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Abstract

The quality of parts produced through laser powder bed fusion additive manufacturing can be irregular, with complex
geometries sometimes exhibiting dimensional inaccuracies and defects. For optimal part quality, laser process param-
eters should be selected carefully prior to printing and adjusted during the print if necessary. This is challenging since
approaches to control and optimize the build parameters need to take into account the part geometry, the material,
and the complex physics of laser powder bed fusion. This work describes a data-driven approach using experimental
diagnostics for the optimization of laser process parameters prior to printing. A training dataset is generated by col-
lecting high speed photodiode signal data while printing simple parts containing key geometry features with various
process parameter strategies. Supervised learning approaches are employed to train both a forward model and an
inverse model. The forward model takes as inputs track-wise geometry features and laser parameters and outputs the
photodiode signal along the scan path. The inverse model takes as inputs the geometry features and photodiode signal
and predicts the laser parameters. Given the part geometry and a desired photodiode signal, the inverse model can
thus determine the required laser parameters. Two test parts which contain defect-prone features are used to assess
the validity of the inverse model. The use of the model leads to improved part quality (higher dimensional accuracy,
reduced dross, reduced distortion) for both test geometries.
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1. Introduction

Laser powder bed fusion (LPBF) is an additive man-
ufacturing (AM) method wherein a laser scans over a
thin layer of metallic powder. The heat deposited by
the laser melts and selectively fuses the layer and the
process is repeated to form larger structures of a de-
sired shape. This process enables the creation of com-
plex and unique parts which cannot be manufactured by
conventional means [1, 2]. However, parts produced us-
ing LPBF can be prone to defects such as pores, spat-
ter, cracks, underfill, and balling [3-5] and can some-
times suffer from dimensional inaccuracies. Robust and
generalizable approaches to optimize the manufacturing
process are needed to ameliorate part quality and fully
realize the potential of AM [6].

Laser process parameters (e.g., beam size, power,
scan velocity, and scan path) should be determined for
each geometry and material considered. However, in-
cluding the complex, geometry-dependent physics of
laser powder bed fusion into the process parameter op-
timization is extremely difficult. Numerous research ef-
forts in LPBF process parameter control are ongoing,
and the most common strategies consist of feedback
control using in situ sensor data [7-10], model-based
feed forward control [11-16], and distortion compen-
sation [17-21]. Feedback control uses sensor signal
to modify the process parameters during the printing
process. Feed forward control uses information from
physics-based and/or data-driven models to determine
the parameters prior to printing.

Physics-based simulations can be used to determine
the optimal process parameters prior to printing. How-
ever, high-fidelity simulations of the part-scale manu-
facturing process — while very valuable to capture the
detailed physics of the process — can be overly compu-
tationally expensive [22]. Simulations of practical ge-
ometries typically require simplifications such as layer
agglomeration [23], surrogate models [24, 25], and
semi-analytical approaches [26, 27] to reduce the com-
putational cost. Despite these simplifications, physics-
based simulation results can provide valuable insight
into the physics of LPBF and guide the choice of the
process parameters.

Additionally, in situ monitoring of the melt pool sur-
face temperature using pyrometry or photodiode sen-
sors can be used to detect defects or inform the choice
of laser parameters [10, 28]. For example, Forien et
al. [29] illustrated that the amplitude of pyrometer sig-
nal varies with laser parameters and can be used to iden-
tify keyholing, which leads to pore creation. Thom-
bansen et al. [30] also used pyrometry to detect defects

at the extremities of stainless steel scan tracks. Berumen
et al. [31] detected keyhole pores and lack-of-fusion de-
fects using high speed photodiode measurements of the
melt pool surface.

In recent years, the use of machine learning (ML) in
additive manufacturing applications has gained popu-
larity. For example, machine learning used in combi-
nation with optical diagnostics for quality monitoring
and process control has gained popularity. Gobert et
al. [32] used supervised learning for in situ defect de-
tection using high resolution images of the build layers.
Shevchik et al. [33] used an acoustic emission sensor
processed with a spectral convolutional neural network
for quality monitoring. Ye et al. [34] used deep belief
networks to classify melted states in images obtained
with a near-infrared camera. Okaro et al. [35] used pho-
todiode data and semi-supervised learning for fault de-
tection. Taherkhani et al. [36] used a photodiode-based
machine learning algorithm to detect pores. Yadav et
al. [37] coupled photodiode data with powder bed im-
ages to train convolutional neural networks to quantify
defects. Zouhri et al. [38] used machine learning to
link the optical signal of a layer to the density of the
final part. Scime et al. [39] used a convolutional neural
network to perform anomaly detection and classifica-
tion using layer-wise powder bed imaging data. Yuan
et al. [40] used a convolutional neural network to pre-
dict the properties of LPBF tracks from in situ video
data. Machine learning has also been used to accelerate
or replace physics-based simulations. Ren et al. [41]
trained neural networks for thermal field predictions of
laser scanning paths using simulations data. Mondal ez
al. [42] combined a physics-based analytical model and
machine learning to predict the optimal process param-
eters for melt pool geometry control.

