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ABSTRACT

We have come a long way in the automation of robotic welding. U8 with the decline
in quali ed welders, there has been a steadily growing demdrfor robotic solutions with
capabilities that match that of human welders. Among these gabilities, a major missing
element is the ability of the robotic systems to extract actinable information about the
quality of their welds, in real time.

While this is a challenging problem, we have been able to showat we can extract
this information through-the-arc that captures the contrdled dynamics leading to defect
occurrence and at the same time identify the variation in th@rocess leading to that defect.

Our methodology involves a unique approach to gathering sginronized measurements
of the welding process mapped to an objective evaluation dig resulting weld bead at a
resolution of 1 mm. Demonstrating a system that can achievéis was at the heart of this
work, after which we gathered measurements on voltage, cent, weld bead pro le, visual
images, welding torch pose and radiographic images. Theseasurements were gathered
under experiments involving induced porosity and geometrdefects under process variations
such as the presence of primer and oil, loss of shielding gasatic wire feeding, out of joint
and the presence of gap between plates.

From these measurements, we created a dataset and identi eliscriminative features
that are indicative of weld quality deviations from processariations. Particularly, we pro-
posed a specialized feature extraction methodology, \Bag-Pulses" as informed by the
domain expertise knowledge based on \Bag-of-Words" apprda In this feature extraction
methodology, we were able to represent the data conciselythvnew building blocks that
retain the characteristic nature of the signal source (i.epulsed GMAW) such that we can

feed them into a classi cation algorithm to identify defecs and make diagnosis.
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CHAPTER 1
INTRODUCTION

While the concept of machine learning is not new, i.e., leamg from data has been around
since the mid-twentieth century [1], in the last decade, it &s gained increased importance as
a tool for sensing and control in such areas as computer visjomatural language processing,
pattern recognition and robotics. Many systems in these atlementioned areas often cannot
be modeled from rst principles due to their complexity. Butwith recent advancements in
learning techniques, successful applications have beemaastrated in medicine, self-driving
cars, chess playing, and the Jeopardy game show, to name a faeaneples. Because of these
successes, there is a present surge in interest in solvinghptex problems using data-driven
approaches.

The welding process|a complex system with multiple inputs, multiple outputs, multiple
disturbances, a large number of parameters, highly non-8ar and inherently coupled [2]|
has yet to signi cantly embrace the advancements in machirlearning, especially with regard
to the assessment of weld quality. Like many other physicaystems, several e orts have been
made to develop a good model for this process, in particulahg Gas Metal Arc Welding
(GMAW) process. As of yet, however, none of these models haveehesu cient. While
approaches like Neural Networks, Support Vector Machines, @rFuzzy Logic have been
explored in certain areas, there is still a lot of room for imvement in having robust and
practical solutions, especially in determining online, @ quality of a weld. Hence, in our
investigation, we explore and advance the-state-of-thetaof learning techniques as applied
to the online prediction of weld quality in robotic GMAW.

Since Gas Metal Arc Welding accounts for about 80% of the weldj processes used in
robotic applications, advances made in this area will grelgtimpact the automated industry

at large. Before diving in, we will like to take a brief look atwhat gas metal arc welding is.



1.1 Gas Metal Arc Welding

In general, the welding process is the localized coalesaié metals or non-metals pro-
duced either by heating the materials to their melting tempmature, with or without the
application of pressure or by application of pressure aloneith or without the use of ller
metals [3]. Depending on the energy source used in genergtie heat, there are many
methods of performing the joining process. For example, dtion stir welding uses friction
under high or low pressure, laser welding uses a high energgdr-beam, and arc welding
uses an electric arc for the melting and the joining. As shown Figure 1.1, GMAW is based
on the use of an electric arc. It is comprised of an electric wer supply that delivers the
voltage and current to the system, a shielding gas source fpreventing oxidation of the
weld, an electrode wire feeder unit for continuous delivergf the consumable electrode to
the process, and a welding torch that houses the electrodedadistributes the shielding gas

over the welding area.

Gas
hortle

Consumabla _ __ Contact
eloctrode ——__ tube

Gas

shield Wﬂidl
~ m

Parent WWeld ” S

metal  pool .

Figure 1.1: GMAW Process [4]

To create a weld, the electrode is brought near the metals tcebwvelded together (base
metal) and voltage is applied between the electrode and the¥e metal. The contact produces
an electric arc with su cient heat generated to melt both theelectrode and the base metal.
This process causes detachment of molten metal from the ¢tede into the weld pool (melted

base metal) by a combination of gravitational, Lorentz, sdace tension and plasma forces



[5]. After solidi cation, one continuous volume of metal cdéd the weld is formed. As will
become obvious when we discuss the dynamics of the procesSéation 2, several factors
determine whether the produced weld is of good or bad qualitfhe applied voltage, current,
torch orientation, torch distance to the base metal, the treeling speed of the torch, the rate
at which the electrode is fed, the shielding gas compositiothe electrode properties, the
base metal composition and many other parameters all play portant roles in the overall

quality of the welded joint.
1.1.1 What is a good weld?

A good weld is a weld that meets the weld pro le requirementsatis es any applicable
code requirements, is devoid of defects, and satis es thestted micro-structural and me-
chanical properties speci ed. Often, the quality of a weldsijob speci c, that is, a good weld
is generally the weld that meets the speci cation of the inteded purpose. For example, a
weld may be certi ed good for some domestic structural purge but not for a pipe carrying
high pressure uid. Hence, a exible quality measure is desible.

Defects are aws in the weld that undermine the functionaliy of the weldment like the
structural integrity of the joint that could be a source of mehanical failure. These aws
include spatter, porosity, undercut, inclusions, burn-though etc. Defects like spatter may
require additional clean up procedures. The weld pro le, aiitionally, de nes the shape
(width, height, curvature etc.), depth penetration, and the surface shape defects (e.g., mis-
alignment, cracks, tie-ins, consistency in the shape alotige weld) [2]. Certain mechanical
properties like tensile properties are directly related tdhese weld pro le dimensions. Al-
though, the microstructure is also an important factor thatcontributes to these mechanical

properties, it is not included as part of the quality determing factor in this work.
1.2 Motivation

According to estimates from the American Welding Society, thhe will be a shortage of

about 290,000 welding professionals by 2020 [6], which iswstimated to be around 400,000



by 2024 [7]. This shortage includes welding engineers, iespors, and instructors. Hence,
there is a high demand for robotic welding solutions that aremarter than those present in
today's factory. These robots must be capable of recognigimbnormalities in the weld, e.g.,
defects, identifying the cause, and being able to make the aessary immediate corrective
actions which may include stopping the procedure. This isteh referred to as the holy gralil
in robotic welding|the ability of robots to weld like humans in addition to their inherent
motion accuracy and repeatability.

Unfortunately, present implementations of robotic weldingapplications do not possess
these capabilities. They do not have a reliable and nancily attractive in-process monitor-
ing system for determining the quality of a weld online. The ést online evaluation includes a
laser-based 3D geometric surface measurement system arsii@i imaging system which are
often cumbersome to use, computationally expensive andwldo extract actionable infor-
mation. Also, liquid penetrant tests or subjective visual ispection by an inspector after the
weld has been completed can be employed. For internal valica of the welds, ultrasonic
or radiographic assessment is needed; which is also donerafihe weld is completed. Hence,
in the presence of abnormalities, the welded joint has to beworked, incurring additional
time and e ort, and often adding signi cant cost and disruptng operational schedules. Also,
none of these solutions can determine the cause of the defiecbrder to mitigate its e ect.

As e ort is being made toward autonomous welding robots, ome weld quality is imper-
ative and will move the robotic welding industry to a new and lgher level of performance.
It will involve the ability to detect and diagnose speci ¢ ddects by assigning correspondence
to measured data. And for purposes of implementation, it is iportant that no additional

equipment or sensors be required.
1.3 Problem Statement

Extracting actionable information from process data remas a major challenge in robotic
gas metal arc welding. The goal of this work is to demonstratesystem that can gather syn-

chronized measurements of the process, and from these syonized measurements identify



discriminative features that are indicative of weld quali|beyond just weld process data
deviation and speci cally, in detecting the presence or abace of porosity, and geometric
defects|and to identify the likely process variation that caused the anomaly. Ultimately,

this project will contribute to the larger goal of doing suchassessment online, in real-time.
1.4 Approach and Hypothesis

Our approach will be to focus on the behavior of pulses. Speailly, our thesis is that
by learning the behavior of the pulses in Gas Metal Arc Weldings a way of capturing
the controlled dynamics of the process, it is possible to dadt certain defect formation and

distinguish between the process variations causing the analy.
1.5 Objectives

In this dissertation, we consider the following objectives

1. Develop a test-bed that can gather and synchronize hetgeneous data from multiple
sources including voltage, current, weld bead pro le, vial images, welding torch pose,

and x-ray images

2. Create a dataset that includes these synchronized measnrents and an objective weld
evaluation resulting from the weld bead pro les and radiogphic images to determine
the presence or absence of porosity and geometric defectsl@emdi erent process vari-

ations/disturbances

3. Identify a feature representation that allows the deteadbn and discrimination between

porosity (surface and sub-surface), geometric defects atiht of no defect
4. Determine a robust learning algorithm for predicting thee types of weld defects

5. Predict the likely cause of these defects from a list of pikle process variations,
namely: inadequate shielding gas, presence of primer, gmese of oil, out of joint, gap

between plates and erratic wire feeding.



6. Investigate the feasibility of performing online prediton of weld quality and the ex-

pected framework required
1.6 Assumptions

All experiments assume a preset welding procedure. While theethodology discussed
in this work can be applied to any welding procedure, here a mel trained under a welding

procedure is assumed to be localized to that welding procedu
1.7 Contributions

In the course of this work, we have been able to contribute tHellowing:

1. We created a system that can collect a dataset comprisingrehronized heterogeneous
measurements and the corresponding precise objective welgluation at a resolution
of 1 mm. The methodology used to develop the synchronized daet is a unique

contribution to the state of measurement science in GMAW.

2. We introduced and investigated the concept of solidi cabn size in the detection of

weld defects, in particular porosity due to the presence ofimer.

3. We presented a exible weld evaluation methodology thatsiadaptable to any stan-

dards, and allows training of a model in detecting and diagsog a defect.

4. Several disturbances to weld quality have been investigd in the literature but this is
the rst work assessing weld quality deviation based on prier thickness coating using
weld process data. We also provided a framework that allowgteaction of actionable
information from process data in form of detection, identication and diagnosis of

defects.

5. Traditional statistical approaches or statistical featires are the most common ap-
proaches in weld quality assessment. In this work, we intraded a novel \Bag-of-

Pulses" representation that represent the process data aosely with new building



blocks that retain the characteristic nature of the signal@urce such that we can feed
them into a classi cation algorithm to identify defects andmake diagnosis. It also
unveils the investigation of the welding process to sevenath algorithms from natural

language processing. This is a major contribution as it a @ls:
" Investigating patterns in the process weld data
" An elegant way of adding positional information as features
" Clustering pulses based on physical quantity descriptiorf @ach weld droplets
. We investigated the robustness of the \Bag-of-Pulses" peesentation in detecting and

diagnosing defects to Flat (1F) and Horizontal (2F) welding posons, and weaving

and no weaving motion variations, which are common in robatiwelding.

. Within the welding conditions used, we were able to identifthe defects of interest and
given the presence of these defects, determine the caugatit those defects with high

precision.



CHAPTER 2
GAS METAL ARC WELDING PROCESS

The gas metal arc welding process is an area that has been Wdexplored. The aim of
this chapter is to help understand the process and to give serbackground knowledge needed
in later chapters of this work. We take a look from a systems pu of view examining the
inputs, outputs, transition or intermediate states, posdile disturbances or process variations

and defects.
2.1 GMAW as a System

The analysis of the GMAW process presented in this sectioniisformed by these works
[2][3]. The welding process is classi ed into sub-processeonsisting of input, intermediate

and output variables as shown in Figure 2.1. See Table 2.1 fotabular enumeration.
Intermediate
Input Variables Variables Output Variables
—— Sub-process 1 Sub-process 2
Monitoring level 1 Monitoring level 2 Monitoring level 3

Figure 2.1: Welding process decomposition into sub-procesd2]

2.1.1 Input Variables

With respective to the type of power supply used for a GMAW praess, whether constant
voltage or constant current or pulsed current, the followig are the principal input variables

to the process:

Supply voltage: This is the voltage, Vs, provided by the power supply, with the voltage
drops of V. across the power supply and cablingy. across the electrode, and the e ective

voltage creating the arc is the arc voltagéey.



Table 2.1: Welding process parameters

Input Variables Intermediate Vari- Output Variables
ables

Supply voltage Current Weld bead geometry

Wire feed speed Arc length Depth penetration

Contact-tip-to-work distance Arc pressure Mechanical progrties

Travel speed Arc shape Microstructure

Torch angle Cooling rate

Work angle Heat transfer

Torch motion pattern Melting rate

Gas composition
Electrode diameter
Current Pulsing parameters

Mass transfer
Transfer modes
Weld pool dimension
Weld pool oscillation

Vs
Vs =

dl
Ll + IRo+ IR+ Vare

VC + Ve + Varc (21)

(2.2)

wherelL ¢ and Rq are the inductance and resistance of the power supply and thabling, Re

is the electrode resistance ant is the welding current.

Wire feed speed(WFS):

Contact tip to work distance(CTWD):

is the feeding rate,vwrs, of the consumable electrode.

This is the distance,lctwp between the point

of contact of the voltage with the electrode(contact tip) ad the workpiece.

Travel speed: This is the rate, vrs, at which the welding torch is traveling along the

direction of the welding joint. This a ects the heat input, hence the weld geometry.

Travel angle:

This is the angle, , between the welding torch and the vertical plane across

the welding joint, see Figure 2.2. This can be a pull or a push gie.

Work angle:

joint, see Figure 2.2.

Work angle, , is the angle the welding torch is making with the welding
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Figure 2.2: Torch angle with the work piece

Torch motion pattern: Most times when welding, the torch is moved in certain patters,

e.g., weaving. This is to ensure proper heat distribution ahstirring of the weld pool.

Gas composition and ow rate: The shielding gas prevents the formation of oxides dur-
ing welding. These gases can be composed of a mixture of ingases (Argon or Helium)
at di erent proportion with some quantities of Carbon Dioxide or Oxygen. They in uence
the arc stability, arc shape [8], metal transfer mode, welddad shape and molten droplet
detachment [9]. In a recent study [10], alternating shieldg gas was shown to improve weld
penetration, thus allowing for higher travel speed, and reated porosity compared to the

conventional method.

Electrode diameter: Depending on the thickness of the metals to be joined, dient
diameters, D, of electrodes can be used. Larger diameter electrodes wdbuire higher

current, leading to higher deposition rates.

Current pulsing parameters: For a constant voltage process, this can be treated as an
intermediate variable. However, for a pulsed process thatvalves pulsing of the current,
the pulsing parameters must be speci ed. These parameterscinde the peak current,l,
peak time, t,, base current,l, and base time,ty, as shown in Figure 2.3. This a ords ner
control of the heat input for smaller grain microstructure 9][11], better weld pool control

and minimization of distortion.
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Figure 2.3: Current pulsing parameters

2.1.2 Intermediate Variables

In GMAW process, it takes some time for the system to reach stdy state. Within this
transient period, the process exhibits certain charactestics (intermediate variables) that
are in uenced directly by the input variables and process diurbances. These intermediate
variables a ect the nal outcome of the weld properties. Thg can also be referred to as
the system states. Although, the name \intermediate varial@s" seem more appropriate in a
sub-process structure. It should be noted that certain depdencies are exhibited between

these variables.

