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Abstract: Laser machining can depend on the combination of many complex and nonlinear 
physical processes. Simulations of laser machining that are built from first-principles, such as 
the photon-atom interaction, are therefore challenging to scale-up to experimentally useful 
dimensions. Here, we demonstrate a simulation approach using a neural network, which 
requires zero knowledge of the underlying physical processes and instead uses experimental 
data directly to create the model of the experiment. The neural network modelling approach 
was shown to accurately predict the 3D surface profile of the laser machined surface after 
exposure to various spatial intensity profiles, and was used to discover trends inherent within 
the experimental data that would have otherwise been difficult to discover. 
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1. Introduction 

The physical processes that govern laser machining of a surface are particularly complex, 
including not only the light-matter interactions that transfer energy to the sample surface, but 
subsequent heat conduction, phase-changes of the sample material, dynamics of material in 
non-solid phases, re-deposition of material and so on [1–4]. The exact evolution of these 
processes will depend on many factors, including the sample type, as well as the particular 
intensity profile incident on the sample surface, which itself may have undergone diffractive 
effects that must be considered. In the case of laser machining using a pulsed laser source, the 
temporal interaction of the laser energy with the sample surface must also be taken into 
account, as different interaction effects become dominant for different pulse lengths and 
intensities. In the case of femtosecond pulses, where the removal mechanism is highly 
nonlinear and can include ionization as well as melting, the complexity is further increased. 
Whilst others [5–7] have started from photon-atom interactions, the highly nonlinear nature of 
the processes means that accurate predictions over larger areas are challenging, due in part to 
nonlinear demands on computing power as the number of atoms is increased. 

Rather than starting from fundamental physical processes and scaling up to simulate the 
effect of laser machining at experimentally useful size scales, the technique presented in this 
paper follows an empirical approach; starting from experimental data to model laser-
machined surface profiles after exposure to various spatially shaped laser intensity patterns. 
This approach is achieved via the use of a neural network (NN) that is trained on 
experimental images of laser machined surfaces, and which subsequently encodes a 
description of the laser machining processes. As shown here, the trained NN can then be used 
to simulate the experiment and hence predict the 3D surface profile that would result from 
laser machining of the material surface with previously unobserved intensity profiles. Whilst 
here the NN was trained to predict the 3D surface after three exposures of identically spatially 
shaped ultrafast pulses, this approach could be extended to non-identical pulses, or a 
continuous wave laser source, with appropriate training data. Three pulses were chosen in this 
work to ensure a high contrast in depths of machining. 

                                                                                               Vol. 26, No. 17 | 20 Aug 2018 | OPTICS EXPRESS 21575 



The concept demonstrated in this paper, as shown in Fig. 1, was to train a NN to transform 
a two-level (on or off) laser spatial intensity profile into a 3D surface profile of the laser 
machined surface. Rather than constructing a model from first principles, this NN approach 
required a data set of experimental images of the material surface when machined with a 
random selection of spatial intensity profiles. Therefore, this demonstration also offers a 
template for the modelling of other experimental systems where the underlying processes are 
unknown or are too complicated to model accurately. 

 

Fig. 1. Concept diagram of transforming a laser spatial intensity profile into a predicted 3D 
surface profile of the laser-machined surface, via a neural network. The input to the neural 
network was a laser spatial intensity profile, and the output was the predicted 3D laser-
machined surface profile. Added in the conceptual depth prediction are an imperfect flatness at 
the bottom of the machined structure, raised lip, or burr, around the perimeter, and redeposited 
debris, all typical of laser machining. 

2. Neural networks 

NNs [8] are a set of algorithmic systems that are created as an interconnected network of 
neurons, where each neuron receives, processes and then outputs information. Typically, a 
NN is formed of an input layer, a series of hidden layers, and an output layer. A NN can 
therefore be considered as a transfer function that maps information from an input domain 
onto an output domain. Rather than rigorously being programmed with exact representations 
of relevant processes, such as optical diffraction or melting effects, or even being instructed to 
search specifically for such representations, the NN takes a holistic approach – generating a 
transfer function that represents the combination of the physical processes occurring. In 
general, this internal representation is encoded via use of an algorithmic training procedure 
known as backpropagation [9], in which the weightings between the neurons are 
automatically modified. The training process requires a set of experimental data, known as 
the training data set, which contains input data and the associated output data. In this paper, 
the input data was a set of bitmap patterns uploaded to a spatial light modulator, used to 
spatially shape laser intensity profiles, and the output data was experimentally measured 
height profiles of the laser machined surface. During training, the NN was provided with 
input bitmap patterns used in the laser machining experiment, which it processed, and then 
produced a predicted surface height profile. The predicted output from a particular input 
bitmap was compared to the experimentally measured output for the corresponding input 
bitmap from the training data set, and the difference (i.e., the error) was determined. This 
error was propagated backwards through the NN, and the weightings of the neurons changed 
accordingly, and consequently the error was reduced for subsequent iterations. 