While the majority of previous studies combining op-
tical diagnostics and machine learning focused on qual-
ity assessment (e.g. detecting defects and anomalies),
the present work proposes a data-driven approach for
the a priori selection of LPBF process parameters. The
present study focuses on two key process parameters;
the laser power and the laser velocity. It should be noted
that over 50 process parameters can influence part qual-
ity [43] and optimizing additional process parameters
should be the subject of future work. Training parts
with relevant geometry features are printed while col-
lecting high speed photodiode signal data. Process pa-
rameters used to print the training parts are varied over
a wide range of values. Machine learning techniques
are used to build two models, a forward model and an
inverse model. The forward model predicts the photodi-
ode signal along the scan path given track-wise geom-



etry features and laser parameters. The inverse model
predicts the laser parameters given the geometry fea-
tures and photodiode signal. The inverse model thus
optimizes the laser parameters to achieve a desired pho-
todiode signal given the local geometry features. While
the trained models are dependent on the experimental
setup (printer, sensor, material), the methodology can be
generalized to a different printer or a different material.
The efficacy of the inverse model for process parameter
optimization is quantified by testing it on two validation
parts unlike those used to generate the training data. To
our knowledge, this is the first study to demonstrate the
use of a photodiode-based machine learning model for
the prediction of laser parameters and quantify its per-
formance in complex parts which contain a variety of
difficult-to-print features.

It should be emphasized that the present approach
aims to determine a priori the laser process parame-
ters for a given geometry. Feedback control approaches
using a sensor signal to modify the process parameters
during printing can potentially allow more accurate con-
trol of the LPBF process. Feedback control approaches
for LPBF parameter selection have been proposed with
model-assisted controllers [44, 45] and machine learn-
ing techniques [46, 47]. However, feedback control ap-
proaches require the ability to process the sensor sig-
nal in real-time and to make on-the-fly adjustments to
the laser power and velocity. Many commercial LPBF
printers do not allow user changes to the laser parame-
ters during printing. Our “a priori” approach does not
have such requirements. Furthermore, the present work
and feedback control approaches are complementary:
the data-driven model can be used “a priori” to deter-
mine the initial laser parameters, and a feedback con-
troller can be deployed during printing to further adjust
the laser parameters.

The paper is organized as follows. First, the exper-
imental methodology used for laser powder bed fusion
additive manufacturing and photodiode data collection
is described in Section 2. The machine learning mod-
eling approach and its performance on the the training
data is presented in Section 3. Finally, the inverse model
is used to optimize the laser parameters for test parts in
Section 4, and the conclusions and future work are dis-
cussed in Section 5.

2. Experimental methodology

2.1. Printing

The parts printed for this study were fabricated using
a customized Concept Laser M2 Series 5 direct metal

laser melting (DMLM) machine. The customized ma-
chine provides complete freedom in defining the scan
path and laser parameters. Laser power, velocity, and
spot size can be continuously varied along the scan path
without stopping the laser. Adjustments to the laser
power are near instantaneous, while adjustments to the
velocity are not due to inertia of the mirrors. To en-
sure that the commanded laser power and velocity are
synchronized and occur at the intended location in this
custom setup, the mirror lag delay is measured and ac-
counted for in the machine commands. The ability to
command and control the laser parameters with such
high granularity enables the development and imple-
mentation of highly customized laser control techniques
to improve the thermal behavior of the process and min-
imize defects.

A custom LabVIEW-based slicer is used to generate
scan paths [16, 48]. To identify local geometry features
within parts (such as overhangs, thin walls, angles, and
turn-arounds), a custom software that performs feature
identification, and segments and tags the scan path to
generate geometry-aware print files is used [16]. The
laser power and velocity parameters in the print files are
optimized using the photodiode-based machine learning
method described in this paper.

To print the parts, CL 20 ES 316L stainless steel pow-
der procured from Concept Laser is loaded into the ma-
chine and spread over a 240 X 240 mm substrate plate.
The average powder size is 30.6 ym with 96.7% of par-
ticles falling between 19.7 and 48.6 um. Parts are built
up to 800 layers with a 50 um layer thickness. A YLR
series 400 W IPG laser is used. The laser beam size is
kept constant at 130 um and the hatch spacing is 130
pum. The wavelength is 1075 + 5 nm and the energy
density at the nominal parameters (power of 300 W and
speed of 700 mm/s) is 0.43 J/mm. A continuous, bidi-
rectional with meander scan strategy is used — the scan
vectors go clear across the part, turn around with the
laser on, and come back in a parallel track. A single
contour scan is executed with an offset of 10 um to the
part boundary. Hatches are offset 90 um from the con-
tour scan. For the training parts and the window block
test part, hatches are oriented at +45 degrees, alternat-
ing from layer-to-layer. For the cologne bottle test part,
the hatch angle is rotated by 67 degrees on each layer
(e.g. 0,67, 134, 201, 268, etc).

