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Abstract

Fatigue behavior of welded joints is significantly influenced by numerous fac-
tors, for example, local weld geometry. A representative quantity for the influ-
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ence of the notch effect created by the local weld geometry is the stress
concentration factor (SCF). Thus, SCFs are often used to estimate fatigue fail-
ure locations and fatigue strength; however, this simplifies the mutual effect of
other influencing factors. Consequently, fatigue strength estimates for welded
joints may deviate from experimental results. Machine learning techniques
offer an alternative to traditional fatigue assessment approaches based on
SCFs. This study presents a comparison of failure location predictions and
number of cycles to failure for 621 fatigue tests of small-scale butt-welded
joints. In addition, an understanding of importance and mutual influence of
the factors is desired. We used gradient boosted trees in combination with the
SHapley Additive exPlanation framework to identify influential features and

their interactions.
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1 | INTRODUCTION

seams. Hence, local stress concentrations differ for the
different weld transitions, yet current design practices

The fatigue behavior of welded joints is a complex phe-
nomenon driven by numerous factors, for example, local
weld geometry, load level, or material strength. In princi-
ple, these factors can be grouped such that they are
related to loading, geometric features of the welded con-
nection, material properties, and environmental effects.
In addition, these factors interact in a complex manner,
which makes it difficult to separate effects. For example,
geometrical features vary on the different sides of weld

primarily rely on simplifications such as idealized con-
stant geometries instead of actual local weld geometries.
Consequently, fatigue lifetime predictions often deviate
significantly between model and experiment.

Studies have shown a significant influence of local
weld geometry on the fatigue strength of welded joints,
as it influences stress concentrations; see previous
studies.”™ Recent studies show that fatigue cracks often
initiate at locations with high stress concentrations.”” A
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representative quantity to describe the magnitude of local
stress concentrations is the stress concentration factor
(SCF),® which is the quotient of local notch stress and
nominal stress.”

Due to recent advances in automated measurement
techniques, virtually unrestricted measurements of local
weld geometries have become feasible. Finite element
(FE) simulations can make use of such data, for example,
through exactly replicating the weld geometry, yet 3D
simulations of long seam welds or even more complex 3D
fatigue crack growth simulations are currently computa-
tionally too demanding to be feasible for fatigue life pre-
dictions. Machine learning (ML) techniques present an
alternative to quickly process large amounts of multivari-
ate data, for example, for different geometrical features;
however, such techniques need to be verified and com-
pared with  state-of-the-art  fatigue  assessment
approaches.

This study presents a comparison of ML techniques
to analyze a large number of fatigue tests performed on
small-scale butt-welded joint specimens with an assess-
ment based on SCFs. The aim is to predict fatigue fail-
ure locations (one of the four weld toes) and fatigue
strength (in terms of cycles to failure). To this end, we
combined local weld geometry data obtained from high-
resolution laser scans of butt joint specimens with the
corresponding fatigue tests results and analyzed the
data with a ML model based on gradient boosted trees.
In addition, this study seeks to improve the understand-
ing of driving factors for fatigue of welded joints. For
this purpose, the SHapley Additive exPlanation (SHAP)
framework was applied to assess the mutual influence
of the various influencing factors on the prediction of
fatigue failure locations and fatigue life and to rank
them by impact.

For the comparison with state-of-the-art fatigue
assessment, we also investigate whether the SCF is a use-
ful quantity to predict fatigue failure locations. To
achieve this, the weld geometry data were used to

(A)

FIGURE 1
Braun et al.?* [Colour figure can be viewed at wileyonlinelibrary.com|

determine the distribution of SCFs along the four weld
seams of each specimen. Next, the maximum SCF of each
specimen is used to estimate failure locations. Finally, to
determine whether the SCFs improve the accuracy of the
ML model, tests are performed with and without using
SCFs as input features.

This study is organized as follows. In Section 2, the
two methods (ML and based on SCFs) to estimate fatigue
failure locations and fatigue life are introduced, as well as
the SHAP framework. Section 3 presents the fatigue test
data and the measured weld geometry data. The results
obtained by the two methods are described in Section 4.
Finally, the main findings of this study are discussed in
Section 5.

