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Introduction

1.1

Background and Challenges

The industry is facing major challenges it is essential to increase efficiency and productivity
to stay competitive. Most of the automated welding systems were developed and used for mass
production. Recently, the robotization of small series production gained more attention, primarily by small and medium-sized companies. The transition from manual to robotized welding
requires the adaptation of the welder’s expertise to the automated system. However, this knowledge is usually not available in a quantified format as precisely as needed to program the robotic
welding system or estimate the weld bead geometry (WBG).
The motivation behind my thesis came from Francis hydro-power turbine manufacturing,
but similar challenges arise in the offshore industry during jackets production. The runners
of the hydro-power turbines are individually designed in small series for each installation
site and assembled from several large pieces. Their numerous complex joints are multi-pass
welded manually today, the welding grooves prepared with complex geometry following the
turbine blades’ significantly varying shape and thickness. The Tungsten Inert Gas (TIG) welding method can produce high-quality joints for a wide range of regular and more exotic types
of metals. TIG welding is used to produce such turbines.
In multi-pass welding, precise positioning of the weld beads in the groove is required to
achieve a desirable weld join. The bead shape depends on the surface of the previously deposited
beads and is directly related to the welding process variables (WPVs). In small and mediumsized enterprises, during the small series production, the tuning of the process by trial and error
method could take up a significant amount of time. However, a model describing the relationship
between the process parameters and the resulting bead geometry can support the selection of
the process variables and the automated operation. Although the modelling of welding beads
is represented in the literature, the applications reveal the challenges connected to defining
precise planning and bead shape definitions, especially in multi-pass welding. Furthermore, in
the qualified range of the parameters, multiple combinations of the WPVs can produce the same
specific weld bead shape [1]. In the planning phase, the beads are deposited layer-by-layer, and
their shapes are usually simplified into quadrilaterals [2] – reflecting only the bead size and
position (Figure 1).

Figure 1. Traditional weld bead representation compared to the proposed method. (Left) The weld
bead shapes are simplified into quadrilaterals and organized into layers. (Right) The weld bead
shapes are described with a polynomial function and placed freely on the uneven base metal surface.
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1.2

Scope and Objectives

During my doctoral work, I aimed to develop a model-based system that can aid in automating the welding of large objects with unique and complex geometry; and models for the weld
bead geometry, from the laboratory to industrial application. The main purpose of creating the
model is to replace the current manual welding with automation, thus relieving the welders from
the heavy workload in addition to creating precise, high-strength welds. Nowadays, the application of artificial intelligence and machine learning to solve complex problems is gaining more
and more ground, so in my doctoral research, I also used this new innovative technology. The
model created by machine learning also allows us to think not only about a specific problem but
also to extend it to other, newer problems later, thus creating a universally usable method.
The scope of this PhD thesis is to establish and provide state-of-the-art technologies that
could address the geometrical challenges during multi-pass welding. The presented research is
focusing on the limited selection of the welding joints and methods according to the following
considerations:
• The Tungsten Inert Gas (TIG) welding method is used with added solid-core cold wire.
• Welding is carried out in flat PA welding positions on butt joints.
• Voluminous welding grooves, multi-pass welding is required.
• Welding parameters are only applied if included in the Welding Procedure Specification
defined for the selected material and workpiece and satisfy the mechanical requirements.
The main goal of this research is to establish and provide a model-based solution for multipass welding that could address the uncertainties arising during the welding of large-dimension
joints. The key component to achieve this is the weld bead modelling method, describing the
bead shape in the welding groove. The main objectives are defined as:
1. Development of a model for the geometry of single weld beads on flat surfaces.
2. Extend the bead geometry model for welding on uneven base metal surfaces.
3. Applcation of the extended model for multi-pass welding.
Furthermore, the development of a robotic welding system to support multi-pass welding,
and a profile processing framework to analyse the weld bead geometry are defined as a necessary
part of establishing the research work.
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2