Current: The wire feed speed is dependent on the welding current as whohere:
Vwes = al + blel 2 (23)

where a and b are proportionality constants, andle is the electrode extension or stick-
out(distance between the contact tip and the electrode tip)Since electrode extension is not
easily measured, another equivalent expression has beemdd as a function of CTWD,

supply voltage and the wire feed speed [5]:

I = Ko+ Kilctwp + K2Vs + KaVes (2.4)

whereK o 3 are constants. In the work by Shepard [12], the rate of changewelding current

is de ned as:

11



dt Le

(2.5)

where Rq is the resistance of the power supply and the cabling, ard. is the electrode

resistance

Arc length: is the distance,l,., between the electrode tip and the workpiece. If the arc
column is expressed as a conductor of current, the arc voleagan be expressed as a function

of arc length, arc resistivity, , and the e ective cross-sectional area of the ar@:

|
Vare = %I (2.6)

At steady state, the melting rate/burn-o, v, rate as a velocity is equal to the wire feed
speed which results in a constant arc length. Changes in aenfjth can be observed when
burn-o rate is not the same with wire feed speed, which can bas a result of changes in

CTWD.

dlarc
dt

= Vb Vwrs (2.7)

In a dynamic sensitivity analysis ofl=lctwp [12], Equations 2.5 and 2.7 play important
roles in identifying increased sensitivity at higher fregencies. This allows for through-the-

arc seam tracking when the motion of the torch undergoes a waag pattern.

Arc pressure: This is in uenced by the welding current and it is the most imprtant factor
contributing to the oscillation of the weld pool in Pulsed-B1AW when compared to the

droplet impact force [13].

Arc shape: The gas composition and the ow rate a ects the arc charactéstics. Di erent

gases have di erent electric conductivity [8]. For exampleArgon has a low ionization poten-
tial. Also, the thermal conductivity of the gas a ects the themal energy transferred to the
weld and the shape of the arc, hence, the size of the weld crgsstion. For example, Argon

has a lower thermal conductivity than Helium, thereby produmg narrower penetration.

12



Cooling rate: This is the solidi cation rate of the weld pool which determnes the mi-

crostructure of the weld.

Heat transfer: The e ective heat, H, per unit length of weld transferred to the base metal
is:

_El 1 (Ve Vae)

V1s VTs

H (2.8)

where is the heat transfer/arc e ciency from the process to the bas metal and E is the
total voltage drop across the electrode and the arc. The e eincy factor varies signi cantly
depending on the type of GMAW process. For a constant voltagerocess, arc e ciency is
predominantly inversely related to arc length [14]. The mosppropriate way of determining
heat input for Pulsed-GMAW is by computing the average of thénstantaneous power [15].
This is based on the ndings by Joseph et al. [16] that the arc peer calculated from the
product of average current and voltage or the rms of voltagend current can be misleading

especially when the current and the voltage are signi cantltime varying.

Melting rate:  The melting rate, Vyr, is the volume of the electrode melted in a unit of
time. According to Suban et al. [8], melting rate does not depd on the type of shielding

gas used.

Mass transfer: is de ned as the transverse cross-sectional arga, of the deposited metal
[5].

VwesD? Vmr
G= = 2.9
4vrs Vrs @9)

It should be noted that this equation is only accurate if theg are no spatters.

Transfer modes and arc stability: There are four basic ways metals are deposited on the
workpiece namely: short-circuit transfer, globular tranfer, spray transfer and pulsed spray
transfer. These modes a ect the droplet size, drop velocitarc stability, hence, a ecting

the penetration, defects formation, and the overall weld aulity. Arc stability is a property
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of the welding arc closely related to the transfer modes. Itrives the uniformity of metal
transfer, constant arc length and quantity of spatter [17].Therefore, the quality of the weld

is greatly in uenced by the stability of the arc [3].

Forces: There are various forces that are exerted during the procesEhis includes Gravita-
tional force, Fy4, Aerodynamic(Drag) force,Fy, Electromagnetic(Lorentz) force,F., Surface
Tension, Fs and Vapor(Plasma) Jet forcesF,. They depend on the operating conditions
e.g., arc voltage, electrode diameter, current, shieldingas etc., and the balance of these
forces,Fq+ Fq+ Fe = Fs + F,, a ect the metal transfer dynamics [3]. For example, in the
GMAW of Titanium, the plasma jet forces, which are proportimal to the current, are so

strong that droplets are rejected as coarse material glolad [18][19].

Weld pool dimension:  This is the shape and size of the molten metal before solidaton.

It is a ected by heat input, metal transfer, deposition rateetc.

Weld pool oscillation:  The weld pool oscillates and the natural frequencies at wihiat
resonates is related to the dimension and the depth of penation of the pool [20]. With
the assumption that the pool is spherical, the frequency,, for the rst mode of oscillation

of the weld pool can be described as:

Fs
fi= 2.10
1 g m ( )

whereF; is the surface tension of the molten metal anth is the mass of the molten metal.
2.1.3 Output Variables

Weld bead geometry: This is the shape and the dimension of the solidi ed weld. It
includes the width, the height and the curvature. It is in uenced by the heat input and the

circumferential convection of the molten metal [3][21].

Depth Penetration: is the distance of fusion into the base metal measured fromalsurface

of the base metal. In Pulsed-GMAW, the in uence of the weldingurrent is predominant
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with regard to achieving penetration, i.e., about 2.5 timesnore e ective than that of arc

voltage and welding speed [22].

Microstructure:  This is the grain size of the content of the weld. It depends othe
cooling rate, initial grain size, phases and chemical congtion of the base metals. For a

good quality weld, a ner microstructure is desired [22].

Mechanical Properties:  This includes the hardness, joint tensile strength, impactough-

ness and fatigue life of the weld. It depends on the weld beatbpe and the microstructure

of the weld [22].
2.1.4 Disturbances and Welding Conditions

This includes plate thickness variation, material compaoson, joint deviations, surface
contaminants like rust, paints etc. Gravitational force, @s turbulence, wire feeding inter-
ruptions can also act as disturbance to the welding proces#n the following sections, we

will connect the ideas of some of these variations with theresulting defects.

2.2 Concept of Process Variation in Robotic GMAW

Uniform metal transfer and constant arc length are some of thmost important desirable

functions sought after in a GMAW process. Figure 2.4 shows astgm block diagram of a

N
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Figure 2.4: A Typical Robotic GMAW System Diagram
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typical example of a robotic GMAW process. Given a preset varfeed speed, the shape of
the current pulses are adjusted to ensure arc stability andniform transfer of metal onto
the workpiece. Tight control of these current pulses is theensured, coupled with the robot
motion, gas coverage and wire-feed rate to deliver a good @elLikewise, the arc length
is monitored in order for the whole process to adjust to chaeg in the Contact-To-Work-
Distance.

With the occurrence of disturbances or process variationspeven metal transfer is en-
countered coupled with other variations in the intermedia¢ states of the process. Depending
on the magnitude of these perturbations, they may lead to detions in the quality of the
resulting weld. Figure 2.5 depicts some common sources of ggss variations in a robotic

welding system.

Process Variations
@ issing gas
cup
Oversized or Blocked gas

worn Contact-tip nozzle
Bent % Ventilation
Torch m

rratic Wire Coverage

ap between
Plates

Input Variables
(TS, WFS, Gas
Composition

Plate/Electrode
Properties
etc.)
Inconsistent @
Geometry

Primary Secondary
— Cause — Cause

—— Defects

Figure 2.5: Overview of e ects of some process variations



As per our investigation, we are interested in certain procgvariations like out of joint,
gap between plates, erratic wire feeding, contaminants arghs coverage, which can result
into defect formation. One might argue that some of these viations can be measured and
accounted for, however, this is dependent on where the vai@n is occurring in the process.
Lets consider gas coverage as an example. It is possible tcaswge uctuation in gas ow
rate delivered to the torch. However, uctuations in gas covage at the end of the welding
torch nozzle cannot be measured directly|disturbances like blowing wind could disrupt the
gas coverage, likewise, missing or cracked gas cup and kdgekof the gas nozzle.

One way of thinking of this, is by considering the causalityFor every resulting defect,
there is a change in the process that led to its formation. As etvn in Figure 2.5, whether
measurable or unmeasurable, process variations linked ditlg to a defect can be grouped
as primary causes The variability then comes from thesecondary causesConsidering the
gas coverage example, gas coverage is one ofghmary causesof porosity formation while
ventilation, missing gas cup, blocked gas nozzle, long CTWIRtc. can be considered as
the secondary causesince they directly in uence gas coverage. That is, their @arrence
could result in poor gas coverage leading to the nucleatioh@gas pores in the weld. Another
example of a primary cause of porosity is erratic wire feedjrwhich can be caused by faulty
drive roll(possibly detectable) or oversized/worn contaetip. That is, in some cases, the
secondary causesre measurable, and unmeasurable in other instances.

The assumption is that, irrespective of thesecondary causefor a givenprimary cause the
behavior of the process under that speci primary cause should be similar except perhaps
in the case of contaminants [23]. So in our study, it is safe &xplore onesecondary cause

for eachprimary cause
2.3 Common Defects

As explained in the previous section, defects could occur whéhe system gets out of

balance. Below are some common defects with their depicteom Figure 2.6.
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2.3.1 Porosity

Porosity is the presence of cavity in the weld caused by thetespment of dissolved gases,
frozen while the weld pool solidi es [24]. In some cases, tlgases nucleate on the surface
leading to surface porosity while in some cases the nucleatiis buried inside the weld bead,
forming sub-surface porosity. Common contributors are Hydgen, Oxygen and Nitrogen
which can originate from the presence of contaminants likeease, oil, primer, water, high
humidity, and excessive anti-spatter, or the lack of shieidg gas ( caused by long CTWD,
bad work/travel angle, blocked gas nozzles by spatter, reded pressure in the gas bottle,
missing gas cup/nozzle, wind blowing, gas duct failure,) agxcessive gas ow leading to
turbulence in the weld puddle. However, in the presence of d&idizers like Silicon and
Manganese in the electrode or the plate, porosity formatiooould be inhibited depending
on the quantity of the de-oxidizers' content. For example,he electrode used in this work,
ER70S-6, has high de-oxidizing content making it more di clt to produce porosity with

contaminants like oil.

Good ' Undercut Off-Joint
”* \ ‘;* W
{3 ,‘.'v A },l "’,‘1‘ ”\“.y : N \.A\\
W W L
Porosity (,,Crack . Concavity
L S X
“‘l !?. .
." '. i' }q' (“1 trﬁ' ( ,.r:. f’\. ‘).‘!
o/ W W

Figure 2.6: Some common defects in GMAW
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2.3.2 Undercut

Undercut is a notch like shape at the edges of the weld which tsato high stress con-
centration at those points. It is often as a result of not delering su cient ller metal at
the edges which could occur due to high travel speed, high aerpge, electrode angle etc.
In terms of process variation, it can occur in the presence nfst, erratic wire feeding or gap

between plates.
2.3.3 Cracks

Cracks are miniature separations in the weld which can exish the surface or inside the
weld. They can be formed during solidi cation or several has after solidi cation and its

often due to the composition of the base metal. No amount of alais wanted in a weld.
2.3.4 Geometric Defects

While welding, the electrode may go out of joint or there may bmisalignment in the base
metals resulting from improper part t-up. When these happenthe welds are incorrectly
placed in the joint leading to uneven sided weld leg-lengthss shown in Figure 2.6 as an
o0 -joint defect. In other cases like erratic wire feeding, lie shape of the weld bead becomes
irregular with some concavity, convexity or undulation. Dé&ects of this nature not meeting

the geometric requirements are referred to as geometric elets.

19



CHAPTER 3
MACHINE LEARNING IN GMAW

Machine learning and gas metal arc welding are both broad a® of research. To stay
within the scope of this work, relevant materials for undetanding machine learning algo-
rithms for use in gas metal arc welding process have been ewved with applications in
predicting weld quality. For more details in machine learmg, please refer to these works

[25][26][27]
3.1 Introduction to Machine Learning

Machine Learning is a branch of Articial Intelligence that gves machines the ability
to learn from data without explicit programming or specifynhg rules with an ultimate goal
of generalization beyond data already encountered. In esse, it consist of methods that
automatically detect patterns in data, and then use this disovered patterns to predict future
data or perform other kinds of decision making under unceiritay [27].

The detection of these patterns is often generally indire@s shown in Figure 3.1. Since,
input data are generally high-dimensional, the phenomendmown as \curse of dimension-
ality" easily sets in. That is, as the dimensionality of the dta increases, reliable analysis
requires exponential growth in the amount of data needed. He®, it is needful to identify
the relevant information in the data or capture the \essenceof the data that maps to the de-
sired output. This relevant information can either be handiesigned (feature development)
or learned implicitly by the model (representation learnig) before any mapping is done.
In deep learning|the state-of-the-art in the machine learning community|representation
learning is used. It comes with signi cant exibility but requires huge amount of data.
Given our application domain and the constrained on the amoi of data available, we have

explored the classical machine learning approach which oives feature development.
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Figure 3.1: High level owchart on the working principles in mahine learning [26]

3.2 Machine Learning Algorithms

There are hundreds of algorithm out there and can be categped in di erent ways. Some

are given below based on how they learn from data:

" Oine Learning: Traditional method of single batch proces#g, the kind employed in

our work.
" Online Learning: Learning from data that becomes availabli® a sequential order

" Active Learning: Interactively query the user to obtain the @sired outputs to new

data points
" Distributed Learning: Learning from data distributed acr@ss multiple locations
" Transfer Learning: Learning from other related task

" Multi-Task Learning: Learning shared knowledge across tese.g., learning to identify

a place in Winter, Summer, Fall and Spring
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" Reinforcement Learning: Learning from active interactionvith the environment while

re ning the model's behavior based on reward

However, there are two major classes of machine learning alons: Supervised and

Unsupervised Learning.
3.2.1 Supervised Learning

In this area of machine learning, we deal with labeled data.t means that both the

input data and the output data are available for training a malel. Let the training set D

corresponding desired output. The goal is to predict or clagy other data based on the

training examples by learning the mapping:
f: X1y

such that,y; f(x;)foralli=1;:::;n.

The output can take di erent forms. When categorical or beloging to a nite set, it is
known as Classi cation . However, when it is real-valued, it is known afkegression.
Our work is formulated as a classi cation problem. Below areome descriptions of speci c

algorithms that fall under supervised learning:

Decision trees: Decision Trees are tree-structure like models that learnmsple decision
rules from the training data. Based on statistical measuree(g., entropy), the decision tree
recursively breaks the feature data into smaller classestilit reaches a speci ed class size.
Because of their tree-like structure, they are easy to vislize and simple to understand.

However, decision trees have a tendency to over- t data.

Arti cial Neural Network (ANN): Inspired by biological neural networks, ANNs are
made up of several perceptrons which accept several inputslgproduce an output. The ring
of each neuron, in this case, perceptron activation is depsnt on an activation function

e.g., the sigmoid function. Since it is possible to have seaklayers of these perceptrons, the
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weights associated with every input in every layer can be adjted automatically from a set
of training data; hence, creating an incredible number of atbinations that can represent
a given data. Despite being a powerful tool, ANNs have high comgational burden and
can be di cult to train. Also, the non-transparency of the underlying trained model makes

them di cult to troubleshoot.

Support Vector Machines (SVMs): The goal of a support vector machine is to maxi-
mize the gap or margin between classes of data by transformgithe data into a separable
space. The transformation is done using what is sometimedewed to as thekernel trick.

