simultaneously, effort made in the field of FSW process is less. However, in other
welding and manufacturing processes wavelet transform has gained significant use
compared to FSW process (Liu et al., 2015; Bhat et al., 2015; Droubi et al., 2017; Chen
et al., 2009; Praveen et al., 2013; Yang et al., 2016). Exploring the use of wavelet
transform in developing monitoring methodology for FSW process would be an

appreciable contribution of the current research work.

In signal information based monitoring of various other processes a relatively
new time frequency domain technique known as Hilbert-Huang transform has gained
significant attention(Lin and Chu, 2011, 2012; Law et al., 2012; Bin et al., 2012; Chen et
al., 2012; He et al., 2013; Rado et al., 2014; Taralunga et al., 2015; Bakker et al., 2015;
Liu et al., 2015; Li and Hao et al., 2015).The main advantage of Hilbert-Huang transform
over wavelet transform is the ability to estimates subtle change in the frequency.
Estimation of instantaneous frequency from wavelet transform is suboptimal because of
frequency smoothening and wavelet transform assumes stationary frequency during the

time span of wavelet function. Moreover, wavelet transform convolves a signal with a
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predefined mother wavelet function to decompose a signal. The choice of wavelet
function depends on the signal under consideration. On the other hand Hilbert-Huang
transform does not require any convolution of the signal with a predefined basis
function. These advantages of Hilbert-Huang transform makes it more robust than
wavelet transform. Although there is no relevant literature found in FSW domain with
Hilbert-Huang transform. Exploring Hilbert-Huang transform for processing of signals is
FSW process might result in more useful information for developing effective
monitoring scheme for the process.

Apart from Fourier transform and wavelet transform fractal theory is also a
prospective technique for processing signals. The idea of extending the use of fractal
dimension as an indicator to judge the quality of spot welding was proposed by Zhen et
al. (2007). Defects in arc welding process was attempted to detect and characterize by
Viera et al. (2008) through computing fractal dimensions from the current signals. Along
with signal analysis, fractal dimension found its importance in analyzing images as well.
Krivonosova et al. (2013) and Zhanfeng (2012) used images of welded specimens to
compute fractal dimensions and thus proposed methods for the prediction of weld
quality. In bio medical applications use of fractal theory as an effective signal processing
technique has already been established (Parvinnia et al., 2014; Abhishekh et al., 2013;
Paramanthan et al., 2008; Liu et al., 2005). In other processes fractal theory has found
acceptances related to monitoring and control (Shoupeng et al., 2007; Shirong et al.,
1999; Zhu et al., 2007; Yang et al., 2007; Kupkova et al., 2005; Tanaka et al., 2008).
However, in FSW process monitoring use of fractal theory as a signal processing tool has
not been attempted. Methodologies for monitoring of FSW process through processing
signals with fractal theory can be an effective contribution of the present study. Potential
of fractal theory as a tool for image processing is also established through various
researchers (Ahammer, 2011; Li et al., 2009; Chappard et al., 2003; Risovic et al., 2008;
Chen et al., 1989; Fortin et al., 1992).Similar attempts on monitoring of FSW process
with images and fractal theory is not available and research in directive can be a valuable

contribution.

The aforementioned survey of available literature fetched that researchers
implemented Fourier transform, short time Fourier transform and wavelet transform as
signal processing techniques in monitoring of FSW process. Although Fourier transform

and short time Fourier transform have their own limitations such as lack of producing
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time based information, lack of localization of events etc. Shortcomings with these two
techniques were eliminated with the introduction of wavelet transform. However, use of
wavelet transform in monitoring of FSW process is less compared to other
manufacturing techniques. And the researchers reported to use wavelet transform without
providing details on the selection of suitable mother wavelet function which plays
influencing role in decomposition. Development of a method for selection of suitable
mother wavelet function would be of great importance. The use of fractal theory for
signal and image processing for monitoring of FSW process can also be attempted as it is

lacking in the research trend.
2.5 Measurement of force/torque signals in FSW process

Appropriate design of FSW process demands real time measurement of process
forces and torque experienced by the welding tool. By virtue of the simultaneous linear
and rotary motion of the tool in the continuously deforming material imposes forces and
torque on the welding tool (Mehta el al. 2013); measurement and control of which can be

of great importance for controlling the outcome of the process.

A schematic representation of force and torque system associated with FSW
process is shown in Fig. 2.2. When the rotating tool is plunged into the rigidly clamped
work piece the material beneath the tool offers resistance to the tool. This resistance
generates an upward reaction force known as plunge force or vertical force in FSW
process. This force plays an important role as it governs the contact between the tool and
work piece during the welding process. Along with vertical force another force
experienced during FSW process is transverse force. As the rotating tool starts moving in
the welding direction, material ahead of the tool offers resistance to the tool and it
requires a force to overcome the resistance. This force is referred as transverse force or
welding force. Along with these two forces, one more force is existent during the
welding process, referred as lateral force. This force comes into existence due to the
rigidity of the clamped work pieces during welding. Work pieces are rigidly clamped so
that during plunging no gap is produced between the mating surfaces. In comparison
with vertical and transverse forces, effect of lateral force in monitoring of FSW process
is found to be less significant (Arora et al., 2012). Apart from these three forces, torque
is also experienced in a FSW system (Mehta et al., 2013). Principal component in
heating in FSW process is achieved by rotation of the tool (Mishra and Ma, 2005). To
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achieve this rotation, torque is required to be applied to the tool. As the rotating tool is
offered resistance by the material during the welding process, monitoring the torque

during the process can yield salient information regarding the process outcome.

Vertical force Transverse

z , Torque
Lateral
force

force

X

Fig. 2.2 Schematic of force/torque system associated with FSW process

Numerical modeling techniques (Mehta et. al., 2013) are available for estimation
of force or torque in FSW process with limitations in its accuracy due to complex
physics of the process, tool-workpiece interaction and unknown factors experienced
during actual welding environment. Real time measurement of forces and torque can be
achieved using load cells and multi-dimensional dynamometers (Jene et al., 2008;
Kumari, 2016; Kumar, 2015; Astarita et al., 2014; Cavaliere et al., 2006).However, one
of the limitations with the existing force measuring systems is the associated cost. Parida
et al. (2015) appreciably compared cost of different available force measurement systems
which reflects that the cost of measuring devices sometimes may be much higher than
the welding machine (Mehta et al., 2013), which is not feasible for all users. Hence,
researchers often motivated to develop their own measurement system for forces as well

as torque.

An instrumented tool holder capable of measuring multi-dimensional forces in
FSW process using strain gauges was developed by Blignault et al. (2008). Another tool
based two-dimensional forces and torque measuring system was developed by Mitchell
et al. (2002) using strain gauges. Different welding conditions demand different tool
geometries with different dimensions. Moreover, breaking of tool and wear of the tool
are possible in FSW process which brings the necessity of changing the tool. This brings
limitations to the tool based force measurement systems as every time modification of

the tool may not be a feasible option. Instead of tool based systems for force
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measurement, welding fixture based system can be an effective alternate to overcome the
limitations with tool based measurement systems. Efforts of developing fixture based
force and torque measurement system in FSW process is not available. However, in
milling, shaping and turning operations researchers attempted to develop strain gauge
based setup for force measurement. Korkut (2003) and Yaldiz et al. (2007) developed a
strain gauge based dynamometers for the measurement of forces during milling
operation. Strain gauge based dynamometer was developed for measurement of forces
during turning operation by Unsacar et al. (2006). Measurement of cutting forces during

shaping operation was achieved with the dynamometer developed by Seker et al. (2003).

The literature review on measurement of force and torque reveals that researchers
used various types of dynamometers. These dynamometers are known for its accuracy
and reliability. However, the associated cost of these dynamometers is quite high and
sometimes not affordable. On the other hand few researchers attempted to develop strain
gauge based measurement setup for other manufacturing process. It is observed that
strain gauges can be effectively used for the measurement of forces under static as well
as dynamic working conditions. Moreover, the associated cost is also far less compared
to other dynamometers. Hence, it would be appreciable to develop a fixture based forces

and torque measurement setup with strain gauge for FSW process.
2.6 Defect identification in FSW process

The FSW process is found to be advantageous in many aspects compared to other
fusion welding processes (Mishra and Ma, 2005; Gibson et al., 2014). Defects occurred
in fusion welding processes such as porosity, lack of penetration, spattering of electrode
material and defects related to solidification of joining material is out of question in FSW
process. This makes the process free from defects commonly occurred in fusion welding
processes. However, the FSW process suffers from defects occurred due to improper or

sub-optimal selection of influencing process parameters.

Evaluation of welded samples for identification of defects can be achieved in
terms of destructive as well as non-destructive techniques. Destructive testing methods
include bend test, tensile test, fatigue test etc. These methods destroy the welded
components that impede the use of the components. The non-destructive testing methods

include visual testing, dye penetration testing, radiographic testing, eddy current testing,
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ultrasonic testing etc. (Gibson et al., 2014). In these techniques the welded components
do not lose its integrity and it can be effectively used if passed the test. The limitations
with these testing methods are high initial investment and skilled operator for the

processes.

Investigation of welding defects in AA5456 aluminum alloy friction stir welds
was carried out by Chen et al. (2006). The defects were detected using mechanical
sectioning method and observing the samples under optical microscope. Void defect and
kissing bond defect were reported to occur in the friction stir welded samples by Cao et
al. (2009) in magnesium alloy. Mechanical sectioning method was used for detection of
defects in the welds followed by optical microscopy. Defects in friction stir welded
magnesium alloy were also investigated by Zhang et al. (2006). They also reported
formation of void and kissing bond defect in the welded samples. Mechanical sectioning
method followed by optical microscopic observation for defect detection. Investigation
of defect formation in friction stir welded 6013 aluminum alloy was carried out by Zhao
et al. (2014). Tunnel defect and kissing bond are the two defect types reported to occur
during the process. Mechanical sectioning method with optical microscopic technique
was used for identification of defects. Liu et al. (2012) investigated the effect of tool
rotational speed and welding speed on formation of void defect in FSW process. High
tool rotational speed with low welding speed was reported to be the cause of void
defects. In this study the defects were characterized by mechanical sectioning method.
Voids and excessive flash were reported to occur in FSW of AA7075 aluminum alloy by
Rezaei et al. (2011). They also reported that high tool rotational speed with low welding
speed might be one of the reasons for voids in the welded samples. Macrostructure
features of the joints obtained through mechanical sectioning of the joints were used for
defect identification. Characteristics of kissing bond defect in friction stir welded
AA1050 aluminum alloy were investigated by Sato et al. (2005). Improper heat
generation due to low combination of tool rotational speed and welding speed were
reported to be the possible cause of formation of kissing bond defect. Microscopic

technique was used for identification of defects in the welded samples.

X-ray radiography and infrared thermography techniques were used by
Saravanan et al. (2014) for identification of defects in friction stir welded joints. A
methodology has been proposed based on radiography and thermography for

identification of internal defects in FSW process. The study claimed that with the
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developed method voids and micro pores can be detected with high accuracy. Signal
features computed from vertical force signals acquired during FSW process were
presented as indicator for identification of surface level defects by Kumari et al. (2016)
and Kumar (2015). However, the method had not been tested for identification of
internal defects in FSW process which is more challenging. Vertical force signal features
based identification of worm hole defect in FSW process was also presented by
Boldsaikhan et al. (2011). The authors concluded that with the inclusion of defect the
frequency spectrum of the signals shows notable deviation than the spectrum for defect
free welding cases. Effect of tool rotational speed and welding speed on defect formation
of friction stir welded AA2014 aluminum alloy was investigated by Rajamanickam et al.
(2009). The welded samples are tested using X-ray radiography for identification of
defect. Rosado et al. (2010) proposed a non destructive testing method for identification
of defects in FSW process. The authors developed a new type of eddy current probe for
identification of internal defects in FSW process. The investigation reported that with the
proposed methodology detection of defects with characteristics size of 60 pm would be
possible. A methodology based on transient eddy current for defect identification in FSW
process was presented by Smith (2005). Eddy current based conductivity measurements
were performed for the estimation of flaws within the welded samples. Shen et al. (2011)
summarized the possible use of available non destructive methods for identification of
defects in FSW process. Besides a series of optical metallographic inspection the
research work considered X-ray detection, ultrasonic C-scan technique, ultrasonic phased
array inspection and fluorescent penetrating fluid inspection technique were tested for
identification of defects. Effect of tool rotational speed, welding speed and plunging
force on defect formation of FSW of die casting aluminum alloy was investigated by
Kim et al. (2006). Three defect types were reported in the investigation. Mass of flash
due to excess heat input, cavity or groove like defect due to insufficient heat input and
cavity produced by abnormal stirring. X-ray radiography technique was used for
identification of internal defects occurred during FSW process.

The above discussion on review of available literature for possible defects in
FSW process and its detection leads to the impression that improper selection or sub-
optimal range of process parameters are mainly responsible for defect generation. The
welding parameters should be selected within the suitable welding window of materials

for sound defect free welds using FSW process. The researchers concentrated mostly on
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macrographs of welds for identification of defects using mechanical sectioning methods.
However, few researchers concentrated on testing and developing non destructive
methods for defect identification in FSW process although the effort is less. The tested or
developed methodologies are limited for implementation in FSW process at every scale
and needs further development of methods for reliable identification of defects in welded
samples. One of the possible reasons that most of the researchers attempted conventional
practices for identification of defect is the cost associated with the available non
destructive testing equipment and further precise knowledge base for interpretation of
results. Real time information contained in process signals can be extracted through
suitable processing technique and features can be developed for defect identification in

FSW process.
2.7 Data driven modelling techniques

The process of FSW involves complex physics and interaction among various
process parameters is high. Understanding of FSW process behaviour against various
combination of influencing process parameters can be achieved through various
modelling approaches. Among these approaches mathematical modelling, regression
based modelling and thermo mechanical modelling are available. Limitations with these
approaches are that these consume notable computational time and often the reliability
and accuracy are compromised. Physics based modelling of FSW process has gained
significant attention among the research community to understand the process behaviour
(Hasan et al., 2017; Xio et al., 2017; Shi et al., 2016; Tang et al., 2016; Zhu et al., 2016;
Shu et al., 2015; Mehta et al., 2015). This approach is reliable but the time consumption
is high. The interaction among various process parameters is difficult to accommodate
and representation in terms of physics based mathematical models are difficult.
Moreover, the assumptions made during the physics based modeling approaches are hard
to realize in actual process environment. An alternative approach for modelling of FSW
process is possible through data driven artificial intelligence techniques. Artificial neural
network (ANN) and support vector machine (SVM) learning method has gained
immense popularity. These models can deal with complex processes, high interaction of
parameters and depends on data rather than physics based mathematical models. These
models can handle non linear behaviour of the data and useful in representation of actual

process behaviour compared to physics based modelling approaches. In this context few
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literature are reviewed where researchers have attempted modelling of FSW process with

various data driven modelling techniques.

An ANN model was developed by Buffa et al. (2012) for the estimation of
microhardness and microstructure in friction stir welded samples. Local strain, strain rate
and temperatures were used as the input for the development of the models. The
estimated results showed that the developed neural network model results were in fair
agreement with the experimental results. Prediction of peak temperature, width of heat
affected zone and welding force were predicted with artificial neural network models by
Shojaeefard et al. (2014). Tool rotational speed and welding speed were used as the input
for the development of the neural network models. Feed forward neural network trained
with back propagation algorithm was used with single hidden layer architecture. It was
concluded that the developed neural network model was accurate in prediction of peak
temperature, welding force and width of heat affected zone compared to experimental
results. Effect of genetically optimized tool rotational speed and welding speed in FSW
process were tested and modeled with artificial neural network models by Tansel et al.
(2010). Five different neural network models were developed for the prediction of tensile
strength, yield strength, percentage of elongation, hardness of nugget zone and hardness
of heat affected zone. It was reported fair agreement between the measured quantities
with the model predicted quantities with influence of parameters optimized using genetic
algorithm. Fratini et al. (2009) attempted modelling of grain size in FSW process using
artificial neural network approach. Local strain, strain rate, temperature and Zener-
Holloman parameter were the input to the developed artificial neural network model. The
most popular back propagation algorithm was used for the training of the model. The
model estimated grain sizes showed appreciable match with the grain sizes measured
experimentally. Weld height and width were predicted using artificial neural network
approach by Pandya et al. (2014). Thickness of the plates, rolling direction, tensile
strength and yield strength were selected as the process parameters for the development
of the models. The neural network models were trained with back propagation algorithm.
It was reported that the estimated parameters had fair agreement with experimental
results. Dehabadi et al. (2016) attempted prediction of Vickers microhardness of friction
stir welded samples with artificial neural network. The predicted results with the
developed models when compared with results obtained from experimental investigation

showed appreciable agreement.
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Modelling of FSW process through data driven models with signal features were
attempted by few researchers. In these models features extracted from real time signal
information and process parameters are used as input. Various output characteristics of
FSW process were modeled with the developed models. The use of artificial neural
network in monitoring of FSW process was reported by Boldsaikhan et al. (2011).
Vertical force and transverse force signals are acquired during FSW process and
analyzed in frequency domain using Fourier transform. The frequency domain features
were utilized in the development of artificial neural network model for classification of
defective welds from defect free welds. The classification accuracy of the developed
model showed the acceptability and reliability of the artificial neural network model in
monitoring of FSW process. Misalignment detection and seam tracking was attempted
by Fleming et al. (2009) in FSW process. General regression neural network was
developed with axial force values as the input to the model for the estimation of tool
offset position relative to the weld seam. An estimator was developed for detection of
misalignment and tracking of weld seam in FSW process and it was concluded that the
estimator was relatively accurate compared to the actual measured values. Comparison
of modelling performance of response surface methodology and artificial neural network
was reported by Lakshminarayanan et al. (2009). Tool rotational speed, welding speed
and axial force values were considered as input for the development of artificial neural
network model. The model was developed for the prediction of tensile strength of the
friction stir welded joints. The comparison showed that the prediction performance of

artificial neural network model is far better compared to response surface methodology.

Apart from the ANN models researchers have developed statistical models for the
modelling of FSW process. Combinations of various process parameters were tested for
the development of effective models to represent different output characteristics of the
FSW process. Effect of tool rotational speed, welding speed, axial force, tool shoulder
diameter, pin diameter and tool hardness were investigated by Rajakumar et al. (2010)
through empirical modelling of FSW process. Statistical regression models were
developed for prediction of average grain size at nugget zone and tensile strength of the
joints. It was reported that the developed models yielded satisfactory prediction
performance. Statistical models were also developed in a different work by Rajakumar et
al. (2012) and effect of individual process parameters were investigated on tensile

properties of the joints. It was reported that the developed models have fair agreement
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with the experimental results. Hwang et al. (2008) attempted prediction of temperature
during FSW process with the application of regression based models. Various regression
models were developed and the results were compared with the results obtained from
experimental investigation. Regression based models were developed by Bitondo et al.
(2011) in order to predict vertical force and transverse force during FSW operation.
Multiple models were developed with tool rotational speed and welding speed. The
comparison of the predicted results with the experimental results showed that the
developed models were accurate in estimation of vertical force and transverse force.
Blignault et al. (2012) developed statistical models for the prediction of tensile strength
using pin geometric information. Response surface methodology was the technique used
for the modelling of tensile force during FSW process. The results of the developed
model were reported to be in well correlation with the experimental results. Polynomial
regression models were developed by Murugan et al. (2010) for the prediction of UTS
and percentage of elongation of friction stir welded joints. Tool rotational speed, welding
speed, tool pin profile and axial force were the input variables used for the development
of the mathematical models. The developed models showed relatively higher percentage
of prediction error but provided an insight to the implementation of regression based

models in mathematical modelling of FSW process.

Apart from the ANN models researchers have attempted modelling of various
other welding and other processes through SVM learning method (Koo et al., 2017,
Shuangsheng et al., 2012; Gilan et al., 2012; Na et al., 2008; Lim et al., 2010; Pan et al.,
2010; Zaidi, 2012; Wen et al., 2009). However, use of SVM in FSW process is not
available in literature. The use of SVM in modelling of FSW process can be extended

and real time information can be used for development of SVM models.

The survey of literature fetched that ANN modelling technique is popular
followed by statistical models. In these models limited process parameters were used for
modelling of the process. FSW process is governed by too many process parameters and
modelling the process with few parameters may result in inadequate information
regarding the process behaviour. However, it is difficult to consider all process
parameters as it would increase the complexity in the experimentation. As an alternate,
real time signals acquired during welding process can be useful. Signals carry vital
information regarding the process and it retains combined effect of both controllable and

uncontrollable parameters during the process. Extracting the signal information in terms
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of signal features and developing data driven models with these can offer more reliable

and accurate mean of modelling the FSW process.
2.8 Summary

The survey of available literature is carried out with the intention to develop prior
knowledge about the process and to track the trend in the current research in FSW. The
chapter is divided into various sections as per the interest of the present study. The
observations made from the survey of literature boiled down to few conclusive remarks

summarized as follows.

» Available literature in monitoring of FSW process is less compared to other
manufacturing processes. The published research works mostly considers real
time signals in monitoring various aspect of FSW process but missed to introduce
weld quality monitoring. Thus scope remains in developing methodologies for
monitoring of weld quality of the welded samples.

> In general it is observed that FFT is widely implemented for analysis of real time
signals for monitoring of FSW process along with very limited use of WT. This
further needs detailed investigation for wide implementation of WT in order to
analyze real time signals acquired during FSW process. Apart from the regular
signal processing methods it is observed that fractal theory is also capable of
analyzing signals in time domain. However, this particular approach is not yet
disclosed in FSW process monitoring with real time process signals. Exploring
this would add a new avenue for monitoring FSW process that can be treated as
the imperative contribution of the present study.

> Researchers mostly consider force signals acquired during welding process for
monitoring of the FSW process but possibilities of other process signals such as
current signals from main spindle motor and welding speed motor, tool rotational
speed signal of the main spindle would also reveal salient information for
developing effective monitoring methodology.

» It is observed that measurement and acquisition of force signals is mainly
performed with costly and less flexible measurement systems that mostly include
piezoelectric based dynamometers. On the other hand motivation is derived from
the low cost effective dynamometers developed for milling and turning
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operations with strain gauges for developing force and torque measurement
system dedicated for FSW process.

> Despite being an automated process FSW yields various types of defects due to
improper selection of suitable process parameters. The challenge is in their
detection as all the defects are internal or subsurface. In spite of various
nondestructive methods available for identification of internal defects researchers
failed to use those methods and apparatus. One of the causes for adopting
conventional destructive sectioning method for identification of defects in the
welded samples over these nondestructive methods is the associated cost with the
systems and prior expertise for interpretation of results. This area needs
contribution in developing methods for identification of internal defects with real
time signal information with reliability, accuracy, considerably less post
processing time and requirement of no a priori knowledge for interpretation of
results.

» Finally, various data driven modelling techniques used in FSW process is
reviewed and it is observed that statistical regression modelling techniques, ANN
models are quite popular among the researchers. However, various other
nonlinear data driven modelling technique such as SVR is available with
reasonably good prediction accuracy and implemented in monitoring of various
other processes. This technique can be tested for its performance check over
ANN models to comment on a more accurate modelling approach for weld

quality prediction in FSW process.
2.9 Gaps in the literature

The review of available literature is carried out with the intention of finding the
trend of current research works in FSW process. The review made realization of few
gaps that can be attempted for enrichment of the FSW user and research community. The

gaps observed during the review are listed below.

» The effort made for development of methodologies for monitoring of FSW
process is less.

» The literature survey leads to the impression that use of sophisticated signal
processing tools such as wavelet transform and Hilbert-Huang transform in FSW

process is not attempted in great details.
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>

Selection of suitable mother wavelet function in wavelet transform framework is
not discussed in details and further exploration is needed in this regard for FSW
process.

Measurement of force and torque is achieved through costly dynamometers and
development of low cost measurement system for FSW process would be
impactful.

Identification of internal defects using process signal in friction stir welded
samples is not attempted.

Modelling of FSW process is mostly attempted through development of ANN
models with process parameters in the input space of the models. Real time signal
information can be tested for development of modelling approaches in FSW
process.

The use of ANN and statistical models populated the modelling of FSW process.
More accurate modelling approach such as SVM is not tested for modelling of
FSW process.

Use of fractal theory for signal and image processing in FSW process is lacking

and can be developed in the current research work.
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Experimental Investigation

3.1 Introduction

This chapter outlines materials selected for FSW experiments, methods used for
testing of welded samples for measuring different weld quality attributes. Apart from the
mechanical investigation this chapter also highlights different sensors and acquisition
hardware used for signal acquisition during FSW. Tool rotational speed, welding speed and
shoulder diameter is selected as the process parameters for the present study. After the
selection of suitable levels for each parameter design of experiment matrix is formulated for
conducting the welding experiments. After the completion of the experiments mechanical
test samples are prepared from the welded samples for the measure of weld qualities such as
ultimate tensile strength (UTS), yield strength and percentage of elongation. Details of
different experimental procedures followed during the present research work are highlighted

in the following sections.
3.2 Material for welding

The introduction of FSW process has revolutionized joining of light weight materials
such as aluminum, magnesium, copper etc. those were earlier considered to be difficult to
weld with fusion welding processes. Till then use of these materials mostly aluminum found
extensive applications in industrial sectors. Researchers also found to motivate to consider
aluminum at their first choice of materials for FSW process owing to its numerous
advantageous uses in many industries. The present research work considers aluminum alloy
of AA1100 series for conducting FSW operations. This grade of aluminum is considered as

commercial grade and has extensive use in products like spun hollowware, fin stock, heat
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exchanger fins, dials and name plates, cooking utensils, decorative parts, giftware, rivets and
reflectors, and in sheet metal work. The material is received in plates having dimension of
1219 mm X 2438 mm with 6 mm thickness. Welding work pieces are cut from the parent
materials having dimension of 160 mm X 110 mm X 6 mm. Plates are friction stir welded
in square butt joint configurations and edges of the work pieces are prepared with milling
operation to meet the required dimensions and finish. The received material is tested under
energy dispersive X-ray (EDX) emission method to find out the different components
present in the base material. The composition of base material is shown in Table 3.1.
Tensile coupons are cut as per ASTM E8M standard from the base material to evaluate
UTS, yield strength and percentage of elongation. These values are further referred for the
evaluation and comparison of weld qualities. Mechanical properties of base materials can be

seen in Table 3.1.

