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Abstract

This study investigates the application of a multi-spectral photodiode sensor technology and deep-

learning for real-time monitoring of aluminium busbar laser welding processes. Speci�cally focusing

on di�erent defect detection, which undermines product quality. Utilizing a single sensor approach

with a multi wavelength photodiode, the signal captures features from the welding process, which

are subsequently analyzed using a ConvLSTM model. Importantly, the study reveals that the

backre�ections are a critical source of information for assessing welding quality. Additionally, the

light at wavelengths around 400 and 700 nm wavelength provides signi�cant information, likely to

the change in excitation state of the aluminium vapour, but also due to the vapourazation of the

native aluminium oxcide layer. These features are identi�ed as signi�cant predictors of aluminium

laser weld defects, highlighting their importance and potential to enhance the predictive accuracy

of defect detection. By integrating a machine learning techniques with real-time monitoring, this

research demonstrates the potential to improve the precision and reliability of welding operations,

especially in the production of critical components for the automotive industry, such as cell-to-

busbar joints.

Keywords: Laser Welding, Cell-to-busbar, Intelligent Welding Systems, Photodiode sensoring,

Deep Learning, Convolutional LSTM, Static beam shaping
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1 Introduction

This study explores real-time laser welding monitoring using a multi-spectral photodiode and a

Convolutional Long Short-Term Memory (ConvLSTM) model to predict weld seam quality in alu-

minium cell-to-busbar joints for battery applications. By integrating intelligent sensing and deep

learning, this study aims to support the development of real-time weld defect prediction and enhance

weld reliability in high-risk manufacturing processes.

1.1 Background

The performance of cell-to-busbar welds are critical for ensuring the reliability and e�ciency of

energy storage systems [2, 3]. As the demand for battery electric vehicles (BEVs) and renewable

energy storage solutions increases, so does the need for reliable manufacturing techniques. Among

these, real-time laser welding monitoring of aluminium busbar welds is a approach to meet the

quality requirements of battery applications [2, 3, 4, 5]. This can be achieved by modernizing

traditional welding stations with intelligent welding capabilities. By integrating Intelligent Welding

Systems (IWS) into the manufacturing process, it is possible to support or even replace human

operators, enabling advanced sensing, learning, decision-making, and real-time process control [6].

This study proposes the use of a ConvLSTMmodel for welding defect prediction, due to its promising

performance in spatio-temporal sequence forecasting and its ability to e�ectively capture both spatial

features and temporal dependencies [7].

Real-time status of weld quality is crucial, particularly in high-risk applications such as battery

manufacturing. This makes the development of real-time process control highly relevant. Process

control strategies have been extensively studied in additive manufacturing and, to some extent, in

laser welding applications as well [8, 9]. Implementing such control systems can enhance process

reliability, reduce defects, and improve overall manufacturing e�ciency.

This study investigates the challenges and opportunities in cell-to-busbar aluminum laser welding,

the signi�cance of real-time monitoring for achieving high weld quality. It introduces a methodology

for advancing toward IWS by integrating a single sensor, multi-spectral photodiode into a laser

welding setup. Using a ConvLSTM model, the sensor data is analyzed to predict weld seam quality

in battery applications. The proposed approach enables real-time quality assessment and could be

used as an initial step toward implementing closed-loop process control.

1.1.1 Quality assurance in cell-to-busbar joining

This study covers an investigation of undercut and porosity as quality measures, and aims to deliver

a method of implementing real-time monitoring solution in busbar welding applications, contributing

to the implementation of real-time monitoring of laser welding in battery applications and contribute
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1.1 Background

to the transition to a more sustainable energy usage. Recently, the application of DL in additive

and laser manufacturing has become increasingly prevalent. Okaro et al. [10] utilized photodiode

data combined with semi-supervised learning techniques to detect faults.

In a stydy by Berumen et al. [11] they successfully identi�ed keyhole pores and lack-of-fusion defects

through high-speed photodiode measurements of the melt pool surface. In-situ monitoring of laser

processes can employ pyrometry or photodiode sensors to detect defects or guide the selection of

laser parameters [12].

For the analysis of data, it is crucial to identify relevant features that can predict defect formation in

relation to photodiode signals. A deep-learning technique is proposed in this study. A summary of

feature extraction techniques in similar applications identi�ed through the literature review includes

the use of Fourier Transform [13], [6], wavelet transform, random forest classi�ers, and k-fold cross-

validation [6] and Convolutional Neural Networks (CNNs) [14] all of which have been previously

utilized. Additionally, for tackling these types of analytical challenges, other methodologies that can

be employed including Welch algorithm, smoothing algorithms, and Kalman, Gabor �ltering, [15],

[6]. Scimeet et al. [16] and Yuan et al. [17] both employed CNNs, with the former using layer-wise

powder bed imaging data for anomaly detection and classi�cation, and the latter predicting the

properties of LPBF tracks from in situ video data.

This study aims for exploring the implementation of a photodiode monitoring system for the laser

welding process in production environments. A photodiode sensor can be used to monitor the

Laser Beam Welding (LBW) process by capturing electromagnetic emissions from the weld zone,

including re�ected laser light, thermal radiation, and plasma radiation. Analyzing these signals

helps identify potential defects like porosity, spatter, undercut and cracks in real time, enabling

immediate corrections to prevent defective welds [18, 19, 20].

A multi-spectral photodiode was used in this work to simultaneously collect signals across a broad

range of wavelengths simultaneously. similar approach has been reported in previous studies [21, 22],

including the use of low-sampling-rate spectrometers to gather multi-wavelength data [23, 14].

Using multi-spectral data provides a broader and more detailed representation of the welding pro-

cess, which when combined with deep learning techniques, can enhance defect detection or even

prevent defects, improving product quality and production e�ciency by reducing downtime and

waste [24, 23, 25].

1.1.2 Intelligent Welding Systems and Deep-learning

There are various types of machine learning (ML) models used for defect prediction. One that has

recently gained attention is the ConvLSTM, which integrates convolutional layers with LSTMs to

capture both spatial and temporal dependencies. ConvLSTMs typically require less training data
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1.2 Research approach

than transformers while o�ering better performance than traditional LSTMs on tasks involving

spatiotemporal data. ConvLSTM networks have previously demonstrated strong performance in

applications such as weather forecasting and �nancial prediction [26, 27, 28, 7], and more recently

have shown promising results in defect detection [29, 30]. However, to the authors knowledge,

ConvLSTM has not yet been applied to laser welding processes. While some use cases exist within

additive manufacturing (AM), these have primarily focused on image-based detection rather than

photodiode signal analysis [31, 32].

In the work by [33], the authors propose a ConvLSTM approach for predicting faults in underground

cables. Their model is used both to detect whether a fault is present and to locate its position. They

apply a sliding window of 100 ms, corresponding to 400 timesteps in their case. The model includes

three convolutional layers with kernel sizes of 41, and �lter sizes of 8, 16, and 32 for each respective

layer. The ReLU activation function is used as the non-linear activation. After the convolutional

layers, the data is �attened and passed through a layer with a kernel size of 2. The LSTM layer has

64 hidden units. The model is trained using the ADAM optimizer with a learning rate of 0.00001.

They achieved an accuracy of 99.12% for the classi�cation problem and 99.87% for the localization

model.

1.2 Research approach

This section describes the research strategy adopted, coupled with an argument for its appropri-

ateness. As mentioned both by Oats and by Sandberg & Alvesson there is an underlying reason

for conducting research [1, 34]. Where motivations could be personal ambitions or contributions

toward collective well-being. This work could be argued to be important in terms of enhancing

understanding to the electri�cation transition, thereby contributing to the environmental concerns.

Furthermore, it o�ers contributions to IWS, which among other aspects could mitigate the pro-

duction of waste. Potential stakeholders interested in this research include politicians advocating

environmental sustainability and the electri�cation, and companies in pursuit for increased quality,

system intelligence and e�ciency in their processes.

Research is often seen as a systematic and objective investigation to reach new conclusions [35] or

the creation of new scienti�c knowledge through the use of an appropriate process or method [1].

Research can also mean expanding, correcting or verifying existing knowledge and should result in

an original contribution to the existing body of knowledge [35]. [1] refers to six important aspects

of research which need to be considered during the research process, these aspects are purpose;

products; process; participants; paradigm; and presentation. In this section, these aspects are

brie�y described and put in context for the research performed in this thesis.

The methodology for this project used an strategy encompassing experiments and generation of

data, succeeded by an analysis of the resultant data employing both qualitative and quantitative
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1.2 Research approach

methodologies, see �gure 1, this method is adapted from the framework presented by [1]. Subse-

quently, the focus shifted to the design and development of a ConvLSTM model. The research

process entailed a qualitative and quantitative assessment of both the procedural methodology and

the e�cacy of the ConvLSTM model. In a subsequent chapter of the report, a detailed exposition

of the speci�c steps involved in the research process will be provided starting with the conducted

literature review.

Figure 1: Research process, adapted from [1]

1.2.1 Expected research results or contributions

This subsection outlines the anticipated research results and their potential contributions to the �eld.

If successful, the outcomes will contribute new knowledge to the �eld of science. The industry has

requested a need to monitor laser welding processes using equipment that is as straightforward and

coste�ective as possible, while still ensuring high-quality welds. Currently, there is a gap in reliability

in monitored laser welding processes by using a single-sensor approach. Photodiode sensoring is

emerging as a cost e�ective method of monitoring laser welding processes but lacks in reliability.

A challenge in welding quality control is detecting internal defects, often requiring destructive

testing to assure quality. By linking novel photodiode technologies, together with innovative AI

methods, to the detection of defects, this research could potentially increase the reliability of defect

detection, thereby reducing the need for destructive testing of welded components. This results in

increased sustainability through less waste, higher e�ectiveness, and improved resource utilization,

ultimately enhancing the overall production e�ciency and reducing environmental impact. The

scienti�c contributions will potentially include an increased understanding of how light with di�erent

wavelength is a�ected by the process instability, and thereby resulting in defect formation. This

project hope yield a ML-based monitoring model that can predict defects, such as porosity, a critical

internal defect, during the in-situ laser welding of aluminum cell-to-busbar joints.

A key knowledge contribution of this work is the novel combination of a multi-spectral photodiode

sensor setup with a ConvLSTM architecture for quality prediction in LBW. Additionally, the use

of static beam shaping, speci�cally BrightLine Weld (BLW), as a process parameter, analyzed in
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conjunction with spectral signal data, represents a unique approach. To the best of the author's

knowledge, neither this sensor-model (multi-spectral photodiode data with a ConvLSTM model)

integration nor the speci�c analysis of BLW-ratio in this context (how a change in beam mode

a�ects a photodiode signal) has been previously reported.

1.3 Aims and objectives

In this section, the research questions and corresponding objectives are presented, along with their

supporting arguments. After the conducted literature review along with previous experience and

rationale, research questions for this project was formed. The purpose for conducting research could

be of various reasons, as mentioned in Oates, et al. (2022). Such as to create a greater understand-

ing and contribute to the research knowledge within the team as well as environmental aspects,

these purposes also underpin the rationale for this project. The research questions were formulated

through a dual approach: by identifying gaps in the existing literature and by employing problema-

tization, a method of constructing research questions as discussed in [34]. The literature review

aimed to pinpoint areas lacking in research while also acknowledging the contributions of previous

studies, thereby reducing the risk of redundancy. Simultaneously, the process of problematization

was guided by existing knowledge within the �eld, ensuring a well-informed basis for the research

questions.

The research questions are summarized accordingly:

� Is a single-sensor approach adequate for detecting multiple defects in laser welds?

� How can defects within a weld seam be detected through in-process monitoring?

The objectives of this study are:

� To contribute to the improvement of quality control in laser welding by providing an under-

standing of the capabilities and limitations of single-sensor approaches and in-process moni-

toring for defect detection.

� Identify the extent of defects that can be detected by a single sensor, including both

surface and internal defects.

