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Modelling of fibre laser cutting via deep learning
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Abstract: Laser cutting is a materials processing technique used throughout academia and
industry. However, defects such as striations can be formed while cutting, which can negatively
affect the final quality of the cut. As the light-matter interactions that occur during laser machining
are highly non-linear and difficult to model mathematically, there is interest in developing novel
simulation methods for studying these interactions. Deep learning enables a data-driven approach
to the modelling of complex systems. Here, we show that deep learning can be used to determine
the scanning speed used for laser cutting, directly from microscope images of the cut surface.
Furthermore, we demonstrate that a trained neural network can generate realistic predictions of
the visual appearance of the laser cut surface, and hence can be used as a predictive visualisation
tool.

Published by The Optical Society under the terms of the Creative Commons Attribution 4.0 License. Further
distribution of this work must maintain attribution to the author(s) and the published article’s title, journal
citation, and DOI.

1. Introduction

Laser materials processing is a non-contact technique that has industrial applications at large
scale [1] and small scale [2,3], including for energy storage [4], defence [5] and packaging [6].
The applications of lasers include cutting [7,8], welding [9], cladding [10], drilling [11] and
marking [12]. Fibre lasers are especially attractive in materials processing as they are compact,
energetically efficient and have good thermal properties [13]. High precision laser cutting is
of particular importance due to its wide applicability across many areas of manufacturing. In
general, the laser cutting process occurs in several stages. Firstly, the laser is used to drill a small
hole into the workpiece with a gas assisted jet blowing away the molten and vaporised material at
the hole. The laser then drills in further, with molten and vaporised material blown away through
the bottom. The nozzle scans across the sample once the workpiece has been fully pierced to
commence the cutting process [14].

Cutting with continuous wave (CW) lasers can cause striations and welts to form on the surface,
negatively impacting the quality of the cut [15]. The physical origins of these striations are
not well understood, but explanations include the unsteady nature of the laser cutting process,
variations in gas pressure, laser power fluctuations, as well as possible effects caused within the
molten material [10]. Modelling of laser cutting is challenging due to the highly non-linear nature
of laser cutting. Arai [15] has characterised the origins of laser cutting defects using thermal
models, while Bocksrocker et al. [16] have studied the correlation between laser parameters and
direction of laser melt. Miraoui et al. [17] have used analytical models of heat affected zones to
characterise the laser cutting of steel. Each of these involved the use of specialised measuring
equipment such as high-speed, high-resolution and specialised cameras.
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Deep learning has seen a significant level of interest recently, due to its ability to use a
data-driven approach to model complex phenomena directly from observed data [18,19]. The
tool used for machine learning is a neural network (NN), which acts as a universal function
approximator [20]. Convolutional neural networks (CNNs) are a type of neural network that
learns features from multi-dimensional datasets based on the spatial relationship between data
points (pixels), making them effective for analysing images [21–25]. CNNs are typically effective
at transforming an image into a numerical label. There are also CNNs that can make a prediction
of an image based on numerical data, known as generators [26,27]. A generator learns to
transform a random seed into the associated output. A separate discriminator network then
determines whether a given output is an experimental measurement or a prediction. During
training, the generator and discriminator compete against each other and therefore, both improve
at their assigned task. Neural networks that use this arrangement are called generative adversarial
networks (GANs) [27–30]. A GAN whose generator takes an input based on experimental
conditions is known as a conditional generative adversarial network (CGAN) [31]. As the exact
patterns of striations produced in laser cutting are difficult to model, deep learning is a useful
tool to predict the appearance and trends of physical defects formed along the cut, with initial
results already shown in the literature [15].

Deep learning has been applied to laser processes in recent years such as laser cutting [32–36],
welding [8,37–40], fabrication [41,42] and machining [43–51]. Deep learning has also been
widely applied to image data [52–57]. Yilbas et al. [32] have been able to use deep learning
algorithms to classify striations into normal, increasing, decreasing or cyclical patterns using
thermal modelling data as input. Santolini et al. [34] used multisensory numerical data from
laser cutting parameters to estimate the quality of the cut. Similar demonstrations have been
made with laser welding [37,38] and fabrication [41,42]. Mills et al. [48,50] have improved
on this by analysing image data with deep learning. Here, we demonstrate the application of
machine learning techniques for classifying laser cut surfaces from their defects and for making
visual predictions of laser cutting outcomes under different laser parameters using microscope
image data.