Table 3.1 Mechanical properties and chemical composition of the base material

Mechanical properties Chemical composition (wt %)
Al: 99.3
Ultimate tensile strength: 119.8 MPa Si: 0.2
Yield strength: 106 MPa Zn: 0.2
Percentage of elongation: 17.1 Fe: 0.2
Cu: 0.1

3.3 Tool materials and tool fabrication

Tool material plays an important role in FSW process. The precondition with the
selection of tool material for FSW process is that the hardness of the tool material should be
much higher than the hardness of the base material to be welded. For aluminum alloy it is
observed that researchers mostly used H13 hardened steel (Leal et al., 2011; Tozaki et al.,
2007; Zhang et al., 2012; Sharma et al., 2012) and stainless steel grade SS316 (Imam et al.,
2013; Hao et al., 2013; Zhang et al., 2015) materials for fabrication of tool. As the materials
selected for present research work is AA1100 with a hardness of 26 BHN, SS 316L with
hardness of 143 BHN is selected which is sufficient for the welding operations. In literature
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review chapter (chapter 2) various tool profiles have been discussed with their significant
advantages and their affects on joint properties. However, among various profiles cylindrical
tool with straight pin profile is most widely used in FSW process with reasonably good
mechanical properties of the joints. Hence, it is decided to use the most primitive
configuration of FSW tool for the present work. From the published literature and
preliminary investigation with sufficient support of published literature (Sundaram et al.,
2010; Kumar et al., 2008; Liu et al., 2008) it was observed that the pin length for successful
FSW operations should be around 95% — 97% of the thickness of the base materials
considered for welding. With this information in the present research work the length of the
tool pin is kept fixed at 5.7 mm. The available literature (Rajakumar et al., 2011; Tozaki et
al., 2007; Zhang et al., 2015) suggest that for successful joining the diameter of tool pin
should be equal to the thickness of the plates considered for welding. However, literature
with different combinations of plate thickness and pin diameter are also available. The
present study considers the tool pin diameter to be 6 mm which is equal to the thickness of
the welded plates. Another important FSW parameter associated with welding tool is the
shoulder diameter of the tool. This determines the amount of heat generated during the
welding process as the heat is generated due to friction between the work piece material and
shoulder of the FSW tool. Owing to this shoulder diameter of tool is an influencing
parameter for governing the heat input to the weld and in turn controlling the FSW process.
Researchers have reported many profiles for shoulder (Mishra and Ma, 2005; Elangovan et
al., 2008; Li et al., 2016) but the plain profile is widely used in FSW process. In the present
work also the plain profile of shoulder is preferred over various profiles. This FSW
parameter is varied in four levels for the investigation of its effect on joint qualities in the
current research work. The FSW tool used in the present research work is schematically
shown in Fig. 3.1.
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Fig. 3.1 Schematic representation of FSW tool with fabricated tools

3.4 FSW setup

In the present research work a milling machine is used for conducting the welding
experiments. The choice of milling machine for FSW process is popular in research
activities across the globe (Parida et al., 2011; Scialpi et al., 2007, Boz and Kurt, 2004;
Elangovan et al., 2008; Kumar and Kailas, 2008; Record et al., 2007; Hwang et al., 2008;
Movahedi et al., 2012; Aydin et al., 2012). In present scenario a vertical knee type milling
machine is used for the welding process with modified fixture developed and fabricated in
house for holding the work piece material during welding process. The vertical milling
machine used in this work is shown in Fig. 3.2 with the modified fixture developed in house
for holding and aligning the work piece during welding. FSW process also required backing
plate with low thermal conductivity and high structural rigidity. For this purpose mild steel
plate with a thickness of 20 mm is used as backing in the present work. This will provide
good thermal barrier to the work piece for controlled heat loss and high rigidity during the
welding process. The milling machine has twelve steps in tool rotational speed (50, 65,
90,125, 175, 240, 325, 440, 600, 815, 1100, 1500 rev/min) and eight steps in welding speed
(22, 36, 63, 98, 132, 200, 360, 550 mm/min). The main spindle motor has a power rating of
5.5 kW with maximum current rating of 19 A and feed motor has a power rating of 0.75 kW
with maximum current rating of 5 A.
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Fig. 3.2 FSW machine with specially designed fixture and backing plate
3.5 Selection of process parameters

Friction stir welding process is influenced by too many process parameters where
selection of suitable combination of different parameters is important for successful
welding. The effect of various process parameters is often investigated by measurement of
different mechanical properties of the joints that include UTS, yield strength, percentage of
elongation, bending strength, hardness of the joints. Apart from these mechanical properties
weld dimensions are also sometimes used as the index for investigating the effect of process
parameters on the welded joints. Microstructural investigation for measurement of grain
sizes is also a key factor in estimating joint quality in FSW process. Various process
parameters involved in FSW process is shown in Fig. 3.3 for reference. However, from the
preliminary investigation and information from the published literature it is observed that all

the parameters do not have significant influence on qualities of the welded joints.
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Input parameters Output parameters
Tool rotational speed ——
Welding speed — — Ultimate tensile strength
Pin length — — Yield strength
Pin diameter — Friction —— Compressive strength
Pin geometry ~ —— iy |— Percentage of elongation
Shoulder diameter — . — Bending angle
Shoulder geometry ——| Wwelding | Bendine strenoth
Plunging depth ———{ process Fer} ng s rengh
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Tool hardness ~ —— raimn size

Fig. 3.3 FSW process with various process parameters

To select suitable process parameters for the present research work preliminary
investigations are carried out and with suitable literature survey (Parida et al., 2014; Sahu et
al.,, 2016, Kumar et al.,, 2008; Sharma et al., 2012) it is observed that among these
parameters tool rotational speed, welding speed and shoulder diameter plays more
significant role in FSW process. Hence, in this research work it is decided to consider these
three parameters for conducting the welding experiments. After the selection of suitable
process parameters suitable level of welding parameters are decided. Again with previous
experience levels of tool rotational speed, welding speed and shoulder diameter are chosen
so that it falls within the suitable welding window for FSW of AA1100 aluminum alloy. For
each parameter four levels are selected for the formulation of experimental design matrix.
The process parameters along with the level of each parameter are represented in Table 3.2.
The rest of the parameters such as pin length, pin diameter, tool tilt angle, and plunge depth
are kept constant as shown in Table 3.3. For three process parameters and four level of each
parameter full factorial design approach result in 43, i.e., 64 welding experiments. One of the
experiment is repeated which is selected randomly. All the experiments are performed
randomly in order to minimize the experimental error or bias. The complete experimental

design matrix is shown in Table 3.4.
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Table 3.2 Process parameters with respective levels

Parameter levels

Process parameters
Level1 Level2 Level3 Level4

Tool rotational speed (rev/min) 600 815 1100 1500
Welding speed (mm/min) 36 63 98 132
Shoulder diameter (mm) 16 20 24 28

Table 3.3 Parameters with fixed level

Parameters Value
Pin length 5.7 mm
Pin diameter 6 mm
Plunge depth 0.06 mm
Tool tilt angle 0°

Table 3.4 Complete design matrix for the present research work

Process parameters

Exp. No. Tool rotational speed Welding speed Shoulder diameter
(rev/min) (mm/min) (mm)
1 600 36 16
2 600 36 20
3 600 36 24
4 600 36 28
5 600 63 16
6 600 63 20
7 600 63 24
8 600 63 28
9 600 98 16
10 600 98 20
11 600 98 24
12 600 98 28
13 600 132 16
14 600 132 20
39
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60 1500 98 28
61 1500 132 16
62 1500 132 20
63 1500 132 24
64 1500 132 28
65 1100 36 16

* is the repeated experiment of Exp. No. 33

3.6 Test sample preparation

The experiments are conducted as per the design matrix shown in Table 3.4. After
the completion of the experiments test samples for mechanical and microstructural
investigations are prepared. Test sample preparation and results obtained from these

investigations are reported in the following paragraphs.
3.6.1 Mechanical testing

This group of test includes destructive testing of welded samples to measure
different mechanical properties of the welds. The mechanical properties include UTS, yield
strength and percentage of elongation of the joints produced against each welding
experiments. One tensile test sample is prepared from the welded plates as shown in Fig.
3.4. ASTM E8M standard is adopted for the preparation of the tensile test samples. The
gauge length of the samples is 50 mm. A hydraulically operated servo controlled universal
testing machine (make: Instron; model: 8801) is used for the tensile testing with a constant
progression of 1. mm/min. Tensile testing is carried out at room temperature and UTS, yield
strength and percentage of elongation of the joints are measured and furnished in Table 3.5
against each experimental condition. Stress strain curves for base material and welded

samples with minimum and maximum UTS is shown in Fig. 3.5.
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200 mm
50 mm 57 mm
|
N Y125 mm\ Welded region
Fig. 3.4 Schematic of tensile test specimen
Table 3.5 Mechanical properties of the joints
Exp. No. Ultimate tensile Yield strength Percentage of
strength (MPa) (MPa) elongation

1 94.05 54.32 18.46

2 85.87 46.45 21.68

3 78.56 43.47 11.28

4 65.69 43.10 10.54

5 88.42 59.30 9.4

6 84.64 43.87 23.26

r, 88.12 43.85 17.72

8 71.88 43.37 13.26

9 82.45 63.43 11.66
10 85.24 46.04 23.58
11 73.60 46.16 11.14
12 67.55 40.51 11.72
13 95.89 55.58 17.26
14 81.89 45.97 17

15 81.95 44.03 12.606
16 84.09 43.23 20.94
17 92.00 50.93 15.8

18 77.34 48.11 12.66
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50 64.95 49.77 4.66
51 92.22 54.46 11.4
52 81.08 36.91 27.32
53 92.59 53.72 14.2
54 81.65 41.26 23.26
55 88.92 44.39 23.2
56 68.57 40.63 9.4
57 71.38 60.13 7.26
58 77.17 43.07 13.64
59 87.12 45.37 22.66
60 81.81 38.46 27.52
61 80.29 59.72 8.88
62 83.93 48.09 12.96
63 59.12 43.88 4.92
64 83.64 42.68 21.98
65 69.56 56.44 8.6
150 AA1100 Exp. No. 45 Exp. No. 36

_ 100+

E

750

0 —
0.00 0.05 0.10 0.15 0.20

Strain
Fig. 3.5 Stress strain curve of welded joints versus base material

The tensile test specimens after the testing are shown in Fig. 3.6. The failure for

specimen against Exp. No. 45 occurred outside the nugget zone (NZ) whereas the same for
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Exp. No. 36 is within the NZ. The weld quality attributes measured from the welded
samples are correlated to process parameters to investigate their effect on the weld qualities.
Figure 3.7 represents the variations of UTS, yield strength and percentage of elongation
with tool rotational speed, welding speed and shoulder diameter. From the respective figures
it is observed that none of the weld quality attributes intelligibly correlated with process
parameters. Except few cases no definite conclusions can be drawn for the influence of

process parameters on joint qualities.

Retreating side Advancing side

Fig. 3.6 Tensile specimens after tensile test
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3.6.2 Hardness measurement

Test samples for the measurement of micro hardness of the welded samples are
prepared with standard procedures. A Vickers’s micro hardness testing equipment (make:
Omni Tech) with a diamond shaped indenter is used for the measurement. The test is carried
in 500 gf loading condition. Measurements are recorded after 2 mm interval from the weld
centre line both towards advancing and retreating sides of the weld. The test sample
prepared for hardness measurement is shown in Fig. 3.8 along with the schematic of the
process of measurement. Few representative cases are shown for the variation of
microhardness in the welded samples in Fig. 3.9. From the hardness distribution it is
observed that the hardness of weld zone is higher as compared to that of base material. This
increase in micro hardness can be attributed due to finer grains at the NZ of the welded
samples. Due to dynamic recrystallization in the NZ of the weld because of severe plastic
deformation and heat generation due to friction grains at the NZ become finer than grains at
the base material. From the comparison of the microhardness distribution of specimens
against highest UTS and lowest UTS revealed that weld sample with lowest UTS have
comparatively low microhardness values than sample with highest UTS.

Base Base
) Weld zone )
material material
|
Rctl'cating I Advancing
side ’ side

Measurement

Fig. 3.8 Test sample for micro hardness measurement
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Fig. 3.9 Variation of microhardness
3.6.3 Microstructural investigation

For conducting microstructural investigation test specimens are cut from the welded
specimens. The cut specimens are then prepared with standard procedures for the
preparation of samples for microstructural observations by polishing with different grades
emery papers (600, 800, 1200, 1500) and finally with velvet cloth for mirror like finish.
Modified Keller’s reagent (distilled water 190 mL, HNO3 5 mL, HCI 3 mL and HF 2 mL) is
used for etching purpose. The sample is dipped into the reagent solution for 15 seconds and
then removed from the solution and cleaned with water. After drying the samples are

observed under optical microscope (make: Carl Zeiss) at various magnification.

Friction stir welded samples is characterized by different metallographic zones as
shown in Fig. 3.10 such as NZ, thermo mechanically affected zone (TMAZ), heat effect
zone (HAZ) and unaffected base material (BM). The NZ is characterized by very fine grains
and the average grain size is much smaller than BM. This zone is under extensive effect of
both mechanical deformation due to rotating tool and thermal effect due to heat generated
during FSW process. During the welding process with combined effect of severe plastic
deformation with sufficient heat the grains within NZ undergo dynamic recrystallization
process and this result in relatively smaller grains compared to that of base material. Next to
NZ is the TMAZ that is characterized by grains with size comparatively higher than NZ but
smaller than BM. Apart from the NZ, TMAZ also experiences mechanical deformation and
heat effect during the FSW process. However, the recrystallization effect is not as prominent
as in NZ and the grains are relatively larger than NZ. Grains in the HAZ are comparatively
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smaller than BM but relatively more than TMAZ and NZ. BM is not affected wither
mechanically or thermally hence there is no alteration in the grain size and orientation.
Microstructures of different metallographic zones of friction stir welded samples are shown
in Fig. 3.11.

Fig. 3.11 Microstructure of friction stir welded sample (a) NZ at the top (b) NZ at the
middle (c) NZ at the bottom (d) HAZ towards advancing side (e) TMAZ towards advancing
side (f) TMAZ towards retreating side (g) HAZ towards retreating side

3.7 Signal acquisition

The primary objective of the present research work is to develop methodologies for
monitoring of FSW process. In this respect information regarding the process is extracted
through acquisition and processing of real time signals during FSW process. As process

generated force signals are quite popular among researchers for monitoring of FSW process.
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The present work apart from the force signals another few signals are also acquired and
processed for effective monitoring of FSW process. These include current signals from
motors responsible for generating tool rotational speed and welding speed, tool rotational
speed signal of the main spindle where the welding tool is attached and voltage signal from
the main spindle motor. Various sensors and data acquisition hardware used for acquisition

of these signals are summaries in Table 3.6.

Table 3.6 Various sensors used for acquisition of signals during FSW process

Sl.

No Sensor/Hardware Specifications

Type: Hall Effect
Make: Chauvin Arnoux
Model: PAC 22
Accuracy: < 1.5%
Range: 10 mA — 100 A

1 Current sensor

Type: Hall Effect
Make: Tektronix
Model: A 622
Accuracy: + 3%
Range: 50 mA — 100 A

2 Current sensor

Type: Differential

Make: Metrix

Model: MX 9030
Accuracy:+ 3%

Range: +£ 0.1 V — 4+ 600
\Y

3 Voltage sensor

Type: Laser optical
tachoprobe

Make: Compact
Instruments

Model: A2108LSR
Accuracy:+ 0.5%

Range: 0 — 60000 rev/min
Resolution: 1.5 mV

4 Tachometer

Type: Strain Gauge
Make: Developed in
house

Force .
5  measurement Accuracy:
setup Fz=127%
FY =1.06 %
Torque = 0.96 %
Range:
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Fz =15kN
Fy =5kN
T =40 N-m

Type: Voltage
measurement

Make: National
Instruments

Model: NI-USB-6259
BNC

Range: £0.1V -+ 10V
Max. sampling frequency:
1.25 MHz (single
channel)

1.21 MHz (Multiple
channel)

Processor: 16-bit

No. of input channel: 16

Data
6 acquisition
hardware

Information regarding FSW process to observe in process behavior is attempted
through acquisition of seven real time signals integrating various sensors and data
acquisition hardware as depicted in Table 3.6. To start with in Fig. 3.12a-c vertical force
signal, transverse force signal and torque signal acquired using the developed force
measurement setup is shown. The FSW process is characterized by four salient states during
the process. This includes plunging of the rotating tool, dwell time, welding period and
retraction of the rotating tool. All the stages have salient influence on the process and hence
on the quality attributes of the joints. Effect of these four stages can be prominently seen in
the vertical force signal as shown in Fig. 3.12. However, effects of these stages are not
appreciably captured in the transverse force signal and torque signal as represented in the
respective figure. In Fig. 3.13 current signal acquired from main spindle motor is
represented. This signal also bears the signature of salient stages occurred during FSW
process as captured by vertical force signal. However, current signal acquired from the
welding speed motor could not capture salient information regarding the welding stages
occurred during FSW process. The full view of welding motor current signal is shown in
Fig. 3.14. Tool rotational speed signal acquired with the non contact laser tachometer is
represented in Fig. 3.15. From the respective figure it is observed that as like in vertical

force signal and main spindle motor current signal salient stages involved in FSW process is
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also captured by tool rotational speed signal. Fig. 3.16 represents full view of voltage signal
acquired during FSW process. This signal is found to be irrelevant in monitoring of FSW
process as it does not capture any information regarding the welding process at any
combination of process parameters. Hence, this signal is not processed further in this

research work for developing methodologies for effective monitoring of FSW process.

760000 BC D E F
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g 0 50 100 150
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A: Tool pin contact D: Dwell period
B: Tool pin plunge E: Welding period
C: Shoulder plunge F: Tool retraction
(a)
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Fig. 3.13 Main spindle motor
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Fig. 3.14 Welding motor

current signal

Fig. 3.15 Tool rotational

speed signal

Fig. 3.16 Voltage signal from

main spindle motor
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This chapter outlines different procedures adopted for conducting the welding

experiments along with different post processing steps for measurement of weld qualities of
the welded samples. This chapter also highlights different sensors used in the current

research work for real time acquisition of signals during FSW process. Out of seven process

signals acquired during FSW process vertical force signal, transverse force signal, main

spindle motor current signal and tool rotational speed signal found to have intelligible

information regarding the in process behavior. The summary of the chapter is as follows.

e UTS, yield strength and percentage of elongation do not show any definite trend with

tool rotational speed, welding speed and shoulder diameter.
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Experimental Investigation

e From microstructural investigation of the welds it is observed that grains at the NZ
are finer compared to base material.

e Micro hardness distribution of the welded specimens revealed that hardness of weld
zone is higher as compared to base materials. This increase in hardness can be
attributed due to the finer grains at the NZ compared to base material.

e The visual observation of main spindle motor current signal and tool rotational speed
signal brings the notion that these signals carry salient information regarding the
process apart from vertical force signal. Efficient extraction of features from these
two signals will lead to possible alternate for vertical force signal in monitoring the
FSW process. Voltage signals of main spindle does not offer any intelligible

information regarding the process as the acquired voltage is the line voltage.
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Chapter 4

Design and development of force and torque

measurement setup

4.1 Introduction

In the process of FSW three forces and torque system is experienced. These three
forces are termed as vertical force or plunging force, transverse force and lateral force.
Among these forces lateral force is found to be less significant in governing the process
(Arora et al., 2012). Vertical force maintains the downward contact between the tool and
the workpiece which is essential for generation of heat due to friction. This force is
experienced by the tool in order to overcome the resistance offered by the workpiece
material. Transverse force comes into existence due to movement of the tool along the
welding line. The material ahead of the tool offers resistance to the tool and to overcome
the tool applies a reaction force termed as transverse force. The direction of this force is
perpendicular to the plane of vertical force. In the research of FSW, these two forces
draw immense attention in understanding and controlling the process behavior. Apart
from forces, FSW system also experience torque. This is the reaction force applied
against the resistance offered by the material around the rotating tool. This in turn
governs the rotation of the tool and has influence over welding process. In order to
measure forces and torque various measurement systems are available with advantages
and disadvantages. A detailed discussion on various force and torque measurement setup
has been discussed in the literature review chapter (Section 2.5). The need for
development of forces and torque measurement setup has been realized in FSW process

witnessing the various limitations with the existing systems. One of the major limitations
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of the available systems is high cost. Development of a low cost measurement system
dedicated for FSW process without compromising the reliability and accuracy is one of

the objectives for the current research work.
4.2 Design and construction of the developed setup

In Dynamometer design sensitivity, elasticity, rigidity and accuracy of
measurement should be taken into consideration (Korkut at al., 2003). Selection of
proper strain gauge is essential in accurate measurement of strains, which is correlated to
measure the actual force (Younis and Kang, 2011). A metallic strain gauge consists of a
very fine wire or, more commonly, metallic foil arranged in a grid pattern. This works on
the principle that when a metallic wire changes its length, its resistance changes. This
change in resistance is a quantitative index for the measure of the applied force. Strain
gauge sensitivity is expressed in terms of gauge factor (GF). The GF can be quantitatively
described as the ratio of the fractional change in the electrical resistance to the fractional
change in the length or the strain experienced by the strain gauge (Ng and Wey, 1997).
Mathematically, GF can be expressed by the relation represented in Eq. 4.1. Other

relevant properties of the strain gauge used in this study are reported in Table 4.1.

_ AR/R _ AR/R

GE = AL/L ¢

(4.1)

where, L is the length of the wire and R is the resistance of the wire, AL and AR

represents the change in L and R respectively.

Table 4.1Variousproperties of strain gauge used for force measurement

Type Metal foil TT type
Material Constantan (55% copper, 45% Nickel)
Gauge length 10 mm
Resistance 350 Q
Gauge factor 2.12
Specific resistance 500 nQ.m
Maximum operating temperature 630°C
Ultimate elongation 1.0%
56
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Apart from the strain gauge, a force measurement setup contains ring member
also referred as elastic members (Mitchel et al., 2002). These members provide a
platform for attaching the strain gauges for the measurement of strain and hence the
external force. In general, force measurement involves measurement of deflection with
precise calibration between the applied force and the deflection produced by the
application of the force (Karabay, 2007a). External force is actually experienced by these
members and conveyed to the strain gauges attached to it. Selection of material and
design of ring members should be based on rigidity, natural frequency, corrosion
resistance, heat conductivity, deformation behaviour under loading conditions etc.
Keeping these characteristics of the ring member, material for the members used is mild
steel. Among various types of ring members, octagonal ring member satisfies the above
criteria (Korkut, 2003; Yaldiz, 2007; Unsacar and Yaldiz, 2006; Karabay, 2007b).
Therefore, bending type of octagonal ring is used as the ring members for attaching the
strain gauges. The induced strain sensed by the strain gauge is converted to voltage

output using Wheatstone bridge circuit formed by connecting different strain gauges.

Along with ring members, other parts of the developed force measurement setup
are top plate, bottom plate, signal conditioning circuitry and acquisition hardware. Top
and bottom plates are used to house and position the ring members with increased
rigidity. The developed setup is capable of measuring two main forces (vertical and
traverse) associated with FSW process along with torque. Design description of each
component is given in the subsequent paragraphs followed by the finite element analysis

of the ring member.

Top plate of the developed force measuring system is chosen to be 25 mm thick
for high rigidity of the overall setup and to avoid permanent deformation during repeated
welding operations. It is assumed that the top plate material is rigid and there is no elastic
deformation of the material. The load experiences by the top plate will be completely
transferred to the octagonal ring member. The thickness of the bottom plate is kept 10
mm as this will not affect the functioning of the developed setup. The other two
dimensions of both top and bottom plates are 400 mm each. Mild steel is the material
used for fabricating both top and bottom plates. Provisions on the top and bottom plates

are made for mounting the ring members.
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The bending type octagonal ring member selected in this study is schematically
shown in Fig. 4.1. Dimension of each side of the octagonal ring is assumed to be 24 mm.
The other design parameters of octagonal ring are the thickness and width of the ring.
For designing the ring members it is assumed that the material is homogeneous and there
is no plastic deformation of the material used for developing the ring members. Different
combinations of design parameters are analyzed for its rigidity under different loading
conditions using finite element analysis. After many trials, suitable design specifications
are obtained for the octagonal ring and shown in Fig. 4.1. The analytical results are again
verified by theoretical calculations for the thickness and width of the ring as available in
relevant article (Beer et al., 2010) and found good match in the dimensions. With the
dimensions obtained for ring member, stress values (for a maximum load of 10 kN in
vertical direction and 5 kN in transverse direction) are computed as per the equations
used by Korkut(2003). Computed stress values are within the safety limits of the material
(mild steel) considered for the fabrication of ring members. Hence, the design for the
ring member is safe for real time application. A total of four such octagonal ring
members are fabricated to be used in the developed setup.

10 mm 20 mm 10 mm
11 mm —

O O

24 mm

Fig. 4.1 Schematic of the octagonal ring member
4.3 Finite element analysis of the octagonal ring member

Finite element (FE) analysis is used to investigate the behavior of octagonal ring
member under different loading conditions. This is firstly used to determine the optimal
dimensions of the octagonal ring replicating the actual environment to be experienced by
each member during welding operations. Secondly, FE analysis is carried out to find the
optimal locations on the ring members for the attachment of the strain gauges. This
analysis helped to study the effect of different loading conditions for its cross sensitivity
on different faces of the ring members.

58
TH-1751_126103001



Design and development of force and torque measurement setup

For the FE analysis, only one member is chosen and different loading
environments are created in commercially available FE analysis package ABAQUS. The
member with the obtained design dimensions is replicated in the software package and
made to experience three different loading conditions viz. pure vertical force, pure
transverse force and torque. The member is also analyzed under all these loading
conditions collectively to investigate the behaviour under simultaneous exposure of
forces and torque as experienced during actual welding condition. Fig. 4.2 summarizes
the results obtained from the FE analysis.

(a) (b)

(€)

Fig. 4.2 FE analysis of the octagonal ring member (a) loading conditions (b) pure
vertical force (c) pure transverse force (d) pure torque (e) all loads applied
simultaneously
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Behaviour of the octagonal ring member under pure vertical force is shown in
Fig. 4.2b whereas direction of the applied force can be seen in Fig. 4.2a. A maximum of
5 kN force is applied to the ring member. From the respective figure, it is observed that
maximum stress is generated near the provisions made for fixing the member to the top
and bottom plate. But these regions are not feasible for attaching strain gauges, hence
neglected. Next higher value of stress is observed in the face marked as ‘A’ in Fig. 4.2b.
Due to the symmetry of the octagonal ring member, the face opposite to the face ‘A’ also
experiences the same stress value. The maximum stress generated is 44.36 MPa. Apart
from these two faces, the inner faces of the octagonal ring member also experience stress
value of 28.55 MPa. Thus, these four faces of the ring member are selected for fixing the
strain gauges responsible for the measurement of vertical force during welding operation.
It is to note that the face marked as ‘AA’ also experiences appreciable stress values
during vertical loading condition. This indicates the cross effect of the vertical force on
the other faces, which are available for fixing strain gauges to measure other forces. This
necessitates investigating the cross sensitivity effect of the forces on each other.
However, the stress values generated on rest of the faces of the ring show lower values

hence neglected for vertical force measurement.

A pure transverse force of magnitude 5 kN along x-direction (refer Fig. 4.2a) is
applied to the octagonal ring member. The result of the analysis can be seen in Fig. 4.2c.
It can be observed from the figure that as compared to the stress generated due to pure
vertical force, stress generated due to pure transverse force is much lower. In this case
also the maximum stress is generated near the holes kept for bolting the member to the
bottom plate of the developed setup. This region is not feasible for mounting strain gauge
and hence neglected. The next higher stress value is observed in the face marked as ‘B’
in Fig. 4.2c. This face experiences a stress value of -1.58 MPa. This face is selected for

the installation of the strain gauges responsible for measuring transverse force.

Figure 4.2d represents the analysis result for pure torque condition. A maximum
of 100 N-m torque is applied to the ring member about y-axis (refer Fig. 4.2a). In this
analysis, the faces already selected for vertical and transverse force measuring strain
gauges show higher stress values. Apart from these faces, faces marked as ‘C’ also
shows considerable stress values. A maximum of -0.41 MPa is obtained from the
analysis. Here also, these faces are highly affected during vertical force application but

as no other feasible face is left for installation of strain gauge for measurement of torque,
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these faces are selected for the strain gauges. Similar strategy as applied to adjust the
effect of vertical force applied in transverse loading condition is applied to minimize the

effect of vertical force in measurement of torque too.