� Develop a methodology for real-time monitoring of welding processes that enables the

detection of defects within the weld seam.

1.4 Scope and limitations

This project corresponds to 30 credits and has been conducted over a period of 20 weeks. Accord-

ingly, the scope of the study is limited as follows:
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1.5 Overview

� The laser welding application focuses exclusively on a cell-to-busbar joint using a single ma-

terial: Aluminium AA 1050-H14 alloy. The experimental setup is based on a single laser

machine operating at a wavelength of 1030 nm, where a sinusoidal beam oscillation pattern is

applied. Where the feed rate, wobble frequency and power modulation are �xed, and welding

is performed with a specimen surface cleaning and at a surface focus height.

� The study investigates two process parameters: laser power and the BLW-ratio, a static beam

shaping approach.

� As a quality characterization technique, post-process CT-scanning is used. Metallographic

inspection is applied to validate the CT-scanning as a reliable method for quality character-

ization assessment. A high-speed camera is utilized during welding solely to verify the laser

welding process and not as a quantitative quality measurement technique.

� For in-process monitoring, a single multi-spectral photodiode is used, featuring two modalities

of data collection. The �rst modality consists of six channels, four backre�ection channels sens-

ing di�erent positions, one combined VIS channel, and one combined NIR channel, sampled

at a �xed rate of 100 kHz. The second modality captures 32 channels at 5 kHz, corresponding

to light wavelengths ranging from 317 to 1877 nm.

� As a predictive approach, a ConvLSTM neural network is applied. No manual feature engi-

neering or dimensionality reduction is employed prior to model training.

1.5 Overview

The structure of the thesis begins with a presentation of the theories relevant to the project, pre-

sented in section 2. It begins with an introduction to Laser Beam Welding (LBW), including

di�erent laser beam modes, typical defects in lap joint welds, and photodiode signal acquisition in

laser keyhole welding. This is followed by an overview of Design of Experiments (DoE) theory and

applied arti�cial intelligence methods, with a focus on the ConvLSTM network.

Section 3 presents a literature review of related work in the �eld, summarizing previous research on

sensor-based monitoring in laser based manufacturing processes. With the use of photodiodes for

in-process quality assessment combined with the application of ML in defect prediction. The aim

of this section is determining the existing body of knowledge and to highlight key gaps that this

work seeks to address.

The methodology is described in Section 4, detailing the experimental setup, including the ex-

perimental setup, material used, and process parameters. The section explains the acquisition of

photodiode signals using the multi-spectral photodiode sensor, and outlines the data preparation,

segmentation, and labeling strategy. Finally, the implementation of the ConvLSTM network is

explained, including structure, training parameters, and evaluation metrics.
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Section 5 presents the results of the study. Beginning with an analysis of the boundary screening

experiments used to identify a suitable parameter range, followed by the main DoE results. The sec-

tion further details the performance evaluation of the ConvLSTM models for predicting weld quality,

including classi�cation accuracy for Lack of Connection (LoC), Sound Weld (SW), Overpenetration

(OP), and porosity as well as regression performance for Undercut (UC).

The thesis concludes with a discussion and summary of �ndings in Sections 6 and 7, respectively.

The discussion re�ects on the implications of the results in relation to the stated research questions,

as well as limitations and methodological considerations. The conclusion summarizes the main

contributions and outcomes of the work.

Lastly, suggestions for future work are outlined in Section 8, including potential model improve-

ments, alternative sensor data integration, further investigations into real-time deployment in in-

dustrial environments. But, also a proposed continued development of the methodology toward an

Intelligent Welding System (IWS).

2 Theoretical frame of reference

This chapter presents the theoretical frame of reference. It introduces the fundamental concepts and

technologies relevant to the project, including laser beam welding (LBW), typical lap-joint welding

defects, and photodiode-based signal acquisition in laser keyhole welding of aluminum. It outlines

key principles of DoE and provides an overview of AI, with a focus on the ConvLSTM network used

in this study for weld defect prediction.

2.1 Laser Beam Welding

The Laser Beam Welding (LBW) process is complex, and the diagram provided in �gure 2, de-

scribes its overview, outlining major factors and properties involved. It is organized into seven main

sections, with �ve as input categories: Controllable input, Machine parameters, Material

properties, Application properties and Ambient properties, and two as output categories

namely Monitoring, signals possible to be monitored and Quality measures. Where the con-

trollable input, typically are the process parameters that can be controlled during the welding

process, such as laser power, feed-rate, spot size and incidence angle. It also includes beam char-

acteristics as signal shape (Continuous Wave or Pulsed). This category also covers path geometry,

focal position and shielding gas. Machine parameters, typically set based on the type of laser

machine used (solid-state, gas- or �ber-laser), in�uencing properties such as, beam quality, laser

wavelength, but also the beam shape, which includes any beam shaping method or any other tech-

nique adjusting the laser spot in Transverse Electromagnetic Mode (TEM). Material properties

include dimensions like specimen thickness, material-spci�c absorbtivity dependent on laser wave-
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2.1 Laser Beam Welding

length, density, thermal conductivity, and phase change properties. Additionally, the diagram also

includes the in�uence of application-speci�c properties such as cleanliness and residuals, gap

and misalignment, surface geometry, joint type (such as Butt joint, Tee joint, Corner joint, Lap

joint or Edge joint). Lastly, the ambient conditions such as temperature, humidity and pressure

also plays a role in the process.

Figure 2: Schematic overview of the Laser Beam Welding process, showing input parameters, ma-
terial and machine properties, and ambient conditions. The �gure also include key monitoring
techniques and typical output quality measures.

All these input parameters, controllable input, machine parameters, material properties,

application properties, and ambient properties, these in�uence heat input, melt pool dynam-

ics, and ultimately weld quality such as porosity or penetration depth [36, 37].

The process can be monitored or even controlled using di�erent real-time weld monitoring techniques

such as optical coherence tomography, photodiode sensors, CCD/CMOS cameras, thermography,

laser triangulation, acoustic emission sensors, plasma charge sensors, spectroscopy, high-speed imag-

ing or laser-based ultrasound and more [8, 6, 38]. The output of the process and corresponding qual-

ity measures include porosity, spatter, undercut, cracks, melt shape, weld depth, weld width, tensile

strength, fatigue resistance, residual stresses, distortion and warping, temperature, and resistance

[4, 11, 39, 40, 41, 42, 20, 3].
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2.1 Laser Beam Welding

To ensure an e�cient welding process, it is essential that the laser energy be introduced into the

material and converted into heat as e�ectively as possible. This process, known as energy coupling,

mainly depends on the amount of power absorbed by the workpiece [43]. The absorbed power,

denoted by Pabs, re�ects the energy coupling e�ciency and is expressed as the absorptance A.
Absorptance is the ratio of the power absorbed by the workpiece to the power of the incoming laser

radiation, formulated as follows:

A =
Pabs
P

; (1)

where P is the incident laser power.

The introduction of thermal energy during laser beam welding in�uences the optical properties

of materials, which depend on temperature. These changes, along with the material's geometry,

a�ect the dynamic interaction between the laser's heat and the metal's surface temperature pro�le.

Absorptivity (A), which can vary between 0 and 1, determines how much of the laser power, denoted

as Pabs, is absorbed. The unabsorbed energy is either re�ected or transmitted through the material,
as shown in Equation 2:

1 = A+R+ T; (2)

where A represents absorptivity, R re�ectivity, and T transmissivity. All three parameters have

similar value ranges. In thick metals, where transmission is minimal, the equation simpli�es to

1 = A + R. Factors a�ecting absorptivity include material composition, surface temperature, and

the wavelength of the incident laser.

Although a signi�cant portion of the laser energy is absorbed by the workpiece, it is important to

consider the energy absorbed by the plasma during the welding process. As previously mentioned,

some of the laser energy is re�ected, while a portion is absorbed by the plasma. Part of the plasma-

absorbed energy may be re-emitted toward the workpiece, contributing to the overall heat input.

However, in laser welding applications, a more practical metric is often used: the melting e�ciency

(�melt), which describes the proportion of input energy actually consumed in melting the material.

It can be calculated as follows [44]:

�melt =
C � d�Acs � vfr � (Tmelt � Tambient)

P
(3)

where �melt is the melting e�ciency, C is the speci�c heat of the material, d is the measured density,
Acs is the cross-sectional area of the weld fusion zone, vfr is the feed rate, Tmelt is the melting

temperature, Tambient is the initial material temperature before welding, and P is the laser power.

Melting e�ciency ME is estimated to approximately 20% for aluminium laser keyhole applications

[44].
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2.1 Laser Beam Welding

2.1.1 Advanced laser beam control

This section introduces di�rent advanced laser beam controls such as, di�ren laser beam modes,

laser beam wobbling and power modulation since these are being utilized in this study.

This section introduces advanced laser beam control techniques, including di�erent beam modes,

beam wobbling, and power modulation, as these are utilized in the present study.

Di�erent beam shapes can be achieved through either static or dynamic beam shaping techniques.

One common method of categorizing these shapes is by their transverse electromagnetic (TEM)

mode patterns. TEM modes are typically classi�ed using the notation TEMplq, where p represents
the number of radial zero �elds, l the number of angular zero �elds, and q the number of longitudinal
zero �elds [37]. Where some typical mode pattern is illustrated in �gure 3 (b), inclusive TEM01*,

which is a type with its zero �eld in the middle. And where (a) illustrates the TEM cross-sections

of three types of intensity distribution modes. No longitudinal zero-�elds are illustrated.

One speci�c beam mode, BrightLine Weld (BLW), is utilized as a key process parameter in this

study and is in the beam mode of TEM10. BLW is TRUMPF's implementation of a static beam

shaping technique designed to promote a more stable keyhole during the laser welding process, and

is provided through a 2in1 �bre [45].

Figure 3: Intensity distribution modes. (a) Normalized intensity distributions for various TEM
showing TEM00, TEM01�, and TEM10 modes. (b) Visual representation of radial zero �elds for
modes TEM00 through TEM20, and angular changes in zero �elds TEM00 through TEM02.

To achieve a more stable process or a wider weld seam, beam wobbling techniques can be applied.

Beam wobbling involves oscillating the laser beam in a de�ned pattern to improve weld quality,
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2.1 Laser Beam Welding

control heat distribution, and to bridge gaps. Various wobbling strategies exist, including sinusoidal,

circular, and zig-zag patterns. In this study a sinusoidal beam wobbling technique is applied.

To a wobbling technique a power modulation can be applied. Power modulation, can be applied to

the laser source, either in a temporal or spatial manner. When using a laser wobbling approach, a

spacial power modulation would mean di�erent power output in di�erent locations of the wobbling

position. By applying power modulation, process stabilization can be achieved [46], as well as

increased joint quality such as tensile strength [47].

2.1.2 Lap-joint welding defects

Di�erent welding processes and joint geometries give rise to di�rent defect modes. Including di�rent

types of materials has di�erent types of welding defects. The welding defects considered during this

project is lap-joint weld of aluminium are considered. Other welding types are butt joint, tee joint,

corner joint, or edge joint. The typical characteristic welding defects in cell-to-busbar joints, which

is a lap-joint, are summarized in �gure 4, adopted from [48] and [39].

They include: Good weld is a sound, defect-free reference weld. Undercut (UC) is a groove

melted into the material adjacent to the weld toe that remains un�lled, where hu denotes the

measured undercut depth. Porosity arises when gas entrapment solidi�es as spherical voids inside

the weld metal, with hp indicating the diameter of an individual pore. Interface porosity refers

to pores localized at the interface, often initiated by the native aluminum oxide layer that inhibits

complete fusion. Lack of fusion (LoF) describes incomplete melting or bonding on the lower

plate. Lack of side wall fusion occurs when the weld pool does not su�ciently wet the vertical

side walls, creating unbonded edges. Overpenetration (OP) results from excessive heat input

that causes melt through of the bottom plate. Cracks are solidi�cation or shrinkage cracks that

propagate through the weld metal, and Overlap occurs when molten metal over�ows the joint edge

and solidi�es on top of the surface.