In this work, the application of machine learning techniques is demonstrated for classifying
laser cut surfaces from their defects and for making visual predictions of laser cutting outcomes
under different laser parameters using microscope image data. The two key objectives were to
develop i) a CNN that can classify samples of stainless steel cut by fibre laser according to the
cutting speed used, and ii) two CGANs that can accurately predict the appearance of stainless
steel samples cut by a fibre laser. Section 2 contains a description of the laser cut surfaces and
how they were imaged. Section 3 details how machine learning techniques were used to analyse
the microscope image data collect from the laser cut surfaces. Sections 4 and 5 contain methods
and results for visual feature classification and predictive visualisation respectively. Conclusions
are given in Section 6.

2. Laser cutting and sample imaging

For the cutting, a 6 kW fibre laser was used with multi-mode output delivered via a Ø100 µm fibre.
The processing workstation was a TRUMPF TruLaser 1030 flatbed cutting machine fitted with a
Precitec ProCutter cutting head which had magnification 2.0x using high pressure nitrogen as the
co-axial assist gas. Ten stainless steel samples were laser cut at speeds of 15–24 m/min with
under 12 bar of N2 assist gas pressure and a nozzle diameter of 2 mm, with a beam diameter of
200 µmm (1/e2). The cutting nozzle head had a stand-off distance of 1 mm which was maintained
using a capacitive height sensor and with a focal position that would have been 2 mm below the
metal surface. Each sample had a length of 116.0 mm, a thickness of 2.0 mm and a width of
9.5 mm. As indicated by the schematic in Fig. 1(a), the edges of the cut samples were imaged
using reflective microscopy on a GBS SmartWLI microscope (Omniscan) with a Nikon 5x
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objective lens. Images with resolution 3000× 2000 pixels and size of 3.4× 2.8 mm were recorded
along the length of each sample. Each sample was imaged at 12 locations giving 12 images
per sample and 120 unprocessed images. Fig. 1(b) shows an example microscope image where
the dark blue box highlights an example of image data used for deep learning. As observed in
the figure, the blue box is positioned over the regions of the sample that were in focus. The
microscope illumination was from above, and hence brighter regions correspond to regions of
high reflectivity on the sample while darker regions correspond to regions with low reflectivity.

Fig. 1. Flowchart showing the process of imaging stainless steel cut with a fibre laser and
converting it into data appropriate for machine learning. The stages of the flow chart consist
of a) laser cutting with a fibre laser and b) an image of the edge of stainless steel rod cut by
a fibre laser at a given scanning speed. In a) a stainless steel rod is cut from a 2 mm thick
sheet by a fibre laser at 2 kW at 1075 nm, which is then imaged under a 5x microscope. In b)
there is a 2.8× 2.0 image of the laser cut stainless steel surface. Each images was cropped to
remove unnecessary data. The red arrow shows the direction of the laser beam while the
black arrow shows the direction of scan. The blue box indicates an image section used for
machine learning.

Figure 2 contains examples of image sections from samples cut at different speeds, illustrating
the variation in appearance and defects that occurs with different cutting speeds Defects include
striations, which have a spatial structure that has a regular, periodic and consistent appearance,
and welts, round and elongated defects seen in the bottom half of Fig. 2 f-j, which appear more
randomly. As seen in Fig. 2, angled striations are formed at the top of the sample starting at the
top right corner and ending at the bottom left corner of each image section. Welts are seen in the
bottom half of image sections of speeds of 19 m/min and above. The vertical position in the
image sections at which the welts start to appear increases with speed, which is consistent with
previous studies [58].
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Fig. 2. Examples of stainless steel samples cut by a fibre laser (experimental measurements)
at a) 15, b) 16, c) 17, d) 18, e) 19, f) 20, g) 21, h) 22, i) 23, and j) 24 m/min.