2 | METHODS
2.1 | Fatigue assessment by means of
SCFs

With the development of weld geometry measurement
systems, the characterization of stress concentrations at
welded joints has seen significant progress; compare ear-
lier research.®'°'* To determine SCFs at weld transi-
tions, weld geometries are typically idealized as two-
dimensional geometries, which are described by geomet-
rical properties such as notch opening angle, notch
radius, and weld height (see Figure 1). Based on such
simplified descriptions of the weld geometry, it is possi-
ble to determine SCFs, for example, by means of para-
metric formulas, for example, Anthes et al.'”> An
alternative is the direct calculation by FE simulations.
Although the latter has proven to be more reliable, para-
metric formulas are still often applied to this day, yet
various recent studies showed that this often leads to
incorrect estimates of the actual SCFs at welded
joints.'*'®"' This is particularly true for complex weld
shapes such as weld toes with undercuts; see Ottersbéck

(A) Micrograph of a specimen with (B) schematic presentation of the top side geometry of butt-welded joints. Adopted from
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et al'” In contrast, performing complex three-
dimensional FE simulations or many two-dimensional
simulations for various locations along weld seams is
computationally demanding. Thus, novel methods focus
on polynomial regression with coupling terms (PRC)
and artificial neural networks (ANNs) to determine
stress concentrations based on weld geometry measure-
ments; see other studies.?* 22

By performing large numbers of parametric FE simu-
lations, Oswald and co-workers®®** showed that para-
metric SCF formulas sometimes lead to high errors.
Additionally, parametric SCF formulas are typically lim-
ited to certain parameter combinations. Once these
models (PRC and ANN) are set up, no additional time-
consuming FE simulations are required. In principle,
such ANNSs are based on the same inputs as the paramet-
ric SCF formulas (typically geometrical parameters, for
example, weld toe radius, flank angle, and plate thick-
ness), one or two hidden layers, and one or two outputs
of SCFs (i.e., for tension and bending loading)."!

In the current study, a deep neural network (DNN)
for butt joints with weld toe failure presented in Braun
et al’ is applied to determine the SCFs (for tension and
bending loading) along the weld seams of the fatigue test
specimens. A DNN is a subtype of an ANN with several
layers. The SCFs are then used to estimate failure loca-
tions (one of the four weld toes) based on the determined
maximum SCF of each specimen. In comparison, a ML
model—recently presented in Braun et al.*>—is applied
to perform the same task. To determine whether the
SCFs improve the accuracy of the ML model, tests are
performed with and without using SCFs as input
features.

FIGURE 2
two datasets to train gradient 4
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2.2 | ML models

ML models are increasingly used to predict fatigue of
components and parts.”* Among ML methods, ANNs are
the most common type for failure assessment®’; however,
investigations for welded joints are limited; see, for exam-
ple.*>*>"* Typical input variables for fatigue life predic-
tion with ML were the respective load information
(including nominal stress) as well as material, defect clas-
ses, and SCFs. For example, Karakas and Tomasella,*® as
well as Kalayci et al*' used information about the applied
stress amplitudes, stress ratios, and SCFs to estimate a
number of cycles to failure and to derive stress-life
curves.

The features we used exhibit various nonlinear inter-
actions. Moreover, the data contain nonphysical or miss-
ing values. This can make the application of classic
statistical tools difficult, whereas ML models are espe-
cially useful under such circumstances.>? Therefore, we
used ML models to predict the fracture location and life-
time (i.e., the number of cycles to failure) of welded spec-
imens (see Figure 2).

We employed gradient boosted trees for several rea-
sons: Tree-based algorithms perform well on tabular data
of this size.*>** Moreover, this type of model was success-
fully applied on similar data in an earlier study.>* In par-
ticular, the XGBoost implementation®> of gradient
boosted trees was used due to its good integration with
the explainability framework SHAP. The following
hyperparameters were applied: 250 boosting iterations
(i.e., the maximum number of trees), a learning rate of
0.07, a maximum number of leaves of 8, and a subsample
size of 50%. Both models were applied with the same

SHAP values
(one value per data point per class)

Black-box models

Number of v
features Insights into input data

location

and underlying mechanisms
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hyperparameters. The parameter values loosely follow
the suggestions in previous studies.*®’

The data were split into training (80%) and test data
(20%). To show the generalizability, four-fold cross-
validation (CV) was used on the training data (which, for
this purpose, is split again into per-fold training and test
data).®® The test data remain unseen by the algorithm
until final validation. To prevent overfitting, for example,
indicated by the detection of patterns in the noise of the
data, early stopping was used. This means that the train-
ing stopped if the model performance did not increase
over three rounds of training.