Figure 4: Lap-joint weld defects

Understanding how these defects is detrimental to electrical resistance, mechanical fatigue life and

the risk of japordizing the battery, informs the choice of real-time monitoring signals and the

subsequent defect-detection algorithm. The defects considered in this project are good weld, LoF,
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OP, and porosity as classi�cation label, while undercut is treated as a regression metric.

2.1.3 Photodiode signal acquisition in laser keyhole welding of aluminium

The photodiode signal represents the cumulative detection of photons within the respective spectral

range, originating primarily from the processing zone and directed through the optical system

to the sensor. Typical photodiode sensors categorize their detected signals into three spectral

ranges: plasma sensor (P) covering 400�600 nm, backre�ection sensor (R) covering 900�1100 nm,

and temperature sensor (T) covering 1100�1800 nm [40]. Typically called P,R,T-sensors.

Figure 5 (a) illustrates the photodiode sensor signal acquisition during laser keyhole welding, visu-

alizing the various contributions to the detected signal. The primary sources of detected emissions

include thermal radiation from the molten pool, metal vapor plume radiation, backre�ections of the

laser beam, and also radiation from spatter. Spatter can both emit radiation and interfere with

the laser beam causing increased emitted radiation. The formation of a keyhole, characteristic of

high-power laser welding, in�uences the emission of light, particularly backre�ections and thermal

radiation and e�ects the emission of radiation due to its geometrical shape. The plasma plume

emits its own radiation, but is also interacting with the laser source.

Figure 5 (b) presents the angular dependence of emission from the surface, which is in�uenced

by the surface orientation relative to the sensor. The emitted radiation (qi) follows an angular

dependence relative to the normal vector (ni) of the surface. The intensity of detected radiation

decreases according to a cos2(�i) relationship, meaning that emissions are strongest when the surface
is oriented directly toward the sensor and weaken as the angle increases. Additionally, the power

density of emitted radiation is determined by the temperature (q) and emissivity (") of the material.
The surface is discretized into multiple small areas, each contributing radiation according to its

individual angular characteristics, which collectively in�uence the detected signal.
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Figure 5: Schematic of thermal and optical emissions detected by a photodiode sensor during
laser keyhole welding. (a) Captured radiation from multiple sources, including thermal emissions,
metal vapor plume radiation, laser backre�ections, and spatter. (b) Illustration of the angular
dependence of thermal radiation �ux (qi) emitted from an inclined liquid surface (i) toward sensor.
The emitted radiation follows a cos(�i) dependence relative to the surface normal (ni), while the
collected emissions at the sensor follow a cos2(�i) dependence due to the projection of the emitting
surface into the sensor's �eld of view.

In this study, keyhole welding of aluminium alloy Al 1050 AW is performed with a 1030 nm laser and

without shielding gas. Process radiation is recorded by a multi-spectral photodiode array covering

approximately 300-1800 nm, also including VIS, NIR, and backre�ection channels of traditional

photodiodes. These acquisition settings are important for attributing the recorded signal to the

correct spectral bands and hence for interpreting the underlying physical phenomena. With these

parameters the spectral trace captured by the photodiode re�ects the local process conditions.

During laser keyhole welding, the laser beam melts and vaporises the metal, forming a plasma �lled

keyhole. Both the high temperature and the laser beam vaporises the native aluminium oxide layer.

Because no inert gas is supplied, atmospheric oxygen can interact with the plume.

Table 1 summaries the emission features expected under these conditions, and summarizes/groups

each physical phenomenon with its radiation source and characteristic wavelength.
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Table 1: Emission wavelengths observed during 1030 nm laser keyhole welding of aluminium (no
shielding gas)

Phenomenon / Source Emission / band Wavelength Ref.

Vapour plume radiation

Aluminium vapour Neutral Aluminum (Al I) 394.4 nm, 396.2 nm, 670 nm [49, 50]

Aluminium vapour Ionized Aluminum (Al II) 358.6 nm, 466.3 nm, 559.3 nm [51]

Aluminium monoxide Blue-Green system (AlO) 450 - 550 nm [52]

Aluminium monoxide Red system (AlO) 600 - 700 nm [52]

Oxygen emission OI, neutral (Oxygen triplet) �777 nm [51]

Oxygen emission OII, ionized (Oxygen triplet) �465 nm, 484 nm [51]

Native oxide radiation

Vaporization of Al2O3 Neutral Aluminum (Al I) 394.4 nm [52]

Thermal emission

Heated aluminium surface Blackbody radiation �800-1800 nm [15]

Backre�ection

(Laser wavelength) Laser re�ected radiation 1030 nm

Neutral aluminium dominates at 394.4, 396.2 and 670 nm, while singly ionised aluminium appears

at 358.6, 466.3 and 559.3 nm. Reaction with ambient oxygen produces AlO, giving broad blue�green

(450�550 nm) and red (600�700 nm) molecular bands. The same atmosphere contributes the neutral

O I triplet near 777 nm and, at higher plume temperatures, the ionised O II pair around 465 nm

and 484 nm. In parallel, hot metal surfaces emit a broadband black-body continuum collected at

800�1800 nm, and a fraction of the incident 1030 nm laser light is backre�ected from the keyhole.

Laser-induced vaporisation of the native Al2O3 layer reinforces the 394.4 nm Al I line.

2.2 Design of Experiment (DoE)

For this project, a Design of Experiments (DoE) study was carried out to generate sets of process

parameters for the experiments. Below is an overview of general DoE principles, along with the

speci�c DoE method applied in this project.

DoE is a technique used to explore new processes and enhance the understanding of existing ones,

often serving as a foundation for subsequent optimization. Despite its e�ectiveness, DoE has not

been widely favored by modern engineers and managers due to the high level of involvement required

and its reliance on statistical methods [53]. The purpose of conducting a well planned designed

experiment is to identify the variables within a process that have the greatest impact on performance.

Industrial experiments typically involve a sequence of structured activities aimed at systematically
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exploring these e�ects.

You can either conduct a screening design and a DoE. Screening designs are experimental methods

used to identify key factors that signi�cantly a�ect process performance or product quality, especially

when dealing with many potential variables. Their goal is to focus improvement e�orts on the most

critical parameters while minimizing experimental runs, saving time and resources. One parameter

screening method are Plackett�Burman (P�B) designs, introduced in 1946, and are a common

screening method based on Hadamard matrices, with trial numbers as multiples of four. They allow

the study of up to k = N�1
L�1 factors, where N is the number of runs and L is the number of levels

(usually two). For example, a 12-run experiment can analyze up to 11 factors.

A n-level, k-factorial DoE is an experimental approach used to study the e�ects of k independent

factors, where each factor is tested at n distinct levels. This design helps analyze both the main

e�ects of each factor and their interaction e�ects on the response.

� Factors (k): The number of independent variables in the experiment.

� Levels (n): The distinct settings or values for each factor (e.g., low, medium, high).

� Total Runs: The total number of experimental runs required is nk, as all possible combina-

tions of factor levels are tested.

Example: A 32 factorial design (2 factors at 3 levels each) results in 32 = 9 experimental runs.

This design is e�ective for exploring both linear and non-linear relationships, as well as identi-

fying interaction e�ects between factors.

In this study A 2-variable, 3-level and a 2-variable, 5-level DoE was conducted and is an experimental

setup used to study the e�ects of two independent factor) on a response, where each factor is tested

at three and �ve distinct levels. An example of a 2-variable, 3-level DoE setup is shown in table 2.

Run X1 (Factor 1) X2 (Factor 2)

1 -1 -1
2 -1 0
3 -1 1
4 0 -1
5 0 0
6 0 1
7 1 -1
8 1 0
9 1 1

Table 2: Design matrix for a 2-variable, 3-level DoE.

After conducting the experiments, statistical analysis is used to identify which factors or interac-
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tions signi�cantly in�uence the response. To model and optimize the response, techniques such as

Response Surface Methodology (RSM) or simple regression can be applied.

2.3 Arti�cial Intelligence & ConvLSTM architecture

In this section, an overview of AI is presented along with the necessary explanations to understand

the model building process, including data preparation, training, validation, and the calculation

of loss functions and performance metrics. Additionally, the theoretical background of the neural

network architectures used in this study is discussed. Speci�cally, a CNN combined with an LSTM

network�forming a ConvLSTM�was utilized in this work. The following subsections outline the

relevant theory behind these architectures.

The network implementation in this work is adapted from ref.[54, 55], while the theoretical back-

ground of the ConvLSTM model is based on ref.[7].

Data preperation: Data preparation transforms raw data into a usable format. One approach is

the sliding window method, where sequential data is segmented into overlapping (or non-overlapping)

windows to capture temporal patterns, in this study, a 50% overlap is employed. Although additional

feature engineering techniques can reduce data dimensionality and extract informative features, no

further feature engineering is applied here beyond the overlapping segments. A correct labeling

strategy is important during the data preparation.

Training and validation: A model must be trained in a controlled manner and validated to ensure

it generalizes well to unseen data. During training, a model can become over�tted, learning the

training data too well and failing to generalize, or under�tted, where it does not capture the un-

derlying patterns. Over�tting is a common challenge in ML and must be monitored and controlled.

Methods to prevent over�tting include dropout, early stopping, learning rate scheduling, and data

splitting, all of which are utilized in this study. Another important risk, during training to consider

is gradient explosion. This occurs when the gradients become excessively large during training,

leading to unstable weight updates and potential divergence. Techniques such as gradient clipping,

weight initialization, and appropriate learning rate tuning are used to mitigate this risk. Validation

examines the model's ability to generalize, and the choice of validation metrics depends on whether

the model predicts categorical classes (classi�cation) or continuous variables (regression). For clas-

si�cation problems, the choice of validation method depends on the problem. Validation could be

performed using a cross-validation procedure combined with various performance metrics. Com-

monly used performance metrics include Accuracy, Recall, and F1-score, as shown in the equations

below. These performance metrics are determined from the total numbers of True Positives (TP),

True Negatives (TN), False Positives (FP), and False Negatives (FN).
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Accuracy =
TP + TN

TP + TN + FP + FN
(4)

Recall =
TP

TP + FN
(5)

F1 = 2�
Precision� Recall

Precision + Recall
(6)

Confusion matrix: A confusion matrix is a table that outlines the performance of a classi�cation

model by comparing predicted labels with the actual labels. It tracks the counts of TP, FP, FN, and

TN, and helps identify where a model is making correct or incorrect predictions, making it clear of

possible areas of improvement. See example in table 3

Predicted Positive Predicted Negative

Actual Positive TP FN

Actual Negative FP TN

Table 3: Simple confusion matrix example

Loss function: During model training, a loss function quanti�es the di�erence between the pre-

dicted outputs and the true labels. In this study, where predictions involve more than two categories,

a categorical crossentropy is used. The loss function is computed over all classes for each sample

and then averaged over the training set and minimized through optimization, guiding the model's

learning process. Categorical crossentropy loss is de�ned as:

L = �
CX

i=1

yi log (ŷi) (7)

� yi: The true (one-hot encoded) value for the ith class.

� ŷi: The predicted probability for the ith class.

� C: The total number of classes.

For regression tasks, di�erent validation metrics are required. Common performance metrics include

Mean Squared Error (MSE), Mean Absolute Error (MAE), and R-squared (R²) [56]. These are

de�ned as:
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MSE =
1
n

nX

i=1

(yi � ŷi)2 (8)

MAE =
1
n

nX

i=1

jyi � ŷij (9)

R2 = 1�
Pn

i=1(yi � ŷi)2
Pn

i=1(yi � �y)2 (10)

� yi: Actual value for the ith data point.

� ŷi: Predicted value for the ith data point.

� �y: Mean of all actual values.

� n: Total number of data points.

