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ABSTRACT

We have come a long way in the automation of robotic welding. But with the decline

in quali�ed welders, there has been a steadily growing demand for robotic solutions with

capabilities that match that of human welders. Among these capabilities, a major missing

element is the ability of the robotic systems to extract actionable information about the

quality of their welds, in real time.

While this is a challenging problem, we have been able to show that we can extract

this information through-the-arc that captures the controlled dynamics leading to defect

occurrence and at the same time identify the variation in theprocess leading to that defect.

Our methodology involves a unique approach to gathering synchronized measurements

of the welding process mapped to an objective evaluation of the resulting weld bead at a

resolution of 1 mm. Demonstrating a system that can achieve this was at the heart of this

work, after which we gathered measurements on voltage, current, weld bead pro�le, visual

images, welding torch pose and radiographic images. These measurements were gathered

under experiments involving induced porosity and geometric defects under process variations

such as the presence of primer and oil, loss of shielding gas,erratic wire feeding, out of joint

and the presence of gap between plates.

From these measurements, we created a dataset and identi�eddiscriminative features

that are indicative of weld quality deviations from processvariations. Particularly, we pro-

posed a specialized feature extraction methodology, \Bag-of-Pulses" as informed by the

domain expertise knowledge based on \Bag-of-Words" approach. In this feature extraction

methodology, we were able to represent the data concisely with new building blocks that

retain the characteristic nature of the signal source (i.e., pulsed GMAW) such that we can

feed them into a classi�cation algorithm to identify defects and make diagnosis.
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CHAPTER 1

INTRODUCTION

While the concept of machine learning is not new, i.e., learning from data has been around

since the mid-twentieth century [1], in the last decade, it has gained increased importance as

a tool for sensing and control in such areas as computer vision, natural language processing,

pattern recognition and robotics. Many systems in these aforementioned areas often cannot

be modeled from �rst principles due to their complexity. Butwith recent advancements in

learning techniques, successful applications have been demonstrated in medicine, self-driving

cars, chess playing, and the Jeopardy game show, to name a few examples. Because of these

successes, there is a present surge in interest in solving complex 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-linear and inherently coupled [2]|

has yet to signi�cantly embrace the advancements in machinelearning, especially with regard

to the assessment of weld quality. Like many other physical systems, several e�orts have been

made to develop a good model for this process, in particular the Gas Metal Arc Welding

(GMAW) process. As of yet, however, none of these models have been su�cient. While

approaches like Neural Networks, Support Vector Machines, and Fuzzy Logic have been

explored in certain areas, there is still a lot of room for improvement in having robust and

practical solutions, especially in determining online, the quality of a weld. Hence, in our

investigation, we explore and advance the-state-of-the-art of 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 welding processes used in

robotic applications, advances made in this area will greatly impact the automated industry

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

In general, the welding process is the localized coalescence of metals or non-metals pro-

duced either by heating the materials to their melting temperature, with or without the

application of pressure or by application of pressure alone, with or without the use of �ller

metals [3]. Depending on the energy source used in generating the heat, there are many

methods of performing the joining process. For example, friction stir welding uses friction

under high or low pressure, laser welding uses a high energy laser-beam, and arc welding

uses an electric arc for the melting and the joining. As shown in Figure 1.1, GMAW is based

on the use of an electric arc. It is comprised of an electric power supply that delivers the

voltage and current to the system, a shielding gas source forpreventing oxidation of the

weld, an electrode wire feeder unit for continuous deliveryof the consumable electrode to

the process, and a welding torch that houses the electrode and distributes the shielding gas

over the welding area.

Figure 1.1: GMAW Process [4]

To create a weld, the electrode is brought near the metals to be welded together (base

metal) and voltage is applied between the electrode and the base 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 electrode into the weld pool (melted

base metal) by a combination of gravitational, Lorentz, surface tension and plasma forces
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[5]. After solidi�cation, one continuous volume of metal called the weld is formed. As will

become obvious when we discuss the dynamics of the process inSection 2, several factors

determine whether the produced weld is of good or bad quality. The applied voltage, current,

torch orientation, torch distance to the base metal, the traveling speed of the torch, the rate

at which the electrode is fed, the shielding gas composition, the electrode properties, the

base metal composition and many other parameters all play important 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 requirements,satis�es any applicable

code requirements, is devoid of defects, and satis�es the desired micro-structural and me-

chanical properties speci�ed. Often, the quality of a weld is job speci�c, that is, a good weld

is generally the weld that meets the speci�cation of the intended purpose. For example, a

weld may be certi�ed good for some domestic structural purpose but not for a pipe carrying

high pressure 
uid. Hence, a 
exible quality measure is desirable.

Defects are 
aws in the weld that undermine the functionality of the weldment like the

structural integrity of the joint that could be a source of mechanical failure. These 
aws

include spatter, porosity, undercut, inclusions, burn-through etc. Defects like spatter may

require additional clean up procedures. The weld pro�le, additionally, 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 alongthe weld) [2]. Certain mechanical

properties like tensile properties are directly related tothese 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 determining factor in this work.

1.2 Motivation

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

about 290,000 welding professionals by 2020 [6], which is now estimated to be around 400,000
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by 2024 [7]. This shortage includes welding engineers, inspectors, and instructors. Hence,

there is a high demand for robotic welding solutions that aresmarter than those present in

today's factory. These robots must be capable of recognizing abnormalities in the weld, e.g.,

defects, identifying the cause, and being able to make the necessary immediate corrective

actions which may include stopping the procedure. This is often referred to as the holy grail

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 �nancially attractive in-process monitor-

ing system for determining the quality of a weld online. The best online evaluation includes a

laser-based 3D geometric surface measurement system and visual imaging system which are

often cumbersome to use, computationally expensive and slow to extract actionable infor-

mation. Also, liquid penetrant tests or subjective visual inspection by an inspector after the

weld has been completed can be employed. For internal validation of the welds, ultrasonic

or radiographic assessment is needed; which is also done after the weld is completed. Hence,

in the presence of abnormalities, the welded joint has to be reworked, incurring additional

time and e�ort, and often adding signi�cant cost and disrupting operational schedules. Also,

none of these solutions can determine the cause of the defectin order to mitigate its e�ect.

As e�ort is being made toward autonomous welding robots, online weld quality is imper-

ative and will move the robotic welding industry to a new and higher level of performance.

It will involve the ability to detect and diagnose speci�c defects by assigning correspondence

to measured data. And for purposes of implementation, it is important that no additional

equipment or sensors be required.

1.3 Problem Statement

Extracting actionable information from process data remains a major challenge in robotic

gas metal arc welding. The goal of this work is to demonstratea system that can gather syn-

chronized measurements of the process, and from these synchronized measurements identify
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discriminative features that are indicative of weld quality|beyond just weld process data

deviation and speci�cally, in detecting the presence or absence 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. Speci�cally, our thesis is that

by learning the behavior of the pulses in Gas Metal Arc Weldingas a way of capturing

the controlled dynamics of the process, it is possible to detect certain defect formation and

distinguish between the process variations causing the anomaly.

1.5 Objectives

In this dissertation, we consider the following objectives:

1. Develop a test-bed that can gather and synchronize heterogeneous data from multiple

sources including voltage, current, weld bead pro�le, visual images, welding torch pose,

and x-ray images

2. Create a dataset that includes these synchronized measurements and an objective weld

evaluation resulting from the weld bead pro�les and radiographic images to determine

the presence or absence of porosity and geometric defects under di�erent process vari-

ations/disturbances

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

porosity (surface and sub-surface), geometric defects andthat of no defect

4. Determine a robust learning algorithm for predicting these types of weld defects

5. Predict the likely cause of these defects from a list of possible process variations,

namely: inadequate shielding gas, presence of primer, presence of oil, out of joint, gap

between plates and erratic wire feeding.
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6. Investigate the feasibility of performing online prediction of weld quality and the ex-

pected framework required

1.6 Assumptions

All experiments assume a preset welding procedure. While the methodology discussed

in this work can be applied to any welding procedure, here a model trained under a welding

procedure is assumed to be localized to that welding procedure.

1.7 Contributions

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

1. We created a system that can collect a dataset comprising synchronized heterogeneous

measurements and the corresponding precise objective weldevaluation at a resolution

of 1 mm. The methodology used to develop the synchronized dataset is a unique

contribution to the state of measurement science in GMAW.

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

weld defects, in particular porosity due to the presence of primer.

3. We presented a 
exible weld evaluation methodology that is adaptable to any stan-

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

4. Several disturbances to weld quality have been investigated in the literature but this is

the �rst work assessing weld quality deviation based on primer thickness coating using

weld process data. We also provided a framework that allows extraction of actionable

information from process data in form of detection, identi�cation and diagnosis of

defects.

5. Traditional statistical approaches or statistical features are the most common ap-

proaches in weld quality assessment. In this work, we introduced a novel \Bag-of-

Pulses" representation that represent the process data concisely with new building
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blocks that retain the characteristic nature of the signal source 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 severalrich algorithms from natural

language processing. This is a major contribution as it a�ords:

ˆ Investigating patterns in the process weld data

ˆ An elegant way of adding positional information as features

ˆ Clustering pulses based on physical quantity description of each weld droplets

6. We investigated the robustness of the \Bag-of-Pulses" representation in detecting and

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

and no weaving motion variations, which are common in robotic welding.

7. Within the welding conditions used, we were able to identify the defects of interest and

given the presence of these defects, determine the causality of those defects with high

precision.

7



CHAPTER 2

GAS METAL ARC WELDING PROCESS

The gas metal arc welding process is an area that has been widely explored. The aim of

this chapter is to help understand the process and to give some background knowledge needed

in later chapters of this work. We take a look from a systems point of view examining the

inputs, outputs, transition or intermediate states, possible disturbances or process variations

and defects.

2.1 GMAW as a System

The analysis of the GMAW process presented in this section isinformed by these works

[2][3]. The welding process is classi�ed into sub-processes consisting of input, intermediate

and output variables as shown in Figure 2.1. See Table 2.1 for atabular enumeration.

Intermediate
Input Variables Output Variables

Sub-process 1 Sub-process 2

Monitoring level 2 Monitoring level 3Monitoring level 1

Variables

Figure 2.1: Welding process decomposition into sub-processes [2]

2.1.1 Input Variables

With respective to the type of power supply used for a GMAW process, whether constant

voltage or constant current or pulsed current, the following 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 Vc across the power supply and cabling,Ve across the electrode, and the e�ective

voltage creating the arc is the arc voltage,Varc .
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Table 2.1: Welding process parameters

Input Variables Intermediate Vari-
ables

Output Variables

Supply voltage Current Weld bead geometry
Wire feed speed Arc length Depth penetration
Contact-tip-to-work distance Arc pressure Mechanical properties
Travel speed Arc shape Microstructure
Torch angle Cooling rate
Work angle Heat transfer
Torch motion pattern Melting rate
Gas composition Mass transfer
Electrode diameter Transfer modes
Current Pulsing parameters Weld pool dimension

Weld pool oscillation

Vs = Vc + Ve + Varc (2.1)

Vs = L s
dI
dt + IR s + IR e + Varc (2.2)

whereL s and Rs are the inductance and resistance of the power supply and thecabling, Re

is the electrode resistance andI is the welding current.

Wire feed speed(WFS): is the feeding rate,vW F S , of the consumable electrode.

Contact tip to work distance(CTWD): This is the distance,lCT W D between the point

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

Travel speed: This is the rate, vT S, 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,� t , between the welding torch and the vertical plane across

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

Work angle: Work angle, � w , is the angle the welding torch is making with the welding

joint, see Figure 2.2.
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� w � t

Welding direction

Figure 2.2: Torch angle with the work piece

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

e.g., weaving. This is to ensure proper heat distribution and stirring 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 inertgases (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, weld bead shape and molten droplet

detachment [9]. In a recent study [10], alternating shielding gas was shown to improve weld

penetration, thus allowing for higher travel speed, and reduced porosity compared to the

conventional method.