All the three loading conditions viz. vertical loading, transverse loading and
torque are simultaneously applied to the octagonal ring member to study its behaviour
under combined loading as it will be experienced during actual welding condition. The
result of the analysis is shown in Fig. 4.2e. It is observed from the figure that the faces
selected for installation of strain gauges for measurement of vertical force, transverse
force and torque show appreciable stress values but somewhat lesser than the pure
loading conditions. This analysis gives an idea for the selection of faces in the ring
members for the installation of strain gauges for accurate measurement of respective
forces and torque. The faces so selected based on FE analysis for the measurement of
vertical and transverse force as well as torque is in fair agreement with the faces justified

by Karabay (2007b) in a similar ring member for similar loading conditions.
4.4 Strain gauge installation and orientation of ring member

Once the faces are selected for the installation of strain gauges, the respective
faces are prepared for the installation. Installation of strain gauge requires special care so
that it can sense the strain accurately. Selected faces of the octagonal ring member are
mirror polished and cleaned to make it free from any oxides or other impurities. Then
with industrial glue (Cyanoacrylate adhesive), strain gauges are fixed in the respective
locations of the elastic member as indicated by the results from FE analysis. To protect it
from the environment which may affect the gauge stability, silicon rubber coatings are

applied above the strain gauges.

The strain gauges are installed in the respective faces of each member as shown
in Fig. 4.3a. It can be seen from the figure that, strain gauges are distributed over all the
members for the measurement of forces as well as torque. This distribution of the strain
gauges is made keeping the orientation of the members in the developed system at
particular arrangement as shown in Fig. 4.3b. This specific arrangement of octagonal
members will make the developed setup independent of point of load application.
Vertical force will affect all the members, so it is decided to install strain gauges for the
measurement of vertical force in all four members in the feasible faces selected through

FE analysis. Effect of transverse force would be more prominent in the members A and
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C. So, strain gauges for measuring this force are mounted on the faces selected for
transverse force. As per the arrangement, torque will also have effect on all the four
members, so as like in vertical force, strain gauges for measuring torque is also
distributed over all the four members. As can be seen from Fig. 4.3a, strain gauges
indexed as 5, 6, 7, 8, 9, 10, 11, 12 are responsible for measurement of vertical force, 1, 2,
3, 4 are responsible for transverse force measurement and 13, 14, 15, 16 are responsible

for torque measurement.

(@)
'EB (\Tm — :V3 N ]
o O ONOYOT
D:DA Jodp L ] L I
(0)

Fig. 4.3 (a) ring members with strain gauges (b) orientation of the ring members in the

setup

The strain gauge arrangement as shown in Fig. 4.3a is connected to form
Wheatstone bridge circuits for the conversion of measured strain values to voltage
output. Using these circuits the measured strain by the strain gauges can be converted to

voltage which can easily be acquired using data acquisition system in real time.
4.5 Data acquisition, amplification circuit and natural frequency of the setup

For measuring the force during actual FSW operations, force signals need to be

acquired automatically with the help of necessary acquisition hardware and software. A
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typical data acquisition system consists of transducer(s), signal conditioning circuitry and
appropriate acquisition hardware for acquiring and storing the data into a digital
computer. Strain gauges will act as transducers for the measurement of force signals.
Signal conditioning system will amplify the circuit voltage to the range of the acquisition
hardware. In the present study, dedicated data acquisition hardware (NI-USB-6259) is
used for the measurement of voltage signals. This system has a resolution of 16-bit with
maximum possible sampling frequency of 1.25 MHz and 16 analog input channels. It has
maximum working voltage range of £10 V. For interfacing a personal computer with the
data acquisition hardware, MATLAB code was developed in house for storing and
processing the data. Further, the signals acquired were filtered by developing a fifth
order Butterworth filter in MATLAB environment with normalised cut off frequency of
0.001.

Amplifier increases the power of a signal using an external power supply
(Gayakwad et al., 2005). The schematic of the developed amplifier circuit for the present
case is shown in Fig. 4.4. The developed amplifier circuit works on 5V dual power
supply. As shown in the circuit, LM7805 is the voltage regulator used to supply +5V and
LM7905 is used to supply -5V. Voltage regulators were used to supply uninterrupted and
constant voltage supply to the amplifier IC and Wheatstone bridge circuit. INA122 PA
was the amplifier IC used for the amplification. A gain resistor R; can be varied in the

Eq. 4.2 to obtain different value of gain (G) for different level of amplification.

200k0
G=5+

(4.2)
G

For the measurement of vertical and transverse forces and torque, individual
amplifier circuits are fabricated. These circuits were kept in aluminium foil boxes to
reduce the effect of surrounding noise. Moreover, electronic circuits are shielded using
aluminum foil to minimize the noise due to electromagnetic interference, i.e., signal loss
or gain is zero. From the FE analysis, issue of cross sensitivity due to one loading
condition on other is witnessed. The effect of cross sensitivity is controlled by
manipulating the overall gain of the respective circuits used for the measurement of
vertical, transverse forces and torque. The R values are adjusted to obtain suitable gain
for each amplification circuit so that cross effect of other loading directions can be

minimized.
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Fig. 4.4 Schematic of the amplifier circuit

Natural frequency of a system is the characteristics which can describe the
performance of the system under dynamic operating conditions. The developed setup
should have natural frequency at least four times the frequency of the machine tool
(Korkut, 2003; Karabay, 2007b). Machine tool vibration frequency is related to the
rotational speed of the spindle. The present setup can be treated as a mass supported by

ring elements for analytical purpose. For a thin circular ring, the stiffness value K is

given by the relation given as Eqg. 4.3.

Ebt?

4.3
1.873 (4.3)

where, F, is the vertical force applied, d, is the strain under load, E (= 210 GPa) is the
elastic modulus of the material of the setup, b (= 40 mm) is the width, t (= 11 mm) is the
thickness and r;(= 18 mm) is the inner radius of the octagonal ring. Upon substitution of
all the relevant data, we found out stiffness value Kto be 1.065 x 10° N/m. Thus, the

natural frequency of the developed setup can be computed using Eq. 4.4 as follows
1 |K
= — |— (4.4)
fa 2. m

wherem is the mass of the setup which is approximately 45 kg. This gives the natural
frequency of the setup to be ~775 rev/s (~46457 rev min™). For the system to be stable,

this frequency should be at least four times the frequency of the machine i.e., f; = 4 fi,,
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where f,,is the frequency of the machine. So, using thisf,,is found out to be ~11615 rev
min™. Which is quite acceptable as the maximum spindle speed of the machine is 1500
rev min™. Moreover, from Eq. 4.3 deformation &, under a load of 15 kN can be found as
0.014 mm. Maximum elongation limit of the strain gauge used is 1% of 10 mm i.e., 0.1
mm, which is more than the maximum elongation at a load of 15 kN, which is much

higher than actual welding force.
4.6 Calibration and comparison of developed setup

Set of calibration experiments are performed using the developed force
measurement setup to obtain a mathematical correlation between the acquired voltage
and actual force/torque values. The setup is tested on a universal testing machine under a
maximum vertical load of 15 kKN and maximum transverse load of 5 kN in the steps of
0.5 kN. Against each loading condition, voltage output from the developed setup is
recorded. From the recorded data, least square linear regression equations are obtained
which will be used to convert the voltage data to the actual force/torque data. In order to
verify the repeatability of the developed setup, each experiment is repeated three times
and in each case the voltage output is found to be in the range of +1%. Moreover, the
developed setup is designed to be independent of point of load application. For testing
this, known load on different point on the setup is applied and voltage values are
recorded. The values so obtained are well within £0.01% about the mean value when
loaded at the center of the setup. Cross sensitivity imparts difficulties in immediate
interpretation of the acquired data. In all the cases, the cross sensitivity are found to be
less and hence ignored. All the data during calibration are acquired using the data

acquisition system under MATLAB environment at sampling frequency of 10 kHz.

A known vertical force is applied to the developed setup and corresponding
voltage output is recorded. The calibration curve for the applied vertical force versus the
setup voltage output is shown in Fig. 4.5 which also shows the effect of vertical force on
transverse force and torque. Due to the vertical loading, cross sensitivity observed in
transverse force is 0.01% and the same for torque is found to be 0.001%. This shows that
the effect of vertical loading is not bringing appreciable change in transverse and torque
measurement. The mathematical relation correlating the output voltage and actual

vertical force is shown as Eq. 4.5. The coefficient of determination (R?) found to be
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0.99. Thus, this equation can be used for real time measurement of the force during

actual welding operation.

Voltage(V) = 0.0907 X Force(kN) — 0.0169 (4.5)
; 1.4 4 mVertical force a
< . z
o 12 eTransverse force =
20 | ATorque 55
:o Linear (Vertical force)  ja™
> 0.8 - -
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Fig. 4.5 Calibration result of vertical force with its cross sensitivity

The universal testing machine used for the calibration of vertical force cannot
provide transverse force to the developed system directly. For this, the developed setup is
kept at an angle of 30 with the horizontal base of the testing machine. To apply a
maximum load of 5 kKN in steps of 0.5 kN to the developed setup, from simple
trigonometric calculations actual load values are computed that need to be applied by the
universal testing machine. The acquisition procedure of voltage from the developed
setup is same as used during vertical force calibration. The results of the calibration are
given in Fig. 4.6 and the mathematical correlation between the transverse force and
acquired voltage is given in Eq. 4.6. Cross sensitivity of transverse loading on vertical
force and torque are found to be 0.003% and 0.00034%. Thus, transverse loading is not
affecting the other two measured quantity and the measurement is reliable. This is
essential as during actual welding condition the setup will experience forces and torque

simultaneously and should measure the individual component effectively.

Voltage(V) = 0.1385 X Force(kN) + 0.0108 (4.6)
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Fig. 4.6 Calibration result of transverse force with its cross sensitivity

The developed setup is calibrated for vertical and transverse force as described in
the aforementioned paragraphs. But, the same approach cannot be implemented for the
calibration of the torque due to the limitation in loading conditions and structure of the
setup. Thus, torque is calibrated in the actual welding environment comparing the data
with a piezoelectric device based dynamometer (make: Kistler; model: 9272) data. Five
different experiments are performed by varying tool rotational speed and shoulder
diameter which contributes most towards torque in welding. The calibration result is
shown in Fig. 4.7. The dynamometer data is plotted against the voltage generated by the
developed setup and linear regression analysis was carried out to find the best fit straight
line (Eq. 4.7). The coefficient of determination obtained is 0.97 which is quite
acceptable. The following equation is used to convert the setup voltage to actual torque
for real time welding operation. As torque is calibrated in actual welding environment its
cross-sensitivity cannot be tested as like in vertical and transverse loading conditions. To
investigate its cross-sensitivity, manually a torque was applied to the setup keeping the
bottom plate fixed to the base of the universal testing machine used for other calibration
purpose. This is repeated many times and corresponding voltage output against vertical
and transverse force is recorded. From all the cases, an average of 0.03% and 0.04%

cross sensitivity is observed for vertical and transverse loading respectively.

Voltage(V) = —0.0028 x Torque (Nm) + 2.7001 4.7)
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Fig. 4.7 Torque calibration curve

The developed setup is tested for two directional forces (vertical and transverse)
and torque measurement with piezoelectric based dynamometer (make: Kistler; model:
9272). The testing arrangement is shown in Fig. 4.8. This system has a working range of
—5to + 20 kN in vertical direction and = 5 kN in other two directions with a range for
torque as = 200 N-m. The comparison results for the developed setup with the
dynamometer are shown in Fig. 4.9(a) — (c). From the figures, a good match in the trend
as well as in the magnitude for all loading directions was observed. The accuracy of the
developed force/torque measurement setup has been found to be 1.27%, 1.06% and
0.96% for vertical force, transverse force and torque measurement respectively. This is
quite acceptable for implementation of the developed setup in real time force

measurement during FSW process.

Fig. 4.8 Testing arrangements for comparison of developed setup and piezoelectric based

dynamometer
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Fig. 4.9 Comparison plots between setup data and dynamometer data (a) vertical force

(b) transverse force (c) torque
4.7 Real time welding results using the developed setup

The developed force measurement setup is tested for real time welding

conditions. For conducting the welding experiments, a converted milling machine is
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used. The reported results herewith is for tool rotational speed of 815 rev min™, welding
speed of 98 mm min, shoulder diameter of 16 mm and with a constant plunging depth
of 0.12 mm. Table 4.2 summarizes the results of the real time welding force data.
Different force signals during actual welding operation are shown in Fig. 4.10(a)—(c).
The trend of the force and torque signals furnished in this research article found a fair
agreement with the trends of the same signals reported in relevant articles (Su et al.,
2013; Cavaliere et al., 2006; Trimble et al., 2012). The FSW process is characterized by
few salient stages during welding process that includes pin plunge, shoulder plunge,
dwell period and welding period. The vertical force signal as shown in Fig. 4.10a
represents each stage effectively. In the signal initial 50 seconds represents idle time. A
sudden increase in force magnitude is experienced after 50 seconds and it is due to the
sudden contact of the pin of the rotating tool with the workpiece material. This increase
continues till the pin plunges into the workpiece and the force magnitude rises up to
around 2.5 kN. The continuous increase in the force magnitude is due to the resistance
offered by the material in the tool. After this period a stable force period is seen
characterized by the plunging period. In this period the force magnitude does not
experience notable increase in force magnitude. During the plunging period considerable
amount of heat is generated that soften the material around the tool and resistance
offered by the material reduces and the reduction is characterized by sudden decrease in
force magnitude up to 1.5 kN at around 150 seconds. After this period again a sudden
rise in force magnitude is observed that continues up to around 4.5 kN. This sudden
increase in force magnitude is attributed due to contact of tool shoulder with the
workpiece. The diameter of shoulder is much higher compared to that of tool pin hence
resistance offered is also higher resulting is peak force magnitude. This period continues
till a drop is observed at around 200 seconds. Due to sufficient heat generated because of
the friction between shoulder and workpiece materials gets soften and resistance
reduced. This period is followed by dwell period of around 20 seconds signifies by
further reduction in force magnitude due to adequate heat generation and sufficient
material plasticization. This period is followed by welding period that is characterized by
a stable force magnitude of around 4.3 kKN on average. The starting of welding period at
220 seconds is characterized by a sudden increase in force magnitude of around 5 kN and
is due to the sudden travel of rotating tool along the joint line. The end of welding period
is characterized by continuous decrease in force magnitude due to retraction of the tool

pin and reduces to zero at the point where the tool is completely retracted from the
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workpiece. Thus, vertical force signal effectively capture each and every event occurred
during the welding process. Unfortunately, torque signal does not offer such details as

captured through vertical force signal.
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Fig. 4.10 Real time welding force data (a) vertical force (b) transverse force (c) torque
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Table 4.2 Results from real time welding operation

Plunging force Traverse force Torque
Maximum Maximum Maximum
Output Output Output
actual value actual value actual value
voltage (V) voltage (V) voltage (V)

(KN) (KN) (N-m)
0.38 4.37 0.12 0.79 2.45 89.32
4.8 Summary

The chapter demonstrates the design and development of force and torque
measurement system to be used for FSW process. The challenges faced for the
measurement of forces/torque during FSW process due to simultaneous rotation and
translation of the tool is overcome in this work by developing a welding fixture based
measurement system. The developed system is calibrated and compared with standard
available force measurement system for its accuracy and found appreciable match. The
following are the major findings of the work presented in this chapter.

e The installation of the developed setup does not demand much alteration on the

existing FSW machines as it is required for other existing measurement systems.

e Computed natural frequency of the developed setup suggests that the setup can be

used in machines up to a maximum rotational speed of ~11,000 rev min™.

e The developed setup is capable of measuring forces and torque independent of point

of application of load.

e Low cross sensitivity of the developed setup indicates the reliability in the

measurement of individual forces and torque simultaneously.

e The accuracy of the developed setup is compared with the piezoelectric system based
dynamometer and found an accuracy of 1.27%, 1.06% and 0.96% for vertical force,
transverse force and torque measurement which is quite acceptable for real-time

application.
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Signal features based monitoring of UTS

5.1 Introduction

The understanding of underlying physics of FSW process and influence of
process parameters with dynamic characteristics leads to the impression of monitoring
these parameters in real time. It is achievable with integration of various suitable sensors
with FSW system and acquiring the sensor data in terms of process signals. It is believed
that these signals can offer more realistic and accurate representation of process
behaviour over time. Signal carries information that needs suitable representation for
interpretation through machine intelligence. In the pursuit of achieving reliable
monitoring of FSW process, few researchers have presented vertical force signal and
acoustic emission signal as the real time information as discussed in chapter 2 (section
2.3). Different sensors integrated with FSW system in the present study are highlighted
in chapter 3 (section 3.7). The signals are acquired with suitable sampling frequency
integrating suitable acquisition hardware. The hardware used for acquisition of signals in
the current research work is also demonstrated in chapter 3 (section 3.7). The survey of
available literature (chapter 2, section 2.4) fetched that signals are processed mainly in
time domain, frequency domain and time frequency domain for useful feature extraction.
However, it is not guaranteed that the features will contribute towards direct monitoring
of the underlying process and may show nonlinear behaviour with the process
parameters. In this condition sometimes the features need to be fused with one another
for better representation of the process information. Fusion of features can be achieved
with machine learning techniques and the most popular is the artificial intelligence
methods. These techniques are evolved to interpret data in a similar fashion to human

intelligence of course with limited accuracy. The present study deals in extraction of
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underlying information retained by main spindle motor and welding motor current
signals, vertical force and torque signals and tool rotational speed signal acquired during
FSW experiments. Implementing various signal processing techniques signal features are
computed and presented to machine learning technique for feature fusion. This chapter
highlights the signal processing techniques used in this study followed by fusion of
features with ANN and SVR machine learning techniques for monitoring of UTS of the

joints.
5.2 Time domain analysis

Time domain analysis is carried out with the signal being represented in time
domain and mostly through computation of various statistical features. The computed
statistical features describe the amplitude variations of the signals with respect to time. In
the present work root mean square (RMS), skewness, kurtosis and variance are the four
statistical features computed from different signals. The mathematical representations of

these features are shown in Eq. 5.1 —5.4.

1

RMS = %Z sizl (5.1)
. Z _1(si — 13
B (J S C ) (5.2)
i=1(Si —
1 N
- NZ(si — W (5.3)
_Z 1(SL .u)4

5.4
E (XL (s = p)?)? (5.4)

where, S, a2 and K represents the skewness, variance and Kkurtosis respectively.
s;represents the data point in the signal and N represents the total number of points in the
signal. urepresents the mean of the data points of the signal. Although computing
statistical features remain the most popular choice for feature extraction in time domain
but sometimes it may fail to produce the exact correlation due to various external effects
such as noise in the signal. In this case analyzing the signal in frequency domain may

lead to more useful information with an observation for noises if present in the signal.
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5.3 Frequency domain analysis

In the literature review for signal processing techniques used in FSW process it is
observed that many researchers considered Fourier transform as the tool for processing
signals in frequency domain. The following paragraphs outline the mathematical

representation of Fourier transform.
5.3.1 Fourier transform

Fourier transform is a mathematical operation that decomposes a signal into its
constituent frequencies. The original signal depends on time, and therefore is called the
time domain representation of the signal, whereas the Fourier transform depends on
frequency and is called the frequency domain representation of the signal. The term
Fourier transform form refers both to the frequency domain representation of the signal
and the process that transforms the signal to its frequency domain representation. A fast
Fourier transform (FFT)(Cooley et al., 1967) is an efficient algorithm to compute the
discrete Fourier transform (DFT) and it’s inverse. Commonly, the FFT of a signal can be

calculated by the following equation (Cooley et al., 1967).

N-1

S = sje~2mk/N (5.5)
j=0
N-1

sj = Skezmjk/N (5.6)
k=0

The result of DFT of N-point input time series is an N-point frequency spectrum,

. : . . N : .
with Fourier frequencies k ranging from —(5 - 1) through zero or DC point to maximum
N
frequency X

The Fourier transform although found extensive implementation in signal
processing have some serious limitations. The method is not applicable to non-stationary
signals as it decomposes the signal from linear combinations of stationary signals which

are time invariant sinusoids. Moreover, Fourier transform is not suitable to detect sharp
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discontinuities occurred in the signal. The limitations with Fourier transform are

somewhat relieved with the introduction of short time Fourier transform (STFT).
5.3.2 Short time Fourier transform

The limitations experienced in Fourier transform to localize event is relieved up
to some extent with the introduction of windowed version of Fourier transform known as
short time Fourier transform (STFT). In this approach original signal is segmented into
many narrow time intervals (narrow enough to be considered stationary) and then
applying the FFT algorithm to each segment. Each Fourier transform provides the
spectral information of a separate time-slice of the signal, providing simultaneous time
and frequency information. Short time Fourier transform can be expressed
mathematically as follows:

STFT (', w) = j[f(t).W(t —t")].e7?m@t gt (5.7)
t
Although the limitations with Fourier transform has been relieved by short time

Fourier transform but it brings new challenges. First challenge is to select a suitable
window function for segmenting the original time domain signal. Selection of suitable
window function is crucial for efficient frequency spectrum containing all possible
frequencies of the original signal. Second challenge is the selection of time lag for
selection of width of the segmented signal. The narrower the segment in time domain the
better would be the stationary assumption. However, narrower signals do not offer good
localization in frequency domain. These limitations bring restriction in implementation
of these two techniques in real time application of processing signals however; many
have reported successful use of these two techniques. In due course of time new signal
processing technique known as wavelet transform (WT) comes into existence and is free

from limitations those were prominent in Fourier and short time Fourier transform.
5.4 Time frequency domain analysis

The inability of presenting detailed information of signals in frequency domain is
the loss of time information. In many processes keeping a track of time dependent
incidents captured through signals might be of interest for monitoring of the process. In
this context time frequency domain analysis can offer suitable option for processing
signals and acquiring useful information. Among the various time frequency domain

76
TH-1751_126103001



Signal features based monitoring of UTS

techniques WT and Hilbert-Huang transform (WT) is decided to implement in the
present study. The following paragraphs outline the mathematical representation of these

techniques.
5.4.1 Wavelet transform

WT is a time-frequency decomposition of a signal into a set of wavelet basic
function. Wavelet analysis has proved its great capabilities in decomposing, denoising,
and signal analysis which made the analysis of non-stationary signals achievable as well
as detecting transient feature components as other methods were inept to perform since
wavelet can concurrently impart time and frequency structures. Analysis with wavelets
involves with breaking up a signal into shifted and scaled versions of the original (or
mother) wavelet, i.e., one high frequency term from each level and one low frequency
residual from the last level of decomposition. There are three categories of this
transformation: continuous wavelet transform (CWT), discrete wavelet transform (DWT)

and wavelet packet transform (WPT).
5.4.1.1 Continuous wavelet transform

A CWT is used to divide a continuous-time function into wavelets. Unlike
Fourier transform, the CWT possesses the ability to construct a time-frequency
representation of a signal that offers good time and frequency localization. The CWT of

a time function s(t) is given by following equation.

(o0}

CT(a,b) = f SO p@)dt (5.8)

Wherelp*(a,b)(t) is a continuous function in both the timedomain and the frequency
domain called the mother wavelet and * represents operation of complex conjugate.
P op(O)can be expressed as:
S (t_b) herea,beR,a % 0 (5.9)
¢(a,b) = \/az,[) - wherea,b eR,a )
The main purpose of the mother wavelet is to provide a source function to
generate the daughter wavelets which are simply the translated and scaled versions of the
mother wavelet function. As seen in Eq. 5.9, the transform signal CT (a, b) is defined on

a — b plane, which a and b are used to adjust the frequencyand the time location of the
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wavelet in Eq. 5.9. A small aproduces high-frequency wavelet when high frequency
resolution is needed and the reverse is also true. The WT’s superior time-localization
properties stem from the finite support of the analysis wavelet: as b increases, the
analysis wavelettransverses the length of the input signal, and an increases or decreases
in response to changes in the signal’s local time and frequency content. Finite support
implies that the effect of each term in the wavelet representation is purely localized. This
sets the WT apart from the Fourier transform, where the effects of adding higher
frequency sine waves are spread throughout the frequency axis. One of the limitations
with the CWT is that it quite a time consuming process due to finer sampling of scales.
Thus, this technique is not implemented in the present study.

5.4.1.2 Discrete wavelet transform

In numerical and functional analysis, DWT is a wavelet transform for which the
wavelet Y (a, b) is discretelysampled. In other words DWT can be understood as the
discrete version of CWT. As with CWT, a key advantage it has over Fourier transforms
is temporal resolution: it captures both frequency and location information (location in
time). Usually, the DWT can be derived from discretization of CWT. The most common

discretization is dyadic method:

o

DT(a,b) = fs(t)lpg‘j,k)(t)dt (5.10)
. 1 [(t— 2k
Yiin = @d’( 5 ) (5.11)

where, a and b are replaced by 2/ and 2/k respectively (Daubechies, 1988; Mallat,
1989). An efficient way to implement this scheme using filters was developed by Mallat
(1989).The original signal s(t) passes through two complementaryfilters and emerges as
low frequency called approximations and high frequency called details. The
decomposition process can be iterated, with successive approximations being
decomposed in turn, such that a signal can be broken down into many lower-resolution

components.
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5.4.1.3 Wavelet packet transform

The structure of WPT is similar to DWT. Both have the framework of multi-
resolution analysis. The main difference in the two techniques is the WPT can
simultaneously break up detail (D;) and approximation (4;) versions while DWT only
breaks up as an approximation version. Therefore, the WPT have the same frequency
bandwidths in each resolution and DWT does not have this property. The mode of
decomposition does not increase or lose the information within the original signals.
Therefore, the signal with great quantity of middle and high frequency signals can offer
superior time-frequency analysis. The WPT suits signal processing, especially non-
stationary signals because the same frequency bandwidths can provide good resolution

regardless of high and low frequencies.

WPT decomposes a signal according to its frequency content. The high scale low
frequency part is known as approximation and low scale high frequency part is termed as
detail. A schematic decomposition tree with a signal sampling at 10 KHz up to third
level is shown in Fig. 5.1. At first level the signal is decomposed to approximation and
detail in the frequency band of 0-5 kHz and 5-10 kHz respectively. The approximation
and detail are further decomposed to next level leading to frequency bands as 0-2.5 kHz,
2.5-5 kHz, 5-7.5 kHz and 7.5-10 kHz. Decomposing the approximation and detail further
will lead to further reduction in frequency bands. The process is advantageous in the
aspect that both low and high frequency content of the signals can be observed with
various scales. This gives fidelity to breakdown a signal with respect to its frequency
content and any anomaly in the signals can be viewed with respect to both frequency and

time on decomposition.
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Fig. 5.1 Wavelet packet decomposition tree up to third level

In wavelet packet analysis a signal s(t) can be represented as a sum of
orthogonal wavelet packet function W, ,, at different scales, oscillations and

localisation.

s(t) = Z Z Z Co et W,k 1 (1) (5.12)
p k1

where, C, ;is the wavelet packet coefficients, which can be obtained by the following

equation:

400

G = [ SOWppat (5.13)

andW, . ,generated from the base function
Wy (t) = 2P/2W,, (2Pt — 1) (5.14)

where, indices p, k, i are the scale, oscillation and the time localisation parameters
respectively ([(p,) e Z2and k = 0,1,2, ... ... 2P71]). In general wavelet functions are
defined by
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W (£) = 21/Zzthk(2t D) (5.15)
l

Wara(8) = 212 )" giWie(2t = 1) (5.16)
l

where, h; and g, are the low pass and high pass filters. W,(t) = ¢(t)is the scaling
function and W, (t) = (t) is the wavelet function respectively. The discrete filters
h;and g;are quadrature mirror filters associated with scaling function and wavelet

function respectively.