3. Application of neural networks for classification and predictive visualisation

For neural network processing, 668× 256 pixel image sections were randomly selected from
larger images. They were separated into thirds producing 3 separate images that were then
vertically concatenated to form a 3D matrix, equivalent to the approach used for RGB channels
in a colour image, to produce a 256× 256× 3 matrix. This ensured that the input to the network
was square (i.e. 256× 256) and hence allowed the usage of well-established neural network
architectures that make use of RGB channels (i.e. 256× 256× 3). To ensure continuity across
the separated thirds, there was a 50-pixel overlap between the top and middle thirds of the image
section and a 50-pixel overlap between the middle and bottom thirds of the image section to
minimise the boundary seen when generating image sections. Image sections were used to
capture the maximum amount of vertical information, as this allowed for the best representation
of striations, while retaining the ability to turn these image sections into 256× 256× 3 matrices.
Using the full width of the sample would have limited the continuity between thirds and would
have reduced the quality of the predictions.
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In this work, the two key objectives were to develop i) a CNN that can classify samples of
stainless steel cut by fibre laser according to the cutting speed used, and ii) two CGANs that can
accurately predict the appearance of stainless steel samples cut by a fibre laser. Samples cut at
different scanning speeds have characteristic defects due to effects such as propagation of heat
and the flow of molten material during the cut. In i) the CNN used these defects to classify each
image section by cutting speed. In ii) there were two networks used: a “predictive” network to
predict the appearance of the laser cutting edge using the laser cutting speed, and a “chaining”
network to predict the appearance of the laser cutting edge using an image section of an adjacent
area of the laser cutting edge. A CGAN capable of accurately predicting defects formed during
the laser cutting process could be used to identify and optimise key parameters for a specific task
and assist in understanding how these parameters influence the physical processes that occur in
laser cutting. Predictions were made using an image section of the edge of a laser cut stainless
steel sample as in input. These predicted image sections were then used as inputs to make further
predictions on the appearance of subsequent portions of the laser cut edge. These processes are
shown in Fig. 3.

In Fig. 3 there are diagrams showing the intended functioning of the neural networks used.
The purpose of a network that can accurately predict the cutting speed of an image section of
stainless steel as in Fig. 3 a) is to determine whether each cutting speed produces defects unique
to that cutting speed, such that they can be distinguished from one another. Results for this are
presented in section 4. A network to predict the appearance of defects produced during laser
cutting based on laser cutting speed (Fig. 3 b) could then be used to identify correlations between
cutting speed and defects produced in cutting, as shown in 5.1. A network such as that in Fig. 3 c)
could then use a predicted image section to predict the appearance of a subsequent image section

Fig. 3. Diagram showing the functioning of the neural networks used for modelling of
laser cutting data. a) A classification network that to predict the cutting speed of a laser cut
sample from an image section from that sample. b) A predictive network that to predict
the appearance of an image section of a laser cut sample based on the cutting speed of that
sample. c) A chaining network used to predict the appearance of an image section from an
image section of an adjacent location on the laser cut sample. d) A combination of b) and c)
to predict the appearance of a section of the laser cut edge of stainless steel using predicted
image sections from laser parameters.
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of laser cut stainless steel without the use of experimental data as an input. Fig. 3 d) Then shows
how Fig. 3 b) and c) can be combined to predict the appearance along a longer section of the
laser cut stainless steel edge, using only predicted data as an input. Results for this are shown in
5.2. As CGANs visualise the most likely outcome of laser cutting under at the corresponding
cutting speed, predictions made by CGANs are not expected to be identical to experimental data.

4. Feature identification

The purpose of this section is to demonstrate that a CNN can accurately determine laser cutting
speeds using image section of the cutting edge. The CNN receives an image section of the
laser-cut edge of a stainless steel sample as an input, with the output being a prediction of the
speed at which that sample was cut Each stainless steel sample was cut at a speed ranging from
15 m/min to 24 m/min. Microscope image data were collected for each sample, with the cutting
speed contained in the filename for each image. During training, when presented with an image,
the cutting speed was extracted from the filename and used as a label. In machine learning, a
label is a term used to describe each category of data to be classified. 100000 image sections
such as those shown in Fig. 2 were produced using the method described in section 3. Of those
100000 image sections, 90024 image sections were used for training and 9976 were used for
testing. Training and testing samples were taken from different pools of larger images to prevent
overlap.

The CNN used to classify the image sections had an architecture consisting of six convolutional
and pooling layers and three fully connected layers. The final layer had ten nodes, with one for
each output speed. The output was therefore a one-hot encoded vector with ten elements, each a
probability value indicating the confidence of the CNN in assigning an image section to a given
class, with the highest probability assigned to the class in which the CNN had the most confidence.
The loss function used for the classification CNN was sparse categorical cross-entropy with
accuracy used as a metric. The optimizer used was Adam with a learning rate of 0.0001.

The CNN was trained for 10 epochs on 90024 image sections and tested on 9976 image
sections. After training, the CNN was used to make predictions of the cutting speeds for the
test data. The classification accuracy of predictions for the CNN was 99.9% with 9967 correct
predictions and 9 incorrect predictions out of 9976 test image sections. Fig. 4 shows a confusion
matrix comparing the predicted cutting speed of an image section with the experimental cutting
speed of that image section. Darker regions indicate areas of higher correlation, and hence in the
event of a perfect correlation, i.e. perfect accuracy, a single dark line along the diagonal going
top-left to bottom-right of the matrices would be seen.

