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Abstract

Butt-welded joints are common in many industries. The fatigue behavior of such joints depends on numerous factors, e.g. load
level, local weld geometry, or parent material strength. To make things worse, these factors often interact, yet mutual influence can
hardly be quantified by multivariate studies, i.e. varying one factor at a time out of many factors, due to the large number of required
tests and the statistical nature of weld geometry. Consequently, fatigue assessment of such joints often deviates significantly
between prediction and experimental result.

Thus, alternative methods are desirable in order to take various influencing factors into account. To this end, machine learning
techniques were used to predict failure locations and number of cycles to failure of fatigue tests performed on small-scale butt-
welded joint specimens. In addition to accurate predictions, an understanding of importance and mutual influence of the factors is
desired, e.g. a ranking of the most important factors; however, capturing the influence of several possibly interacting factors usually
requires complex nonlinear machine learning models. We used gradient boosted trees. Since these are black box models, the
SHapley Additive exPlanations (SHAP) framework was used to explain the predictions, i.e. identify influential features and their
interactions. Lastly, the model explanations are linked back to domain knowledge.
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1. Introduction

Fatigue strength of welded joints is influenced by numerous factors. These are related to the magnitude of loading,
geometric features of the welded connection, material properties, and environmental effects. To add to this complexity,
these factors often interact but this interaction is difficult to quantify. The reason is that experimental investigations of
all influential factors, i.e. varying one factor at a time out of many factors, due to the large number of required tests
and the statistical nature of weld geometry. Consequently, fatigue assessment, e.g. lifetime prediction, often deviates
significantly between model and experiment.

At the same time, with the progress in measuring technologies and condition monitoring, the amount and types of
available data increases, e.g. 3D scans of weld geometry. Recently, it was found that a weld geometry measurement
every 0.8 mm is required to accurately describe the geometry parameters along seam welds (Renken et al. 2021). Finite
element simulations can make use of such data, e.g. through exactly replicating weld geometry. Yet replicating long
seam welds is computationally too demanding to be feasible for a high number of analyses.

In short, there is a lack of multivariate studies and a high number of influential factors, which furthermore only
increases through new measuring technologies. Consequently, FEM or classic statistical tools struggle to tackle this
complexity. Alternatively, machine learning (ML) techniques can quickly process multivariate data, e.g. during in-
production or weld quality assessments; however, such techniques need to be verified in case studies first. This study
presents an application of ML techniques to analyze a large number of fatigue tests performed on small-scale butt-
welded joint specimens. Additionally, the SHapley Additive exPlanations (SHAP) framework was applied to assess
the mutual influence of the various influencing factors and to rank these factors by impact. Lastly, the explanations of
the ML model results are linked back to structural mechanics domain knowledge.

Nomenclature

ACC Accuracy

FAT Fatigue design class

GMAW, FCAW, SAW  Gas-metal, flux-cored, and submerged arc welding

MAE Mean absolute error

MCC Matthews correlation coefficient

ML Machine learning

RMSE Root-mean-square error

SHAP SHapley Additive exPlanations

WR, WT Weld root and weld toe

XAI eXplainable Al

t,t;, t, Thickness, left, and right thickness

b Width of specimen

k Inverse slope exponent of a stress-life curve

Oys,Left> OYS Right Left and right yield strength

e Axial misalignment

@ Angular misalignment

N Number of cycles to failure

Fy, Fnax Force amplitude and maximum force

Oa> Omaxs> AOnom Stress amplitude, maximum stress, and nominal stress range
R Stress ratio

T Temperature

Wy, Wy Width top and bottom side

Hr, Hg Height top and bottom side

rrL> TTR> VBL> TBR Weld toe radius: top left, top right, bottom left, bottom right
arL, AR, AL, ABR Notch angle: top left, top right, bottom left, bottom right
Urr, Urg, UpL, UBR Undercut depth: top left, top right, bottom left, bottom right
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2. Methods
2.1. Machine learning models

The features we used are expected to exhibit various nonlinear interactions. Furthermore, the data contains missing
or unusable values. This can make the use of classic statistical tools difficult, whereas machine learning (ML) models
are particularly useful under such circumstances (Larranaga et al. 2006). Hence, as an alternative to classic statistical
tools, ML approaches are used to predict fracture location and lifetime of welded specimens.

