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Abstract
Laser powder bed fusion of metals (PBF-LB/M) is a process widely used in additive manufacturing (AM). It is highly sensi-
tive to its process parameters directly determining the quality of the components. Hence, optimal parameters are needed to 
ensure the highest part quality. However, current approaches such as experimental investigation and the numerical simula-
tion of the process are time-consuming and costly, requiring more efficient ways for parameter optimization. In this work, 
the use of machine learning (ML) for parameter search is investigated based on the influence of laser power and speed on 
simulated melt pool dimensions and experimentally determined part density. In total, four machine learning algorithms 
are considered. The models are trained to predict the melt pool size and part density based on the process parameters. The 
accuracy is evaluated based on the deviation of the prediction from the actual value. The models are implemented in python 
using the scikit-learn library. The results show that ML models provide generalized predictions with small errors for both 
the melt pool dimensions and the part density, demonstrating the potential of ML in AM. The main limitation is data col-
lection, which is still done experimentally or simulatively. However, the results show that ML provides an opportunity for 
more efficient parameter optimization in PBF-LB/M.
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1  Introduction

Additive manufacturing (AM) is a rapidly growing field 
with a double-digit market growth for the last decade that 
allows the simple production of complex three-dimensional 
geometries [1]. Nevertheless, there are numerous challenges 
in order to establish the technology on a broad scale on the 
market and to qualify it for serial production [2]. For the 
transition to the production of ready-to-install components 
and series production, it is important to speed up produc-
tion, increase the predictability and repeatability of the 
process, and improve quality assurance [3]. In the area of 
manufacturing metallic parts laser powder bed fusion of 
metals (PBF-LB/M) is the most commonly used process in 
the AM industry [4]. The PBF-LB/M process can be used 
to produce high quality components. The complete melting 
of the material enables the production of components with 

high density (> 99.9%) and similar or higher tensile strength 
than conventional castings [5].

The PBF-LB/M process is governed by a variety of 
thermal and physical phenomena during the build process 
depending e.g. on the parameters used or the orientation 
of the part in the build space [6]. Hence, the determina-
tion of parameter combinations that enable the production 
of components with the highest quality is an essential part 
of process development. With more than 50 parameters that 
influence the process and the resulting part properties a trial-
and-error-approach is not practical [3].

A common approach in the literature is the experimental 
investigation by using design of experiments (DOE) tech-
niques to minimize the experimental effort [7]. In AM this 
procedure is mainly used to investigate the influence of the 
process parameters (e.g. laser power or laser speed) on the 
part properties (e.g. surface roughness or tensile strength) 
and to improve the quality of the final part [8]. Nevertheless, 
the production of test components always requires the use 
of material, machine time and personnel for the pre- and 
post-processing of the experiments, which quickly results in 
high costs. Furthermore, computer based numeric process 
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simulations are used to investigate the influence of differ-
ent parameters and determine process windows that provide 
optimized part properties. The finite element method (FEM) 
is a widely used approach in the literature to create digi-
tal models and simulate AM processes [6]. Due to the high 
complexity of the process, PBF-LB/M simulations can usu-
ally be divided into macro-, meso- or microscale approaches. 
Essentially, they differ in the size scale and phenomena con-
sidered [9]. Common simulation objectives are to calculate 
the development of inherent strains, possible component 
distortions and the temperature distribution within the com-
ponent. However, the main disadvantage of this approach is 
that there is always a trade-off between result accuracy and 
computational effort [10].

Another approach that has been increasingly used in the 
near past is machine learning (ML). ML is an essential sub-
field of the growing research area artificial intelligence that 
explores the use of algorithms to enable systems to learn 
from data and autonomously adapt and improve themselves 
using statistical and mathematical principles [11]. The goal 
is to create models that are able to make decisions and 
predictions for new, unknown instances based on certain 
training data [12]. Due to growing data volumes and the 
multitude of influencing parameters, more and more applica-
tion areas for ML algorithms are emerging in AM [13]. One 
approach for parameter optimization in AM is to investigate 
direct correlations between the process parameters and the 
resulting part properties using ML [14, 15].

