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Abstract. Industry 4.0 and the digitalization of the manufacturing processes have
brought new opportunities and strategies for process control and optimization.
Friction Stir Welding is becoming a relevant manufacturing technology for several
applications, among them the aerospace sector. This work presents the first data
analysis and characterization of the Friction Stir Welding process of the Pre-Final
Assembly Line of the new Ariane 6 launcher. Process monitoring data is captured
and analyzed to provide predictive quality solutions for improving manufacturing
key performance indicators and bring smart manufacturing and Industry 4.0
digitalization into the aerospace manufacturing sector. The results show promising
performance for abnormal behavior detection, leveraging on a tailored data
manipulation approach for this unique use case.
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1. Introduction

The proliferation of digitalization in manufacturing processes, fostered by Industry 4.0,
has brought a new set of functionalities [1] with the potential to transform production by
reinventing the monitorization, control and optimization of the whole system[2]. This
new scenario is characterized by larger amounts of process data. Thus, data-driven
solutions can provide major benefits in complex manufacturing processes [3-4].

As part of the H2020 SESAME project?, the Friction Stir Welding (FSW)
station of Pre-Final Assembly Line of the new Ariane 6 launcher is monitored. FSW [5]
is raising as a key manufacturing technology in different high added value sectors.
Emerging research is being carried out to characterize and understand the importance of
the process parameters of the FSW process by means of Machine Learning (ML)
approaches[5-6]. SESAME use case goes one step further due to the quality excellence
required for the aerospace industry. Data-driven methods that ensure continuous quality
estimation at each step of the process will bring the aerospace industry into the digital
manufacturing paradigm, with a focus on the production Key Performance Indicators. In
this scenario, process monitoring strategies that build upon ML can be applied to ensure
quality estimation and zero-defect propagation along the assembly line. In this document,
a preliminary analysis of the first experimental weldings is presented, as well as the
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convenience of the feature engineering layers to detect anomalies in the data that can be
related to non-quality in the welded part.

2. Experimental Data

The Ariane 6 Pre-Final Assembly Line (P-FAL) is composed of two FSW stations, in
charge of the longitudinal and circular weldings of the panels of the tanks. In this work,
data from two different production batches of the circular station is presented. For each
welding test, the evolution of 56 process variables is recorded. Different magnitudes are
gathered for the different axis and subsystems of the welding station, presenting a
diverging behaviour needed to be considered. The data analyzed is part of a preliminary
study to find the optimal functioning point of the FSW stations. In the future, weldings
will be performed with stable parameters and will enable further quality analysis.

3. Data segmentation: Regions of Interest

The principal strategy to tune ML models to estimate the quality and performance of the
welding is to segment the data gathered into representative sections that can be then
compared. Due to the high complexity of the assembly line, it is difficult to relate the
dataset to a specific section or point in the welded part.. We propose to segment the
welding into representative parts, following the structure of the circular FSW station.
Identifying this sections will enable comparisions between different experiments and
sections, while building a feature engineering layer to define a common ground. The
Tool Holder Temperature parameter (Figure 1) shows a pattern that allows identifying
16 sections, based on temperature spikes produced during the welding process.

Samples

Figure 1. Welding dataset segmentation based on the Tool Holder Temperature behaviour.

4. Feature Engineering

To compare different experiments and different sections of the experiment, as they all
differ in time duration and samples, equivalent variables must be set. To define a
common ground and establish a fair comparison, the following set of features are
proposed to capture the relevant information of each process parameter: min value, max
value, mean value, standard deviation, number of samples, max value of the first order
derivate, the two highest Power Spectral Density[7] and their corresponding frequencies.
Comparing the proposed features for different experimental datasets and sections will
allow identifying abnormal behaviors that can impact the welding quality. Figure 2
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shows features values for the Spindle Temperature as a function of the section (x-axis)

and the dataset file (colour). The different behaviour of section 11 can be observed.
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Figure 2. Example of features evolution for the Spindle Temperature parameter during the welding tests.

5. Complexity reduction and cross decomposition

Complexity reduction algorithms, such as Principal Component Analysis (PCA)[8],
transform the problem by decreasing the data dimensionality, making the system more
understandable for the process expert and encouraging their collaboration with ML
systems.To compare different segments of the welding, a PCA projection is applied to
the features. This analysis will help to identify clusters and abnormal behaviors. The
presented results evaluate the different behavior of a given parameter among the 13
experiments and the 16 welding sections.
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Figure 3. a) 3-PCA projection for the Tool Holder Temperature targeting welding sections. b) 3-PCA
projection for the Force in X1 axis targeting experiments.

Figure 3a) presents the projection on the PCA space defined by sections for the Tool
Holder Temperature, where the three components explain the 86,96% of data variance.
It shows a clear cluster formed by section 11. This cluster is related to the lower
temperature values that can be observed in Figure 1. However, one of the experiments
behaves abnormally in section 11, as pointed by the green arrow. This abnormal behavior
can affect the quality of the welding and provides valuable insight to the process expert
to drive their quality inspection strategy of the welded tank. In Figure 3b) the three-
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component projection of the features of the Force in the X-axis can be seen. The selected
components explain 83,45% of the information. Each color corresponds to a different
welding and each dot a distinct section. Each weld creates separated clusters, indicating
a strong dependency on the experiment. In addition, several outliers can be identified,
most of them with higher values of the first and second principal components.

6. Discussion, conclusions and next steps

This paper presents the first results of the H2020 SESAME project regarding the data-
driven predictive quality modules for the novel Friction Stir Welding station of the P-
FAL of Ariane 6 launcher. A first analysis of the experimental data is described, focusing
on the data preparation layer that will enable the future developments of the predictive
quality modules. A feature engineering layer where several new features are created is
introduced as well as a strategy for regions of interest segmentation that will allow the
comparison of particular experiments and sections. The preliminary results already show
the feasibility to identify abnormal behaviors in the welding process. Next steps will
consider the correlation of the presented feature engineering strategy with the destructive
inspection quality data, to feed supervised ML solutions: a classifier to determine the
type of defect present in the welding and a regressor to estimate the severity of the defect.
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