As ML models, gradient boosted trees were used since the data is tabular and tree-based algorithms perform well
on this type and size of data (Klambauer et al. 2017; Lundberg et al. 2020). The XGBoost implementation (Chen and
Guestrin 2016) was employed due to good performance in preliminary analyses and its integration with the
explainability framework SHAP. The applied hyperparameters loosely follow the suggestions given in (Friedman
2002; Hastie et al. 2009): 500 trees, a learning rate of 0.07, a maximum number of leaves of 8, and a subsample size
of 50 %. The same hyperparameters were used in both ML models.

Following standard ML procedure, the data was split into training (80%) and test data (20%). To evaluate the
generalizability of the ML models, four-fold cross-validation was used on the training data (which, for this purpose,
is again split into fold training and test data) (Refaeilzadeh et al. 2009). The test data remains unseen by the algorithm
until final validation. Lastly, training was stopped if the model did not improve over five rounds of training. This is
termed early-stopping and prevents overfitting, i.e. the detection of patterns in the noise of the data.

2.2. Explainability

Data-based models are often criticized for the lack of understanding and knowledge generated by using them, e.g.
(Schmidt et al. 2019). Such a lack of understanding generally limits the usefulness of models. This is especially true
if the user is interested in knowledge discovery. Hence, in addition to the accuracy of predictions, understanding why
a model has made a prediction has become a key challenge in ML.

As a result, various tools under the umbrella term of explainable Al (XAI) have been developed. These tools can
reveal which features drive model predictions, both for single observations as well as globally, i.e. for the complete
data set. We used the SHAP framework which is based on game-theoretic approaches and Shapley values. By contrast
to other XAI methods, SHAP has a solid theoretical foundation and is not based on heuristics (Molnar 2020).

The SHAP values are the difference between the expected value E, which is the average ML model output over a
data set, and the actual prediction by the ML model. They can be interpreted as the impact of a feature on the prediction
for one observation. As an example, take a binary classification task where E = 0.5 whereas the model predicts 0.9
for an observation. All SHAP values attributed to this observation would add up to the difference of 0.4. For tabular
data with i features and k rows, the SHAP values are a i X k —matrix with the units of the prediction space. In the
example, the k SHAP values in the row corresponding to the i-th observation would add up to 0.4. The information
stored in this matrix is then used for further analyses. See also Appendix A.

3. Fatigue test data of small-scale butt-welded joints

In total, the data of 556 fatigue tests has been collected from previous studies of the authors (Braun et al. 2020b;
Braun et al. 2021) and other unpublished projects. After initial data cleaning, e.g. removing missing values and run-
outs, about 420 samples remain. To limit influencing factors, all specimens were cut from welded steel plates of 1000
mm x 500 mm (made in shops in flat 1G (PA) position) into 40-mm-wide and 500-mm-long stripes. The thickness
varied within the range of 10 to 20 mm.

The quality of welded joints often depends on the chosen welding procedure. Some welding processes, such as
flux-cored arc welding (FCAW), are known to produce weld transitions with favorable fatigue properties due to large
weld toe radii. Thus, different welding techniques (GMAW, FCAW, SAW) were applied to create joints with varying
weld quality. Other important characteristics of the test series include different weld shapes (I-, V-, Y-, and X-groves),
parent material strengths in the range S235 to S690, small variations in left and right plate thickness, dissimilar joints,
welding with or without root face, and on temporary root backing.
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To include the effect of geometrical variations and misalignment in the investigation (see Fig. 1), all specimens
were analyzed prior to testing. For the measurement of axial and angular misalignment a test setup with dial gauges
was used, see (Braun et al. 2020a), and the local weld geometry was obtained by laser triangulation and post-processing
by means of the curvature method, see (Schubnell et al. 2020; Renken et al. 2021). Mean geometry parameters—
obtained along the welds using a slice density of 0.2 slices/mm—are used as input for the ML models.