For the classification CNN, almost all values fall along the diagonal across the confusion
matrix. This near-perfect correlation indicates that each cutting speed has unique defects that can
be used for identification. As such, this indicates the possibility of modelling the appearance of
the laser cutting process by analysis with NNs using image data. Given that NNs could associate
defects with laser parameters, NNs could also be used to predict the parameters for a desired
laser cutting edge, as well as showing potential for real time monitoring of defects.
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Fig. 4. A confusion matrix comparing the cutting speeds predicted by the CNN to the
experimental cutting speeds corresponding to those sample. For underlying values see
Dataset 1 Ref. [59].

5. Predictive visualisation of laser cutting

Two modelling approaches were used for predictive visualisation and are covered in their
respective sections. In both cases, a standard Pix2Pix architecture [60] was used for the CGAN,
with a modified L1 loss. Instead of using the mean difference between the experimental and
predicted image sections as a measure of performance, the CGAN used the sum of the mean of
the left half of the image section and the mean of the right half of the image section. This was
found to enhance the matching of defects between predicted image sections and experimental
image sections, as defects seen in the left and right half of each image section follow the same
distribution. As with feature identification, 100000 image sections, such as those seen in Fig. 2,
were used for training and testing. In both cases, the CGANs were trained on data of samples of
cutting speeds 16 m/min, 17 m/min, 18 m/min, 19 m/min, 21 m/min, 22 m/min, and was tested
on image sections of samples of cutting speeds 15 m/min and 20 m/min. The testing speeds were
chosen to be outside and inside the training speed range, respectively, to check for differences
in predictability for speeds within the experimental range and outside the experimental range.
Whilst it would be possible to predict the appearance of samples at speeds that were used in
training, such predictions would generally be considered to not be a true representation of the
predictive capabilities of the network, as the network would have already observed examples of
such images. For this reason, only speeds that were not used in training were used to evaluate the
effectiveness of this neural network approach.

https://doi.org/10.6084/m9.figshare.15050154
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5.1. Parameter to image visualisation

The purpose of this section is to demonstrate that a CGAN can accurately predict the appearance
of the edge of a laser cut stainless steel sample, from the laser parameters used. For the predictive
network, the experimental input was a 768× 256 matrix, where the pixel values in each third
represented one of the input parameters. The top third corresponded to the cutting speed of the
sample, the middle third corresponded to the position along the length of the sample, and the
bottom third corresponded to the vertical and horizontal positions of the image section on the
larger image. Position of imaging site Images, such as the one shown in Fig. 1(b), were collected
at multiple positions along the cut edge of the stainless steel samples shown in Fig. 1(a); these
positions will be referred to as the imaging sites. For each imaging site it is possible to designate
multiple cropped regions as a means of augmenting the data sent to the NN (an example of a
cropped region is shown by the blue box in Fig. 1(b). Cropped regions are referred to by the
horizontal and vertical pixel coordinates of their lower left corner (relative to the bottom left of
the overall site image). The predicted output was a 668× 256 pixel image section corresponding
to the predicted appearance of the laser cut edge at the positions specified by the input parameters.
An example of this input is shown in Fig. 5.

Fig. 5. Example of an input for the modelling of laser cutting.

As shown in Fig. 6, predictions made by the predictive network were visually similar to the
corresponding experimental image sections. Fig. 6(a) and Fig. 6(b) show experimental and
predicted image sections of the laser-cut edge of a stainless steel sample cut at 15 m/min. Fig. 6(c)
and Fig. 6(d) show experimental and predicted image sections of the laser-cut edge of a stainless
steel sample cut at 20 m/min. During laser cutting, a molten front forms under irradiation from
the laser, at an angle relative to the vertical irradiation of the laser. The steepness of this angle is
related to the cutting speed, with slower speeds producing shallow angles and vice versa. At a
steeper angle, the volume of molten material is larger at the bottom of the cut than for shallow
angles. Given that this material is also heated it will expand and possibly melt material further
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below as well, producing welts. Therefore, the number and size of welts is related to the cutting
speed, and hence faster cutting speeds generally produce more welts. There are fewer welts in
predicted image sections as these defects are generated more randomly than striations, due to
their lower position in the cut and that they are generated as a function of the light-gas-matter
interaction. As such welts represent a more difficult feature to model due to the increased
variability of their appearance when compared to the variability of the appearance of striations
and the complexity of the mechanism that generated them. Despite the reduced welt-feature
reproduction at the speed of 20 m/min (Fig. 6(d)), it is clear that there are more welt-features
predicted than at the lower speed of 15 m/min (Fig. 6(b)), in good qualitative agreement with the
fact that more welts are produced as the cutting speed is increased. Predicted image sections
are not expected to exactly reproduce the appearance of experimental image sections, because
of CGANs predicting the most likely appearance of an experimental image section. Striations
and the presence of welts are reproduced while individual welts are reproduced with the correct
distribution. There is a boundary seen between each third of the predicted image sections, caused
by the predictive network learning different defects for each third of the image section and in
some cases not matching up properly with the subsequent third. This is seen more clearly for
predictions of v= 20 m/min, as the defects contained within the bottom third were more varied
than for predictions of v= 15 m/min, which has very similar striations throughout the whole
sample.

