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Abstract

In situ and real-time monitoring of laser processes are very challenging due to complex dynamics of the laser-matter interactions. Acoustic
Abstract
emission (AE) technique is often used as non-destructive monitoring of many kinds of processes. However, acoustic emission is not
industrialized for laser processing for two reasons. First, the signals are too sensitive to the environmental noises. Second, a correlation of the
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and many others. Despite lasers’ advantages, laser-matter
interaction is a highly complex dynamic process with short
life-time events, making its monitoring challenging [1].
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experiments were conducted at the European Synchrotron
Radiation Facility (ESRF, Grenoble, France) using high-speed
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2. Experimental method
2.1. Experimental setup, data acquisition and categorization
Laser welding experiments were carried out using a singlemode fiber laser source StarFiber 150 P (Fiber laser–StarFiber
150 P/300 P) with a 1070 nm wavelength and a Gaussian
shape beam. A focal lens of 170 mm provided a diameter spot
size of about 30 μm at the focal point (2w0).
The acoustic signals were recorded using a piezo acoustic
sensor Pico (Physical Acoustics, USA). The digitalization and
data storage was provided by a data acquisition unit and
software from Vallen (Vallen Gmbh, Germany). The data
collection was performed with a sampling rate of 10 MHz.
The piezo acoustic sensor was attached to the sample holder
at the same position throughout all experiments.
An aluminum-magnesium alloy was chosen for its relative
low Z-number. The samples had dimensions 50 x 20 x 2 mm3.
The high-speed X-ray imaging was made at the beamline
ID19 of the ESRF using the synchrotron X-ray source in
polychromatic mode: high photon flux that could be exploited
for X-ray radiography up to millions frames per second (fps)
rates [5]. X-ray phase contrast imaging by free-space
propagation was mounted to enhance the contrast between
material interfaces. A U-13 type undulator (single harmonic)
at minimum gap of 11.1 mm was used. A diamond filter and
an aluminium filter of 1.4 mm thickness each were installed to
suppress lower photon energies. The pink beam mean energy
was 26.3 keV. The radiography of the laser welding process
was recorded by an indirect X-ray detector composed of a 250
µm-thick Ce-doped Lu3Al5O12 scintillator, lens-coupled to a
high-speed camera (pco.dimax; PCO, Germany) at a 90°
angle using a mirror. The range of recording frame rates
during the experiments was 28 000 to 36 000 fps. The
effective pixel size of the X-ray image detector was 11 µm.
In this work and based on the X-ray imaging, four
categories were defined: 1) conduction welding, 2) stable
keyhole, 3) unstable keyhole, 4) spatter. A typical image of
the categories 1 to 4 is shown in Fig. 1. More details on the
experimental setup are given in [6].
2.2. Signals preprocessing
Wavelet packet transform (WPT) [7], which is a special
technique for analyzing non-stationary signals, was applied to
the acquired AE signals. The WPT result is the splitting of the
time-frequency space into a finite number of the narrow bands
[7]. In this study, the relative energies of the extracted
frequency bands were computed in compliance with the work
of Saeidi et al. [8] . The signal representation provided a
discretized and sparse representation of the signal flow. It
allowed capturing the local particularities with a lower noise
levels due to the wavelets properties [7] and, at the same time,
reduced the amount of the input data for the next processing
stage [8]. More details on wavelets techniques related to reallife data are given in the review of Mallat [7].
In this work, the labeled acoustic signals were cut into
separate patterns having each a duration of 1.2 ms. The
narrow frequency bands were extracted for each such pattern
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with WPT. Thereafter, only the relative energies of the
frequency bands from the third to the seventh decomposition
levels were selected. Doing so, it excluded the presence of
noise, where the main sources came from the experimental
setup and surrounding environment. This resulted in the
substitution of each acoustic pattern by 248 values of the
relative energies of the frequency bands that were further
analyzed in a machine learning framework.

sdafasdf

Fig. 1. Real-time X-ray images of (1) conduction welding, (2) stable
keyhole, (3) unstable keyhole, and (4) spatter.