(a) (b)

Fig. 1. Micrograph of specimen (a) with schematic presentation of the top side geometry of butt-welded joints (b), adopted from (Braun 2021a)

All tests have been performed on Schenk horizontal resonance machines at a test frequency of around 30 Hz and a
varying stress ratio R. Only by performing all tests on the same test machines under identical conditions, it can be
prevented that the results are flawed by external factors. Besides the specimen’s misalignment and local weld
geometry, environmental effects such as temperature affect fatigue strength (Braun et al. 2020c). Thus, data obtained
from tests at sub-zero temperatures has been included in the data base. Finally, to be consistent with failure locations,
all test specimens have been oriented in the test machine as they were oriented during welding, i.e. weld roots from
temporary root backing are located on the bottom side.

The fatigue test results of all specimens are presented in Fig. 2 including corresponding design curves based on
failure location (i.e. weld toe (WT) or weld root (WR)). We can see a large scatter of test results due to different testing
conditions (level of misalignment and stress ratio) as well differences in local weld geometry. Typically, failure
locations in butt-welded joints depend on both types of influencing factors.
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Fig. 2. Fatigue test results of small-scale butt-welded joints with corresponding fatigue design curves from (Hobbacher 2016)
4. Results

4.1. Performance of machine learning models

The model outputs and corresponding explanations are meaningful only if the performance is good. The fracture
location classifier had an accuracy of 76 % and a Matthews correlation coefficient of 0.68. Though the overall
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accuracy could be better, the classifier performs well on predicting a// classes. This is reflected in the confusion matrix
in Fig. 3 which gives the fraction of predicted- versus true classes for the test data. For instance, if a sample truly
fractured top left (TL), this was correctly predicted as TL for 67% of the test data (the corresponding cell is in the first
row, first column of the confusion matrix), whereas the incorrect predictions were 20% top right (TR), and equally
6.7% bottom left (BL) and bottom right (BR) (cells in first row and second, third, and fourth column). In most cases,
the classifier correctly predicted whether a fracture will develop on the top or bottom side, whereas the combination
of bottom and top as well as left or right appears to be less predictable.
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Fig. 3. (a) Confusion matrix indicating the true versus predicted fraction of fracture locations for the classifier (TL is top left, TR is top right, BL
is bottom left, BR is bottom right); (b) Plot of predicted versus true number of cycles for the lifetime model.

For the lifetime prediction model, interpretation of average errors is less intuitive. As an alternative, in Fig. 3 all
predictions of the test data are plotted over the true values. This indicates that the lifetime model performed well,
albeit with a slight trend to underpredict for a high number of cycles, and overpredict for a lower number of cycles.
For completeness, the errors on logarithmized targets are: RMSE = 0.21 and MAE = 0.16.

Lastly, during cross-validation, the classifier had an accuracy of 0.71 + 0.07 and a MCC of 0.61 + 0.09, the
lifetime model had a RMSE of 0.2 + 0.01 and a MAE of 0.15 £ 0.01 (mean % standard deviation, n = 4). These
performance values are similar to the above-described performance of the final models (i.e. trained on all training
data) showing that the models generalize well. In all, both the fracture location classifier as well as the lifetime
prediction model performed well and the results merited further analysis.

4.2. Global model insights

The ML models were not only created to achieve an accurate prediction of fracture location and lifetime, but to
gain insight into the data and feature relations. That is to say, we are interested in which features have the most impact
on the predictions and furthermore if these relations match expectation based on theory. All analyses in this section
are based on the SHAP values. Recall that one SHAP value is the impact of a feature for one prediction, see Sect. 2.2
and Appendix A.