Literature Overview

Tungsten Inert Gas (TIG) welding has been extensively investigated due to its many potentially advantageous applications, which make it suitable for robotic applications, but the mechanisms and limitations may differ according to the welding type and the problems to be solved.
Nowadays, with the rapid spread of machine learning applications, a problem-specific approach
is needed to be able to assess and evaluate the applicability of these methods. Given the complexity of this research, the literature review of my doctoral dissertation covers the background
of the research topics, including both the welding and the machine learning aspects.
In TIG welding, a significant part of the current knowledge is empirical and based on detailed experimentation, which focuses on technological aspects. The process-related input parameters can be classified into three distinct categories. The primary process parameters can
vary during the process and have the main impact on weld quality. The secondary process parameters are selected before any welding and kept unchanged during the operation. The fixed
input parameters are usually defined by the selected welding process and the physical environment.

Figure 2. Features of the weld bead

In recent years, research interest to describe weld bead profiles has increased due to the large
number of projects in additive manufacturing [3] and also in multi-pass welding [4]. Defining
the connection between the shapes of the weld beads and the welding process variables is necessary to ensure stable deposition. Traditionally, the main parameters of bead shape that needs to
be controlled are width, height, area, and describing function (Figure 2). The applied approaches
cover wide range of welding methods. Most research studies are focused on consumable electrode welding methods and only a few studies concentrate on TIG for stainless steel bead geometry. Based on the reviewed literature, a wide range of bead shape model exist to describe a
single bead. Even in those models, applied in additive manufacturing or multi-pass welding, the
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quality of the base metal surface is neglected. The unsymmetrical material distribution of the
base metal however influencins the fluid flow in the melted metal and consequently, the shape
of the weld bead after solidification.
During the last decade, computational intelligence and machine learning became dominant
in the weld bead geometry modelling due to their capability to solve complex and non-linear
problems [5, 6]. Computational Intelligence (CI) methods, such as fuzzy systems, neural networks, genetic and evolutionary algorithms, have a three-decade history. The number of applications grows rapidly even in the most unexpected fields, as machine learning algorithms
are capable of exploring features and relations in the provided data based upon learning from
previous information and knowledge bases. An important common feature of computational
intelligence techniques is that they aim at acceptably sub-optimal, usually approximate solutions while keeping the computational complexity at a tractable, in most cases a low degree
polynomial level.
Fuzzy systems (FS) provide human-like reasoning since their rule-based approach with a
non-linear mapping of inputs offer an easily interpretable method, where the arguments leading
to the conclusion can be assessed. Furthermore, fuzzy inputs allow handling some degree of
uncertainty in the input parameters, which happens in welding. FSs are widely used in welding
applications, providing sufficient prediction for the bead shape parameters [7]. In FS, the number of rules and the underlying membership functions has to be determined. The fewer number
of fuzzy rules may ease to understand the decision making of the system, bringing the developed
inference model closer to the person applying it in welding. In the overviewed literature, either
high number or manually defined fuzzy rules were applied to estimate one feature of the weld
bead. Fuzzy systems might be part of hybrid techniques such as adaptive neuro-fuzzy inference
systems (ANFIS) and evolutionary fuzzy systems (EFS).
The tuning of membership function parameters can be done by applying training algorithms,
which allow the fuzzy systems to learn from data. In many different fields, the evolutionary
algorithms are applied to design the fuzzy systems [8]. The genetic and evolutionary algorithms
are such optimisation techniques that follow the principles of biological processes. The viable
solutions are searched on a population, following the biological rules and no special property is
required to identify the system.
The bacterial evolutionary algorithm [9] is one of the methods, that mimicks bacterial evolution, where each bacterium represents a solution to the original problem. In their mutation and
the gene transfer operations, bacteria share chunks of their genes. The main disadvantage of the
classical evolutionary algorithms is the low convergence speed, thus long running time. However, combining them with gradient-based local search methods can utilise both methods’ advantages in the optimisation process. This hybridization leads to memetic algorithms (MA) [10].
The Bacterial Memetic Algorithm (BMA) [8] is a memetic algorithm, in which the bacterial
technique is used instead of the classical genetic algorithm, and the Levenberg-Marquardt (LM)
method [11, 12] is applied as local search method. BMA provides a competitive performance
during optimization and supervised machine learning. It has already been applied in several
combinatorial optimization problems, in continuous optimization tasks, and in supervised machine learning tasks such as fuzzy rule base extraction and the training of fuzzy neural networks.
However, the capabilities of BMA were not explored in welding or related technology so far.
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3