Introduction of WT eliminates the limitations faced in Fourier transform or STFT
by providing a time and frequency window for signal analysis with appreciable
resolution in both time and frequency domain. However, in practice the process of WT
suffers from few working limitations. In the WT framework number of optimum level of
decomposition also play appreciable role in effective generation of signal features. The
level of decomposition needs to be selected with care that high level may result in
irrelevant or redundant signal information killing more time in processing. On the other
hand low level of decomposition may result in improper signal processing and hence
leading to non impactful signal features. In the present research work selection of
suitable level of decomposition is achieved through Shannon entropy criterion as shown
in Eq. 5.17. According to entropy criterion, a splitting is only of interest if the entropy
of the parent packet is more than the total of the child packets. For computing the
entropy values of each packet in the wavelet packet tree Shannon entropy method is

used.

N

ES) = = ) s log(si) (5.17)

k=1
where, E(S) is the Shannon entropy of the signal s and s, is the k" value of the signal.
The entropies of all the packets at different levels are calculated using the above
mentioned equation. In reference to the Fig. 5.1 if the entropy value at node(2,0) is more
than the total entropy of node (3,0) and (3,1) then only the splitting would be interesting

and decomposition is preceded. Otherwise, that level can be treated as optimum level of
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decomposition. The present work uses MATLAB software package to carry out WT on

the acquired signals.

Another limitation in the application of WT is the selection of suitable mother
wavelet function. The signal is scanned with this mother wavelet function at different
scales by shifting and translating the mother wavelet function. The coefficient generated
after the scanning of the signal under consideration significantly depends on the mother
wavelet function. In practice there are many functions available for the selection and it is
difficult to precisely select the most suitable function that will result in effective signal
features. The present study developed a methodology for the selection of suitable mother

wavelet function. The details of the proposed method are addressed in section 5.6.
5.4.2 Hilbert-Huang transform

HHT was introduced in the work by Huang (1971) and found intensified use in
analysis of signals. This technique consists of two primitive stages: (i) empirical mode
decomposition of signal and (ii) Hilbert analysis of the decomposed signal parts.
Empirical mode of decomposition is used to decompose any complicated data in finite
and so called intrinsic mode function (IMF) which admits well behaved Hilbert
transform (Huang et al., 1971). This transform is based on local characteristics of the
data on time scale, and is therefore adaptive in allowing the method to be applied on non-
stationary processes. The second stage is to construct an energy-time-frequency
distribution that lets us estimate the instantaneous frequency. The HHT represents an
alternative to Fourier transform which has some critical limitations: the system must be
linear and the data must be strictly periodic or stationary, the resulting spectrum having
otherwise little physical meaning (Huang et al., 1971). On the other hand, HHT
decomposes the data into a number of IMFs based on the direct extraction of the energy
associated with various intrinsic time scales and computes the instantaneous frequency
for each IMF, using the Hilbert analysis. In this way, any event can be localized in time
and frequency domain. Moreover, the IMFs can be viewed as the basis for the complete
and adaptive data expansion (Prah and Okine et al., 2008). The full energy-time-
frequency distribution generated by HHT is an important tool for the analysis of the non-

stationary data.
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5.4.2.1 Empirical mode of decomposition (EMD)

EMD is used to obtain the IMFs which allow the identification of the
instantaneous frequencies under the following assumptions: (i) at any point the mean
value of the envelop determined by the local maxima and envelop determined by the
local minima is zero, and (ii) the number of extrema and the number of zero crossings
must be equal or differ at most by one (Huang et al., 1971). The computation of the IMF
is fully data driven, they being obtained by decomposing the data (this process is called

the shifting process) using the EMD algorithm which has the following steps:
(2)To find the local maxima and local minima of the given data;

(b)To construct the upper and lower envelopes by cubic spline interpolation of the local

maxima and the local minima respectively;
(c)To find the number of zero crossings;

(d)For the first shifting process, the mean of the upper and lower envelopes, m,(t) is

determined and subtracted from the signal s(t) as given in Eq. 5.18.
Pi(t) = s(t) — my(t) (5.18)

(i) If P,(t) satisfies the conditions of the IMF, then P, (t) is the first frequency and

amplitude modulated oscillatory mode IMF.

(it) If P;(¢t) does not satisfy the conditions of the IMF, then steps (a-c) are repeated for
P, (t), thus P, ;1 (t) is obtained as follows

Py 1(t) = Py(t) — my(2) (5.19)
The steps are iterative and after k cycles the IMF is obtained as given in Eg. 5.20
Pyj (t) = Pri-1(t) — myy (8) (5.20)
Thus, first IMF component for the original data is obtained asc, (t) = P; (t)

(e) The obtained IMF is constructed from the original data leading to the residual

component 7y (t)

ri(t) = s(t) — ¢1(t) (5.21)
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(F) 7 (t) is now considered as the original data for the next cycle. The above steps are
repeated n times, where n is the number of IMFs plus the residual r;(t). In order to
guarantee that the IMFs so computed carry enough physical meaning, a stopping
criterion is required and one is defined in (Huang et al., 1971). The so defined criterion is

based on standard deviation computed from two consecutive shifting results.

T 2

Pip_1(t) — Py (t

Sp = z| 1k-1(0) 1,2k( )| (522)
o] Pyp-1(0)

The data can be reconstructed from its IMFs as the following

n

s(t) = ch(t) + 7. (5.23)

i=1
5.4.2.2 The Hilbert analysis

The Hilbert transform is applied to each IMF, leading to the instantaneous

frequency

y(t) = %P f :E—t)t’,dt’ (5.24)

— 00

where, P indicates the Cauchy principal value which prevents a possible singularity at
t =tandt = tooand s(t) is an IMF. Then the analytical signal z(t) is constructed as
per EQ. 5.25.

z(t) = s(t) + iy(t) = a(t)e®® (5.25)

with, a(t) = /s?(t) + y2(t) and 6(t) = arctan (%)

de (o)

The instantaneous frequency is therefore obtained byw(t) = "

Finally, the original data can be reconstructed as follows

n

s(t) = Z a; ()l e®at (5.26)

=1
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The time-frequency distribution of the amplitude in Eq. 5.26 is called the Hilbert
transform (Huang et al., 1971). When the Hilbert transform is applied on s(t), the

magnitude is kept unchanged but the phase of all frequency components is shifted by g

In the analysis of non-stationary signals, HHT found appreciable importance than
other signal processing techniques (Prah and Okine, 2008). Even though, the
shortcoming with HHT is that, the first IMF usually covers broad frequency range such
that mono component conditions may be difficult to achieve. Once it occurs in actual
signal processing this will lead to redundant signal features not correlating to actual
process information. In the present study a modified HHT with WPT is proposed and
presented in section 5.7 which is free from the aforementioned limitation.

5.5 Fractal theory

The concept of fractal dimension is not new in the field of science and
engineering. This concept gained popularity in describing the complexity of the natural
object in a more simplified manner. The use of fractal theory in signal processing is
advantageous as implementation of it does not demand any a priori knowledge as like in
WPT, HHT etc. Moreover, the output from the analysis is a single valued indicator and
interpretation becomes fast and easy. Fractal theory does not demand any preprocessing
of the signals and algorithms for estimation FD is hardly affected with noise
contamination. The methods used in this study are explained in the subsequent

paragraphs.

The estimated FD from various signals provides useful information to classify
different welding periods and act as offline design tool to monitor the process. Fractal
dimension in case of signals and curves can be defined as the space filling capacity of the
signal or the curve. For planar curves, 1 to 2 is the range of FD (Katz et al., 1988). Many
methods can be found in literature for determining FD of signals. Box counting method
is most popular among researchers for determining FD of the signals. However, with box
counting method the limitation is that the signals need to be sampled at very high rate.
Higuchi’s method (1988) for determining the FD is more robust and is more suitable for
short segment time series data. The computation of FD depends upon measurement units
used. If the measurements units are different, FDs will also vary. Katz’s approach solves

this problem by creating a general yardstick (Katz et al., 1988). Petrosian’s algorithm is
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another method for computing the FD of waveforms (1995).This method gives a quick

estimate of the FD as compared to other methods.
5.5.1 Higuchi’s algorithm

This algorithm was proposed by Higuchi (1988). This algorithm is best suited for
finite length time sequence. Let consider a finite length time series sampled at regular
interval as $(1),5(2),5(3), ..., S(N).

From the given time series a new time series is constructed as follows:

k. S(m), S(m + k), S(m + 2k), .., (m + lN = mJ . k),

k (5.27)

wherem = 1,2, ...,k
where, |.| denotes the gauss’ notation and both m and k are integers andm and k
indicate the initial and interval time, respectively. For a time interval k, we get k sets of

new time series. Now the length of the new curve is determined as follows:

{(jjlmm +id) = S(m+ (i— 1), k)|> ﬁ} (5.28)
L (k) = k k

The term || represents the normalization factor for the curve length of subset time series.

Let the length of the curve for the time interval k is{ L(k )), as the average value over
ksets of L,,(k). If (L(k)) < k=P | then the curve has a fractal dimension of D. In the
curve ofin(L(k))versus In(1/k), the slope of the least square linear best fit is the
estimate of the FD.

5.5.2 Katz’s algorithm

Katz (1988) proposed another algorithm for computing fractal dimension of
waveform. Although this algorithm is slower than the other methods but the advantage is
that it is derived from the original waveform, and eliminates the preprocessing step of
creating a binary sequence as required for the algorithm as proposed by Petrosian (1995).
The FD of a curve can be defined as:

. logyo(L)

= 10910(d) (5.29)
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where,L is the total length of the curve or sum of distances between successive points,
and d is the diameter which defines the distance between the first point in the sequence
and the point in the sequence which gives the farthest distance. Mathematically d can be

expressed as

d = max (distance(1,1)) (5.30)

The FDs computed in this fashion depends on the measurement units used, so if

the units are different then so as the FDs. Katz’s method solves this issue by introducing
a normalized distance parameter which is the average distance between successive

points. Thus FD of a curve now becomes

10g10(2)
D= —— (5.31)
10910(?

where,ais the average distance between successive points. Again defining a parameter n

asn = 2 then FD of a curve can be expressed as which is the Katz’s FD of a waveform.

D= logio(n) (5.32)
— — .
log1o (Z) + logqo(n)

5.5.3 Validation of fractal dimension codes

The algorithms described above are used in this study to compute fractal
dimension of signals acquired during FSW process. Code for each algorithm is
developed using MATALB. All the developed codes are then tested for known
waveform whose FD is known to check the proper functioning. In testing of the
developed codes, fractional Brownian motion (with H = 0.5, 0.7, 0.95 and number of
data points, N = 1024) waveforms as shown in Fig. 5.2 is generated in MATLAB and the
waveforms are used for estimating the FD using the developed codes. The comparison
results for the computed fractal dimensions using the developed codes are listed in Table
5.1. It is observed that percentage error between the theoretical and computed fractal

dimensions are reasonable and the codes can be implemented for real time applications.
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Fig. 5.2 Fractional Brownian motion curves with Hurst parameter (a) H = 0.5 (b) H=0.7
and (¢) H=0.95

Table 5.1 Comparison between theoretical and estimated fractal dimensions

H=05 H=07 H=0.95
Algorithm  Theoretical FD =15  Theoretical FD =1.3 Theoretical FD = 1.05
Estimated % Error Estimated % Error Estimated % Error

Higuchi 1.51 -0.67 1.32 -1.53 1.05 0
Katz 1.49 0.67 1.28 1.53 1.06 -0.95

The signal processing techniques discussed in the aforementioned sections and
subsections are utilized for processing of main spindle motor and welding motor current
signals, vertical force and torque signals and tool rotational speed signal acquired during
the welding experiments. The signals are processed in time domain and time frequency
domain. Frequency domain analysis of the signals does not offer any intelligible
information regarding the process behaviour. In the present study a total of five signals
as mentioned above and four signal processing techniques are decided to implement for
effective processing of signals. This results in twenty possible combinations for analysis
of signals. However, it is not feasible that each signal processing techniques would result
in effective processing of signals and the features extracted would be efficient in
representing the process behaviour. Owing to this signals with different characteristics
are processed with most suitable signal processing technique. Once the signal features
are extracted those are fed to ANN and SVR models for fusion of features and for
prediction of UTS of the joints.

5.6 Prediction of UTS with current signal features

The available research work on monitoring of FSW process mostly concentrates
on acquisition and processing of force and acoustic emission signals. Among the

reviewed literature Longhurst et al. (2016) attempted monitoring of FSW process with

88
TH-1751_126103001



Signal features based monitoring of UTS

main spindle motor current signal. However, in the reported work weld quality
prediction with signal features was not attempted. Thus, this area needs further
investigation for development of weld quality monitoring methodologies for FSW
process with current signal features. The costs of current sensors are comparatively low
as compared to that of acoustic emission and force/torque sensors which would be an

added advantage.

In the present study current signals from main spindle motor and welding motor
are acquired with hall effect sensors against the welding experiments as reported in
chapter 3 (refer Table 3.6). At the outset of this chapter it is commented that signals can
offer more reliable information regarding the process variation over dynamic nature of
process parameters. The acquired signals against Exp. No. 33 and Exp. No. 65 are
represented in Fig. 5.3. It is to note that these two experiments are conducted over same
process parameters at same levels (refer Table 3.4, chapter 3). However, the time domain
representation of the signals does not reflect similar behaviour of the process which
substantiates to accept the dynamic nature of parameters. This in turn reveals the
possibility of variation in process outcome under similar process parameters. A clear
variation in magnitude of main spindle motor current signal can be seen. A closer
observation of the signals as represented in the respective figure indicates that current
magnitude against the Exp. No. 33 is less compared to that of Exp. No. 65. The current
magnitude is proportional to rotational speed of the motor neglecting all the losses. This
implies that low current magnitude represents less rotational speed for the respective
experimental condition. The same can also be interpreted from the perspective of Exp.
No. 65. It draws more current signifying more tool rotational speed. This can be due to
the less plasticization of material around the rotating tool demanding high rotational
speed to counter the material resistance. This shows an indirect method for monitoring
the process for its proper functioning and thus the outcome of the process. This
necessitates the processing of signals for effective features extraction to correlate with
the process behaviour. The signals are processed in time domain, frequency domain and
time frequency domain. Time domain analysis is carried out through computation RMS,
variance, skewness and kurtosis from main spindle motor current signal. The same is not
computed for welding motor current signals as the variation in time domain is less in
comparison to main spindle motor current signal. In frequency domain analysis Fourier

transform is performed on signals and in time frequency domain analysis current signals
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are processed with WPT for effective feature extraction.WPT is selected due to its ability
in decomposing signal for both low and high frequency content as described by
approximation and detail part of wavelet packet tree. Observation of signals in both high
and low frequency domains is expected to result in more suitable information regarding
the process behaviour. The same is not achievable with DWT which only offer
decomposition of low frequency component of the original signal leading to completely
missing the high frequency information of the signals that might also carry useful
process information.
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Fig. 5.3 Magnified view of (a) main spindle motor current signal (b) welding motor

current signal

The computed statistical features from main spindle motor current signal are

represented in Table 5.2. The statistical features against the repeated experiments
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revealed that the variation in process parameters as reflected in amplitude of main
spindle motor current signal is captured. It indicates that the features in time domain will
provide salient information regarding the process behaviour. However, it is difficult to
comment which feature is more informative among the four for prediction of UTS of the
joints. Thus, the features are fused with the help of machine learning techniques ANN
and SVR to predict the UTS of the joints irrespective of individual contribution of each
feature. The model development and selection of respective model parameters with
prediction performance are displayed in later part of this section.

Table 5.2 Time domain features for main spindle motor current signal

Exp. RMS Variance Skewness _
No. X 1072 x 1073 x 1073 urtosts
1 7.92 5.03 1.82 1.51
2 7.73 4.47 2.01 1.54
3 8.13 5.22 5.25 1.56
4 7.66 4.39 2.59 1.64
5 7.79 4.83 6.14 1.52
6 6.70 4.49 3.98 1.56
7 8.44 5.76 5.16 1.56
8 7.91 4.75 1.58 1.93
9 7.52 4.43 1.72 1.53
10 8.05 4.82 1.77 1.55
11 8.15 5.27 3.72 1.56
12 8.46 5.71 1.02 1.82
13 7.72 4.71 3.54 1.54
14 7.96 4.95 9.30 1.57
15 8.35 5.59 3.71 1.56
16 9.22 7.17 1.45 1.71
17 7.86 4.95 1.79 1.52
18 7.88 4.69 0.01 1.53
19 8.23 5.43 4.40 1.54
20 8.54 5.65 1.23 1.57
21 8.15 541 6.05 1.53
91
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22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
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7.76
8.25
8.35
7.96
8.00
8.55
8.03
8.06
8.21
8.78
8.51
7.96
7.39
8.97
8.90
7.96
8.48
8.89
9.32
7.81
8.61
8.85
8.98
8.30
8.37
8.78
8.87
8.75
8.49
9.20
8.95
8.93
9.18

4.44
5.43
5.36
5.09
4.85
5.96
4.85
5.25
6.0/
6.41
5.67
5.04
5.46
6.76
6.29
5.02
5.48
6.60
7.08
4.80
5.60
6.54
6.56
5.65
5.39
6.41
6.41
6.39
5.48
7.16
6.55
6.68
6.73
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1.21
1.04
0.06
1.11
6.72
1.02
1.71
1.78
7.56
3.52
8.22
1.18
2.03
7.50
1.16
131
1.94
2.86
4.67
9.32
0.05
3.52
2.29
2.68
7.36
3.52
1.36
1.74
5.37
1.35
6.54
1.01
2.40

1.53
1.55
1.74
1.54
1.54
1.58
1.66
1.54
1.54
1.55
1.79
1.53
1.54
1.54
1.59
1.58
1.56
1.54
1.58
1.55
436
1.56
1.67
1.58
1.57
1.55
1.79
1.53
1.54
1.63
1.58
1.53
1.54
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55 9.39 7.53 3.85 1.54
56 8.67 6.09 1.82 1.62
57 8.93 6.68 1.95 1.54
58 8.71 5.97 1.12 1.57
59 9.19 7.18 7.23 1.56
60 9.49 7.60 2.41 1.65
61 8.99 6.81 3.36 1.54
62 8.52 5.70 1.91 1.63
63 9.19 7.16 1.33 1.56
64 8.96 6.46 1.32 1.61
65 8.17 6.29 1.57 1.72

The time domain analysis of main spindle motor current signal is fruitful in the
aspect of monitoring process behaviour. However, welding motor current signal failed to
produce appreciable variation in time domain. Thus it is decided to analysis this signal
along with main spindle motor current signal in time frequency domain with the
intention of useful feature extraction. Prior to implement time frequency domain
analysis; frequency domain analysis of current signals is carried out with fast Fourier
transform (FFT) algorithm implemented with MATLAB software package (MATLAB
2017a). Frequency spectrum of main spindle motor current signal and welding motor
current signal are obtained. Unfortunately, no appreciable information regarding the
process behaviour can be extracted. Even the spectrum of signals against repeated
experiments failed to produce any notable information for both the signals. As frequency
domain analysis fails to produce notable information the present study is steered to
analyze the signals with WPT for possible extraction of features. In order to implement
WPT on a signal first step is to select suitable level of decomposition followed by
selection of suitable mother wavelet function. However, adequate literature survey
(chapter 2, section 2.4) fetches that no significant effort has been made for developing
methodology for selection of suitable mother wavelet function. Hence, this study before
implementing  WPT in decomposition of current signal is motivated towards
development of methodology for selection of suitable mother wavelet function. The
developed methodology is compared with already proposed methodology and found that
the present methodology is independent of process and depends only on the signal. Later,
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this methodology is applied for effective selection of mother wavelet function and signal

features in time frequency domain are computed.

Signal analysis is started with selection of suitable level of decomposition. The
selection of suitable level of decomposition is achieved as per the Eq. 5.17and the
relevant approach presented in sub section 5.4.1.3. In the family of wavelet, there are
many wavelet functions available like, Haar, Daubechies, Symlet, Coiflet etc. known as
mother wavelet functions. All these functions have different characteristics and to
analyze any signal, specific selection of mother wavelet need to be made for effective
extraction of useful features from the signals. In this study, a new method is proposed to
obtain the suitable mother wavelet. The method proposed is based on a ratio of energy of

the signal to the entropy of different wavelet packets as expressed in Eq. 5.34.

E
Energy — to — entropy ratio; = (E) (5.34)
i

Es= ) ISP’ (5.35)

where, i represents the family of the wavelet functions selected for the analysis, Eg
represents the energy of the original signal calculated as per Eq. 5.35 and En represents
the entropy calculated as per Eq. 5.17 of the decomposed wavelet packets using the

selected mother wavelet functions.

Energy of a signal represents the information carried by the signal. Entropy of the
decomposed wavelet packets at a particular level of decomposition reflects the amount of
disorder in the signal which can be viewed as a measure of uncertainty regarding the
information contained in the signal. Hence, wavelet function which fetches lower
entropy values at selected level of decomposition should be preferred. The proposed ratio
will represent the process information retained by signals as it deals with the original
signal information in terms of energy and minimum entropy which reflects the
uncertainty in the original signal. For the selection of suitable mother wavelet function,
the one with maximum ratio should be considered. Here, for both main spindle motor
and welding motor current signal this ratio is calculated using 44 different mother
wavelet functions for each signal. The mother wavelet function with the maximum ratio
of energy to entropy is considered as the best mother wavelet. All the acquired signals
against each experiment are tested using the proposed method for finding the appropriate
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mother wavelet function. Figure 5.4 represents the ratio of different wavelet functions
for main spindle motor and welding motor current signal against Exp. No. 45 which is
the case of maximum UTS value. From the analysis, it is found that symlet19 and db20
are the best mother wavelets for main spindle motor and welding motor current signals,
respectively. The proposed methodology is developed using MATLAB software package
(MATLAB 2017a).
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Fig. 5.4Variation of computed ratio with mother wavelets for main spindle motor current

signal and welding motor current signal

The result obtained using the proposed method is compared with two existing
methods namely, root mean square difference (RMSD) between the original signal and
the reconstructed signal from the wavelet packet tree (Ngui et al., 2013) and correlation
coefficient between the wavelet packet coefficients and monitored quantity (Pal et al.,
2011). The wavelet with the least RMSD and high correlation coefficient among the
considered wavelet functions are considered as the best mother wavelet. Figure 5.5
shows the RMSD of main spindle motor and welding motor current signal, respectively.
Interestingly, this analysis also provides the same result as symlet19 and db20 to be the
best mother wavelets for main spindle and welding motor current signals, respectively.
Figure 5.6 represents the results of the method based on correlation coefficient between

the average RMS values of the wavelet coefficients and UTS of the joints.

The two methods selected for the comparison of the results from the proposed
method although give the same results, but suffer from few limitations. The method
based on RMSD of the original and the reconstructed signal is actually performing a

noise reduction of the original signal. Once the original signal is decomposed, it is
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filtered through the wavelet filters. Here, the chances of losing valuable process
information are high. It is suggested that mother wavelet function which gives the least
RMSD is suitable for decomposition. But it does not guarantee that the selected mother
wavelet function can effectively extract the signal information that contains the valuable
information of process variations. The selected mother wavelet can be a better candidate

for noise elimination from the original signal.

The other method used for the comparison suggests finding a correlation
coefficient between the average root mean square values of the wavelet packets with the
parameter that is monitored using the signal information. Here, the value of the
parameter monitored depends on the accuracy of the measurement procedure adapted
and is process dependent. This is not suitable for approaches that concentrate to extract
information contained in a signal. The selection from this approach depends on the
accuracy of measurement of the parameter being monitored and can be hindered due to
many external factors. Hence, selection of mother wavelet based on this approach may
contain redundancy in the information extracted from signal. On the other hand the
proposed method based on the ration of the energy of the original signal to the entropy of
the decomposed wavelet packet does not suffer from above mentioned limitations. It
purely depends on signal information which can detect characteristics of the process
being monitored with signals without process interference. Thus, the proposed method
can be a suitable alternate approach for the selection of mother wavelet function for
effective decomposition of signals.

007~ sMain spindle motor current signal ~ +Feed motor current signal

coif5 -

Fig. 5.5 Variation of computed root mean square difference values with mother wavelet

functions for main spindle motor current signal and welding motor current signal
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Fig. 5.6Variation of correlation coefficient with mother wavelet functions for main

spindle motor current signal and welding motor current signal

The decomposed wavelet packets at a particular level of decomposition carry the
information retained by original signal. Hence, first the optimum level needs to be
selected. In this study, Shannon entropy criterion is used for this purpose. Once the
optimum level is found, each signal is decomposed to the optimum level of
decomposition with different mother wavelet functions and the ratio against each signal
is computed using Eq. 5.34. This is repeated for each acquired signal and an array
consisting of ratios for each signal is obtained for each mother wavelet function. From
this array, the mother wavelet function which yield maximum ratio is considered as the
best mother wavelet. Then, the signals are decomposed to the optimum level using the
best mother wavelet function. For the present study, Symlet 19 and Daubechies 20 are
the best mother wavelet functions obtained for main spindle motor current signal and

welding motor current signal, respectively.

Wavelet packet coefficients are extracted using the WPT for each signal and a list
is obtained containing the signal features. From the wavelet packet analysis, a total of
192 (64 for main spindle motor current and 128 for welding motor current signals)
features are obtained. However, it is very difficult to handle such a large number of
features and it is not essential too, that all these features would be equally effective for
modeling the weld quality. Moreover, multiple features may contain same information.
To extract the most appropriate features for both the signals, data reduction method is
essential. In this study, principal component analysis (PCA) is chosen as data reduction
technique and to find out most eligible features from the available 192 features.

PCA is mathematically defined (Humberstone et al., 2012) as an orthogonal
linear transformation that transforms a number of (possibly) correlated variables into a

(smaller) number of uncorrelated variables called principal components. The first
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principal component accounts for the greatest statistical variability and second greatest
variance represented by the second component respectively and so on. PCA is
theoretically the representation of the optimum transform for the given data in least
square terms. The idea of PCA lies in calculating the eigenvectors and eigen values of
the covariance matrix of the data and is efficiently calculated by singular value
decomposition. These eigenvectors describe an orthonormal basis that is effectively a
rotation of the original Cartesian basis. Each principal component is a linear combination
of the original variables. All the principal components are orthogonal to each other, so
there is no redundant information. The principal components as a whole form an

orthogonal basis for the space of the data (Humberstone et al., 2012).