These metrics quantify the discrepancy between predicted and actual values, providing insights

to the model's reliability. Lower MSE and MAE values indicate better performance, while an R²

value closer to 1 suggests a stronger correlation between predictions and ground truth. Additionally,

Root Mean Squared Error (RMSE), which is the square root of MSE, and Mean Absolute Percentage

Error (MAPE) can also be useful, depending on the speci�c application.

2.3.1 Convolutional neural network

In the following subsection a standard CNN is explained, this for building understanding on how a

ConvLSTM is built.

A CNN is a DL model using convolutional layers in order to automatically detect and learn features

from data, often images, which is two dimensional. But can also be used for one dimensional data,

one-dimensional convolutional neural network (1D-CNN), which could be utilized in order to predict

defects in various processes with multiple features.

The convolution process output are computed as [33]:

hc(ci) = b(ci) +
lc�1X

j=0

w(ci; j)� x(j) (11)

Where hc(ci) is the output at index ci, b is the bias vector, w(ci; j) are the weights matrix. x(j)
represents the input at j, and � denotes the cross correlations. A convolutional process is followed

by a activation function, ReLU (Recti�ed Linear Unit), introducing nonlinearity to the network.
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2.3 Arti�cial Intelligence & ConvLSTM architecture

And further, in order to reduce dimensionality and reduce over�tting max pooling is introduced.

and the output hp(ci) after max pooling is accordingly:

hp(ci; j) = max
m=0;:::;lk�1

hc
�
ci; (ls � j) +m

�
(12)

And where lk and ls are the stride and kernel length. In order to prepare this output for further

processing in a LSTM layer it would need to be �attened.

2.3.2 Long short-term memory

An LSTM network, also a DL model, is a recurrent neural network (RNN) designed to capture

long- and short-term dependencies. This is achieved by utilizing gated mechanisms to control

the �ow of information through the network. RNNs are e�cient at capturing sequence patterns

through interlinked hidden units [33]. The bene�t of LSTM is that it is less prone to the vanishing

gradient problem compared to traditional RNNs, due to its forget gate. An LSTM contains three

gates, input, forget, and output, that help the network capture long- and short-term dependencies

while simultaneously regulating the amount of information that needs to be retained. All gates are

followed by sigmoidal or tanh activations to avoid gradient explosions. See the equations below for

the internal operations [33]:

x�
t = ht�1 � xt (13)

ft = �(w1x�
t + b1) (14)

c�
t = �(w2x�

t + b2) tanh(w3x�
t + b3) (15)

Where xt symbol is the input unit at time t, and ht�1 are the hidden state from the previous time

step. The concatenation operator � combines ht�1 and xt into a single vector, denoted by x�
t .

The sigmoid activation function �(�) is de�ned as �(z) = 1
1+e�z . The parameters wi and bi (for

i = 1; 2; 3) represent trainable weights and biases respectively.

2.3.3 Convolutional LSTM Network

A ConvLSTM extends the classic fully�connected LSTM by replacing every matrix�vector multipli-

cation with a 2-D convolution [7]. The input Xt, hidden state Ht, and cell state Ct are (P �M�N)
tensors that retain spatial layout, enabling the network to model motion and local spatial correla-

tions over time.

The ConvLSTM gate and state updates are presented below [7]:
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it = �
�
Wxi�Xt +Whi�Ht�1 +Wci� Ct�1 + bi

�
(16)

ft = �
�
Wxf �Xt +Whf �Ht�1 +Wcf � Ct�1 + bf

�
(17)

Ct = ft� Ct�1 + it� tanh
�
Wxc�Xt +Whc�Ht�1 + bc

�
(18)

ot = �
�
Wxo�Xt +Who�Ht�1 +Wco� Ct + bo

�
(19)

Ht = ot� tanh(Ct) (20)

Where � is a two�dimensional convolution over the spatial dimensions (M � N), whose kernels

W� specify local receptive �elds. The symbol � represents the Hadamard (element-wise) prod-

uct and enables the peephole connections through which each gate can examine the cell state.

The nonlinearities �(�) and tanh(�) are applied element-wise and correspond to the sigmoid and

hyperbolic-tangent activation functions. The gates it (input), ft (forget), and ot (output) regulate

the �ow of information, while the states Ct and Ht store the long-term memory and provide the

exposed hidden representation.

In a ConvLSTM, the use of convolutions assigns principal advantages over a fully connected LSTM

(FC-LSTM). Spatial awareness, parameter sharing, motion modeling, and boundary handling. Be-

cause the input is not �attened, the network maintains the two-dimensional structure of each frame

and can exploit local context. Parameter sharing, where a single kernel is applied across all spa-

tial locations, which both lowers the parameter count and enforces translation invariance. Motion

modeling, the kernel's height and width determine how large a displacement the model can cap-

ture between frames, with a 1� 1 kernel the ConvLSTM degenerates to the FC-LSTM. Boundary

handling, zero-padding keeps tensor sizes �xed, implicitly treating everything outside the frame as

zero�useful when the application needs explicit edge behaviour.

3 Literature review

A literature review was conducted to address the stated research questions. This review aimed to

identify existing research, analyze current methodologies, and highlight knowledge gaps related to

LBW defect detection using photodiode sensor signals and a ML approach. With the intention that

the literature review will provide a foundation for the subsequent research methodology.

The following summarizes research conducted on laser-based defect detection using sensor signals. It

outlines the applied advanced manufacturing approach (AMA), including the type of process,

application area, laser machine brand, studied process parameters, and the material and joining

type. The summary also covers the quality characterization approach, detailing the quality
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3.1 Laser beam welding in battery applications

measure, de�nition technique, process stage, and sampling rate. Additionally, the monitoring

technique is described, including the sensor strategy (single or multi-sensor), sensor type, po-

sitioning, and sampling rate. Finally, the machine learning approach is presented, covering

data pre-processing / dimensionality reduction or feature extraction methods, window size, model

type, and overall performance. The following structure �rst presents eleven studies, followed by a

summary that compares their �ndings in relation to the present work.

3.1 Laser beam welding in battery applications

Lee et al. (2021) [59] investigated application of ML in LBW of aluminium-to-copper battery

tab joints using a 1030 nm Trumpf laser system. The studied PPS included laser power ranging

from 1.1 to 1.6 kW and feed rates between 3 and 7 m/min. The materials joined were aluminium

(AA 1050) and copper (Cu-OF). Quality characterization was performed in-process using OCT at

7 kHz, tracking keyhole depth to assess penetration class, including LoF, transient and SW. The

monitoring technique employed a single o�-axis photodiode sensor capturing VIS at a sampling rate

of 50 kHz. As ML approach, data were segmented into 50 ms windows, and three model types were

compared: SVM, fully connected network (FCN), and CNN. The highest classi�cation accuracy

achieved was 90%.

Chianese et al. (2022) [42] investigated joining of copper-to-steel battery tabs using LBW uti-

lizing a 1070 nm nLight Compact 3 kW �ber laser. The process parameters studied included laser

power ranging from 390 to 1500 W and gap variations between 0 and 0.3 mm. The materials joined

were Hilumin and Cu-OF. Post-process metallographic inspection was used for quality characteriza-

tion, targeting defects such as SW, OP, and LoF. The monitoring technique employed a single-sensor

setup, positioned on-axis to capture signals from the visible (VIS) and near-infrared (NIR) ranges

as well as backre�ections. The sensor used was a Precitec LWM4.0 operating at a sampling rate

of 50 kHz. The applied ML model achieved a classi�cation accuracy of 97.5% for defect detection,

utilizing a window size of 50 ms corresponding to 2500 time steps. The model used the average

and standard deviation of the acquired signals as input features for a range of classi�ers, including

KNN, random forest (RF), decision tree (DT), Naive Bayes, support vector machine (SVM), and a

combination of discrete wavelet transform and neural networks (DWT&NN).

Grabmann et al. (2024) [18] examined LBW of lithium-ion battery components, focusing on

copper foil materials including Cu-OF, Cu-ETP, and Cu-PHC. The study used a 515 nm laser

(Trumpf TruDisc 1020 with PFO20-2 optics) and varied process parameters such as defocus (�4

to +7 mm) and gap size (0 to +0.2 mm). Quality characterization was performed post-process

through metallographic inspection. The primary focus was detecting part-to-part gap presence

and residual electrode coating. The monitoring technique used a single on-axis sensor approach

capturing VIS, NIR, and backre�ected light. The sensor used was the Precitec LWM4.0, operating at
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3.2 Photodiode sensing and defect monitoring in laser applications

a sampling rate of 50 kHz. The researchers observed a correlation between an increased mean value

of backre�ections and the presence of a part-to-part gap, while the median signal value remained

unchanged.

The studies [59, 42, 18] highlight di�erent welding strategies and parameter selections for battery

tab applications, addressing the challenges in dissimilar material joining, particularly between alu-

minium and copper, and emphasize the critical role of quality assurance in supporting the reliability

requirements in e-mobility systems.

3.2 Photodiode sensing and defect monitoring in laser applications

Zhang et al. (2020) [23] studied LBW of 304 stainless steel using a 1030 nm laser source. The

experimental PP included laser power ranging from 6 to 16 kW, feed-rates between 2 and 10 m/min,

and defocus distances from �6 to +3 mm. For quality characterization, in-process HS-imaging was

used with a frame rate of 500 fps. The study targeted several types of weld defects, including

classi�cation of SW, blowout, humping, and UC. A multi-sensor monitoring setup was employed,

capturing signals on-axis in both the visible (VIS) spectrum and from backre�ections. The sensor

system operated at a sampling rate of 500 kHz. The applied SSAE-GA machine learning model

achieved a classi�cation accuracy of 95.07% for weld defect detection, utilizing a window size of

2 ms corresponding to 2000 time steps. Data pre-processing was performed using wavelet packet

transform (WPT), and model performance was compared across SSAE-GA, SSAE, SVM, and RF

classi�ers.

Zhang et al. (2019) [20] investigated defect detection in LBW of thick stainless steel plates

using a 976 nm laser. PPs included laser power between 6 and 13 kW, defocus ranging from �3

to 0 mm, and shielding gas �ow rates from 0 to 30 L/s. The material used was 306 stainless

steel. Quality characterization was conducted in-process using HS-imaging at 500 Hz, targeting

weld quality conditions such as SW, blowout, humping, and UC. The monitoring setup employed

a multi-sensor con�guration, including an on-axis photodiode sampled at 500 kHz. For the ML

approach, wavelet packet decomposition (WPD) was applied as a pre-processing technique on 2 ms

time windows (equivalent to 2000 time steps). A convolutional neural network (CNN) was used for

classi�cation, achieving an accuracy of 95.3%.

Gorgannejad et al. (2023) [57] investigated defect detection in additive manufacturing (AM) of

titanium using a laser powder bed fusion (L-PBF) process with a 1070 nm laser source. The study

focused on LoF and keyhole pores in Ti-6Al-4V, using the YLR-500-AC-Y14 laser system from IPG

Photonics. The process parameters considered included continuous wave (CW) mode, laser power,

and feed rate. For quality characterization, in-situ X-ray imaging was used during the process at a

sampling rate of 20 kHz. The monitoring technique employed a multi-sensor con�guration consisting

of two photodiodes and acoustic emission (AE) sensors, positioned both coaxially and o�-axis. The
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3.3 Machine learning for defect prediction from sensor signals

primary photodiode sensor used was the Thorlabs DET10A2, sampled at 400 kHz. Their machine

learning approach included data collection and analysis across time windows 0,5, 1, 2 ms (200, 400,

800 temstamps), using pre-processing techniques such as power spectral density (PSD) and highly

comparative time-series analysis (HCTSA). A combination of support vector machine (SVM), k-

nearest neighbors (KNN), and Gaussian naive Bayes (GNB) classi�ers achieved strong performance:

0.95 F1-score, 1.0 recall, and 0.94 accuracy.

Zhang et al. (2019) [14] explored defect detection in AM of titanium using a direct energy

deposition (DED) process with a 1064 nm laser source. The investigated process parameters in-

cluded laser power between 150 and 250 W and feed rates ranging from 1 to 4 mm/s. Quality

characterization was performed using a combination of post-process metallographic inspection and

CT-scanning. The monitoring technique was in-process single-sensor, an optical on-axis system

operated at a frame rate of 395 fps. A CNN model was used for porosity prediction, achieving an

accuracy of 91.2% and a RMSE of 1.32%, using data from 2.53 ms.