4.2.1. Fracture location

To begin with, the global impact of features is shown in Fig. 4 with a ranking of the average impact of the 10 most
important features. The bars are the stacked impact on the prediction of the different classes or fracture locations,
respectively. The distribution of the features’ impact is relatively even between classes. Not surprisingly, the angular
and axial misalignment have a high predictive power.

In Fig. 4(b) a set of beeswarm plots is exemplarily shown for the ‘top left’ class. Features are also sorted by global
impact, that is, they have the same order as in Fig. 4(a). In addition to that, each dot is one sample, where its color
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represents its feature value and its horizontal position shows the impact the feature has on the model output (for that
sample). Dots pile up vertically to indicate density. This type of plot can reveal further effects, e.g. rare but high
magnitude effects, or asymmetric impact of a feature. (Lundberg et al. 2018)

From a structural mechanics’ perspective, a high (positive) angular misalignment increases secondary bending
stresses on the top side of a specimen and thereby increases the likelihood of failure at either top left or top right weld
toes. Similarly, axial misalignment leads to high secondary bending stresses on either left or right side of a weld
depending on the direction of axial misalignment. Comparing the mean SHAP values, i.e. the mean impact of a feature,
in Fig. 4(a), misalignment effects have a higher effect on failure location than local weld geometry. The slightly
unsymmetrical distribution (Fig. 4(b)) for both misalignment types is expected to be related to effects of the local weld
geometry and weld shape (i.e. V-type and Y-type vs. X-type grooves). Other important features are parameters of the
top side weld geometry (weld toe radii and notch angles) but also on the bottom side such as the undercut depth ug; .
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Fig. 4. (a) Average impact of features on fracture location for different possibly locations; (b) Set of beeswarm plots indicating SHAP value
(horizontal axis) and feature value (colorbar) for every sample in the test data.

Next, assessing the impact of features one by one can reveal additional patterns. Figures 5(a) and (b) are scatter
plots, also termed partial dependence plots, where each dot is one sample. The vertical axis is the SHAP value (the
impact of a feature for a prediction) and the horizontal axis is the feature value. Additionally, the dots’ color indicates
the value of a second feature (termed interaction feature).

Vertical color patterns reveal a possible interaction between both features, whereas horizontal color patterns show
that the features behave proportionally, i.e. if one feature increases the other does too. Both figures present the impact
of distinct features on the probability of fatigue crack initiation at the top left weld toe.
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Fig. 5. SHAP dependence plots for (a) angular- (¢) and axial (e) misalignment; and (b) for top left notch angle (a7;) and weld toe radius (7).

Starting with Fig. 5(a), the mutual influence of both types of misalignments is visible. As mentioned, angular
misalignment ¢ leads to tensile secondary bending stresses on either top- or bottom side of a specimen. Hence, a
positive ¢ increases the probability (i.e. positive SHAP value) of fracture at the top left weld toe whereas a negative



188 Moritz Braun et al. / Procedia Structural Integrity 38 (2022) 182—191

@ decreases it. In combination with positive axial misalignment e, the probability is further increased or decreased
depending on the sign of angular misalignment. In other words, the impact of ¢ is amplified or damped by e.

Fig. 5(b) presents two influential local weld geometry parameters with respect to failure at the top left weld toe. A
small notch angle ay; < 155° and weld toe radius r; < 2 mm clearly increase the probability of fracture at this
location; however, the absolute SHAP value is significantly smaller than those obtained for the feature value angular
misalignment (Fig. 5(a)). This is confirmed by the global feature ranking. Interestingly, a large notch angle a;; and
weld toe radius 7y, seem to have a stronger impact on fracture at other locations than small values have on this
location. This can be seen from the unsymmetrical range of SHAP values from about 0.3 to -0.5 (Fig. 5(b)).

