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1. Introduction 

Recently, the engineering community has been highly im-
pressed by the high degree of design freedom of metal additive 
manufacturing (MAM), or metal 3D printing [1-3]. In particu-
lar, laser powder bed fusion (LPBF) is the most famous MAM 
technique due to its high precision and flexibility in designing 
and producing bulk metallic components [3, 4]. By using LPBF, 
one can directly print 3D products in a layer-by-layer fashion 
through selective melting of fine metallic powders by a 
high-energy laser beam according to 3D computer-aided de-
sign (CAD) data [5]. For the high demands of industrial fields 
(e.g., aerospace, medical, mobility, etc.), various types of mate-
rials are commercially used in LPBF [6-9]. 

The prevention of macroscopic defects in LPBF-processed 
materials is essential for the reliability and durability of engi-
neering parts, but the materials are usually accompanied by po-
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In order to predict the process window of laser powder bed fusion (LPBF) for printing metallic compo-
nents, the calculation of volumetric energy density (VED) has been widely calculated for controlling 
process parameters. However, because it is assumed that the process parameters contribute equally to 
heat input, the VED still has limitation for predicting the process window of LPBF-processed materials. 
In this study, an explainable machine learning (xML) approach was adopted to predict and understand 
the contribution of each process parameter to defect evolution in Ti alloys in the LPBF process. Various 
ML models were trained, and the Shapley additive explanation method was adopted to quantify the 
importance of each process parameter. This study can offer effective guidelines for fine-tuning process 
parameters to fabricate high-quality products using LPBF. 
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chine learning  

rosity defects due to complexity associated with multiple print-
ed layers with a complex thermal history during the process 
[10]. It has been widely reported that heat input during the 
LPBF has a dominant effect on the evolution of porosity defects 
in the processed parts [10, 11]. If heat input is too low, the me-
tallic powder is partially un-melted during the LPBF, which 
produces a lack of fusion (LOF) defect having a sharp shape 
between melt pools. Moreover, when heat input is too excessive 
during LPBF, gas pore or key-hole defects can evolve in the 
processed materials [12]. 

Therefore, heat input is carefully controlled to produce de-
fect-free parts by using LPBF. A common practice in con-
trolling heat input is to control laser power, laser scanning 
speed, or hatch distance to obtain the LPBF process window of 
materials [13-15]. The volumetric energy density (VED) has 
been commonly used to estimate the heat input to the pro-
cessed materials by considering major process parameters as 
below [16-18]: 
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𝐸𝐸𝐸𝐸𝑣𝑣𝑣𝑣 =  𝑃𝑃𝑃𝑃
𝑣𝑣𝑣𝑣∙ℎ·𝑙𝑙𝑙𝑙

                               (1) 

 where the Ev is the VED, the P is the laser power, the v is the 
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laser scan speed, the h is the hatch distance, and the l is the lay-
er thickness. While the VED can be regarded as a powerful 
guidance to evaluate the heat input from the complex parame-
ters of LPBF, it is not an omnipotent index in predicting defect 
evolution of the LPBF-processed materials due to following 
limitations: (1) materials properties (i.e., thermal conductivity, 
melting point, etc.) are not reflected in the VED calculation, 
and (2) it is assumed that process parameters contribute equally 
to the heat input despite each parameter affecting the heat in-
put in a different mechanism. For example, in the case of mate-
rials having low LPBF printabilty (e.g., pure copper, H13 steel, 
etc.), it is difficult to produce defect-free sample based on VED 
if the laser power is insufficient for the same VED value [7, 19, 
20]. Therefore, an investigation to explore the contribution of 
process parameter to defect evolution in the materials is needed 
for expanding the applicability of materials to LPBF. 

Artificial intelligence (AI)-based method for process optimi-
zation in various science and engineering fields has been at-
tracting considerable attention due to its remarkable perfor-
mance [21-23]. In this study, the contribution of process pa-
rameters in the LPBF to the density of the LPBF-processed 
sample was explored based on techniques for explainable AI. 
The Ti-6Al-4V alloy was used for the present study, which is a 
representative material commercially used in LPBF due to its 
favorable printability for obtaining a wide process window as 
well as irreplaceable industrial merits (i.e, high specific 
strength, excellent load-bearing capacity, and superior biocom-
patibility) [9, 24, 25]. The contributions of the laser power and 
laser scan speed, which are commonly regarded as the major 

process parameters for controlling heat inputs, are quantitative-
ly compared by using various machine learning (ML) models. 