Taherkhani et al. (2021) [41] explored defect detection in AM using L-PBF with a 1064 nm

laser. The study was conducted on Hastelloy-X (EOS Nickel Alloy) using an EOS M290 system,

with PPs including laser power (100�200 W) and feed-rates of 1000 or 1500 mm/s. For quality

characterization, post-process CT-scanning was used to identify defects such as LoF and porosity.

The monitoring system employed a multi-sensor con�guration with both on-axis and o�-axis pho-

todiode measurements integrated directly into the EOS M290 machine. Data were collected at a

sampling rate of 60 kHz. The ML approach incorporated signal-based features, including absolute

limits, signal dynamics, and short-term �uctuations, and achieved an accuracy of 72.82% for defect

detection. The studied window size spanned 0.1 to 0.5 ms, equivalent to 5 to 30 time steps.

The studies [23, 20, 57, 14, 41] have explored a variety of sensor con�gurations,including photodiode

sensoring of VIS, NIR, and backre�ection channels, for in-process monitoring of defects such as LoF,

porosity, and UC, with di�erences in sensor positioning (on- and o�-axial), sampling rates (ranging

from hundreds of Hz to hundreds of kHz), and limitations in spatial resolution and defect depth

sensitivity.

3.3 Machine learning for defect prediction from sensor signals

Yuan et al. (2018) [17] investigated quality inL-PBF of 316L stainless steel, focusing on predicting

track width. The PPs included laser power ranging from 50 to 375 W and feed rates between 100 and

400 mm/s. The monitoring technique, which also served as the quality characterization method,

employed a single optical sensor positioned on-axis, using a Mikrotron Eosens MC1363 camera

operating at 1000 fps. No data pre-processing was applied. A CNN was trained using a window

size of 10 ms and achieved a classi�cation accuracy of 93.1% and an R2 score of 0.93.
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3.4 Summary and discussion of related work

Brüggenjürgen et al. (2024) [21] studied LBW of copper, comparing a range of industrial

systems, including eight di�erent laser machines such as the TruDisc 6001 and 8001. The study

focused on copper alloys Cu-ETP and CUSn6, with power levels ranging from 350 to 4000 W.

The quality characterization approach involved in-situ X-ray imaging conducted during welding,

targeting keyhole instability phenomena such as bulging, piercing, splashing, and porosity. The

process stage monitored was in-process, with a quality characterization sampling rate of 18 kHz.

The monitoring setup used a single o�-axis photodiode sensor (4D Photonics: 4D.TWO), operating

at a sampling rate of 5 kHz. In terms of machine learning, three models were evaluated: LSTM,

BiLSTM, and Transformer networks. The best classi�cation performance was achieved by the

Transformer, with an accuracy of 76.53%, compared to 69.78% for LSTM and 69.89% for BiLSTM.

Zhang et al. (2019) [58] investigated LBW of 304 stainless steel using a 1030 nm wavelength

source. The study varied key PPs including laser power (6�13 kW) and defocus distance (�3 to

0 mm). For quality characterization, high-speed (HS) imaging was used to monitor defect formation

in real-time during the welding process, with a sampling rate of 500 Hz. The study targeted

multiple defect types, including classi�cation of SW, blowout, humping, and UC. The monitoring

setup consisted of a multiple-optical sensors and one on-axis photodiode, collecting signals in the

backre�ections and VIS range. Sensor data were acquired at 5 kHz. In terms of model performance,

classi�cation results showed high accuracy for several defect types: 92.47% for SW, 91.64% for

blowout, 91.22% for UC, and 59.17% for humping.

Studies such as [17, 21, 58] applied various machine learning models, including CNNs, LSTMs, and

Transformers, with performance ranging from 69% to over 93% accuracy depending on the approach.

The input data typically consisted of raw or processed photodiode or image-based signals, with

window sizes between 2ms and 50ms. While these models showed promising results, often relied

on multi-sensor or complex setups, highlighting a gap in research on single-sensor approaches for

robust internal defect detection.

3.4 Summary and discussion of related work

The literature review reveals that a substantial portion of recent work in laser applications focuses on

additive manufacturing processes [57, 41, 17, 14], while several studies target LBW applications [58,

21, 42, 23, 20, 59, 18]. Among these, a few studies speci�cally address battery-related applications

using photodiode signal data [59, 42, 18]. There is a growing relevance of cell-to-busbar joining in

electric vehicle manufacturing, highlighting the need for increased research on quality monitoring

methods to this application. Most studies investigate common PPs such as laser power, feed rate,

and defocus. However, there is a notable lack of research examining photodiode signal responses

to static beam shaping con�gurations. In particular, the role of static beam shaping techniques,

such as BLW, further exploration in the context of photodiode-based monitoring. While internal
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defects such as porosity have been studied to some extent using photodiode signals [57, 41, 14],

further research is needed to improve predictive reliability in this area. Previous studies have used

time windows ranging from 0.5 to 50 ms for defect prediction. For instance, [57, 23, 14] used a

2 ms window, [21, 17] used around 10 ms, while [59, 42] employed 50 ms windows. Additionally,

there is a continued need for well-performing models based on single-sensor approach [23, 20, 42],

particularly to �nd a solution that could rely on low-cost, post-process characterization methods.

Ideally, future research should aim to combine these elements, a robust predictive model capable of

detecting defects, including internal defects using a single, low-cost sensor, applicable to real-time

monitoring and post-process characterization, and optimized for short window sizes to ensure fast

evaluation, ensuring high-qaulity assurance and practical deployment in industrial environments.

Such a model would contribute to the development of an IWS, enabling e�ective process control.

Write of what types of DL models that has been used??

4 Method

This work investigates how photodiode sensor signals can be used to predict defects in real time

within a laser-welded cell-to-busbar joint. Initially, parameter screening experiments are conducted,

followed by a DoE. The parameter screening aims to determine a valid area of interest for further

investigation. During the experiments, photodiode sensor signals are collected. After the experi-

ments, data evaluation and labeling are performed to create the foundation for the defect prediction

model's training data. This chapter describes the experimental setup, followed by the model training

procedure.

4.1 Experimental setup & procedure

The experimental setup was performed using, a disc laser TruDisk 6001 (Trumpf GmbH, Ditzingen,

Germany) as radiation sources, with a maximum cw-output power of 6 kW at � = 1030 nm. The

laser source properties and properties of the optical setups for laser beam welding are presented in

table 4. The beam-delivery �ber, coupled to the scanning optics (Trumpf PFO 33�2) had a core

diameter of dLLKc = 100 �m for the core and a ring outer diameter of dLLKr = 400 �m. The f-Theta
lenses had a focal length of fF = 255 mm, resulting in a magni�cation ratio of 1:1.7 in combination

with the collimation focal length of fC = 150 mm. Given that the �ber end is imaged onto the focal

plane, a spot diameter of dF = 170 �m in a gaussian intensity distribution. The utilized PFO is

partially telecentric and exhibits di�erent angular dependencies along the x- and y-axes due to its

elliptical �eld of view (FoV). This results in varying angles at di�erent positions within the FoV,

which do not follow the intuitive arctangent (tan�1) calculations. The angle of incidence during the

laser welding experiments is approximately 3 degrees.
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4.1 Experimental setup & procedure

Table 4: Parameters and properties of laser source and optics con�guration

Parameter Unit TruDisk 6001 &

PFO 33-2

Laser medium - Disc

Wavelength � [nm] 1030

Laser power Pmax [W] 6000

Fibre core diameter dLLKc [�m] 100

Fibre ring diameter dLLKr [�m] 400

Focal length [mm] 255

Collimation length [mm] 150

Aspect ratio - 1:1.7

Core focal spot diameter dF [�m] 170

Maximum wobbling frequency [Hz] 250

Beam parameter product [mm�mrad] 4

PFO �eld size [mm2] 180x112

In �gure 6, the experimental setup is presented along with the signal collection, used for monitoring

the laser welding process. The �gure illustrates the high-power laser beam, directed through a

programmable focusing optic (PFO 33-2) to the workpiece. Integrated into the optical path, throug

a beam splitter, is the multi-spectral photodiode system (4D-TWO) attched. The �gure illustrates

how the emitted light from the weld zone is captured, including both direct re�ections and other

emissions, from plasma etc. The light coming from the process zone is split, one part directed to a

combined VIS, one to the combined NIR photodiode and another into the backre�ection photodiode.

The VIS and NIR light is followinglt passed through a dispersion prism that separates the light into

16 discrete spectral channels, form 353 nm to 900 nm for the VIS, and 1100 to 1800 for the 16 NIR

channels.
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4.1 Experimental setup & procedure

Figure 6: Schematic of the experimental setup, illustrating the processing laser, the programmable
focusing optic (PFO 33-2), and the multi-spectral photodiode sensing system (4D-TWO). The �gure
shows the combined VIS and NIR photodiodes, detection of back-re�ections, and the dispersion of
light through a prism into 16 wavelength-speci�c channels of both VIS and NIR.

Figure 7 illustrates the specimen setup, including dimensions, di�erences in welding con�gurations

between Dataset A and Dataset B, as well as the welding path and its direction. The �gure also

presents the weld path length and the coordinate system de�ned at the PFO. For Dataset B, three

welds were performed on each specimen, spaced 7 mm apart. This weld arrangement was chosen

to simplify CT-scanning and simplify the subsequent labeling and data processing. All welds were

carried out at room temperature using identical PFO-coordinates to ensure consistent conditions

for the photodiode sensor. The weld seam center coordinates in the PFO were identical for both

Dataset A and Dataset B, with a �xed inclination angle of 3° applied in the y-direction.

The specimens used in the experiments are made of AA 1050-H14 aluminum alloy. Their thicknesses,

which were shown in �gure 7. In this study, the specimens adopt a simpli�ed geometry with

dimensions of 100 mm in length and 25 mm in width. With a busbar thicknes of 0.7 mm and a

cell terminal of 1.5 mm. This geometry is intended to represent the cell-to-busbar con�guration,

based on previously used designs in related research. The selected thicknesses are likewise chosen

to re�ect common values found in such applications.
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4.1 Experimental setup & procedure

Figure 7: Schematic of the specimen setup, showing specimen dimensions, con�guration di�erences
between Dataset A and Dataset B, alongside with the welding path with its direction.

Among the purest commercial aluminum grades, aluminum alloy AA1050 with 99% pure aluminum

in its chemical composition is applied popular in industries [60]. The chemical compositions of

AA 1050-H14 aluminum alloy are shown in table 5, [60] which was veri�ed using X-ray di�raction

(XRD) with an Aeris system (Malvern Panalytical, Almelo, The Netherlands). With the described

experimental setup, the specimen will experience increased heat due to the relatively small heat

sink, causing the melt pool to grow over time. This thermal dependence is intended to be captured

by the photodiode and is one of the objectives of this setup.

Table 5: Chemical composition of AA1050-H14 (wt%)

Material Si Fe Cu Mn Mg Cr Zn Ti Al

AA1050-H14 0.10 0.29 0.01 � 0.02 � 0.01 0.02 Balance

The wobbling pattern and power modulation was veri�ed to function correctly, the power reaching

its minimum intensity at the turning points of the wobbling pattern. This veri�cation was conducted

using a Fastcam Nova S9 high-speed camera from Photron, operating at its highest resolution of

1024 x 1024 pixels and a frame rate of 9,000 fps, equipped with a 1-megapixel CMOS image sensor.

However, the high-speed camera was not employed during the actual welding trials due to excessive

light contamination caused by the external illumination required for proper visualization during

recording.