Many times in the input space, data may not be linearly sepabde. What the kernel func-

tion does is to transform the data from the input space into aigh-dimensional feature space
where linear separation is possible. This type of approacla®been widely explored in other
machine learning methods because kernel functions make fmrear operations in one space
become linear operations in another space. Popular exanmgplef kernel functions include the
radial basis function, the linear function, polynomial fuetions, Gaussian process function
and the sigmoid function. Support vector machines are easy train, and global optimality

is guaranteed since it is a quadratic program optimizationrpblem that is convex. However,

nding the proper kernel is a challenge.
3.2.2 Unsupervised Learning

Under the umbrella of unsupervised learning, there are no alability of labeled/output
data.That is, the input vector, x;, is given but the corresponding outputy; is not known.
In this scenario, the key idea is to exploit the structure offte data and learn the relation-
ship among the input data. It has two major branche<lustering and Dimensionality

Reduction .

K-Clustering:  This algorithm tries to iteratively divide or group the data into k number
of clusters with mean center points. The assignment of eacloipt to a particular cluster is

determined by the distance of the point to the mean of that ckter. However, nding the
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optimum k clusters is still an active area of research.

Density Based Spatial Clustering of Applications with Noise (DBSCAN): In this
method, instead of de ning the number of clusters, DBSCAN nd neighbors by the den-
sity (i.e., minimum data points, MinPts ) on a \N-dimensional sphere". It then identi es
the core points (neighbors MinPts), border points (0 < neighbors< MinPts), and
outliers (neighbors = 0). By nding the connected components of the a¢e points on the
neighbor graph while ignoring the non-core points, clustercan be created with at least one
core point and border points. This approach is good at ndinglusters of arbitrary shapes

and it is robust to outliers.

Gaussian Mixture Modeling (GMM): Another approach is to explore the Gaussian
distribution of the data. A collection of data can be represged as a sum of weighted
Gaussian distributions. The goal of GMM is to identify the man, the variance and the

corresponding weights of all the Gaussian distributions psent.

Principal Component Analysis (PCA): This is a dimensional reduction approach to
representing data. It stems from the fact that a zero mean ralom vector can be decomposed
into a linear combination of orthogonal vectors known as therincipal components, where
the coe cients of these vectors are uncorrelated random veables. This means that the data
can be represented by a simpler model containing the mostanmation needed. Hence, by
selecting the principal components that maximize the varre (i.e., principal components
with the highest eigenvalues), a new set of features that dape the data can be extracted
for classi cation or regression purposes. PCA helps to reda noise in the data and also
aids better visualization of high-dimensional data. In thesame way that the kernel trick
has been applied in support vector machines, kernel PCA hslpo extract features that are

non-linearly related to the input variables.

Now, lets see some applications in GMAW in relation to weld qlity prediction.
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3.3 Applications in GMAW

While there are several works revolving around voltage, camt, acoustic emissions, opti-
cal sensors, X-rays, ultrasonic, and laser technology in piieting or measuring weld quality,
we will focus only on those works that relate to voltage, cuent, acoustic and visual sensing.

Other related works are discussed as needed in each chaptiethe dissertation.
3.3.1 Weld Geometry Prediction

The Arti cial Neural Network (ANN) method is the most explored arearelative to pre-
dicting weld bead width, height and penetration. As is typichwith ANNs, most of the
experiments [28{32] involve the collection of both input ath output data, and then training
the neural network. Some works [33] extract features like walet packet features before
training. Kim et al. [34] used the process parameters such pass number, welding speed,
welding current and arc voltage to predict top-bead width. n another work, an ANN was
used to predict weld geometry using voltage, current, travespeed and shielding gas as the
input variables [10]. Simple models like the curvilinear nuel [35] have also been explored
to nd relationships between process input variables: vadge, wire feed rate, torch angle,
welding speed, contact tip to work distance and output variales: bead height, bead width
and penetration.

Visual sensing is a promising sensing technology becauset®findependence from the
welding process. Although, it requires extra computation ah xturing, it can provide
separate information about the type of joint, welding edgegype of arc, electrode position,
weld seam and the weld bead [38]. They can either be active assive based on the light
source used. Active visual sensing involves using laser amstural light as its light source
for imaging of the weld area. Using the specular re ection ohe weld pool, Kovacevic and
Zhang [39] developed a grid-shaped structured light strifystem for measuring the 3-D shape
of the weld pool surface. A revised system was recently repeat [40]. This 3-D vision system

has been used to estimate the joint penetration of the weld pbin gas tungsten arc welding
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[41] and in gas metal arc welding [36]. Huang and Kovacevic [4B&ed the principle of laser
triangulation to detect surface weld defect and measure thveeld bead surface pro le. While
an online version was investigated by Li et al. [43]

On the other hand, passive visual sensing is a visual sensismgproach which involves
observing the image area by the light from the arc and the wefabol. Bae et al. [44] were able
to extract the weld pool shape by a controlled triggering of 8-D image capture. In another
work, Schwab et al. [23] investigated the relationship beten spatter and contaminants
using high speed imaging. For richer information, 3-D weldgwl reconstruction using stereo
vision has been investigated [4, 45, 46] for the purpose ofldvpro le measurement, although
no defect detection was included. Also, reconstructing the-[3 view of weld pool can be
computationally expensive. Despite all these advancemeithere are still more information
that can be extracted from the visual images, information s as weld droplet properties,

weld texture, tie-ins, temperature gradient, and possiblyveld pool oscillation.

3.3.2 Process Anomaly Detection

According to Quinn et al. [47], raw voltages and currents areon enough for reliable
prediction of weld defects, hence, researchers have spaméd exploring features from those
raw signals to help train a learning model. For a constant vizlge process, seven features
were extracted from raw voltage and current, namely: (1) theunning average and standard
deviation of voltage, (2) current and (3) resistance, (4) ar condition number relating to
arc stability, (5) voltage trend and (6) current trend and (7 short-circuiting frequency and
its standard deviations. A threshold value from a baselineecord of these features was
used to identify certain defects. Although, their approach as able to identify process
deviations like loss of shielding gas, part contaminationitk oil and melt-through, it could
not reliably detect o -joint welds. As an improvement, Wu et d. [48] developed a Fuzzy
logic system based on extracting the probability density dtributions of the transient voltages
and currents, and class frequency distributions of the shecircuiting time, in order to detect

disturbances like surface contamination with oil, changenigas nozzle diameter, wire feed
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speed and joint clearance. Lubecki and Bai [49] investigateabnormalities detection in

the presence of rust and surface contaminants by computingpoduct of the frequency

component of the current signal and the impedance during theelding process. In a recent
work, Shahabi and Kolahan [50] were able to predict lack ofgion, overlap, discontinuities
and shape factor from 13 statistical parameter extracted dm voltage, current and sound
using an adaptive neuro-fuzzy system. In these works, it i®ohclear if they could uniquely

identify the presence of a particular defect. An attempt was ade by Wei et al. [24] to

detect weld surface porosity from statistical analysis ohe arc current, but with no reliable

solution.

Acoustic signature is another signal often explored since ¢bntains information about
the arc column behavior (arc ignition and extinction), the nolten metal and metal transfer
mode [51], and it is proportional to the change in energy lelvef the arc that is a function
of voltage and current. In an attempt to determine weld quaty from the acoustic signal,
Cayo et al. [53] argued that the sound is generated by the imgiaof the drops and the
sound of the electric arc which are imperceptible in spray mde. Other works [37, 50, 56]
have included acoustic signal as part of the welding signdts detecting weld defects. Also,
acoustic signals have been used in predicting depth pendioa [57]. In particular, Liu and
Lan [58] reported that changes in penetration can be detedtdy the variation shown by the

acoustic signal energy within a certain range of frequensie
3.4 Summary

In this section, we gave an introduction to machine learningnd presented a review of
its applications in predicting weld quality in GMAW. A closer look at the reviews show a
spread of work with no framework to tie them together in extrating actionable informa-
tion that clearly shows unique detection and identi cationof defects with diagnoses. Our
work addresses this problem as we present a framework thaloas extraction of actionable

information from weld process data.
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CHAPTER 4
METHODOLOGY AND EXPERIMENTAL SETUP

In this chapter, we introduce the methodology adopted for tis work.
4.1 Overall Framework

There are four major aspects to this investigation: creatma dataset, extracting relevant
features, selecting and training a model with those featuse and nally using the right
metric to evaluate the performance of the trained model. In Gure 4.1, we give a graphical

representation of the ow of these steps. The remainder of ihwork is based on this setup.
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Figure 4.1: Framework
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4.1.1 Dataset

Obtaining datasets is the most crucial part of the learning cess; it accounts for the
majority of the time and e ort. Since the relevant dataset dd not exist, we had to run many
new experiments to gather the needed data, pre-process thatal to Iter out noise. To
do this, a data acquisition system, see Section 4.2, was deped to acquire both the weld
process data in-process while the weld quality informatiowas gathered post-process. This
acquisition involved both synchronization and alignment foa heterogeneous set of data. A
weld evaluation algorithm was then developed to automatidlgt label the welds as defective
or non-defective (good) to supervise the learning procesBetails are provided in Chapter

5.
4.1.2 Feature Extraction

As we have discussed in Section 3.1, it is necessary to extrdet \essence" of the data,
called features. As a reminder, a feature is a N-Dimensionalcter of numbers describing
the object of interest, e.g., age, height and weight of a pers. This description has to be
exible in a way that it preserves the interested informatimm without redundancy. From
our observation of the welding process, we developed a \bafypulses" approach, based
on the popular \bag-of-words" approach, to reduce the timseries data into sentences of
pulse types. With this, we can then train a model using the fragency of occurrence of the
pulse-types within a selected time interval. This approachelped to capture the observable

behavior of the controlled process with exibility. We will explain further in Chapter 6.
4.1.3 Metric

Measurement of performance is an important piece in the legang process and it must
be a good measure of the desired outcome. Since, the work hera classi cation problem,
a measure of accuracy (the ratio of the correctly classi edxamples to the total number of
samples) rst comes to mind. However, given an unbalanced sett data, accuracy becomes

misleading. This is generally the case in welding where thember of good welds are almost
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always more than the number of bad welds. So if a dataset costsi of 90% good welds and
10% bad welds, by predicting all welds to be good earns the gretor a 90% accuracy score.
Whereas, the predictor is pretty much doing nothing.

Hence, to measure the performance of our defect predictore used the F-score measure
which is widely used in unbalanced binary classi cation pidems such as this. It should be
noted that there are several other measures like Youden'sdex, likelihood ratio, geometric
mean, and receiver operative characteristic, that can be e. Interested readers can check
out this work [59]. F-score measure accounts for what are refed to as precision,p, and
recall, r, of the classier. Precision is de ned as the number of correct positive results
returned by the classi er divided by the total number of podive results, i.e., both true
positives and false positives, returned by the classi er. @versely, therecall is de ned to
be the number of correct positive results reported dividedybthe total actual positives, i.e.,
the sum of the true positives (positives reported as posi#y plus the positives that were
reported as negatives (false negatives). A confusion matija tabular layout of these terms)

on a binary classi cation example is given in Figure 4.2. In th right-bottom box of the

True Condition
Defective Non-Defective
c| _ i _ i Precision(0 t1)
5|z True-Positive False-Positive True Positive
T | o Detected Defects Falsg Alarms True-Positive + False-Positive
5|28 High is Good ol Lc;\_/v 'S Soc}dl Must be high to be considered
g mplication: Usefulness useful
Q (] . . |
5 |.2| False-Negative True-Negative I
8 S 8 Undetected Defects Normal operation |
g€ Low is Good I
a Implication: Risk of Failure lu%oo] S1}VW }v[3 E |
Recall (0t1) F-measurgo t1)
True Positive 1ot PrecisionyRecall
True-Positive + False-Negativg (140 y t? yPrecision + Recall
Must be high for safety critical Use t to control the importance o
systems o e e e e - precision or recall in the scoring

Figure 4.2: Confusion Matrix for binary classi cation. In this context, Positive means the
occurrence of a defect [59].
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table shows the F-Beta score which allows varying the contulion of either the recall or
the precision in the scoring
F1-score,

precision recall

Fl =2 —
precision + recall

(4.1)

which is a variant of the F-Beta score when is 1, see Figure 4.2, helps aggregate the
precision and recall together with equal proportions. Althogh, F-measure in general does
not take the \True-Negatives" into consideration, we do not lbwever care so much about

this in this application.

In welding, it will make more sense to give more importance tprecision by usingFg.s-
score, i.e., assigning more emphasis on being sure that wsdiggged as defects have defects.
Reason being that, too many false alarms will make it annoygnfor use in an industrial
environment and ultimately useless.

In later chapters, particularly in the diagnosis section, & used more of the confusion

matrix in expressing an explicit performance of the modeliféhe multi-classi cation problem.

4.1.4 Training and Testing

Finally, we then train the classi er. Several models fall ind this category and speci cally
we used Support Vector Machines. Training and testing inveés splitting the data into
a training and a test set, where the training set is used for @aining the model, while the
evaluation is done on the test set. For e cient use of data, weised cross-validation. In
cross-validation, the dataset is divided into multiple fals (subsets of data), for example,
N-folds, a 5-fold representation is shown in Figure 4.3. For gaevaluation, one fold is held
out for testing while the remaining N-1 folds are used for traing. This is then done N times
to determine the stability of the learned model.

In the remainder of this chapter, we cover the experimentaétup which includes the data
acquisition system, the experimental procedure used andwthe experiments were laid out

and implemented.
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Training Test

Figure 4.3: Five-Fold cross validation

4.2 Data Acquisition System

To develop a rich data set of good and bad (i.e., welds with aailts) welds, a robotic
welding system was assembled that included a robot, and a GMAsystem including a
digital welding power source, several sensors includinglteme and current sensing, video
camera, 2D pro ler, mass ow controller, and data acquisititn computer. A system block

diagram is shown in Figure 4.4 depicting how we augmented a igpl robotic system with
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sla Flow
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_ Position .
s Systemand i
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B
Weld Geometry Profile . @
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Offline Learning E . ¥ | 2
System b [ Visuar |,
Camera |~
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Figure 4.4: System Block Diagram
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these additional sensors to capture the process measuralputs, weld geometry, visual
images and sub-surface weld information; and how they all into the o ine-learning system
to produce a learned model that captures the dynamics of thewtroller and the physical
process for online weld defect detection and diagnosis. Thisual images were only used
for human visualization of the process while the robot poseaw instrumental in registering
the time synchronized process data with the spatial inforntion like weld geometry and
radiographic images.

The actual system build up is shown in Figure 4.5 alongside thterconnection between

the main devices used. The pro ler can be seen at below the tbrand the video camera is

behind the torch head.

Mass Flow Controller Computer A

—— Ethernet = |/0 == USB

Network Switch

Robot
Controller

Figure 4.5: A reliable data acquisition system

A brief description of each devices is given as follows:

Power Supply: A Lincoln Electric POWER WAVE ® S500, which is capable of high speed
waveform control like pulse and pulse-on-pulse technology utilized. It has over 200 wave-

forms inbuilt which are designed to ensure arc stability anaptimal arc length. It also
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allows for waveform modi cation using the appropriate propetary software. Its most rel-
evant importance to this work is the accessibility to the inernal operations which allowed
the acquisition of voltage, current and arc length error at 20 kHz and at a bit resolution of

15 bits, 15 bits and 16 bits respectively.

Robot: This is a standard 6-DOF ABB 1660ID robot designed for weldingpplications.

It holds the welding torch and publishes the pose of the torcht 250 Hz using the Robot
Reference Interface (RRI) via Ethernet. The robot contro#lr also outputs a signal called
dwell bits which indicates which side of the weld joint the elctrode is during a weave motion

from the weld center line.

Camera: Visual image capturing was performed using a GS3-U3-23S6C dbrey camera
mounted to view the weld puddle at the leading edge. With an agsiated signal of arc
short circuit events from the power supply, clear images (gilar to images expected from
very expensive High Dynamic Range cameras) of the weld poolrev@btained by triggering
the camera at those short circuit periods. However, it comesittv a drawback of capturing
images sporadically based on when these short circuit everdccur between the electrode

and the plate.