Materials and Methods

3.1

Acquisition of the Welding Data

As the industrial application aspect of the welding process is considered, the following
Welding Process Variables (WPVs) were selected in this research: arc current (I,[A]), arc voltage (U ,[V ]), torch travel speed (vt ,[mm/s]), wire feed rate (vf ,[mm/min]), and the torch
working angle (Θ,[rad]). In the bead-on-plate experiments Θ was constant, therefore it was
not considered. The examined parameters of the weld bead geometry during the bead-on-plate
experiment were the width (w,[mm]), height (h,[mm]), and cross-sectional area (AB ,[mm2 ])
and later referred to as weld Bead Profile Properties (BPP) (Figure 2). During the multi-pass
experiments, the weld beads were represented as parabolic functions and characterised with the
coefficients. The WPVs’ minimum and maximum values of the parameters were selected to
comply with the Welding Process Specification, provided by the industrial partners.
Bead-in-groove and bead-on-plate welding experiments were carried out to provide the empirical data for the modelling process. The experiments were executed in horizontal (PA) welding position with TIG welding method on 304L stainless steel plates and provided the welding
data for the model development with a similar, but independent validation sets. Bead-in-groove
experiments were performed in straight V-grooves with a 35◦ bevel angle, on three workpieces,
each with a different bead layout containing between 28 and 35 beads.

3.2

Geometry Modelling Framework of Single Weld Bead

The proposed method provides a bead geometry model on single weld beads using fuzzy
systems, and an optimiser to retrieve a list of WPVs producing a specified bead geometry. These
support the decision to chose a suitable set of WPV for simulation or execution. The supervised
training of the rule base and the optimisation task is carried out by the same BMA, and evaluated
by the Mamdani inference model [13].
The proposed method is capable of utilising not only the conventional main welding parameters, but the profile points of the weld beads directly, too, measured by a laser triangulation
sensor allowing a broader range of applications than the traditional methods. The proposed
method (Figure 3) can be broken down into the following four steps:
1. Welding data generation by TIG welding, on 304L stainless steel plate experiments.
2. Welding data acquisition and preprocessing by the data processing framework.
3. Welding model generation by tuning the membership functions of the fuzzy systems
with BMA in order to infer the bead profile properties from the welding process variables.
4. Welding design by BMA optimisation of WPV in order to achieve the desired BPP resulting in a multiple set of WPV.
The empirical model development is based on the welding experiments (Step 1) and utilise
parabola fitting. The generated data is preprocessed (Step 2) to provide the profile property
information of weld bead cross sections for each trial. The output of the preprocessing is the
training patterns for the model development of the weld bead profile.
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Figure 3. Overview of the proposed method’s structure