Two models were trained: first, a fracture location
classifier which predicts on which of the four sides of the
weld the failure crack initiated (top left/TL, top right/TR,
bottom left/BL, bottom right/BR). The softmax function
is used as an objective and the multiclass logloss as an
evaluation metric for early stopping. Second, a regression
model was used to predict the number of cycles to failure.
In this case, squared error was used as an objective and
root mean squared error as an evaluation metric for early
stopping. For more details on these metrics and objec-
tives, respectively, see, for example, -earlier
research.>>37° In both cases, features whose values are
unknown a priori are dropped before training. That is,
the classifier did not have the number of cycles as input
and the regressor did not have access to the fracture
location.

2.3 | Explainability

To understand why a model has made a prediction is a
key challenge, in particular for ML models. The more
complex the patterns in the data, the more sophisticated
the ML model must be to detect these patterns. Yet the
more sophisticated a model is, the less explainable it is;
that is, its decision rules are unclear. This black-box
model character limits user trust and usefulness of
models. It also makes it difficult to debug and improve
models. Ultimately, black-box models impede knowledge
discovery. Hence, the trade-off is not only between accu-
racy and complexity of the models; a third dimension is
explainability.*>*! Analogously, many data-driven studies
are not only interested in the “best” model (i.e., with a
high accuracy) but also seek to identify which features
drive model predictions through, for example, feature
importance rankings.*>*

In response to this, several tools under the umbrella
term of eXplainable AI (XAI) have been developed. Dif-
ferent approaches exist;** here we employed an addi-
tional explanation model linked to the original ML
model and the input data. More specifically, we used

SHAP values which are based on Shapley values from
game theory.*»*>* Imagine a game with a coalition of
agents, where each agent contributes differently to the
overall payoff. Shapley values consider the marginal con-
tribution of an agent, that is, the difference in payoffs the
coalition would receive with and without the agent. Since
the coalition could be built according to different
sequences, that is, agents could join or leave the game at
any time, the marginal contribution is averaged over all
sequences. Instead of payoffs and agents, SHAP values
attribute model outcome to input features. They explain
the difference between the expected value E, which a
random model would predict, and the actual model
prediction.

For the regression model, SHAP values have the same
unit as the output. For the classification model, the SHAP
values are the log-odds per class. SHAP unifies other XAI
approaches*’*® and, contrasting other more heuristic
approaches, has a solid theoretical foundation.*® Here,
what is termed a SHAP TreeExplainer was used as an
explanation model. It enables a fast and exact computa-
tion of SHAP values through exploitation of the structure
of tree-based models.

2.4 | Data scrubbing

The general data processing is depicted in Figure 3. The
raw data from two datasets were used; see Sections 2.1
and 3). Initially, the laser scan data were extended with
SCFs for each slice. SCF values were replaced with NaN
(not a number) when they were below the 5th percentile
and above the 95th percentile with respect to all values.
This was done since it is expected that there are some
outliers in the laser scan measurements.” All other fea-
ture values were replaced with NaN if they were outside
of realistic bounds.

Next, the fatigue test (butt joint) data include per-
specimen test results and further measurements such as
the temperature during tests. These features were
extended with maximum and median SCF values per side
(top left/right, bottom left/right) or per specimen (fea-
tures not linked to any weld toe). All geometry data, for
example, weld toe radii, were computed by taking the
median of the laser scan data for each side. This median
geometry data were also added to the butt joint dataset.
The median was taken instead of the mean as it is less
sensitive to outliers.”"?

Lastly, before training the models, invalid tests were
removed from the data; for example, tests that were
aborted without failure (run-out tests). Categorical fea-
tures were replaced with numerical features with ordinal
encoding instead of one-hot (also called one-of-K)
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FIGURE 3
and combined. The laser scans data describe the o
geometry through about 300 2D slices per

Two datasets are preprocessed

specimen. These data are used to predict stress
concentration factors (SCFs) per slice and

(possible) fracture location. Lastly, median (and

for SCFs also maximum) values are computed

and combined with the fatigue test data [Colour

figure can be viewed at wileyonlinelibrary.com] T

D Fatigue
test data

encoding since this type of encoding was applied success-
fully in a previous study.*

3 | FATIGUE TEST DATA

In total, the data of 621 fatigue tests on small-scale butt-
welded steel joints made by different fusion and laser
welding methods have been collected from previous stud-
ies’>*? and from unpublished results. All tests were per-
formed uniaxially and force-controlled in the high-cycle
fatigue regime. In addition, some tests were performed at
subzero temperatures down to —50°C. Of all tests, about
10% are run-outs, which are marked with an arrow in
Figure 4. To present the original data as obtained from
the tests, no correction for misalignment effects or stress
ratio (R) is applied. For the later fatigue assessment by
the ML models, no corrections were applied either, as the
goal is to account for this effect within the ML model
directly.