FPGA: A National Instrument cRIO-9024 is used as the main data acggition and syn-
chronizing device. It was equipped with a Digital 1/O module NI-9403, and an analog
module NI-9201 which handled the synchronization, cameraiggering and data logging of

the digital and analog signals from the robot controller andhe power supply.

Mass Flow Controller:  As part of the experimental design, we were interested in vang
the gas ow rate for di erent welding procedures. To ensureight control and repeatability

of the shielding gas ow rate, a Smart-Trak 50 mass ow contiter was used.

Laser Proler: For measuring the weld bead pro le, a Keyence LJ-V7080 pro leatnera

which was mounted on the upper side of the welding torch wasiliged. This camera measures
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the pro le across the weld at a resolution of 0.05 mm. By usingn incremental motion of

the robot, 3-D pro les of each weld are created with a resolign of 0.5 mm along the weld.

Radiography: For sub-surface evaluation, all the welds were radio-grapti post-process

using a digital X-ray machine.
4.3 Data Collection Procedure

In the framework, we alluded to acquiring data in-process @npost-process, see Fig-
ure 4.1. This in fact involved sequence of operations. As aftemplemented, the weld
pro le could be captured in-process trailing the welding spt. Of-course, this comes with
the overhead of handling delays in the acquisition, pro le ata stabilization during robot
weaving motions, and data overload. Also, radiography canlbe done online nor in-situ.
Instead, we adopted a 4-stage sequential acquisition pregsenamely Pre-weld, During-weld,

Post-Weld/In-situ and Post-Weld as depicted in Figure 4.6 bew.

Pre-Weld During-Weld Post-Weld-In-Situ Post-Weld

« Calibrate Torch and * Capture process data, « Capture weld profile and * Radiography
Profiler TCP visual images and robot robot pose
* Add Sync Markings pose

Figure 4.6: Data collection procedure

Pre-Weld: During this stage of the process before welding, the tool d¢en point (TCP)

of the electrode at the welding torch is calibrated, likewesthe TCP of the pro ler camera
in order to have a reference point for overlaying post-weld-situ data measurements with
the real-time online data acquisition. To ensure registran with radiographic images, the
plates are marked with notches that are observable by the pter camera and the X-ray

machine.
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During-Weld:  In-process (i.e., while welding), a synchronized measurent of the voltage,
current, arc length error, torch pose and visual images aregormed; which are synchronized
in time by a system-wide timing signal of 1 kHz that is superimpsed on each data stream

source.

Post-Weld/In-situ: After the weld is completed, the weld bead is cleansed of anyriace
slags or dirt. Weldment still in position and using the same ath during welding, an incre-
mental measurements of 0.5 mm of the weld bead is taken. At eyaneasurement point,

each pro le captured is logged alongside the present posetioé robot.

Post-Weld: At the nal stage, the weldment is removed from the xture andthen radio-

graphed.
4.4 Experimental Design

Now, we have a data acquisition system and a procedure for geateng di erent ex-
periments. What is yet unanswered is \what experiments are weinning?". Since we are
investigating defect detection and diagnosis under certaiprocess variations given a weld-
ing procedure, we had to identify a welding procedure for agng a good weld and then
determine how to induce/simulate those process variatioren the system.

There is no unique welding procedure (a set of welding paratees) to creating an ac-
ceptable weld. However, there are general practices that leabeen adopted over time. In
robotic welding, these variations in parameter settings arquite limited compared to a hu-
man welder. For example, torch motion and orientation in robts are con ned to weaving
or not weaving while humans are capable of more sophisticdtenotion in stirring the weld
pool at odd work angles. Hence, a normal process variation @ft encountered in robotic
welding are weaving/not weaving and welding in at and horipntal positions. Also, welding
parameters are designed before hand for every welding prdwe and are kept the same

during production.
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Induced Process Variation

No
Variation

between

Resulting Defects

Process Parameters

Wire Feed Speed : 180 mm/s (425 ipm) Robot weaving frequency : 1.91 Hz (width: 3mm, length:

Travel Speed : 7.62 mm/s (18 ipm) 4mm)

Contact-TipTo-t}EIl ]¢3 v W ifiuu ~iXAd_<Z} }§ A oo 38 A oo P e« v v E W

Shielding gas composition : 90% Argon/10%,CO Wire type : SuperArc L-56 (ER76)5-

Gas flow rate : 16.52 L/min (35 cfh) t)JE JusS EW iXiuu ~iXidfi_-

Wo § SZ] Iv ¢« W X060 uu ~ilio_- Plate temperature before welding : < 126

Plate condition : No mill scale Weld type : Fillet welds

Weld Mode : RapidArc (Pulsed Process) Joint type : T-Joints

Work angle : 45 degrees Travel angle : 10 degrees, Push
Process Variation Number of Welds

Horizontal Position Flat Position
No Weaving Weaving No Weaving Weaving

Good 20 60* 15 45*
Primer 10 30* 10 30*
Light Oil 12 12 10 10
Shielding Gas 28 28 28 28
Gap between plates 20 20 14 14
Erratic Wire feeding 24 24 12 12
Out of Joint 20 20 10 10
Total Welds Per
Motion Variation 134 194 99 149
Total Welds Per
Welding Position 328 248
Overall Total Welds 576
Overall Total Runs 144

* The welds include three weaving frequencies as opposed todtteer welds with only a single
weaving frequency.

Figure 4.7: Experimental Design
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Based on this, we have designed the experiments to captureethormal common process
variation|motion variation and welding position|while we induce the other process varia-
tions that can lead to the formation of defects as laid out in Fjure 4.7 above. This provides
us with a rich set of data in making good predictions includig variations in welding position
and torch motion. Also, the same weld parameters are used assoexperiments except in
instances when we are interested in seeing their e ects onethvelds.

All experiments were conducted with llet welds on T-joints. To ensure consistency of
results, all plates were free of mill scales and the tempeuaé of the plates were below 22
(12C°F) before all data collections. We focused on one secondaryusa per each primary
cause except in the case of contaminants where we explore@ thresence of either oil or
primer, as shown in Figure 4.7. For each variation, we ran atdst 10 welds, with four weld
segments in a run, i.e., a single llet weld. Though welded otinuously, each weld segment
is a weld procedure in itself. Figure 4.8 shows a single run taining four weld procedures.
Each weld segment is about 66m long with di erent motion parameters, that is, each run
could have one to four welding procedures executed. We hadeahating weld procedures

with no weaving and weaving motion included.

No weaving Weaving No weaving Weaving

Figure 4.8: A single run of a weld

4.5 Process Variation Simulation

Inducing process variation experimentally could be somates more challenging than its

accidental occurrence, especially when creating defects.
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4.5.1 Shielding Gas Coverage

Varying shielding gas was the easiest of all. With a mass ow wwoller, Figure 4.9, we
varied the gas ow rate for di erent welding procedures usig binary search until porosity
occurred. The variation ranged between 2.50 and 8.26 I/ming. 15% to 50% of the nhominal
gas ow rate. All of these were carried out at steady-state, @t is, for each run the gas was
purged until a preset ow rate was achieved before strikingie arc. We did not vary the gas
ow rate while welding.

Apart from the possible changes in penetration over those rge of variations, porosity
only started occurring after a threshold. There was no gradu visibility of pores in the
weld. This means for porosity development with respect to gacoverage, it is either the gas

coverage is su cient or not.

i 2 iaisios pOMsnbhasatass o3
&_oss of Shielding ng/

Figure 4.9: Gas coverage

4.5.2 Erratic Wire Feeding

This presented itself as the most di cult of all to simulate. Typically, erratic wire feeding
has a tendency to shut-o the arc in the worst-case scenaria cesult in burnback (when
the electrode burns back into the contact-tip and both are wded together). This is not
particularly interesting for our investigation, hence, tie di culty. We needed a continuous

arc while the electrode is fed erratically, at the same timeesulting in a defect. To achieve
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this, we created just enough additional tension in the wireekding process by loading the
wire barrel with weights and/or using a wire straightener ashown in Figure 4.10. From the
resulting weld in these particular sets of experiments, nooposity was observed as intended

but there was inconsistent geometry.

| LT, R T )
\Erratic

Figure 4.10: Erratic Wire Feeding

Wire Feedirm/

45.3 Out of Joint

In the event when joint tracking fails, the torch can go out ojoint leading to unacceptable
weld bead pro le. Simulating this variation involved addirg di erent o sets to the original
path of the robot in both Y-axis and Z-axis of the weldment as siwn in Figure 4.11. The

o sets for each axis varied from 3mm, 5mm and 7mm.

v

\ Out of Joint

Figure 4.11: Out of joint
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45.4 Gap between Plates

In certain setup especially when air is sucked in from the baside of the welded joint,
root gap can potentially lead to porosity and/or inconsistat geometry. In our case, we only
observed the latter. To induce this variation, we o set the bp (left) plate, ranging between
2mm to 6mm from the bottom (right) plate in horizontal ( at) w elding position as indicated
in Figure 4.12. To add to the richness in the data, we varied thevelding path from its
original path for each run by aligning the electrode to di eent ends of the gap. That is,
in some runs, the electrode was aligned to the supposed faoetact of the bottom (right)
plate to the weld joint|the original path; while in others, i t was aligned to the top (left)

plate at the supposed edge-contact with the weld joint or indtween the gap.

Root Gap /

Figure 4.12: Root Gap

455 Contaminants

Primer is a very common coating agent used in the ship buildinindustries to prevent
rusting. When applied in the right proportion, it is always deirable to weld over them
without the development of porosity. Hence, we applied primever each plate with di erent
thicknesses. Rather than ensuring uniformity which was a elienge, instead, we applied the
primer as uniformly as possible, then measured the thickrees along the joint at 1 sample/12

mm. These thicknesses varied between 0.015 and 0.06 mm ((hé 2.5 mils i.e., thousands
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of an inch). As known in the literature, the likelihood of fornation of porosity in the weld
increased with higher primer thicknesses.

As for oil contamination, we applied varieties of oil types gbwn in Figure 4.13 like grease,
WD-40, hydraulic oil AW-46 and motor oil 10W-30. None of the oilsasulted in porosity
except the grease. This is due to the oil burning o and the sfudr content of the electrode

which aids the removal of impurities from the weld pool.

ontamints

Figure 4.13: Contaminants
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CHAPTER 5
DATASET CREATION

In the previous chapter, we introduced the overall framewkrand the physical aspect (i.e.,
hardware, setup, procedure and simulation) to creating theeeded data. In this chapter, we
discuss more on the internal workings of this process and taggorithms used for evaluating
and processing the data into a usable form.

In several machine learning applications, it is not uncomnmato have a repository of data
that can be used collectively by researchers to test new atgbms or explore patterns in the
data. In welding applications, these datasets are not redgliavailable; even when they are,
they are either inaccessible or not in the structure appropte for use in learning methods.

We provide a solution to this problem in this chapter.
5.1 Data Synchronization

Successful development and evaluation of a supervised wejgality predictive model
hinges on establishing correspondence between the weldgass data and an accurate loca-
tion of the weld defect. Achieving this involves both time sychronization of the in-process
weld data along with the spatial alignment of the post-pros weld quality data. Given
our setup, this means keeping track of the synchronizationgsals or markers embedded in
each stage of the data acquisition, as depicted in green in Erg 4.6 in the previous chapter,
and synchronizing within and across the acquisition stage$his is done in two ways: time

synchronization and spatial alignment.
5.1.1 Time Synchronization

This involves the synchronization of data provided by the pser supply (process data)
and the robot (positional information of the electrode). Sychronizing these devices is not as

straight forward as one will think; they all use separate comunication channels and are not
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presently built for this purpose. This is a general challergin the robotic welding industry.
Hence, it needed certain creativity and pushing of the limitef these devices.

According to Figure 5.1, the power supply and the robot contrtdr send their data to
a master acquisition device|a computer in this case|over separate channels, each with its
own time stamp. This inherently comes with the problem of maignment in the individual
timing signals. By creating a central timing signal composkeof 1 kHz pulse streams, the
power supply is synced with the Data Acquisition (DAQ) deviceNI cRIO-9024, by sampling
these timing-bits at 120kHz and overlaying them with the resbf the data in the power supply.
As for the robot controller, there is an internal restrictionto adding these timing-bits with
the pose data. Instead, an internal sync signal called weasgnc is added to the robot pose
data which changes state at the beginning of every weldinggmedure/segment during a weld
run(note that we ran four welding procedures/segments per single weld run, see Section

4.4). The DAQ device is then used to capture this weave-synigsal while simultaneously

Stream 3 Stream 2
S NN
1@ Qe via,
T D 514
ST Computer S22 D
I(D.' oIS IEI=
LN )] Si10101 €0
1 < ) ) 'I: 1
= S N I A
| Weave-Sync |
. Timing-bits !
____Dwell-bits___ |
Stream 1 4
Dwell-bits
Internal
Weave-Sync Variables
Pose »  Timing-bits
Robot Controller \ 2 / Power Supply
DAQ

Figure 5.1: Time synchronization
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logging its own timing signal which is the central timer. To landle latency, dwell-bits|a
digital signal from the robot controller which indicates wien the electrode is in the side walls
with less than 1 ms latencyl|is also included. Adding these dwi-bits signal directly to the
pose data should have been the easiest solution but is not popted either.

As shown in Figure 5.1, we end up with three separate data streamto the computer,
which are merged together by up-sampling to the same samgifrequency of 120 kHz. This
includes Stream 1 from the DAQ device consisting of weaversy dwell-bits and central
timing-bits, Stream 2 from the power supply containing the entral timing-bits with voltage,
current, arc length error and other internal data, and nall, Stream 3 with weave-sync and
pose data from the robot controller.

To minimize any latency to within 1 ms between the data strearfrom the robot controller
and the DAQ central-timing bits, we isolate the robot pose da corresponding to a weave
motion region using the start dwell-bit, the end dwell-bit &ad the weave-sync state. The
weave-sync state indicates the weaving region in the data wéhthe start and end dwell-bits
acts as reference points for when the electrode was rst in @nast out of the side walls.
By computing the phase-shift in the robot pose data in its wed@ng axis with its mirrored
version within these reference points, we could then redutiee latency to the 1 ms target.
The 1 ms is an excellent resolution of time since the robot isaveling at 7.62 mm/s.

In most welding research test-bed, simple specialized maoized systems are often used,
hence making it possible to acquire the position of the eleote alongside the process data
using a single acquisition system; while in others, positial information are either not
acquired (or approximated meaning eye-balled) or not needle In our work, positional in-
formation is crucial but its accessibility is limited by theavailable communication protocol
and its associated latency. The time synchronization aspeaf this approach in itself is not
new, in fact, it is an old technique, however, by combining ivith the latency reduction
approach, it allowed the gathering of a new set of weld datayrschronized precisely in ways

in which people have not been approaching the problem espali in locating weld defects
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with accuracy alongside the process data.

We present a 0.5 sec snippet of the time synchronization owtpfor a weld run in Fig-
ure 5.2. It contains the voltage, current, weld pro le scanweld pro le image, dwell-bits,
the electrode position in the weaving-axis of the robot agast time and the weld image.
The electrode position, depicted with the green marker, casponds to the weld pro le scan
(third-left) at that location in time. The dwell-bits are shown in the top-two right gures,
one for the left (1F)/Top (2F) side and the other right (1F)/bott om (2F) side of the plate
wall respectively (1F & 2F refer to the weld positions), whé the voltage and the current
are the top-two left gures with the two red markers showing avindow time of 66 msec that

maps to a 0.5 mm weld pro le scan interval, when the electrodeas at that location.
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Figure 5.2: Synchronized In-process data with weld pro le ahweld visual photo

5.1.2 Spatial Alignment

Since the positional information is already synchronizedith the in-process data, all other
data acquired post-process can then be aligned provided yhbave the correct positional
information. For the weld pro le data, alignment is quite smple once the pro le camera is

calibrated to have the same Tool center point (TCP) as the et¢rode. By retracing the same
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programmed path used while welding, the pose data is acqudréogether with each pro le
scan of the weld.