Electrode diameter: Depending on the thickness of the metals to be joined, di�erent

diameters, D, of electrodes can be used. Larger diameter electrodes willrequire 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 that involves pulsing of the current,

the pulsing parameters must be speci�ed. These parameters include the peak current,I p,

peak time, tp, base current,I b and base time,tb, 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 steady state. Within this

transient period, the process exhibits certain characteristics (intermediate variables) that

are in
uenced directly by the input variables and process disturbances. These intermediate

variables a�ect the �nal outcome of the weld properties. They can also be referred to as

the system states. Although, the name \intermediate variables" seem more appropriate in a

sub-process structure. It should be noted that certain dependencies are exhibited between

these variables.

Current: The wire feed speed is dependent on the welding current as shown here:

vW F S = aI + bleI 2 (2.3)

where a and b are proportionality constants, and le 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 been de�ned as a function of CTWD,

supply voltage and the wire feed speed [5]:

I = K 0 + K 1lCT W D + K 2Vs + K 3vW F S (2.4)

whereK 0� 3 are constants. In the work by Shepard [12], the rate of changein welding current

is de�ned as:

11



dI
dt

=
Vs � IR e � Varc � IR s

L s
(2.5)

where Rs is the resistance of the power supply and the cabling, andRe is the electrode

resistance

Arc length: is the distance,larc , between the electrode tip and the workpiece. If the arc

column is expressed as a conductor of current, the arc voltage can be expressed as a function

of arc length, arc resistivity, � , and the e�ective cross-sectional area of the arc,A:

Varc = �
larc

A
I (2.6)

At steady state, the melting rate/burn-o�, vb, rate as a velocity is equal to the wire feed

speed which results in a constant arc length. Changes in arc length can be observed when

burn-o� rate is not the same with wire feed speed, which can beas a result of changes in

CTWD.

dlarc

dt
= vb � vW F S (2.7)

In a dynamic sensitivity analysis ofI=l CT W D [12], Equations 2.5 and 2.7 play important

roles in identifying increased sensitivity at higher frequencies. This allows for through-the-

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

Arc pressure: This is in
uenced by the welding current and it is the most important factor

contributing to the oscillation of the weld pool in Pulsed-GMAW when compared to the

droplet impact force [13].

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

gases have di�erent electric conductivity [8]. For example, Argon has a low ionization poten-

tial. Also, the thermal conductivity of the gas a�ects the thermal energy transferred to the

weld and the shape of the arc, hence, the size of the weld cross-section. For example, Argon

has a lower thermal conductivity than Helium, thereby producing narrower penetration.
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Cooling rate: This is the solidi�cation rate of the weld pool which determines the mi-

crostructure of the weld.

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

is:

H =
EI�
vT S

=
I (Ve + Varc )�

vT S
(2.8)

where � is the heat transfer/arc e�ciency from the process to the base metal and E is the

total voltage drop across the electrode and the arc. The e�ciency factor varies signi�cantly

depending on the type of GMAW process. For a constant voltageprocess, arc e�ciency is

predominantly inversely related to arc length [14]. The most appropriate way of determining

heat input for Pulsed-GMAW is by computing the average of theinstantaneous power [15].

This is based on the �ndings by Joseph et al. [16] that the arc power calculated from the

product of average current and voltage or the rms of voltage and current can be misleading

especially when the current and the voltage are signi�cantly time varying.

Melting rate: The melting rate, VMR , is the volume of the electrode melted in a unit of

time. According to Suban et al. [8], melting rate does not depend on the type of shielding

gas used.

Mass transfer: is de�ned as the transverse cross-sectional area,G, of the deposited metal

[5].

G =
vW F S D 2�

4vT S
=

VMR

vT S
(2.9)

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

Transfer modes and arc stability: There are four basic ways metals are deposited on the

workpiece namely: short-circuit transfer, globular transfer, spray transfer and pulsed spray

transfer. These modes a�ect the droplet size, drop velocity, arc stability, hence, a�ecting

the penetration, defects formation, and the overall weld quality. Arc stability is a property
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of the welding arc closely related to the transfer modes. It drives 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 process. This includes Gravita-

tional force, Fg, Aerodynamic(Drag) force,Fd, Electromagnetic(Lorentz) force,Fe, Surface

Tension, Fs and Vapor(Plasma) Jet forces,Fv. They depend on the operating conditions

e.g., arc voltage, electrode diameter, current, shieldinggas etc., and the balance of these

forces,Fg + Fd + Fe = Fs + Fv, a�ect the metal transfer dynamics [3]. For example, in the

GMAW of Titanium, the plasma jet forces, which are proportional to the current, are so

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

Weld pool dimension: This is the shape and size of the molten metal before solidi�cation.

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

Weld pool oscillation: The weld pool oscillates and the natural frequencies at which it

resonates is related to the dimension and the depth of penetration of the pool [20]. With

the assumption that the pool is spherical, the frequency,f 1, for the �rst mode of oscillation

of the weld pool can be described as:

f 1 =

s
Fs

3
8 �m

(2.10)

whereFs is the surface tension of the molten metal andm 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 from the surface

of the base metal. In Pulsed-GMAW, the in
uence of the weldingcurrent is predominant
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with regard to achieving penetration, i.e., about 2.5 timesmore 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 onthe

cooling rate, initial grain size, phases and chemical composition of the base metals. For a

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

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

ness and fatigue life of the weld. It depends on the weld bead pro�le and the microstructure

of the weld [22].

2.1.4 Disturbances and Welding Conditions

This includes plate thickness variation, material composition, joint deviations, surface

contaminants like rust, paints etc. Gravitational force, gas turbulence, wire feeding inter-

ruptions can also act as disturbance to the welding process.In the following sections, we

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

2.2 Concept of Process Variation in Robotic GMAW

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

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

Figure 2.4: A Typical Robotic GMAW System Diagram
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typical example of a robotic GMAW process. Given a preset wire-feed speed, the shape of

the current pulses are adjusted to ensure arc stability and uniform transfer of metal onto

the workpiece. Tight control of these current pulses is thenensured, coupled with the robot

motion, gas coverage and wire-feed rate to deliver a good weld. Likewise, the arc length

is monitored in order for the whole process to adjust to changes in the Contact-To-Work-

Distance.

With the occurrence of disturbances or process variations, uneven metal transfer is en-

countered coupled with other variations in the intermediate states of the process. Depending

on the magnitude of these perturbations, they may lead to deviations in the quality of the

resulting weld. Figure 2.5 depicts some common sources of process variations in a robotic

welding system.

Process Variations 

Contaminant 

Porosity 

Gas 
Coverage 

Out of Joint 

Gap between 
Plates 

Plate/Electrode 
Properties 

Erratic Wire 
Feeding 

Bent 
Torch 

Inconsistent 
Geometry 

Blocked gas 
nozzle 

Missing gas 
cup 

Ventilation 

Primer 

Oil 

High 
Humidity 

Oversized or 
worn Contact-tip 

Faulty 
Drive Roll 

Input Variables 
(TS, WFS, Gas 
Composition 

etc.) 

Long 
CTWD 

Defects Primary 
Cause 

Secondary 
Cause 

Part Fit-up 
Wind 

Figure 2.5: Overview of e�ects of some process variations
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As per our investigation, we are interested in certain process variations like out of joint,

gap between plates, erratic wire feeding, contaminants andgas coverage, which can result

into defect formation. One might argue that some of these variations can be measured and

accounted for, however, this is dependent on where the variation is occurring in the process.

Lets consider gas coverage as an example. It is possible to measure 
uctuation in gas 
ow

rate delivered to the torch. However, 
uctuations in gas coverage 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 blockage of the gas nozzle.

One way of thinking of this, is by considering the causality.For every resulting defect,

there is a change in the process that led to its formation. As shown in Figure 2.5, whether

measurable or unmeasurable, process variations linked directly to a defect can be grouped

as primary causes. The variability then comes from thesecondary causes. Considering the

gas coverage example, gas coverage is one of theprimary causesof porosity formation while

ventilation, missing gas cup, blocked gas nozzle, long CTWD,etc. can be considered as

the secondary causessince they directly in
uence gas coverage. That is, their occurrence

could result in poor gas coverage leading to the nucleation of gas pores in the weld. Another

example of a primary cause of porosity is erratic wire feeding which can be caused by faulty

drive roll(possibly detectable) or oversized/worn contact-tip. That is, in some cases, the

secondary causesare measurable, and unmeasurable in other instances.

The assumption is that, irrespective of thesecondary causesfor a givenprimary cause, the

behavior of the process under that speci�cprimary causeshould be similar except perhaps

in the case of contaminants [23]. So in our study, it is safe toexplore onesecondary cause

for eachprimary cause.

2.3 Common Defects

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

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

Porosity is the presence of cavity in the weld caused by the entrapment of dissolved gases,

frozen while the weld pool solidi�es [24]. In some cases, thegases nucleate on the surface

leading to surface porosity while in some cases the nucleation is buried inside the weld bead,

forming sub-surface porosity. Common contributors are Hydrogen, Oxygen and Nitrogen

which can originate from the presence of contaminants like grease, oil, primer, water, high

humidity, and excessive anti-spatter, or the lack of shielding gas ( caused by long CTWD,

bad work/travel angle, blocked gas nozzles by spatter, reduced pressure in the gas bottle,

missing gas cup/nozzle, wind blowing, gas duct failure,) orexcessive gas 
ow leading to

turbulence in the weld puddle. However, in the presence of de-oxidizers like Silicon and

Manganese in the electrode or the plate, porosity formationcould be inhibited depending

on the quantity of the de-oxidizers' content. For example, the electrode used in this work,

ER70S-6, has high de-oxidizing content making it more di�cult to produce porosity with

contaminants like oil.

Good Undercut 

Crack Porosity Concavity 

Off-Joint  

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 leads to high stress con-

centration at those points. It is often as a result of not delivering su�cient �ller metal at

the edges which could occur due to high travel speed, high amperage, electrode angle etc.

In terms of process variation, it can occur in the presence ofrust, erratic wire feeding or gap

between plates.

2.3.3 Cracks

Cracks are miniature separations in the weld which can existon the surface or inside the

weld. They can be formed during solidi�cation or several hours after solidi�cation and its

often due to the composition of the base metal. No amount of crack is wanted in a weld.

2.3.4 Geometric Defects

While welding, the electrode may go out of joint or there may bemisalignment in the base

metals resulting from improper part �t-up. When these happen, the welds are incorrectly

placed in the joint leading to uneven sided weld leg-lengthsas shown in Figure 2.6 as an

o�-joint defect. In other cases like erratic wire feeding, the shape of the weld bead becomes

irregular with some concavity, convexity or undulation. Defects of this nature not meeting

the geometric requirements are referred to as geometric defects.
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CHAPTER 3

MACHINE LEARNING IN GMAW

Machine learning and gas metal arc welding are both broad areas of research. To stay

within the scope of this work, relevant materials for understanding machine learning algo-

rithms for use in gas metal arc welding process have been reviewed with applications in

predicting weld quality. For more details in machine learning, please refer to these works

[25][26][27]

3.1 Introduction to Machine Learning

Machine Learning is a branch of Arti�cial Intelligence that gives machines the ability

to learn from data without explicit programming or specifying rules with an ultimate goal

of generalization beyond data already encountered. In essence, it consist of methods that

automatically detect patterns in data, and then use this discovered patterns to predict future

data or perform other kinds of decision making under uncertainty [27].

The detection of these patterns is often generally indirectas shown in Figure 3.1. Since,

input data are generally high-dimensional, the phenomenonknown as \curse of dimension-

ality" easily sets in. That is, as the dimensionality of the data increases, reliable analysis

requires exponential growth in the amount of data needed. Hence, it is needful to identify

the relevant information in the data or capture the \essence" of the data that maps to the de-

sired output. This relevant information can either be hand-designed (feature development)

or learned implicitly by the model (representation learning) 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 amount of data available, we have

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

3.2 Machine Learning Algorithms

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

are given below based on how they learn from data:

ˆ O�ine Learning: Traditional method of single batch processing, the kind employed in

our work.

ˆ Online Learning: Learning from data that becomes availablein a sequential order

ˆ Active Learning: Interactively query the user to obtain the desired outputs to new

data points

ˆ Distributed Learning: Learning from data distributed across multiple locations

ˆ Transfer Learning: Learning from other related task

ˆ Multi-Task Learning: Learning shared knowledge across tasks e.g., learning to identify

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

re�ning the model's behavior based on reward

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

Unsupervised Learning.