2. Experimental Procedure 

2.1. Sample fabrication and characterization 
Spherical powder of Ti-6Al-4V alloy (KOS global ltd., Re-

public of Korea) in a particle size range of 10–55 μm was pre-
pared for LPBF process. In order to ensure the data reliability of 
the present study, two types of powders of Ti-6Al-4V alloy hav-
ing different oxygen contents as grade 5 (1727 ppm) and grade 
23 (997 ppm) were used for sample fabrication [8]. Cuboidal 
blocks (10 mm ×  10 mm ×  10 mm) were printed in an island 
scanning pattern with 67° rotation in every layer by using a 
commercial LPBF machine (M2 Series 5, GE additive, USA). 
The 81 samples for each powder (the total number of samples: 
162 EA) were printed under the fixed parameters of a hatch 
distance of 0.10 mm and a layer thickness of 30 μm with con-
trolling the laser powder (100 – 300 W, 25 W interval) and laser 
scan speed (400 – 2000 mm/s, 200 mm/s interval) in an Ar at-
mosphere, as shown in Fig. 1. The relative density of samples 
was measured by Archimedes method (ML204T, Mettler Tole-
do, USA). The cubic samples were divided into four parts, and 
the density measurement was repeatedly performed for three 
parts. For the remaining specimen among the four parts, opti-
cal micrograph (OM) analysis was performed on the finely pol-
ished surface of the sample using an OM (ECLIPSE MA200, 
Nikon Co., Japan). 

Fig. 1. (a) Printing strategy to produce the samples, and (b) an optical photograph of the as-printed samples.
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2.2. Machine learning model training procedure 
In order to predict the relative density of LPBF-processed Ti-

6Al-4V alloy based on the process parameters, different ML 
models were trained for Shapley additive explanation (SHAP) 
to quantify the importance of process parameters. The overall 
procedure for training ML models is summarized as presented 
in Fig. 2. Firstly, Synthetic minority over-sampling technique 
for regression with Gaussian noise (SMOGN) [26] was adopted 
to alleviate the imbalance within the original dataset as well as 
to augment the data for model training and testing. From the 
original dataset, 69 and 71 synthetic data points were generated 
using SMOGN for grade 23 and grade 5 alloys, respectively. 
The original dataset for each alloy was then split in half. The 
first half was designated as test data while the remaining half, 
together with the SMOGN generated synthetic data, was desig-
nated as training data.  

Finally, five different supervised ML models, namely, artifi-
cial neural network (ANN), Gaussian process regression (GPR), 
adaptive boosting (AdaBoost) regression, support vector re-
gression (SVR), and random forest (RF) regression models 
were trained and tested using the augmented dataset. Key pa-
rameters used for each model are summarized in Table 1. The 
hyperparameters of GPR, AdaBoost, SVR, and RF models were 
fitted through exhaustive grid search. The hyperparameters of 
ANN was optimized through Optuna, an open source hyper-
parameter optimization framework. The noise parameter of 
GPR model was empirically fitted. The same parameters were 

used in training models for grade 23 as well as grade 5 alloys. 
Data normalization was applied prior to training the models. 

3. Results and Discussion 

3.1. Defect evolution in the samples 
Fig. 3 shows the variation of relative density of the LPBF-pro-

cessed samples as a function of laser scan speed in different la-

Fig. 2. Flow chart of the overall process of constructing machine learning models for laser powder bed fusion (LPBF)-processed Ti alloys.

Table 1. Parameters used to train each model
Model Parameters
ANN •  Network structure: 3 hidden layers with 16, 16, and 4 

nodes
• Activation function: Swish activation
•  Dropout layer: Dropout of 10% after first and second 

hidden layers
SVR • Regularization parameter: 150.0

• Margin (epsilon): 0.1
• Kernel: Radial basis function

GPR • Noise (alpha): variance/50
• Kernel: Matérn 5/2 multiplied by a constant kernel

AdaBoost • Number of estimators: 8
•  Base estimator: Decision tree with maximum depth of 6

RF • Number of estimators: 8
• Maximum depth: 6

ANN, artificial neural network; SVR, support vector regression; GPR, 
Gaussian process regression, AdaBoost, adaptive boosting; RF, random 
forest.