With the goal of reducing the high financial and time 
effort related to current approaches, the use of ML tech-
niques is investigated in this work. ML models show great 
potential to find relations between process parameters and 
part quality, but still require a high experimental effort to 
generate training data [14]. Hence, this work investigates the 
use of simulated training data in order to generate large data 
sets with significantly less effort. Therefore, ML algorithms 
trained with a mix of experimental and simulated data are 
used to relate the PBF-LB/M process parameters to both 
the resulting melt pool dimensions (in-process data) and 
the final part density (post-process data). In the literature, 
laser power and laser speed are often considered as relevant 
process parameters for the PBF-LB/M process in order to 
investigate the influence of the process parameters on the 
melt pool geometry and temperature distribution [8, 10]. 
Some studies also consider the influence of the hatch dis-
tance [16]. However, since the simulation of a single track is 
used to generate the melt pool data in order to minimize the 
computation time (3 to 4 times faster than a double track), 
the parameter is neglected. The goal is to use the trained 
models to calculate predictions for the melt pool dimen-
sions and the component density for unknown parameter 
combinations. Moreover, the capability of the investigated 
ML approaches for describing the correlations is compared.

2 � Methodology

Figure 1 shows the procedure used within this work. The 
PBF-LB/M process with the widely used titanium alloy 
Ti-6Al-4 V is considered. The data basis is provided on 
the one hand by experimental data from the literature of 
[8] and [16] and on the other hand by simulatively gener-
ated melt pool data based on the process model of [17]. 
The data set of [8] contains measurements regarding the 
resulting melt pool dimensions depending on laser power 
and speed for Ti-6Al-4V and is used to validate the accu-
racy of the simulation model. Furthermore, the measured 
values for the resulting component density (33 data points) 
of [16] of Ti-6Al-4V in dependence of laser power and 
speed are used as training data for the ML model to predict 
the component density.

2.1 � Process simulation

The FEM simulation is built in COMSOL Multiphysics 
5.2a and maintained as simple as possible to minimize cal-
culation times. As shown in Fig. 2a, a single layer of pow-
der deposited on the base plate is considered. The model 
consists of a powder and bulk material phase. Due to FEM 
restrictions the powder layer is modelled as a homogenous 
material. The respective material properties for Ti-6Al-4V 
of [4] are used to model the powder, bulk and melt. The 
laser is modeled as a Gaussian distributed heat source and 
moves along the x-axis [17]. A track length of one mil-
limeter is considered to ensure a continuous melt pool for-
mation. The resulting melt pool dimensions of the simula-
tion are evaluated at the end of the melt track and saved. 
Figure 2b shows an example of the evaluated melt pool 
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Fig. 1   Procedure for the development of ML models for the melt pool 
and density prediction
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dimensions length xmp, width ymp and depth zmp of a simu-
lation which are used for the training of the ML models.

The process parameters used for the simulation are sum-
marized in Table 1. For the generation of melt pool data, 
simulations are performed with varying combinations of 
laser power and speed. On the one hand, the 33 combina-
tions from the work of [16] are used and, on the other hand, 
100 randomly generated parameter combinations are simu-
lated. For this purpose, different combinations are gener-
ated equally distributed in the considered power and velocity 
interval. In total, 133 data points with melt pool results for 
different process parameter combinations are generated in 
this way as a basis for training ML algorithms.

2.2 � Machine learning models

In the context of this work, supervised learning algorithms 
will be focused on because the data set contains information 
on both the input and output values. Additionally, regres-
sion algorithms are considered since the goal is to predict 
numeric values. The ML models for linear regressions (LR), 
decision tree regressions (DTR), random forest regressions 
(RFR), and a multilayer perceptron (MLP) are compared 
[12]. After training, the models shall be able to calculate 
predictions for the resulting characteristics for unknown 
parameter combinations. Accordingly, the laser power and 
speed are used as input values and the melt pool dimensions 

and density as output values. However, the models for the 
melt pool and density prediction are built and trained sepa-
rately, since only 33 data points from [16] are available with 
density information and 133 data points can be used for the 
melt pool prediction. Furthermore, one model per dataset is 
trained for each ML approach considered. The implementa-
tion of the models is done in python (version 3.8). The main 
libraries used are pandas for data processing and scikit-learn 
[18] for building and training the ML algorithms.