As expected, the majority of data exceed the two
design curves for butt-welded joints according to the rec-
ommendations of the International Institute of Weld-
ing.>® FATS0 is the general fatigue design curve for butt
joints, and FAT90 is permitted for high-quality butt joints
made in shops in flat position.

The geometrical variations and misalignment in the
investigation (see Figure 1) were determined prior to test-
ing for all specimens. For the measurement of axial and
angular misalignment, a test setup with dial gauges was
used; see Braun,® and the local weld geometry was
obtained by laser triangulation and postprocessing by
means of the curvature method; see earlier research.!*!*
Figure 5 presents the medians of the measured geometri-
cal and SCF parameters that are used as input for the ML
models. Herein, the data are summarized as violin
plots—showing the distribution density smoothed by a
kernel density estimator.

The data are separated based on the different failure
weld transitions or top and bottom sides. The median
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FIGURE 4 Nominal stress fatigue test results of small-scale
butt-welded joints with fatigue design curves according to the
recommendations of the International Institute of Welding®?

weld toe radii were in almost all cases larger than 1 mm
and only in a few cases larger than 4 mm. Interestingly,
the smallest weld toe radii are observed for the bottom
right weld toes. The majority of weld toe angles lie
between 10° and 50°, with higher angles for the bottom
weld toes. This is related to laser-hybrid welded joints,
which typically have steeper weld flanks on the bottom
side and the usage of the temporary root backing for the
joints made by flux-cored arc welding; see Braun et al.>
The median undercuts are mainly between 0 and
0.1 mm; however, a few specimens had quite deep under-
cuts up to 0.6 mm. The weld width and height are com-
parable for top and bottom sides. Due to the smaller weld
toe radii and larger weld toe angles, it is not surprisingly
that the median SCFs (for tension loading) are in average
larger on the bottom than on the top side weld toes. In
addition to the geometrical and SCF parameters, axial
and angular misalignment of all joints was measured
prior to testing. The ratio of axial misalignment to plate
thickness e/t is smaller than 10% for all joints. In
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for the machine learning models

contrast, high variations are observed for angular misa-
lignment with absolute values of angles up to 3°.

4 | RESULTS
41 | Performance of prediction based
on SCF

Prior to using ML models, a prediction of fracture loca-
tion based on SCF values was made. First, the maximum
or median SCF was identified per location (out of the
about 300 scan slices per specimen). Then, out of four
possible locations, the fracture was predicted to be wher-
ever the highest maximum or median SCF was com-
puted. The accuracy (ACC) and Matthews correlation
coefficient (MCC) are used to quantify the performance
of the models. These metrics are calculated from the
number of true positive predictions (TP), true negatives
(TN), false positives (FP), and false negatives (FN). For
further information, see Braun et al.>

The accuracy is the ratio of correct predictions and
the number of all predictions.

TP+TN
TP+TN+FP+FN

ACC= (1)

Since the number of specimens belonging to each
class (i.e., failure location) varies, the MCC was used
additionally. Its value is only high if the classifier does
well on the prediction of all classes. For binary classes,
the MCC is defined as follows:

Axial misalignment
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Distribution of the medians of the measured geometrical and stress concentration factor parameters that are used as input

TP+TN
~ \/(TP¥FP)(TP+FN)(TN +FP)(TN +FN)

(2)

Mcc

For the median SCF, the accuracy and MCC were
0.30 and —0.01. For the maximum SCF, the accuracy and
MCC were 0.30 and 0.02. The confusion matrices are
given in the appendix, Figure Al. Considering that there
are four classes to predict, an accuracy of 0.3 is only
slightly better than a random guess. This can also be seen
by the MCC, which, when close to zero, indicates that
the prediction is no better than random.>*

4.2 | Performance of ML models
One condition for meaningful analyses, for example, with
respect to explainability, is a good performance of the
models. The performance of the SCF ANN model has
been confirmed in an earlier study.” The performance of
the fracture location classifier was checked once for the
SCF being known and once for it being unknown. A dif-
ference in performance (disregarding any subsequent
explainability results) is a hint that the information of the
SCF is indeed useful in predicting the fracture location.
Table 1 shows both the performance of the fracture
location classifier as well as the ranks of the SCF features
when included as input data. A higher rank indicates that
the feature was important for the ML model's prediction,
that is, that it was an influential feature. Four cases with
different input features were assessed as follows: using
no SCF values, maximum SCF values, median SCF
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TABLE 1 Classifier performance Metric No SCF SCF max SCF median SCF max and median