The percentage variability explained by the first ten components for the main
spindle motor and welding motor current signals are shown in Fig. 5.7. It is observed
that, in case of main spindle motor current signal features, first five components account
for the 99.87% variability of the entire data set whereas the percentage variability of the
rest of the components is only 0.13%. So, first five components are chosen as the
features for the case of main spindle motor current signal. In case of welding motor
current signal, out of first fourteen components, first four components represent 99.81%
of total variability leaving the rest for the other components. Thus, first four components
are judged to be effective feature space to represent the information contained in the
welding motor current signal and are treated as the features for further analysis. Thus, a
total of nine signal features are extracted from main spindle motor and welding motor
current signals for further analysis. The selected features are then fed to ANN and SVR
based data driven models for prediction of UTS of the joints.
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Fig. 5.7Percentage contribution of principle components for wavelet packet

features of main spindle motor and welding motor current signals
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The computed signal features in time domain and time frequency domain are
further used for developing data driven models for modelling of weld quality in FSW
process. For this ANN and SVR are used as the modelling techniques. Detail
mathematical representation of ANN and SVR is added in Appendix | and Appendix Il,
respectively. The outputs from both the modelling techniques are compared to find out
the most suitable technique for accurate prediction of UTS of the joints with signal

features.

Two SVR models are developed in this study for modelling of UTS of the joints.
One model contains only time domain signal features and the other contains process
parameters along with signal features. To find the optimum network parameters, the
value of C is varied in the range of 1 to 100 in steps of 1.Whereas, y and ¢ values are
varied in the range of 1 to 10 in steps of 0.01 and 0.01 to 0.1 in steps of 0.001
respectively. From the grid search method, optimum set of C and y are found to be 90
and 0.06, respectively, when the input space of the model contains signal features along
with the process parameters. On the other hand, optimum set of C and y values for the
model when the input space contains only the process parameters are 60 and 0.07,
respectively. Optimum values of € are found to be 0.003 and 0.006 for the models,
respectively. The models are trained using 58 data sets and remaining 7 data sets are
used for testing the developed models. Prediction performance of the developed models
is shown in Fig. 5.8. Output predictions of the developed models for the testing cases are
listed in Table 5.3. From the table it is observed that absolute average percentage error
of 2.15% and 6.03% are obtained from the models. Moreover, it is demonstrated that
inclusion of signal features in the model input space, increases the prediction accuracy
by 64% which indicates that signal features in the input space of the model can be quite
effective to accurately predict the quality of the weld. The prediction performance of the
SVR model is compared with performance obtained from ANN models to find the better
candidate for accurate prediction of weld quality.
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Table 5.3 Performance of SVR models with time domain features

Predicted UTS (MPa)
Exp. Actual UTS

Without signal With signal
No. (MPa) % Error % Error
features features

33 74.54 87.87 -17.88 75.77 -1.65
58 77.17 79.83 -3.44 75.64 1.98
1 94.05 92.82 1.31 94.38 -0.35
17 92 89.95 2.23 89.25 2.98
37 91.86 91.79 0.08 91.16 0.71
51 92.22 85.82 6.93 92.15 0.08
9 82.45 90.99 -10.36 88.50 -7.33

Average absolute
6.03 2.15

percentage error
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A standard multi-layer feed forward neural network trained using back
propagation algorithm; known as back propagation neural network (BPNN) and a radial
basis function neural network (RBFNN) are developed to model the UTS of the welded
samples. Computer programs for ANN models are developed using the C programming
language. As neural networks are prone to overfitting the data, validation datasets are
used to monitor the behaviour of the network so that it does not move towards overfitting
(Pal et al., 2010). In general, it is found that around 15% of datasets are used for
validation, 10% are used for testing the developed neural network model (Wang et al.,
2008). Remaining datasets are used for training the network. Among the full factorial
datasets, 48 and 10 patterns are selected randomly for training and validating the models,
respectively. Data set used for testing the SVR model is used for testing the developed
neural networks. Similar to that of SVR model development BPNN models are also
developed with only process parameters and process parameters along with signal

features.

The prediction performance of BPNN model depends on the architecture of the
network, learning rate (n) and momentum coefficient (a). The number of neurons in the
hidden layer is varied from 5 to 39 in steps of 1. Learning rate is varied in between 0.1 to
1 in the steps of 0.04 and momentum coefficient is varied in between 0.01 to 1 in the
steps of 0.01. Initial weight values are chosen randomly between +0.9 and the bias values
at the input layer is taken as 0 and that for hidden and output layer as 1.0 respectively.
All the inputs and output variables are normalized between 0.1 and 0.9 which ensures
that the back propagation algorithm does not drive some of the connections weights to
infinity and thus slow down the training (Haykin, 2003; Jang et al., 2004). The
activation functions for both the hidden and output layers neurons are log-sigmoid. The
objective of the training is to minimize the mean square error (MSE) by updating the

weights through gradient descent method (Haykin et al., 2003).

The best network architecture from the optimization framework is found to be 7-
21-1 with n=0.7 and «=0.41 with signal features and the process parameters in the input
space. In the network architecture 7 represents total number of input neurons, 21
represents number of hidden neurons and 1 represent number of output neuron. The
comparison between the actual UTS values and BPNN predicted UTS values are shown
in Fig. 5.9. In the figure it is reflected that out of 64 number of patterns, only six

predictions deviate from the + 5% error line and among which, only two are from the
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testing data set. The absolute average percentage error for the testing cases is 4.89%. The
best BPNN model with only process parameters at the input space is found out to be 3-
27-1 withn = 0.84and a = 0.61. The average absolute prediction error for testing cases
is found to be 8.57%.
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Fig. 5.9 Prediction performance of BPNN model

RBFNN are different than BPNN in the way that it has some special activation
functions in the hidden layers called as the radial basis functions. Detail description of
training algorithm for RBFNN model is added in Appendix I. Number of hidden layer
neurons is varied from 5 to 29 in steps of 1 to find out the optimal network structure.
Learning rate for updating weights is varied in the interval of 0.1 to 1 in steps of 0.04 and
that for center updation and Gaussian functions spread updation were varied in the
interval of 0.01 to 1 in steps of 0.04 respectively. The data set used for development of

BPNN model is implemented for the development of RBFNN model.

The best RBFNN is found to be 7-7-1 with 0.46, 0.05 and 0.05 as learning rate
for weight, center and spread updating, respectively, with signal features along with the
process parameters in the input space. In Fig. 5.10, comparison between the actual UTS
and RBFNN predicted UTS is shown. Compared to BPNN prediction, the prediction of
RBFNN is inferior and out of 64 datasets, 23 predictions are out of + 5% error line. The
absolute average percentage error for the testing cases is 6.33%. The best RBFNN model
with process parameters at input space is found out to be 3-11-1 with 0.54, 0.07 and 0.05
as learning rate for weight, center and spread updating, respectively. The average

absolute prediction error for testing cases is found to be 9.90%.
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Fig. 5.10 Prediction performance of RBFNN model

The prediction performance of SVR, BPNN and RBFNN models developed are

compared and comparative analysis is presented in Fig. 5.11. From the figure it is

observed that, SVR model performance for prediction of UTS is better than ANN

models. An improvement of 55% is experienced in SVR model prediction accuracy

when compared with BPNN model predictions. When compared with RBFNN

predictions, there is an improvement of 70% in prediction of SVR model. This implies

that SVR models, coupled with current signal features can lead to more accurate

predictions of UTS of friction stir welded joints and can be implemented in real time in-

process monitoring of FSW process.
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Fig. 5.11 Comparison of SVR and ANN model performance (a) with time domain signal

features (b) with only process parameters

To develop a comparative analysis with the weld quality modelling performance

with time domain features, weld quality modelling with ANN and SVR is also attempted

for time frequency domain features. The signal features computed with WPT for main
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spindle motor current signal and welding motor current signal are reduced to nine
features with PCA. These features along with process parameters are used for the

development of data driven models for prediction of UTS of the joints.

Similar to the SVR model developed with time domain features of current signal,
model with time frequency domain features is also developed. Out of 65 patterns 58
patterns are selected for training of the model and remaining 7 patterns are selected for
testing of the developed model. The SVR parameters C, y and ¢ are selected in the same
range as the previous SVR model. Grid search algorithm is applied for selection of
optimum values for C, y and € as 94, 1.85 and 0.004 respectively. The prediction
performance of developed SVR model is presented in Fig. 5.12. The average absolute
percentage error is found to be 1.55%. Moreover, from the figure it is observed that the
testing errors are well within +29% range and signifies that SVR model is quite accurate

for prediction of UTS with time frequency domain signal features as well.
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Fig. 5.12 Performance of SVR model with time frequency domain features

Comparison of SVR prediction performance is made through developing BPNN
and RBFNN models for the prediction of UTS of the welded joints. Numbers of hidden
neurons for BPNN are varied in between 5 to 39 in steps of 1. Learning rate () and
momentum coefficient (a) for weight updation are varied in between 0.1 to 1 and 0.01 to
1 in steps of 0.04, respectively. Initial weight values are chosen randomly between +0.9
and the bias values at the output layer is taken as 0 and that for input and hidden layers as
1.0. All the inputs and output variables are normalized between 0.1 and 0.9. The
activation functions for both the hidden and output layers neurons are log-sigmoid. The

optimum number of hidden neuron is selected based on the minimum of the sum of
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training and validation MSE. Optimum hidden neuron, learning rate and momentum
coefficient are found out to be 19, 0.62 and 0.53, respectively. Thus the optimum
network structure of the developed BPNN model for UTS comes out to be 12-19-1 with
n=0.62 and 0=0.53. The prediction performance of the developed BPNN model is shown
in Fig. 5.13. Absolute average percentage error for the testing cases for UTS is 5.87%.
The performance of the developed BPNN model is inferior to that of SVR model. It

indicates that SVR model can be effectively used for prediction of UTS of the joints.
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Fig. 5.13 Prediction performance of BPNN model

Another ANN model developed is the RBFNN model. In finding the optimal
network parameters for RBFNN model, different combinations of number of hidden
neurons, learning rate for weight updation, center updation and Gaussian function spread
updation are tried and based on the minimum of sum of training and validation MSE
criterion optimum parameters are obtained. Numbers of hidden neurons are varied in
between 5 to 40 in steps of 1. Learning rate for updating weights is varied in between 0.1
to 1 in steps of 0.04. Learning rate for center and spread updation are varied in between
0.01 to 1 in steps of 0.4.

Based on the minimum MSE criterion, optimum number of hidden neurons for
UTS prediction is found to be 15. The optimal network structure for UTS modeling
found to be 12-15-1 with 0.9, 0.05 and 0.05 to be the optimum learning rates for weight,
center and spread updation, respectively. Scatter plot for the comparison of predicted
versus actual values of UTS is shown in Fig.5.14. Average absolute prediction error for
the testing cases for UTS is 19.08%. It is observed that RBFNN performance in
prediction of UTS is inferior compared to SVR and BPNN models. The prediction
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performance of the developed models is shown in Table 5.4. The comparative analysis
indicates that SVR model outperforms prediction of UTS of the joints with time

frequency domain features compared to the developed ANN models.
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Fig. 5.14 Prediction performance of RBFNN model

Table 5.4 Comparison between BPNN, RBFNN and SVR predicted ultimate tensile

strength with time frequency domain features and process parameters

Actual BPNN model RBFNN model SVR Model
ctua
Exp. Predicted Predicted Predicted
UTS % %
UTS UTS % error
(MPa) error error
(MPa) (MPa) (MPa)
39 89.91 91.94 -2.25 74.76 16.84 91.302 -1.55
59 87.12 86.99 0.14 61.77 29.09 85.291 2.10
2 85.87 71.99 16.16 75.71 11.83 84.839 1.20
29  88.05 101.51 -15.28 77.15 12.37 89.387 -1.52
27  87.86 91.67 -4.33 78.95 10.13 89.448 -1.81
55  88.92 90.13 -1.32 57.55 35.27 87.793 1.27
49  88.42 89.87 -1.64 72.45 18.05 89.668 -1.41

Absolute average
5.87 19.08 1.55
percentage error

The analysis of current signals acquired during welding experiments leads to the
impression that features computed can be effective in modelling of UTS of the joints in

FSW process. Among the three data driven models developed namely BPNN, RBFNN
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and SVR, the later outperforms in terms of prediction accuracy. This establishes SVR to
be best for UTS prediction with current signals. Among the features computed in time
domain for main spindle motor current signal and in time frequency domain for main
spindle motor and welding motor current signals the later results in more accurate
prediction of UTS of the joints. The objective of monitoring of FSW process with real
time signal processing is carried forward through investigation of vertical force signal,

torque signal and tool rotational speed signal as discussed in the following sections.
5.7 Prediction of UTS with vertical force signal features

There are three forces experienced during FSW process as discussed in the
literature review chapter (section 2.5). Among the three forces it is observed that vertical
force plays an important role in governing the FSW process compared to other two
forces. Real time measurement of vertical force will lead to better monitoring of FSW
process. The measurement setup developed in the current research work (discussed in
chapter 4) is used for acquisition of real time vertical force signals. For conducting the
welding experiments design matrix reported in experimental investigation chapter
(chapter 3) is used. Vertical force signals are acquired against each experiment and
processed for extraction of salient signal feature.

Vertical force signals acquired against the repeated experiments (Exp. No. 33 and
Exp. No. 65 as reported in Chapter 3) are shown in Fig. 5.15. It is to note that these two
experiments are conducted over same level of process parameters (refer Table 3.4,
chapter 3). The signals against the experiments do not show similar trend and magnitude.
The variation of the signals for the welding period (indicated by a red rectangular box in
the figure) fetches that anomaly occurred during the process. The undulations in the
signal against Exp. No. 65 are due to abnormal material flow around the welding tool
during the welding process (Morisada et al., 2015). This brings the notion that even
though process parameters remain constant variation in the welding process is possible
due to the dynamic natures and interaction of process parameters. This variation in the
process as captured by vertical force signals needs further exploration for effective
correlation with the process behaviour. Extraction of useful information regarding the
process behaviour vertical force signals are processed through time domain analysis,
frequency domain analysis and time frequency domain analysis. Time domain analysis is

carried out by computing statistical features as root mean square (RMS), skewness and
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kurtosis. Frequency domain analysis is performed with discrete Fourier transform and
time frequency domain analysis is performed with wavelet packet transform and Hilbert-

Huang transform.
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Fig. 5.15 Vertical force signals against Exp. No. 33 and Exp. No 65

RMS, skewness and kurtosis computed from vertical force signal are correlated
to UTS of the joints. Unfortunately, no decisive correlation is observed from the
analysis. Hence, a new parameter is developed in this work by combining the statistical
features. The combined parameter (CP) is calculated as per the Eq. 5.36. This parameter
is then correlated to UTS of the joints. Figure 5.16 represents the correlation in graphical
form. It can be observed that, with the increase in CP; UTS of the joints found to follow
an increasing trend. Thus, the proposed combined parameter can be an effective indicator
for monitoring the quality of the welds in terms of UTS of the joints.
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Fig. 5.16 Variation of proposed combine parameter for vertical force with ultimate

tensile strength
Prior to the analysis in time frequency domain the signals are initially analyzed

with FFT algorithm with MATLAB software package for conducting frequency domain
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analysis on the signals. Unfortunately the frequency spectrum does not provide any
notable information regarding the process behaviour. This necessitates for further
investigation with time frequency domain analysis. Successful implementation of WPT
in analysing current signals motivates the study to further explore it for vertical force
signal analysis. Apart from wavelet packet transform HHT is also explored for analysis

of vertical force signals.

In WPT, selection of suitable mother wavelet function plays an important role in
efficient decomposition of signals. The selection of mother wavelet function is made as
per the energy-entropy criterion discussed in section 5.6.3. The computed ratio for
vertical force signals are shown in Fig. 5.17. From the figure it is observed that db10
mother wavelet function is more suitable for the decomposition. With this mother
wavelet function signals are decomposed up to third level. At the third level of
decomposition eight wavelet packets are obtained. The RMS of the wavelet packets are
computed for each signals acquired during welding as shown in Eq. 5.37. This is

presented as the effective features for the force signals.

WPC = RMS[RMS(WP)], i=1.2,...,8 (5.37)

where, WPC are the extracted feature for vertical force signal, WP; are the respective
wavelet packets obtained from wavelet packet decomposition at third level and RMS
represents the root mean square operation. In Fig. 7.5 variations of WPC with respect to
UTS of the joints is shown. From the figure it is evidential that with UTS, WPC follow
an increasing trend. This indicates that wavelet packet features computed from vertical
force signals is competent towards development of UTS prediction methodology. These
features along with the proposed statistical indicator and considered process parameters
are fed to SVR and BPNN models for prediction of UTS of the joints. In the analysis of

vertical force signals another signal processing technique implemented is HHT.

I Exp. No. 45 Exp. No. 36

Ratio
(energy/entropy)

Mother wavelet function
Fig. 5.17Variation of energy to entropy ratio of the vertical force signal with mother
wavelet functions.
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Fig. 5.18 Variation of wavelet features with ultimate tensile strength

In the analysis of non-stationary signals, HHT found appreciable importance (Lin
et al., 2012). However, the shortcoming with HHT is that, the first IMF usually covers
broad frequency range such that mono component conditions may be difficult to achieve
(Lin et al., 2012). Moreover, observing signal in wide frequency band may result is
redundant information. On the other hand, WPT decomposes a signal into sub-bands
with low and high frequency content through which visualization of signals in different
frequency bands is possible. This advantage of WPT is carry forward to reduce the
limitation with HHT and a combined WPT-HHT approach is presented in this work. The
flow chart of the proposed methodology is given in Fig. 5.19. The wavelet packets as
computed in the WPT of vertical force signals as represented in aforementioned
paragraphs are presented to HHT algorithm developed with MATLAB software package.
However, it is not guaranteed that all the wavelet packets may be useful for further
investigation. Thus an efficient method is required to select the suitable mother wavelet
function. A signal energy based criterion is introduced to find the most suitable wavelet
packet that can be a better candidate for HHT. The implemented energy criterion is given
in Eq. 5.38.

El, = Ewp x 100 (5.38)

Es
where, E&,, Evﬂ,p, E are percentage energy, energy of the wavelet packets (i = 1,2, ...,8)
and energy of the signal, respectively. From Eq. 5.38, energies of the packets are
computed and the one with the maximum energy is further processed by HHT. The

packet with maximum energy content is rich with signal information and due to limited
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frequency band HHT will result in fine frequency resolution. Next, the selected packet is
fed to HHT algorithm and respective IMFs are obtained. The respective IMFs are further
processed with Hilbert transform to compute the instantaneous phase angles of the
signals. The RMS of the amplitude of IMFs and instantaneous phase angles along with
CP and WPC are fed to BPNN and SVR models for prediction of UTS of the joints.

Vertical force signal

Wavelet packet transform

v

Wavelet packets

Energy criterion

Best wavelet packet

Empirical mode decomposition

Intrinsic mode functions

l Hilbert transform

Instantaneous phase angles

Fig. 5.19 Flow chart for combined WPT-HHT analysis

Modelling of weld quality with signal features is attempted with the development
of SVR and BPNN models. Mathematical descriptions of these two methods are given in
Appendix | and Appendix Il. Tool rotational speed, welding speed, shoulder diameter,
CP, WPC, instantaneous phase angles and RMS of amplitude of decomposed IMFs from
WPT-HHT are selected as the input to the SVR and BPNN models. For the selection of
optimum value of SVR parameters,C,y and ¢ grid search algorithm is implemented. The
range of these parameters are varied as 1 to 100 in steps of 1 for C, 1 to 10 in steps of
0.01 for y and 0.01 to 0.1 in steps of 0.001 for . From the grid search algorithm the
optimized parameters are found to be 97, 1.47 and 0.005 for C, y and &, respectively.
Training and testing of the SVR model is achieved through minimization of MSE.
Similarly, parameters that effect performance of BPNN model viz. learning rate (n),
momentum coefficient (a) and number of neurons in the hidden layer are selected based
on minimum MSE criteria. The range of n, @ and number of hidden layer neurons are
varied in the range of 0.1 to 1 in steps of 0.04, 0.01 to 1 in steps of 0.04 and 5 to 30 in
steps of 1 respectively. For training the SVR model out of 65 patterns 50 are selected as

training patterns and remaining 15 patterns are selected as testing patterns which is again
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used for testing of BPNN model. For developing BPNN model out of 50 remaining
patterns 10 patterns are selected for validation and remaining patterns are used for
training of the model. The optimum BPNN network found out to be 7-27-1 withn =
0.9 and a = 0.85. After the development of the models percentage prediction error

values between the actual UTS and models predicted UTS are computed as per Eq. 5.39.

Actual value — predicted value
% error = P x 100 (5.39)
Actual value

where, actual value is the value obtained from the experimental investigation and

predicted value is the value obtained from the SVR/BPNN model prediction. The
prediction results for the testing patterns are shown in Table 5.5 and the prediction
performance of the developed models are compared in scatter diagrams as represented in
Fig. 5.20. From the table and the figures it is observed that signal features combined with
process parameters leads to an accurate UTS prediction SVR model with accuracy of
99.55%. The same for the BPNN model is found out to be 98.42% which is 1.13%less

compared to SVR model.

Table 5.5 Prediction results for the testing cases

EX0. anile strength _ ultimats tensile %6 error D NPredicted
No. ultimate tensile % error
(MPa) strength (MPa) strength (MPa)
59 87.12 87.34 -0.25 86.27 0.98
9 82.45 82.18 0.33 81.96 0.59
40 76.12 76.77 -0.85 74.46 2.18
60 81.81 81.24 0.70 81.67 0.17
32 77.83 77.38 0.58 78.27 -0.57
7 88.12 88.62 -0.57 85.89 2.53
45 95.95 95.78 0.18 94.36 1.66
36 51.15 51.37 -0.43 47.66 6.81
61 80.29 79.82 0.59 80.81 -0.64
6 84.64 84.48 0.19 83.13 1.79
13 95.89 95.55 0.35 94.52 1.43
3 78.56 78.74 -0.23 78.03 0.68
31 92.62 92.07 0.59 93.91 -1.39
42 77.86 77.61 0.32 78.22 -0.46
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Fig. 5.20 Scatter diagrams for the comparison of actual versus predicted ultimate tensile
strength (a) SVR model (b) BPNN model

The influence of vertical force signal in monitoring of FSW process has been
presented in the preceding section. The study delivers a new combined methodology
based on WPT and HHT that is free from limitation existent with HHT. The computed
signal features are fused with SVR and BPNN models for prediction of UTS of the
joints. As like in the case of current signal features, in this case also SVR outperforms
prediction of UTS over BPNN model.

5.8 Prediction of UTS with torque signal features

A methodology for extracting suitable information from vertical force signal for
monitoring of FSW process has been presented in the preceding section. Apart from the
vertical force another parameter that eventually governs the process is the associated
torque. The associated torque is the result to overcome the resistance offered by the
material around the rotating tool. Thus torque is the combined outcome of tool rotational
speed and welding speed as these two governs the amount of material plasticization in
the weld zone around the tool. As like in case of vertical force, real time measurement of
torque can also offer to observe the process under the effect of both controllable and
uncontrollable parameters. The influence of torque in monitoring of the process is
identified and reported by Mehta et al., (2013). It was observed from the results
presented that monitoring the torque behaviour of the process can be observed. However,
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the work did not extends the concept in developing methodology for FSW process
monitoring or rather more specifically monitoring of weld quality. This study is devoted
for developing methodology for monitoring of FSW process through analyzing torque
signals. In the literature review section it is realized that effort for developing
methodologies for monitoring of FSW process with force signal is relatively more

compared to torque signal which is almost nonexistent.

Real-time torque signals are acquired using the developed force/torque
measurement setup (chapter 4) during the FSW process and analyzed in time domain
through statistical features and time frequency domain through DWT. The torque signals
are filtered before further processing. Fifth order Butterworth high pass filter is used in
MATLAB software package for noise reduction. The cut off frequency of the filter is
decided based on the frequency spectrum of the raw signal. The filter has eliminated the
high frequency content of the signal which mostly represents noise part (Arora et al.,
2012), the similar approach as applied in analysis of current signals with WPT is not
attempted in this part of the study as decomposition of high frequency part will not be
useful. The time frequency domain analysis of torque signals is achieved with DWT that
offers decomposition of the signals on the low frequency band. The methodology of
torque signal processing is represented schematically in Fig. 5.21. Apart from the UTS
modelling the features computed are further developed for computing a combined
indicator for identification internal defects in the welded samples which will be
discussed in chapter 6.

Torque signals acquired during the repeated experiments (Exp. Nos. 33 and 65,
Table 3.4, chapter 3) are shown in Fig. 5.22. From the figure it is indicative that even
though the experiments are performed over same parameter setting, the torque signals are
deviating. This deviation in the process is supported by the difference obtained in the
UTS of the welded samples (Table 3.5, section 3.6, and chapter 3). Hence, relying on
process parameters will not guarantee the desired outcome and quality modelling based
only on process parameters might result in inaccurate decisions. The deviation in the
torque data reveals its capability to compete with the existing monitoring indicators such
as vertical force signal and acoustic signal in FSW process. The torque signals acquired
during welding are analyzed in time domain and time frequency domain. Time domain

analysis is carried out through computation of four statistical features as D,, S, and E,.
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Time frequency analysis of signal is attempted with DWT. The same statistical features

are computed from decomposed signals with DWT.

Input —] FSW Data
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Hardware data .
Discrete
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Fig. 5.21 Schematic representation of the methodology developed for analysis of torque

signal
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Fig. 5.22 Torqgue signals against repeated experiments

Interestingly from the computed statistical features viz. D, S, and E, in time
domain no notable information can be fetched regarding the process behaviour.
Moreover, the computed features failed to contribute effectively in identification of
internal defects in the welded samples. Hence, in the study it is decided to perform time
frequency analysis to extract more useful information from torque signals. The DWT on
torque signals are performed up to fourth level of decomposition using Daubechies fifth
order (db5) mother wavelet function as available in MATLAB software package. This
particular wavelet function is chosen after comparing 24 different mother wavelet
functions. Against each wavelet function, correlation coefficient is computed for the
signal against the experiment that yields maximum UTS (Exp. No. 45). The correlation

coefficients are displayed in Fig. 5.23. From the figure it is observed that db5 is the best
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for the analysis of the torque signals. Decomposition of real-time torque signals against
experiments with maximum UTS (Exp. No. 45) and minimum UTS (Exp. No. 36) using
DWT s displayed in Fig. 5.24. To find out the contribution of the details of the
decomposed signals Fourier transform is performed on the details part of the signals. For
this, most widely used fast Fourier transform algorithm is applied. From the analysis of
the details, it is observed that there is no significant peak in the frequency spectrums of
the signals. Rather, it is observed that amplitude is distributed all over the frequencies
even for the narrowest frequency band which is at the fourth level in wavelet
decomposition. Thus, it is believed that details part mostly contains the noise information
and hence, in this study only approximation parts are further analyzed to compute the

statistical features.
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Fig. 5.24 Discrete wavelet transform of torque signals (a) Exp. No. 45 (b) Exp. No. 36

In this study the approximation part of the decomposed torque signals are further
investigated to compute three statistical features D, S, and E,.. For the computation of
these three features mathematical expectation (m, ) is required prior hand. The

expression for the mathematical expectation of a discrete signal is given in Eqg. 5.40.

N-1
Z Y, (5.40)
n=0

where, Y, is the approximation part of the input torque signal processed with wavelet

m, =

2|

transform and N is the length of the approximation part of the signal.

The dispersion D,characterizes the value dispersion relative to the mathematical

expectation m,.. Mathematical expression to represent D, can be seen in Eq. 5.40.

N-1
1
Dx = m Z (Ya — mx)z (540)
n=0

Asymmetry S, of the signal is defined as shown in Eq. 5.41. For the computation

of the asymmetry prior knowledge of the mean square deviation of the signal is needed.
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The mean square error (o,) can be computed from Eq. 5.42 and the excess E, is defined

as given in Eq. 8.5.