The evaluation of the model accuracy is done using the 
root mean squared error (RMSE), which is a common cri-
terion for evaluating the accuracy of regression algorithms 
and is calculated according to (1) from the squared distance 
between the prediction of the algorithm ŷi and the actual 
value yi for m data points [11].

When training the models, GridSearch is used to exam-
ine the hyperparameters of the models to ensure that they 
are as accurate as possible for the use case and to prevent 
common ML issues such as overfitting and underfitting of 
the algorithms [11]. The training error is calculated using 
tenfold-cross-validation, where the training data set is split 
into 10 partial data sets, each of which is used to train one 
model in order to estimate the variance of the model during 
training [12]. For the melt pool prediction model, 70% of the 
133 data points containing melt pool information are used 
for training. The remaining 30% of the data is held back for 
training and then used to estimate the generalization ability 
of the algorithm by calculating the RMSE based on the dif-
ference between the model prediction and the simulated melt 
pool dimensions [11].

For density prediction, a slightly different approach is 
taken for estimating the generalization ability due to the 
small amount of data. The 33 data points that contain density 
information are used entirely for training the algorithm in 
order to give the model a sufficiently large data base. There-
fore, for the estimation of the generalization ability of the 
models, a purely qualitative evaluation is performed. For 
this, the trained models are applied to the 100 randomly 
created parameter combinations and the resulting density 
is predicted. At last, the predicted values are plotted on the 
process map of [16] and the predicted values are compared 
to the experimental measurements to evaluate the algorithms 
capability of reproducing the dependencies between the pro-
cess parameters and the resulting part density as the experi-
ments show.

The comparison is done using the normalized hatch dis-
tance h* and the normalized energy density E* according to 
[16]. Equation (2) shows the calculation of h* using the laser 
radius rb and the hatch distance h. E*, on the other hand, 

(1)RMSE =
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Fig. 2   a Schematic structure of the simulation model b Evaluation of 
the melt pool dimensions

Table 1   Considered process parameters windows

Parameter Identifier Value Unit

Laser power PL 200–260 W
Laser speed vL 0.7–1.2 m/s
Laser radius rL 52.5 µm
Layer thickness l 0.06 mm
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is calculated according to (3) from the amount of energy 
absorbed by the material a, the density ρ, the specific heat 
capacity cP, the melting temperature Tliq and the initial tem-
perature T0 of the material, as well as the laser power PL 
and the laser velocity vL. This method of calculation and 
representation in the process map of [16] allows linking the 
material properties, the process parameters and the resulting 
component density in one diagram.

3 � Results

Initially, the simulation results are compared to the measured 
values of [8] regarding the accuracy of the calculated melt 
pool dimensions. The comparison shows that the simulation 
model is able to reproduce the width and depth of the melt 
pool with an error between 7 and 30% in the considered 
energy density range. The error increases significantly at 
extreme energy densities. Overall, the correlation between 
laser parameters and melt pool dimensions observed in the 
measured values is also correctly reproduced by the simula-
tion, which is decisive for the evaluation for the use of ML 
techniques in this area.

The data set is analyzed with the goal of understanding 
the generated data set before the algorithms are trained, to 
detect outliers in the data and to identify potential correla-
tions in the data. For this purpose, the Pearson correlation 
coefficients between the process parameters and the target 
variables are calculated. This factor describes the linear cor-
relation between two variables with a value between -1 and 
1. A value of 1 indicates a strong positive and -1 strong neg-
ative correlation between the variables under consideration.