2.3. Gradient boost
The analysis of the acquired AE data (i.e. the recognition
of a predefined number of momentary events in a continuous
signal flow) is performed with machine learning (ML)
classification. To perform this task, a gradient boost (GB) [9]
was applied to the pre-processed signal. GB is an extension of
a more general boosting technique [10], which is a branch of
ML that employs a number of weak classifiers to build a
strong one [9,10]. We chose the boosting technique for its
natural advantages when analyzing real-life data; namely:
insensitivity to outliers, easy scalability and resolution of the
non-linear cases due to its hierarchical architecture [10]. GB
enhances the boosting by involving a specialized
optimization, which introduces weak learners with a gradient
descent procedure, as a way to minimize some global loss [9].
An additional flexibility of boosting, and in particular for GB,
is in the introduction of a specific loss functions and
optimizations suiting at best the problem without changing the
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general framework [10]. We exploited fully the advantages of
this algorithm and the details are described below.
In GB, the training set includes a number of pairs
z = {Xi,Yi}, where Xi is an array with the attribute values (the
relative energies of the narrow frequency bands extracted with
DPT) and Yi is a specific classifier response to each predefined momentary laser welding event. The estimation of the
classifier mapping rule Yi = F(Xi) is a subject for the training
procedure. As already mentioned, the solution of the GB
problem is in minimizing the following functional [10,11]:
𝐶𝐶𝐶𝐶(𝐹𝐹𝐹𝐹) = 1�𝑛𝑛𝑛𝑛 ∑𝑛𝑛𝑛𝑛 𝐿𝐿𝐿𝐿(𝐹𝐹𝐹𝐹(𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖 ), 𝑌𝑌𝑌𝑌𝑖𝑖𝑖𝑖 )
(1)
where L() is a so-called loss function. We chose the loss
function among the common collection, used for classification
tasks that includes logistic, hinge and exponential functions
[10,11]. Those are suitable for binary cases {Y = ±1} and
fitted this study, where one against all strategy is applied to
resolve multiple categories. None of the aforementioned loss
functions gave advantages in the classification during tests. In
Table 3, the results are presented for logistic loss function:
L = ln(1-exp-YF(X)). The mapping rule F() is a linear
combination of a number of classifiers: 𝐹𝐹𝐹𝐹(𝑋𝑋𝑋𝑋) = ∑𝑛𝑛𝑛𝑛 𝑓𝑓𝑓𝑓𝑖𝑖𝑖𝑖 (𝑋𝑋𝑋𝑋). We
used binary decision trees where f() was a splitting rule in the
tree terminal nodes [12]. The solution for Eq. (1) can be
achieved using either the approximate identities [11,13] or the
mean least squares approximations [11,14]. Both approaches
had equal efficiency in solving Eq. (1) [11]. In this
investigation, the mean least squares approximation [14] was
taken without any prior preference. In all aforementioned
techniques, the gradient descent for Eq. (1) is carried out over
the function space, each iteration introducing a new f with a
specified direction that reduces the loss L in Eq. (1) [11]. The
pseudo scheme of the algorithm is given in Table 1 [14].
Table 1. Minimization of the functional through gradient descent [11]
For each m from the pre-defined number of iterations M:
Computation of 𝛻𝛻𝛻𝛻𝐶𝐶𝐶𝐶 = − 𝜕𝜕𝜕𝜕 𝐶𝐶𝐶𝐶(𝑌𝑌𝑌𝑌𝑖𝑖𝑖𝑖 , 𝐹𝐹𝐹𝐹(𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖 ))⁄ 𝜕𝜕𝜕𝜕 𝐹𝐹𝐹𝐹(𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖 ) , where
Step 1
𝐹𝐹𝐹𝐹(𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖 ) = 𝐹𝐹𝐹𝐹𝑚𝑚𝑚𝑚−1 (𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖 ) is taken from the previous iteration step
Update the mapping rule as: 𝐹𝐹𝐹𝐹𝑚𝑚𝑚𝑚 (𝑋𝑋𝑋𝑋) = 𝐹𝐹𝐹𝐹𝑚𝑚𝑚𝑚−1 (𝑋𝑋𝑋𝑋) + 𝜆𝜆𝜆𝜆𝑚𝑚𝑚𝑚 𝑓𝑓𝑓𝑓𝑚𝑚𝑚𝑚 (𝑋𝑋𝑋𝑋), and at
Step 2
the same time, computing the individual magnitude step λm and the
directions of fm that maximizes – 𝛻𝛻𝛻𝛻𝐶𝐶𝐶𝐶
Step 3