In this study neural networks were trained to predict the overall appearance of the edge of
laser-cut stainless steel, for different cutting speeds. For example, features such as the angle and
position of striations and other defects are learned, however, it is not expected that the NN will
precisely predict the exact location of these defects. The cutting speed is one of many parameters
that influence the appearance of the cut, with others including gas pressure and position of the
focusing lens. As such, the NN with make realistic predictions about the appearance of the laser
cut edge based on the laser cutting conditions used to cut. The objective of this study was to
evaluate the potential for using neural networks to assist in predictive visualisation for fibre laser
machining.

Figure 7 contrasts the statistical distributions of the experimental data with predictions made
by the prediction network. Fig. 7(a) shows the distribution of dark areas between experimental
and predicted image sections (for both v= 15 m/min and v= 20 m/min). Dark spots were chosen
since most of the samples contained mostly bright areas, therefore darker spots were easier to
quantify. In both cases, the distributions of defects in the predicted image sections match with
the experimental ones; with both sets of image sections containing mostly dark spots of less
than 0.03 mm. There is a larger divergence between experimental and predicted curves for 15
m/min than for 20 m/min The dark and bright spots were consistent across all samples, as each
sample was imaged under the same microscopy conditions, such as the illumination strength and
the position of the sample. Furthermore the reflectivity and topography of the sample defects
is dependent on the laser cutting parameters, and therefore will have a unique appearance. As
such the dark and bright spots are a function of the laser cutting parameters and as such are
systematically produced. Fig. 7(b) shows the statistical distribution of pixel values, indicating
how bright a pixel is, for both experimental and predicted image sections (with v= 15 m/min and
v= 20 m/min). For v= 15 m/min, the general shape of the curve for predicted image sections
follows the same trend as the pixel distribution for experimental image sections, although it is
slightly higher for bright spots and lower for darker spots. For v= 20 m/min, all critical points
match between the predicted and experimental distributions. The bottom set of plots show
histograms of distribution of striation angles for both experimental and predicted image sections,
with Fig. 7(c) corresponding to v= 15 m/min and Fig. 7(d) to v= 20 m/min. Each data point
shows the number of image sections that contained striations at that angle.
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Fig. 6. a) Experimental and b) predicted image sections for stainless steel samples cut at 15
m/min, and c) experimental and d) predicted image sections for stainless steel samples cut at
20 m/min.
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Fig. 7. a) Plot showing the correlation between the size of dark spots on an image section
and the percentage of the image section that they occupy, averaged over 500 image sections
of samples cut at 15 m/min and 20 m/min. b) Plot showing the average pixel distributions for
image sections of samples cut at 15 m/min and 20 m/min. c) and d) are histograms showing
the distribution of angles for samples cut at c) 15 m/min. d) 20 m/min. The values for these
results are available for a) in Dataset 2, Ref. [61], b) in Dataset 3, Ref. [62], c) in Dataset 4,
Ref. [63] and d) in Dataset 5, Ref. [64].