3.2.1 Supervised Learning

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

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

of n observations,D = f (x i ; yi )ji = 1; : : : ; ng, where x i is the input vector and yi is the

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

training examples by learning the mapping:

f : X ! Y

such that, yi � f (x i ) for all i = 1; : : : ; n.

The output can take di�erent forms. When categorical or belonging to a �nite set, it is

known as Classi�cation . However, when it is real-valued, it is known asRegression .

Our work is formulated as a classi�cation problem. Below aresome descriptions of speci�c

algorithms that fall under supervised learning:

Decision trees: Decision Trees are tree-structure like models that learn simple decision

rules from the training data. Based on statistical measure (e.g., entropy), the decision tree

recursively breaks the feature data into smaller classes until it reaches a speci�ed class size.

Because of their tree-like structure, they are easy to visualize 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 inputs and produce an output. The �ring

of each neuron, in this case, perceptron activation is dependent on an activation function

e.g., the sigmoid function. Since it is possible to have several layers of these perceptrons, the
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weights associated with every input in every layer can be adjusted automatically from a set

of training data; hence, creating an incredible number of combinations that can represent

a given data. Despite being a powerful tool, ANNs have high computational 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 transforming the data into a separable

space. The transformation is done using what is sometimes referred to as thekernel trick.

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

tion does is to transform the data from the input space into a high-dimensional feature space

where linear separation is possible. This type of approach has been widely explored in other

machine learning methods because kernel functions make non-linear operations in one space

become linear operations in another space. Popular examples of kernel functions include the

radial basis function, the linear function, polynomial functions, Gaussian process function

and the sigmoid function. Support vector machines are easy to train, and global optimality

is guaranteed since it is a quadratic program optimization problem 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 availability of labeled/output

data.That is, the input vector, x i , is given but the corresponding output,yi is not known.

In this scenario, the key idea is to exploit the structure of the data and learn the relation-

ship among the input data. It has two major branchesClustering 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 each point to a particular cluster is

determined by the distance of the point to the mean of that cluster. 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 �nds 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 core points on the

neighbor graph while ignoring the non-core points, clusters can be created with at least one

core point and border points. This approach is good at �ndingclusters 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 represented as a sum of weighted

Gaussian distributions. The goal of GMM is to identify the mean, the variance and the

corresponding weights of all the Gaussian distributions present.

Principal Component Analysis (PCA): This is a dimensional reduction approach to

representing data. It stems from the fact that a zero mean random vector can be decomposed

into a linear combination of orthogonal vectors known as theprincipal components, where

the coe�cients of these vectors are uncorrelated random variables. This means that the data

can be represented by a simpler model containing the most information needed. Hence, by

selecting the principal components that maximize the variance (i.e., principal components

with the highest eigenvalues), a new set of features that capture the data can be extracted

for classi�cation or regression purposes. PCA helps to reduce 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 helps to extract features that are

non-linearly related to the input variables.

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

While there are several works revolving around voltage, current, acoustic emissions, opti-

cal sensors, X-rays, ultrasonic, and laser technology in predicting or measuring weld quality,

we will focus only on those works that relate to voltage, current, acoustic and visual sensing.

Other related works are discussed as needed in each chapter of the dissertation.

3.3.1 Weld Geometry Prediction

The Arti�cial Neural Network (ANN) method is the most explored area relative to pre-

dicting weld bead width, height and penetration. As is typical with ANNs, most of the

experiments [28{32] involve the collection of both input and output data, and then training

the neural network. Some works [33] extract features like wavelet packet features before

training. Kim et al. [34] used the process parameters such aspass number, welding speed,

welding current and arc voltage to predict top-bead width. In another work, an ANN was

used to predict weld geometry using voltage, current, travel speed and shielding gas as the

input variables [10]. Simple models like the curvilinear model [35] have also been explored

to �nd relationships between process input variables: voltage, wire feed rate, torch angle,

welding speed, contact tip to work distance and output variables: bead height, bead width

and penetration.

Visual sensing is a promising sensing technology because of its independence from the

welding process. Although, it requires extra computation and �xturing, it can provide

separate information about the type of joint, welding edges, type of arc, electrode position,

weld seam and the weld bead [38]. They can either be active or passive based on the light

source used. Active visual sensing involves using laser or structural light as its light source

for imaging of the weld area. Using the specular re
ection of the weld pool, Kovacevic and

Zhang [39] developed a grid-shaped structured light strip system for measuring the 3-D shape

of the weld pool surface. A revised system was recently reported [40]. This 3-D vision system

has been used to estimate the joint penetration of the weld pool in gas tungsten arc welding
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[41] and in gas metal arc welding [36]. Huang and Kovacevic [42] used the principle of laser

triangulation to detect surface weld defect and measure theweld 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 sensingapproach which involves

observing the image area by the light from the arc and the weldpool. Bae et al. [44] were able

to extract the weld pool shape by a controlled triggering of a2-D image capture. In another

work, Schwab et al. [23] investigated the relationship between spatter and contaminants

using high speed imaging. For richer information, 3-D weld pool reconstruction using stereo

vision has been investigated [4, 45, 46] for the purpose of weld pro�le measurement, although

no defect detection was included. Also, reconstructing the 3-D view of weld pool can be

computationally expensive. Despite all these advancement, there are still more information

that can be extracted from the visual images, information such as weld droplet properties,

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

3.3.2 Process Anomaly Detection

According to Quinn et al. [47], raw voltages and currents are not enough for reliable

prediction of weld defects, hence, researchers have spent time exploring features from those

raw signals to help train a learning model. For a constant voltage process, seven features

were extracted from raw voltage and current, namely: (1) therunning average and standard

deviation of voltage, (2) current and (3) resistance, (4) arc 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 baseline record of these features was

used to identify certain defects. Although, their approach was able to identify process

deviations like loss of shielding gas, part contamination with oil and melt-through, it could

not reliably detect o�-joint welds. As an improvement, Wu et al. [48] developed a Fuzzy

logic system based on extracting the probability density distributions of the transient voltages

and currents, and class frequency distributions of the short-circuiting time, in order to detect

disturbances like surface contamination with oil, change in gas nozzle diameter, wire feed
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speed and joint clearance. Lubecki and Bai [49] investigated abnormalities detection in

the presence of rust and surface contaminants by computing aproduct of the frequency

component of the current signal and the impedance during thewelding process. In a recent

work, Shahabi and Kolahan [50] were able to predict lack of fusion, overlap, discontinuities

and shape factor from 13 statistical parameter extracted from voltage, current and sound

using an adaptive neuro-fuzzy system. In these works, it is not clear if they could uniquely

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

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

solution.

Acoustic signature is another signal often explored since itcontains information about

the arc column behavior (arc ignition and extinction), the molten metal and metal transfer

mode [51], and it is proportional to the change in energy level of the arc that is a function

of voltage and current. In an attempt to determine weld quality from the acoustic signal,

Cayo et al. [53] argued that the sound is generated by the impact of the drops and the

sound of the electric arc which are imperceptible in spray mode. Other works [37, 50, 56]

have included acoustic signal as part of the welding signalsfor detecting weld defects. Also,

acoustic signals have been used in predicting depth penetration [57]. In particular, Liu and

Lan [58] reported that changes in penetration can be detected by the variation shown by the

acoustic signal energy within a certain range of frequencies.

3.4 Summary

In this section, we gave an introduction to machine learningand 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 extracting actionable informa-

tion that clearly shows unique detection and identi�cationof defects with diagnoses. Our

work addresses this problem as we present a framework that allows 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 this work.

4.1 Overall Framework

There are four major aspects to this investigation: creating a dataset, extracting relevant

features, selecting and training a model with those features, and �nally using the right

metric to evaluate the performance of the trained model. In Figure 4.1, we give a graphical

representation of the 
ow of these steps. The remainder of this work is based on this setup.
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4.1.1 Dataset

Obtaining datasets is the most crucial part of the learning process; it accounts for the

majority of the time and e�ort. Since the relevant dataset did not exist, we had to run many

new experiments to gather the needed data, pre-process the data to �lter out noise. To

do this, a data acquisition system, see Section 4.2, was developed to acquire both the weld

process data in-process while the weld quality informationwas gathered post-process. This

acquisition involved both synchronization and alignment of a heterogeneous set of data. A

weld evaluation algorithm was then developed to automatically label the welds as defective

or non-defective (good) to supervise the learning process.Details are provided in Chapter

5.

4.1.2 Feature Extraction

As we have discussed in Section 3.1, it is necessary to extractthe \essence" of the data,

called features. As a reminder, a feature is a N-Dimensional vector of numbers describing

the object of interest, e.g., age, height and weight of a person. This description has to be


exible in a way that it preserves the interested information without redundancy. From

our observation of the welding process, we developed a \bag-of-pulses" approach, based

on the popular \bag-of-words" approach, to reduce the time-series data into sentences of

pulse types. With this, we can then train a model using the frequency of occurrence of the

pulse-types within a selected time interval. This approachhelped 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 learning process and it must

be a good measure of the desired outcome. Since, the work hereis a classi�cation problem,

a measure of accuracy (the ratio of the correctly classi�ed examples to the total number of

samples) �rst comes to mind. However, given an unbalanced setof data, accuracy becomes

misleading. This is generally the case in welding where the number of good welds are almost
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always more than the number of bad welds. So if a dataset consists of 90% good welds and

10% bad welds, by predicting all welds to be good earns the predictor a 90% accuracy score.

Whereas, the predictor is pretty much doing nothing.

Hence, to measure the performance of our defect predictors, we used the F-score measure

which is widely used in unbalanced binary classi�cation problems such as this. It should be

noted that there are several other measures like Youden's index, likelihood ratio, geometric

mean, and receiver operative characteristic, that can be used. Interested readers can check

out this work [59]. F-score measure accounts for what are referred to as precision,p, and

recall, r , of the classi�er. Precision is de�ned as the number of correct positive results

returned by the classi�er divided by the total number of positive results, i.e., both true

positives and false positives, returned by the classi�er. Conversely, therecall is de�ned to

be the number of correct positive results reported divided by the total actual positives, i.e.,

the sum of the true positives (positives reported as positive) plus the positives that were

reported as negatives (false negatives). A confusion matrix (a tabular layout of these terms)

on a binary classi�cation example is given in Figure 4.2. In the right-bottom box of the
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table shows the F-Beta score which allows varying the contribution of either the recall or

the precision in the scoring

F1-score,

F1 = 2
�

precision � recall
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. Although, F-measure in general does

not take the \True-Negatives" into consideration, we do not however care so much about

this in this application.

In welding, it will make more sense to give more importance toprecision by usingF0:5-

score, i.e., assigning more emphasis on being sure that welds tagged as defects have defects.

Reason being that, too many false alarms will make it annoying for use in an industrial

environment and ultimately useless.

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

matrix in expressing an explicit performance of the model for the multi-classi�cation problem.

4.1.4 Training and Testing

Finally, we then train the classi�er. Several models fall into this category and speci�cally

we used Support Vector Machines. Training and testing involves splitting the data into

a training and a test set, where the training set is used for training the model, while the

evaluation is done on the test set. For e�cient use of data, weused cross-validation. In

cross-validation, the dataset is divided into multiple folds (subsets of data), for example,

N-folds, a 5-fold representation is shown in Figure 4.3. For each evaluation, one fold is held

out for testing while the remaining N-1 folds are used for training. This is then done N times

to determine the stability of the learned model.

In the remainder of this chapter, we cover the experimental setup which includes the data

acquisition system, the experimental procedure used and how the experiments were laid out

and implemented.
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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 defects) welds, a robotic

welding system was assembled that included a robot, and a GMAW system including a

digital welding power source, several sensors including voltage and current sensing, video

camera, 2D pro�ler, mass 
ow controller, and data acquisition computer. A system block

diagram is shown in Figure 4.4 depicting how we augmented a typical robotic system with

Figure 4.4: System Block Diagram
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these additional sensors to capture the process measurableinputs, weld geometry, visual

images and sub-surface weld information; and how they all �tinto the o�ine-learning system

to produce a learned model that captures the dynamics of the controller and the physical

process for online weld defect detection and diagnosis. Thevisual images were only used

for human visualization of the process while the robot pose was instrumental in registering

the time synchronized process data with the spatial information like weld geometry and

radiographic images.