Assign m-1 to m and repeat Step 1

The search of the directions for each individual f that
maximizes -𝛻𝛻𝛻𝛻C (see Table 1, Step 2) is a separate sub-task of
the problem. While several strategies already exist [11,12,15],
our search of the most optimal one was done to fit best the
data from our laser welding experiments and it was the
objective of an additional sub-study. The aim was to check the
sensitivity of the classification trees on the final classification
performance within existing GB methodology [11,13,14].
The collected data could be uploaded at once into the
memory which included a limited number of signals. This
important aspect implied that the structure of the entire data
could be analyzed before its processing, avoiding a blind
search during hierarchical splits in f as described. This aspect
excluded the need to approximate the solutions which requires
specific methods and is employed for large datasets [15].
Taking advantage of this, we made a pre-processing to guide
the splits f during the optimization process (see Table 1).

3

The splits f of the input data into a number of subsets using
the terminal nodes and the features were obtained from the
tree leafs [12]:𝑓𝑓𝑓𝑓 = ∑𝑘𝑘𝑘𝑘 𝜆𝜆𝜆𝜆𝑖𝑖𝑖𝑖 1𝐴𝐴𝐴𝐴 , where λ and A are the weights
(normalized or not) and split partitions, respectively, k is the
tree depth [13,14]. The estimation of the optimal split is not a
trivial task [16] and two strategies were investigated, which
uses discrete and continuous attribute values. This implies
that, in the context of the wavelet spectrograms, those two
strategies break or keep the order of the narrow frequency
bands in the time domain and so are of interest for the
investigation. For the discrete case, the classical decision trees
CART [12] were taken. In CART, the optimal splits were
estimated through an exhaustive search among all possible
combinations minimizing some impurity (Gini) criterion [12].
The second strategy considered was the independent
component analysis (ICA) [17] for decision tree induction; in
particular, the tree architecture developed by Pajunen et al.
[18]. ICA has also the advantage of being able to recover the
data structure independently from the labels [18], which is not
a case in classical approaches [12,16]. This may result in an
efficient unsupervised training but this was out of the scope of
this study. ICA assumes that the observed data is a mix of
some unobserved components, expressed by a statistical
model [17]: X = As + ε, where ε is the mean-zero Gaussian
noise. The goals of ICA were to recover the mixing law A and
to extract the components s. In the classical approach used,
the solution is in minimization of the mutual information [17]:
𝐼𝐼𝐼𝐼 = log|𝐴𝐴𝐴𝐴| + ∑ 𝐻𝐻𝐻𝐻(𝑠𝑠𝑠𝑠𝑖𝑖𝑖𝑖 ) + 𝐻𝐻𝐻𝐻(𝑋𝑋𝑋𝑋)
(2)
where the entropy H characterizes the structure of the data
[17]. In ICA, the data with non-Gaussian distribution
possesses more structure than the one with a Gaussian
distribution. The de-mixing law W is an inverse of A and
provides a recovery of the independent components [17]:
𝑠𝑠𝑠𝑠 , = 𝑊𝑊𝑊𝑊 𝑇𝑇𝑇𝑇 𝑋𝑋𝑋𝑋
(3)
where s’ is the approximate of s. In the case of the binary
decision trees, the optimal direction of f can be identified from
Eq. (3) as a choice of a single element from W (e.g. a split
with the maximum non-Gaussianity) [18]. The solution for W
involves the expectation minimization as proposed by Pajunen
et al. [18] and the pseudo scheme is given in Table 2.
The ICA based trees included the information gain
stopping rule as proposed by Quinlan [19]. Its computation
was carried out using the entropy, evaluated during the ICA
procedure for each subset, leading to the computations in a
single thread flow.
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Table 2. Minimization of the functional through gradient descent [11]
For each n variables:
Estimate mean for a subset 𝑋𝑋𝑋𝑋𝑛𝑛𝑛𝑛 ↄ 𝑋𝑋𝑋𝑋 and make zero mean
Step 1
transformations [17]: 𝑋𝑋𝑋𝑋0 = 𝑋𝑋𝑋𝑋𝑛𝑛𝑛𝑛 − 𝐸𝐸𝐸𝐸{𝑋𝑋𝑋𝑋𝑛𝑛𝑛𝑛 }
Step 2