During the supervised training (Step 3), the BMA is utilised to tune the membership functions of the fuzzy systems. The bacterium’s chromosome is complete set of fuzzy rules. The
parameters of each rule’s membership functions are tuned in the process. During the evaluation of a bacterium, the estimated and the desired response of the fuzzy system is calculated as
provided in the training patterns, giving the algorithm multi-objective characteristics which are
transformed into a single-objective optimisation with uniform weights. The bacterium’s chromosome is modified to reduce the value of approximation error (Ei in Figure. 3), which is the
difference between the estimated and the desired BPP value in the i-th training pattern. The
correlation between the WPVs and the BPPs is realised in two separate models.
The first approach, the Bead Geometry Properties (BGP) model is a more conventional
method to model a direct relation between the WPVs and the BPPs in three parallel fuzzy
rule bases. The second approach is the Direct Profile Measurements (DPM) model, which is
the extension of the BGP model and provides the y = f (x, I, U, vt , vf ) non-linear function. It
contains a single fuzzy rule base to reconstruct the weld bead shape from profile points; then,
the BPPs are acquired as the result of the postprocessing. By the DPM model, the curve fitting
model can be maintained outside of the training. This could allow examine different curve fitting
functions and application of further fitting models and other considered limitations.
As Step 4, the BMA is used again, now as an optimiser, incorporating the BGP model to
optimise the WPVs to achieve the targeted weld bead geometry. The bacterium encodes the
WPVs, and the evaluation is based on the value of the single objective function (fobj ). Both the
fitness of the models and the results of the optimisation were validated through experiments.
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3.3

Overview of the Optimisation

The BMA as an optimiser is used to identify different sets of WPVs to achieve the desired
BPP by minimising the value of the objective function on the predefined interpretation intervals.
The WPV optimisation by the BMA provides an application of the developed fuzzy rule bases
since the BGP model is used during the evaluation of the objective function. In this approach,
the computational task involved the following three steps:
1. Selection of target weld geometry from the available sets of values of w, h, AB .
2. Running the optimization process to obtain multiple combinations of WPVs .
3. Verification of the produced results for each target value.
It was shown in the literature [1] that multiple combinations of welding process variables could
be estimated to achieve a target weld bead geometry. On the full range of the search window,
the BMA optimiser provided almost identical solutions at the global minimum. Therefore, the
search window for each input variable was segmented into intervals, and the full range was
left for the other inputs. For each segmented search window, multiple evaluation runs were
performed, then the averaged values of WPVs contained in the best bacteria were given as the
result of that segment. Due to the overlapping search windows, multiple identical WPV sets
occurred and were unified to provide the final list of solutions.

3.4

Bead Geometry Model on Uneven Base Metal Surface

In the proposed method, a new approach is introduced to model the weld bead profiles on
uneven surface deposition and its application in multi-pass TIG welding. The method’s key
components are the segmentation and characterisation of the base metal surface and the modelling of the weld bead profile function. The base metal surface is handled in segments and approximated with second-order polynomial functions. The bead profile model consists of fuzzy
systems to estimate the coefficients of the bead shape function. The parameters of the membership functions are tuned by the bacterial memetic algorithm [8] during a supervised learning
process and evaluated by the Mamdani inference model [13].
The model development follows the same process as presented in the modelling of the single
bead geometry. Welding experiments on flat plates and in V-grooves provided the measurement
data to develop the empirical model. The analysis of the weld beads was carried out in-situ,
the profile features were defined in the workpiece’s coordinate system, then transformed into
the weld bead’s local coordinate system for training. The weld bead shape model is structured
as multiple-input-single-output. The inputs are the four WPVs and the coefficients of three
segment functions, altogether 13 parameters. The outputs are the coefficients of the bead shape
function, and each parameter is estimated by its FS. All functions are described as second order
polynomials.

3.5

Model-based Robotic Multi-pass Welding

The weld bead geometry model introduced in the previous section is applied in multi-pass
welding by performing validation experiments of filling a V-groove. The experiments were evaluated by comparing the estimated profiles and derived bead characteristics to the measurements.
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Furthermore, the accumulated error was evaluated and compared to rectified variations when the
re-scanning of the deposited base metal’s surface is applied.