Finished parts are freed from the substrate using a
metal bandsaw. Analysis of the parts for porosity, and
geometrical accuracy is completed using standard met-
allography cross-sections and X-ray computed tomog-
raphy (CT) [49].



2.2. Photodiode sensor signal

QM Meltpool 3D, a software and hardware diagnos-
tic add-on to the M2 printer, collects thermal emission
from the laser generated melt pool during printing. Syn-
chronized emission and mirror location data is available
for analysis at the end of printing. The data is col-
lected at a rate of 40 kHz from an avalanche photodi-
ode operating in the visible wavelength region below the
laser wavelength at 1070 nm. A short pass filter in the
900-1000 um wavelength range is used to exclude scat-
tered laser light and additional attenuation at the laser
wavelength is used to enhance the response to thermal
emissions. No corrections factors are included to com-
pensate for chromatic aberration and image distortion.
The photodiode signal is proportional to the amount of
light (number of photons) collected in a particular wave-
length band, during the sampling period. No attempt is
made to convert the photodiode signal to physical val-
ues or compare to real-time physical variables. There-
fore, the photodiode intensities reported in this work are
given in unitless digital number values.

The influence of laser parameters on the photodiode
signal is first studied on single tracks printed with dif-
ferent combinations of laser power and velocity at a
fixed beam size of 130 um (defined as the 1/e? width).
Each track is 1 mm long and 190 pairs of laser pow-
ers and velocities are used. It should be noted that
some high power/low velocity conditions lead to very
high energy densities, which would not be suitable for
practical prints. Such laser conditions (high power and
low speed) were only used in single-track experiments
conducted to characterize the photodiode sensor signal.
No such power/speed combinations are used to print the
training or test parts. For each track, the mean and stan-
dard deviation of the photodiode signal is computed.
The raw photodiode signal for a track printed at 300
W and 750 mm/s is shown in the supplemental mate-
rial. Figure 1 shows the mean and signal-to-noise ratio
of the photodiode signal data averaged over each track.
The photodiode signal increases as the laser power is in-
creased and decreases as the laser velocity is increased.
Similar results showing the influence of laser power and
velocity on melt pool temperature were observed using
pyrometry [29, 50-52]. The signal-to-noise ratio varies
from 1 to 12 and is above 8 for a large range of laser
powers and velocities of interest. Note that the manu-
facturer approved nominal laser power and velocity for
316L stainless steel on the present printer are 300 W
and 700 mm/s. The signal-to-noise ratio is around 9 for
tracks printed with the nominal parameters.
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Figure 1: Mean and signal-to-noise ratio of the photodiode signal for
single tracks printed at different laser powers and velocities.

2.3. Training data geometries

Parts of varying sizes are printed to collect photodi-
ode signal data. These training parts are designed to
contain canonical geometry features such as thin walls
and overhangs that frequently appear in more complex
parts. Thin walls and overhangs are defect-prone and
thus are high priority for parameter optimization. The
seven geometries considered are illustrated in Figure 2.
Different depths (y direction dimension) are used to ob-
tain parts of various aspect ratios in the scan (x — y)
plane. Rectangular geometries are preferred for sim-
plificity and angled overhangs leading to down-skin re-
gions will be considered in future work. Each of the
seven parts is printed thirteen times to acquire sufficient
data to train the machine learning models and help ac-
count for fluctuations in the sensor signal. The training
parts were positioned over the entire build plate while
varying their orientation relative to the laser and photo-



diode sensor. The complete dataset contains more than
500,000 tracks with an average of 200 photodiode mea-
surements per track, totalling approximately 100 mil-
lion photodiode samples. The contour scan and turn-
arounds are excluded when processing the photodiode
signal to generate the training data. The first and last
0.05 mm of each track are also excluded. No filtering or
averaging of the photodiode signal is performed.
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Figure 2: Schematic of the seven geometries used in the training set.
The respective depths (y direction dimension) of parts A, B, C, D, E,
F,and Gare 6,4,2,4,2, 1, and 0.5 mm.

The laser power and velocity in both column and
overhang regions are varied across a wide range to as-
sess the effect on the sensor signal. Histograms of the
laser powers and laser velocities used to print tracks in
the training dataset are shown in Figure 3. The hatch
pattern orientation alternates layer to layer from -45 to
45 degrees relative to the parts edges. The purpose
of this laser parameter variation is not to produce high
quality parts, but rather to gather photodiode data over
a wide range of laser parameters and geometry features.
The data will be used to train models predicting either
the photodiode signal or the laser parameters.

A histogram of the photodiode signal intensity
recorded during the print of the training parts is shown
in Figure 4. The photodiode signal ranges from close
to 0 up to 14000 with a mean value around 6900 and a
standard deviation of 2665.
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Figure 3: Histogram of laser powers and velocities used to print tracks
in the training dataset. The nominal power and velocity are 300 W and
700 mm/s.

3. Modeling approach

A primary objective of this study is to build data-
driven models relating the laser process parameters,
geometry features, and optical sensor measurements.
Given the large amount of data acquired (over 100M
photodiode samples) and the complex physics of LPBF
— multiple geometry features are known to affect the
heat transfer — machine learning is used to build the
models. Specifically, deep convolutional neural net-
works are selected for their ability to leverage large
datasets and take into account spatial relations between
separate features.