Experimental data

Experimental data for testing
(faction = 0.5)

Test performance of 
each model

Optimizing and training
regression models

Experimental data for testing
(faction = 0.5) Synthetic data (SMOGN)
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Fig. 3. Relative density as a function of laser scan speed of the (a) Gr. 5 and (b) Gr. 23 Ti alloys printed at different laser power levels.

ser power conditions. For both Ti alloys, when the laser scan 
speed is lower than 800 mm/s, the relative density of the sam-
ples gradually decreased. On the other hands, when the scan 
speed is too high, the relative density of the samples rapidly de-
creases with increasing scan speed. This tendency is much 
more severe in the samples printed at lower laser power condi-
tions. For example, for the samples printed at the laser power of 
100 W, the relative density is drastically decreased by increasing 
laser scan speed over ~800 mm/s. 

Figs. 4 and 5 presents the OM images of the finely polished 
surface perpendicular to building direction of the Gr. 23 Ti-
6Al-4V samples printed at different laser power and scan 
speeds. As shown in Fig. 4, the samples printed at low laser 
power and high scan speed exhibit the porous structure. Most 
of samples printed at low scan speed ( < 600 mm/s) involve a 
high fraction of spherical pores. Based on VED calculation (Eq. 
(1)), the volumetric heat input to the processed materials de-
creases when the laser scan speed increases due to increasing 
exposure time of the laser beam [14]. Therefore, it can be ob-
served that the LOF defects, having a large size (>  ~100 μm), 
are evolved in the samples printed under the low laser power 
and high laser scan speed, as presented in Fig. 5(a). On the con-
trary, for the samples printed under the high laser power and 
low scan speed, spherical gas pores are evolved due to excessive 
heat input, as shown in Fig. 5(b). 

Based on Eq. (1), the relative density as a function of VED of 
the Gr. 5 and Gr. 23 samples could be plotted as presented in 
Fig. 6. It is noted that the relative density of the LPBF-processed 
Ti-6Al-4V alloys maintains roughly ~99% in a VED range from 

~50 J/mm3 to ~100 J/mm3. When the VED decreases below 
~50 J/mm3, the relative density drastically decreases due to pro-
fuse evolution of LOF defects. On the other hands, strikingly, 
the relative density vs. VED plots exhibit serrated behavior un-
der the high VED over ~100 J/mm3. This demonstrates that the 
relative density of the LPBF-processed Ti alloys can be varies by 
process parameters despite the same VED under high heat in-
put conditions, while the relative density is dominantly depen-
dent on VED under low heat input conditions. 

Fig. 7 shows the VED contour lines overlaid on relative den-
sity map of the LPBF-processed Ti-6Al-4V alloys at different 
laser power and scan speeds. Noticeably, while the value of rel-
ative density is generally proportional to the VED below the 
VED of ~50 J/mm3, the relative density of the samples is differ-
ent even on the same VED line under conditions of high heat 
inputs. Interestingly, it can be observed that the relative density 
of the samples printed at high laser power is higher than those 
at low scan speeds on the same VED line under high heat input 
conditions. It implies that increasing laser power is more ad-
vantageous for obtaining high relative density of the LPBF-pro-
cessed Ti-6Al-4V alloy than lowering the scan speed even with 
the same VED line.  

3.2. ML model analysis  
In order to quantitatively explore the contributions of laser 

power and scan speed for obtaining high-density samples print-
ed by LPBF, various ML models were trained for SHAP study. 
The performance of the models for Gr. 23 Ti alloy evaluated 
through test data is summarized in Table 2. One can see that all 
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Fig. 4. Optical microscopy images for the lateral surface of the Gr. 23 Ti alloys printed by laser powder bed fusion (LPBF) at different laser 
powers and scan speeds.

Fig. 5. Optical microscopy images presenting (a) lack of fusion defects in a sample printed at a low volumetric energy density (VED) and (b) 
gas pores in a sample printed at a high VED.

the models perform reasonably well in terms of relative error 
and R2 measure. Among the models, GPR, Adaboost, and ANN 
models stand out. Their maximum relative error is less than 2% 
and their R2 score is above 0.97. The GPR model exhibits the 

highest predictive performance, where the maximum and aver-
age relative errors are less than 1% with an R2 score of 0.99. 

The performance of the models for Gr. 5 Ti alloy evaluated 
through test data is summarized in Table 3. Generally, all mod-
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Fig. 6. Relative density as a function of volumetric energy density (VED) for the (a) Gr. 5 and (b) Gr. 23 Ti alloys printed by laser powder bed 
fusion (LPBF).

Fig. 7. Volumetric energy density (VED) contour lines overlaid on relative density maps of the (a) Gr. 5 and (b) Gr. 23 Ti alloys printed by 
laser powder bed fusion (LPBF) at different laser powers and scan speeds.