3.6

Bead Profile Estimation in Multi-pass Welding

The application of the previously developed model is embedded in a welding process control
system. It is designed to be applied in a wide range of groove shapes; therefore, the workpiece
is defined parametrically, while the bead placement is a sequential process. The main steps of
the process are:
• Bead pattern planning to define the sequence properties of multi-pass welding.
• Estimating the bead profile shapes in the iterative bead placement process of multi-pass
welding by the developed bead model.
During the application of the developed bead shape estimation model for multi-pass welding, an iterative process is carried out to place the weld beads in the welding groove sequentially
following a welding plan (Figure 4). The welding plan contains the information about the WPVs
and the tool centre point (TCP) for each weld bead.
In the initialisation, the groove description provides the initial list of the segments. The
process starts with the acquisition of the Bead Center (BC), defined as the intersection of the
centre-line of the welding torch (going through the TCP) and the surface of the base metal.
Based on the given bead centre, the list of the probable Segment Combinations can be selected
since there is no information about how wide the weld bead will be; thus it can stretch over
multiple segments or remain within one segment’s borders. The Segment Combinations with
the WPVs can be entered into the model to acquire the coefficients of the bead surface function.
The characteristics of the newly acquired bead can now be evaluated. By the exact shape,
manufacturing-critical analysis of the process can be performed to highlight the bead’s problematic locations, thus eliminating the welding defects. A good measure is to monitor the Φi
contact angle values (Figure 5). If a too-narrow gap is created, the fusion could be incomplete,
gas pockets or slag inclusions could appear.
In the last step of the planning process, when the new bead is defined, the segment list is
updated to include it and remove the fully covered segments or those whose remaining length
became neglectable. The iterations are repeated until all weld beads are placed.

Figure 4. Application of the weld bead model in multi-pass welding
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4
4.1

Results and Discussion
Results of Bead-on-Plate modelling

In this research, fuzzy system-based methods are introduced, providing high accuracy models to describe the weld bead geometry (WBG) by the welding process variables (WPVs). The
bacterial memetic algorithm (BMA) provided a suitable tool to tune the membership functions
of the fuzzy systems to model the weld bead geometry (WBG). Furthermore, it optimized the
WPVs to produce a specified WBG by listing multiple solutions.
Based on experimental data, two models were developed to estimate the weld bead geometry. The Bead Geometry Property (BGP) model followed the more traditional approach by
defining the relationship between the WPVs and one WBG property at a time. The proposed
BGP model with six fuzzy rules has outperformed the models from the referenced literature.
The model estimated the bead geometry properties with less than two per cent error. Furthermore, the BGP with at least three rules performed among the best models of the literature.
As opposed to this, the DPM model has utilised the measured profile points and described
the bead profiles from points by a non-linear function realised in the form of fuzzy rules. The
DPM model provides above 92% of estimation accuracy, providing satisfactory results for application. In both cases, the BMA tuned rule bases provided a proper tool to interpret the models’
behaviour on the changes of the inputs.
The developed fuzzy systems were applied to optimize the WPVs to produce a specified
weld bead geometry. A single objective function defined the optimization problem of the WPVs
as a combined least square error function of the three WBG properties. The estimated WBG
properties were calculated by the evaluation of the fuzzy system of the BGP model. The performance of the optimizer was validated with experimental data. The method provided multiple,
distinctly different solutions of WPVs, containing a matching set of the experimental setup. This
proved the method’s capability to support the decision of WPV selection by listing candidates
to be evaluated to fulfil additional criteria of the welding process.