N-1
1
52 = Fio Z(Ya —m)? (5.41)
n=
Ox = /Dy (5.42)
1 N-1
Be= 1 ) (fp-m)*=3 (5.43)
Ox n=0

The values of excess and asymmetry define the non-uniformity of the data
collection, the asymmetry of the distribution and its fit to the normal law. The computed
statistical features are afterwards normalized using the relation shown as Eq. 5.44. The
features are normalized to eliminate the difference in the range of computed values.

F; — min (F)

Normalizedvalue = max(F) — min (F) (5.44)

where, F represents the feature space among D,., S, or E, and i represents the element in
the feature space respectively. These normalized features are used for developing the

weld quality modelling tool using SVR and ANN modelling techniques.

The modelling of UTS of the joints with torque signal features are attempted
through SVR and the performance of SVR is later compared with BPNN. For finding the
optimum set of C, range of C is chosen from 1 to 100 in steps of 1 and range of vy is
chosen to be 1 to 10 in steps of 0.01 and ¢ is chosen to be 0.01 to 0.1 in steps of 0.001.

Grid search algorithm is implemented for selection of suitable SVR parameters.

To develop methodology for modelling the UTS of the welded component using
SVR technique, two models are developed named as Model | and Model 1l. In Model I,
the input space consists of computed normalized statistical signal features and UTS of
the joints is the output parameter. On the other hand, in the Model Il, the input space
consists of the three signal features along with three process parameters considered in
this study namely tool rotational speed, welding speed and shoulder diameter. The
objective of comparing these two models is to bring out the efficacy of the computed

signal features in developing process independent online modelling of UTS in FSW
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process. The developed models are trained and tested in the SVR frame work. For
modelling both the SVR models, out of 65 patterns, 50 random patterns are chosen to be
the training patterns and rest 15 patterns are chosen as the testing patterns used for the
evaluation of prediction performance of the models. During the training and testing
phases of the models it is ensured that the training patterns and testing patterns contain
data from both defective and defect free welds for better generalization of the model. The

optimized SVR parameters against each model are listed in Table 5.6.

Table 5.6 Optimized SVR parameters for each model

SVR Models C Y £
Model 1 85 1.3 0.006
Model 11 60 2.41 0.004

Parameter C, determines the tradeoff between the model complexity and the
degree to which deviations larger than ¢ are tolerated in optimization formulation for
SVR. For instance, if C is too large, then the objective is to minimize the empirical risk
only, without regard to model complexity part in the optimization formulation. On the
other hand parameter € controls the width of the e-insensitive zone used to fit the training
data. The value of € can affect the number of support vectors used to construct the
regression function. The bigger the &, the fewer the support vectors are selected. Higher
values ¢ also results in more flat estimates.The parameter y associated with the kernel
function correlates the non-linearity of the estimation. In SVR the input is first mapped
onto a feature space using some non-linear mapping function (kernel function) and then a
linear model is constructed in this feature space. The parameter y defines the amount of
non-linearity that needs to be handled in the model development. The more is the y

parameter more amount of non-linearity in the input data.

In view of the aforementioned discussion the optimized parameters against both
the developed models reflect that Model 11 shows more non-linear behaviour than Model
I. This non-linearity may affect the prediction performance of the developed SVR model.
For Model I the optimized cost function associated is larger than that of model Il. This
implies that the soft margin in Model | is higher than that of Model 11. This will result in

inclusion of fewer points as the support vectors for the error estimation in SVR than
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model Il. The same is also observed with the errors shown in Table 5.7. Model | yields
low training and testing error compared to model Il. The explanation made for cost
function also holds good for € parameter for both the models. With the higher value of ¢
parameter for Model 1, fewer support vectors are selected in the optimization problem

associated with SVR and this results in low estimation error.

Using the optimized parameters in the SVR models, UTS of the joints are
modeled and prediction performances of each of the model are listed in Table 5.7. From
the table it is seen that Model | gives the better accuracy. This model is comprised of
only signal features in the input space of the SVR model. The scattered plots for the
developed SVR models can be seen in Fig. 5.25. From the figures it is again revealed
that Model Il is inferior in performance than Model I. In Model 1l the maximum training
and testing error obtained are 2.46 and 1.79 respectively. The same for model | are 0.36
and 1.93, respectively. This indicates that the computed signal features from torque
signal can be effective in accurate modelling of UTS of the welded joints in FSW

process. The results obtained from SVR are further compared with ANN model.

Table 5.7 Performance of SVR models

Absolute average percentage error

SVR Models Training patterns Testing patterns

Model | 0.18 0.53

Model Il 0.23 0.58
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Fig. 5.25 Prediction performance of the SVR with (a) only signal features (b) signal
features along with process parameters with torque signal

The performance of SVR model developed for the prediction of UTS of the joints
with signal features in the input space (Model 1) is compared with model developed
using BPNN model. Computer program for ANN model is developed using the C
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programming language. As neural networks are prone to overfitting the data, validation
datasets are used to monitor the behaviour of the network so that it does not move
towards overfitting (Pal et al., 2010). Out of the 65 available patterns, 40 are used for
training the ANN model and out of the remaining 25 patterns 10 are used for validation
and 15 are used for testing purpose. Prediction capability of BPNN model depends on the
architecture of the network, learning rate and momentum coefficient. As the number of
inputs and output cannot be changed, the only way to change the network architecture is
by changing the number of hidden layers or number of hidden neurons in the respective
hidden layers or both. Here, BPNN model was developed using single hidden layer. The
number of neurons in the hidden layer is varied from 3 to 30 in steps of 1. Learning rate
was varied in between 0.1 to 1 in the steps of 0.1 and momentum coefficient was varied
in between 0.01 to 1 in the steps of 0.1. Initial weight values were chosen randomly
between +0.9 and the bias values at the input layer was taken as 0 and that for hidden and
output layer as 1.0 respectively. All the inputs and output variables were normalized
between 0.1 and 0.9 which ensures that the back propagation algorithm does not drive
some of the connections weights to infinity and thus slow down the training. The
activation function for hidden and output layers neurons is log-sigmoid. The objective of
the training was to minimize the mean square error by updating the weights through
gradient descent method. The optimum network architecture obtained is 3-7-1 with
learning rate of 0.7 and momentum coefficient 0f0.51. The performance of BPNN model
is shown in the scatter plot in Fig. 5.26. Table 5.8 compares the average absolute
percentage error yielded by BPNN model and SVR model in the prediction of UTS of
the joints. From the table it is observed that SVR outperforms the modelling of the joint
quality compared to BPNN model with an improvement of 90.27%.
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Fig. 5.26 (a) Schematic of the developed BPNN model and (b) Scatter plot for BPNN

prediction performance with torque signal features
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Table 5.8 Prediction performance comparison for SVR and ANN with inputs as torque

signal features and process parameters

Exp. Actual UTS Predicted UTS (MPa)

No. (MPa) SVR % error BPNN % error
1 94.05 94.77 -0.76 90.11 4.19
6 84.64 84.18 0.55 88.54 -4.61

42 77.86 77.85 0.02 78.72 -1.10
17 92 92.50 -0.54 95.27 -3.55
24 78.48 78.04 0.56 83.55 -6.46
3 78.56 78.96 -0.51 80.72 -2.75
45 95.95 95.65 0.31 87.67 8.63
21 94.63 95.23 -0.63 81.48 13.89
47 69.56 63.95 -0.06 71.72 -3.10
9 82.45 82.44 0.01 80.73 2.09
4 65.69 66.09 -0.61 69.77 -6.22
5 88.42 86.58 2.08 92.74 -4.88
37 91.86 91.75 0.12 82.30 10.41
32 77.83 78.33 -0.65 81.26 -4.41
14 81.89 81.50 0.48 77.32 5.58

Average absolute percentage error 0.53 5.45

Real time measurement of torque signal reveals significant variation against the
repeated experiments. This implies that relying only with process parameters in
prediction of UTS may results in inferior accuracy. In this section a methodology has
been developed for prediction of UTS of the joints with SVR and BPNN models with
signal features. As like in current signals and force signal analysis SVR performed
appreciably in prediction of UTS compared to BPNN model. Moreover, with torque
signal also it is observed that inclusion of signal features in the SVR models
considerably improves the prediction accuracy. It signifies importance of real time
features for accurate modelling compared to modelling only with process parameters.
Realizing the importance of signal features in contribution of improvement of quality

prediction accuracy a new signal associated with FSW system namely tool rotational
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speed signal is tested for development of methodology for accurate prediction of UTS of

the joints.
5.9 Prediction of UTS with tool rotational speed signal features

The physics of FSW process confirms that majority (Arora et al., 2012) of heat
required for joining materials is achieved through friction between a rotating tool and
workpiece material followed by adiabatic heating due to severe plastic deformation. The
heat generated in FSW process is responsible for material plasticization and hence
joining of the mating surfaces. The most influencing parameter that governs the heat
generation is tool rotational speed. Monitoring this parameter in real time through
integration of suitable sensor can fetch valuable information regarding the process and
any deviation than the desired level can be detected that might influence the process
outcome. The monitoring of the process with similar ideology but with other indirect
signals such as vertical force and acoustic emission signals has been reported in literature
review section. This study is an attempt made to represent tool rotational speed signal

which is believed to offer more direct information regarding the process behaviour.

Speed signals acquired during the repeated experiments (Exp. No. 33 and Exp.
No. 65) are shown in Fig. 5.27. Difference in magnitude as well as trend of these two
signals initiates the need to produce the information which not only capture the trend but
also the magnitude information. Frequency spectrums of the speed signals do not reveal
any notable information to interpret the process variation against the repeated cases. The
signals are further processed with WPT, DWT and HHT to extract process information.
Interestingly the computed features failed to draw attention in revealing any considerable
information regarding the process behaviour and do not correlate to process outcome.
This pushes the study to explore another useful signal processing techniques that can
offer a direct representation of signal information. The survey of available literature and
advantages of fractal theory indicates possible implementation of fractal theory in signal
analysis as attempted by many researchers in field of science and engineering. Hence, it
is decided to explore possibility of analyzing speed signal with fractal theory for

effective monitoring of process behaviour.
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Fig 5.27 Tool rotational speed signal against repeated experiments

Estimation of fractal theory from waveforms is achieved through implementing
Higuchi’s (Higuchi, 1988) algorithm. The computed FDs against each experimental case
can be seen in Table 5.9. From the table it is observed that the computed FDs against the
repeated experiments show a variation of 4.82% which is quite appreciable for capturing
the process anomaly. The variation is the clear indication that fractal theory can extract
information regarding the process variation as captured through rotational speed signal.
With the disclosure of capability of capturing process variation effect of process
parameters on FDs are also investigated observing the variation with tool rotational
speed, welding speed and shoulder diameter. Effects of process parameters on the
computed fractal dimensions are investigated and the results are graphically represented
in Fig. 5.29. Interestingly, the variation of fractal dimension with the process parameters
shows similar trend as UTS with the process parameters. This invokes a notion that
computed FDs can be correlated to UTS of the joints. The correlation of UTS with the
fractal dimension shows a nonlinear relation between the two. This leads towards the
implementation of nonlinear modeling technique for the correlation of UTS of the joints
and FDs of tool rotational speed signal. In the present study, BPNN and SVR are decided
to use for the prediction of UTS of the joints with process parameters and FDs.

Table 5.9 Fractal dimension of tool rotational speed signal with Higuchi’s algorithm

Fractal Fractal Fractal
Exp. No. ] . Exp. No. ] . Exp. No. ] ]
dimension dimension dimension

1 1.841 23 1.858 45 1.863

2 1.864 24 1.887 46 1.810

3 1.855 25 1.853 47 1.352

4 1.866 26 1.871 48 1.722

5 1.800 27 1.802 49 1.682
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6 1.867 28 1.749 50 1.826
7 1.859 29 1.825 51 1.587
8 1.736 30 1.818 52 1.745
9 1.819 31 1.765 53 1.813
10 1.891 32 1.570 54 1.691
11 1.834 33 1.869 55 1.796
12 1.682 34 1.882 56 1.834
13 1.945 35 1.719 57 1.864
14 1.775 36 1.828 58 1.692
15 1.858 37 1.865 59 1.772
16 1.761 38 1.925 60 1.894
17 1.924 39 1.925 61 1.846
18 1.878 40 1.528 62 1.653
19 1.904 41 1.829 63 1.804
20 1.848 42 1.807 64 1.798
21 1.923 43 1.366 65 1.787
22 1.891 44 1.778
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Fig. 5.28 Variation of fractal dimension with (a) tool rotational speed (b) welding speed
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The prediction of UTS of the joints is attempted with features from tool rotational
speed signal. In the models developed for the prediction both the computed FDs and
process parameters are used in the input space of the models. SVR parameters C, y and ¢
are selected in the range of 1 to 100 in steps of 1, 1 to 10 in steps of 0.01 and 0.01 to 0.1
in steps of 0.001 respectively. Grid search algorithm is applied for the selection of
optimum parameters. The optimum parameters are found to be 83, 1.87 and 0.005 for C,
y and ¢ respectively. A total of 7 patterns are used for testing the developed SVR model
with 55 training patterns. For the BPNN model out of 65 patterns, 48 are used for
training the network, 10 are used for validation of the network and 7 are used for testing
the network. The testing patterns for SVR and BPNN are kept same for comparison

purpose. To develop an optimum BPNN model, selection of optimum number of hidden
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layer neurons, optimum learning rate (n) and optimum momentum coefficient (o) iS
important. These three parameters are selected based minimum MSE values. Number of
hidden layer neurons is varied in the range of 5 to 30 in the step of 1,n is varied in the
range of 0.1 to 0.98 in steps of 0.04 and ais varied in the range of 0.01 to 0.97 in steps of
0.04. Optimum BPNN model for the present study is found to be 4-14-1 with n=0.9 and
a=0.61.

Prediction performance of BPNN and SVR models are represented in terms of
scatter diagram in Fig. 5.30 and the prediction error against the testing patterns are listed
in Table 5.10. From the results it is observed that SVR model outperform prediction of
UTS of the joints with an absolute average percentage error of 1.23% which is around
84.55% higher than BPNN model.
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Fig. 5.29 Prediction performance of (a) SVR model and (b) BPNN model with speed

signal features

Table 5.10 Comparison of prediction results from BPNN and SVR with speed signal

features
BPNN SVR
Ex Actual
N P- Ultimate tensile Predicted o Predicted o
0. strength (MPa) ultimate tensile errz)r ultimate tensile err(:)r
strength (MPa) strength (MPa)
7 88.12 89.53 -1.60 87.11 1.15
37 91.86 92.79 -1.01 92.84 -1.06
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24 78.48 76.38 2.68 79.55 -1.36
31 92.62 89.27 3.62 91.56 1.14
34 83.45 80.51 3.52 84.43 -1.18
11 73.6 74.43 -1.13 74.64 -1.41
61 80.29 78.37 2.39 79.24 131

Average absolute percentage error 2.27 1.23

The FDs computed with Higuchi’s algorithm from speed signal effectively
represent the process variation confirmed through variation in FDs against repeated
experiments. When the FDs are fed to SVR and BPNN models both yields appreciable
accuracy in UTS prediction. However, as like in other signals SVR outperform the
prediction with an improvement of 84.55% compared to BPNN model. This highlights the
successful implementation of rotational speed signal processed with fractal theory as to be
competent in developing accurate UTS prediction methodology in FSW process.

The aforementioned sections demonstrate the signal feature extraction and
development of models based on machine learning for UTS prediction. The fusion of
various features for prediction of UTS of the joints is attempted with BPNN and SVR
models. The performance of these two models shows that SVR model is superior with
each signal feature compared to BPNN model. The best SVR model for prediction of
UTS is obtained with vertical force signal features followed by the SVR model
developed with torque signal features with a variation of 0.08% only. The average
percentage prediction error with SVR model developed with features from current
signals and tool rotational speed signal are 1.85% and 1.23% respectively which can also
be appreciated. The study boils down to the conclusion that SVR models are better
compared to ANN models in prediction of UTS with signal features. The features against
main spindle motor and welding motor current signal, vertical force signal, torque signal
and tool rotational speed signal can be used effectively combined with SVR for accurate

prediction of UTS of the joints.
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5.10 Summary

The present chapter started with introduction and theoretical representation of
various signal processing techniques implemented in the present study for efficient
feature extraction. Main spindle motor current and welding motor current signals,
vertical force signal and tool rotational speed signals are analyzed in order to understand
the process behavior. Depending upon the suitability of the signal processing techniques
main spindle motor and welding motor current signals are analyzed in time as well as
time frequency domain with WPT. On the other hand vertical force signal is analyzed
with a modified WPT-HHT proposed in the present study and torque signals are proceed
with DWT for extraction of features. The same for tool rotational speed signal is
achieved with fractal theory. The features extracted with various techniques for each
signal are then fused with SVR and BPNN for developing models for reliable and
accurate prediction of UTS of the joints. The findings of the present work are

summarized in the following points.

v" A new technique for the selection of suitable mother wavelet function for WPT is
proposed. The proposed methodology is free from any process dependency and
related only to the signal under consideration.

v' The limitation with HHT of wide frequency band in the first IMF is eliminated by
proposing a modified HHT with WPT. The combined WPT-HHT method is capable
of generating instantaneous frequency with a narrow frequency band that is useful for
observing events in low frequency domain.

v" Two new indicators WPC and CPhave been developed with vertical force signal
features that shows increasing trend with increase in UTS of the joints.

v' The comparative performance among the BPNN, RBFNN and SVR models for
prediction of UTS of the joints showed that SVR models are superior in performance.

v" SVR model developed with vertical force signal features leads to the maximum
prediction accuracy of 99.55% with maximum error of -0.85%. The same with
BPNN model is found to be 98.42% with maximum error of 2.08% with vertical
force signal features. The prediction accuracy of SVR models developed with
features from main spindle motor current signals, torque signal and tool rotational
speed signal are 98.15%, 99.47% and 98.77% respectively. Similarly with BPNN
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models the prediction accuracies are 94.13%, 94.55% and 97.73% respectively for

the signals.
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Defect identification in FSW process

6.1 Introduction

The FSW process has a notable advantage of producing welds free from defects
those are inevitable in fusion welding processes. However, the process is not free from
defects and defects mainly occur due to improper selection of suitable welding
parameters (Chen et al., 2003). The process is influenced by many process parameters
and deviation of any of these or improper combinations lead to defects in the welded
samples. The survey of literature (chapter 2, section 2.6) conveyed that there are mainly
three types of defects observed in friction stir welded samples: void defect, tunnel defect
(also referred as wormhole defect) and root defect. Void is a discontinuity in the joint
and responsible for deteriorating the joint strength as this act as a crack initiation point in
the welded samples during testing. In general, it is observed that void is the outcome of
improper heat input to the material. In FSW process, improper heat input is the result
from low tool rotational speed and shoulder diameter with high welding speed. The
amount of heat generated is governed by amount of friction between the shoulder and the
workpiece. At low tool rotational speed with low shoulder diameter, the amount of
frictional heat generated is less that results in improper plasticization of material around
the tool. This affects the flow of material from the leading edge to the trailing edge and
results in void without being compensated by the material. From the survey of literature,
void are prone to occur in retreating side of the weld (Kim et al., 2006). The tunnel
defect is similar to void but exist throughout the length of the weld. This defect is the
outcome of both low and high heat input. At low heat input due to insufficient material
plasticization and improper material flow around the tool pin results in void towards the

trailing edge of the weld and continues length wise with the progression of the tool.
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Another aspect of generation of tunnel defect is the high heat input. At high tool
rotational speed and shoulder diameter with low tool rotational speed, heat input to the
weld is high. At high heat input material in the weld zone gets excessively softens and
expelled out of the weld zone in the form of excessive flash. The flash generation in the
welding process is considered as a defect and leads to lack of material in the weld zone
for compensating the void created by the rotating tool towards the trailing edge in its
progression. In the present study tunnel defect is experienced and the cause for formation
of tunnel defect is due to the excessive heat input to the weld as indicated by high flash
generation. Root defect in FSW process is observed due to improper selection of tool pin
length. At low tool pin length the tool cannot reach the bottom of the workpiece and
results in hairline defect towards the root of the weld. This defect results in low bending
strength and weld strength as it acts as a crack initiation point. Moreover, fatigue life of
the welded components is drastically degraded with root defect. Apart from these three
defects, few researchers (Cao et al., 2009; Zhang et al., 2006; Zhao et al., 2014) also
reported kissing bond defect in welded samples. The cause for formation of this defect is
attributed mainly due to formation of oxide layer in the weld zone. These oxide layers
distributed over the weld zone and act as a material discontinuity in the weld zone. It is
being reported that this defect can act as a crack initiation point for fracture growth
within the weld zone (Cao et al., 2006). Among the defects observed in FSW process in
terms of severity, void and tunnel defect is maximum as it leads to degradation of joint
strength and mitigation of these defects are difficult compared to root defect and kissing
bond defect.

Identification of defects in welding processes is a vital task before accepting the
joint to ensure desired performance. In FSW process, this becomes more challenging as
the defects as referred in the aforementioned paragraph are internal or subsurface.
Accordingly, visual testing methods are not applicable for identification of defects in
FSW process. Identification of defects in welded samples broadly classified into two
categories as destructive and nondestructive testing methods. In destructive testing
methods, tests like tensile testing, bend testing, impact testing are implemented (Gibson
et al., 2014). Analysis of fracture surfaces can provide an insight to detect presence of
defects as these act as crack initiation point. In industrial environment, destructive testing
methods are implemented in both test joints and sacrificial joints collected from actual

production line. Destructive testing methods are one of the major defect risk
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management procedure adopted in industries. However, these processes lead to
destruction of welds and the tested piece loses its integrity to be used further. This leads
to increase in production cost and demands high time to identify defects. To provide
solutions without compromising the integrity of the joints, nondestructive methods are
developed in order to identify defects in the welded samples. In FSW process, eddy
current testing, radiographic testing and ultrasonic testing methods are widely used for
identification of internal defects (Gibson et al., 2014). These techniques offer reliable
and accurate means of defect identification but with limitations such as trained operator
and high initial cost. The information results from these techniques are difficult to
interpret without human intelligence and human presence leads to chances of human
error in the process. Machine intelligence is difficult to integrate for interpretation of
outcome of these processes for identification of defects.

Apart from the aforementioned techniques real time sensorial data can be used
for development of methods for defect identification. Few researchers (Boldsaikhan et
al.,, 2011; Kumari et al., 2016; Kumar et al., 2015) presented methodologies for
identification of defects with vertical force signal information. Machine intelligence
based methods were implemented to classify defective welds from defect free welds with
the help of signal features. However, attempts on defect identification with real time
sensorial information is less in FSW process. The advantage of this approach is the
ability to develop machine intelligence based methods for interpretation of information
for identification and classification of defects in the welded samples. In the present
study, defect detection methods are developed with features extracted from vertical force

signal, torque signal, tool rotational speed signal and temperature signal.
6.2 lIdentification of defects

In the present study welding experiments are conducted over wide range of tool
rotational speed, welding speed and shoulder diameter as these three mostly influences
the heat generation and distribution in FSW process. The complete set of welding
experiments can be seen in Table 3.4 (chapter 3). Among the welding experiments, Exp.
No. 35 and Exp. No. 65 results in defective welds (Fig. 6.1). The defects are confirmed
with mechanical sectioning of the welded samples and it is found that the defect formed
is tunnel defect. In addition to the set of experiment as reported in Table 3.4 (chapter 3)

one more set of experiments are performed in order to develop defect detection
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methodology with temperature signal. The experiments are listed in Table 6.1. In this set
of experiments, tool rotational speed and welding speed are kept fixed at 1100 rev/min
and 98 mm/min respectively. The tool pin geometry is varied as listed in the respective
Table 6.1. The mechanical sectioning of the welded samples revealed tunnel defects in
E1l and E4 against taper and straight cylindrical tool. From the table it is evidential that
welds with threaded pin profile results in defect free welds. This can be attributed due to
the fact that with threads the contact surface increases and it leads to more friction
between the tool and workpiece material. Moreover, threads in the pin increase the
turbulence in the weld material that results in better material flow within the weld zone.
During this set of experiments temperature signals are acquired in real time integrating
K-type thermocouples in the workpiece material. The configuration of thermocouple
arrangement is schematically shown in Fig. 6.2. Thermocouples are arranged in both
advancing side and retreating side at 1 mm and 4 mm from the shoulder line
respectively. In the present study, identification of defects is attempted by developing

signal feature based methods as discussed in the following sections.

(@) (b) (©)

Fig. 6.1 Defective versus defect free welds (a) defect free weld Exp. No. 45 (b) defective
weld Exp. No. 35 (c) defective weld Exp. No. 65

Table 6.1 Welding experiments conducted for defect identification with temperature

signal

Rotational  Welding

Exp.
P speed speed Pin profile Weld macrographs

(rev/min)  (mm/min)
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6.2.1 Analysis of vertical force signal features

Vertical force or sometimes referred as plunging force is responsible for
establishing proper contact between the tool shoulder and the workpiece material. A
proper contact leads to proper frictional heat generation resulting in sufficient material
heating and in turn material plasticization. Monitoring this parameter in real time would
offer information regarding the process. The acquisition of vertical force signal and the
related sensor and hard hardware are discussed in chapter 3 (section 3.7). The force
signals acquired against Exp. No. 45, Exp. No. 35 and Exp. No. 65 are shown in Fig.
6.3.Among these three experiments Exp. No. 45 represent the defect free case with
maximum UTS and the other two represents defective cases. From the figure it is
evidential that the respective force magnitudes against the defective cases are higher
compared to that of defect free case. It is to note that these experimental conditions are
having same tool rotational speed of 1100 rev/min. Welding speed for defective cases is
36 mm/min whereas the same for defect free welding case is 132 mm/min. The variation
in magnitude as well as trend of the force signals indicate towards anomaly during the
process. The undulations in the signals against the defective cases are the indications of
abnormal material flow within the weld zone. Abnormal material flow is the outcome of
improper heat input that leads to improper material plasticization. The acquired signals
can effectively represent the process flow behaviour and can be useful in monitoring the
process for the desired outcome. Owing to these revelations the vertical force signals are
analyzed for extraction of useful features for correlating to identification of defects.
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Fig. 6.3 Vertical force signals against defective and defect free welding cases

The vertical force signals acquired during the welding experiments are analyzed
with the developed WPT-HHT method as detailed in chapter 5, section 5.7. The method
is carried one step further for computation of instantaneous phase and frequency from the

IMFs of the force signals. The IMFs computed against Exp. No. 45 and Exp. No. 35 is
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shown in Fig. 6.4.In the figure C1 to C8 represents the IMFs of the coefficients extracted
from WPT of the real-time vertical force signal acquired during FSW process. These
functions represent the intrinsic behaviour of the force signals acquired during welding
process. As the functions are represented with respect to time, time dependent
monitoring of the process is possible. Any anomaly occurred during the process can be
detected over time. In signal processing perspective, IMFs represents the fundamental
oscillatory behaviour of the signal which represents the physical behaviour of the process
from which the signal is acquired. In FSW process, as force signal show appreciable
acceptance for monitoring the process behaviour, analyzing the signal through
fundamental behaviour of the signal is advantageous for effective monitoring of the
process. From the IMFs, it can be observed that the defective and defect free cases have
appreciable difference in trend and magnitude. The instantaneous frequency spectra for
the defective cases (Exp. No. 35, 65) and defect free welding cases (Exp. No. 45, 3 and
17) are shown in Fig. 6.5. From the spectra, it is clearly distinct that defect formation
inside the weld increases the frequency of the signal, which can be detected with respect
to time. Increase in force signal frequency with defect formation in the weld was also
reported by (Boldsaikhan et al., 2011). The above analysis brings the impression that
IMFs can be effective in detecting subsurface defects in friction stir welded joints

without involving much complicated analysis.