and rankings with and without SCF

features Accuracy CV 0.72+0.05 0.72+0.02 0.72+0.02 0.71+£0.03
MCC CV 0.61£0.06 0.62£0.03 0.61£0.03 0.60+0.04
Accuracy FM 0.72£0.02 0.72£0.04 0.72£0.04 0.71+0.04
MCC FM 0.62£0.03 0.62£0.06 0.61£0.06 0.61+0.06
Kirmax rank 152+5.6 19.2+7.4
KT max rank 15.0+£3.9 16.7+5.2
Kigrmax rank 9.1+4.3 8.6+3.1
Kirmax rank 15.5+£5.7 16.3+4.0
KiTRmeq rank 19.7+5.5 23.84+6.7
KT med rank 12.8+3.6 14.6+4.3
Kiprmed rank 27.5+22 31.5+2.3
KiBLmed rank 16.5+4.6 22.7+£5.3

Note. Numbers are mean =+ standard deviation for n = 10.
Abbreviations: CV, cross-validation; FM, final model; MCC, Matthews correlation coefficient; SCF, stress

concentration factor.

values, or maximum and median SCF values. All cases
were run 10 times with different random seeds.

The first four rows (Table 1) give the accuracy and
MCC during CV and for the final model (FM). The values
of the performance metrics are similar for the CV and the
FM. This shows that the model generalizes well to previ-
ously unseen samples. The overall performance is good
with more than 70% correctly classified samples. The rel-
atively high MCC shows that the model performs well on
all classes.

From the fifth row on, the values indicate the rank-
ings based on average SHAP values of each SCF-related
feature. All SCF features are consistently ranked very low
except for the maximum SCF value for the bottom right
location (Kigrmax). Based on this, further results were
generated without including SCF features as inputs.

Next, Figure 6A shows the confusion matrix for the
ML classifier model. It gives the fraction of samples in
the test data per combination of true and predicted labels.
For instance, the sum of top row values indicates the
fraction of true TR samples (24%); however, the top left
entry shows that the model only predicted the correct
label for 19% of (all test) samples. Other entries in the top
row indicate that, for example, the model incorrectly pre-
dicted a BL label when the true label was TR for 1% of
the samples. Generally, the perfect model would only
have (nonzero) entries on the diagonal and the fraction
values would represent the distribution of labels in the
test data. Here, there are nonzero off-diagonal entries,
but they are very small. This means that there were some
misclassified samples, but overall, most samples were
correctly classified.

Table 2 shows both the performance of the number of
cycles regression model as well as the ranks of the SCF
features when included as input data. In this case, two
new SCF features are introduced which indicate the SCF
maximum or median value at the fracture location
predicted by the classifier. Four cases were evaluated:
either using no SCF features as inputs, using only the
maximum or medium SCF value, respectively, and using
both. Again, all cases were run 10 times with different
random seeds. The SCF features are consistently ranked
very low and do not affect overall model performance.
Hence, further results are presented for the “no SCF”
model only.

The “no SCF” lifetime model has an average mean
absolute error (MAE) of 0.16 (logarithmized targets);
however, the interpretation of average errors on trans-
formed target values is not intuitive. Alternatively,
Figure 6B shows a plot of the predictions on the test data
plotted over the true values. This shows that the lifetime
model performed well with no prediction off by more
than four times the true number of cycles to failure (Ny).

4.3 | Explanation of results

Both the fracture location classifier and the lifetime pre-
diction model performed well. This merits further analy-
sis with the explanation models to gain insight into the
data and underlying mechanisms. Based on the low
impact of including SCF features as input data
(Sections 4.1 and 4.2), these features were not used dur-
ing the explanation of the results.
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(B)

Performance of machine learning (ML) models. (A) Confusion matrix indicating the true versus predicted fraction of

fracture locations for the prediction with the classifier; the low off-diagonal values indicate good performance. (B) Plot of predicted versus

true number of cycles to failure for the lifetime model [Colour figure can be viewed at wileyonlinelibrary.com]

Metric No SCF SCF max SCF median
RMSE CV 0.20£0.01 0.21+0.01 0.20£0.01
MAE CV 0.16 £0.01 0.16 £0.01 0.16+0.01
RMSE FM 0.21+0.02 0.224+0.02 0.21£0.02
MAE FM 0.16 £0.01 0.17£0.02 0.16 +0.02
KFmax rank 22.0+2.1

K Fmedian rank 17.44+4.0

SCF max and median

TABLE 2 Regressor performance

and rankings with and without SCF
0.21£0.01

0.16£0.01
0.214+0.02
0.16£0.01
24.0+2.4
19.2+44

features

Note. Numbers are mean + standard deviation for n = 10. Kgmax and Kgmedian are SCF values at the fracture

location predicted by the classifier.