3.1. Forward model

A forward model is built to predict the photodiode
signal given the geometry and laser parameters. The
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Figure 4: Histogram of the photodiode signal intensity of all printed
tracks in the training dataset.

forward model can serve as a surrogate for in situ sen-
sor data or simulation data as it model maps how the
photodiode signal is influenced by the laser process pa-
rameters (laser power and velocity) and the part geome-
try (dimensions, overhangs, corners, etc.). The forward
model is not used for the prediction of laser parameters,
but it is presented here to illustrate that a convolutional
neural network (CNN) model can predict the trackwise
photodiode signal with reasonable accuracy.

In the present work, the following simple geometry
features are used as inputs to the model

e The distance to the nearest edge in the x — y plane,
dedge

e The distance to the nearest overhang region in the
x —y plane, doyer

e The distance to the nearest column/bulk region in
the x — y plane, d.

e The distance to the nearest overhang region in the
build (z) direction, doyer

e The length of the track, [iyck.

The geometry features are chosen for their simple,
unambiguous definitions and their expected impact on
heat transfer, and thus on the local temperature and mea-
sured photodiode signal. All the geometry features can
be computed directly from the CAD file or scan path
without any additional user input and are measured in
millimeters. The distance to the nearest edge degge is
considered since the proximity to the boundary, and es-
pecially to corners, is expected to affect the local heat
transfer and thus the photodiode sensor signal. Heat

transfer in overhang regions is known to differ from
bulk regions, and thus distances to the nearest overhang
and nearest bulk regions are included as model inputs.
The effect of overhang regions on the heat transfer is
expected to be most significant in the first layer above
an overhang and reduce in subsequent layers, which
motivates the use of dyer, as a model input. Since
layer thickness is kept constant, dyyer . iS equivalent to
the number of layers above the neareast overhang. Fi-
nally, the track length can affect the heat transfer and
can also help identify corners and thin walls when com-
bined with deqe.. Additional details and illustrations of
the geometry features are provided in the supplemen-
tal material. The geometry features considered here are
expected to remain relevant even in significantly more
complex part geometries. However, it is possible that
additional geometry features need to be added to better
handle some complex parts. This will be the subject of
future work.

The two laser features used as inputs to the model
are the laser power and the laser velocity, since both
parameters have a significant impact on the photodiode
sensor signal, as illustrated in Figure 1. There is thus a
total of seven input features. The forward model has a
single input, which is the track photodiode signal.

It should be noted that the quality (dimensional accu-
racy, porosity, residual stress, etc.) of the printed train-
ing parts is not considered in training the models. The
geometry features used as model inputs are calculated
using the CAD files of the desired geometry. The only
experimental measurement used to train the model is the
photodiode sensor signal.

A 1-D convolutional neural network is used. Each
training sample consists of a track from the scan path,
and track-wise geometry and laser inputs are used
to predict the entire track’s photodiode signal. One-
dimensional, or track-wise, data is chosen since it can
account for spatial dependence within a track and allows
one to extract a large amount of training samples per
printed part — with hundreds of tracks per layer and hun-
dreds of layers per part, each part provides O(10, 000)
tracks (1-D training samples). The training build plate
includes over 50 parts, leading to a training dataset of
more than 500,000 tracks. The track-wise data is pre-
ferred since (0-D) point-wise data does not account for
the spatial dependence of the photodiode signal and (2-
D) layer-wise data would only provide a single training
sample per layer. Furthermore, it would be harder to
generalize the results to different geometries since the
shape of the 2-D samples would be highly dependent on
the part geometry. Simple linear regression models and
fully-connected neural network architectures were also



tested with both point-wise and track-wise data, but the
mean prediction errors were much larger than that of the
1-D CNN.

The neural network architecture is illustrated in Fig-
ure 5. The fully convolutional network is implemented
using PyTorch [53] and composed of 6 “hidden” con-
volutional layers with 256-512-512-256-256-128 filter
channels, respectively. The convolution kernels are all
of size 3 with a stride of 1. ReLU activation func-
tions are used on all layers except the output layer.
The best performing forward model contains approxi-
mately 1.8M parameters, but good performance can be
obtained with a much smaller model of approximately
10K parameters, which is much less than the size of
the training dataset. The size of the network was de-
termined by varying the number of convolutional layers
and the number of filter channels per layer and observ-
ing the effect on the test set error. A list of the models
tested and their test error is presented in the supplemen-
tal material.
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Figure 5: Schematic of the neural network architecture used for the

forward model.

The tracks on the printed parts vary in physical length
depending on the part sizes and their location on the
part. To simplify the training of the neural network and
save computational memory, all tracks are interpolated
to a 200 points grid. The physical length of the track
is an input to the CNN so the effect of the track length
on the photodiode signal is accounted for. The input
size is thus 7 x 200 (7 input features, each represented
by a 1-D array of size 200). All inputs are normalized
by subtracting the mean and dividing by the standard
deviation.