Table 2. Performance of each model evaluated using test data for the Gr. 23 Ti alloy
ANN GPR AdaBoost SVR RF

Maximum relative error (%) 1.66 0.73 1.07 4.09 3.51
Average relative error (%) 0.31 0.15 0.18 0.72 0.49
R2 score 0.98 0.99 0.99 0.88 0.93

Table 3. Performance of each model evaluated using test data for the Gr. 5 Ti alloy
ANN GPR AdaBoost SVR RF

Maximum relative error (%) 2.20 1.30 2.26 1.47 1.44
Average relative error (%) 0.22 0.27 0.25 0.39 0.28
R2 score 0.94 0.90 0.85 0.83 0.88
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Fig. 8. (a) Summary mean |SHAP value| plot and (b) distribution of SHAP values of processing variables based on different models for the Gr. 
23 alloy.

els perform reasonably well in terms of relative error and R2 
score. The relative error index reveals that the predictive per-
formance of the models for Gr. 5 samples is comparable to that 
of models for Gr. 23 samples. However, the overall R2 score of 
models for Gr. 5 samples seems to be lower than that of the 
models for Gr. 23 samples. This is likely due to the bias within 
the dataset. The density distribution of the original dataset for 
Gr. 23 samples was more well-distributed than that of the origi-
nal dataset for Gr. 5 samples. 

Feature importance of laser power and scan speed as they are 
perceived by different models is shown in Fig. 8. Expectedly, la-
ser power is directly correlated with relative density while scan 
speed is inversely correlated with relative density (Fig. 8(a)). 
Fig. 8(b) reveals an interesting result in which mean SHAP val-
ue of laser power is larger than that of scan speed. That is, laser 
power poses a greater impact on relative density of Ti alloys 

than scan speed does. In detail, the mean SHAP value of power 
and scan speed are 0.66 and 0.69 for ANN and GPR models, 
respectively. The mean SHAP value differences calculated using 
RF and SVR models which are slightly larger (0.87 and 0.90) 
than those calculated using ANN and GPR models. The mean 
SHAP value difference calculated using AdaBoost models is 
above 1.17. Similar observations can be made with Gr. 5 Ti al-
loy (Fig. 9). This is in line with the experimental findings in 
Fig. 7. 

This aspect can be also accorded with experimental observa-
tion of LPBF-processed alloys [27, 28]. Luo et al. [27] recently 
investigated the effect of processing parameters on pores in 
LPBF-processed Ti-6Al-4V alloy. They also observed that the 
process window (the number of possible combinations of laser 
power and scan speed for obtaining dense samples) can be wid-
ened by increasing laser power rather than decreasing scan 
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Fig. 9. (a) Summary mean |SHAP value| plot and (b) distribution of SHAP values of processing variables based on different models for the Gr. 
5 alloy.

speed at the same VED levels [27]. 
Roughly speaking, the importance of laser power and scan 

speed on the relative density of the processed samples is likely 
to be around 60% and 40%, respectively, for both Gr. 5 and Gr. 
23 alloys based on every ML model used in the present study. It 
demonstrates that laser power contributes 1.5 times more sig-
nificantly compared to scan speed for obtaining dense samples 
printed by LPBF. This exploration can provide guidelines for 
fine-tuning the LPBF process parameters to produce dense me-
tallic products having high quality. 

4. Conclusion 

In this study, the contribution of laser power and scan speed 
in LPBF for the fabrication of dense Ti-6Al-4V alloy using 
LPBF was explored by experimental characterization and ML 
model training. While the relative density of the LPBF-pro-

cessed Ti alloys is generally proportional to the VED under low 
heat input conditions, accompanying LOF defects, the relative 
density is higher in the samples printed at high laser power 
than those at tlow scan speed at the same VED under high heat 
input conditions. It demonstrates that increasing laser power is 
more advantageous to produce dense Ti-6Al-4V alloy using 
LPBF than lowering the scan speed. 

In order to quantify the contribution of laser power and scan 
speed to the relative density of the samples, SHAP analysis was 
performed by training various ML models. The mean SHAP 
value of laser power is larger than that of scan speed, which 
demonstrates the laser power poses a greater impact on the rel-
ative density of Ti-6Al-4V alloys than scan speed does. When 
comparing the SHAP value between the laser power and scan 
speed, the laser power contributes 1.5 times more significantly 
compared to scan speed for the density of the Ti-6Al-4V alloy 
printed by LPBF. It also implies the process window of produc-
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ing dense Ti alloys can be expanded when increasing the laser 
power in the LPBF process. This investigation can provide ben-
eficial guidelines for controlling process parameters to fabricate 
high-quality products using LPBF. 
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