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

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

behind the torch head.

Ethernet I/O USB 
Mass Flow Controller 

Laser Profiler 

Network Switch 

Camera 

FPGA 

Power Supply Robot  
Controller 

Computer B 

Computer A 

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 technologyis utilized. It has over 200 wave-

forms inbuilt which are designed to ensure arc stability andoptimal arc length. It also
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allows for waveform modi�cation using the appropriate proprietary software. Its most rel-

evant importance to this work is the accessibility to the internal operations which allowed

the acquisition of voltage, current and arc length error at 120 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 weldingapplications.

It holds the welding torch and publishes the pose of the torchat 250 Hz using the Robot

Reference Interface (RRI) via Ethernet. The robot controller also outputs a signal called

dwell bits which indicates which side of the weld joint the electrode is during a weave motion

from the weld center line.

Camera: Visual image capturing was performed using a GS3-U3-23S6C Point Grey camera

mounted to view the weld puddle at the leading edge. With an associated signal of arc

short circuit events from the power supply, clear images (similar to images expected from

very expensive High Dynamic Range cameras) of the weld pool were obtained by triggering

the camera at those short circuit periods. However, it comes with a drawback of capturing

images sporadically based on when these short circuit events occur between the electrode

and the plate.

FPGA: A National Instrument cRIO-9024 is used as the main data acquisition and syn-

chronizing device. It was equipped with a Digital I/O module, NI-9403, and an analog

module NI-9201 which handled the synchronization, camera triggering and data logging of

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

Mass Flow Controller: As part of the experimental design, we were interested in varying

the gas 
ow rate for di�erent welding procedures. To ensure tight control and repeatability

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

Laser Pro�ler: For measuring the weld bead pro�le, a Keyence LJ-V7080 pro�le camera

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

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

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

using a digital X-ray machine.

4.3 Data Collection Procedure

In the framework, we alluded to acquiring data in-process and post-process, see Fig-

ure 4.1. This in fact involved sequence of operations. As often implemented, the weld

pro�le could be captured in-process trailing the welding spot. Of-course, this comes with

the overhead of handling delays in the acquisition, pro�le data stabilization during robot

weaving motions, and data overload. Also, radiography can'tbe done online nor in-situ.

Instead, we adopted a 4-stage sequential acquisition process namely Pre-weld, During-weld,

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

Figure 4.6: Data collection procedure

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

of the electrode at the welding torch is calibrated, likewise the TCP of the pro�ler camera

in order to have a reference point for overlaying post-weld-in-situ data measurements with

the real-time online data acquisition. To ensure registration with radiographic images, the

plates are marked with notches that are observable by the pro�ler camera and the X-ray

machine.
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During-Weld: In-process (i.e., while welding), a synchronized measurement of the voltage,

current, arc length error, torch pose and visual images are performed; which are synchronized

in time by a system-wide timing signal of 1 kHz that is superimposed on each data stream

source.

Post-Weld/In-situ: After the weld is completed, the weld bead is cleansed of any surface

slags or dirt. Weldment still in position and using the same path during welding, an incre-

mental measurements of 0.5 mm of the weld bead is taken. At every measurement point,

each pro�le captured is logged alongside the present pose ofthe robot.

Post-Weld: At the �nal stage, the weldment is removed from the �xture and then radio-

graphed.

4.4 Experimental Design

Now, we have a data acquisition system and a procedure for generating di�erent ex-

periments. What is yet unanswered is \what experiments are werunning?". Since we are

investigating defect detection and diagnosis under certain process variations given a weld-

ing procedure, we had to identify a welding procedure for creating a good weld and then

determine how to induce/simulate those process variationson the system.

There is no unique welding procedure (a set of welding parameters) to creating an ac-

ceptable weld. However, there are general practices that have been adopted over time. In

robotic welding, these variations in parameter settings are quite limited compared to a hu-

man welder. For example, torch motion and orientation in robots are con�ned to weaving

or not weaving while humans are capable of more sophisticated motion in stirring the weld

pool at odd work angles. Hence, a normal process variation often encountered in robotic

welding are weaving/not weaving and welding in 
at and horizontal positions. Also, welding

parameters are designed before hand for every welding procedure and are kept the same

during production.
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Contaminant 

Porosity 

Gas 
Coverage 

Out of Joint 

Gap 
between 

Plates Erratic Wire 
Feeding 

Geometric 
Defects 

Good 

Induced Process Variation 

Resulting Defects 

No 
Variation 

Primer Oil 

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 

Process Parameters 
Wire Feed Speed : 180 mm/s (425 ipm) 
Travel Speed :  7.62 mm/s (18 ipm) 
Contact-Tip-To-�t�}�Œ�l�����]�•�š���v�������W���í�ñ�u�u���~�ì�X�ñ�õ�_�• 
Shielding gas composition : 90% Argon/10% CO2  
Gas flow rate : 16.52 L/min (35 cfh) 
�W�o���š�����š�Z�]���l�v���•�•���W���ð�X�ó�ò���u�u���~�ï�l�í�ò�_�• 
Plate condition : No mill scale 
Weld Mode : RapidArc (Pulsed Process) 
Work angle : 45 degrees 

Robot weaving frequency : 1.91 Hz (width: 3mm, length: 
4mm) 
�Z�}���}�š�����Á���o�o�����š���Á���o�o�������P���•�����v���������v�š���Œ���W�����ì�X�ñ�u�u���~�C���ò�ñ�u�•�• 
Wire type : SuperArc L-56 (ER70S-6) 
�t�]�Œ�������]���u���š���Œ���W���í�X�í���u�u���~�ì�X�ì�ð�ñ�_�• 
Plate temperature before welding : < 120o F 
Weld type : Fillet welds 
Joint type : T-Joints 
Travel angle : 10 degrees, Push  

*  The welds include three weaving frequencies as opposed to the other 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 capture the normal 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 Figure 4.7 above. This provides

us with a rich set of data in making good predictions including variations in welding position

and torch motion. Also, the same weld parameters are used across experiments except in

instances when we are interested in seeing their e�ects on the welds.

All experiments were conducted with �llet welds on T-joints. To ensure consistency of

results, all plates were free of mill scales and the temperature of the plates were below 49oC

(120oF ) before all data collections. We focused on one secondary cause per each primary

cause except in the case of contaminants where we explored the presence of either oil or

primer, as shown in Figure 4.7. For each variation, we ran at least 10 welds, with four weld

segments in a run, i.e., a single �llet weld. Though welded continuously, each weld segment

is a weld procedure in itself. Figure 4.8 shows a single run containing four weld procedures.

Each weld segment is about 60mm long with di�erent motion parameters, that is, each run

could have one to four welding procedures executed. We had alternating 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 sometimes 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 controller, Figure 4.9, we

varied the gas 
ow rate for di�erent welding procedures using binary search until porosity

occurred. The variation ranged between 2.50 and 8.26 l/min,i.e. 15% to 50% of the nominal

gas 
ow rate. All of these were carried out at steady-state, that is, for each run the gas was

purged until a preset 
ow rate was achieved before striking the arc. We did not vary the gas


ow rate while welding.

Apart from the possible changes in penetration over those range of variations, porosity

only started occurring after a threshold. There was no gradual visibility of pores in the

weld. This means for porosity development with respect to gas coverage, it is either the gas

coverage is su�cient or not.

Loss of Shielding Gas 

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 scenario or result in burnback (when

the electrode burns back into the contact-tip and both are welded together). This is not

particularly interesting for our investigation, hence, the di�culty. We needed a continuous

arc while the electrode is fed erratically, at the same time resulting in a defect. To achieve

39



this, we created just enough additional tension in the wire feeding process by loading the

wire barrel with weights and/or using a wire straightener asshown in Figure 4.10. From the

resulting weld in these particular sets of experiments, no porosity was observed as intended

but there was inconsistent geometry.

Erratic Wire Feeding 

Figure 4.10: Erratic Wire Feeding

4.5.3 Out of Joint

In the event when joint tracking fails, the torch can go out ofjoint leading to unacceptable

weld bead pro�le. Simulating this variation involved adding di�erent o�sets to the original

path of the robot in both Y-axis and Z-axis of the weldment as shown in Figure 4.11. The

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

Z offset 

Y offset 

Out of Joint 

Figure 4.11: Out of joint
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4.5.4 Gap between Plates

In certain setup especially when air is sucked in from the back side of the welded joint,

root gap can potentially lead to porosity and/or inconsistent geometry. In our case, we only

observed the latter. To induce this variation, we o�set the top (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 thewelding path from its

original path for each run by aligning the electrode to di�erent ends of the gap. That is,

in some runs, the electrode was aligned to the supposed face-contact 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 in between the gap.

Gap 

Root Gap 

Figure 4.12: Root Gap

4.5.5 Contaminants

Primer is a very common coating agent used in the ship building industries to prevent

rusting. When applied in the right proportion, it is always desirable to weld over them

without the development of porosity. Hence, we applied primer over each plate with di�erent

thicknesses. Rather than ensuring uniformity which was a challenge, instead, we applied the

primer as uniformly as possible, then measured the thicknesses along the joint at 1 sample/12

mm. These thicknesses varied between 0.015 and 0.06 mm (0.6 and 2.5 mils i.e., thousands
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of an inch). As known in the literature, the likelihood of formation of porosity in the weld

increased with higher primer thicknesses.

As for oil contamination, we applied varieties of oil types shown in Figure 4.13 like grease,

WD-40, hydraulic oil AW-46 and motor oil 10W-30. None of the oils resulted in porosity

except the grease. This is due to the oil burning o� and the sulfur content of the electrode

which aids the removal of impurities from the weld pool.

Contaminants 

Figure 4.13: Contaminants
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CHAPTER 5

DATASET CREATION

In the previous chapter, we introduced the overall framework and the physical aspect (i.e.,

hardware, setup, procedure and simulation) to creating theneeded data. In this chapter, we

discuss more on the internal workings of this process and thealgorithms used for evaluating

and processing the data into a usable form.

In several machine learning applications, it is not uncommon to have a repository of data

that can be used collectively by researchers to test new algorithms or explore patterns in the

data. In welding applications, these datasets are not readily available; even when they are,

they are either inaccessible or not in the structure appropriate 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 weldquality predictive model

hinges on establishing correspondence between the weld process data and an accurate loca-

tion of the weld defect. Achieving this involves both time synchronization of the in-process

weld data along with the spatial alignment of the post-process weld quality data. Given

our setup, this means keeping track of the synchronization signals or markers embedded in

each stage of the data acquisition, as depicted in green in Figure 4.6 in the previous chapter,

and synchronizing within and across the acquisition stages. This is done in two ways: time

synchronization and spatial alignment.

5.1.1 Time Synchronization

This involves the synchronization of data provided by the power supply (process data)

and the robot (positional information of the electrode). Synchronizing these devices is not as

straight forward as one will think; they all use separate communication channels and are not
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presently built for this purpose. This is a general challenge in the robotic welding industry.

Hence, it needed certain creativity and pushing of the limitsof these devices.

According to Figure 5.1, the power supply and the robot controller 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 misalignment in the individual

timing signals. By creating a central timing signal composed of 1 kHz pulse streams, the

power supply is synced with the Data Acquisition (DAQ) device, NI cRIO-9024, by sampling

these timing-bits at 120kHz and overlaying them with the restof 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 weave-sync is added to the robot pose

data which changes state at the beginning of every welding procedure/segment during a weld

run(note that we ran four welding procedures/segments per asingle weld run, see Section

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

Robot Controller Power Supply 

Weave-Sync 

Timing-bits 

Dwell-bits 

Dwell-bits 

V
ol

ta
ge

 

Computer 

Internal  
Variables 

C
ur

re
nt

 

T
im

in
g-

bi
ts

 
O

th
er

s 

Weave-Sync 

Pose 

DAQ 

Timing-bits 

P
ose 

W
eave-S

ync 

Stream 2 

Stream 1 

Stream 3 

Figure 5.1: Time synchronization
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logging its own timing signal which is the central timer. To handle latency, dwell-bits|a

digital signal from the robot controller which indicates when the electrode is in the side walls

with less than 1 ms latency|is also included. Adding these dwell-bits signal directly to the

pose data should have been the easiest solution but is not supported either.