This work used a NN variant known as a conditional adversarial network (CAN) [10], 
which is particularly effective at discovering correlations and patterns within image data. This 
particular NN variant has the additional benefit that it can be trained to produce output data 
that is near-indistinguishable from data in the training data set [10]. A hierarchical series of 
convolutional processes occur within the network, which can enable the identification of the 
features that exist in the image data. During training, these convolutional processes are 
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automatically optimized in order to encode the transformation of features from the input 
domain to the output domain. The section of the NN devoted to this is known as the encoder-
decoder, while an additional section known as the ‘discriminator’ is trained to determine 
genuine results from computer-predicted ones. The encoder-decoder is then trained to both 
learn the transformation from input to output domains and to ‘fool’ the discriminator into 
judging predicted results as genuine. It is the presence of the discriminator which allows the 
NN to produce realistic features, rather than being trained to produce an ‘average’ result 
which may appear blurred. While an average result may capture many features of laser 
machining, other details may be difficult to discern: the distribution of debris and corrugation 
of burr for instance. In particular, the minimum resolution machined in a given structure 
would be difficult to predict from a blurred output. It is for this reason that the CAN 
architecture was chosen. The result is that the NN was able to encode a transformation that 
was dependent on the specific features present in the spatial intensity profile, as well as 
predicting realistic distributions of probabilistic detail, such as debris. The NN architecture 
was based on previous work [10] that was extended to a 512 by 512 pixel resolution using an 
additional convolutional layer. 

3. Experimental setup, data collection, and neural network training 

A fundamental requirement of training a NN is the collection of an appropriate training data 
set. Here, the goal was to train a NN to convert a chosen spatial intensity profile into the 
associated 3D surface profile of the laser-machined surface. To achieve this, two 
experimental components were required. Firstly, a laser machining setup, which provided 
control over the spatial intensity profile of the incident laser pulses. Secondly, a 
characterization setup, which could accurately measure the 3D surface profile of the sample 
after machining. The experimental schematics, along with three examples from the training 
data set are shown in Fig. 2. In the figure, the experimental 3D depth profiles show 
negative/positive values in nanometers, where positive values correspond to recast debris and 
burr. The background height of the sample was set to 0 nm height, and to make visual 
comparisons between predicted surface profiles easier, the color bars in the figure is limited 
between 150 nm and −300 nm. 
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Fig. 2. Experimental approaches for collecting appropriate training data, along with training 
data examples. Showing a) schematic of the laser machining setup, b) illustration of the sample 
characterisation method, and c) three examples from the training data set. 

The laser machining setup used a digital micromirror device (DMD), acting as an intensity 
spatial light modulator, to spatially shape single 150 fs, 800 nm, 1 mJ laser pulses from a 
Ti:sapphire amplifier. The pulses were attenuated and spatially homogenised (via a πShaper 
6_6) such that a uniform fluence of 2.8 mJ/cm2 was incident on the DMD surface. The shaped 
laser pulses were then imaged onto the target sample using a 50x objective, which increased 
the fluence to a level suitable for laser machining (in this case 1.8 J/cm2, a fluence 
comparable to that found for efficient material ejection by others [11]). The DMD was 
aligned such that a spatial intensity pattern corresponding to the layout of on (white in 
figures) or off (black in figures) pixels would be directed towards the sample. The capabilities 
of this experimental setup have been extensively discussed elsewhere [12–15]. The sample 
was an electroless nickel mirror (5 µm electroless nickel layer deposited on copper, LBP 
Optics Ltd.), which had an amorphous structure and was chosen to reduce grain boundary 
effects. The DMD patterns used for the training data set were generated by randomly 
combining lines and segments of circles. The 3D surface profiles were measured 
interferometrically using a Zygo Zescope, accurate to below 1 nm depth measurements [16]. 
Each lateral pixel in the depth profiles presented in this paper correspond to a distance of 64 
nm (though optical resolution on the detector was of order 500 nm), with each structure being 
approximately 30 µm across. A total of 165 data set pairs were created, similar to those in 
Fig. 2(c), and used for training. The training data set was augmented from 165 to 5000 images 
via random translation of the data in each training data set item [17]. The NN operated at a 
resolution of 512 by 512 pixels, and was trained for 100 epochs (where one epoch is defined 
as training on all 5000 images exactly once, and one iteration is defined as training on a single 
image) with a learning rate of 0.0003, batch size of 1, and total time of 3 days. The network 
was based on an encoder-decoder architecture, with 17 layers, and stride of 2, a 4 by 4 kernel 
size, and used a rectified linear unit activation functions, hence taking the image size from 
512 by 512, down to 2 by 2, then back up to 512 by 512. The encoder-decoder was based on a 
U-net structure [18], with skip connections between the mirrored layers. The discriminator 
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was formed of 4 layers of convolutional processes with stride of 2, taking the image size from 
256 by 256 down to 32 by 32, leading to a single output, via a sigmoid activation function 
that labelled realistic or unrealistic. 