Cleanliness was considered as a controlled boundary conditions, with specimens initially cleaned

with petroleum benzine, followed by acetone before experiments. The cleanliness measurement was

performed using an FRU measurement (SITA CleanoSpector, Dresden, Germany). The cleanliness

before the cleaning procedure was 48:6 � 6:1 RFU, while after cleaning, it was 30:5 � 2:2 RFU.

Cleanliness measurements were conducted before the DoE trials on 20 random points across the top

surface of the specimens, sampled from all specimens.
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4.1 Experimental setup & procedure

A �xed laser beam focus height is maintained to ensure consistency, where the focus were on top

surface of the specimens. The same position in the PFO is utilized across all experiments to maintain

a consistent incident angle, thereby ensuring identical conditions for the coaxial photodiode sensor.

The experiments were conducted at a PFO y-position of 25 mm, resulting in an actual inclination

angle of the PFO and f-theta lens of 3 degrees. The angle in the x-direction varies depending on

the welding path position, which must be considered, as the photodiode signal interprets process

illumination di�erently based on its position through the f-theta lens. Additionally, the angle

through the f-theta lens is important to account for due to chromatic aberration, which is an optical

distortion caused by di�erent wavelengths of light focusing at di�erent points. Environmental

factors, such as initial temperature and humidity, were not explicitly controlled. However, all

experiments were conducted on the same day to maintain consistent conditions. Additionally, all

experiments are conducted without interference from other experiments in between, minimizing the

risk of unforeseen changes in machine performance or environmental conditions. To mitigate bias,

all DoE experiments were conducted in a randomized order.

The �xturing used, see Figure X, is similar to the setup described in previous research, see ref [4]

�gure of �xturing, and specimen dimensions.

4.1.1 Boundary screening & Design of Experiment

Initially, a parameter screening, guided by both literature �ndings and exploratory tests, was carried

out to identify the most relevant PPs. From a semi-structured evaluation, Power and the BLW-

core ratio selected as the primary factors of interest. Given the lack of prior studies on multi-

spectral dynamics and the use of a multi-spectral photodiode, the BLW-core ratio was selected as a

key variable. Static beam shaping via BLW is known to stabilize laser welding processes, making it

suitable for defect investigations. To establish the process window for these parameters, test welds

were produced and classi�ed into three defect classes: LoF, Sound Weld, and Overpenetration. These

classes are de�ned as follows:

� LoF (Lack of Fusion): Occurs when the plates do not connect to each other at any point.

� SW (Sound Weld): Represents welds with fusion and no burnthrough.

� OP (Overpenetration): Occurs when the melt region is visible on the underside of the

lower plate.

The chosen welding path follows a sinusoidal pattern with a linear power modulation, reducing

power input at the turning points to minimize UC formation and the risk of burnthrough/OP. See

Figure 8 for the applied power modulation and welding path. All experiments were performed with

a constant feed-rate of vfr = 60 mm/s, a wobbling frequency of fw = 250 Hz, and a wobbling

amplitude of Aw = 1:5 mm.
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4.1 Experimental setup & procedure

Figure 8: Power modulated welding path

The penetration study spanned nearly the entire range of the selected PPs and was implemented

as a 5-level, 2-factor DoE. Yielding 25 experimental points. In this DoE, the BLW-core ratio varied

from 0 % to 100 %, while the laser power ranged from 1500 W to 5500 W, where the laser machine's

maximum output being 6000 W. This 5-level, 2-factor DoE, hereafter referred to as Dataset A, is

illustrated in the left of �gure 9 (a). Color-coded regions presents the welding defect classes, LoF,

SW, and OP. The DoE points are overlaid within these regions, with solid black markers for SW,

hollow red markers for LoF, and �lled red markers for OP.

In the second �gure (b), the same class colors remain the illustration of penetration class, and a

new DoE region are presented, speci�cally used for regression analysis of UC and classi�cation of

porosity, later re�ered as Dataset B. The selected region is chosen due to the results of the initial

DoE, and the BLW values being used in other research studies, from 50% to 80%. The power values

selected was based on the penetration level. Moreover, the window size of the selected DoE for

Dataset B was chosen to ensure the inclusion of di�erent quality measures, speci�cally porosity and

UC, while still largely covering regions classi�ed as SW.
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4.1 Experimental setup & procedure

Figure 9: Boundary screening and DoE points. (a) Class boundaries of LoF, Sound weld and
Overpenertation, (b) DoE points

For the boundary screening experiments, the PP were applied as shown in Table 6. The penetration

classi�cation of the weld was assessed by measuring and evaluating the length of each penetration

class. The results are presented in the table as a percentage of the total weld length, which also

corresponds to the length of the collected photodiode signal.
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4.1 Experimental setup & procedure

Table 6: Summary of Dataset A experiments with corresponding Process parameters and penetra-
tion classi�cation

Boundary

screening

experiment

Process parameters Penetration class

Power

[W]

BLW-core

ratio [%]

LoC

[%]

SW

[%]

OP

[%]

1 1500 0 100 0 0

2 1500 25 100 0 0

3 1500 50 100 0 0

4 1500 75 100 0 0

5 1500 100 100 0 0

6 2500 0 100 0 0

7 2500 25 100 0 0

8 2500 50 67 33 0

9 2500 75 17 83 0

10 2500 100 13 87 0

11 3500 0 100 0 0

12 3500 25 100 0 0

13 3500 50 7 93 0

14 3500 75 0 100 0

15 3500 100 0 33 67

16 4500 0 100 0 0

17 4500 25 13 87 0

18 4500 50 0 53 47

19 4500 75 0 18 82

20 4500 100 0 7 93

21 5500 0 13 87 0

22 5500 25 0 100 0

23 5500 50 0 17 83

24 5500 75 0 0 100

25 5500 100 0 0 100

During each experiment, the PPs remained constant, and leading to heat accumulation within the

specimen and a gradual increase in melt pool size along the weld. As a result, it is assumed that

regions with higher penetration occurred toward the end of the weld and were labeled accordingly.

The labeling was based on measured segment lengths for each penetration class. For OP, the length

of the burnthrough was measured directly from the underside. For LoF, the length of SW was

measured, at the interface and LoF was calculated as the complement, i.e., LoF = 1� SW length.

Table 7 presents the DoE points along with their corresponding PPs. All DoE experiments, for

both Dataset A and Dataset B, were conducted in randomized order to minimize the risk of bias.
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4.1 Experimental setup & procedure

Table 7: Summary of Dataset B experiments with corresponding process parameters

DoE Power BLW-core ratio

point [W] [%]

1 2500 50

2 3250 50

3 4000 50

4 2500 65

5 3250 65

6 4000 65

7 2500 80

8 3250 80

9 4000 80

4.1.2 Porosity and undercut analysis

The evaluation of porosity and undercut depth was performed using a post-process CT-scanning

procedure. The scanning was conducted with an EasyTom 3D CT system (RX Solutions). Image

acquisition was carried out at approximately 1900 di�erent angles, with an average of 12 images

captured per angle, resulting in a voxel size of 30�m.

Following acquisition, the reconstruction of the scans was performed using Xact software. Subse-

quent porosity analysis was conducted in VGStudio Max, where the porosity was measured for each

weld in Dataset B. For each weld, the coordinate system was translated to align with the start of the

weld seam, and the spatial positioning of each detected pore was exported as CSV �les to facilitate

the labelling procedure.

In �gure 10 an example of photodiode signal segmentation and alignment with pore formation

events. The �gure presents a top-view reconstructed CT scan of weld test DoE 7 (60mm, 1000ms

sinusoidal wobbling), with pores highlighted from the porosity analysis. Segments intersecting one

or more pore events are labeled as porosity class `1'. Pore formation timing is referenced to the

position along the weld track.
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4.1 Experimental setup & procedure

Figure 10: An example of sensor signal segmentation and its registration to pore formation events.
The �gure shows a top-view reconstructed CT-scan model (60 mm, 1000 ms sinusoidal wobbling
experiment), with pores highlighted from the porosity analysis. Segments containing at least one
pore event are labeled as porosity class '1'.

The same work�ow was applied to the determination of undercut depth. Approximately 60 mea-

surements of undercut depth were recorded along each weld, and both the measured depths and

corresponding positions were exported as CSV �les. To match the segmentation of the photodiode

data, linear interpolation was employed between each measurement point, enabling the estimation

of undercut depth values at the time-based segment length of 4ms.

Followed by the post-process CT-scan, the specimens were examined using metallographic inves-

tigation to verify the CT-scanning as a weld characterization technique. The welds from dataset

B were investigated by sectioning normal to the feed-rate direction at 15mm, 30mm, and 45mm

along the weld seam to analyze the undercut depth.

The metallographic preparation was conducted using Struers® equipment: Discotom-100 for cut-

ting, CitoPress-30 for mounting specimens, and Tegramin-30 for grinding and polishing. The prepa-

ration procedure consisted of the following steps: grinding with SiC foil #220 for 90 s, polishing

with MD-Largo and 9�m suspension for 240 s, MD-Mol and 3�m suspension for 300 s, and MD-Nap

and 1�m suspension for 120 s, followed by etching in sodium hydroxide for x seconds. Imaging was

conducted using an optical microscope (Zeiss Stemi 2000-C).

Figure 16 illustrating a comparison of UC taken from CT-scan reconstruction and Metallograpic

inspection. In the provided example the UC was measuerd for DoE test 8. with process parameters

of P = 3:25 kW and BLW-core ratio of 80%, and the measurement was taken 45 mm from start of

the weld. The measured UC for the metallograpic inspection was 171 um, and 162 um from the

reconstructed CT-scan.

Figure 11 presents a metallographic cross-section of the DoE 8 weld taken 45 mm from the start of

the weld-seam. The micrograph reveals two distinct porosity modes: spherical gas pores distributed
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4.1 Experimental setup & procedure

within the weld metal and planar interface porosity along the interface. The UC depth at this

location was measured to be 171 �m.

Figure 11: Metallographic inspection of DoE 8, 45 mm from the start of the weld-seam. Presenting
the UC depth.

Figure 12 shows the time-resolved UC depth pro�les for three representative DoE points (1, 5, and 9)

from Dataset B, reconstructed from CT scans. Each pro�le spans the full 1000 ms welding duration

(60 mm seam), with UC depth in �m on the vertical axis. At the lowest process settings (DoE 1),

UC remains minimal (<100 �m) and the pro�le is nearly �at, indicating stable weld formation. At

intermediate settings (DoE 5), moderate UCs (�50�150 �m) appear. Under the highest energy and
intensity (DoE 9), UC reaches its maximum (up to �400 �m). These pro�les demonstrate how PPs

govern the magnitude of UC formation along the weld seam. The UC depths measured from the

CT-scan data were used to label the corresponding time-series segments, with linear interpolation

applied between the sampled points.
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4.2 Photodiode signal acquisition

Figure 12: Measured UC depth versus time for three DoE experiments (points 1, 5, and 9) from
Dataset B, extracted from CT-scan reconstructions. The x-axis spans the full weld duration (0�1000
ms, corresponding to a 60 mm seam) and the y-axis shows UC depth in �m.

4.2 Photodiode signal acquisition

As for the signal acquisition of the photodiode, the system utilized six diodes operating at a high

acquisition rate of maximum 100 kHz, 100 kHz is used in this study. This includes four photodiodes

positioned di�erently, collecting backre�ections and one combined VIS and one combined NIR

photodiode. In the following, the signals are referred to as the backre�ection (SR), visible (SVIS),
and near-infrared (SNIR) signals. The SR photodiodes were sensitive to wavelengths between 900 to

1100 nm, including laser irradiation of 1030 nm (representing the backre�ection of the laser beam),

as well as wavelength bands ranging from 353 nm to 900 nm (visible) and 1100 nm to 1700 nm

(near-infrared) of the electromagnetic spectrum.