Each image was rotated by 360°, in angle iterations of 0.1°. At each iteration, all pixel
intensities were summed along the vertical direction, producing a 1-D vector containing the
sums of all pixels. The value of the angle that returned the 1-D vector with the highest standard
deviation was determined to be the striation angle. All angles were measured clockwise from the
vertical plane. For v= 15 m/min, the average angle measured for experimental image sections
was around 25 degrees and for predicted image sections the angle was around 30 degrees. For
v= 20 m/min, the average angle in experimental image sections was 33.9 degrees and in predicted
image sections was 33.6 degrees. There are experimental outliers on the edges of the distribution
caused by the presence of welts limiting the accuracy of striation angle measurement. The peak
value experimental image sections reached 45 counts, however, the axis ranges chosen in Fig. 7(c)

https://doi.org/10.6084/m9.figshare.15050157
https://doi.org/10.6084/m9.figshare.15050136
https://doi.org/10.6084/m9.figshare.15050142
https://doi.org/10.6084/m9.figshare.15050148
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excluded this data point in order to show more clearly the shape and overlap of the distributions
at lower counts. The higher difference between the experimental and predicted dark spots, pixel
distributions and angle of striations for 15 m/min than 20 m/min is likely due to 15 m/min being
outside the range of speeds prediction network was trained on. Defects produced at 15 m/min
cutting speed fall outside of the distribution of features used to train the prediction.

5.2. Image to adjacent image visualisation

The purpose of this section is to demonstrate that a CGAN can accurately predict the appearance
of the laser-cut edge of a stainless steel sample, from an image section of an adjacent region on
that sample. The chaining network is so-called because of the translational overlap between its
inputs and outputs, allowing the network to “chain” by using its previous output as its next input.
The initial input to the chaining network is a predicted image section, such as those produced in
5.1. The output of the CGAN is a 668× 256 pixel image section, where the left half corresponds
closely with the right half of the input image section and where the right half of the output image
section is an extrapolation predicted by the neural network. The input and output of the CGAN,
therefore, have a 50% overlap. The output may then be fed back into the chaining network as
its next input, which then produces the prediction for the next 50% of the image section. By
chaining, in this manner, multiple times, it is possible to build up a prediction along a longer
image section of the laser-cut edge. Image sections made by the prediction network in 5.1 were
fed into the chaining network and used to predict image sections of the laser-cut edge for different
cutting speeds, as shown in Fig. 8.

In Fig. 8 there are examples of predictions of a sample based on adjacent image sections. In
a) we can see that regular striations have been predicted by the chain network for 15 m/min.
Comparing with b) regular striations are seen and angles are partially reproduced. In c) we can
see that the striation patterns for 20 m/min are more varied than 15 m/min, as well as more welts
at the bottom. In d) we can see that the striation patterns have been reproduced with the angles
matching, as well as welts seen at the bottom of the image section. As each CGAN predicts the
most likely outcome for a given image section, it is expected that the predicted image sections
will not exactly match the experimental image sections. The predictive network was used to
predict the cut-face appearance from the laser machining parameters, as shown by the images in
Fig. 6. The chaining network was used to predict the appearance of an image the cut surface
based on an image of an adjacent image section to the left of the location to be predicted (i.e.
it additionally accepts an image input and thereby allows creation of image features that are
consistent from one section to the next). This is achieved by overlapping the right half of the
input image with the left half of the output image. Critically, the chaining network can function
either with real experimental images as input or with images created by the predictive network.
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Fig. 8. Examples of predictions made by the chaining network with corresponding examples
of experimental image data. The yellow highlighted boxes indicate the input to the chaining
network with the red boxes indicating predictions made from the adjacent predictions. a)
Predicted image section for 15 m/min. b) Experimental image section of 15 m/min. c)
Predicted image section of 20 m/min. d) Experimental image section of 20 m/min.
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6. Conclusion

In conclusion, a classification CNN and two predictive visualisation CGANs were used to model
the appearance of image sections of samples of stainless steel cut by a fibre laser at speeds
of 15 to 24 m/min in steps of 1 m/min. The classification CNN was able to classify image
sections of samples by cutting speed based in the physical defects of each sample, with an
accuracy of 99.9%. Due to experimental variability, predicted image sections are not expected to
reproduce experimental image sections exactly. The prediction network was successfully able to
reproduce defects contained in experimental image sections such as striations, as well as other
welts. Predictions made using the chaining network were also successful in reproducing the
defects that occurred during the cutting process.

The advantage over previous methods of the methods proposed here is that they demonstrate
that NNs can accurately correlate defects produced in laser cutting to a single laser cutting
parameters without theoretical modelling. Once trained, neural networks have the capability of
operating very quickly (20 ms for CNNs and 60 ms for CGANs). It is therefore feasible that such
modelling capability could be combined with real time monitoring of laser cutting to provide
predictive visualisation. Correlation of physical defects with laser parameters could then enable
prediction of failures in the cutting process before they happen. More immediately, the capability
to predict the visual appearance of laser-cut surfaces could be highly beneficial for parameter
optimisation, such as for producing a desired appearance on the laser-cut edge.
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