4. Neural network validation 

In order to test the NN accuracy on real-world data, a data set that is separate to the training 
data set is generally collected. In this case this separate data set, known as the validation data 
set, was not used during training, and hence offered a test of the trained NN on unseen data. 
However, the validation data set was collected experimentally within the same time window 
as the training data. Two examples of input images (a high intensity white ‘X’ on a zero 
intensity black background, and an intensity-inverted ‘X’ – a black ‘X’ on a white 
background) from the validation data set are shown in Fig. 3. 

The surface profile predicted by the NNs after a series of training iterations, based on 
these inputs, are shown, to demonstrate the improvement achieved via backpropagation, 
where the figure shows (a) 50, (b) 5000, and (c) 50000 training iterations. In order to 
demonstrate the role of the discriminator, the top two rows in Fig. 3 show the output from a 
NN trained while the effect of the discriminator is turned off, and the bottom two rows show 
the output when the NN is trained with the discriminator on. When the influence of the 
discriminator is removed during training, the CAN architecture is effectively reduced to a 
convolutional neural network (CNN), a common architecture in image processing NNs. 

 

Fig. 3. Predicted surface profiles from both a CNN architecture (no discriminator, top two 
rows) and a CAN architecture (with discriminator, bottom two rows) after a) 50, b) 5000, and 
c) 50000 training iterations, showing distinct improvements in appearance. Training on each 
single image took about 250 milliseconds. Insets in (a) show the input bitmaps used by the 
NNs to predict the depth profiles. 
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The results in Fig. 3(a) are clearly distinguishable from the appearance of the 
experimentally measured results in Fig. 2(c). While the CAN outputs, in the bottom two rows, 
show raised burr at the perimeter interface between regions exposed and not exposed to the 
shaped intensity profile at this point of training (albeit overly uniform), as occurs in real laser 
machining, the CNN output shows little to no burr. Both sets of profiles improve, however, in 
Fig. 3(b), after 5000 training iterations. The CNN and CAN have introduced realistic non-flat 
bottoms to the machined structures, and the CNN has begun predicting burr. The CAN at this 
point has moved on to introducing non-uniformity to the burr, as well as scattered debris 
(evident on the background region of the machined ‘X’). In Fig. 3(c), the CAN has introduced 
yet more realistic non-uniformity to the burr, as well as distributing debris in a less ordered 
manner, both appearing consistent with real laser machining profiles, as will be seen in Fig. 4. 
The CNN, however, has failed to predict any noticeable debris after 50000 training iterations, 
and little change to the uniformity of burr has been made. With this in mind, the CAN 
architecture has been used for the remainder of this work. 

Figure 4 shows the remarkable similarity between predicted profiles in Fig. 4(a) and 4(c) 
compared with the experimentally measured 3D surface profiles in Fig. 4(b) and 4(d), after 
100 epochs (i.e., after training on all 5,000 images 100 times). The NN is clearly seen to 
accurately predict the depth, width, and even the cross-sectional profile of laser machined 
features. Features that are challenging to predict via analytical approaches, such as the height 
of burr, depth variations, and average depth are accurately reproduced. 

 

Fig. 4. Comparison of generated and experimentally measured images for spatial intensity 
patterns shaped into the letter ‘X’ in (a) and (b) respectively, and an inverted intensity ‘X’ in 
(c) and (d). Clear similarities are observed for both cases, in particular the depth, width and 
profile of the laser machined features, along with analytically difficult to predict features, such 
as burr height. 