Additionally, the photodiode system incorporates separated VIS and NIR sensors, utilizing di�rac-

tion to split these signals into 16 di�erent wavelengths each, covering the range from 353 nm to

1850 nm with a total of 32 individual spectral bands. These 32 channels has a maximum sampling

rate of 6 kHz, but were sampled at a rate of 5 kHz in this study, ensuring easy synchronization

with both the wobbling frequency and high-speed acquisitions. To prevent information loss between

integration times, the sensor employs a double sensing and integration technique. The integration

times are 200 �s and 10 �s, corresponding to the aforementioned sampling frequencies. The signal

was triggered using one of the backre�ection signals and included a pre-weld signal expansion of

1000 samples at the lower acquisition rate to ensure no data was lost before the welding process.

This pre-trigger data was later length adjusted and removed with number of samples corresponding

to prior trigger length. Similarly, the sampling duration was recorded 50 ms longer than the weld

time to allow post-weld adjustments. The photodiode sensor is equipped with a Neutral Density

Filter with 1% transmission level, uniformly reducing the signal while maintaining the same color

distribution. This con�guration ensures that no channels reach their maximum signal capacity,

thereby preventing any loss of information.
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4.3 Implementation and validation DL model

The segment length was determined to be one period of the oscillation and power modulation

frequency to ensure comparability between segments. And the overlap of segments was set to 55%

in the labeling procedure explained in next section. In this study, the two half-period oscillations

were considered, corresponding to 4ms
�

1
fw

�
, where fw is 250 Hz.

4.3 Implementation and validation DL model

Training the models took between 3700 to XXXX seconds on an Intel® Core i7-6700HQ @ 2.60GHz

(4 cores, 8 threads).

Table 8: Model preparation and training, Classi�cation of LoC, SW and OP � Dataset A

Data Model & Training

Modal
Sampling &

Channels

Data

Preparation

Training

Parameters
Hyperparameters

Layers, Filters

& Neurons

Modal

A

32 wavelengths,

at 5 kHz

Segment time:

4 ms

Segment length:

20 timestamps

Overlap: 55%

End LR: 2.5e-06

Epochs: 67

Batch Size: 64

Kernel Size: [1,2]

Initial LR: 2e-05

Dropout: 0.05

Weight Init:

HeNormal

3 ConvLSTM2D layers �

(�lters: 32, 64, 128)

1 Flatten layer

2 Dense layers �

(8 and 3 neurons)

Modal

B

6 channels,

at 100 kHz

Segment time:

4 ms

Segment length:

400 timestamps

Overlap: 55%

End LR: 2.5e-06

Epochs: ?

Batch Size: 32

Kernel Size: [1,2]

Initial LR: 5e-05

Dropout: 0.05

Weight Init:

HeNormal

3 ConvLSTM2D layers �

(�lters: 16, 32, 64)

1 Flatten layer

2 Dense layers �

(16 and 3 neurons)

��������

Table 9: Model preparation and training, Regression of Undercut � Dataset B

Data Model & Training

Modal
Sampling &

Channels

Data

Preparation

Training

Parameters
Hyperparameters

Layers, Filters

& Neurons

Modal

A

32 wavelengths,

at 5 kHz

Segment time:

4 ms

Segment length:

20 timestamps

Overlap: 55%

End LR: ??6.25e-07

Epochs: 54

Batch Size: 64

Kernel Size: [1,2]

Initial LR: 2e-05

Dropout: 0.05

Recurrent Dropout: 0.05

Weight Init:

HeNormal

3 ConvLSTM2D layers �

(�lters: 32, 64, 128)

1 Flatten layer

2 Dense layers �

(8 and 1 neurons)

Modal

B

6 channels,

at 100 kHz

Segment time:

4 ms

Segment length:

400 timestamps

Overlap: 55%

End LR: 7.5e-06

Epochs: 100

Batch Size: 128

Kernel Size: [1,4]

Initial LR: 2e-05

Dropout: 0.05

Recurrent Dropout: 0.05

Weight Init:

HeNormal

4 ConvLSTM2D layers �

(�lters: 16, 32, 64, 128)

1 Flatten layer

2 Dense layers �

(8 and 1 neurons)
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Table 10: Model preparation and training, Classi�cation of Porosity � Dataset B

Data Model & Training

Modal
Sampling &

Channels

Data

Preparation

Training

Parameters
Hyperparameters

Layers, Filters

& Neurons

Modal

A

32 wavelengths,

at 5 kHz

Segment time:

4 ms

Segment length:

20 timestamps

Overlap: 55%

End LR: 7.5e-05

Epochs: 55

Batch Size: 128

Kernel Size: [1,2]

Initial LR: 3e-04

Dropout: 0.05

Weight Init:

HeNormal

4 ConvLSTM2D layers �

(�lters: 64, 128, 256)

1 Flatten layer

1 Dense layers �

(32 neurons)

Modal

B

6 channels,

at 100 kHz

Segment time:

4 ms

Segment length:

400 timestamps

Overlap: 55%

End LR: 8.5e-05

Epochs: 10

Batch Size: 64

Kernel Size: [1,3]

Initial LR: 1e-03

Dropout: 0.25

Weight Init:

HeNormal

4 ConvLSTM2D layers �

(�lters: 64, 128, 256, 512)

1 Flatten layer

1 Dense layers �

(32 neurons)

5 Results

5.1 Photodiode signal response on various process parameters

Figure 13 presents representative spectral signals for three process settings, and di�erent penetration

class, visualized over a 95�110 ms window. Each subplot corresponds to one experiment: (a)

P = 4:5 kW, BLW-core 0 % (LoF class), (b) P = 4:5 kW, BLW-core 25 % (SW class), (c) P = 5:5 kW,

BLW-core 75 % (OP class). The y-axis shows collected photodiode intensity for each wavelength

channel, and the x-axis is time in milliseconds. Although one might expect higher penetration (SW,

OP) to always yield stronger signals, the data reveal a more nuanced picture. In signal subplot

(b), there is a clear intensity increase in the 400�500 nm range. Both (b) and (c) show elevated

long-wavelength signals, indicating higher thermal emission, compared to (a). This demonstrates

that BLW-core ratio and laser power shows both synergistic and opposing e�ects on the spectral

response. It is apparent that traditional methods of implementing lower and upper boundaries in

the signal are insu�cient for this application. Consequently, static upper and lower bounds on

single-channel signals are insu�cient, when both beam shaping and power vary. This also applies

for the more traditional approach of the high sampling rate, refereed as Modal B in this study,

underscoring need for a more complex model for the defect prediction.
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5.1 Photodiode signal response on various process parameters

Figure 13: Penetration depth classi�cation signal examples

In �gure 14 (a), a wavelength intensity plot is presented. The �gure is presenting intensity variations

across the multiple wavelengths for experimental conditions. Subplot (a) illustrates the e�ect of

varying the BLW-core ratio using experiments with �xed laser power of 3 kW, and increasing BLW

ratio represented by progressively darker yellow tones. Subplot (b) illustrates the in�uence of

di�erent laser power on the spectral response, utilizing experiments with increasing power levels

and �xed BLW-ratio of 50%, represented by varying shades of blue. The signal increases with a

rising BLW-core ratio, presumably due to enhanced plasma formation. A pronounced peak appears

around 400 nm, encompassing neutral aluminum vapor (394 and 396 nm), AlO (blue-green system),

ionized oxygen (O II at 465 and 484 nm), and laser-induced vaporization of Al2O3. Another peak is

present near 750 nm, corresponding to neutral aluminum vapor (670 nm), the AlO red system (600�

700 nm), and neutral oxygen (O I) triplet lines around 777 nm. Between 1000 nm and 1800 nm,

an overall rise in emission occurs, indicative of increased blackbody radiation. A similar spectral

footprint is seen in Figure 14 (b), where increasing laser power (while keeping the BLW-core ratio

�xed) produces comparable trends.
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5.1 Photodiode signal response on various process parameters

Figure 14: Multi-wavelength intensity pro�les using experiments from Dataset A, with varying
BLW-core ratio and laser power, illustrating process spectral change for di�erent PPs. (a) varying
BLW-core ratio between 0 % to 100 % at �xed laser power P = 3:5 kW. (b) Variation of laser power
between 1.5 kW to 5.5 kW, with a �xed BLW-ratio of 50%

Furthermore, �gure 14 (a) reveals how the emission peaks evolve as the BLW-core ratio increases.

The 750 nm peak grows, whereas the intensity around 400 nm is at is highes for a BLW of 50 %

and is again reduced at higher BLW ratios, likely due to reduced plasma formation from native

aluminum oxide and the increase in energy-concentration of the laser, increasing the energy states

associated with aluminum excitations. The peaks indicates di�erent amount of light emitted from

the di�erent wavelengths ranges, inticating a change between Al2O3 and AlO.

Figure 15 This �gure presents the normalized intensity variations across multiple wavelengths for

di�erent experimental conditions. Normalization is performed to improve neural-network training

convergence. Each scatter point represents the mean intensity value at a speci�c wavelength, high-

lighting the spectral characteristics of di�erent process parameters. In subplot (a) with varying BLW

ratios, it can be observed an increase in intensity for wavelengths at the edges, short-wavelength

end (< 400 nm) and long-wavelength tail (> 1800 nm). There is also a peak arond 1000 nm,

near the laser wavelength (1030 nm) of, probably due to increased backre�ections with reduced

kehole/meltpool formation. In subplot (b) we can observe a similar trend for the wavelengths. It

can be observed a change in spectral slope of intensity for low intensity experiments between the

wavelengths from 400 to 700 nm, high-power runs show a positive trend, whereas low-power experi-

ments show a negative trend in normalized intensity. This complex, wavelength-dependent behavior
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5.2 Validation of CT-scanning as a weld quality evaluation method

demonstrates the added insight gained when per-channel normalization is applied.

Figure 15: Normalized multi-wavelength intensity pro�les using experiments from Dataset A. Sub-
plot (a) illustrates the e�ect of varying the BLW core ratio, with varying BLW-core ratio between
0 % to 100 %, with increasing BLW ratio represented by progressively darker yellow tones. Subplot
(b) depicts the in�uence of laser power on the spectral response, utilizing experiments with varying
laser power, from 1.5 kW to 5.5 kW, with increasing power levels represented by varying shades of
blue.

5.2 Validation of CT-scanning as a weld quality evaluation method

All DoE samples from Dataset B were scanned using the CT-scanner described in Chapter X

(Method). Each of the nine welds was sectioned and ground/polished at three distinct positions

along the weld seam, 15, 30, and 45mm from the weld start, also detailed in the same chapter.

Figure 16 compares UC measurements obtained by metallographic inspection (a) and CT-scan

reconstruction (b) for DoE test 8, performed at P = 3:25 kW with an 80 % BLW-core ratio. Mea-

surements were taken 45 mm from the start of the weld seam. The metallographic cross-section

yielded a UC depth of 171 µm, and the CT-scan reconstruction measurement returned 162 µm.
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5.3 Performance of the defect predictions models

(a) (b)

Figure 16: Comparison of UC depth for DoE 8 at 45 mm into the weld (process settings: P =
3:25 kW and BLW-core ratio of 80%): (a) Metallographic inspection; (b) CT-scan reconstruction.

In total, 27 cross-sections (9 DoE welds � positions: 15, 30, and 45 mm from the weld start) were

examined. CT-scan reconstruction was considered a reliable, nondestructive method for quantify-

ing UC depth in this study, with the measurement di�erence from the metallographic inspection

averaging 10� 27µm.

5.3 Performance of the defect predictions models

This section evaluate the performance of the defect prediction models. Beginning with the penetra-

tion classi�cation model, proceed to the UC depth regression model, and conclude with the porosity

presence detection model. See chapter 4, Method for model implementation.

Table 11 presents the classi�cation performance of the best ConvLSTM models on Dataset A's

penetration classes (LoF, SW, OP). The best found model using Modal A, converged in 33 min,

compared to 150 min for Modal B, achieving an MSE of 0.100, an accuracy and precision of 96.0

%, and both recall and F1�score of 95.9 %. Modal B, by comparison, required 150 min to train

and yielded an MSE of 0.152, accuracy and precision of 94.4 %, recall of 94.4 %, and an F1�score

of 92.9 %.