Abbreviations: CV, cross-validation; FM means final model; MAE, mean absolute error; RMSE, root mean

square error; SCF, stress concentration factor.

431 |
classifier

Explanation of fracture location

The output of the fracture location classifier model is the
log-odds per class or location, respectively. A higher
value means a higher probability for fracture at that loca-
tion. Hence, a higher SHAP value means a higher impact
of the corresponding feature value toward the class we
are currently looking at.

The overall ranking of features (i.e., the feature
importance) is given in Figure 7A for the top right class.
A high rank means including this feature in the input
data had a high impact on the prediction; however, this
ranking of average SHAP values conflates magnitude and
prevalence. The beeswarm plots in Figure 7b give SHAP
value and feature value per sample (i.e., one dot is one
sample) in the same order as in the ranking in Figure 7A.
This further clarifies the impact of features and can, for
instance, reveal rare but high-magnitude effects.

For most features, Figure 7B shows a continuous
impact from high to low feature values. For the angular
misalignment, a high feature value (high misalignment)
increases the log-odds and hence the probability of fail-
ure at this location and vice versa for low feature values.
For the axial misalignment, this is reversed. Surprisingly,
the undercut of the bottom right location dgg is ranked
third; however, the beeswarm plot reveals that a high
undercut value decreases the chance of fracture at the
top right location, for which the ranking was made. All
follow-up features have a very low impact.

The ranking and beeswarm plots depict the impact of
features separately. We furthermore seek to assess the
interaction of features, that is, the amplification or damp-
ing of the impact of a primary feature by a secondary one
(Figure 8). Such relations can be identified with SHAP
dependence plots,” which enrich traditional partial
dependence plots.® SHAP dependence plots show the
SHAP value (the impact) of the primary feature on the
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Explanation for fracture location classifier for class top right. (A) Average SHapley Additive exPlanation (SHAP) value

indicating global feature importance. (B) Local explanation with beeswarm plots with vertical feature order as in the ranking. Each dot is

one observation; its color corresponds to its feature value. The dot's position on the horizontal axis shows the impact the feature has on the
model output for that observation. Multiple observations with similar impact pile up to indicate density [Colour figure can be viewed at
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vertical axis versus the feature value on the horizontal
axis. This shows overall trends regarding the impact of
the primary feature. In addition, one dot represents one
sample and the dot's color is the value of a secondary fea-
ture. Clear vertical color patterns hint at interaction
effects. Moreover, we are looking for inflection points
which, when surpassed, strongly change a feature's
impact.

In general, the number of possible interaction pairs is
features x (features-1) x models x classes and therefore
high, yet few clear interaction effects were found; a selec-
tion is depicted below. Figure 8A shows a dependence
plot for axial misalignment and weld height on the top

side as a secondary feature. An axial misalignment of
zero has no impact, whereas a positive value pushes the
prediction toward a higher probability of fracture at the
top left location (and vice versa). Also, red dots tend to
cluster around a SHAP value of zero; so if the height is
large, the impact of the axial misalignment is dampened.

Figure 8B shows the same plot for the top left under-
cut and angular misalignment. Here, the majority of sam-
ples is between an undercut of 0.02 and 0.06 mm. In this
range, an increase of undercut depth increases the proba-
bility of fracture at that location. This effect is amplified
by larger angular misalignment values, which leads to
tensile secondary bending stresses on the top side.
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432 | Explanation of lifetime regressor

The lifetime regressor output is the logarithmized
number of cycles to failure (N¢). The logarithm is
a monotonously increasing function, so a higher log (N¢)
means a higher N¢. Equivalently, a positive SHAP value
means an impact toward a higher N;. Before applying
the explanation model, force-related features were
excluded as they strongly correlate with stress-related
features.

The overall ranking is given in Figure 9A. Stress-
related features (amplitude and maximum value) are
ranked highest, followed by the three geometry features
of angular misalignment, height of weld top side, and
axial misalignment (¢, Ht, and e). The beeswarm plots
also show the high and continuous impact of the stress-
related features. The beeswarm plots for ¢ and e agree
well with the general understanding of misalignment
effects. Large positive of negative values of ¢ and e lead
to a reduction in number of cycles to failure (N¢), and
close to zero values of ¢ and e (indicated by purple) result
in higher number of cycles to failure (positive SHAP
values). The weld heights on top and bottom sides
(Ht,Hg) behave similarly as the stress-related features
(large heights reduce umber of cycles to failure). The
follow-up features have a comparatively low impact and
will not be further discussed.