The small differences between the predicted and experimentally measured profiles are 
attributed predominantly to each experimentally measured image corresponding to a single 
result produced on an experimental setup that was subject to random noise, such as 
fluctuations of the laser pulse energy or inhomogeneities of the sample. The NN output 
represents the outcome for the given encoding of the entire training data set, and so the effect 
of random fluctuations applied by the NN to an unseen input may differ from those present 
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when that input was used to predict experimental data for validation. Nonetheless, the NN has 
produced an extremely realistic result. 

5. Predictive analytics via the trained neural network 

The trained NN offers significant potential for predictive capabilities, as it can be used to 
produce the 3D surface profile that would likely result from laser machining using a wide 
variety of spatial intensity profiles, including, of particular interest, ones not used in the 
experiment that generated the training data. For the NN used here, the transformation from 
intensity profile to 3D surface profile typically took 250 milliseconds. Therefore, it was 
feasible to use this approach to predict the output for a large number of spatial intensity 
profiles and subsequently analyze the predicted 3D surface profiles to discover experimental 
trends that would otherwise have been onerous to collect. This approach can therefore also be 
considered as a method for reorganizing experimental data into a format more appropriate for 
human interpretation. For instance, suppose a relationship between the width of a projected 
circular intensity profile and machining depth was desired. Previously, an obvious way to 
investigate this relationship would be to use the DMD to project a series of incrementally 
larger circles at a sample, measure each depth, and determine an empirical relationship. Such 
a relationship is sought in Fig. 5 and Fig. 6, which used over 200 data points. This experiment 
would, indeed, take a roughly equivalent time to perform as the generation of the training data 
in this work, which contained 167 data points before automated augmentation. However, 
supposing the same relationship for projected square beam profiles of different sizes, or 
triangular profiles, was desired – an equally lengthy experiment and analysis would be 
required for each. Though there is an initial time cost in training the NN, almost no human 
labor is required, compared with the effort and specialized equipment required in aligning and 
characterizing a sample via the optical setup and profilometer, if each empirical relationship 
were sought through new experiments. With the trained NN, programmatically-generated 
input intensity profiles can be rapidly associated with likely output depth profiles. Rather than 
requiring additional experiments for each shape of beam profile, a likely empirical 
relationship can be found without further use of a laser, or indeed access to samples. The NN 
has effectively collated most, if not all, salient information to be gleaned from the collected 
data, and allows creative interrogation by a user. Such an interrogation is demonstrated 
below, to find a relationship between projected circular intensity profile diameter and depth of 
machining. 

Figure 5 shows the result of using the NN to simulate laser machining with a circular 
spatial intensity with various diameters. Figure 5(a)–5(d) shows the predicted 3D surface 
profile along with associated radially averaged cross sectional profiles, for diameters of 1, 3, 
5, and 7 µm respectively. As expected, the width of the machined features increases as the 
beam size is increased. However, the relationship between beam size and maximum depth is 
not monotonic, but rather the maximum depth is seen to decrease in value for beam diameters 
larger than approximately 3 µm. 
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Fig. 5. Predicted output from the NN when machining with a circular top-hat beam with 
diameter a) 1 µm, b), 3 µm, c) 5 µm and d) 7 µm, along with the radial averages of the profiles 
shown below each 3D profile. 

In order to investigate this relationship between beam size and machined depth, and to 
determine a physical cause, the expected intensity profiles after optical filtering through a 
simulated aperture at the Fourier plane were calculated (as in [13]). The resulting central 
intensity (in arbitrary units) with two simulated aperture lateral positions are plotted in Figs. 
6(a) and 6(b) respectively, and the depth of machining at the centre of the features as 
predicted by the NN is plotted in Fig. 6(c). 