Table 11: Model performance for classi�cation of LoC, SW and OP � Dataset A

Modality
Training

time [min]

Loss

(MSE)
Accuracy Precision Recall F1-score

ConvLSTM - Modal A 33 0.100 0.960 0.960 0.959 0.959

ConvLSTM - Modal B 150 0.152 0.944 0.944 0.944 0.929
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5.3 Performance of the defect predictions models

While Modal B still delivers acceptable classi�cation results, Modal A provides faster training and

higher predictive performance. The predictive performance of the ConvLSTM model using Modal

A is exempli�ed in �gure 17. Two representative welds, one at P = 2:5 kW with a 75 % BLW-core

ratio (a) and one at P = 5:0 kW with a 50 % BLW-core ratio (b), are shown with their actual versus

predicted penetration classes. This comparison highlights the model's ability to distinguish LoF,

SW, and OP regions under di�erent PP conditions. Misclassi�cations in the examples occur at the

boundaries between these classes, which might be expected due to the gradual transition in welding

behavior.

In weld example illustrated in (b), some weld segments are predicted as LoF even though the

ground-truth labels are SW. However, this apparent misclassi�cation may actually be more close

to the ground truth. During the initial welding oscillations the keyhole has not yet fully formed,

and high amount of backre�ections is observed, so full penetration, and thus an SW label, is not

physically realized until later. Since the manual labeling procedure did not account for these start-up

transients, early weld frames can be better described as LoF, explaining why the model's predictions

might actually appear more accurate than the static labels suggest.

(a) (b)

Figure 17: Penetration class prediction for two process-parameter settings:(a) example weld at
P = 2:5 kW and BLW-core ratio of 75%, showing predicted vs. actual classes;(b) example weld at
P = 5:0 kW and BLW-core ratio of 50%, showing predicted vs. actual classes.

The performance of the penetration class model is shown in Figure 18. In (a) the training and

validation curves plot categorical cross-entropy loss over epochs, demonstrating rapid convergence

with no signs of over�tting. The validation loss reaches 0.100 after 67 epochs. In (b), the normalized

confusion matrix, on the test set is presented, where the model attains its highest accuracy on the

LoF class (0.99), compared to 0.81 for SW and 0.88 for OP. These results presents both the training

process and the model's ability to distinguish between the three defect classes.
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5.3 Performance of the defect predictions models

(a) (b)

Figure 18: Model performance of penetration classi�cation for the ConvLSTM model - Modal A:(a)
Training and validation curves, showing categorical cross-entropy loss across epochs;(b) Normalized
confusion matrix on the test set, illustrating accuracy for LoF, SW, and OP classes

Table 12 summarizes the performance of the best UC ConvLSTM models. The model using Modal

A achieved an R2 of 0.846, where values above 0.70 are generally considered indicating a strong

correlation. Compared to 0.518 for Modal B. In terms of accuracy, Modal A yielded a MAE of 27.2

�m, versus 42.3 �m for Modal B, representing a 36 % reduction in MAE. The MSE dropped from

0.0038 mm2 to 0.0012 mm2. Modal A also trained faster, 27 min instead of 171 min. It should be

noted that prediction errors below the MAE level (� 27�m) are unlikely to be reliably captured,

indicating the model's limitations in estimating small UCs.

Table 12: Model performance for regression of undercut - Dataset B

Modality
Training

time [min]

Loss (MAE)

[mm]

MSE

[mm 2 ]

R 2

[-]

ConvLSTM - Modal A 27 0.0272 0.0012 0.846

ConvLSTM - Modal B 171 0.0423 0.0038 0.518

In �gure 19 ... something
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5.3 Performance of the defect predictions models

(a) (b)

Figure 19: Model performance of undercut prediction for the ConvLSTM model - Modal A:(a)
Training and validation curves, showing mean absolute error (MAE) loss across epochs; (b) Scatter
plot of true vs predicted undercut depths for representative segments from the validation set

Figure 20 presents the UC prediction plot for the full length of DoE 9. It shows the predicted

UC depth alongside the labeled UC values, along with a moving average over 20 segments (MA20)

included. While the raw predictions exhibit considerable �uctuation, the MA20 curve demonstrates

good agreement with the labeled UC. Worth re�ecting over is that relatively high �uctuations are

also observed in the labeled UC depth, likely re�ecting inherent variability in the welding process

that the model struggles to fully capture.

Figure 20: Undercut depth prediction example, DoE 9. (process parameters: P: 4.0 kW and BLW-
core: 80%)
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Classi�cation of Porosity � Dataset B is presented in table 13

Table 13: Model performance: Classi�cation of Porosity � Dataset B

Modality
Training

time [min]

Loss

(MSE)
Accuracy Precision Recall F1-score

ConvLSTM - Modal A 29 0.324 0.845 0.627 0.722 0.472

ConvLSTM - Modal B 48 0.479 0.821 0.599 0.599 0.374

6 Discussion

This section covers discussion of the work, it is devided into chaperters of experimental setup, and

overall results. It also covers a sustainability discussion.

6.1 Experimental setup

In the performed experiments, a partially telecentric PFO was used, causing the incoming process

light to be a�ected di�erently depending on its wavelength due to dispersion in the multiple lenses.

This e�ect is known as chromatic aberration, an optical phenomenon in which the lens fails to focus

all wavelengths of light onto the same point (photodiode). The backre�ections occur at the same

wavelength, so they are not a�ected di�erently.

According to the literature review, feature engineering shows great potential in order to predict de-

fects while simultaneously, the ConvLSTM also shows great potential without any FE. Dimension-

ality reduction, arent needed since ale features already are generated by the single sensor approach,

but could bene�t the computational times, but would also mean times for calculate and performe

the diminsionality reduction. The litterature rewiw also showed that in-situ X-ray could give hihg

quality labled data for porosities compared to the post-process X-ray methodology conducted for

this study.

6.2 Results

Seen in �gure 14, a change in power results in a change in intensity of all wavelengths, (meanwhile a

reduction in BLW-core ratio results in a increase of intensity for most wavelengths, but importantly,

also a change in intensity �footprint�.) While a reduction in BLW still gives high intensity values

even though the penetration is reduced there is a challenge in predicting the penetration level. The

reduction in BLW-core ratio still gives high plasma emissions. But since the change in footprint is

present, it is possible to predict the penetration level. It is obvious that for predicting penetration

levels while changing BLW-core ratio traditional methods such as setting average boundary levels is

not su�cient for a change in BLW-ratio. A more complex approach is needed, such as a DL model

for prediction.
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6.3 Sustainability

6.2.1 DL model

The ConvLSTM needs to be compared towards other DL approaches in order to say whether it is

a better approach or not, but the ConvLSTM shows promising results in predicting all the studied

quality metrics. If other DL approaches will perform better is saved for future work.

6.3 Sustainability

In addressing sustainability, it is crucial to consider social, economic, and environmental aspects.

Johan Rockström introduced the concept of Planetary Boundaries (PBs) in 2009, which has signif-

icantly in�uenced our understanding of sustainability. His later research emphasizes the need for

a transformative approach in economics, philosophy, and social sciences to reconnect the human

world with the living biosphere [61]. This transformation incorporates systems thinking, viewing

the system as a whole, mentioning concepst as the Gaia theory and steady-state-economics.

Considering economical aspects, companies implementing IWS recognize the economical bene�ts,

in less waste, a reliable process, which also yield environmental advantages. Some social aspect

in such a process minimizes the human exposure to poisonous gases from the welding process,

though it raises concerns about potential job loss. Moreover, material inside cells (nickel and

cobalt), mined in countries such as Indonesia and Democratic Republic of the Congo (DRC) and

other countries has di�rent rules, and the risk of child labour and hazardous conditions is crucial.

Electrical transformation, while crucial for reducing carbon footprints and enhancing environmental

sustainability, and contributes to SDG9, including sustainable transport, addresses only a portion

of broader sustainability challenges de�ned in the BCs.

Laser welding, a process that permanently joins materials together, limiting their subsequent sep-

aration. The joining process gives no waste in the speci�c joining process and does not require

additional materials, compared to more traditional welding methods.

Although, laser welding achieves high production e�ciency, with small melt regions, the energy

absorption between the laser light and aluminum is quite low [ref]. In comparison, Electron Beam

Welding (EBW) o�ers an alternative but require a vaccum chamber in order to prevent electron

absorption by the air.

Additionally, there is energy loss between the laser machine and the emitted laser light, including

the energy required to cool the system and electronics control.

Something that is a hot topic of research at this moment is recycled aluminum, an for processes like

cell-to-busbar welding, could utilize recycled aluminum, and also be sent to a recycling center after

product lifetime cycle it would contribute signi�cantly to sustainability aspects such as material

reuse. The aspect of using same type of material in both terminal and busbar makes the recycling

more easy, but also arises potential new questions.
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The fact that we use coal power in order to mine minerals essential in the electrical transformation

present a contradiction in our sustainable e�orts. Additionally, the establishment of these mines

often leads to the destruction of biodiversity.To truly achieve sustainable transformation, the entire

supply chain, from mineral extraction to �nal disposal, must be sustainable. It is also crucial that

we develop methods to make batteries reusable or recyclable.

7 Conclusions

The study provides an insight into the changes in spectral footprint associated with changes of the

process parameters, laser power and BLW-core ratio (a static beam shaping method, that adjusts

the intensity distribution of the TEM10* mode), where an increase in laser power leads to a general

increase in signal intensity for all measured wavelengths. A change in BLW-ratio not only a�ect

the overall intensity, due to the change in laser absorption, but also the ratio distribution between

wavelengths around 400 nm and 700 nm. These spectral shifts are potentially linked to changes in

excitation state of the aluminum vapor, how aluminum atoms emit light as they return to lower

energy levels. And also the due to a change of vaporization of the native aluminum oxide layer.

The multi-spectral approach shows promising results in predicting all the studied quality metrics,

penetration class, undercut and porosity. A model trained on data using di�erent shielding gas

might also be able to detect di�erent footprints for presense of shielding gas since the interaction

with oxygen will reduce. A detection of a di�erent footprint for other types of materials will also

be detecteble using the DL multi-spectral approach.

The multi-spectral approach shows promising results in predicting all studied quality metrics, pen-

etration class, undercut, and porosity. A model trained on data with varying shielding gas condi-

tions may also be capable of identifying spectral di�erences related to shielding gas presence, as

oxygen interaction is reduced, and therby the plasma formation. Additionally, the deep learning

multi-spectral approach would probably have the potential to detect distinct spectral footprints

associated with di�erent material types.

8 Future work

Expanding the current study could be including a variety of other materials and thicknesses, used

in cell-to-busbar laser welding, which would enhance the applicability of the developed approach.

Additionally, extend with other laser welding processes within the electri�cation transformation,

such as battery-casing welding or hairpin welding of electrical motors, would broaden the scope of

the research. A sustainability aspect could be investigating the integration of recycled aluminium

into the welding process. Aligning with the sustainability goals, mentioned in chapter 6.3, by

reducing waste and promoting the reuse of materials.
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To further develop the IWS, would be to further extend identi�cation of more welding defects like

spatters or cracks etc. Further exploration more process parameters such as, feed-rate, various

wobbling patterns, wobbling frequency and other power modulation strategies. Moreover, equally

important, investigate process boundary conditions such as gap, cleanliness or defocus.

Enhancing model quality metrics, by comparing di�erent neural network architectures like GRU

or simple LSTM, for better performance. Applying data preparation techniques such as feature

engineering, padding and other adjustments could re�ne the input data quality, leading to more

reliable predictions.

And �nally, develop a closed-lop system, being able to control the process, by dynamically adjusts

the welding parameters based on its real-time defect predictions, similar to the work performed by

[62],[63]. Merely predicting defects is not su�cient for substantial improvement. It is the integration

of a closed-loop control system that enables the e�ective utilization of those predictions.
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