What about the radiographic image? This is done indirectly. Ashown in the previous
chapter, Section 4.3, we embedded markers (a form of ducglon the weld plates that
re ected in both the radiographic image and the pro le scans Hence, we could align the
radiographic image with the rest of the data by registering with the pro le image since the
pro le scans contains the positional information. By usinghese common features/embedded
markers (although other types of common features can be u3@aboth the weld pro le image
and the radiographic image with the actual dimension of the wding plate, a homography

transform is computed to register the images together. Theeps are presented below:

1. Create an orthophotograph of the input image, in this cas¢he X-ray image. This is
the correction of the camera angle at some o -axis to make ibok like it was taken
directly overhead, see [60]. Using the edges of the bottom f@las the control points,
we calculate the transform between the actual plate dimermis and the X-ray image.
This transform is then used to create a scaled ortho-radiogfnic image as shown in

Figure 5.3 below.

______

el plate l _, [ -

Dimension

............

Figure 5.3: Mapping X-ray image to the actual plate dimension

2. Calculate the homography transform between the weld prte image (in pixels) and the
scaled ortho-radiographic image above using the embeddedrkers/features common
to both images. Using this transform, we can then map the poginal information of

the weld pro le to the x-ray image.
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3. Extract the weld region from the scaled ortho-radiograpb image with its correspond-
ing positional information using active contour [61]. An extacted weld region is shown

in Figure 5.4. We can then evaluate this region for defects.

Figure 5.4: Weld region from a radiographic image

Using the same method, we can also add positional information the weld photograph,
that is, the visual image. An alignment of the weld pro le imag with the x-ray image and

the weld photograph is shown in Figure 5.5.

Direction of Travel --->

Weld Profile Image

Weld Radiograhic Image

Weld Visual Image

Ruler

10 20 30 40 50 &0 70 a0 90 100 110 120 130 140 150 160 170 180 190 200 210 220 230 240 25
Position (mm)

Figure 5.5: Spatial alignment of pro le, radiographic and \8ual images for a single weld run

As you can observe, we can see what the weld looks like on theface with a sense of what it
looks like underneath the surface. Additionally, we have thmformation to understand the
geometry of the weld bead. With such alignment, it means that@can provide an evaluation
of the weld at any location we desire within the resolution ofhe pro ler data and at the
same time identify the corresponding process data. We seastlas a great step forward in
this work and in the prediction of weld quality at large. Howeer, these are just registered

images. We need actionable evaluation information for traing our learning systems and
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to identify any new patterns. In the next section, we discusan objective way of doing
this, such that we automatically label slices of the weld asefiective or non-defective given a

threshold.

5.2 Quantitative Weld Evaluation

It is very common to evaluate weld subjectively, even with ta availability of standards
like AWS D1.1. Within these standards, there are thresholds #t must not be exceeded.
However, with humans in the loop taking the measurements andsa making the judgments,
uniformity cannot be guaranteed.

In this section, we present some objective evaluation tedgmes which allow automatic
identi cation of defect with exibility to de ne threshold s for what should be considered
acceptable or not acceptable. This is in accordance with whthe standards require. For
example, in the AWS D1.1 for a llet weld, it species that the anount of visual piping
porosity 1 mm or greater in diameter shall not exceed 10 mm imw linear 12 mm of weld.
Also, one can nd a table that looks like Figure 5.6, specifyinghe maximum allowable
convexity and the minimum concavity requirements (provide the leg lengths are not below

the speci ed nominal size) for a given weld face width.

Width of Weld Criteria
c@\ %, V\;:?rz?ﬁ) Min C Max C
RN I \i (mm) (mm)
_______ O < 4 G 06X 0 2.0
Leg Lgngth \ )
(Vertical) " X Convexity 8.0 to 25-0 0 3'0
SRR e H TAX 0 5.0
Weld Root |

| i
1 Leg Length!
! (Horizontal);

Figure 5.6: AWS D1.1 Weld Pro le Schedule

These are all quantitative measures. What is left is to extradhese measurements from

the sensor data which can then be used alongside these stamda In the remainder of this
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section, we describe some methods for extracting relativebsurface porosity volume from
radiographic images, surface porosity diameter from weld@le images, and other weld
geometry information like leg lengths, weld face width andonvexity measurements from
the pro le scans. Rather than determining if the weld is acq#able or not as a whole like
the standards, we extracted this information at a resolutio of 1 mm to help us learn how
the quality of the weld is changing along the weld bead. Cldgy this is easily adaptable to

any standard.
5.2.1 Sub-surface Porosity Evaluation

Similar to certain aspects of these works [62][63], we perfobackground subtraction
based on a model obtained from multiple normalized radiogpaic images of good welds.
The idea is to capture a quintessential distribution about axed model of the surface (i.e.,
pixel intensities) of a good weld, from one toe of the weld tdeé other toe; and then nd
how the local distribution of other welds' pixel intensities about their own surfaces deviate
from this quintessential distribution regardless of glodahanges in the pixel intensities from
one weld x-ray image to another weld x-ray image.

From the way x-ray images are taken, see Figure 5.7, the suréaaf the weld bead from the
radiographic image can be modeled as a quadratic surface. Alsom the previous section,
we have discussed how to extract the x-ray of the weld bead finothe radiographic image.

However, the global pixel intensities of these images di erdm one to another depending on

2N
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(0,0) 1
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Figure 5.7: Normalizing the x-ray image pixel intensity and wd width
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operators. Also, the width of the weld is not always the same gending on the positioning
of the x-ray source to the plate, and also the actual width ofhe weld bead. To avoid the
e ect of all these possible variations, we normalized the gmented weld bead x-ray image
in pixel intensity and weld width as shown in Figure 5.7. Suchhiat, when the surface of
any weld is modeled, we obtain normalized pixel intensitighat are representative of the
densities of the weld bead from one toe of the weld to the oth&re of the weld. One other
thing to keep in mind is that we discard the ends of the weld béan the x-ray image.

To nd a quintessential distribution of the pixel intensities for good welds, we concatenate
normalized x-ray images of good welds and t a quadratic cueto them. From this quadratic
curve, we then compute the residual which is the deviation @ach pixel intensity given its
position across the normalized width of the weld from the quinatic curve. See Figure 5.8
for an example of ve good welds. The variance,?, of these residuals approximates the

quintessential distribution that we need for the evaluatia process of other welds.

Residuals from Model Fitting
Image Intensities of 5 Training Welds 0.15

Normalized Image Intensity
Normalized Image Intensity

- 0 01 0.2 0.3 0.4 0.5 0.6 07 08 09 1 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Normalized Image Width Top - Bottom Normalized Image Width Top - Bottom

(a) (b)

Figure 5.8: (a) Fitting a quadratic curve to normalized pixel mtensities of good welds (b)
The residuals of the model with the 2-standard deviation main

As for the evaluation process, we present the steps below. Then is to compute a
unit-less measure that represents the volume of the poresrlad in the weld at di erent
location along the weld at a resolution of 1. mm. Some macroatvation examples of porous
welds with their corresponding x-ray images are shown in Figau5.9. From these images,

we can observe that the darker spots means deep holes whilenecareas are not so dark
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but elongated along the weld. This means that there is a relanship between the pixel

intensities and the pore sizes and depths.

1. Gas Tracks

2. Elongated/
Linear
" Porosity

22 23 24 25 26

LTt e e e

3. Piping
Porosity/
Wormhole

8 9 : 10 11 12
L e e e

Figure 5.9: Macro-evaluation of some welds with porosity

To capture this information as a form of pore volume at everylise of the weld, we

perform the following:

1. Segment the weld region from the x-ray image and discardetfends of the weld bead.
2. Normalize the segmented weld region in pixel intensity andidth.

3. Perform local background subtraction, instead of a globane to account for pixel
intensity variation along the weld. That is, we t a quadratic surface locally to an

equivalent of 1 mm slices of the weld and then compute the rdaals,e = f (xi) pi,
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for each slice, see Figure 5.10. To maintain insensitivity toutliers, we used a robust
least square method, least absolute residuals, which minires the absolute di erences

of the residuals rather than the squared di erence.
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Figure 5.10: Finding outliers

4. Compute outliers. These are pixel intensities that fall €low the 2 of the residu-
als of the training welds. Those above this threshold are igred since they are not

representative of pores in the weld.

jei wij 2 . < 2
d = & WS (5.1)
0; otherwise
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Note that the lower the pixel intensity, the darker the region Since the image segmen-
tation is not always completely exact at the edges of the welggion, we introduced a
weighing function in the form of a normal distribution with its mean centered around
the center of the weld region. This weighty;, takes into consideration the likelihood

of a pixel being located within the weld bead and not just the Ipte.

5. Finally, compute the pore volume score which is:

B R
pore volume score per slice= v di (5.2)
i
where M is the number of pixels per width of the weld slice and N the total number of
pixels within the slice. The distanced;, captures the depth of the pores as indicated by
the pixel intensity while the number of outlier pixels (i.e, with non-zerod;s) represents

the area of the pore.

A result of an evaluation computed using this method is showin Figure 5.11. It shows

a normalized image at the bottom of the gure and the correspaling scores at every 1 mm

interval.
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Figure 5.11: A sub-surface evaluation from the radiographimage of a weld.
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5.2.2 Surface Porosity Evaluation

We recognize the work done by Servo-Robot in identifying sface porosity and weld
pro le evaluation, but their work is proprietary. We preser a simple, easy and fast yet robust
way to detect and measure the diameter of surface porosity amweld. Image binarization is
always quite tricky when working with images from visual canras due to variation in light
intensity. We rst began exploring edge detection algoritins to extract the surface porosity
until we realized that image created by a laser prole camera not a ected by external
light intensity. With this realization, we can then perform smple image binarization after
performing some local ltering of the image. Steps are prayed below. The resulting image

of each step is shown in Figure 5.12.

Step 3:

Step 4 :

Actual
Weld

Figure 5.12: Step by step images at each step of the surfaceleation process
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1. Transform pro le scan into image while retaining the scaig.
2. Filter the image by computing the local standard deviatiorat every pixel location.

3. Binarize the image using Otsu's method [64] which nds an tensity threshold that

minimizes the intra-class variance between the two classaeshite and black regions.

4. Finally, perform blob analysis on the image to extract theraa of the white blobs. This
is done by counting the number of pixels within that region. W can then compute the

e ective diameter in mm since we know the number of pixels panm.

An evaluation result is shown in Figure 5.13. It shows the comped diameter of each
pore belonging to a location on the weld. Note that the blob athte right of the weld is not
really a surface pore but can be accounted for simply by onlpdking at blobs below the

binarization threshold.
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Figure 5.13: A surface evaluation for weld surface porosityeasured in pore diameter
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5.2.3 Geometric Evaluation

From the term \geometry", this section involves extractingthe geometric properties of
the weld like width, length and curvature. As one will imagingeit is based on manipulating
lines and curves as presented in these works [43][65][68][@ he only challenge is performing
these operations in a robust manner especially in di ererdting between the base plates and
the face of the weld bead. Once this is done, identifying dets is quite straight forward.

We approached this evaluation using mainly the K-means cligging algorithm [68] and
the least absolute residual algorithm for line and curve ting. After averaging the scans
within the interested slice of the weld, we nd an approximag¢ segmentation of the base plates
from the weld face as shown in the second plot in Figure 5.14. i$his done by clustering
based on the cross section distance and the height of the pi® scan. The intersection of

the tted lines to these segmented scan points representirtige left and right plates becomes

Averaged Profile Scan K- means of 3 clusters
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Figure 5.14: A surface evaluation for weld surface porosityeasured in pore diameter
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the root of the joint, an important feature for computing the leg-lengths, see Figure 5.6.
We then extract the weld face by nding the points when the saapoints just curves away

from the tted lines as shown in plot 4 of Figure 5.14. The curvaure of the weld can then

be computed by tting a quadratic curve to the weld face. To d&ermine the leg-lengths,

we have to nd the largest right angle triangle inscribed in bhe weld slice ignoring the pore.
That is, we are only considering the e ective curvature of tb weld. For convex welds, this
is the intersections of the weld face curve with the tted lies representing the weld plates.
In the case of a concave weld as shown in plot 5 of Figure 5.14¢ tburve has to be o set

by the height of the convexity, where the convexity is the diance between the maximum
point on the weld face curvature and the line joining the toesf the weld for either cases.
The sides of this triangle are then measured to denote the tleind right leg lengths while

the length of the hypotenuse of the triangle denotes the wefdce width.

A sample geometric evaluation for a complete weld is shown kigure 5.15.

Convexity

1 1
50 100 150 200 25

Weld Face

Left Leg

1
50 100 150 200 25
Position (mm)

Direction of Travel -->

Figure 5.15: Extraction of convexity, weld face width, and & and right leg lengths from
the geometric evaluation of the line scans from each 1 mm waedlice.
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5.3 Data Labeling

To show how well the above algorithms work, we have shown twoamples of a combined
evaluation for two di erent welds in Figure 5.16 and Figure 5.1. The green marker denotes
the start and the end of where the weld was evaluated for subséace porosity.

Although, the results of the evaluation have gradations, wera only interested in deter-
mining if the weld is good or if it has porosity or geometric iconsistencies. This we achieve

through these combined evaluations, by use of a threshold arcombinations of thresholds

Convexity

Height (mm)

Weld Face

Width (mm)

Leg Length

R-»Leg(mm)

Porosity

Diameter (mm)

Position (mm)

24
e R o BB BB X

(WELD CPFL0O011P1PR) Direction of Travel -->

Figure 5.16: Sample 1: Combined Evaluation
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to determine if each slice of the weld has the interested defe At the slice labeling level,
we call it \micro-defect labeling” while that of a whole weldis considered as \macro-defect
labeling”. Hence, we can change these thresholds to help uslarstand where and when the
learning system is performing well. More details about thehtesholds are in later chapters.
As for the process variation labels, they are added to the datahile inducing the variation

in the experimental design, see Figure 4.1.

Weld Face

mm)

Diameter (

(WELD CPFLO020P10PR) Direction of Travel -->

Figure 5.17: Sample 2: Combined Evaluation
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5.4 Summary

So far, we have spent much e ort coming up with e cient and acarate methods for
synchronizing both the input process data with the correspling objective evaluation. As
we have established, this is a necessary step to make any ukebnclusions in later chapters.
Although, we needed to simply identify two defects, it is inteesting to see how much e ort it
required to get to that point. It was essentially designing & automated inspection system.
The good thing is that, we have been able to explore that ared work and design robust
evaluation algorithms that can be very e ective for onlinenspection and also help in further

investigations beyond the scope of this present work.
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CHAPTER 6
FEATURE DEVELOPMENT

In Chapter 4, we described a feature as a N-Dimensional vectof numbers describing
an object of interest. This can be as simple as vectorizingdhraw input data, in this case,
voltage and current. Or we can use the coe cients from somedquency analysis of these
input data, or extract some statistical properties like mea, variance, skewness, kurtosis
etc. However, these representations exclusively do not prde any intuition as to how the
welding process works.