As shown in Figure 5.1, we end up with three separate data streaminto the computer,

which are merged together by up-sampling to the same sampling frequency of 120 kHz. This

includes Stream 1 from the DAQ device consisting of weave-sync, dwell-bits and central

timing-bits, Stream 2 from the power supply containing the central timing-bits with voltage,

current, arc length error and other internal data, and �nally, Stream 3 with weave-sync and

pose data from the robot controller.

To minimize any latency to within 1 ms between the data streamfrom the robot controller

and the DAQ central-timing bits, we isolate the robot pose data corresponding to a weave

motion region using the start dwell-bit, the end dwell-bit and the weave-sync state. The

weave-sync state indicates the weaving region in the data while the start and end dwell-bits

acts as reference points for when the electrode was �rst in and last out of the side walls.

By computing the phase-shift in the robot pose data in its weaving axis with its mirrored

version within these reference points, we could then reducethe latency to the 1 ms target.

The 1 ms is an excellent resolution of time since the robot is traveling at 7.62 mm/s.

In most welding research test-bed, simple specialized mechanized systems are often used,

hence making it possible to acquire the position of the electrode alongside the process data

using a single acquisition system; while in others, positional information are either not

acquired (or approximated meaning eye-balled) or not needed. In our work, positional in-

formation is crucial but its accessibility is limited by theavailable communication protocol

and its associated latency. The time synchronization aspect of this approach in itself is not

new, in fact, it is an old technique, however, by combining itwith the latency reduction

approach, it allowed the gathering of a new set of weld data, synchronized precisely in ways

in which people have not been approaching the problem especially 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 output for a weld run in Fig-

ure 5.2. It contains the voltage, current, weld pro�le scan,weld pro�le image, dwell-bits,

the electrode position in the weaving-axis of the robot against time and the weld image.

The electrode position, depicted with the green marker, corresponds 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), while the voltage and the current

are the top-two left �gures with the two red markers showing awindow time of 66 msec that

maps to a 0.5 mm weld pro�le scan interval, when the electrodewas at that location.

Figure 5.2: Synchronized In-process data with weld pro�le and weld visual photo

5.1.2 Spatial Alignment

Since the positional information is already synchronized with the in-process data, all other

data acquired post-process can then be aligned provided they have the correct positional

information. For the weld pro�le data, alignment is quite simple once the pro�le camera is

calibrated to have the same Tool center point (TCP) as the electrode. By retracing the same
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programmed path used while welding, the pose data is acquired together with each pro�le

scan of the weld.

What about the radiographic image? This is done indirectly. Asshown in the previous

chapter, Section 4.3, we embedded markers (a form of �ducials) on 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 it with the pro�le image since the

pro�le scans contains the positional information. By usingthese common features/embedded

markers (although other types of common features can be used) in both the weld pro�le image

and the radiographic image with the actual dimension of the welding plate, a homography

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

1. Create an orthophotograph of the input image, in this case, the X-ray image. This is

the correction of the camera angle at some o�-axis to make it look like it was taken

directly overhead, see [60]. Using the edges of the bottom plate as the control points,

we calculate the transform between the actual plate dimensions and the X-ray image.

This transform is then used to create a scaled ortho-radiograhic image as shown in

Figure 5.3 below.

Actual plate 
Dimension 

x 

x x 

x 

x 

x 
x 

x 
=> 

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

2. Calculate the homography transform between the weld pro�le image (in pixels) and the

scaled ortho-radiographic image above using the embedded markers/features common

to both images. Using this transform, we can then map the positional information of

the weld pro�le to the x-ray image.
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3. Extract the weld region from the scaled ortho-radiographic image with its correspond-

ing positional information using active contour [61]. An extracted 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 informationto the weld photograph,

that is, the visual image. An alignment of the weld pro�le image with the x-ray image and

the weld photograph is shown in Figure 5.5.

Figure 5.5: Spatial alignment of pro�le, radiographic and visual images for a single weld run

As you can observe, we can see what the weld looks like on the surface with a sense of what it

looks like underneath the surface. Additionally, we have theinformation to understand the

geometry of the weld bead. With such alignment, it means that we can provide an evaluation

of the weld at any location we desire within the resolution ofthe pro�ler data and at the

same time identify the corresponding process data. We see this as a great step forward in

this work and in the prediction of weld quality at large. However, these are just registered

images. We need actionable evaluation information for training our learning systems and
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to identify any new patterns. In the next section, we discussan objective way of doing

this, such that we automatically label slices of the weld as defective or non-defective given a

threshold.

5.2 Quantitative Weld Evaluation

It is very common to evaluate weld subjectively, even with the availability of standards

like AWS D1.1. Within these standards, there are thresholds that must not be exceeded.

However, with humans in the loop taking the measurements and also making the judgments,

uniformity cannot be guaranteed.

In this section, we present some objective evaluation techniques 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 what the standards require. For

example, in the AWS D1.1 for a �llet weld, it speci�es that the amount of visual piping

porosity 1 mm or greater in diameter shall not exceed 10 mm in any linear 12 mm of weld.

Also, one can �nd a table that looks like Figure 5.6, specifyingthe maximum allowable

convexity and the minimum concavity requirements (provided the leg lengths are not below

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

Leg Length 
(Vertical) 

Leg Length 
(Horizontal) 

C 

-C 

Toe 

Convexity 

Width of Weld 
Face, 

W (mm) 

Criteria 

Min C  
(mm) 

Max C 
 (mm) 

�G�����ô�X�ì 0 2.0 

8.0 to 25.0 0 3.0 

�H�����î�ñ�X�ì 0 5.0 Joint Root 

Weld Root 

Figure 5.6: AWS D1.1 Weld Pro�le Schedule

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

the sensor data which can then be used alongside these standards. In the remainder of this
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section, we describe some methods for extracting relative subsurface porosity volume from

radiographic images, surface porosity diameter from weld pro�le images, and other weld

geometry information like leg lengths, weld face width and convexity measurements from

the pro�le scans. Rather than determining if the weld is acceptable or not as a whole like

the standards, we extracted this information at a resolution of 1 mm to help us learn how

the quality of the weld is changing along the weld bead. Clearly, this is easily adaptable to

any standard.

5.2.1 Sub-surface Porosity Evaluation

Similar to certain aspects of these works [62][63], we perform background subtraction

based on a model obtained from multiple normalized radiographic images of good welds.

The idea is to capture a quintessential distribution about a�xed model of the surface (i.e.,

pixel intensities) of a good weld, from one toe of the weld to the 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 global changes 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 surface of the weld bead from the

radiographic image can be modeled as a quadratic surface. Also, from the previous section,

we have discussed how to extract the x-ray of the weld bead from the radiographic image.

However, the global pixel intensities of these images di�er from one to another depending on
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Figure 5.7: Normalizing the x-ray image pixel intensity and weld width
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operators. Also, the width of the weld is not always the same depending on the positioning

of the x-ray source to the plate, and also the actual width of the weld bead. To avoid the

e�ect of all these possible variations, we normalized the segmented weld bead x-ray image

in pixel intensity and weld width as shown in Figure 5.7. Such that, when the surface of

any weld is modeled, we obtain normalized pixel intensitiesthat are representative of the

densities of the weld bead from one toe of the weld to the othertoe of the weld. One other

thing to keep in mind is that we discard the ends of the weld bead in 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 curve to them. From this quadratic

curve, we then compute the residual which is the deviation ofeach pixel intensity given its

position across the normalized width of the weld from the quadratic curve. See Figure 5.8

for an example of �ve good welds. The variance,� 2, of these residuals approximates the

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

(a) (b) 

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

As for the evaluation process, we present the steps below. Theaim is to compute a

unit-less measure that represents the volume of the pores buried in the weld at di�erent

location along the weld at a resolution of 1 mm. Some macro-evaluation examples of porous

welds with their corresponding x-ray images are shown in Figure 5.9. From these images,

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

intensities and the pore sizes and depths.

1. Gas Tracks 

2. Elongated/ 
Linear  
Porosity 

3. Piping 
Porosity/ 
Wormhole 

3 

1 

2 

Figure 5.9: Macro-evaluation of some welds with porosity

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

perform the following:

1. Segment the weld region from the x-ray image and discard the ends of the weld bead.

2. Normalize the segmented weld region in pixel intensity andwidth.

3. Perform local background subtraction, instead of a global one 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 residuals, ei = f (x i ) � pi ,
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for each slice, see Figure 5.10. To maintain insensitivity tooutliers, we used a robust

least square method, least absolute residuals, which minimizes 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 below the 2� of the residu-

als of the training welds. Those above this threshold are ignored since they are not

representative of pores in the weld.

di =

(
jei �wi j� 2�

� ; ei � wi < � 2�

0; otherwise:
(5.1)
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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 weldregion, we introduced a

weighing function in the form of a normal distribution with its mean centered around

the center of the weld region. This weight,wi , takes into consideration the likelihood

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

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

pore volume score per slice=
1

M

NX

i

di (5.2)

where M is the number of pixels per width of the weld slice and Nis the total number of

pixels within the slice. The distance,di , captures the depth of the pores as indicated by

the pixel intensity while the number of outlier pixels (i.e., with non-zerodi s) represents

the area of the pore.

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

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

interval.

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

We recognize the work done by Servo-Robot in identifying surface porosity and weld

pro�le evaluation, but their work is proprietary. We present a simple, easy and fast yet robust

way to detect and measure the diameter of surface porosity ina weld. Image binarization is

always quite tricky when working with images from visual cameras due to variation in light

intensity. We �rst began exploring edge detection algorithms to extract the surface porosity

until we realized that image created by a laser pro�le camerais not a�ected by external

light intensity. With this realization, we can then perform simple image binarization after

performing some local �ltering of the image. Steps are provided below. The resulting image

of each step is shown in Figure 5.12.

Step 1 : 

Step 2 : 

Step 3 : 

Step 4 : 

Actual 
Weld 

Figure 5.12: Step by step images at each step of the surface evaluation process
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1. Transform pro�le scan into image while retaining the scaling.

2. Filter the image by computing the local standard deviationat every pixel location.

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

minimizes the intra-class variance between the two classes: white and black regions.

4. Finally, perform blob analysis on the image to extract the area of the white blobs. This

is done by counting the number of pixels within that region. We can then compute the

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

An evaluation result is shown in Figure 5.13. It shows the computed diameter of each

pore belonging to a location on the weld. Note that the blob at the right of the weld is not

really a surface pore but can be accounted for simply by only looking at blobs below the

binarization threshold.

Figure 5.13: A surface evaluation for weld surface porosity measured 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 imagine, it is based on manipulating

lines and curves as presented in these works [43][65][66][67]. The only challenge is performing

these operations in a robust manner especially in di�erentiating between the base plates and

the face of the weld bead. Once this is done, identifying defects is quite straight forward.

We approached this evaluation using mainly the K-means clustering algorithm [68] and

the least absolute residual algorithm for line and curve �tting. After averaging the scans

within the interested slice of the weld, we �nd an approximate segmentation of the base plates

from the weld face as shown in the second plot in Figure 5.14. This is done by clustering

based on the cross section distance and the height of the pro�le scan. The intersection of

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

1 2 

3 4 5 

Negative 
Convexity 

Figure 5.14: A surface evaluation for weld surface porosity measured 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 scan points just curves away

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

be computed by �tting a quadratic curve to the weld face. To determine the leg-lengths,

we have to �nd the largest right angle triangle inscribed in the weld slice ignoring the pore.

That is, we are only considering the e�ective curvature of the weld. For convex welds, this

is the intersections of the weld face curve with the �tted lines representing the weld plates.

In the case of a concave weld as shown in plot 5 of Figure 5.14, the curve has to be o�set

by the height of the convexity, where the convexity is the distance between the maximum

point on the weld face curvature and the line joining the toesof the weld for either cases.

The sides of this triangle are then measured to denote the left and right leg lengths while

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

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

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

To show how well the above algorithms work, we have shown two examples of a combined

evaluation for two di�erent welds in Figure 5.16 and Figure 5.17. The green marker denotes

the start and the end of where the weld was evaluated for sub-surface porosity.