Apart from the instantaneous frequency, instantaneous phase angles obtained
from Hilbert transform of the IMFs also give a remarkable notion for detection of defects
in the welded samples. Out of the 65 experimental cases, two cases (Exp. No. 35 and 65)
were confirmed to have tunnel defect through mechanical cross sectioning method. Rest
of the welded samples do not show any evidence of presence of internal defects. The
computed instantaneous phase angles for defective and defect free welding cases are
displayed in Fig. 6.6. In the figure, clear deviation of phase angles can be observed
among defective and defect free welding cases. It is to note that, instantaneous phase of
defective samples are towards negative scale and that of defect free samples are toward
positive scale. The appreciable difference leads to the notion that the proposed approach
can be an effective visual method for easy identification of defective welded samples
through instantaneous phase angles. From the figure, it is witnessed that there is a
distinct phase shift between the defective and defect free weld signals. In theory,

accumulated phase shift of a signal can be viewed as the area under the curve between
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instantaneous time and instantaneous frequency of the signal. From Fig. 6.5, it is seen
that area under the time-frequency curve for defective weld signal is higher than the one
for defect free weld signal. This possibly introduces a phase shift in the faulty signal that
brings deviation as compared with the phase of defect free signal. As it is observed that
change in frequency is the outcome of the occurrence of the defect in the weld, which in
turn brings the phase shift in the faulty signal. So, it is evidential that presence of defect
also brings phase shift in the signal. Although, the physical interpretation of the
particular change is difficult and further analysis is desirable in this regard for the

generalization of the findings reported herewith.
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A simple yet effective methodology has been proposed for identification of
internal defects with vertical force signal features. The combined WPT-HHT method
offers an accurate method for analyzing the vertical force signal for computation of
instantaneous phase and instantaneous frequencies. These two features reveal a direct
mean of classification of defective welds from defect free welds that can be regarded as
indicators for internal defect detection. The proposed method is suitable for integration
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of machine intelligence and human intervention in the process is less making it less

prone to human error.
6.2.2 Analysis of torque signal features

As like vertical force control amount of heat generation in FSW process, torque
associated with the process also governs the generation of heat in the process. It is the
reaction applied by the tool to overcome the material resistance around the welding tool.
The resistance of material is proportional to amount of material plasticization which is in
turn governed by tool rotational speed and welding speed. Thus, it can inferred that
torque is also related to tool rotational speed and welding speed, the two most
influencing process parameters in FSW process. In other words it can be justified that
torque is a combined effect of these two parameters. Thus, real time monitoring of torque
can be useful in monitoring the FSW process as reported by Mehta et al., (2013). In
present work apart from vertical force signal; torque signal is also acquired in real time
with a measurement setup developed in house. Details of torque signal acquisition can be
seen in chapter 3, section 3.7. The survey of available literature revealed no attempts on
identification of defect is FSW process with features extracted from torque signal.
Hence, identification of internal defects with torque signal can be regarded as an

imperative contribution of the present work.

The analysis of torque signal is carried out in time frequency domain with DWT.
The approximation part of the decomposed signal are considered further for computation
of statistical features namely D,y , E,y and S,y. The details about these features are
already discussed in chapter 5, section 5.8. The computed features are then combined to

develop a new indicator termed as defect index (DI) as represented by Eq. 6.1.

ePxN log(Exn)

DI =
SxN

(6.1)

where, DI represents the combined statistical parameter, Dy, E,y and S, represents the
normalized values for D,, E, and S, respectively. The proposed index offers the fidelity
to visualize the information related to defect formation in the welds in graphical form
since it is one dimensional which would be quite handy for online monitoring. On the
other hand realization of the individual signal features collectively in graphical form is

difficult since it will require four dimensional space for the representation. Hence, these
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features are combined to propose a one dimensional defect indicator for easy realization
and interpretation of the process information for identification of defects.The Computed
DI values against each experiment are shown in Fig. 6.7. The figure reveals that the DI
values for defective cases (Exp. No. 35 and Exp. No. 65) are much higher than the rest of
the values for other non defective cases. Thus, the proposed DI can be implemented as

an indicator for internal defect identification in FSW process.
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Fig. 6.7 Defect index proposed with torque signal features

To determine the threshold for identifying defective and defect free weld an
attempt has been made as given in the following equation.

_ mDefective +WDefect free (62)

T
2

where, T is the computed threshold value, DIp,rective IS the mean of the DIs for
defective welded samples and Dlpgrect free 1S the mean of the DIs for defect free
welded samples. Form the computed Dls it is observed that the T for the present situation

is 78.59. This indicates that above this threshold all the welded samples will be defective

and below this threshold limit welded samples will be defect free.

The analysis of torque signals in time frequency domain with DWT leads to an
interesting aspect for identification of internal defects. The proposed indicator DI offers
single valued information for detecting defective samples and can be used for
segregation of defective welds from the defect free welds with the computed threshold
value. Inference of human in the proposed methodology is less and the developed
methodology is possible to develop further for integration with machine intelligence for

developing and automated defect detection system.
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6.2.3 Defect identification using fractal theory

Successful development of defect identification methodologies from vertical
force as well as torque signals acquired during FSW process motivated this study to test
tool rotational speed signal as well for defect identification. This signal is analyzed in
time domain with fractal theory and the details are given in chapter 5, section 5.9.
Higuchi’s algorithm has been used for computation of FDs for development of index for
defect identification. As like the earlier methods for defect identification it is also started
with observation of the signals in time domain. Figure 6.8(a) shows the welding period
data for tool rotational speed signal against the defective cases (Exp. No. 35 and Exp.
No. 65). The signals show clear deviation when compared with the signal against the
defect free welding case as shown in Fig. 6.8(b). The change in the amplitude and trend
of the signal for defective cases are clear indication of process anomaly during welding
operation. Figure 6.8(b) displays the possibility of detecting three characteristic stages
of FSW process for a defect-free weld. The figure is intended to prove that the signal
acquired during the welding process is actually reflecting the FSW process and is not an
outcome of some redundant data or process. The change in the process is tried to identify

quantitatively using the measure of fractal dimension in this research work.
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Fig. 6.8 Tool rotational speed signals for (a) defective welding cases (welding period

data only) (b) different salient stages in friction stir welding process for defect free case
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Figure 6.9(a) depicts the computed FDs of first two welding stages and there is
not much appreciable difference since the plunge depth and dwell time were kept fixed
during welding for all the experiments. To correlate the formation of defects, the welding
period data is only considered and segmented into several divisions and FDs are
computed for each division. For instance defective weld (Exp. No. 35), each division
represents 10.4 seconds and it is quite indicative of the self-explanatory characteristic as
a part of whole process. The segmentation of whole signals aids to find out any alteration
of computed values during scanning through the whole process.

The computed FDs from the segmented data of the welding period are shown in
Fig.6.9(b). Very first data point is omitted for all the cases as these are not informative
regarding the process behavior since it belongs to very initial stage of welding which
may not produce stable signature of the process. It is also very clear that after a certain
division i.e., certain point of time, fractal dimension starts decreasing for defective cases.
This phenomenon physically correlates to the point of defect formation during welding
which is confirmed through visual inspection of the welded sample by post-weld
sectioning in several points. Before this point of depression, the FDs do not show any
significant variations and the trend can be compared with the defect free welds. It is
indicative that up to the point of depression, the welding process was stable, so as the
signals and thus the computed FDs are not showing much variation. Ahead of this point,
the FDs for both the defective cases drop considerably. This is physically linked with the
formation of defects that was captured well by the dynamic behavior of the signals and
hence reflected in the computed fractal dimension. Formation of defect is assumed to
introduce instability (Kim et al., 2006) in the process and hence a reduction in fractal
dimensions is observed. This decrease continues till the point up to which the process is
unstable. Once the process becomes stable with the defect inside the weld, an increase in
the fractal dimension is observed (Fig.6.9b). This analysis helps to find a boundary
beyond which defects are formed in the welded samples which is indicated in Fig.
6.9(b).

Defects are identified by sectioning the welded samples and the physical
measurements confirm the point from which the defects are visible. Figure 6.1 indicates
the macrograph of the cross-section of welded sample corresponding to welding
conditions of Fig. 6.9. The tunnel defects are formed in the welds that represents

defective welds (Exp. No. 35 and 65). However, present methodology cannot describe
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the shape and size of the defect. Figure 6.10 represents the schematic of defect
formation for the case of defective weld against Exp. No. 65. This correlates to the point
in time from which the defects started in the weld. This calculated time is in good
agreement with the time step corresponding to Fig. 6.9(b) in terms of divisions in
welding period data where a clear decrease in the fractal dimension of the defective
welds observed.This brings the essence of fractal dimension computed from welding
period sensor data of tool rotational speed signals may be projected as an independent
indicator for the detection of occurrence of defects in the weld.
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Fractal dimension computed using Higuchi’s method from tool rotational speed
signal shows promising direction to identify the formation of defects in FSW process.

The defect free weld produces consistent fractal dimension within the tolerance limit of £
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0.025 for all segmented data. Sharp decreasing trend in fractal dimension serves as an
indicator to detect the initiation and formation of defects. Appreciable difference in the
welding period fractal dimensions (~ 0.13 — 0.15) between the defective cases and defect
free welds, reveal that the process outcome can be monitored using the proposed
approach. However, the analysis is not tested for characterization of defects for shape
and size estimation. The proposed methodology with modification can be adopted for

online monitoring of the weld quality in FSW process.
6.2.4 Analysis of temperature signal

In FSW process, local rate of change of temperature greatly influence the
mechanical properties of the welded parts (Fuller et al., 2007). Microstructure of the
welds that includes grain size, grain boundary character, and coarsening and dissolution
of precipitates are influenced by the temperature distribution within and around the
stirred zone in FSW process. Hence, it is important to obtain temperature information
during FSW process. Apart from the mechanical properties of the welds, temperature
distribution is also influenced by the defect formation in FSW process and vice-versa.
One of the root causes for formation of defects inside the welded samples is inadequate
material flow due to poor material plasticization. Along with the deformation of the
material around the rotating tool in FSW process, temperature inside the weld pool is
also responsible for inadequate plasticization of material (Shirazu et al., 2015; Chen et
al., 2008; Saeid et al., 2008; Morisada et al., 2015). Hence, monitoring the real-time
temperature signal in FSW process can lead to alternate perspective for defect
identification. Moreover, temperature distribution in the welds is the cumulative outcome
of the combination of different input process parameters. Individual monitoring of those
parameters may not be cost effective. Thus, analysis of temperature signals in real-time
can open new avenues of defect identification in FSW process. Time-temperature profile
for experimental cases E1 and E3 (Table 6.1) are shown in Fig. 6.11. It is to be noted
that these two experiments are carried out over same level of process parameters but the
weld without threaded pin profile results in internal defect. The temperature signals do
not provide any insight that could be an effective indication to reveal the presence of
defects inside the weld. In both the cases, maximum temperature is obtained on the
advancing side of the weld, which is followed by retreating side (from thermocouples at

a distance of 1 mm from the shoulder line).
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Fig. 6.11 Time-temperature profile of welds from experiments (a) E1 and (b) E3

Inadequacy of fetching valuable information for detection of defects in the welds
from time-temperature data motivates this study to investigate rate of change of
temperature within the weld. Rate of change of temperature can be treated as a window
to observe time-temperature behaviour of the welds which will capture both heating and
cooling information during welding process. Mathematically rate of change of

temperature can be represented as

Tiy1— T;

RcT =
tivi — &

(6.3)

where, R:T represents absolute rate of change of temperature, T represents temperature
and t represents time and i represents unit step or interval. The mathematical expression
of Eq. 6.3 actually represents the heating rate or cooling rate over fixed space in solution
domain. The rate of temperature change links thermal diffusivity which is the ratio of the
time derivative of temperature to its curvature and essentially is the measure of thermal
inertia. The presence of any discontinuous volume i.e., internal defects obviously alters

thermal diffusivity and hence can be detected through rate of temperature change.

In Fig. 6.12, absolute rate of change of temperature computed through Eqg. 6.3 is
displayed against each thermocouple point and against each experimental case.
Remarkably, it can be seen from Fig. 6.12 that R.T of defective weld samples are lower
than defect free weld samples. The proposed method leads to an effective notion that the
indicator proposed can be an efficient alternate for detection of defects in friction stir
welded samples.The justification for the low R.T values for defective welds can be
derived from the physics involved in defect formation in FSW process. The defects

reported in Table 6.1 (Exp. No. E1 and E4), are formed due to insufficient material flow
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around the pin. Insufficient material flow is the result of inadequate heat generation in
the welding processor vice-versa since response (i.e. temperature measurement) is also
affected by discontinuity of material volume. The time-temperature information also
shows nominal change in maximum temperature for defective and defect free regions.
The temperature change indicates the temperature decay in the welds. Lower R.T
signifies that rate of decay is slower and vice-a-versa. This slower decay is attributed due
to the fact that the defect region is devoid of continuity. The void formed is possibly
filled with air as contamination of other gaseous element in FSW process is negligible
(Mishra and Ma, 2005). Thermal conductivity of air (~0.0257 W/m K at 293K) is several
times lower than that of aluminium (~205 W/m K at 293 K). Hence, temperature of
defect region decreases at much slower rate than defect free region. Slow temperature
decay in defective weld is also reported by Saravanan et al. (Saravanan et al., 2014). This
effectively justified the lower R T for defective welds than defect free welds. Thus, the
present approach with real-time temperature data rate of change of temperature can be an

effective alternate to existing defect detection methodologies.

Fig. 6.12 Rate of change of temperature against thermocouples (a) TC1 (b) TC2 (c) TC3

The computed absolute R.T values are further processed to compute the

threshold limit for finding the boundary to classify defective welds from defect free
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welds. This is achieved by finding the Euclidian distance between the R, T points using
min-max relationship as shown inEq. 6.4. From the analysis, respective threshold limits
are computed as shown in Fig. 6.12. These threshold values efficiently differentiate the

defective region from defect free region.

ThLEcT = dist[min (max(R:Tpr)), max (max (R;Tp))] (6.4)
where, ThLEcT represents threshold limit for R.T, dist represents Euclidian distance,
R.Tpr represents temperature gradient for defect free welding cases and R-T}, represents
temperature gradient against defective welding cases. From the above equation
ThLRcTvalues against thermocouples TC1, TC2, TC3 and TC4 are found to be 12.45,
6.12, 7.23 and 5.05 respectively.

Another approach based on DWT for the detection of defects using real-time
temperature signal is proposed in the present work. DWT is one of the most widely used
signal processing techniques. Hence, for a comparative analysis with the proposed
approach based on rate of change of temperature, DWT is added in this work. Moreover,
DWT is well known for transient detection in signals (Gusap et al., 2008). As defect
formation can be correlated to temperature in the weld, any anomaly is expected to detect
using discrete wavelet analysis from temperature signal. Temperature signal against each
thermocouple and against each experiment is analyzed using DWT at fourth level and
using Daubechies fifth order (db5) mother wavelet function. Theoretical illustration of
wavelet analysis is available in literature and can be found in relevant technical articles
(Pal et al., 2008; Chen et al., 2003). The proposed analysis revolves around computing
the detail coefficients of the signals. The detail coefficients are chosen for further
analysis as these retain the high frequency components of the signal and defect formation
brings increase in frequency of the signal (Boldsaikhan et al., 2011). The detail

coefficients are further processed and a new indicator is proposed as given in EqQ. 6.5.

4

WBI = Z[rms(ch)] (6.5)

k=1
where, WBI is the wavelet based indicator, cD, are the detail coefficients at level k and i
is for the total number of detail coeffieicnts at level k and rms stands for the root mean

square values of the detail coefficients.
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DWT of the temperature signal (against thermocouple TC1, (refer Fig. 6.2)
acquired during Exp. No. E4 and E5 are shown in Fig. 6.13. From the figure it is
evidential that detail coefficient have different pattern for defective welding case than
defect free welding case. This is further reflected in the proposed indicator computed
using Eq. 6.5. The values of the proposed indicator are shown in Fig. 6.14. The figure
displaying the WBI reveals a clear boundary for classifying defective welds from defect
free welds. The difference persist in detail coefficients for defective welds and defect
free welds are well captured through computing the proposed WBIs. It is observed that
the proposed indicator for defect free welding cases are quite low than defective welding
cases. This can be justified with the physical illustration of DWT.

In DWT the original signal is decomposed into approximation and detail parts
relating to the sampling frequency of the signals, where, approximation part contains the
low frequency components of the signal and detail part contains the high frequency
components. From the literature it was observed that inclusion of defects in FSW process
brings change in signal frequency to higher scales. Moreover, the amplitude of the detail
coefficient for defective welding cases is also high as compared to defect free welding
cases. This reflects that high frequency components of the signals against defective cases
have high spatial distribution than signals against the defect free welding cases. The
proposed WBIs are efficient in capturing these change in amplitude values and reflect an
efficacious representation of defect conditions within the welds. This non-destructive
evaluation approach is simple and free from post-processing steps involved in other
available non-destructive evaluation techniques. The computations of the WBIs can be
integrated to hardware for less human intervention making the proposed approach to be

less dependent on operator skill.

The proposed WBIs can be effectively used for finding threshold values for
classifying defective and defect free welds. In this work, threshold value for
differentiating the defective weld zone from defect free weld zone is computed from
Euclidian distance calculation from the WBIs. The method of threshold computation is

givenin Eq. 6.6.

ThiV = dist[max(WBIPFYW) , min (WBIP")] (6.6)
where, ThLW represents threshold limit for WBIs,dist is the eucledian distance,

WBIPW represents WBIs for defect free welding cluster, WBIP%represents WBIs for
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defective welding cluster. For the present case, ThL" is found out to be 4.58. This
threshold limit sets a clear boundary for the classification of defective welds from defect
free welds as shown in Fig. 6.14. The discussion and results furnished in this research
work is based on the limited range of process parameters and tool geometries. Wide
range of process parameters with different tool geometries needs to be considered for the
generalization of the results applicable to FSW process which is the future scope of this
research work. The proposed approach can be the first level of safeguard regarding the

detection of presence of defects in FSW process.
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Fig. 6.13 Wavelet decomposition of temperature signal for TC1 against (a) Exp. No. 4
and (b) Exp. No. 5
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Two approaches for detection of internal defects in FSW process are presented
using temperature signal. Rate of change of temperature and wavelet based indicator are
the two new indicators proposed for effective detection of defects in FSW process. From
the analysis it is found that rate of temperature change for defective welds are much
lower than the ones for defect free welds. Wavelet based indicator for defective welds
are higher than defect free welding cases. Threshold values for rate of change of
temperature and wavelet based indicators are computed through Euclidian distance for
the respective cases. The computed threshold values effectively sets boundary for the
differentiation of defective welds from the defect free welds. These salient findings can
be effective for monitoring of FSW process through setting feasible threshold values for
detection of defect formation during the process. The approach presented requires less
human intervention making it suitable for intelligent systems for decision making
regarding the outcome of the process with decision regarding presence of defects in the

welded samples.
6.3 Summary

The present study attempted to deliver signal features based nondestructive
approaches for identification of internal defects in the welded samples. The same is
achieved with vertical force and torque signals, tool rotational speed signal and
temperature signal. These signals are processed with different suitable processing
techniques for extraction of efficient features and new indicators are developed for

segregation of defective welds from defect free welds. The computed threshold values
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against the developed indicators provide a margin between the defective and defect free
welds. The method proposed with torque signal is comparatively easy to implement and
requires less post processing time compared to methods developed with vertical forces

signal, tool rotational speed signal and temperature signal.
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Monitoring with weld image information

7.1 Introduction

Top surface of friction stir welded samples carry vital information regarding the
process behavior as effectively indicated by Krishnan et al. (2002). However, no
investigation reports are available in this aspect. Survey of literature also failed to
produce notable contribution in this area, specifically in FSW process. The information
contained in top surfaces can be extracted through image features. Fractal theory has
already been established for image processing technique (Section 2.4). Other methods
that can explore the macro perspective of an image and not limited to describe the local
information can reduce the effect of interference information to a greater extent. The
core of the fractal theory is to describe the macro perspective of an image in the larger
field of vision processing that is more or less similar to human vision processing system.
Therefore this study is motivated to extract useful information from top surfaces of the
welds through fractal theory. Along with implementation of fractal theory this study will
also implement wavelet transform for extraction of useful image features. Advantages
like image compression and removal of noise upon reconstruction of images make this
process popular in image processing. The top surface images of the welded samples will
be preprocessed with various image preprocessing techniques to obtain binary images
before applying wavelet transform to the images. The analysis of wavelet transform

would act as a comparison base for the results obtained through fractal theory.
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7.2 Algorithms for estimation of fractal dimension

Box counting method and Katz’s method are the two algorithms used for
computation of fractal dimension (FD) from top surface image of friction stir welded
samples. Mathematical descriptions of these two algorithms are given in chapter 4
(section 4.5). The algorithms are coded using MATLAB software package (MATLAB
2017b) and the developed codes are verified and validated with benchmark
images/signals of known FD. The results are furnished in Table 7.1. The percentage
error between the theoretical FD and computed FD strengthen the possibility of using the
developed codes for the analysis. The computed FDs from images are presented as an

indicator to monitoring FSW process through correlation of UTS of the joints.

Table 7.1 Comparison of theoretical and computed fractal dimension

Actual Calculated o
Algorithm Image/signal fractal fractal 0
. ) . . error
dimension dimension
1.328 1.336 -0.60
Box Apollonian gasket
counting
method
2 2 0
Mandelbrot set
g 20
g o L
2 H=0.6
g 20 M ] 1.4 14 0
-] N\ f
Katzas _g -40 W’M{\/
mEthOd é -600 200 400 600 800 1000
& Number of samples
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7.3 Experimental investigation

Tool rotational speed and welding speed are considered in three levels for
designing the experimental run matrix and the developed matrix is shown in Table 7.2.
Welding experiments are performed randomly against each case. After the completion of
welding tensile testing specimens as per dimension shown in chapter 3 (section 3.6, Fig.
3.4) are prepared. The values of UTS are reported in Table 7.2.

Table 7.2 Design matrix with responses

Exp. Tool rotational speed Welding speed Ultimate tensile
No. (rev/min) (mm/min) strength (MPa)
1 815 63 78.59
2 815 98 80.36
3 815 132 83.00
4 1100 63 86.18
5 1100 98 87.46
6 1100 132 84.22
7 1500 63 81.75
8 1500 98 67.67
9 1500 132 79.67
10* 1100 63 84.80

*Exp. No 10 is the repeated case of Exp. No. 4
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7.4 Image acquisition and pre-processing

Image from each weld is acquired using a digital camera at fixed resolution and
without magnification. Fig. 7.1a schematically describes the region of interest of the
captured image. The image is captured against the position from which the tensile
specimen provides the maximum value among the three specimens prepared from each
weld. Top surface images of welds against two different parameter setting are shown in
Fig. 7.1b. At different process parameter, the semicircular rings on the top surface of the
welds are different and it is clearly observed from the captured images. This observation
is the key idea of presenting top surface image information to correlate with the weld

quality in FSW process.

The semicircular rings on the welds as shown in Fig. 7.1b are the outcome of the
combined effect of tool rotational speed, welding speed and tool-work piece interaction
(Krishnan, 2002).The contact condition between tool and work piece in terms of sliding,
sticking and sliding/sticking friction plays an important role for frictional heat
generation. The coefficient of friction is strong function of temperature viz. the heat
generation between tool shoulder and work piece. Even though, this parameter is not
attempted to assess quantitatively, rather it is decided to study the effect of this through

the information extracted from the top surface images of the welds in an indirect manner.

Different semicircular rings on the top surface of the welds are the representation
of the effects of different combinations of process parameters. In other words, it can be
expressed that the semicircular rings formed on the top surface of the weld (parallel to
the plane of rotation) bears the cumulative effect of tool rotational speed and welding
speed or more precisely forward movement of the tool in one rotation. Forward
movement of the tool with continuous rotation extrudes the hot material towards the back
of the tool from the front and welding is achieved as this process continues. The
semicircular rings formed are the outcome of this typical movement of the tool
(Krishnan, 2002). The objective of this study lies in investigating these semicircular
rings through the acquired top surface image of the welds to detect process variation(s)
under the combined effect of process parameters. It is important for processes like FSW,
where too many influencing parameters play a significant role in governing the outcome

of the process.
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Fig. 7.1 (a) location on weld for image acquisition (b) semicircular rings at different
process conditions

An image is defined as a two dimensional function f(x,y) where x and y are
spatial coordinates and the amplitude of ‘f ’at any pair of coordinates (x, y) is called the
intensity or the grey level of the image at that point or pixel. The captured digital images
of the welds are colour (RGB) images. However, the difficulties with colour images are
the chances of noise contamination and interference. Converting the image to grey scale
will reduce the probability of noise contamination and it will enhance the speed of
calculation using grey image. Therefore, all the images are converted to grey image (8-
bit) by implementing grey threshold technique using MATLAB software package
(MATLAB 2017b). These grey images are used to obtain FD using Katz’s method. The
next pre-processing applied to the images is the conversion of images to binary images.
For the conversion of RGB image to binary image, first the image is converted to a grey
image and then to a binary image. These binary images are used to estimate FD using

box counting method.
7.5 Image rendering using fractal theory

The box counting method and Katz’s method used for estimation for FDs of the
images will be referred as Method | and Method |1 respectively. The details of these two
methods are discussed in the following sections.

7.5.1 Method |

In this method, box counting algorithm is applied to binary images to compute
the FD. The computed FDs are then correlated to the process parameters and shown in

Fig. 7.2a-b. With the increase in tool rotational speed, firstly FD decreases and then
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gradually follows an increasing trend. Similar trends are not observed for variation of FD
with welding speed. FDs reflect the characteristics of the binary image that contains the
information of the irregularities due to the formation of semicircular rings on the top
surface of the welds. At low tool rotational speed, the irregularities on the top surface of
the weld are high and hence, the computed FDs are also high. Similar high FD values are
also obtained for the case of high tool rotational speed, which also brings high
irregularities in the weld surface. But, at moderate level of tool rotational speed, the
irregularities are low and so as the computed FDs against these cases. Experimental
observations show that at moderate tool rotational speed, UTS of the joints is better than
the rests. It necessitates the need to check the correlation of computed FDs with the UTS

values of the joints.
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Fig.7.2 Variation of fractal dimensions computed from Method | with (a) tool rotational
speed and (b) welding speed

When the UTS of the joints are correlated with the computed FD, the correlation
coefficient obtained is -0.79. Graphically, UTS shows a decreasing trend with the
increase in the FD (Fig. 7.3a). Whereas, when UTS is correlated to process parameters,
the similar decisive conclusion is lacking (Fig. 7.3b). Hence, FD of an image (binary)

can be an efficient indicator for monitoring weld quality.
7.5.2 Method 11

In this method, the algorithm proposed by Katz (1988) is used to estimate the FD.
This algorithm applies to 2D waveforms and cannot be applied directly to images.
Therefore, the information available in the image is first converted to 2D waveforms in
terms of GLD of the image with respective pixel index by converting the RGB images to

grey images. Three fixed locations on the top surface of the grey images are selected for
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the extraction of grey distributions. Two locations at the two extremities of the weld zone
and one at the center of the weld zone are selected. GLDs against each zone are extracted
using MATLAB software package (MATLAB 2017b). Among the three locations, grey
distributions obtained from the middle of the weld zone show more variations. Hence,
these distributions from all the images are considered for this study. Fig. 7.4 shows a
particular case of GLD along the line of extraction on the image. This characteristic

distribution is the indicator of the surface irregularities on the top surface of the image
and hence reflects the process condition.
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Fig.7.3 Variation of ultimate tensile strength with (a) computed fractal dimension (b)
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Fig. 7.4 Grey level distribution of image with location of extraction

The computed FD is correlated to the process parameters to investigate the effect
of these on the FD. Fig. 7.5a-b shows the variation of FD with the process parameters.