4.2

Results of Bead Geometry Modelling in Multi-pass Welding

In a next stage of the research, an uneven base metal surface-based modelling method of
weld bead geometry. The proposed method consists of the segmentation and characterization
of the weld bead and the base metal from the laser-line scanned profile measurements; and a
fuzzy system-based bead profile model. An empirical model was developed from data of multipass and single-pass welding experiments and was validated by comparing the estimated bead
profiles with the measurements.
In the first step of the method, the welding data was acquired by processing the workpieces’
profile scans to identify the base metal segments and the bead characteristics. The describing
curves of the segments were defined as second-order polynomials on the cross-sectional plane
perpendicular to the welding direction in the local coordinate system of the weld bead. The
output of the processing is the completely characterized weld bead and the training patterns for
the machine learning. The training patterns are build up from the welding process variables, and
the coefficients of the segments function as inputs and the coefficients of the weld bead surface
function as outputs (B.ai in Figure 4).
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In the second step, the estimation model was defined as three parallel fuzzy systems. The
characteristic points of the trapezoidal membership functions were tuned with the bacterial
memetic algorithm in supervised training. The estimated bead profiles showed a good fitting to
the measurements, therefore validating, that the proposed model is suitable for describing the
bead profiles in the welding groove.
The results showed that the weld bead characteristics could be estimated with a low error
by the proposed model. For the profile function of the individual weld beads, the parameterrange -normalized root square means error of the coefficient estimations was less than three
per cent error. The bead area is estimated between 5 to 10% error, while the toe points with
half millimeter radius error, corresponding less than ten per cent error on average on the full
parameter range. At the same time, the contact angles are estimated with under 4% error and
could be utilised to identify locations that are sensitive to welding defects in the cross-section.

4.3

Results in Model-based Robotic Multi-pass Welding

The weld bead geometry model in multi-pass welding was validated during multi-pass welding while a V-groove was filled with the sequence of the estimated weld beads. The evaluation
included the comparison of the estimated bead characteristics and the measurements, an the
calculation of the accumulated error. The results showed a good match with the expected bead
pattern, and a low error for the derived bead characteristics, outstandingly for the contact angles.
The accumulated error of the multi-pass welding was calculated by considering the area of
the weld beads. In the test case of a simulated constant groove cross-section, the error increased
over time, resulting in a middle-sized bead difference in the end. However, with a simulated
measurement of the deposited surface, every fifth weld bead resulted around a one percent error
in total. In the other test case, where the measurements were taken as the geometry of the
welding groove, the accumulated error stayed below three percent during the deposition.
Finally, based on the estimated profiles and the derived characteristics of the weld beads, the
model was able to identify welding defect sensitive locations, matching the defect of the real
workpiece.
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5

Summary

During my doctoral work, a concept for industrial robotic welding system was developed
for small series production, as well as and models for the weld bead geometry to address the
challenges in multi-pass welding. The proposed system design is based on two main parts: a
welding process modelling method aided by offline programming, and process execution to
support interfacing. The online system-segment of the proposed setup design includes not only
the simulation-synchronisation with the welding process, which provides non-observable information to the operator but also a human-in-the-loop control method with supportive adjustment
possibilities. Involving the human operator in the loop enabled online quality control and process modification to ensure high final quality of the welding.
The bacterial memetic algorithm (BMA) is proved to be an efficient and robust method to
identify, train and model the bead geometry in heavy welding applications. As a supervised
trainer, the BMA is applied to tune the fuzzy systems of the models, where the inputs are the
main welding process variables (arc current, arc voltage, torch travel speed, and wire feed rate),
and the outputs are the parameters of the weld bead geometry (width, height, and the crosssectional area). The model provides estimations with better accuracy for the width, and the
height than the other known methods with similar input-output structure. As an optimiser, the
BMA is utilised the developed fuzzy systems to find the set of welding process parameters
to achieve the desired weld bead geometry. The method is capable of supporting the decision
of the selection of the welding process variables by listing candidates to be evaluated to fulfil
additional criteria of the welding process.
The weld bead geometry model was extended to be applicable in multi-pass welding by
proposing a modelling method on the uneven base metal surfaces. An empirical model was
developed from data of single- and multi-pass welding experiments. The model considered
the welding process variables and the coefficients of segment functions describing the uneven
surface of the base metal as inputs, and the coefficients of the bead profile function as the
outputs. The surface functions were defined on the cross-sectional plane perpendicular to the
welding direction in the bead local coordinate system. The validation results have shown a lowerror estimation for the geometry and the derived characteristics of the individual beads. The
developed model was validated in multi-pass welding while filling a straight V-groove. The
estimated weld beads provided a proper match to the expected weld bead pattern and achieved
a moderate accumulated error of the deposition. Finally, based on the estimated profiles and
the derived characteristics of the weld beads, the model was able to identify welding defect
sensitive locations, matching the defect of the real workpiece.
Based on the work conducted in the framework of my PhD studies, additional research directions were identified. A possible direction of the weld bead geometry modelling is to extend
to additional welding methods, positions, and apply on further geometrical and mechanical information both on the input and output side. For robotic operations, the application of additional
algorithmic solutions is still considered as a challenge. The bacterial memetic algorithm can be
used in the optimisation of bead placement sequences and also finds the proper welding process
variables to produce the required bead. Besides robotics, a potential future application of the
weld bead geometry model is to make it a simple tool to support the welder’s daily activity
during manual multi-pass welding.
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6