The results for the generated data set are summarized 
in Table 2. Overall, higher values are evident for the cor-
relation between the velocity and the target variables than 
for the laser power. Regarding the melt pool prediction, the 
Pearson coefficients for the laser power indicate a weak posi-
tive correlation to the melt pool dimensions. In contrast, 

(2)h∗ =
h

rL

(3)E∗ =
a ⋅ PL

2 ⋅ vL ⋅ � ⋅ cp ⋅
(

Tliq − T
0

)

the dependence of the melt pool on the laser speed is sig-
nificantly larger. Accordingly, the coefficients for length x 
describe a strong positive and width y and depth z a strong 
negative linear correlation to the velocity. This means that 
with increasing speed, the melt pool length increases and the 
width and depth decrease. The analysis of the density data 
shows a similar behaviour. The correlation factor between 
component density and power is negligible, whereas the fac-
tor of 0.67 indicates a much stronger correlation with speed.

3.1 � Melt pool prediction

The trained models for melt pool prediction are compared 
using the RMSE. In the scope of the work, it has been shown 
that by working out suitable hyperparameter combinations 
using GridSearch for the ML approaches, the RMSE of the 
models can be reduced by up to 85% (for the MLP). This 
illustrates the importance of this step for building ML mod-
els. In the following, the approaches are compared using the 
models with optimized hyperparameters. For the compari-
son, the melt pool width and depth are looked at primarily, 
as these are often considered as relevant dimensions for the 
investigation of critical energy densities [8].

The determined training and generalization errors for the 
models are shown in Table 3. The training error is averaged 
over the melt pool dimensions. For a detailed evaluation 
of the generalization ability, both the averaged error and 
the respective error per melt pool dimension are calculated. 
For all models, the training error is slightly lower than the 
generalization error, as expected, because ML algorithms 
can usually approximate known data points more accurately 
[11]. If the difference between the errors is very large, this 
may indicate that the algorithm is overfitting the training 
data set. However, due to the regulation of the models and 
the relatively small difference, overfitting can be ruled out 
here. Essentially, all models are able to represent the melt 
pool dimensions in a generalized way based on the process 
parameters. For all models the error is largest for predicting 
the melt pool length. Examination of the simulation val-
ues shows that the simulation model exhibits inconsistent 
and non-physical behaviour in x-direction, which could be 

Table 2   Correlation coefficients per target value

Melt pool dimensions Density

Parameter x y z �

Laser power 0.36 0.39 0.38 − 0.11
Laser speed 0.86 − 0.83 − 0.82 0.67

Table 3   Training and generalization error for the melt pool prediction 
in micrometers [µm]

Model Training error Generalization error

Avg. RMSE Avg. RMSE RMSE per dimension

x y z

LR 10.0 ± 2.7 11.2 32.4 0.3 0.8
DTR 7.5 ± 2.4 10.6 29.5 0.7 1.6
RFR 7.4 ± 2.3 9.0 25.5 0.5 1.1
MLP 6.9 ± 2.0 9.4 24.9 1.5 1.7
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caused by the variety of simplifications in the simulation 
made in order to minimize the computation time. Conse-
quently, these values are difficult to represent by the ML 
approaches. However, the simulation results of the relevant 
values (melt pool width and depth) are robust and approxi-
mated accurately by the ML models.

The LR shows the most accurate prediction for these 
parameters. This can be explained by the high negative lin-
ear correlation of the quantities with the speed, which allows 
a good approximation by the linear approach. The error of 
the RFR model is overall only slightly higher than the LR 
with respect to the width and depth, but at the same time 
about 20% lower with respect to the length description. As 
expected, by training multiple DTR, the RFR approach is 
more accurate than training a single DTR, which highlights 
the power and flexibility of the RFR approach [12]. Overall, 
the RFR provides the most accurate modelling of the con-
sidered approaches for describing the process parameter to 
melt pool relationship.