The trend in the computed FD through this method is the same as observed in the

variation of FD computed through Method 1. At low tool rotational speed, the

irregularities on the surface of the welds are high, which generates more variations in the

obtained GLDs of image, resulting in high FD values. The same is again valid for high
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tool rotational speed and welding speed values which also generate GLDs with more
variations. Whereas, at a moderate level of these two parameters (tool rotational speed
and welding speed), GLDs of the images contain fewer variations as compared to other
cases and results in less FD. The same conclusions cannot be drawn for the variations of
FDs with welding speed as all the data set does not lead to a similar trend. The
correlation coefficient between the FDs computed from Method I, and UTS of the joints
are found to be -0.91. The variation of computed FDs with UTS of the joints is shown in
Fig. 7.3a. The clear decreasing trend of UTS with an increase in the FDs from this
method is an indication that FDs of GLD of weld images can be a better candidate to

monitor process outcome than process parameters.
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Fig. 7.5 Variation of fractal dimensions computed from Method 11 with (a) tool rotational

speed and (b) welding speed

Grey values of an image depend on the source, the device used to capture the
image and the software used for the conversion of RGB image to grey image. For the
present case, the images are captured though a photographic camera keeping the
elevation of the image, magnification of the image and light intensity of the image fixed
for all the images. The images are captured using a regular photographic camera so that
the process can be kept as simple as possible. MATLAB software package (MATLAB
2017b) is used for the conversion of captured RGB image to grey scale image. In this
software package, there are dedicated tools available for converting the RGB colour
image to grey scale image. For the conversion of the image, the algorithm used weighted

values of R, G, B components which is given by Eq. 7.1 where R,,, G, and B, represents
intensity levels against at pixel p for red, green and blue components and GI|, represents
grey intensity at the respective pixel p of the image.
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GIl, = 0.2989 X R + 0.5870 X G + 0.1141 X B (7.1)
The weights for the formulation is fixed and the grey values computed from the image
merely depends on the R, G, B components of the individual image. Moreover, in the
study, the grey images are not used directly. The intensities from the middle of the grey
image along a line are extracted and plotted, where abscissa represents the pixel index
and ordinate represents the grey intensities. This plot, as it follows trends, and can be
defined as a function of pixel index and intensity content. This idea motivates to treat the
intensity distribution as a signal, sampled over different pixel number or index within the
same image. This is performed for all the captured images and all the other values, i.e.,
position of the line of interest against which grey distributions are sampled are fixed for
every case. Thus, changes in the images, captured under same environment are bound to
yield grey distribution more or less similar to the ones reported in Fig. 7.4. The changes
in the images are due to the profiles generated in the top surface of the welds due to the
combined action of the tool rotation and traversing of the tool over the top surface. At
various combinations of tool rotational speed and welding speed the characteristics
semicircular rings or profile generated in the top surface will be different from one
sample to another. Thus, this will make grey level distributions unique for each image,
meaning information contained in the grey distributions plots is unique for a particular
set of process parameters. Fractal dimension algorithm is implemented to these plots, to
find out the characteristics of the distributions in terms of FDs those are correlated to
UTS of the joints. The idea of implementing fractal theory to images is to find the fractal
nature of the object (image in this case). The more precise software packages, more
sophisticated image acquisition tools obviously lead to more precise information of the
image, but this research work is all about to present the concept of weld quality
modelling with FD utilizing the available resources and not deviating from the key
concept of developing a simple, yet effective modelling technique for the prediction of
weld quality. The images are enlarged and the same methodology is implemented to
extract the grey level distribution from the grey images. For all the grey distributions

from all the images gives the FD consistent up to second decimal point.
7.5.3 Scale invariance of fractal dimension

Rough surfaces and their corresponding profiles are multi scale in nature (Yong

et al., 2002). This property is expressed as self-affinity or similarity in fractal theory. It
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implies that if the surface is magnified; more and more details will emerge, and the
magnified image is statistically similar to the topography of the original image. The
above statement should be valid for the acceptance of fractal theory to be applied to
images for extracting surface based information. The approach developed with fractal
theory for analysis of images needs to be tested for scale dependency before presenting it
globally for its acceptance. However, researches in the field of image processing with
fractal theory efforts made to investigate scale effect are less or often neglected
(Muguthu and Gao, 2013; Kaczor et al., 2012; Takahasi and Nagahama, 2003; Zhong et
al., 2003; Ma et al., 1999; Wang et al., 1990). In the present study an attempt has been
made to deliver and produce results for images at various magnifications for both
Method | and Method Il for estimation of FDs from the images. In the Method I, the
images are converted to grey scale and grey intensity distributions are obtained using
MATLAB software package (MATLAB 2017b). Grey intensity distributions are
extracted from three positions from the image, but due to the less variance among these,
distributions from the middle section is considered and reported in the present study.
Two enlargements are tested apart from the one furnished in the results from Method I.
A total of ten images are captured from ten different experimental specimens of the
welds. Two magnification levels of 2X and 5X are considered for the results to be
presented herewith. Similarly for Method Il the same procedures have been adopted for
conversion of the images to binary images with the two selected magnification level of
2X and 5X. FDs are computed against the respective images with the Method 11 and the
computed FDs against various scale or magnification have been compared. The
computed FDs from images at various magnifications along with no magnification
against both Method | and Method Il can be seen in Fig. 7.6. The results show that the
FD does not vary considerably for different scales of enlargement for both the proposed
method. So it can be believed that computed FDs were independent of scale of images.
The invariance of computed FDs for images at various scales of magnification revealed
that the images under consideration behave as fractal images and application of fractal

theory is justifiable.

Variation of FDs without magnification against Method | and Method Il are
compared in Fig. 7.7. FDs computed from Method | show less variation than Method 1.
The possible reason for this lies in the algorithms for the methods. In Method 1, box

counting method is implemented. The philosophy of this method lies in counting boxes
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that covers the object in an image (binary image for the present case) at different
resolutions. The size of a box cannot be more than the whole image and also it cannot be
less than the single element in the image. i.e., one pixel. Due to these limitations the
number of boxes at different resolutions is finite leading to less variation in the computed
FD. On the other hand in the Method II, Katz’s method is implemented on the one
dimensional profiles of the grey intensities of the images. The principle of this approach
lies in covering each point in the data set and the more is the variations present in the
data points, the more variations will be reflected in the computed FDs. The GLDs of the
images shows more variations than the binary images, leads to more variations in
computed FDs. It can be said that Method Il is more suitable to extract intricate details of

an image than Method 1.
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Fig. 7.6 Variation of fractal dimensions under different magnification scales
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Fig. 7.7 Comparison of fractal dimensions under different scaling of images
7.6 Wavelet analysis of weld images

In signal analysis, wavelet transform has been proved to an effective analyzing

tool keeping the characteristics of both time and frequency information. Apart from
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signal analysis, wavelet analysis is also capable of extracting information from images
(Yajnik et al., 2015; Liu et al., 2015). Using wavelet transform, noise reduction, image
compression and enhancement can be performed (Liu et al., 2015). In the present study,
the images used for the analysis using fractal theory are also analyzed with 2D wavelet

transform to extract information regarding the process outcome.

The acquired images of the top surface of the welds are first converted to grey
scale images and then the images are isolated from the background image as
backgrounds do not carry any information regarding the process. Once the images are
isolated, these are converted to binary images using grey level threshold technique
available in MATLAB software package. Different steps involved in image

preprocessing are shown in Fig. 7.8.

(a) original weld image
(b) cropped image from ZES
region of interest i
(c) grey level image
(d) corrected image
(e) binary image

Fig. 7.8 Preprocessing steps applied to original weld images

Binary images of the welds are fed to the developed algorithm in MATLAB
environment for performing the 2D wavelet transformation. Wavelet transform is
performed at second level of decomposition and suitable mother wavelet is selected
based on peak signal to noise ratio (PSNR) as given by Eq. 7.2. A total of 53 mother
wavelet functions are tested for finding the suitable function and the best one is selected
which yields highest PSNR value. PSNR values against the considered mother wavelet
functions can be seen in Fig. 7.9. From the figure, it is observed that biorthogal2.4
(bior2.4) wavelet attained the maximum PSNR value, hence considered as suitable for

this analysis.
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(7.2)

(maxval)?
PSNR = 10 logyg [ ———e

MSE

where, maxval is the maximum value of the approximation coefficient after wavelet

decomposition of the image and MSE is the mean square error between the original and
reconstructed image.
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Fig. 7.9 PSNR values against different mother wavelet function

Wavelet transform of the preprocessed images are performed using bior2.4
mother wavelet function and average of approximation coefficients are computed for
each image. These computed features when correlated to UTS of the joints, do not reveal
any notable correlation. Hence, in this study a new indicator is proposed based on the
information acquired using wavelet transform of images. The proposed indicator (CI) is
mathematically expressed as given in EqQ. 7.3.

CI = |logio(logio(coef )] (7.3)

where, coeff represent the average root mean square values of the approximation
coefficients of the decomposed image. CI values when correlated with UTS of the joints
yield a correlation coefficient of -0.93. Graphically, variation of UTS with the proposed
CI is shown in Fig. 7.10. Decreasing trend of UTS with increase in the CI values is
observed from the figure. Moreover, the CI values against the repeated experimental case
show appreciable difference which indicates the proposed CI can be an indication
towards detection of process variation. This demonstrates that the proposed CI can be
effective in monitoring the outcome of the FSW process in terms of UTS of the joints.
The results are in accordance with the results obtained from fractal analysis. Features
obtained from fractal theory in terms of FDs of images and wavelet transform in terms of

CIs reveal its appreciable correlation with the UTS of the joints. In both the cases, UTS
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of the joints found to follow a decreasing trend with the increase in the respective

features from the images.
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Fig. 7.10 Variation of ultimate tensile strength with ClI

The present work demonstrates the avenue of correlating weld top surface image
information with quality of the welds. It is considered the variation of weld quality
mainly due to variation in the selected process parameters and not due to any appreciable
surface or sub-surface defects. The applicability of the proposed approach in defective
cases is not evaluated in the current research. Other limitation is with the choice of range
of process parameters. In this study, only a narrow range of parameters is selected and
analysis is performed over this range. Therefore, wider range of parameters with
different tool geometries needs to be tested along with reproducibility of the method has
to be evaluated for generalization.

7.7 Summary

The present study demonstrates image based information as an effective indicator
to monitor FSW process. Information contained in top surface images of the welded
specimens are extracted using well known fractal theory and 2D wavelet packet

transform. Following are the conclusions derived from the analysis.

e Ultimate tensile strength of the joints when correlated to tool rotational speed and
welding speed: two most influencing process parameters in friction stir welding
process do not reveal any notable correlation. This describes inadequacy in
relying only in process parameters to monitor the outcome of the process

effectively.
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e Both methods for the estimation of FDs of images deliver a definite noteworthy
trend with ultimate tensile strength of the joints. Moreover, it is also
demonstrated that the computed FDs are independent of the scaling of the
images. With the increase in FDs of the images, ultimate tensile strength of the
welds found to follow a decreasing trend. These manifests that FDs of images can
be an effective indicator for monitoring the friction stir welding process. Between
the two methods (Method | and Method II), Method | gives more significant
difference in FDs against the repeated case, so this method is more effective in
detecting process variation.

e Biorthogonal2.4 mother wavelet function is found to be most suitable for the
analysis of the weld images at second level of decomposition based on peak
signal to noise ratio values. A new indicator (CI) is proposed relating the
information extracted from the wavelet transform of images. Ultimate tensile
strength of the joints show a decreasing trend with increase in CI revealing its
potential to be another effective candidate for monitoring the friction stir welding
process. Difference in the computed CI values against the repeated case explores

its potential to detect process variation.

e Features obtained from top surface images of the welds whether in terms of FDs
or in terms of CIs, show definite trend with ultimate tensile strength of the joints
revealing its capability in monitoring the quality outcome of friction stir welding
process. These features can be used in the input space of any data driven models

for developing predictive models for ultimate tensile strength of the joints.

167
TH-1751_126103001



Chapter 8

Conclusions and future scopes

8.1 Conclusions of the present work

The motivation for the current research work is to develop methodologies that
can facilitate monitoring of FSW process with less time, reliability, and appreciable
accuracy with less human intervention. With this motive for the present research work is
divided in to two main groups. The first one is to develop methodologies for accurate
monitoring of weld quality in FSW process and second to develop accurate strategies for
identification of internal defects in friction stir welded samples with inconsiderable post
processing time. In the first phase of the research work experiments are conducted over
wide range of tool rotational speed, welding speed and shoulder diameter. Welding
experiments are conducted on AA1100 aluminum alloy in butt joint configuration in a
vertical knee type milling machine modified for FSW process. A new forces and torque
measurement setup for FSW process is developed in the present study. The welded
samples are prepared for mechanical testing as per ASTM E8M standards and tested for
measurement of UTS, yield strength and percentage of elongation of the joints. The next
phase of research work started with acquisition of main spindle motor current signal, tool
rotational speed signal, welding motor current signal, vertical force signal, torque signal
and temperature signal during the welding process. The process of acquisition is
followed by processing of these signals for effective features extraction. In the
processing of acquired signals wavelet transform, Hilbert-Huang transform, and fractal
theory have been implemented. Later, extracted signal features are used for developing
different methodologies for weld quality monitoring and internal defect identification in
FSW process. The salient findings and conclusions of the present research work are

highlighted as follows.
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v A strain gauge based force and torque measurement setup has been developed
for FSW process. The installation of the developed setup with the existing
FSW machine is comparatively easy compared to other force or torque
measurement systems. The developed setup can perform to a maximum tool
rotational speed of ~11000 rev/min. The developed setup has maximum
working limit for vertical force, transverse force and torque are 15 kN, 5kN
and 40 N-m with measurement accuracies of 98.73%, 98.94% and 99.04%,
respectively.

v A novel method for selection of suitable mother wavelet function for WPT
framework has been developed. Comparison of the developed method with the
already published methods revealed that the proposed method is free from
process dependencies. The method used a ratio between the energy of the
signal and entropy of the wavelet packets for determination of suitable mother
wavelet function.

v The limitation of wide frequency band in the intrinsic mode functions
computed from HHT is eliminated by combining the HHT with WPT. The
combined WPT-HHT method can offer better visualization of decomposed
signals over narrow frequency band which is advantageous for observing
sharp events over less duration of time.

v" Features from main spindle motor and welding motor current signals, vertical
force and torque signals and tool rotational speed signals are estimated using
WPT, WPT-HHT, DWT and fractal theory, respectively. Features are fused
with BPNN, RBFNN and SVR models in order to develop models for
prediction of UTS of the joints. In all the cases SVR outperform prediction of
UTS with maximum accuracy of 99.55% with vertical force signal features
and minimum of 97.85% with current signal features. On the other hand
maximum and minimum prediction accuracy of BPNN model is found to be
98.42% with vertical force signal features and 94.13% with current signal
features.

v' Identification of internal defects in welded specimens has been successfully
achieved with features of vertical force signal, torque signal, tool rotational
speed signal and temperature signal. Three new indicators namely, defect
index (DI), rate of change of temperature (R.T) and wavelet based indicator

(WBI) are developed for identification of defective welds. The indicator DI is
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developed from torque signal features, and R.T and WBI are developed form
temperature signal features. Along with these indicators, instantaneous phase
and frequency of vertical force signals computed using WPT-HHT are also
presented as effective features for identification of internal defects. Fractal
dimensions computed from tool rotational speed signal using Higuchi’s
algorithm also provided an insight for identification of internal defects.

v The present study also develops a novel method based on top surface images
of the welds for monitoring the UTS of the joints. Two methodologies have
been proposed for processing of images to extract suitable information using
fractal theory. The developed methodologies are compared with 2D wavelet
transform and similar results have been obtained. The proposed work delivers
a simple yet effective approach for monitoring UTS of the joints with
inconsiderably less post processing time.

8.2 Future scopes of the present work

The research work presented in this thesis deals in development of different
strategies for monitoring of FSW process. Real time signals are processed with
developed methodologies and effective features are extracted from signals and correlated
to weld qualities in terms of strength of the joints. Apart from the weld quality
monitoring, the current research work also develops methodologies for accurate
identification of internal defects in the friction stir welded samples using different signal
features. However, the work presented can be extended further and following are the

possible future scopes.

e The developed weld quality monitoring methodologies only tested for UTS of
friction stir welded joints. However, there are other quality attributes such as
yield strength, ductility, hardness and bend strength can be tested with the
developed methodologies.

e One of the major contributions of the present research work is the development
of strategies for identification of internal defects in friction stir welded samples.
These strategies can be extended further for characterization of internal defects

for its size estimation, orientation and location of occurrence.
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e The image processing methodology developed in the current research work can
be extended to test thermographic images of welded samples for monitoring of
weld quality and identification of defects in the welded samples.

e Suitable hardware and software integration can be developed so that
methodologies developed can be extended towards hardware realization for

actual industrial implementation.
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BPNN Model development steps

Step 1 Definition

The architecture of the network is defined in terms of the values for L;, Ly and L, .
Among the three L; and Lyare fixed for a particular problem. Ly is an integer value and
can be varied. Then values of learning rate n and momentum coefficient « and an
activation function (logistic sigmoid in the present work) are assigned. The schematic

representation of ANN model is shown in Fig. Al.1.

Input Hidden  Output
layer layer layer

Y,
Y2

YLI

Fig. Al.1 Schematic representation of an ANN model
Step 2 Initialization

In this step the weights and biases are initialized. The connections weights V;; and Wj,

are randomly initialized between +0.9 with biases b, = by = 1.
Step 3 Presentation of the training patterns

The process of network modification by updating its weights, biased and other
parameters is known as training. The training may be in sequential mode or batch mode.
In the sequential mode the network is modified by utilizing the training patterns sent one
after another in a sequence. In batch mode which is used for network training in the
present work, the whole training data set consisting of large number of patterns is passed

through the network and an average error in predictions is determined. Then it is
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propagated back to update the weights and bias values of the network so that the

predictions become more accurate.
Step 4 Normalization of the data set

To train a neural network model sometime the raw training data set is required to be
scaled in which the range of values is constrained to remain within the range of
activation function. In the case of logistic sigmoid function the same is represented as

follows.

1
S =11 (AL1)

where a is constant and y is the input to the activation function S. For a BPNN model
with above mentioned activation function the target values must be within [0.1 to 0.9]
instead of the usual range [0, 1] as it maps the range of y as [—oo, o0]. It prevents the
training algorithm to drive the connections weights to infinity and thus slowing down the
training process. The range of each input is linearly scaled to the range of the activation
function. This allows the connections weights to have the same magnitude. Hence, the
input and output parameters for all the data set are normalized in the range of 0.1 to 0.9

as follows.

Y=Y
Ynorm = 0.1 + OB& (A1.2)

Ymax — Ymin

where, Viqx and ymin are the maximum and minimum values of any parameter in the
data set under consideration, y is the actual value of the parameter and y,,-nare the

normalized values of the parameters.
Step 5 Forward Pass

After applying the activation function to the weighted sum from a neuron the output
from it can be calculated and this becomes the input for the next layer. The same process
can be carried out for each hidden node and then output node. The output from the j*

hidden neuron and k" output neuron for pt* pattern is calculated as follows.

1
1+ el -(ELivyerF+bm))

OJ-’; (n) = (AL.3)
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1
1+ el "(E L 0fur? +bo)}

where, 0f},(n) is the output of the j** hidden neuron for the p*" pattern at the

Opp () = (AL.4)

n'Miteration. 0F, (n) is the output from the output k** neuron for pt* pattern at the n'"
iteration. V;;(n) is the connection weight between i®" input neuron and j** hidden
neuron at nt" iterations. Wk (n) is the connection weight between jt" hidden neuron and
k™ output neuron at n‘" iterations. Y is the value of the i*" input neuron at the p*"

pattern.
Step 6 Error calculation

By calculating the output from the k" output neuron Oy, (n), with the target output T

for the p*" pattern at the n*" iterations the error value can be calculated as follows.

1 2
EP) = 5(0o(m) — 1) (ALS)
Step 7 Setting the stopping criteria for training

The aim of the training of the BPNN model is to reach where mean square error (MSE)
for all training patterns declines to a sufficiently small value. The MSE can be

determined by the following.

P Lo
. 2
MSE(n) = EZ D (0, ~17) (AL6)

p=1k=1
Where, MSE (n) is the calculated mean square error at the n‘" iteration, P is the total
number of training patterns. The training is stopped when the MSE of the testing data set

keeps on increasing while training data set follow a decreasing trend.
Step 8 Backward pass

The updation of all connection weights is as per the gradient descent algorithm that can

be expressed mathematically as follows.

Lo

AV;;(n) = zPlLo ; kZln (Tk — Oko (")) Oko () (1 ~ Oko (n)) Oju ) (1 (AL1.7)

= 05, () Vige(n = DY; + {adVy (n — 1)}

175
TH-1751_126103001



Appendix I

P Lo

- 0]-’;1(71)) + {alVj (n — 1)}

Step 9 Iteration

Till the stopping criterion for learning is reached steps 4 to 7 are repeated. The steps are
summarizes in the flowchart shown in Fig. A1.2.

(  Start )

Detine
Li, Lo, Ly, m, @
ctivation functio

Initialize
Biases and
synaptic weights

Forward pass
Network output calculation
MSE calculation

Is stopping
criteria
satisfied?

l St;)p )

Backward pass
Synaptic weights updation

Fig. A1.2 Flowchart from BPNN model development
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RBFNN model development steps

Step 1 Definition

The RBFNN architecture is defined, i.e., values for input and output neurons are
selected, which depend on the given problem. Figure Al.3 shows a schematic

representation of a RBFNN model.

Input Hidden  Output
layer  layer layer

Fig. A1.3 Schematic representation of RBFNN model
Step 2 Initialization

Initially centers of radial basis functions are chosen randomly from the input space. The

connections weights V;, between hidden and output layers are randomly initialized

between +0.9.
Step 3 Presentation of the training patterns

Similar to that of BPNN model the training patterns are normalized in the range of 0.1 to

0.9 and presented to the network in batch mode.
Step 4 Forward pass calculations

The output from the j'* hidden neuron and k" output neuron for p‘"* patterns are

calculated as given below.

Output of the j** hidden neuron is gen by

”Yi_cj(n)||2>

R]l(n) = e_( Z(O'j(n))z (A19)
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where, R}(n) is the output of the j¢* hidden neuron of Y; input pattern at the n,,
iteration, C;(n) is the jt" canter at the Gaussian function at the n‘" iteration, ||Yl -
Cj(n)||* is a Euclidean norm and ¢;(n) is the width of the Gaussian function at the nth
iteration given by the following relation.

dmax (n)
V2H

Where, d,,q,(n) is the maximum distance between the chosen centers at the nt"

o(n) = (Al1.10)

iteration.

Output of k" output for i*" input pattern at the nt" iteration was calculated using the

sigmoid activation function

1
1+ e‘slico("))

Ofo(n) = ( (A1.11)

Sko() = ) Vs RI) (AL12)
j=0

Where, 0%, (n) is the output from the k®* output neuron with i** input pattern in the nt"
iteration, St (n) is the weighted sum of the k%" output neuron with i** input patterns at
the n*" iteration, Vik(n) is the connection weight between the j** hidden neuron and the

k" output neuron at the nt" iteration.
Step 5 Training algorithms

The network training for RBFNN is done by updating center of the RBF, width of the
Gaussian function and the weight between hidden and output neurons of the network. In
the present full training algorithm is used in which all the above parameters were
updated through back propagation algorithm and at same time scale. The updation of

centers is as follows.

95(n)

Gi(n) = G(n) — T (A1.13)
j
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The spread of the Gaussian function is updated using

a§(n)
oj(n) = o;(n) — "2 55 (A1.14)
f)
And weights are updated using
9§ (n)
Vik(n) = Vi — 3 V() (A1.15)
j

Step 6 Setting the stopping criteria for training

All the parameters of the RBFNN model are updated at the same time. If MSE for all the
training patterns as given in Eq. A1.16 reaches to a sufficiently small value the training
of the network stops.

N Lo

1 -
MSE(n) = &(n) = MZZ(T,; — 0L,m)’° (A1.16)
i k

Step 7 Iteration

Till the stopping criterion for learning is met Steps 4 to Steps 6 are replaced. The
flowchart for the RBFNN model development is shown in Fig. Al1.4.
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APPENDIX I

Support vector regression

Support vector machine (SVM) is a popular machine learning method developed
by Vapnik et al. (Cortes and Vapnik, 1995) based on statistical learning with succinct
mathematical terms. Compared with other artificial intelligence methods, the rationale of
SVM is more complete and the parameters needed are comparatively less and it can
better avoid getting stuck in local minima. As a machine learning method, SVM is based
on statistical learning and can be divided into support vector classifier and SVR. The aim
of SVR is to achieve the mapping approximate f(.), i.e., SVR network f(.), according

to the given training data set. It can be formulated in parameterized formation as:

FC) = Cek(x,xi) (A2.1)

where,Cy, is the parameter that need to be optimized and k(.,.) is the kernel function.
According to the principle of structural risk minimization, Eq. A2.1 is the solution of the

regularization problem described by Eq. A2.2.

C 1
minJ(f) = C;L(yk,f(xk)) + (. )r (A2.2)

where, F is the reproducing Hilbert space defined by k(.,.) and the loss function is
estimated as Eq. A2.3.

h _ 0 ly=fl< e
L f ) = f@) = { ly — f(x)] otherwise (A2.3)

where, L(y, f(x)) is the error of y obtained by measuring function f(.) at x. The

parameter C is used to balance the accuracy of approximation and complexity of

mapping.

The above mentioned regularization problem can be equally described as
optimization one with certain restraints. And the optimization problem can be
transformed into quadratic programming through solving the coefficients C =

[Ci, Cs, ... ... ,Cy]T by Lagrange multiplier.
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L N N
mcinfz(c) =3 Z CrCi (xp, x;) — Z Cryr + €Z|Ck|
k=1 K=1

k,i=1

To meet the restraints,

N
k=1

(A2.4)

The training error is estimated by the Eq. A2.2 and the results show the solution

of the above mentioned quadratic programming question in sparse, i.e., only a few Cj, are

not zero. The corresponding non zero C, is called as the support vectors. The Eq. A2.2 in

support vector network form can be written as shown in Eq. 11.15. The schematic of

SVR network can be seen in Fig. A2.1.

) = a0,

j=1

y Output layer

Weight

K(x,x)) K(x.x;) Inner product

Input layer

X] Xz X.’

Fig. A2.1 Schematic of support vector regression model
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