Although, the results of the evaluation have gradations, we are only interested in deter-

mining if the weld is good or if it has porosity or geometric inconsistencies. This we achieve

through these combined evaluations, by use of a threshold ora combinations of thresholds

Figure 5.16: Sample 1: Combined Evaluation
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to determine if each slice of the weld has the interested defect. 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 us understand where and when the

learning system is performing well. More details about the thresholds are in later chapters.

As for the process variation labels, they are added to the datawhile inducing the variation

in the experimental design, see Figure 4.1.

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 accurate methods for

synchronizing both the input process data with the corresponding objective evaluation. As

we have established, this is a necessary step to make any useful conclusions in later chapters.

Although, we needed to simply identify two defects, it is interesting to see how much e�ort it

required to get to that point. It was essentially designing an automated inspection system.

The good thing is that, we have been able to explore that area of work and design robust

evaluation algorithms that can be very e�ective for online inspection 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 vectorof numbers describing

an object of interest. This can be as simple as vectorizing the raw input data, in this case,

voltage and current. Or we can use the coe�cients from some frequency analysis of these

input data, or extract some statistical properties like mean, variance, skewness, kurtosis

etc. However, these representations exclusively do not provide 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 process.It is based on the popular

\bag-of-words" approach. The expectation is that this approach will not only help in the

learning process of predicting and diagnosing the interested defects, but will also allow us

to have a better understanding of the welding process from the view 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 representation in the informa-

tion retrieval and natural language processing community.It provides a simpli�cation for

capturing the frequency of words contained in a document given a dictionary. In its simplest

form, given two documents like those in Figure 6.1, by lookingat the word counts, we can

determine what type of document they are. Although, the word \world" 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/technical material while the other

document must be a spiritual one.

Why is that? Because we have a prior knowledge that some of the identi�ed words are

common in spiritual documents while the others are common toscienti�c documents. Also,
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For God so loved the world, that he gave his only 
begotten Son, that whosoever believeth in him should 
not perish, but have everlasting life. 

This method allows simultaneous computation of the 
rigid transformations from world frame to robot base 
frame and from hand frame to camera frame. 
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Figure 6.1: Bag of Words

we can check for the similarity between the two documents using these same word count

approach and still arrive at a correct conclusion. What we don't do is to compare word-to-

word to determine the similarity between the documents likeis done in \string" similarity

using character-to-character matching. So by representing documents as histogram of words

and matching them with their corresponding classes, BoW hasbeen successfully used in

document classi�cation, document retrieval, spam detection etc. [69]. Although, there are

other subtleties like removing stop words e.g., \is" and \the", weighting the occurrence of

some words more than others based on how less common they are in other documents [70],

working with \characters" instead, adding temporal relationships and so on; BoW in its

simplest form has been successful in these areas.

Based on these successes, BoW found its way into other �elds like computer vision and

time series analysis. In computer vision, it has been used successfully in areas like place

recognition [71], human-activity recognition [72], content-based image retrieval, object de-

tection and recognition [73]. Since there is no dictionary or vocabulary for images, a visual

dictionary is often learned from a corpus of visual words available in a set of provided images.

These visual words are discrete labels or codes that are assigned to regions in the images that

have similar description based on descriptors like SIFT, SURF,GIST or raw pixel values;

with the purpose of capturing an informative summary of the image, just like in documents.
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In time series data analysis, a similar approach has gained relevance but it requires

dividing the data into overlapping local segments. In the last decade, BoW has been used in

time series classi�cation with better results in music classi�cation [74], audio classi�cation

of birds species [75] and classi�cation of biomedical data [76] as compared to traditional

approaches. These successes can be attributed to the ability of 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 ; =; x1; ::::; xt is a collection of t 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 this period, they exhibit di�erent

patterns and based on these patterns, we like to make informative decisions like detecting an

anomaly or assigning them to prede�ned classes. These patterns however, can be localized

or global or both in nature, depending on the characteristicnature of the signal source. If we

are trying to query a database|a common task in time series analysis|for short segments

of time series data, we can search using local structures. However, if we are interested in

making decisions or extracting actionable information from longer time series data like we

are in this work, we need to consider the global structural similarity as well, or else, it will

be synonymous to engaging in word-to-word matching to determine the similarity between

two documents.

Methods like SVD, SAX (a symbolic representation), DWT, mean, median, etc. can be

e�ective at capturing local information while trend analysis methods or frequency histogram

can be used for extracting the global information. However, most existing methods do not

capture e�ectively both structures together. For example,frequency analysis is more e�ec-

tive in representing periodic waveforms but not with long time series data with localized

characteristic waveforms [76]. Wavelets are localized by design but still do not represent

both structures e�ciently in long time series [77]. With BoW representation, we possess

64



a framework that allows assorted combinations of any of these methods in an e�cient and

intuitive manner. For instance, the histogram in BoW captures the frequency content at

a global scale while the local structures are embedded as newbuilding blocks instead of

using the raw data points. This means, we can represent the data (using any locally e�-

cient representation) by assigning codes or words uniquely to di�erentiate interested local

structures present in the time-series data; and then look for trends and frequency content,

as a way of capturing the global information. See Figure 6.2 for a summary of some possible

representations, measures and algorithms within this framework. Also, BoW allows using

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

Global Structure 

Local Structure  

Physical Structure (if any, it can be 
synonymous to words or characters in BoW) 

Representations: 

Algorithms: 
�‡  Dynamic Time Warping (DTW) 
�‡  Clustering algorithms  

�‡   K-Means 
�‡   DBSCAN 
�‡   Hierarchical  clustering etc. 

Similarity Measures: 
�‡  Euclidean Distance 
�‡  DTW Distance 
�‡  Earth Mover Distance (EMD) 
�‡  Physical Quantity e.g., Power 

Representations: 
�‡  Histogram 
�‡  N-gram 

Algorithms: 
�‡  Trends Analysis 
�‡  Classification Models 
�‡  Hidden Markov Model 

Similarity Measures: 
�‡  Euclidean Distance 
�‡  Jensen-Shannon Distance 
�‡  Chi-square Distance 

�‡  Raw data Based 
�‡Fixed length 
�‡Variable length 

 

�‡  Feature Based 
�‡  Mean, Variance, Skewness 
�‡  DWT coefficients 
�‡  SVD components 

�‡  Shape Based 
�‡  Parametric Models 
�‡  Symbolic e.g., SAX 

Birds 

Heart Beat 

Pulsed-Process 

Figure 6.2: A summary of exploiting structures in time seriessignals [75][76][77][78][79][80]
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Taking it further, this framework allows us to exploit the characteristic nature of the

signal source. In the time series classi�cation referencesabove, this was not considered as

they used an arbitrarily �xed length for determining the content that represents the local

structure. Of course, a lot of time series data may not have this characteristic nature but

for data originating from heart beats, pulsed-processes, musical instruments, birds, gaits

etc., the local structure should be based on the characteristic nature of the signal sources.

However, there is an added computational overhead of segmenting out the local structures.

In this work, this is not a problem in any form. Moreover, there are added advantages in this,

such that, we can explore the interaction between the local structures as a representation of

the dynamics in the originating system. Also, we have the ability to group or assign codes to

these local structures based on some physical quantity speci�c to 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 understanding 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 of words, BoW has adopted

several names over the years e.g., Bag-of-Frames, Bag-of-Patterns, Bag-of-Keypoints, Bag-of-

Features, Bag-of-Audio-Words, among others. In this work, we refer to it as Bag-of-Pulses

(BoP) because it is designed to take on the physical characteristic nature of the pulsed-

GMAW process.

6.3.1 Exploiting the Process Physical Characteristics

The BoP representation involves taking the time series sensor measurements obtained

from the controlled welding process and re-presenting themconcisely with new building

blocks that retain the characteristic nature of the signal source 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 new representation, these

building blocks are designed to associate the structures inthe voltage and current time series

data and any other measurements with the two molten stages inthe welding process namely:

the droplet formation and the weld pool solidi�cation.

Droplet Formation: In the early 2000's, high frequency inverters were introduced which

allowed for high precision control of the welding process. This has led to the design of

waveforms that aid the transfer of uniformly sized metal droplets per pulse. Although,

designing a suitable waveform with the correct parameters requires years of expertise, it

comes with the advantages that allow one drop per pulse, lessspatter, lower average current,

increase in depth penetration, �ner grains at weld fusion zone, and an overall improvement

in the quality of welds [22].

In Figure 6.3, we show some existing pulse shapes out of the several hundreds that are

openly available. They are mainly characterized by a background current region where the

current is low and the arc is quieter, and the peak current region where the electrode is

melted to detach a droplet to be pushed into the weld pool during the tailout region. As

can be observed, they come in various shapes like rectangular, trapezoidal, exponential,

Figure 6.3(a-d), or some more complex shapes like in Figure 6.3(g-i) to rapidly decrease the

current in the occurrence of short circuit or react to other interactions between the plate and

the electrode. Also, with another design of the pulse shape like in Figure 6.3(e), the droplet

can be forcefully oscillated to detach it at a lower current,a necessity in Titanium welding.

Note that the last group, Figure 6.3(g-i), are commercially available while the remaining are

more academic in nature.

Given this understanding about the design of each pulse to release a droplet at a time,

we can exploit this knowledge to extract the local structureas pulses from the voltage and

current, hence, the bag-of-pulses representation. The other molten stage involves collection

of droplets (i.e., train of pulses).
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(a) (b) (c) 

(d) (e) (f) 

(i) (h) (g) 

Figure 6.3: Di�erent types of pulse shapes: (a) Rectangular [9] (b) Trapezoidal [9] (c)
Exponential [9] (d) Exponential-Chair [15] (e) Active-Control [19] (f) Double-Pulsing [81]
(g) Surface Tension Transfer, STTTM [82] (h) Regulated Metal Deposition, RMDTM [82] (i)
Cold ArcTM [82]

Weld Pool Solidi�cation: Several droplets make the weld pool and until it solidi�es, the

weld pool is continually in
uenced by the activity of the droplets and the arc at the electrode

position. The region where the weld pool is being perturbed by the local activity of the

process is what we call the \region of in
uence" as we've depicted in Figure 6.4. This means

that if we want to determine what happens at a particular location in the weld bead, it is

suitable to consider all the time series input process data which 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 length/size is the \characteristic
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length" when it matches the region of in
uence in the actual physical process.
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Figure 6.4: Relationship between region of in
uence and the local segment of the voltage
and current time series signals

Although, this characteristic length/size may vary during the weld, we can get an ap-

proximate size from the camera image which we did by measuring the length of the pool.

Also, given an electrode position, we can do a parameter search by varying the lengths of the

local segments to determine which one results in the best prediction outcome. Details are

provided in Chapter 7. Another unknown variable is the \solidi�cation size" which quanti�es

the distance between the electrode position and the freeze line or the solidi�cation point.

This, we can also �nd using the camera image or the parameter search approach. It is cus-

tomary to pick an arbitrary length in time series analysis which may be too big or too small,

but with the knowledge of this association and its physical implication, we can make better

judgments about these parameters.
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Putting all these together, we can then represent the voltage and current time series data

in terms of a histogram of codewords for classi�cation as shown in Figure 6.5. To achieve

this, we slide a window attached to the electrode position atthe travel speed of the electrode

to extract overlapping local segments that represent the local activity at di�erent locations

along the weld. Then for each local segment that we extract from the weld time series data,

we break it into pulses and then represent it in terms of \codewords" to form \sentences of

codewords", where the consisting \pulses" are assigned \codewords". That is, each \local

segment" is converted into \sentences of codewords" that issubsequently transformed into

a histogram. But we cannot assign codewords to pulses unlesswe have a known vocabulary

or a dictionary referred to as a \codebook" that we can look into to assign these words. We

take a look at this in the next section.
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Figure 6.5: Analysis 
ow from data to Codebook to Classi�cation

6.3.2 Forming Codebook of Pulses

Figure 6.6 shows a typical sequence of voltage and current pulses. While their general

shape is similar, they have many secondary characteristicsthat are indicative of subtle

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

subsequently clustered based on their similarities, an operation 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 compute this similarity as it

depends on the similarity measure, local representation and the clustering algorithm used.