4.2.2. Lifetime

The SHAP values for the prediction of lifetime indicate a positive or negative effect of features on the number of
cycles to failure. Similar to the previous assessment, features are ranked based on their average impact on model
output. As expected, stress amplitude has by far the highest effect on the lifetime. The distribution of dots in Fig. 6(b)
supports this conclusion. Again, angular misalignment has a high impact on the model prediction due to its significant
impact on secondary bending stresses. Axial misalignment is expectedly less relevant than angular misalignment for
small-scale specimens. For large-scale specimens, however, the opposite is often true, see (Lotsberg 2009).

The following load-related parameters (force amplitude, maximum force, and maximum stress) have all less
significance than the first two; however, all three affect secondary bending stresses and are related to the stress
amplitude. Thus, a high impact is expected. Regarding the geometrical features, height on the top side (Hr) is the most
influential feature. This is surprising as fatigue strength is often associated with the local notch geometry at weld toes.
Due to welds being fabricated with one or two weld caps, there is probably a correlation between weld geometry and
local weld toe geometry. Additionally, Hy affects the nominal stress at weld roots for V-shaped groves (weld
transitions on bottom side). This fact might explain the higher ranking of H; compared to other geometrical features.
The test temperature and material strength have less influence than the above-mentioned features. This is in line with
expectations for butt-welded joints based on statistical assessments of fatigue tests performed at sub-zero temperatures
(Braun 2021b).
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Fig. 6. (a) Average impact of features on lifetime; (b) Set of beeswarm plots indicating SHAP value (horizontal axis) and feature value (colorbar)
for every sample in the test data.

Fig. 7 indicates the mutual influence of the two most important features on lifetime of the assessed butt-welded
joint specimens. Four interesting aspects are apparent from this figure: Firstly, the distinct plateau of positive SHAP
values is limited to ¢ < + 0.5°. Second, outside this interval and especially for ¢ > 1° the SHAP values and thereby
number of cycles to failure are significantly decreasing, which agrees well with limits on weld quality, see ISO
5817:2014. Third, within ¢ < % 0.5° the effect of stress amplitude on SHAP value is smaller than outside. This is
expected as secondary bending stresses due to misalignment are a function of ¢ and stress amplitude g,. Lastly, the
negative effect of angular misalignment on SHAP values is more pronounced than vice versa and the distribution is
unsymmetrical with respect to zero angular misalignment. This is an indication for other strong influencing factors,



Moritz Braun et al. / Procedia Structural Integrity 38 (2022) 182—191 189

e.g. related to unsymmetrical weld shapes (Y- and V-groove). Such effects can be assessed in detail considering the
impact of individual features.
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5. Discussion

In all, the fatigue behavior of welded joints was successfully analyzed with tree-based machine learning (ML)
models. The models were robust with respect to the input data as well as model parameters and, as shown with cross-
validation, are expected to generalize well to new and previously unseen data. The model performance is good
considering the relatively small database. Specifically, the ratio of samples vs. the number of features is probably
suboptimal. Nonetheless, as the database is continuously extended, the model performance will likely increase in the
future due to more available training data.

Generally, the results are in line with theoretical expectations. The added value of using ML models is a quantitative
ranking of feature impact over a range of different tests. Moreover, a detailed assessment of the impact of single
features and their interaction with secondary features is possible through SHAP dependence plots. These plots revealed
some unexpected behavior such as the relatively high impact of the ‘height top side’ feature. With such analyses,
multivariate studies are mimicked, though it should be kept in mind that these are still correlation-based models.
Again, as more data becomes available in the future, similar discoveries are likely.

Lastly, ML techniques and investigations into mutual influencing factors on fatigue strength of welded joints help
improving lifetime- and failure location prediction accuracy. Compared to finite element simulations, they offer a
possibility to process large amounts of data, e.g. during in-production or weld quality assessments of seam welds. The
main benefit is that once such methods are calibrated, they are practically effortless during application.