In this chapter, we discuss a exible and an intuitive formalrepresentation that allows
the addition of expert knowledge about the welding processlt is based on the popular
\bag-of-words" approach. The expectation is that this appoach will not only help in the
learning process of predicting and diagnosing the interest defects, but will also allow us
to have a better understanding of the welding process from ¢hview point of weld quality,

given input process data like voltage, current and position
6.1 Bag-of-Words Representation

The name, Bag-of-Words (BoW) is a very commonly used represation in the informa-
tion retrieval and natural language processing communitylt provides a simpli cation for
capturing the frequency of words contained in a document gim a dictionary. In its simplest
form, given two documents like those in Figure 6.1, by lookingt the word counts, we can
determine what type of document they are. Although, the wordworld" is present in both
documents, the occurrence of other words like \Robot", \God, \Computation"”, give us
an impression that \Document A" must be a scienti c/technica material while the other
document must be a spiritual one.

Why is that? Because we have a prior knowledge that some of thagenti ed words are

common in spiritual documents while the others are common tcienti c documents. Also,
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Document A Frequency

This method allows simultaneous computation of thd A B
rigid transformations fromworld frame torobot base World
frame and from handframe to cameraframe. 1 1
Robot 1 0
o | Frame 3 0
o
= | Computation 1 0
Document B God 0 1
ForGodso loved theworld, that he gave his only Life 0 1
begotten Son, that whosoever believeth in him shoulfl
not perish, but have everlastingfe. >< >< X
) ) =<

Figure 6.1: Bag of Words

we can check for the similarity between the two documents ung these same word count
approach and still arrive at a correct conclusion. What we ddndo is to compare word-to-
word to determine the similarity between the documents likés done in \string" similarity
using character-to-character matching. So by represengrdocuments as histogram of words
and matching them with their corresponding classes, BoW hdseen successfully used in
document classi cation, document retrieval, spam deteain etc. [69]. Although, there are
other subtleties like removing stop words e.g., \is" and \tle", weighting the occurrence of
some words more than others based on how less common they arether documents [70],
working with \characters" instead, adding temporal relatonships and so on; BoW in its
simplest form has been successful in these areas.

Based on these successes, BoW found its way into other eldlel computer vision and
time series analysis. In computer vision, it has been usedcsassfully in areas like place
recognition [71], human-activity recognition [72], cont&-based image retrieval, object de-
tection and recognition [73]. Since there is no dictionaryravocabulary for images, a visual
dictionary is often learned from a corpus of visual words aNable in a set of provided images.
These visual words are discrete labels or codes that are gagd to regions in the images that
have similar description based on descriptors like SIFT, SURFKIST or raw pixel values;

with the purpose of capturing an informative summary of themage, just like in documents.
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In time series data analysis, a similar approach has gainedl@vance but it requires
dividing the data into overlapping local segments. In the k&t decade, BoW has been used in
time series classi cation with better results in music clas cation [74], audio classi cation
of birds species [75] and classi cation of biomedical dat&€] as compared to traditional
approaches. These successes can be attributed to the apitbif Bow to capture both local
and global structure similarity information in the data. We give better insight into this in

the next section.
6.2 Exploiting Structure for Time Series Classi cation

A time series X ;=; Xq;::::; % IS a collection oft real-valued variables indexed in time
order. This real-valued variable x, can be stock price, temperature, voltage, etc.; and most
times, they are collected over a long period of time. Over thiperiod, they exhibit di erent
patterns and based on these patterns, we like to make inforthge decisions like detecting an
anomaly or assigning them to prede ned classes. These patie however, can be localized
or global or both in nature, depending on the characteristinature of the signal source. If we
are trying to query a database|a common task in time series aalysis|for short segments
of time series data, we can search using local structures. Hawar, if we are interested in
making decisions or extracting actionable information frm longer time series data like we
are in this work, we need to consider the global structural miilarity as well, or else, it will
be synonymous to engaging in word-to-word matching to detaine the similarity between
two documents.

Methods like SVD, SAX (a symbolic representation), DWT, mean, ®dian, etc. can be
e ective at capturing local information while trend analyss methods or frequency histogram
can be used for extracting the global information. However, ost existing methods do not
capture e ectively both structures together. For examplefrequency analysis is more e ec-
tive in representing periodic waveforms but not with long tne series data with localized
characteristic waveforms [76]. Wavelets are localized byesign but still do not represent

both structures e ciently in long time series [77]. With BoW representation, we possess
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a framework that allows assorted combinations of any of thesnethods in an e cient and
intuitive manner. For instance, the histogram in BoW captues the frequency content at
a global scale while the local structures are embedded as nbuilding blocks instead of
using the raw data points. This means, we can represent the tda(using any locally e -
cient representation) by assigning codes or words uniquely tli erentiate interested local
structures present in the time-series data; and then look fdrends and frequency content,
as a way of capturing the global information. See Figure 6.2rfa summary of some possible
representations, measures and algorithms within this fragwork. Also, BoW allows using

varying length local feature sets to capture the local struate within a time interval [78].

Global Structure
Representations: Algorithms: Similarity Measures:
FHistogram tTrends Analysis tEuclidean Distance
¥ N-gram t Classification Models 1 Jensen-Shannon Distance
T Hidden Markov Model FChisquare Distance
Local Structure
Representations:
tRaw data Based tFeature Based tShape Based
iFixed length ¥ Mean, Variance, Skewness I Parametric Models
{Variable length T DWT coefficients T Symbolic e.g., SAX
¥ SVD components
Algorithms:
1+ Dynamic Time Warping (DTW)| Physical Structuréif any, it can be
¥ Clustering algorithms synonymous to words or characters BioW)
1 K-Means :
T DBSCAN _ AR i\ o
¥ Hierarchical clustering etg. : -
Birds
Similarity Measures: . Wr"\/{kr‘\‘_
tEuclidean Distance Pulsed-Process
IDTW Distance T ‘ ‘
tEarth Mover Distance (EMD) Heart Beat f \ /f \ [ \ (\
1 Physical Quantity e.g., Power - -

Figure 6.2: A summary of exploiting structures in time seriesignals [75][76][77][78][79][80]
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Taking it further, this framework allows us to exploit the claracteristic nature of the
signal source. In the time series classi cation referencabove, this was not considered as
they used an arbitrarily xed length for determining the corient that represents the local
structure. Of course, a lot of time series data may not have i characteristic nature but
for data originating from heart beats, pulsed-processes,usical instruments, birds, gaits
etc., the local structure should be based on the charactditsnature of the signal sources.
However, there is an added computational overhead of segmagtout the local structures.
In this work, this is not a problem in any form. Moreover, thee are added advantages in this,
such that, we can explore the interaction between the localractures as a representation of
the dynamics in the originating system. Also, we have the aliif to group or assign codes to
these local structures based on some physical quantity spedo our knowledge about the
system rather than being con ned to traditional time seriesmeasures. Additionally, we can
map back the interpretation of the results we get for better nderstanding of the process.

Hence, we present the Bag-of-Pulses representation.
6.3 Bag-of-Pulses Representation

Depending on the application domain and author's choice ofonds, BoW has adopted
several names over the years e.g., Bag-of-Frames, Bag-afté¥ns, Bag-of-Keypoints, Bag-of-
Features, Bag-of-Audio-Words, among others. In this work, @vrefer to it as Bag-of-Pulses
(BoP) because it is designed to take on the physical charadstic nature of the pulsed-

GMAW process.
6.3.1 Exploiting the Process Physical Characteristics

The BoP representation involves taking the time series sesrsmeasurements obtained
from the controlled welding process and re-presenting thewoncisely with new building
blocks that retain the characteristic nature of the signal @urce such that they can be fed

into a classi cation algorithm to identify defects and makediagnosis.
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As a way of adding our intuition and expert knowledge into the ew representation, these
building blocks are designed to associate the structurestime voltage and current time series
data and any other measurements with the two molten stages the welding process namely:

the droplet formation and the weld pool solidi cation.

Droplet Formation: In the early 2000's, high frequency inverters were introded which
allowed for high precision control of the welding process. his has led to the design of
waveforms that aid the transfer of uniformly sized metal dnolets per pulse. Although,
designing a suitable waveform with the correct parametersquires years of expertise, it
comes with the advantages that allow one drop per pulse, legzatter, lower average current,
increase in depth penetration, ner grains at weld fusion zee, and an overall improvement

in the quality of welds [22].

In Figure 6.3, we show some existing pulse shapes out of theesal hundreds that are
openly available. They are mainly characterized by a backpund current region where the
current is low and the arc is quieter, and the peak current régn where the electrode is
melted to detach a droplet to be pushed into the weld pool durg the tailout region. As
can be observed, they come in various shapes like rectangulapezoidal, exponential,
Figure 6.3(a-d), or some more complex shapes like in Figure @-3) to rapidly decrease the
current in the occurrence of short circuit or react to othernteractions between the plate and
the electrode. Also, with another design of the pulse shapé&diin Figure 6.3(e), the droplet
can be forcefully oscillated to detach it at a lower currenta necessity in Titanium welding.
Note that the last group, Figure 6.3(g-i), are commercially ailable while the remaining are

more academic in nature.

Given this understanding about the design of each pulse tolease a droplet at a time,
we can exploit this knowledge to extract the local structures pulses from the voltage and
current, hence, the bag-of-pulses representation. The @hmolten stage involves collection

of droplets (i.e., train of pulses).
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Figure 6.3: Dierent types of pulse shapes: (a) Rectangular [[9b) Trapezoidal [9] (c)
Exponential [9] (d) Exponential-Chair [15] (e) Active-Contol [19] (f) Double-Pulsing [81]
(9) Surface Tension Transfer, STTV [82] (h) Regulated Metal Deposition, RMBM [82] (i)
Cold Arc™ [82]

Weld Pool Solidi cation: Several droplets make the weld pool and until it solidi es, e
weld pool is continually in uenced by the activity of the draplets and the arc at the electrode
position. The region where the weld pool is being perturbedylthe local activity of the
process is what we call the \region of in uence" as we've degied in Figure 6.4. This means
that if we want to determine what happens at a particular locéon in the weld bead, it is
suitable to consider all the time series input process dataweh corresponds to all the droplets
in uencing that location until solidi cation occurs. This time series region belonging to this

period in time is referred to as the \local segment" and its legth/size is the \characteristic
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length” when it matches the region of in uence in the actual pysical process.

Local segment of sensor measurements maps to weld slice at location Y

A
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Figure 6.4: Relationship between region of in uence and the@d¢al segment of the voltage
and current time series signals

Although, this characteristic length/size may vary during he weld, we can get an ap-
proximate size from the camera image which we did by measuginthe length of the pool.
Also, given an electrode position, we can do a parameter sdahy varying the lengths of the
local segments to determine which one results in the best gretion outcome. Details are
provided in Chapter 7. Another unknown variable is the \solidlcation size" which quanti es
the distance between the electrode position and the freezed or the solidi cation point.
This, we can also nd using the camera image or the parameteeach approach. It is cus-
tomary to pick an arbitrary length in time series analysis with may be too big or too small,
but with the knowledge of this association and its physicamplication, we can make better

judgments about these parameters.
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Putting all these together, we can then represent the voltagand current time series data
in terms of a histogram of codewords for classi cation as sia in Figure 6.5. To achieve
this, we slide a window attached to the electrode position dhe travel speed of the electrode
to extract overlapping local segments that represent the ¢al activity at di erent locations
along the weld. Then for each local segment that we extractdim the weld time series data,
we break it into pulses and then represent it in terms of \codeovds" to form \sentences of
codewords”, where the consisting \pulses" are assigned @®words”. That is, each \local
segment” is converted into \sentences of codewords" that ibsequently transformed into
a histogram. But we cannot assign codewords to pulses unlegs have a known vocabulary
or a dictionary referred to as a \codebook" that we can look o to assign these words. We

take a look at this in the next section.

Training 1 Classification
i
Sliding Local . Welding H
Voltage & Window Over segment Assign Features as Count | Histogram of
Current Time =—>} — Codewords  |=— 4
. . Data Captures composed of CodeWord CodeWords| , CodeWords
Series Signal . From CodeBook H
Weld Pool Pulse Trains Sentence 1
1
1
1
i
Break into Clustering of L CodeBook ! SVI\_/I_
pulses Pulses ! Classifier
1
1
________________________________________________________________________________________ N PR
Testing i
1
:
Sliding Local . Welding |
Voltage & Window Over segment Assign Features as Count | _ Histogram of
Current Time = — Codewords  |=—
. ) Data Captures composed of CodeWord CodeWords| +  CodeWords
Series Signal ; From CodeBook |
Weld Pool Pulse Trains Sentence !
1

Figure 6.5: Analysis ow from data to Codebook to Classi catio

6.3.2 Forming Codebook of Pulses

Figure 6.6 shows a typical sequence of voltage and current ges. While their general
shape is similar, they have many secondary characteristitisat are indicative of subtle

changes in the welding process. From these time series, indual pulses are extracted and
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Figure 6.6: Typical Series of Pulses

subsequently clustered based on their similarities, an apéion to perform in the training
phase of the learning process as shown in Figure 6.5.

As we showed in Figure 6.2, there are several ways to computesttgimilarity as it
depends on the similarity measure, local representation @rhe clustering algorithm used.
For example, in the context of this work, we have options of ugg physical quantities like
heat transfer, arc volume, droplet velocity etc., or stattscal properties like mean, median,
range, etc., computed within each pulsing period; or we cauuse the characteristic shape of
the voltage pulses only or that of the current pulses alone toth pulses to determine their
similarities, and then cluster together based on raw valuesr the reduced version, or the
coe cients of its parametric model using clustering algothms like K-means or DBSCAN.

However, in the end, the aim is not to have perfect pulse clusieg, but to generate
clusters that best inform the defect detection and the diagrsis process. That is, irrespective
of which line of action we choose, the aim is to achieve goodediction. So until, the
validation is complete, it is not possible to make any concdions as to which algorithm
or representation or similarity measure is best. Hence, we @ut a less computationally
intensive approach that captures the characteristic di eences in the shape of the pulses to
be ne tuned if necessary based on the prediction outcome. the ideal case, the clustering
of the pulses should be done to di erentiate the droplet progrties since the information in

the pulse shape only forms part of the droplet properties. T$, we consider as a future work.
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As an alternative, we cluster together and assign codewords tiroplets with both similar
voltage and current pulse shape information as a way of caping the droplet formation and

transfer. This approach is presented as follows:

1. From the training set, normalize the voltage and currentata to between 0 and 1 based
on the minimum and the maximum voltage and current of the powesupply respec-
tively. This is a necessary step to consider in order to inale the voltage information
in the clustering, else the values of the current which is abb12 times the magnitude

of the voltage will dominate.

2. Extract all the pulses in the data given the pulse start aneénding. Note that these
are not of the same length, so each voltage and current pulse® padded with zeros

to achieve xed length.

3. For each of the padded voltage pulses/s 2 RN, and the padded current pulses,

> 2 RN, whereN is the padded xed length, we can then vectorize both pulsesd

RZN M

4. Perform dimension reduction frorR?N M to RR M using Singular Value Decomposi-
tion (SVD), where R is the new dimension. This aids in the clustering as clusteg
algorithms don't scale well with high dimensions. Also, witlthe dimension reduction,

we tend to capture the interesting characteristics in the sipe of the pulses.

5. Finally, cluster and assign codewords using K-Means [68]he collection of these
codewords form the codebook. So how big should this codebdm#? Like we said,
the aim is not to achieve perfect clustering but to achieve ga prediction. This
becomes another search parameter that depends on the préidic result. More details
in Chapter 7. An example of such a codebook developed from outtaket is shown in

Figure 6.7.
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6.3.3 Adding Interaction Between Pulses

One major drawback with Bag-of-Words representation is thahe temporal relationship
is lost when the data is transformed. In one of the works in tie series classi cation, a
researcher [77] argued that this actually is an advantage iime series classi cation when
interested in the global structural similarity. However, inthis work, this limitation may carry
through when making diagnosis as results in Chapter 7 will s more insight into this.