For example, in the context of this work, we have options of using physical quantities like

heat transfer, arc volume, droplet velocity etc., or statistical properties like mean, median,

range, etc., computed within each pulsing period; or we could use the characteristic shape of

the voltage pulses only or that of the current pulses alone orboth pulses to determine their

similarities, and then cluster together based on raw values, or the reduced version, or the

coe�cients of its parametric model using clustering algorithms like K-means or DBSCAN.

However, in the end, the aim is not to have perfect pulse clustering, but to generate

clusters that best inform the defect detection and the diagnosis process. That is, irrespective

of which line of action we choose, the aim is to achieve good prediction. So until, the

validation is complete, it is not possible to make any conclusions as to which algorithm

or representation or similarity measure is best. Hence, we adopt a less computationally

intensive approach that captures the characteristic di�erences in the shape of the pulses to

be �ne tuned if necessary based on the prediction outcome. Inthe ideal case, the clustering

of the pulses should be done to di�erentiate the droplet properties since the information in

the pulse shape only forms part of the droplet properties. This, we consider as a future work.
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As an alternative, we cluster together and assign codewords to droplets with both similar

voltage and current pulse shape information as a way of capturing the droplet formation and

transfer. This approach is presented as follows:

1. From the training set, normalize the voltage and current data to between 0 and 1 based

on the minimum and the maximum voltage and current of the power supply respec-

tively. This is a necessary step to consider in order to include the voltage information

in the clustering, else the values of the current which is about 12 times the magnitude

of the voltage will dominate.

2. Extract all the pulses in the data given the pulse start andending. Note that these

are not of the same length, so each voltage and current pulsesare padded with zeros

to achieve �xed length.

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

I P 2 RN , whereN is the padded �xed length, we can then vectorize both pulses and

concatenate for allM pulses in the training set i.e., [[V T
P1

; I T
P1

]T ; :::::; [V T
PM

; I T
PM

]T ] 2

R2N � M

4. Perform dimension reduction fromR2N � M to RR� M using Singular Value Decomposi-

tion (SVD), where R is the new dimension. This aids in the clustering as clustering

algorithms don't scale well with high dimensions. Also, withthe dimension reduction,

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

5. Finally, cluster and assign codewords using K-Means [68].The collection of these

codewords form the codebook. So how big should this codebookbe? Like we said,

the aim is not to achieve perfect clustering but to achieve good prediction. This

becomes another search parameter that depends on the prediction result. More details

in Chapter 7. An example of such a codebook developed from our dataset is shown in

Figure 6.7.
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Figure 6.7: Codebook of Pulses of Size 10

6.3.3 Adding Interaction Between Pulses

One major drawback with Bag-of-Words representation is that the temporal relationship

is lost when the data is transformed. In one of the works in time series classi�cation, a

researcher [77] argued that this actually is an advantage intime 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 shed more insight into this.

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

give more information about the dynamics of the system. So weconsider 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 the present unknown state of a

system in terms of its previous state given the present observations, see Figure 6.8. In terms

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

X1 

Z1 

X2 

Z2 

X3 

Z3 

X  - Defects (Hidden States) 

Z  - Pulse Trains (Observations) 

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

But if we take a look at the defect formation on the bead as shown in Figure 6.4, the

occurrence of a defect at a location does not readily a�ect the next or any other future weld

slice. Hence, we can assume independence and disconnect the hidden states from each other

as shown in Figure 6.9.

X1 

Z1 

X2 

Z2 

X3 

Z3 

X  - Defects (Hidden States) 

Z  - Pulse Trains (Observations) 

X X X 

X1 

Z1 

X2 

Z2 

X3 

Z3 

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

Figure 6.9: Assume independence between states and disconnect them

And we are left with a Naive Bayes model of each weld slice mappedto the observations

made within that period. This is consistent with the BoW representation that we are using.

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

X1 
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P3 P2 P1 P4 P5 

Figure 6.10: Observations as streams of orderless pulses

Since we want the interaction between the pulses, we can thenconnect 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 relationship between a pulse,P1,

at instance,T1, and another pulse,PN , at instance,TN , i.e., relationship betweenN instances

apart. This representation is known as the N-gram where the 1-gram is a typical case of the

histogram of words. However the larger the N, the more computational requirements and

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

X1 

P3 P2 P1 P4 P5 

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

Adding Spatial Relationship: In the context of robotic welding, we can also add the

summarized version of the position of the electrode, i.e., the dwell positional signal that

indicates which side of the plate the electrode is located relative to the weld path. We know

from the dwell data, that the electrode can either be at the left/center/right of the joint

wall, so we can modify the codeword to incorporate these three positions 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-center, R-right position of the
electrode relative to the joint weld path.

Implementation wise, what is needed is to encode the position in the codewords of the

pulses as \strings". For example, \C10", \C00", and \C01" will denote a pulse with code-

word, C, occurring at the left, center and right side of the welding 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 toextract features for

classi�cation purposes.

6.4 Summary

In this chapter, we presented a Bag-of-Pulses representation and how this framework

helps to add understanding of the process to exploit both thelocal 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 their 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 detecting and diagnosing porosity and

geometric defects using the dataset and the tools presentedin the last �ve chapters. While

we validate our hypothesis using these results, we present them under two implementation

architectures: a single model architecture and a hierarchical architecture. All prediction

models are setup as either a binary classi�cation or a multi-classi�cation problem. Also, we

present results investigating the robustness of our prediction models to weld positions within

the explored domain.

7.1 Preliminary Work

Before we present the main results, we want to address some important pre-processing de-

tails and preliminary work. While some aspects of the discussion made in this section re
ect

a review of previous chapters, it forms an integral part of the prediction implementation.

7.1.1 Weld-Dataset Extraction

Recollect from Section 4.4 that there are four weld segments/procedures in a single run

of a weld bead. From here onwards, we refer to each of these weld segments/procedures as

\welds" and the corresponding synchronized process data along 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 make up a dataset for training

and evaluating a model, e.g., a dataset for training and evaluating porosity prediction will

comprise multiple weld-datasets from welds with porosity and no porosity.

In the course of the training and evaluation, we have to splitthe aggregated dataset

into a training and a test set as mentioned in Section 4.1.4; and it is important that we

maintain the continuity in each weld by keeping all the process data belonging to the weld
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always grouped together, i.e., each weld-dataset is treated as a unit during cross-validation.

For each fold in the cross-validation set, if a data point in aweld-dataset belongs to the

training set, then no other data point in that weld-dataset will be in the test set and vice

versa. However, we can have weld-datasets belonging to the same weld bead-run used in the

training and the test set at the same time.

Other nuances include discarding process data belonging tothe ends of the weld bead,

labeling of the process data within the period of in-processtransitions from one welding pro-

cedure to another as \transitions", and �nally ignoring regions 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 

Transitions 

Valid Evaluation 

Weld-Dataset 
 2 

Extract each weld-dataset as a unit 

Discard Discard 

Weld-Dataset 
 3 

Weld-Dataset 
 4 

Weld-Dataset 
 1 

Figure 7.1: Extracting weld dataset to form dataset for the learning process.

Next is extracting features from the weld-datasets.

7.1.2 Feature Extraction

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

process structure in its representation. Implementation-wise, a progression of this extraction
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process for each weld-dataset is shown in Figure 7.2. Given a codebook, we transform the

process data in each weld-dataset into codewords based on pulse similarities to partially

represent the droplet similarities. We then slide a window over the pulse trains (now repre-

sented as codewords) in each weld-dataset to extract features as a histogram of codewords

for each local segment in the weld-dataset. These features together with the assigned weld

quality 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 and the best solidi�cation

time to use? We address this in Section 7.1.4, but �rst what model do we use?
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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, Decision Trees, Random

Forest, and Polynomial and Radial Basis Function kernels onSVM, Linear kernel SVM
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performed better consistently, and was least prone to over-�tting 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: the Linear SVM parameter

(i.e., the margin penalizing factor), the codebook size, the window size (length of the local

segment), and the solidi�cation size. The challenge with �nding these parameters is that

they are all dependent on each other. So we address this challenge by performing a grid

search over a range of selected parameters and for each parameter set, a linear SVM is

trained and tested on each of the folds of a cross-validationset 1.

Problem Formulation In searching for the parameters that generalizes, it is common prac-

tice not to use all the data that is available. This is often called the development dataset,

so that the model can in reality treat other data as unseen data. Hence, we perform cross-

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

Parameters:

ˆ Linear SVM parameters: 0.0001,0.001, 0.01, 0.1, 1.0, 10.0, 100.0

ˆ Codebook Sizes: 50, 100, 500, 1000, 2000

ˆ Window Sizes (secs): 0.25, 0.5, 1.0, 2.0, 3.0, 4.0

ˆ Solidi�cation Sizes (as a percentage of the window size): 25, 50, 75, 100

ˆ Window Shift (secs): 0.13 (equivalent to 1 mm slice of the weld)

Development Dataset:

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

ˆ Motion Variations: Three weaving frequencies of 1.5Hz (Slow), 1.91Hz (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.

80



ˆ Weld Position: Flat (1F) Position

ˆ Transitions between welds: Not included

ˆ Defect: Porosity (surface and sub-surface)

ˆ Defective: ifpore volume scoreat each 1 mm weld slice is greater than 1 (this

already accounts for the surface porosity)

ˆ 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 parameter across all

folds.

Results and Analysis: Results are presented in Figure 7.3. One of the �rst thing thatis

observed is that the F1-score increased with increase in solidi�cation size starting with the

window size greater than 0.5 sec. We see this observation hasbeen consistent with the weld

pool behavior as earlier described in Section 6.3.

From the results, we select the best parameter set as the parameters with the highest

score (F1-score = 79 %) as indicated in the �gure. Although, we hesitate to compare results

across window sizes because smaller windows have more locations to evaluate from a weld-

dataset, however, if we compare the F1-scores with the same solidi�cation size, we see that

more data points/locations (i.e., smaller window sizes) contribute to a higher score. Since a

wider window size shows the highest score, then we can conclude that we have selected the

best parameter based on this dataset. Moreover, the selected window size indicated a more

consistent result across the training and the test set of thedevelopment dataset.

Given the development dataset used, the codebook size does not impact the performance

of the prediction here. This means for porosity prediction under primer, the pulse-types
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Selected 

Figure 7.3: Grid Search Results: investigating various window sizes, solidi�cation times and
codebook sizes on the performance of the model.

carrying relevant information is quite small. Hence, we gravitate toward using a smaller

codebook size for less computation. The selected parameters are as follows: a codebook size

of 50, a window time of 3.0 secs, a solidi�cation time of 2.25 secs and a SVM parameter

of 0.1. In addition to the SVM parameter of 0.1 being associated with the highest score,

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

parameter sets.

7.1.5 Evaluation in the presence of Primer

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

ship building applications. However one must be very carefulto apply the proper thickness
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of primer since too much primer will result in welds with porosity and inclusions. Based on

its signi�cance and its purposeful use as being part of a normal welding procedure, we choose

to evaluate our BoP representation with the selected prediction model from Section 7.1.4

under the presence of primer as a single source of process variation. Problem formulation is

as follows and we show that the occurrence of such porosity can be 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., Training set) of the development dataset

presented in Section 7.1.4 is used.

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

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

Training Set:

ˆ Weld Position: Flat (1F) Position

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

Primer (20 welds)

ˆ Transitions between welds: Not included

ˆ Motion Variation: Weaving only

ˆ Data Labeling: Micro

Test Set:

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

ˆ Flat (1F) Position: Primer (19 welds) and No-Primer (16 welds)

ˆ Horizontal (2F) Position: Primer (40 welds) and No-Primer (40 welds)

ˆ Transitions between welds: Included

ˆ Motion Variation: Weaving and Stringer

ˆ 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 micro-labels)

Results and Analysis: In Figure 7.4, we present some plots showing porosity prediction

per 1 mm slice (micro-labels) for four interesting weld runswith primer. These plots also

show a visualization of what a weld with an accuracy and a F1-score percentage look like.

The black squares indicate the start of a new weld segment (which we refer to as a weld).

The red dots are thepredicted porosity while the blue circles are theactual (True) porosity

locations.