Partition into to sub-sets Xn1 and Xn2 using:

Step 3

Find W from Eq. 3 using ICA

Step 4

𝑊𝑊𝑊𝑊 𝑇𝑇𝑇𝑇 𝑋𝑋𝑋𝑋𝑛𝑛𝑛𝑛 > 0 or 𝑊𝑊𝑊𝑊 𝑇𝑇𝑇𝑇 𝑋𝑋𝑋𝑋𝑛𝑛𝑛𝑛 < 0

Repeat Step 1for the two subsets Xn1 and Xn2

Our technical developments were programmed in
Microsoft Visual Studio 2017 in language - C#. We used and
modified the code from the library CSharpLearning.NET [20].
The tests were made using a PC with i5 processor and 8 GB
RAM. The processing time for pre-processing and
classification of a single acoustic pattern was around 30 msec.
This time is sufficient for an in situ and real-time process
monitoring without specialized computational hardware.
2.4. Tests
The entire dataset had a total of 1’200 acoustic patterns
that were distributed between the four welding categories
according to: conduction welding – 300 patterns, stable
keyhole – 300, unstable keyhole – 500, and
spatter – 100.
The evaluation of the classification strategy of the laser
welding monitoring was made by dividing the dataset into two
different sub-sets: one for training and one for testing. The
two sub-sets had no common signals, which is exactly the
situation encountered during operation in real-time conditions.
3. Results and discussion
The classification results are given in Table 3. In this table,
the number in bold are obtained from GB [14] with ICA [18]
whereas the ones in bracket are from GB [14] with the
decision trees specified in CART [12]. The classification
accuracies in the table are defined as the number of true
positives divided by the total number of tests for each
category. These values are given in the diagonal cells of the
table (grey cells). The classification errors are computed as
the number of the true negatives divided by the total number
of the tests for each category. The corresponding values are
filled in non-diagonal row cells. For the category conduction,
the classification accuracy for ICA is as high as 95%. The
misclassifications are with the categories stable keyhole and
unstable keyhole, with errors of 3% and 2 %, respectively.
Based on Table 3, five observations can be made. First, the
classification accuracy ranges between 74 and 95%. This
demonstrates that our approach is a very promising
technology for in situ and real-time monitoring of laser
welding processes. Then, the classification accuracy decreases
as the welding penetration increases (see grey cells). Third,
GB with ICA has slightly higher classification accuracies as
compared to GB with CART. Forth, the training time was
reduced by 58% from 6 min to 3.5 min, respectively, which is
a key for real-life conditions. Finally, most misclassification
is with the neighbor category. This is certainly due to the fact
that there is not a sharp transition between the categories.
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Table 3. Classification results for the laser welding process monitoring. In
bolt, the results obtained from gradient boost [14] with ICA [18] and in
bracket using gradient boost [14] with CART [12].
Tests

Ground truth

1

2

3

4

95 (94)

3 (3)

2 (3)

0 (0)

2 - stable keyhole

3 (7)

89 (85)

8 (8)

0 (0)

3 - unstable keyhole

0 (2)

8 (3)

84 (89)

8 (6)

4 - spatter

3 (6)

8 (8)

11 (12)

78 (74)

1- conduction welding

4. Conclusions
In this contribution, we combined high-speed X-Ray
imaging, acoustic sensors and machine learning for in situ
monitoring of laser welding. High-speed X-Ray imaging was
used to correlate the acoustic emission (AE) signals with the
real processing events. We defined four categories;
conduction welding, stable keyhole, unstable keyhole and
spatter. The classifications were made using gradient boost
(GB) with both independent component analysis (ICA) and
with CART, which are state-of-the-art machine learning (ML)
techniques. The classifications accuracy ranged from 74 to
95%. This demonstrated that our innovative approach,
combining AE and ML, is really promising for in situ and
real-time monitoring of laser welding processes.
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