Based on our understanding of the process, adding the inteteon between pulses should

give more information about the dynamics of the system. So ve®nsider adding temporal

relationship.
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Adding Temporal Relationship: Hidden Markov Model readily comes to mind when
dealing with dynamical systems where we can represent theegent unknown state of a
system in terms of its previous state given the present obsations, see Figure 6.8. In terms

of weld quality, the hidden states are the presence or absenaf defects at each weld slice.

X - Defects (Hidden States)

Z - Pulse Trains (Observations)

:

Figure 6.8: Hidden Markov Model: observation as a probabilist function of the states

But if we take a look at the defect formation on the bead as shawin Figure 6.4, the
occurrence of a defect at a location does not readily a ect ¢hnext or any other future weld
slice. Hence, we can assume independence and disconnect itiéelm states from each other

as shown in Figure 6.9.

X - Defects (Hidden States)

Z - Pulse Trains (Observations)

Makes sense for defect prediction since
defects at a point does not necessarily
affect the next point

a

Figure 6.9: Assume independence between states and discohtigem

And we are left with a Naive Bayes model of each weld slice mapptedthe observations
made within that period. This is consistent with the BoW repesentation that we are using.

That is, at each weld slice, we can de ne it by the occurrence di erent pulses types at
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that period in time as shown in Figure 6.10.

Figure 6.10: Observations as streams of orderless pulses

Since we want the interaction between the pulses, we can theonnect these pulses
together like in Figure 6.11 showing relationship with an immediate neighboring Pulse. De-
pending on how far we go in the linkage, we can capture the réaship between a pulsd?,
at instance, T;, and another pulsePy, at instance, Ty, i.e., relationship betweerN instances
apart. This representation is known as the N-gram where thedram is a typical case of the
histogram of words. However the larger the N, the more compuiahal requirements and

an exponential growth in the size of the new feature set.

Figure 6.11: 2-gram: capturing a single interaction betweguulses

Adding Spatial Relationship: In the context of robotic welding, we can also add the
summarized version of the position of the electrode, i.e.he dwell positional signal that
indicates which side of the plate the electrode is locatedlative to the weld path. We know
from the dwell data, that the electrode can either be at the fgcenter/right of the joint
wall, so we can modify the codeword to incorporate these tlegositions to be consistent

with the model shown in Figure 6.12.
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Figure 6.12: Adding torch positions in terms of L-left, C-cemr, R-right position of the
electrode relative to the joint weld path.

Implementation wise, what is needed is to encode the position the codewords of the
pulses as \strings". For example, \C10", \C00", and \CO1" will denote a pulse with code-
word, C, occurring at the left, center and right side of the wding path respectively. From
this format, there exist libraries that can e ciently extra ct the frequency of these modi ed

codewords.

We can then combine all this information in an assorted way t@xtract features for

classi cation purposes.
6.4 Summary

In this chapter, we presented a Bag-of-Pulses representati and how this framework
helps to add understanding of the process to exploit both thecal structure and the global
structural information to aid in the classi cation of time series data. We also showed this rep-
resentation in the context of this work but also alluded to tleir usefulness in other domains.
And nally, we showed a way to integrate information about thetemporal relationship and
spatial information into the representation.

Now lets nd out how well all these approaches will perform.
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CHAPTER 7
DEFECT DETECTION AND DIAGNOSIS

In this chapter, we present results and analysis on detectrand diagnosing porosity and
geometric defects using the dataset and the tools presentiedthe last ve chapters. While
we validate our hypothesis using these results, we presehiem under two implementation
architectures: a single model architecture and a hierardal architecture. All prediction
models are setup as either a binary classi cation or a multitassi cation problem. Also, we
present results investigating the robustness of our predien models to weld positions within

the explored domain.
7.1 Preliminary Work

Before we present the main results, we want to address somewntant pre-processing de-
tails and preliminary work. While some aspects of the discues made in this section re ect

a review of previous chapters, it forms an integral part of t prediction implementation.
7.1.1 Weld-Dataset Extraction

Recollect from Section 4.4 that there are four weld segmefgsocedures in a single run
of a weld bead. From here onwards, we refer to each of thesedvetgments/procedures as
\welds" and the corresponding synchronized process dataoag with their quality evaluation
as \weld-datasets". An illustration is shown in Figure 7.1. Wecan then collect several
of these weld-datasets from multiple weld bead runs to makepua dataset for training
and evaluating a model, e.g., a dataset for training and ewating porosity prediction will
comprise multiple weld-datasets from welds with porosityrad no porosity.

In the course of the training and evaluation, we have to splithe aggregated dataset
into a training and a test set as mentioned in Section 4.1.4;)nd it is important that we

maintain the continuity in each weld by keeping all the proces data belonging to the weld
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always grouped together, i.e., each weld-dataset is tredtas a unit during cross-validation.
For each fold in the cross-validation set, if a data point in aveld-dataset belongs to the
training set, then no other data point in that weld-dataset vl be in the test set and vice
versa. However, we can have weld-datasets belonging to thengaweld bead-run used in the
training and the test set at the same time.

Other nuances include discarding process data belongingtte ends of the weld bead,
labeling of the process data within the period of in-processansitions from one welding pro-
cedure to another as \transitions", and nally ignoring regons with invalid weld evaluation

as indicated by the regions outside the green bar in Figure 7.1

Given a synchronized process data and the corresponding weld quality evaluation at
every 1 mm for a weld bead run

Porosity

= g AP DB E !
@ @0 @ 99 § Q&)@@@o o % .

i

I

|

Discard ! Transitions . Discard
: I
1 __—
; .
1
1

Valid Evaluation !

|
Weld-Dataset Weld-Dataset Weld-Dataset Weld-Dataset
1 2 3 4

Extract each weld-dataset as a unit

Figure 7.1: Extracting weld dataset to form dataset for the l@rning process.

Next is extracting features from the weld-datasets.

7.1.2 Feature Extraction

In Chapter 6, we presented the BoP feature extraction methodahich exploits the welding

process structure in its representation. Implementatiomise, a progression of this extraction
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process for each weld-dataset is shown in Figure 7.2. Givenadebook, we transform the
process data in each weld-dataset into codewords based orispusimilarities to partially
represent the droplet similarities. We then slide a windowwver the pulse trains (now repre-
sented as codewords) in each weld-dataset to extract featgras a histogram of codewords
for each local segment in the weld-dataset. These featuregyéther with the assigned weld
guality labels (as indicated at the solidi cation point on the weld bead) are then used for
training the model. What remain unknown are the window size ahthe best solidi cation

time to use? We address this in Section 7.1.4, but rst what nael do we use?

|
f
Weld- Weld - Weld- Weld - Y Y Weld - Weld - Weld - Weld- Y
Dataset 2 Dataset 2 Dataset 3 Dataset 4 Dataset 20 Dataset21 Dataset22 Dataset 23
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Figure 7.2: Extracting features from weld-dataset

7.1.3 Model Selection

While we experimented with di erent models like Naive Bayes, Ecision Trees, Random

Forest, and Polynomial and Radial Basis Function kernels o8VM, Linear kernel SVM

79



performed better consistently, and was least prone to ovdting of the training data. Hence,

all results are presented using Linear kernel SVM.
7.1.4 Parameter Selection

There are four unknown parameters we need to nd namely: theihear SVM parameter
(i.e., the margin penalizing factor), the codebook size, ¢hwindow size (length of the local
segment), and the solidi cation size. The challenge with ding these parameters is that
they are all dependent on each other. So we address this chalie by performing a grid
search over a range of selected parameters and for each patan set, a linear SVM is

trained and tested on each of the folds of a cross-validatiaet *.

Problem Formulation In searching for the parameters that generalizes, it is conan prac-
tice not to use all the data that is available. This is often ciled the development dataset,
so that the model can in reality treat other data as unseen dat Hence, we perform cross-

validation on the development dataset to determine the paraeters to use.

Parameters:
" Linear SVM parameters: 0.0001,0.001, 0.01, 0.1, 1.0, 10.00.D
" Codebook Sizes: 50, 100, 500, 1000, 2000
" Window Sizes (secs): 0.25, 0.5, 1.0, 2.0, 3.0, 4.0
" Solidi cation Sizes (as a percentage of the window size): ,280, 75, 100

" Window Shift (secs): 0.13 (equivalent to 1 mm slice of the weld
Development Dataset:

" Process variations: No variation (NN) and Primer (PR)

~ Motion Variations: Three weaving frequencies of 1.5Hz (SIgwi.91Hz (Nom-

inal) and 2.29Hz (Fast)

1This section and that of Section 7.1.5 form part of the work submitted for presentation at the 2019 IEEE
15th International Conference on Automation Science and Engineering.
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" Weld Position: Flat (1F) Position

Transitions between welds: Not included

Defect: Porosity (surface and sub-surface)

Defective: ifpore volume scoreat each 1 mm weld slice is greater than 1 (this
already accounts for the surface porosity)

Data Labeling: Micro (i.e., 1 mm weld slice evaluation)
Modeling: Linear SVM Binary Classi cation

Evaluation: 5-Fold Cross-Validation

Feature Representation: BoP

Scoring: Mean cross-validated F1-Score of the best Linear SVM parametecross all

folds.

Results and Analysis: Results are presented in Figure 7.3. One of the rst thing thats
observed is that the F1-score increased with increase in gdotation size starting with the
window size greater than 0.5 sec. We see this observation leen consistent with the weld

pool behavior as earlier described in Section 6.3.

From the results, we select the best parameter set as the paraters with the highest
score (F1-score = 79 %) as indicated in the gure. Although, wedsitate to compare results
across window sizes because smaller windows have more looatto evaluate from a weld-
dataset, however, if we compare the F1-scores with the samdidiacation size, we see that
more data points/locations (i.e., smaller window sizes) otribute to a higher score. Since a
wider window size shows the highest score, then we can codeuhat we have selected the
best parameter based on this dataset. Moreover, the selett@indow size indicated a more

consistent result across the training and the test set of th@evelopment dataset.

Given the development dataset used, the codebook size doesimpact the performance

of the prediction here. This means for porosity prediction nder primer, the pulse-types
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Figure 7.3: Grid Search Results: investigating various wimav sizes, solidi cation times and
codebook sizes on the performance of the model.

carrying relevant information is quite small. Hence, we graate toward using a smaller
codebook size for less computation. The selected paramstare as follows: a codebook size
of 50, a window time of 3.0 secs, a solidi cation time of 2.2%ss and a SVM parameter
of 0.1. In addition to the SVM parameter of 0.1 being associatewith the highest score,

it accounts for 73 % of the best Linear SVM parameters found avall the 120 selected

parameter sets.
7.1.5 Evaluation in the presence of Primer

Primer is a coating agent often used to protect sheet steelipr to welding, especially in

ship building applications. However one must be very careftd apply the proper thickness
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of primer since too much primer will result in welds with porsity and inclusions. Based on
its signi cance and its purposeful use as being part of a noahwelding procedure, we choose
to evaluate our BoP representation with the selected predion model from Section 7.1.4
under the presence of primer as a single source of processat@n. Problem formulation is
as follows and we show that the occurrence of such porosityncle detected under varying

thicknesses of primer.

Problem Formulation:  While we maintain the best parameter set from the parameter
search, a prediction model trained under a fold (i.e., Traing set) of the development dataset

presented in Section 7.1.4 is used.

Parameters: Linear SVM parameters: 0.1, Codebook Sizes: 50, Window Sizesas):
3.0, Solidi cation Sizes (secs): 2.25, and Window Shift (s€c 0.13.
Training Set:
" Weld Position: Flat (1F) Position

Training Welds: Primer (21 welds, eight of which had porosy) and No-
Primer (20 welds)

Transitions between welds: Not included
Motion Variation: Weaving only

Data Labeling: Micro

Test Set:

N

Weld Position: Flat (1F) and Horizontal (2F) Positions

" Flat (1F) Position: Primer (19 welds) and No-Primer (16 welds)
Horizontal (2F) Position: Primer (40 welds) and No-Primer (40 wlds)
Transitions between welds: Included

Motion Variation: Weaving and Stringer

Data Labeling: Micro
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Defect: Porosity (surface and sub-surface)
Modeling: Linear SVM Binary Classi cation
Feature Representation: BoP

Scoring: Confusion Matrix from macro-labeling (i.e., dominant mico-labels)

Results and Analysis: In Figure 7.4, we present some plots showing porosity predmb
per 1 mm slice (micro-labels) for four interesting weld runwith primer. These plots also
show a visualization of what a weld with an accuracy and a F1-@® percentage look like.
The black squares indicate the start of a new weld segment (igh we refer to as a weld).
The red dots are thepredicted porosity while the blue circles are thectual (True) porosity

locations.

Figure 7.4: A resolution of 1 mm porosity prediction for four wid runs with primer. Eval-
uation based on micro-labeling in terms of accuracy and Flese respectively (a) 90.5 %,
89.1 %, (b) 100 %, 100 % (c) 74.5 %, 74.5 % (d) 34.3 %, 25.5%
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Out of all the welds investigated, only one weld run, shown iRigure 7.4(d) contained all
welds that were completely predicted wrongly. While there @rsome misses in the detection,
Figure 7.4(a & c) show how the predictor can detect changes ihe weld run as it turns bad or
turns good based on the increase or decrease in the pore vaussore observed respectively.
Although, not all the welds have a prediction accuracy aboved%%b, given the micro-labeling
evaluation used, a 75 % prediction accuracy is still good froour perspective. Figure 7.4(b)
shows a good weld with a di erent plate arrangement of the toplate tted against the
bottom-plate instead of the top-plate tted on top of the bottom-plate arrangement in other
weld runs. As can be observed, the arrangement had no e ect dmetprediction performance.
Also, the predictor can be seen to be robust to transition regns between welds and changes

in motion variations.

On a macro-labeling scale (i.e., based on the dominant defee micro-labels), an overall
result as a confusion matrix is shown in Table 7.1. From thisesult, the model can detect
porosity in the presence of primer with a very low false alarmate of 5 % at a precision of
86 % while recalling 80 % of the defective welds. In the absenaf primer, the prediction is

100 % correct all the time.

Table 7.1: A confusion matrix of porosity prediction basedromacro-labeling, combined.
No-primer welds: False alarm rate = 0 %, F1-score = 100 %.
Primer welds: False alarm rate = 5 %, F1-score = 83 %, Precision86 %, Recall = 80 %.

Overall
Actual Porosity | Actual No-Porosity
No-Primer Pre_dicted Porosity_ 0 0
Predicted No-Porosity 0 56
Primer Pre_dicted Porosity_ 12 2
Predicted No-Porosity 3 42

From the problem formulation, we intentionally trained themodel on the dataset from one
welding position (i.e., at position) so we can see if theresiany information that learns itself

across the welding positions. From Table 7.2 and Table 7.3presenting the performances
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in at (1F) and horizontal (2F) positions respectively, we canmake some inferences.

Table 7.2: A confusion matrix of porosity prediction basedromacro-labeling, at position.
No-primer welds: False alarm rate = 0 %, F1-score = 100 %.
Primer welds: False alarm rate = 0 %, F1-score = 73 %, Precisiegn100 %, Recall = 57 %.

Flat Position
Actual Porosity | Actual No-Porosity
No-Primer Prgdicted Porosity 0 0
Predicted No-Porosity 0 16
Primer Prgdicted Porosity 4 0
Predicted No-Porosity 3 12

Table 7.3: A confusion matrix of porosity prediction based ro macro-labeling, horizontal
position.

No-primer welds: False alarm rate = 0 %, F1-score = 100 %.

Primer welds: False alarm rate = 6 %, F1-score = 89 %, Precisien80 %, Recall = 100 %.