Figure 7.4: A resolution of 1 mm porosity prediction for four weld runs with primer. Eval-
uation based on micro-labeling in terms of accuracy and F1-score 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 inFigure 7.4(d) contained all

welds that were completely predicted wrongly. While there are some misses in the detection,

Figure 7.4(a & c) show how the predictor can detect changes in the weld run as it turns bad or

turns good based on the increase or decrease in the pore volume score observed respectively.

Although, not all the welds have a prediction accuracy above 90 %, given the micro-labeling

evaluation used, a 75 % prediction accuracy is still good from our perspective. Figure 7.4(b)

shows a good weld with a di�erent plate arrangement of the top-plate �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 on the prediction performance.

Also, the predictor can be seen to be robust to transition regions between welds and changes

in motion variations.

On a macro-labeling scale (i.e., based on the dominant defective micro-labels), an overall

result as a confusion matrix is shown in Table 7.1. From this result, the model can detect

porosity in the presence of primer with a very low false alarmrate of 5 % at a precision of

86 % while recalling 80 % of the defective welds. In the absence of primer, the prediction is

100 % correct all the time.

Table 7.1: A confusion matrix of porosity prediction based on macro-labeling, combined.
No-primer welds: False alarm rate = 0 %, F1-score = 100 %.
Primer welds: False alarm rate = 5 %, F1-score = 83 %, Precision= 86 %, Recall = 80 %.

Overall
Actual Porosity Actual No-Porosity

No-Primer
Predicted Porosity 0 0

Predicted No-Porosity 0 56

Primer
Predicted 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 there is any information that learns itself

across the welding positions. From Table 7.2 and Table 7.3 representing 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 based on macro-labeling, 
at position.
No-primer welds: False alarm rate = 0 %, F1-score = 100 %.
Primer welds: False alarm rate = 0 %, F1-score = 73 %, Precision= 100 %, Recall = 57 %.

Flat Position
Actual Porosity Actual No-Porosity

No-Primer
Predicted Porosity 0 0

Predicted No-Porosity 0 16

Primer
Predicted Porosity 4 0

Predicted No-Porosity 3 12

Table 7.3: A confusion matrix of porosity prediction based on macro-labeling, horizontal
position.
No-primer welds: False alarm rate = 0 %, F1-score = 100 %.
Primer welds: False alarm rate = 6 %, F1-score = 89 %, Precision= 80 %, Recall = 100 %.

Horizontal Position
Actual Porosity Actual No-Porosity

No-Primer
Predicted Porosity 0 0

Predicted No-Porosity 0 40

Primer
Predicted Porosity 8 2

Predicted No-Porosity 0 30

From the confusion matrix for the welds with primer, the prediction result in the 
at

position has a recall of 57 % and a precision of 100 %, while in the horizontal position, a recall

of 100 % and a precision of 80 % is observed. From our understanding of the weld process

dynamics in the horizontal position, it is generally di�erent from 
at position, but from this

result, it means that if we map the process data in horizontalposition to 
at position using

the BoP representation, there are some similarities that can be useful to porosity detection

in the horizontal position. This however may not be the case for other welding positions.

7.1.6 Summary

In this section, we performed a grid search to identify the best 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 evaluate porosity under the presence

of primer. While there are some misses in the detection as indicated by the micro-labels,

the overall results from the macro-labeling view show promising results with the recall and

precision in the 80s. We also showed that there is some overlap between models trained

in one welding position with respect to another welding position, especially when mapping

from 
at position to horizontal position.

7.2 Architecture

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

tures.

7.2.1 Single Model Framework

In the �rst architecture, as shown in Figure 7.5, a single model is trained as a multi-

classi�er with data originating from defective and non-defective welds and their correspond-

ing process variations. So that when there is a new observation, the model can assign a

speci�c defect name and the probable cause.

Figure 7.5: A single model for detection and diagnosis. The \P" signi�es porosity and the
\G" stands for geometric defect while the remaining labels are process variations.

While this architecture is attractive in usage when the modelworks well, it cannot be

complemented when some predictions are poor. Also, it does not give 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-validated

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

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

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

Dataset:

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

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

Dataset Properties:

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

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

ˆ Transitions between welds: Not included when training in each fold

ˆ Motion Variation: Weaving and Stringer

ˆ Defects: None, Porosity and Geometric Defects

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

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

ˆ 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 for 
at position. Also, presented is

that of the horizontal position in Figure 7.8 and Figure 7.9. The key to reading the confusion

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

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

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

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

Figure 7.9: Single model prediction with no defect discrimination in Horizontal (2F) Welding
Position
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formulation is robust for geometric induced defects by rootgap, out of joint and erratic wire

feeding. While most of the good welds are accurately classi�ed, porosity-induced defects were

not properly classi�ed excluding those due to loss of shielding gas. To help understand the

reasons and also improve the prediction, we will be using thehierarchical architecture. Just

before we do that, there is an important point we'll like to make from the plots. It is about

the discrimination between the defect types (More details later in the chapter). One more

thing to point out is the improvement in performance by adding 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. Although,it requires training

multiple models, it allows for troubleshooting and tailoring a model for a speci�c need.

Also, model weaknesses can be identi�ed and complemented if need be. We present the

architecture as shown in Figure 7.10. The �rst level determines the presence or absence of

defects while the next level does the defect discriminationand diagnosing. The remainder

of this chapter presents each aspect of this architecture inthe 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 identify defects. Since porosity

detection is of importance, we will also present results speci�cally for it.

7.3.1 Identifying Defects

Rather than classifying as defective or not defective, we will be speci�c as to whether it

is porosity or geometric defects or no defects. This subsumes the 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 Sizes (secs):

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

Dataset:

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

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

Dataset Properties:

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

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

ˆ Transitions between welds: Not included when training in each fold

ˆ Motion Variation: Weaving and Stringer

ˆ Defects: None, Porosity and Geometric Defects

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

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

ˆ 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 prediction

accuracy of detecting geometric defects increases with thecodebook size but there is no e�ect

on porosity detection. Being more expressive in the words used aids detecting geometric

defects. For a given codebook size, the temporal information in the form of 2-gram has no

e�ect on the performance. While identifying porosity prediction in the horizontal position

is poor, there is a 73 % accuracy in the 
at position. What we have seen 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 defect.

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

7.3.2 Detecting Porosity

Out of the two defects investigated, porosity detection hasbeen 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 Sizes (secs):

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

Dataset:

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

position

ˆ Training/Testing Set (2F) Horizontal: Porosity induced weld-dataset in the

horizontal position
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Dataset Properties:

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

Oil (OL)

ˆ Transitions between welds: Not included when training in each fold

ˆ Motion Variation: Weaving and Stringer

ˆ Defects: None and Porosity

ˆ Defective: if pore volume score> 1

ˆ 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 process variation)

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 the horizontal position. While

we have evaluated primer-only before, macro-labeling was used in that evaluation. At the

micro-labeling level, we observed hits and misses but on theoverall evaluation of the weld,

it can still be considered detected.

So far, we have shown that we can detect the defects of interest in di�erent scenarios,

however, detecting primer in the horizontal position is still not reliable especially when

trained with data in that same welding position as shown in Figure 7.14. While we may

attribute this to the similarity in the behavior of oil and pr imer, and the presence of oil in the

horizontal position not leading to porosity as it was in our experiments, we can eliminate it

as a major explanation since similar performance occurred in the absence of oil. We believe

the variation in the weld pool in the horizontal position makes it more di�cult to detect

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

95



than that of 
at welds. But as we have shown before, a trained model in the 
at position

can solve this problem but with some false alarms. Another solution will be to train with

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

Other notes from the result include the use of larger codebooksize for horizontal welding

position resulted in a better prediction. Overall, the 1,2-gram 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 overallscore, while the red highlight is
used when the individual score is the highest for that process variation

7.3.3 Summary

In this section, we showed that by using the BoP representation alongside a linear SVM

classi�er, we can detect all the defects of interest with porosity due to primer being the

most di�cult at the micro-labeling level. However, we have already 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 Position. The green highlights
represent the scores consistent with the parameter of the best overall score, while the red
highlight is used when the individual score is the highest forthat process variation

7.4 Diagnosing and Discriminating Among the Defects

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

information like what is causing the defect, or identify what type 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 information

can we gather about them?

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

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

Dataset:

ˆ Training/Testing Set (1F) Flat: Only defective welds
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ˆ Training/Testing Set (2F) Horizontal: Only defective welds

Dataset Properties:

ˆ Process Variations: Primer (PR), Shielding Gas (SG), Oil (OL), Erratic Wire

feeding (EF), Gap (RG), out of joint (OJ)

ˆ Transitions between welds: Not included when training in each fold

ˆ Motion Variation: Weaving and Stringer

ˆ Defects: Porosity and Geometric Defects

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

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

ˆ 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�erencebetween porosity and

geometric defects with above 90 % con�dence, and this can be achieved 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 Figure 7.18, 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 contaminants. Also, there is similarity

between root gap and out of joint as indicated in the �gures. All of these make sense from

our understanding of the welding process and we can concludethat we are actively capturing

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

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

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

With the results presented in this Chapter, sensing through-the-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 alongside other detection technology

to diagnose online.

While there may be some limitations with detecting porosity,the general performance

shows that when a defect or the information we need, is directly dependent on the process

dynamics, then this approach performs well. This plays out in the ability of the model to

discriminate between defects and diagnose with high accuracy once the defect is identi�ed.

For geometric defects, the representation is able to capture their occurrences, while in the

case of porosity due to primer there were some mixed results which are due to external

in
uences aside from the activities occurring at the electrode region. However, for porosity

due to loss of shielding gas and oil, there was good performance. For detecting porosity due

to primer, the performance depends on which welding position is used in creating the model.
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CHAPTER 8

CONCLUSION AND FUTURE WORK

In this dissertation, we address the problem of extracting actionable information from

weld process data in robotic GMAW. While this is a challenging problem, we have been able

to show that we can extract this information through-the-arc that captures the controlled

dynamics leading to defect occurrence and at the same time identify the variation in the

process leading to that defect.

Our methodology involves a unique approach to gathering synchronized measurements

of the welding process mapped to an objective evaluation of the resulting weld bead at a

resolution of 1 mm. Demonstrating a system that can achieve this was at the heart of this

work, after which we gathered measurements on voltage, current, weld bead pro�le, visual

images, welding torch pose and radiographic images. These measurements were gathered

under experiments involving induced porosity and geometric defects under process variations

such as the presence of primer and oil, loss of shielding gas,erratic wire feeding, out of joint

and the presence of gap between plates.

Once we had the relevant data available, the next problem wasto extract the \essence" in

the data. While there are di�erent ways people have approached this problem, we approached

it by representing the data concisely with new building blocks that retain the characteristic

nature of the signal source (i.e., pulsed GMAW in this case) such 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 welding process which can then be used

alongside rich algorithms in natural language processing.We 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 representation, we have come

to the conclusion that the vocabulary spoken in respect to the particular welding process
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used is around 500 \words" to be able to understand the process. Using this representation

along with the classic Support Vector Machines classi�cation algorithm, we showed results

detecting porosity and geometric defects with above 80 % accuracy (porosity due to primer

was lower), discriminating between defects with 90 % accuracy and diagnosing defects at

above 80 % accuracy. And this performance is re
ected across weaving and no weaving

motion variations, and also Flat (1F) welding position and Horizontal (2F) welding position.

In conclusion, our data gathering methodology has proven toperform well and the BoP

representation was e�ective in capturing the controlled dynamics of the welding process

that translates into defect detection, discriminating between defects and most importantly

diagnosing defects. The concept of creating \words" and \sentences" from the signal char-

acteristics may very well become a powerful tool to weld quality monitoring.

8.1 Future Work

There are two major paths forward that we have observed from our work. The �rst, is ex-

tending the work to other applications areas with characteristic source signals like heart beat,

and also to other welding processes like multi-pass weldingand welding positions like vertical

down hill. It can also include investigating other pulse similarity measures and clustering

methods like DBSCAN. In line with pulse similarities, a more focused characteristic feature

of the pulses that can map directly to droplet properties similarity can be investigated.

As the end goal is to be able to perform assessment online and real-time control, the

second path is to work on a control architecture that can incorporate the kind of actionable

information we are presently getting, and acting on it.
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