The dataset contains approximately 500,000 tracks,
20% of which are held out to form the test set. The
model is trained for 160 epochs with a mean squared
error loss function and the Adam optimization algo-
rithm [54]. The initial learning rate is set to 1073 and is
halved every 50 epochs. Training takes approximately
12 hours on one NVIDIA P100 GPU.

The performance of the forward model is assessed by
comparing the predicted and true photodiode signal val-
ues. Figure 6 shows the joint probability density func-

tion (or joint histogram) of the predicted and true pho-
todiode signals for all tracks in the held-out test set. The
joint probability density function, pxy, is normalized
such that the sum over all values of X and Y is one;
fx f} pxy(x,y)dydx = 1. The figure can be interpreted
as a scatter plot of the predicted and true values, col-
ored by the local probability density, which corresponds
to the number of tracks in a given (X, Y) bin. Note that
the neural network is deterministic and always predicts
the same output for a given input, and thus the joint his-
togram should not be interpreted as the stochasticity of
the model predictions. Figure 6 shows some scatter in
the predicted values, but the regions of highest proba-
bility are clustered near the dashed diagonal where true
and predicted values coincide. The mean absolute error
(MAE) on the held-out test data is 1027 (mean relative
error of 0.17). The error distribution of the predicted
photodiode intensity is shown in the supplemental ma-
terial. It can be insightful to compare the forward model
relative error with the SNR of the photodiode sensor sig-
nal presented in Figure 1. The forward model relative
error (0.17) is comparable, albeit slightly higher, to the
average noise-to-signal ratio (1/8 = 0.125).
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Figure 6: Joint probability density function of the predicted and true
photodiode signal intensities. Note that a logarithmic color scale is
used.

The performance of the forward model is further il-
lustrated in Figure 7 where the true and predicted pho-
todiode signals of four representative tracks are shown.
The predicted signal captures the main trends but does
not capture some of the high-frequency fluctuations
present in the true signal. These fluctuations could be
due to unsteady melt pool dynamics, but could also be
linked to the formation of defects. In either case, these



high-frequency fluctuations cannot be predicted from
the geometry and laser inputs of the forward model.
This should be the subject of future work.

The good agreement between the predicted and true
photodiode signals suggest that the selected geometry
features and laser parameters are sufficient to capture
the dominant physics of LPBF, for the present part ge-
ometries. Once trained, the data-driven forward model
has a low computational cost — less than 0.1 ms to pre-
dict one track — and thus constitutes an alternative to
more expensive physics-based simulation models.

3.2. Inverse model

The inverse problem identifies the laser parameters
needed to achieve a desired photodiode signal for a
given geometry. The inverse model takes as inputs the
same 1D track-wise geometry features as the forward
model along with the track-wise photodiode signal, and
outputs the laser power and velocity. The inverse model
can thus be used for the prediction of laser parameters.

The architecture of the inverse model is shown in Fig-
ure 8. The model has six input features — the same five
geometry features as the forward model along with the
photodiode signal — each a 1-D array of size 200. Since
the laser power and velocity are constant along a track
in the present work, the model has two scalar outputs.
Similarly to the forward model, a convolutional neu-
ral network is used. The model is trained on the same
500,000 tracks dataset as the forward model. A mean
squared error (MSE) loss function is used and the model
is trained for over 200 epochs. The initial learning rate
is set to 1073 and is halved every 50 epochs. The size
of the network was determined by varying the number
of convolutional layers and the number of filter chan-
nels per layer and observing the effect on the test set
error. A list of the models tested and their test error is
presented in the supplemental material. The best per-
forming inverse model is composed of 5 convolutional
layers with 128, 256, 256, 128, and 16 filter channels,
respectively, for a total of 400K parameters. However,
very good performance can be obtained with a smaller
model size of around 30K parameters. The convolution
kernels are all of size 3 with a stride of 1 and ReLU acti-
vation functions are used on all layers except the output
layer.

The performance of the inverse ML model is assessed
by comparing the true and predicted laser powers and
velocities of tracks in the test dataset. The mean ab-
solute test set error on the laser power is around 8.5
W (mean relative error of 0.04) and the mean absolute
error on the laser velocity is less than 14 mm/s (mean
relative error of 0.025). This is illustrated in Figure 9
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Figure 7: Comparison of true and predicted photodiode signal for four
tracks from the test set.
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Figure 8: Schematic of the neural network architecture used for the
inverse model.

which compares the true and predicted values of the
laser power and velocity for all tracks in the test set. The
mean predicted value in a given true value bin is shown
by the blue line and 95% of the predictions lie within the
light blue region. The prediction error is slightly larger
at the lower end of the velocity range and smaller at the
upper end. This could be caused by the relatively small
amount of training data at laser powers below 100 W
and laser velocities below 200 mm/s (see Figure 3). The
error remains acceptable for the purposes of the present
work since such low laser powers and velocities (below
25% of the nominal values) are not expected to be nec-
essary to print high quality parts. Probability distribu-
tions of the inverse model error on the laser power and
laser velocity are presented in the supplemental mate-
rial. In the following section, the inverse model is used
for the selection of laser parameters in two test geome-
tries.