Main Contribution

Statement 1.
In tungsten inert gas welding in PA welding position, the bead-on-plate geometry of single
weld beads, namely the width, the height and the cross-sectional area, can be determined
by the welding process variables – the arc current, arc voltage, torch travel speed, and wire
feed rate – using a fuzzy system based-model trained by the bacterial memetic algorithm.
The geometry model with a low number of fuzzy rules is in accordance with the expected
reasoning of an experienced welder. The model provides estimations with better accuracy for
width and height than the other known methods with a similar input-output structure.
Application: Based on the reasoning system, an inexperienced welder can also assess and evaluate the alterations of the bead geometry affected by the changes of the input parameters.
Related publications: [H2, H4, H5, H8, H10]

Statement 2.
To achieve the desired bead-on-plate geometry – width, height and cross-sectional area –
of the weld bead geometry, the bacterial memetic algorithm can optimise the necessary
welding process variables, namely the arc current, arc voltage, torch travel speed, and
wire feed rate, within the qualified parameter domain specified by the Welding Procedure
Specification in precision required by the industrial process.
Application: Multiple solutions can be defined by the segmentation of the value range of the
input parameters to model the weld bead geometry.
Related publications: [H2, H4, H9, H10]

Statement 3.
The Direct Profile Measurements model proposes a new approach to estimate the weld
bead shape on flat plates in PA welding position, defining the weld bead profile points by
a y = f (x, I, U, vt , vf ) non-linear function of the x coordinate as independent variable, the
I arc current, the U arc voltage, the vt torch travel speed, and the vf wire feed rate, in the
form of fuzzy rules on the cross-sectional plane perpendicular to the welding direction.
Application: The estimation of the bead shape is decoupled from the choice of fitting curve
function since the training of the model is carried out using the measured profile points. As a
result, the curve fitting function can be freely chosen without retraining the model.
Related publications: [H2, H4, H6]
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Statement 4.
In multi-pass tungsten inert gas welding in PA position, the coefficients of the weld bead
profile function (fB ) can be determined by the welding process variables – namely the arc
current, arc voltage, torch travel speed, wire feed rate, and working angle – and the coefficients of the segment functions (fSi ) describing the uneven base metal surface; using a
fuzzy system-based model and second-order polynomial representation of the functions in
the bead local coordinate system on the cross-sectional plane perpendicular to the welding
direction (Figure 5).

Figure 5. Weld bead on an uneven base metal surface

Applications: Welding defect critical locations can be identified by utilising the derived features
of the weld bead profile, namely the location of toe points, and the contact angles at the toe
points.
The introduction of model-based planning and human-in-the-loop control in robotic welding
enables the flexible and cost-efficient production of small series products with complex geometry. The system consists of the following modules:
• Digital definition of the workpiece and the reference trajectory.
• The weld bead geometry model on the uneven base metal surface.
• Robotic Welding System.
• The human observer in the process feedback loop.
Related publications: [H3, H4, H1, H5, H6, H7, H9, H10]
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