6. Conclusions

The obtained results agree well with expectations based on structural mechanics but highlight interactions that
would usually require large number of simulations or time-consuming comparisons to test results. Consequently,
machine learning techniques offer new perspectives on fatigue-relates problems and data comparisons. The following
conclusions are drawn:

e With two machine learning models, a good prediction accuracy of failure locations and lifetime of small-scale butt-
welded joints was achieved. The fracture location classifier had an accuracy of 76 % and a Matthews correlation
coefficient of 0.68. The lifetime model performed well, with a slight trend to underpredict for a high number of
cycles, and overpredict for a lower number of cycles. Both models generalized well.

e Explainable machine learning methods are capable of predicting the mutual influence of various influencing factors
on failure locations and lifetime of welded joints. They also allow to rank these factors by impact, which can reveal
an unexpectedly high- or low impact for specific features.

e The most influential parameters on failure location of small-scale butt-welded joints were macro-geometric axial
and angular misalignment. For lifetime prediction, the most important features are load-related (stress and force
amplitude, and corresponding maximum values) as well as angular misalignment. Among geometrical features,
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weld height on the top side was surprisingly found to be the most influential feature followed by undercut depths
on the bottom side. Both are expected to be related to the weld shapes and welding procedures (V- or Y-type groove
and welding on temporary root backing).

¢ Finally, understanding the mutual influence of various features on fatigue strength of welded joints will improve
the understanding of fatigue phenomena, and offer in-production fatigue assessment and accurate condition
monitoring much quicker than e.g. with finite element simulations.
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Appendix A. Calculation of SHAP values
To compute SHAP values, the following holds: f is the model, f(x) a prediction for input vector x. f,(S) =

E[f(x)|xs] is the expected value of f conditioned on a subset S of the input features. Furthermore, the number of
input features is M and N the set of all input features. Then

i = Boen ) S EEL (£,.(S U LD — £(5)) (1)
Now, ¢; is the difference between E[f (x)|x;] and E[f (x)]. In general
izo®i = f(x) 2)
Appendix B. Performance metrics

The following metrics were used for evaluating performance. For the fracture location classifier, accuracy (ACC) and
Matthews correlation coefficient (MCC) were used. These metrics are based on the number of true positive predictions
(TP), true negatives (TN), false positives (FP), and false negatives (FN). The accuracy is simply the number of correct
predictions divided by the number of all predictions.

TP+TN TP+TN
ACC = = —
TP+TN+FP+FN all predictions

©)

and takes values € [0, 1].

Since the dataset is not balanced with respect to fracture location, i.e. the number of samples belonging to each class
varies, the MCC was used additionally. Its value is only high if the classifier does well on the prediction of all classes.
The following definition holds: with C the number of (output) classes, and S the number of samples, with two S X C
matrices, X the predicted- and Y the true classes. X;;, = 1 if the sample i is predicted to be in class k and X;;, = 0
otherwise. Yj; = 1 if i truly belongs to class k and 0 otherwise. Then the covariance between X and Y is

cov(X,Y) = X1 £ cov(X, Yi) @)
and the MCC is defined as
_ cov(X)Y)
Mce = Jeov(X,X)cov(Y,Y) (5)
For two classes (binary), this results in
MCCoinary = TP-TN—FP-FN ©)

J(TP+FP)(TP+FN)(TN+FP)(TN+FN)
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The MCC takes values € [—1, 1] where +1 is complete agreement, 0 means the prediction is no better than random
and —1 signifies a complete disagreement. See also (Jurman et al. 2012).

For evaluating the performance of the lifetime prediction, two regression metrics were used: namely the root-mean-
square-error (RMSE)

RuSE = [L5, G- )] ™)

with again the number of samples S, the true label y as well as the prediction x for sample i. Furthermore, the mean
absolute error (MAE) is given due to its straightforward interpretation as absolute error.

1
MAE = §2f=1 lyi — x;l (3
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