4. Results and Discussion

The inverse model described in Section 3.2 is used to
perform laser parameter selection on two test parts of
increasing complexity. The first part, labelled “window
block”, presents flat overhangs and thin walls of vari-
ous dimensions, similar to the simple geometries used
for training. The second part, labelled “cologne bottle”,
has a wider variety of geometric features, including flat
overhangs, angled overhangs, and circular features.

For both parts, a constant photodiode intensity of
7600 is chosen as the desired track-wise photodiode in-
put to the inverse model. This value is the average pho-
todiode signal intensity in bulk/column regions printed
with the nominal laser parameters (300 W and 700
mm/s). The nominal laser parameters were determined
by conducting a parametric study varying the power and
velocity and measuring the impact on the printed parts
density. This calibration step would need to be repeated
if using a different material, different sensor, or different
printer.
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50
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Figure 9: Comparison of the true and predicted laser powers and ve-
locities. The blue line indicates the mean predicted value and 95% of
the predicted values lie within the shaded region.

To demonstrate that the present approach is feasible, a
constant photodiode target value is used, but the inverse
model can take as input a non-constant photodiode sig-
nal. Varying the photodiode target depending on the ge-
ometry features might yield better results (e.g. different
targets for overhangs and thin walls, changing the tar-
get near corners, etc.) and will be investigated in future
work. The authors verified that the results presented in
this paper are robust to small changes (< £10%) in the
photodiode signal target.

4.1. Window block

The first testing part is illustrated in Figure 10. The
three-dimensional geometry is sliced into layers and
each layer is hatched to produce the scan path. The
geometry features are computed for each track and a



constant photodiode intensity of 7600 is chosen as the
desired track-wise photodiode input.

The inverse CNN model is used to determine the laser
power and velocity for all tracks along the scan path ex-
cept the contour tracks. It is common to execute a con-
tour track before or after scanning the hatches and this
contour track is often printed with different laser param-
eters than the hatches. In this work, the laser is turned
off (power set to zero) for the contour scan. This was
done to isolate the effect of the hatches laser parameters
on the part quality.

For simplicity, the laser parameters are constant along
a track but can vary across tracks and layers. In some
regions of the parts, a track could traverse different sup-
port conditions such as support by consolidated material
in column/bulk regions and support by powder in over-
hang regions. Following the methodology suggested by
Druzgalski et al. [16], such tracks are split into mul-
tiple sub-tracks so that unique laser parameters can be
assigned to each sub-track. This allows the specification
of different laser parameters for the different conditions
encountered in column and overhang regions.

Figure 10: Geometry of the first test part. The part depth (y direction
dimension) is 6 mm. Dashed red lines indicate layers used to illustrate
the inverse ML model predictions.

Prior to assessing the quality of the printed parts, it
is insightful to inspect the predicted laser parameters.
Predicted laser powers for three layers — layer 10 lo-
cated in the bulk region, layer 90 with walls of differ-
ent thicknesses, and layer 200 which is the first layer
above the overhang region — are shown in Figure 11.
The location of the layers in the test part are indicated
by dashed lines on Figure 10. For layer 10, the model
selects a laser power very close to the nominal value
except for the short tracks close to the corners. For
layer 90, the model selects power values close to the
nominal values for thicker columns on the outer edges
of the part, and lower power values (10 to 20 % be-
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low the nominal value) for the thinner walls. For layers
directly above the overhang, the model selects power
values close to the nominal value for tracks in column
regions, and significantly lower power for tracks above
overhang regions. This parameter selection is consistent
with physical intuition; heat transfer is impeded in over-
hang regions and thus a lower laser power is necessary
to maintain a constant track-to-track and layer-to-layer
surface temperature.

The laser parameters optimization in layers above
the overhang is further characterized by quantifying the
change in laser power and velocity as the distance to
the overhang is increased, as shown in Figure 12. The
inverse model selects increasingly higher laser power
for the overhang regions as the layer number above
the overhang increases to achieve the desired photodi-
ode intensity in each track. The average laser power
in the overhang regions increases from 120 W in the
first layer above the overhang to close to the nominal
value (300 W) five layers or more above the overhang.
A similar trend is observed in the column regions but
to a lesser extent. The predicted laser velocity exhibits
less variation than the laser power. The layer-averaged
laser velocities for the 10 layers above the overhang are
close to the nominal value. The weaker velocity depen-
dence is consistent with the weaker dependence on en-
thalpy [55].

The performance of the photodiode machine learning
model is further assessed by printing the test geometry
with the parameters optimized by the inverse model and
comparing the photodiode signal and part quality to that
of the same geometry printed with nominal laser param-
eters.