Figure 10 presents a SHAP dependence plot of the
stress amplitude o, and the weld toe radius on the top left
side. With increasing o,, the number of cycles to failure
decreases. This effect is slightly amplified by small weld
toe radii (see also Figure A2 in the Appendix).

Stress amplitude o, |G

Maximum stress oz [ ENEGEIIGN
Angular misalignment ¢ [l
Height top side H; [l
Axial misalignment e [l
Height bottom side Hz [l
Width bottom side Wz |l
Weld toe radius top left rr, |l
Weld toe radius top right rrz [l
Width of specimen b [l

5 | DISCUSSION

Overall, the proposed ML models are well-suited to pre-
dict the fatigue behavior of welded joints. The successful
CV showed that the models are robust with respect to the
input data. It is furthermore expected that they will gen-
eralize well to new data samples. The performance of the
models was similar to a previous study” though the cur-
rent dataset includes more samples; nonetheless, the cur-
rent data also include more test types which can make it
harder to achieve high accuracy. The ratio of samples ver-
sus the number of features is likely suboptimal. On the
other hand, the good performance shows that the data
include features that strongly influence fatigue behavior.
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FIGURE 10 Interaction plot for lifetime regressor with stress

amplitude as primary and top left weld toe radius as secondary
feature [Colour figure can be viewed at wileyonlinelibrary.com]
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feature importance. (B) Local explanation with beeswarm plots [Colour figure can be viewed at wileyonlinelibrary.com]
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Regarding the explanation model, the results show
that the approach works well. SHAP values are well-suited
to quantify feature impact. The explanation results are
conclusive and mostly as expected. Some unclear trends in
beeswarm plots could be due to interaction effects or cor-
relations between features which may negatively impact
explainability. Contrasting the earlier study,”® SCF-related
features were used by the ML models but shown to be
almost irrelevant in the prediction of fatigue behavior.
This aspect could be related to the fact that SCFs are deter-
mined based on other input features and therefore likely
correlate with those other features.

Notwithstanding the good results, there are sources of
error and uncertainty. From a ML perspective, typical
error sources are bias and variance. The former is due to
erroneous assumptions by the learning algorithm. Deci-
sion trees make almost no assumptions and are usually
not susceptible to high bias. The latter originates from
highly complex models. Here, tree ensembles are used
where each tree is pruned to control variance.>’ In addi-
tion, the high model performance and successful CV
make it unlikely that the models suffer from either of
both error sources.

From a data perspective, there are two central issues:
missing values and biased data. Few samples contain
missing values, so this is not an issue. Biased features,
however, cannot be ruled out as, for example, certain test
types may exist more often in the data. This should not
influence the models' accuracy but can limit their gener-
alizability. It may also result in ranks that do not reflect
reality since SHAP values can only attribute a high
importance to features by contrasting values within one
feature. A feature may be very influential, but if the fea-
ture value is not varied during tests, this influence cannot
be revealed. In other words, there is no pattern to be
detected by either ML or explanation model.

Generally, the results are in line with theoretical
expectations. Not surprisingly, stress-related features
(stress amplitude and maximum stress) have a high pre-
dictive power for the lifetime regressor but less so for the
fracture location classifier. In contrast, the impact of axial
() and angular (@) misalignment makes sense
w.r.t. fracture locations. From a structural mechanics'
perspective, a positive angular misalignment increases
secondary bending stresses on the top side and thereby
increases the likelihood of failure at either top left or top
right weld toes. Likewise, axial misalignment is responsi-
ble for tensile secondary bending stresses on either left or
right side of a weld depending on the direction of
misalignment.

Of the geometrical features, the undercut depth of the
bottom right location dgg is ranked third for the failure
location classifier. This is related to the fact that a high
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undercut value at a different location than the one, for
which the ranking was made, decreases the chance of
fracture at the assessed location. All follow-up features
have a very low impact.

Interestingly, the weld heights on top and bottom
sides (Hr, Hg) have a high predictive power for the life-
time regressor. This agrees with the results of the first
ML model (Braun et al.*®). A high weld height corre-
sponds to a steeper flank angle and thereby increases the
local stress range. In contrast, the weld toe angles do not
have a high impact on the model. The only feasible expla-
nation is that a high weld height increases the local stres-
ses at two weld toes at once. Hence, a higher impact is
expected compared with a feature for a single weld toe.
The follow-up features have a comparatively low impact;
nevertheless, as the database is continuously extended,
more mutual influences will probably be detected in the
future due to more available training data.