 

Fig. 6. Calculated intensity at the central position on the sample as a function of beam 
diameter, as predicted by an optical filtering model in (a) and (b) and laser-machined depth 
predicted by the NN in (c). The optical filtering model predicts the intensity and the NN 
predicts the depths of machining. The simulated aperture used for optical filtering in (a) was 
shifted from a central position laterally by an amount corresponding to ~28 µm in the 
experiment to produce (b), and consequently more closely matches (c) than does (a), 
suggesting a previously unknown optical misalignment on the laser machining setup, 
discovered owing to the interrogation of the trained NN. 
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There will be some correspondence between the intensities predicted and the machining 
depths, though the additional physical effects mentioned in Section 1 would likely need to be 
included for an analytical model to accurately predict depth. Nonetheless, a maximum 
intensity at a beam diameter of ~5 µm is indeed discovered when accounting for optical 
filtering, in Fig. 6(a), showing some agreement with the NN predictions in Fig. 6(c) if 
increased intensity is assumed to result in increased depth. However, the modulation ratio of 
oscillations in Fig. 6(a) appear large compared to those in Fig. 6(c), and appear to cease after 
a beam diameter of 20 µm. The NN model then, appears to be accounting for additional 
effects. A misalignment with the aperture at the Fourier plane was introduced, a lateral shift 
which corresponded to ~28 µm misalignment, to produce Fig. 6(b), which show closer 
agreement with output from the NN model, showing smaller oscillations after the initial 
turning point in central depth, and almost no oscillation after 20 µm beam diameter in 
maximum depth. 

From this analysis, it appears that the NN had encoded the existence of a previously 
unrecognized misalignment on the laser machining setup. Though this phenomena can be 
explained analytically, as above, the flaw in the beamline would be unlikely to be discovered, 
much less explained, without the ability to rapidly interrogate the trained NN. 

To demonstrate the capability of the NN for analytics on further machining features, Fig. 
7 shows the predicted amount of material removed from the machined feature along with the 
amount of material recast as debris in the surrounding area, for various beam diameters. This 
was calculated by summing up the negative and positive pixel values in each predicted 
output, corresponding to removed and added material respectively. The percentage of 
material that is recast as debris is shown in Fig. 7(b), which shows a peak for a beam diameter 
around 5 µm corresponding to approximately 30% of material removed ending up as debris. 
This percentage decreases for larger diameters. 

 

Fig. 7. Further analytics generated via interrogation of the NN output: a) volume of removed 
material, and recast material as debris in the surrounding area, and b) percentage of removed 
material that is recast as debris. 

The information in Fig. 7 may be invaluable, depending on the needs of the laser process 
at hand. In pulsed laser deposition [19], any redeposited material on the original substrate is 
wasted, and hence minimizing this would lead to a more efficient process. Similarly, it is 
rarely advantageous to contaminate the surrounding material surface, or previously machined 
structures, with debris. If a 5 µm wide feature were to be machined, without the above 
information one might choose to machine the entire feature in a single exposure. However, if 
redeposited debris were a concern, Fig. 7(b) demonstrates that it may be better to stitch 
several 1 µm wide exposures together to form a final pattern. Conversely, in the production of 
nanofoam and other nanoparticles for instance [20–23], redeposited material is vital to the 
process, and selecting a beam size to maximize this would be beneficial. Further, laser-
induced transfer processes [24–27] may aim for parity between ejected and redeposited 
material from and to respective substrates. 
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This technique is therefore suitable for training on any laser process where a final surface 
profile is measurable, and is of interest. It could be used for the rapid testing of new control 
parameters, optimization, and diagnosis of faults, all without the requirement of additional 
laboratory testing. 

6. Conclusions 

We have demonstrated that an NN can be used to simulate the depth profile resulting from 
laser machining using previously untested spatial intensity profiles, directly from processing 
limited experimental data. Rather than requiring a systematic exploration of a particular 
feature type in the intensity profiles, such as parallel lines of different thicknesses and 
separations, or crossed lines meeting at a series of angles, a set of only 165 randomly 
generated spatial intensity profiles was sufficient for the NN to predict realistic results for 
unseen profiles. This is in contrast to the analytical approach of building up a model from 
first-principles, which can be challenging or even impossible to accurately scale up to 
experimentally useful sizes. The NN approach has the significant advantages of requiring 
zero understanding of the underlying physical processes and also being able to encode 
experimental quirks that might not have been possible to include in a purely analytical model 
(such as a misaligned beam in this case, which was an unknown factor at the time of 
experiment). This approach allows the extraction of experimental relationships and properties 
that might have otherwise remained hidden in the original experimental data. The NN 
therefore also acts as a powerful statistical device for discovering relationships between 
experimental parameters, as it effectively enables the reorganization of experimental data into 
a format more appropriate for human interpretation. This approach could enable modelling in 
challenging optical and physical systems and lead to the discovery of new relationships 
between parameters existing in experimental data. 
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