For the RFR, the predicted values for the melt pool width 
and depth are visualized in Fig. 3. Each point represents one 
combination of laser power and speed from the training or test 
set for which the predictions of the model's melt pool dimen-
sions (y-axis) are plotted against the simulated values (x-axis). 
The diagonal line marks the area where the prediction matches 
the simulated value. Consequently, the closer the points are to 
the diagonal, the more accurate is the prediction of the model. 
The plots show that the predictions of the model spread evenly 
and without significant outliers around the optimum line. This 
indicates a good approximation of the melt pool dimensions by 
the algorithm. Furthermore, a homogeneous distribution of the 
training and test data points is shown, which confirms that the 
model is able to transfer the trained correlations to unknown 

data without significant loss in accuracy (generalization capa-
bility). However, it is noticeable that the data points are slightly 
above the diagonal for low values of width and depth, and 
slightly below the diagonal for high values. Thus, the model 
is slightly less accurate in these fringe areas.

3.2 � Density prediction

The ML models to predict the resulting part density are trained 
with all 33 experimentally determined density values to inves-
tigate whether the algorithms are able to correlate the resulting 
component density in the PBF-LB/M process with the laser 
parameters. The DTR approach will not be considered further 
in the following, as the approach is very similar to the RFR 
and the melt pool prediction has already demonstrated that 
the RFR provides more accurate approximations by training 
multiple DTR.

The calculated training errors are summarized in Table 4. 
Here, the RMSE describes the deviation of the prediction from 
the resulting component density in percentage points. Overall, 
the models provide predictions with a small training error of 
approximately ± 0.2 to ± 0.3 percentage points. The RFR has 
the largest training error and standard deviation. This may be 
an indicator of insufficient data, so that the algorithm is not 
able to detect the relationships between the process parameters 
and the resulting density during training. The MLP shows the 
best results with a roughly 30% lower RMSE compared to the 
other models. Overall, the RMSE with small standard devia-
tion shows that the relatively small amount of data is sufficient 
to obtain reproducible and accurate results for density predic-
tion with the MLP.

The results of the qualitative estimation of the generaliza-
tion ability for the density prediction are plotted in Fig. 4 for 
the LR and MLP model. Here, the limits of LR become clear. 
The algorithm is not capable of recognizing more complex 
relationships in the data and approximates the relationship 
between E* and the density with clear boundaries, although 
the experimentally determined values show that relatively 
broad transition areas between the density categories are cer-
tainly recognizable. Furthermore, the critical energy density 
for lack-of-fusion pores is not represented by the predictions of 
the model. Finally, it is evident that no values below 98.5% are 
predicted for high energy densities, although several experi-
mental measured values occur in this area. In contrast, the 
MLP algorithm allows the accurate mapping of the process 
parameter to part density relationship. The predictions show 
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Table 4   Training error for the 
density prediction

ML approach RMSE [pp]

LR 0.301 ± 0.0981
RFR 0.3138 ± 0.1459
MLP 0.2035 ± 0.079
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very similar distributions to the experimental data. First, the 
transition ranges between density categories are reflected in 
the models predictions, and second, the density categories are 
similarly distributed across the energy density as in the experi-
mental data. Only the 99% to 99.5% range extends slightly 
further toward lower energy densities in the MLP predic-
tions than in the measured data. In addition, the boundary for 
lack-of-fusion pores determined by [16] is reproduced by the 
model. Hence, to the right of the boundary, no component 
density above 99.5% is predicted by the model. In addition, 
density values lower than 98.5% are correctly predicted for 
high energy densities. Overall, the predictions of all models 
show the essential correlation that the resulting component 
density decreases with increasing energy density.

4 � Discussion

The results of the work show that ML algorithms are gen-
erally capable of calculating predictions for the melt pool 
dimensions and component density for various combinations 
of laser power and speed with a small error.

Moreover, the potentials and limitations of the different 
algorithms become clear. LR is very well suited for describ-
ing linear relationships, as can be seen in the prediction of 
melt pool width and depth. However, the model is restricted 
to this range of applications and offers only limited pos-
sibilities for adapting the model to different data sets. The 
density prediction illustrates the limitations of the approach. 
As expected, the DTR is a little less accurate and less robust 
than the RFR. In addition, training the DTR has shown that 
regulation of the model is important, as the approach has a 