Material strength related parameters like yield and
ultimate tensile strength were not found to have any sig-
nificant impact on the ML model. This also agrees with
the general understanding of fatigue at welded joints.
Interestingly, also, the stress ratio was not found to have
a significant impact. In international standards and
guidelines (e.g., Hobbacher™) it is typically assumed that
welding residual stresses are relieved in small-scaled
fatigue specimens. Consequently, an effect of stress ratio
on fatigue behavior would be expected. This is not the
case in the current study and indicates no general weld-
ing residual stress relief for all specimens. Comparing the
S-N curves obtained from tests with different stress ratios,
a difference in fatigue strength close to the fatigue limit is
observed from some test series; see Braun et al.,>">* yet
the impact of the feature is found to be small compared
with other features. This makes sense w.r.t. to the larger
difference in fatigue strength between test specimens
made by different welding methods such as flux-cored
arc welding and laser-hybrid welding. In other words, the
difference in local weld geometry and misalignment
parameters has a higher impact on fatigue strength than
other influencing factors, that is, stress ratio, yield, and
ultimate tensile strength, as well as test temperature. This
does not mean that these factors are insignificant, but the
other factors are more influential.

6 | CONCLUSIONS

The purpose of the current study was to tackle the com-
plicated engineering issues of fatigue life assessment of
welded joints by removing the need for complex three-
dimensional FE calculations based on the actual mea-
sured weld geometry. To this end, a ML framework was
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used to predict the number of cycles to failure and the
fracture initiation locations in small-scale butt-welded
joints. The created approach was compared with a tradi-
tional approach based on SCFs. The following conclu-
sions are drawn from the investigation:

+ The presented model is capable of accurate predicting
the number of cycles to failure and the fracture initia-
tion locations for more than 600 fatigue test specimens
despite the wide range of features such as different
welding methods, stress ratios, and test temperatures.

+ To determine whether the SCFs improve the accuracy
of the ML model, tests were performed with and with-
out using SCFs as input features; however, this did not
improve the predictions.

+ Using the maximum SCF of each specimen to predict a
fracture initiation at that location is only slightly more
accurate than a random guess and far less accurate
than the ML predictions.

» Explainable ML methods are a useful tool to predict
the mutual influence of ML methods or to determine
less influential features. By ranking features by impact,
unexpectedly high or low impacts of specific features
can be detected.

« The most influential parameters for the lifetime regres-
sor of small-scale butt-welded joints are stress-related
(stress amplitude and maximum stress) followed by
misalignment-related (axial and angular misalign-
ment), and the weld height on top and bottom sides.

« In contrast, axial and angular misalignment are the
most influential parameters for the failure location
classifier. Apart from the undercut depths on one of
the four weld toes, geometrical features appear to be
less impactful for the failure location.
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NOMENCLATURE

QTL, ATR, ABL> XBR Weld toe angles

@ Angular misalignment

64, O max Stress amplitude, maximum stress
b Width of specimen

drL, d1r, dpr, dBr
e

k

FtL, FTR, 'BL> 'BR
t

FB.’ Fmax

Hr,Hg

KtFmaXa KtFmedian
KtTRmaXa KtTLmax:
KtBRmax, KtBLmax
KitrRmed> KtTLmeds
KBrRmed> KtBLmed

Undercut depths

Axial misalignment

Slope of S-N curves

Weld toe radii

Thickness

Force amplitude and maximum
Height of weld on top and bottom
sides

SCF values at the fracture location
Maximum SCFs

Median SCFs

N¢ Number of cycles to failure

R Stress ratio

T Test temperature

W, Wpg Width of weld on top and bottom
sides

ACC Accuracy

ANN Artificial neural network

BR, BL, TR, TL Failure locations

Ccv Cross-validation

DNN Deep neural network

FAT Reference fatigue strength

FE Finite element

FL Fracture location

FP, FN False positive and false negative
predictions

FM Final model

MAE Mean absolute error

MCC Matthews correlation coefficient

ML Machine learning

PRC Polynomial regression with coupling
terms

RMSE Root mean square error

SCF Stress concentration factor

TP, TN True positive and true negative
predictions

XAI Explainable artificial intelligence
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(B) based on minimum values [Colour figure can be viewed at wileyonlinelibrary.com]
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Confusion matrices for prediction based on stress concentration factor (SCF) values. (A) Based on maximum values, and
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