First, the photodiode signal of the optimized and
nominal prints is compared for layer 200 in Figure 13,
the first layer above the overhang region. The laser
power selected by the inverse model for this layer is
shown in Figure 11c. The part printed with nominal
parameters shows significantly higher photodiode sig-
nal intensity in the overhang regions, indicating poten-
tial overheating. In contrast, the photodiode signal ex-
hibits a lower mean value and less fluctuations in the
part printed with the laser parameters predicted by the
inverse model. While the reduction in photodiode sig-
nal fluctuations is not a direct measure of part quality, it
does indicate that the model is working as intended.

After printing, the parts are cut in half along their
symmetry plane and one half is imaged and scanned us-
ing CT for further analysis. Figure 14 shows CT (left)
and metallography (right) images of the part printed
with the model-predicted parameters on top and the part
printed with nominal parameters on the bottom. There
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Figure 11: Laser power predicted by the inverse ML model for three
layers of the test geometry. The layer locations are indicated on Fig-
ure 10.

is significantly less dross formation in the overhang re-
gions with the model-predicted laser parameters. The
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Figure 12: Layer-averaged laser power and velocity predicted by the
inverse ML model for the first 10 layers above the overhang region.

part quality can be quantified by measuring the heights
of the channels/windows and the flatness of the over-
hang regions. The heights of the channels are measured
from the CT data and reported in Table 1. The measure-
ment uncertainty is + 37 ym. For all twelve channels,
the dimensions of the part printed with laser parame-
ters determined by the inverse ML model are closer to
the desired values than the part printed with the nom-
inal parameters. The inverse ML part has an average
height deviation of 0.21 mm while the nominal part has
an average height deviation of 0.49 mm. This corre-
sponds to a 57% reduction in geometrical error and al-
lows for tighter tolerances on LPBF prints. The flatness
of the channel overhangs is quantified by measuring the
peak-to-valley distance, reported in Table 2. While both
parts exhibit irregular overhang quality leading to large
peak-to-valley measurements, the part printed with the
optimized laser parameter has a smaller average peak-
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Figure 13: Comparison of the photodiode signal on the first layer
above the overhang (layer 200) for a part printed with nominal laser
parameters and a part printed with laser parameters predicted by the
inverse model. The layer location is indicated on Figure 10.

to-valley distance.

Additionally, the thinnest wall exhibits significant
distortion in the part printed with nominal parame-
ters. Some slight distortion is also observed in the part
printed with the model-predicted laser parameters, but
to a much smaller extent. The distortion is quantified by
measuring the average wall angle of the ten thin walls,
as shown in blue on Figure 14, and the measurements
are listed in Table 3. The part printed with nominal
laser parameters has higher distortion, with an average
deviation of almost 2 degrees from the desired (90 de-
grees) vertical wall and up to 5 degrees deviation in
the thinnest wall. In comparison, the part printed with
the optimized laser parameters has an average thin wall
distortion of only 0.7 degrees. These observations sug-
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Dim. | Desired | Nom. ML

Hy; 4 3.529 3.799

Hy; 4 3.521 3.804

Hjs; 4 3.623 3.841

Hy, 4 3.610 3.828

Hs, 4 3.462 3.803

Hg, 4 3.362 3.807

Avg. dev. -0.482 £ 0.1 -0.186 + 0.02
Hy, 6 5.513 5.803

Hy, 6 5.494 5.821

Hjs, 6 5.529 5.824

Hy, 6 5.586 5.752

Hs, 6 5.467 5.712

Hg, 6 5.460 5.727

Avg. dev. -0.492 £ 0.05 | -0.227 £ 0.05

Table 1: Comparison of the channel heights of parts printed with nom-
inal laser parameters and parameters determined by the inverse ML
model. All dimensions are reported in millimeters. The measurement
uncertainty is 37 pum.

Dim Nom. ML
Fi; 0.814 0.771
Fy, 0.622 0.573
F3; 0.672 0.629
Fy; 0.633 0.449
Fs; 0.780 0.512
Fe; 0.629 0.512
Fip 0.774 0.639
Fy, 0.640 0.849
F3, 0.624 0.675
Fap 0.656 0.463
Fs, 0.683 0.516
Fep 0.635 0.384
Avg. dev. | 0.680 = 0.066 | 0.581 = 0.131

Table 2: Comparison of the flatness of the channel overhangs of parts
printed with nominal laser parameters and parameters determined by
the inverse ML model. All dimensions are reported in millimeters.

gest that the laser parameters adjustments using the in-
verse model improve the printed part quality. It should
be noted that, other than the laser power and velocity
changes determined using the inverse model, no distor-
tion compensation strategy is applied to the parts printed
in this study.

4.2. Cologne bottle

The inverse ML model is deployed on a second test
geometry, referred to as the “cologne bottle”, which in-
cludes flat overhangs, angled overhangs, and circular
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Figure 14: Montage showing CT (left) and metallography (right) images of cross-sections of the window block geometry printed with laser

parameters predicted by the inverse ML model (top) and nominal parameters (bottom). The red numbers denote the channels which heights and
overhang flatness are reported in Tables 1 and 2. The blue numbers denote the thin walls which distortions are listed in Table 3.