strong tendency to overfit. In principle, however, relatively 
accurate predictions of the melt pool dimensions are pos-
sible with both approaches. The RFR even achieves the 
most accurate prediction overall for the melt pool width and 
depth. The potentials of the MLP approach are particularly 
evident in the density prediction. While the other approaches 
do map the essential relationship, the transitions between 
density categories visible in the experimental data are only 
apparent with the MLP approach. Overall, the flexibility 
of the MLP approach allows the best approximation of the 
resulting component density. However, the application of the 
algorithms is limited to the considered parameter ranges of 
power and speed (see Table 1) as well as the used material 
Ti-6Al-4V. For parameter combinations outside these inter-
vals, the calculated accuracy of the models is not ensured. 
To extend the process window to these ranges, further simu-
lation and experimental data are needed.

The results shows that the trained ML models allow the 
prediction of melt pool dimensions and component density 
for varying combinations of laser power and scan speed. 
The prediction with the trained models for new parameter 
combinations is done with almost no time required. For the 
application of ML algorithms, mainly the data generation 
and preparation is time consuming. However, once the ML 
models are trained, they allow predictions in seconds for any 
combination of parameters. Thus, compared to simulative 
and experimental methods, ML approaches offer a way for 
more efficient process modeling of the PBF-LB/M process 
after one-time data collection, eliminating long simulation 
times and the fabrication of test components for each param-
eter combination.

Nevertheless, the work shows that ML algorithms can-
not be used as a “black box” function to describe the PBF-
LB/M process. Accordingly, the analysis of data and results 
requires a comprehensive understanding of the process and 
its physical boundaries in order to make correct interpre-
tations, as shown by the evaluation of the melt pool and 
density prediction. Furthermore, the training of ML mod-
els requires knowledge of the algorithms in order to obtain 
the best possible predictions. As the training of the models 
shows, the right model selection is important, as well as 
knowledge about typical ML issues such as over- or underfit-
ting, in order to detect and avoid them.

5 � Conclusion

In this work, the use of ML algorithms for more efficient 
determination of individual process parameters for the 
PBF-LB/M process was investigated. Four different ML 
approaches were used to study the influence of the process 
parameters laser power and scan speed on the melt pool 
dimensions and component properties part density. Both 
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simulatively generated and experimentally collected data 
were used as the data basis.

The results of the work show that the ML models pro-
vide relatively accurate predictions for both the melt pool 
geometry and the resulting component density. The melt 
pool length can be predicted with an error of ± 24.9 µm, 
the melt pool width of ± 0.3 µm and the melt pool depth 
of ± 0.8 µm. For the prediction of the component density, 
an error of ± 0.2 percentage points is determined and the 
qualitative comparison with experimental data shows 
that the ML models are able to correctly reproduce the 
resulting density in dependence of the normalized energy 
density.

In summary, the results demonstrate that ML algo-
rithms can be used in the field of PBF-LB/M manufactur-
ing to directly model relationships between the process 
parameters used and the resulting process characteristics 
and part properties. Thus, ML techniques have the poten-
tial to make the acquisition of suitable process param-
eters for AM more efficient than current approaches, with 
the generation of training data being the main limitation 
of the approach. Overall, however, the use of ML algo-
rithms should rather be seen as a supplement to previous 
approaches, with which the PBF-LB/M process can be 
investigated more efficiently.

In further work, the accuracy of the models needs to be 
further increased and the application of ML algorithms in 
the AM field needs to be extended. The first can be done 
by the generation of further simulation and experimental 
data in order to enhance the data basis for the training. 
The second can be achieved, for example, by considering 
larger parameter intervals, other materials, and additional 
process parameters such as the hatch distance.

Finally, the application of ML techniques in industry 
needs to be simplified. So far, the use of ML techniques 
requires both computer science and AM expertise, which 
limits its use in the industry due to shortage of profession-
als combining both fields. Here, the integration of pre-
trained ML models into existing or new software programs 
can break the barrier for the use of ML in the AM industry 
and fully exploit the potential of ML in AM. For exam-
ple, trained ML models can be used in material research 
to make the development of new alloys more efficient 
by using ML-based predictions of appropriate process 
windows to reduce the experimental effort to parameter 
validation.
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