Horizontal Position
Actual Porosity | Actual No-Porosity
No-Primer Pre_dicted Porosity_ 0 0
Predicted No-Porosity 0 40
Primer Pre_dicted Porosity_ 8 2
Predicted No-Porosity 0 30

From the confusion matrix for the welds with primer, the predttion result in the at
position has a recall of 57 % and a precision of 100 %, while hrethorizontal position, a recall
of 100 % and a precision of 80 % is observed. From our understang of the weld process
dynamics in the horizontal position, it is generally di eret from at position, but from this
result, it means that if we map the process data in horizontgdosition to at position using
the BoP representation, there are some similarities that cabe useful to porosity detection

in the horizontal position. This however may not be the caseff other welding positions.
7.1.6 Summary

In this section, we performed a grid search to identify the Is¢ parameters needed for

the prediction model and we identi ed that solidi cation sizes a ect porosity prediction. We
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then used these best parameters in a trained model to evalegborosity under the presence
of primer. While there are some misses in the detection as indied by the micro-labels,
the overall results from the macro-labeling view show prosing results with the recall and
precision in the 80s. We also showed that there is some overlaetween models trained
in one welding position with respect to another welding pason, especially when mapping

from at position to horizontal position.
7.2 Architecture

As we begin to discuss the main results, we will be presentingeim under two architec-

tures.
7.2.1 Single Model Framework

In the rst architecture, as shown in Figure 7.5, a single modas trained as a multi-
classi er with data originating from defective and non-defctive welds and their correspond-
ing process variations. So that when there is a new obsenati the model can assign a

speci ¢ defect name and the probable cause.

Figure 7.5: A single model for detection and diagnosis. The \Fsigni es porosity and the
\G" stands for geometric defect while the remaining labelsra process variations.

While this architecture is attractive in usage when the modelvorks well, it cannot be
complemented when some predictions are poor. Also, it doest igive insight as to where

the model is weak or strong.
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Problem Formulation: To test this single model approach we trained and cross-vadited

a model with all the available data, one for each welding pasin as follows:

Parameters: Linear SVM parameters: 0.1, Codebook Sizes: 50, Window Sizesas):

3.0, Solidi cation Sizes (secs): 2.25, and Window Shift (s€c 0.13.
Dataset:
" Training/Testing Set (1F) Flat: All Data in the at position
" Training/Testing Set (2F) Horizontal: All Data in the horizont al position
Dataset Properties:

" Process Variations: No variation (NN), Primer (PR), ShieldingGas (SG),
Oil (OL), Erratic Wire feeding (EF), Gap (RG), out of joint (OJ)

~ Transitions between welds: Not included when training in eacfold

~ Motion Variation: Weaving and Stringer

Defects: None, Porosity and Geometric Defects

" Defective: if any (pore volume score> 1, 4 mm> any leg length> 6 mm, 9

mm > weld face width> 11 mm, -1> convexity > 1)

" Data labeling : Micro
Modeling: Linear SVM Multi-Classi cation
Evaluation: 5-fold Cross-Validation
Feature Representations: BoP

Scoring: Mean confusion matrix across the test set of all folds

Results and Analysis: In Figure 7.7 and Figure 7.6, we show confusion matrices for mod
els with and without defect discrimination respectively fo at position. Also, presented is
that of the horizontal position in Figure 7.8 and Figure 7.9. Tl key to reading the confusion

matrix is to focus on the diagonals but we can also see what igstiassi ed by the model.
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Figure 7.6: Single model prediction in Flat (1F) Welding Positin

Figure 7.7: Single model prediction with no defect discrimation in Flat (1F) Welding
Position

As seen from the results, the trained model using the BoP feats discriminates well

amongst the geometric defects. Also, the performance of theodel irrespective of the
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Figure 7.8: Single model prediction in Horizontal (2F) WeldindPosition

Figure 7.9: Single model prediction with no defect discrimation in Horizontal (2F) Welding
Position
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formulation is robust for geometric induced defects by roaap, out of joint and erratic wire
feeding. While most of the good welds are accurately classi gporosity-induced defects were
not properly classi ed excluding those due to loss of shieidy gas. To help understand the
reasons and also improve the prediction, we will be using tlimerarchical architecture. Just
before we do that, there is an important point we'll like to m&e from the plots. It is about
the discrimination between the defect types (More detailsater in the chapter). One more
thing to point out is the improvement in performance by addig a temporal relationship in
the form of the 2-gram in the identi cation of defects causedby root gap and erratic wire

feeding, see Figure 7.7.
7.2.2 Hierarchical Framework

This framework can be setup to be focused as needed. Althoughrequires training
multiple models, it allows for troubleshooting and tailonng a model for a specic need.
Also, model weaknesses can be identied and complemented ded be. We present the
architecture as shown in Figure 7.10. The rst level determies the presence or absence of
defects while the next level does the defect discriminaticand diagnosing. The remainder

of this chapter presents each aspect of this architecture the context of our data.

Figure 7.10: Hierarchical Framework
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7.3 Detecting Defects

In this section, we present results on how well we can identiflefects. Since porosity

detection is of importance, we will also present results sgesally for it.
7.3.1 Identifying Defects

Rather than classifying as defective or not defective, we Wbe speci c as to whether it
is porosity or geometric defects or no defects. This subsusndhe discrimination aspect of

the framework.

Problem Formulation: Given all data, can we train a model to identify porosity and

geometric defects from no defects?

Parameters: Linear SVM parameters: 0.1, Codebook Sizes: 50, Window Sizesds):

3.0, Solidi cation Sizes (secs): 2.25, and Window Shift (sgc 0.13.
Dataset:

" Training/Testing Set (1F) Flat: All Data in the at position

" Training/Testing Set (2F) Horizontal: All Data in the horizont al position
Dataset Properties:

" Process Variations: No variation (NN), Primer (PR), ShieldingGas (SG),

Oil (OL), Erratic Wire feeding (EF), Gap (RG), out of joint (OJ)

" Transitions between welds: Not included when training in eacfold

~ Motion Variation: Weaving and Stringer

" Defects: None, Porosity and Geometric Defects

" Defective: if any (pore volume score> 1, 4 mm> any leg length> 6 mm, 9

mm > weld face width> 11 mm, -1> convexity > 1)

" Data labeling : Micro

Modeling: Linear SVM Multi-Classi cation
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Evaluation: 5-fold Cross-Validation
Feature Representations: BoP

Scoring: Mean confusion matrix across the test set of all folds

Results and Analysis:  As shown in Figure 7.11 and Figure 7.12, we see that the predictio
accuracy of detecting geometric defects increases with ttb@debook size but there is no e ect
on porosity detection. Being more expressive in the words at aids detecting geometric
defects. For a given codebook size, the temporal information the form of 2-gram has no
e ect on the performance. While identifying porosity predition in the horizontal position

is poor, there is a 73 % accuracy in the at position. What we havseen so far is that the
ability to detect porosity is changing with the way the modelis trained. So we would like

to investigate with a dataset with porosity as the only defdc

Figure 7.11: Defect detection in Flat (1F) Welding Position
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Figure 7.12: Defect detection in Horizontal (2F) Welding Posibn
7.3.2 Detecting Porosity

Out of the two defects investigated, porosity detection habeen showing mixed results.

In this section, we would like to know why based on the data.

Problem Formulation: In this model training, we will be working with weld-datasetfrom

no variation, primer, oil and loss of shielding gas.

Parameters: Linear SVM parameters: 0.1, Codebook Sizes: 50, Window Sizesas):

3.0, Solidi cation Sizes (secs): 2.25, and Window Shift (s€c 0.13.

Dataset:

" Training/Testing Set (1F) Flat: Porosity induced weld-dataset in the at

position

" Training/Testing Set (2F) Horizontal: Porosity induced welddataset in the

horizontal position

94



Dataset Properties:

N

Process Variations: No variation (NN), Primer (PR), ShieldingGas (SG),
Oil (OL)

Transitions between welds: Not included when training in eacfold

Motion Variation: Weaving and Stringer

Defects: None and Porosity

Defective: if pore volume score> 1

Data labeling : Micro

Modeling: Linear SVM Multi-Classi cation
Evaluation: 5-fold Cross-Validation
Feature Representations: BoP

Scoring: Mean F1-score across the test set of all folds (for each prazeariation)

Results and Analysis: From Figure 7.13 and Figure 7.14, the least contributor to the
defect detection accuracy is primer. This is signi cant in e horizontal position. While
we have evaluated primer-only before, macro-labeling wasad in that evaluation. At the
micro-labeling level, we observed hits and misses but on tbgerall evaluation of the weld,

it can still be considered detected.

So far, we have shown that we can detect the defects of inter@s di erent scenarios,
however, detecting primer in the horizontal position is sli not reliable especially when
trained with data in that same welding position as shown in Figre 7.14. While we may
attribute this to the similarity in the behavior of oil and primer, and the presence of oil in the
horizontal position not leading to porosity as it was in our @periments, we can eliminate it
as a major explanation since similar performance occurred the absence of oil. We believe
the variation in the weld pool in the horizontal position males it more di cult to detect

porosity, moreover, the primer thickness leading to pordgiin horizontal welds is higher

95



than that of at welds. But as we have shown before, a trained odel in the at position
can solve this problem but with some false alarms. Another smion will be to train with

dataset from both welding positions to learn a shared represtation for porosity detection.

Other notes from the result include the use of larger codeboske for horizontal welding
position resulted in a better prediction. Overall, the 1,23ram performed the best, although

only slightly better than 1-gram of the same codebook size.

Figure 7.13: Porosity detection in Flat (1F) Welding Position.The green highlights represent
the scores consistent with the parameter of the best overaltore, while the red highlight is
used when the individual score is the highest for that procewvariation

7.3.3 Summary

In this section, we showed that by using the BoP representatn alongside a linear SVM
classi er, we can detect all the defects of interest with posity due to primer being the
most di cult at the micro-labeling level. However, we have ateady showed a solution in the

preliminary work in Section 7.1.5.
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Figure 7.14: Porosity detection in Horizontal (2F) Welding Pasion. The green highlights
represent the scores consistent with the parameter of the dieoverall score, while the red
highlight is used when the individual score is the highest fdhat process variation

7.4 Diagnosing and Discriminating Among the Defects

Having investigated defect detection so far, we want to be ablto extract actionable

information like what is causing the defect, or identify whatype of defect has occurred. We

approach these needs as a multi-classi cation problem.

Problem Formulation:

Given that the defects are all detectable, what more infornien

can we gather about them?

Parameters:

3.0, Solidi cation Sizes (secs): 2.25, and Window Shift (sgc 0.13.

Dataset:

~ Training/Testing Set (1F) Flat: Only defective welds
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" Training/Testing Set (2F) Horizontal: Only defective welds
Dataset Properties:
" Process Variations: Primer (PR), Shielding Gas (SG), Oil (D), Erratic Wire
feeding (EF), Gap (RG), out of joint (OJ)
Transitions between welds: Not included when training in eacfold
Motion Variation: Weaving and Stringer
Defects: Porosity and Geometric Defects

Defective: if any (ore volume score> 1, 4 mm> any leg length> 6 mm, 9

mm > weld face width> 11 mm, -1> convexity > 1)

Data labeling : Micro

Modeling: Linear SVM Multi-Classi cation
Evaluation: 5-fold Cross-Validation
Feature Representations: BoP

Scoring: Mean confusion matrix across the test set of all folds

Discriminating between Porosity and Geometric defects: According to the results
shown in Figure 7.15 and Figure 7.16., we can tell the di erenceetween porosity and
geometric defects with above 90 % con dence, and this can beh@ved reliably starting

from a codebook of 50.

Diagnosing the Defects: Can we diagnose the causality of the defects knowing a defect
has occurred? The answer is yes as shown in Figure 7.17 and Fegiérl8, and it can be
achieved for both at and horizontal positions. In the gures, we can observe similarities
between the behavior of oil and primer which are both contamants. Also, there is similarity
between root gap and out of joint as indicated in the gures. Alof these make sense from
our understanding of the welding process and we can conclutiat we are actively capturing

the dynamics of the process.
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Figure 7.15: Discriminating between defects given defeatiwvelds in Flat (1F) Welding
Position

Figure 7.16: Discriminating between defects given defeatiwelds in Horizontal (2F) Welding
Position
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Figure 7.17: ldentifying causality given defective welds iklat (1F) Welding Position

Figure 7.18: Identifying causality given defective welds iRlorizontal (2F) Welding Position
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7.5 Summary

With the results presented in this Chapter, sensing througthe-arc can provide action-
able information to robots or humans in identifying and xing problems online. This also
implies that we can use the model developed in our work alomggs other detection technology
to diagnose online.

While there may be some limitations with detecting porositythe general performance
shows that when a defect or the information we need, is dirégtdependent on the process
dynamics, then this approach performs well. This plays ounithe ability of the model to
discriminate between defects and diagnose with high accayaonce the defect is identi ed.
For geometric defects, the representation is able to capwitheir occurrences, while in the
case of porosity due to primer there were some mixed resulthieh are due to external
in uences aside from the activities occurring at the electrde region. However, for porosity
due to loss of shielding gas and oil, there was good performan For detecting porosity due

to primer, the performance depends on which welding positios used in creating the model.
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CHAPTER 8
CONCLUSION AND FUTURE WORK

In this dissertation, we address the problem of extractingcéionable information from
weld process data in robotic GMAW. While this is a challengingneblem, we have been able
to show that we can extract this information through-the-ac that captures the controlled
dynamics leading to defect occurrence and at the same timeeidify the variation in the
process leading to that defect.

Our methodology involves a unique approach to gathering sghronized measurements
of the welding process mapped to an objective evaluation dfig resulting weld bead at a
resolution of 1 mm. Demonstrating a system that can achievdis was at the heart of this
work, after which we gathered measurements on voltage, cent, weld bead pro le, visual
images, welding torch pose and radiographic images. Theseasurements were gathered
under experiments involving induced porosity and geometrdefects under process variations
such as the presence of primer and oil, loss of shielding gasatic wire feeding, out of joint
and the presence of gap between plates.

Once we had the relevant data available, the next problem w#s extract the \essence" in
the data. While there are di erent ways people have approachehis problem, we approached
it by representing the data concisely with new building bldes that retain the characteristic
nature of the signal source (i.e., pulsed GMAW in this caselsh that we can feed them
into a classi cation algorithm to identify defects and makediagnosis. This framework o ers
a rich representation for creating a language for the weldinprocess which can then be used
alongside rich algorithms in natural language processingVe have called this representation
\Bag-of-Pulses" (BoP), adapted from the popular \Bag-of-Words".

In the course of learning from the process data using this neggentation, we have come

to the conclusion that the vocabulary spoken in respect to thparticular welding process
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used is around 500 \words" to be able to understand the procesUsing this representation
along with the classic Support Vector Machines classi cain algorithm, we showed results
detecting porosity and geometric defects with above 80 % acacy (porosity due to primer
was lower), discriminating between defects with 90 % accuna and diagnosing defects at
above 80 % accuracy. And this performance is re ected acrosgaving and no weaving
motion variations, and also Flat (1F) welding position and Hodontal (2F) welding position.
In conclusion, our data gathering methodology has proven fgerform well and the BoP
representation was e ective in capturing the controlled dgamics of the welding process
that translates into defect detection, discriminating betveen defects and most importantly
diagnosing defects. The concept of creating \words" and \s&ences" from the signal char-

acteristics may very well become a powerful tool to weld qusl monitoring.
8.1 Future Work

There are two major paths forward that we have observed fromuowork. The rst, is ex-
tending the work to other applications areas with charactéstic source signals like heart beat,
and also to other welding processes like multi-pass weldiagd welding positions like vertical
down hill. It can also include investigating other pulse siitarity measures and clustering
methods like DBSCAN. In line with pulse similarities, a more foused characteristic feature
of the pulses that can map directly to droplet properties siitarity can be investigated.

As the end goal is to be able to perform assessment online analsg#me control, the
second path is to work on a control architecture that can ingporate the kind of actionable

information we are presently getting, and acting on it.
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