Dim Nom. ML
Dy, 89.565 89.780
Dy, 90.396 90.527
D3, 91.591 88.953
Dy, 91.005 91.413
Ds; 92.352 91.372
Dy 90.025 90.017
Dy, 90.718 90.174
D3, 92.726 90.508
Dy 93.694 90.526
D5, 95.236 91.495
Avg. dev. | 1.818 +£1.593 | 0.729 + 0.527

Table 3: Comparison of the thin wall distortion of parts printed with
nominal laser parameters and parameters determined by the inverse
ML model. All dimensions are reported in degrees.

features. A cross section of the geometry along the mid-
dle x — z plane is shown in Figure 15.

The performance of the model is evaluated by print-
ing a part without any process parameter optimization
and a part with process parameters determined using
the inverse ML model. After printing, the parts are cut
along the middle x — z plane for imaging. Figure 16
shows cross sections of the part printed with the model-
predicted parameters on the left and the part printed
with nominal parameters on the right. There is a sig-
nificant decrease of dross formation at both the flat and
angled overhang regions with the model-predicted laser
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Figure 15: Cross section of the cologne bottle test geometry. The part
depth (y direction dimension) is 12 mm.

parameters. Additionally, while keyhole porosity is ob-
served in the thin wall in both prints, the number of
pores is larger in the nominal print.

Finally, CT is used to scan the parts and assess the
dimensional accuracy of both prints. The diameter of
three circular windows as well as the height of two flat
overhangs are measured and compared to the desired
dimensions of the CAD model. The measured features
are shown in Figure 15 and the measurements are re-



Figure 16: Metallography images of cross-sections of the cologne bot-
tle geometry printed with laser parameters predicted by the inverse
ML model (left) and nominal parameters (right).

ported in Table 4. The dimensions of the part printed
with model-predicted laser parameters are closer to the
desired values than the nominal print for the five fea-
tures considered. These results illustrate that the present
machine learning approach for laser parameter selection
can improve the printed part quality even when the ge-
ometry presents features which are not included in the
training geometries. The average deviation ifrom the
desired dimensions is reduced by more than 50% when
using the laser parameters determined by the inverse
ML model.

Dim. | Desired | Nom. ML

D, 3 2.708 2.828
D, 2 1.681 1.753
D; 1 N/A 1.086
H, 15.2 14.679 | 15.177
H, 15.2 14.768 | 15.108

Table 4: Comparison of the dimensions of some cologne bottle fea-
tures printed with nominal laser parameters and parameters deter-
mined by the inverse ML model. The D3 dimension could not be
measured in the nominal case due to excessive deformation. All di-
mensions are reported in millimeters.

5. Conclusions

A data-driven approach for laser parameter optimiza-
tion was presented. To generate the training data, parts
with relevant geometry features were printed with a
wide range of laser power and laser velocity strategies
while collecting high speed photodiode signal. Using
a supervised learning approach, a forward model was
built to output the photodiode signal given track-wise
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geometry features and laser parameters. The forward
model can be used as a surrogate for sensor or simula-
tion data. The forward model predicts the photodiode
signal with a mean relative error of 0.17. Addition-
ally, an inverse model was built to optimize the laser
parameters corresponding to a given track-wise photo-
diode signal and geometry features. The inverse model
predicts the laser power with a mean relative error of
0.025 and predicts the laser velocity with a mean rel-
ative error of 0.04. The present study focused on the
use of the inverse model for the selection of laser pa-
rameters in two test parts. The test parts, which differ
from the training parts, were printed with the objective
of maintaining a constant track-to-track and layer-to-
layer photodiode signal value. The printed parts were
compared to parts printed with constant nominal laser
parameters. For both geometries, the laser parameters
determined by the inverse model led to improved part
quality; dross formation in the overhang regions was re-
duced, thin walls were less distorted, keyhole porosity
was reduced, and dimensional accuracy was improved.
Deviations in window heights in the window block ge-
ometry were reduced by more than 50% and thin wall
angle deviations were reduced by 60%.

In summary, a powerful photodiode-based model that
is both fast and effective at improving the quality of full,
complex parts manufactured with LPBF was demon-
strated. The dimensional accuracy was improved by
more than 50% percent in the test parts which were
comprised of a variety of complex geometry features.
Once trained on the canonical parts, this one-shot pa-
rameter optimization method can easily and quickly
transfer the learned strategies to improve the quality of
new parts.While the models presented were developed
with a specific experimental setup (printer, photodiode
sensor, material), the methodology can be generalized to
a different printer, and/or a different material. The user
only needs to print one or two training plates to train the
model on a specific printer with a particular material.

It is important to note that the present training
dataset consisted only of rectangular flat overhangs and
columns of varying dimensions and a single material
(SS316L) was used. Thus, additional training data may
be needed to improve the prediction accuracy on geome-
tries with very different features and/or material proper-
ties. Future work will include the addition of a larger set
of geometry features to the training data. Training parts
will include angled overhangs in both rectangular and
circular geometries. Thin walls and struts, both vertical
and angled, will also be considered.
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