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A B S T R A C T   

In powder bed fusion type additive manufacturing using an electron beam (PBF-EB), various process parameters 
have a significant influence on the performance of manufactured parts. To expand the use of PBF-EB technology 
in the material industry, one of the problems is the generation of internal defects (pores, unmelted powder, 
among others) during the process. In this study, we determined a quantitative criterion (Sdr < 0.015 for an even 
surface; Sa ≥ 80 µm for an uneven surface; Sdr ≥ 0.015 and Sa < 80 µm for a porous surface) for classifying 
surface quality based on surface flatness, and we revealed that different surface qualities (even, uneven, and 
porous) include different types of internal defects. The parts with even surfaces are free of internal defects and 
have the highest density(7.7962 g/cm3). Parts with uneven surfaces have a large number of spherical pores 
owing to their excessive energy input, while parts with porous surfaces have a considerable number of irregularly 
shaped defects and unmelted powders owing to their insufficient energy input. When the energy input is 
excessively high, the combination of the Marangoni effect, vapor recoil pressure, and electron beam agitation 
leads to a high velocity flow of liquid, which tends to form bumps, resulting in an uneven surface. Conversely, if 
the energy input is too low, the depth of the melt pool is too small to penetrate the thickness of the powder layers, 
resulting in incomplete melting of the powder at the bottom of the layers and the formation of defects due to lack 
of fusion between the layers. In addition, five types of machine learning technologies (logistic regression, support 
vector machine, decision tree, XGBoost, and naive Bayes) were applied to the PBF-EB process parameters 
optimization of the S30C alloy. A support vector machine has the highest model performance, and we use it to 
construct a processing map corresponding to the internal defects and determine the PBF-EB process window for 
the S30C alloy. The optimal PBF-EB process parameter ranges for S30C alloy were predicted as follows: current 
= 2.5–10 mA, scan speed = 200–1000 mm/s, line offset = 0.11–0.25 mm, or current = 2.5–10 mA, scan speed =
200–750 mm/s, line offset = 0.27–0.33 mm. Moreover, a new framework for constructing a process map of PBF- 
EB fabricated parts was proposed, which is an effective method to accelerate PBF-EB for manufacturing parts 
without internal defects.   

1. Introduction 

Additive manufacturing (AM) technology is a process to manufacture 
parts in an additive manner, not a subtractive manner, and it is achieved 
through the gradual accumulation of materials [1–3]. This 
manufacturing technology enables the manufacture of complex struc
tures that are difficult to manufacture with conventional technology; 
thus, it effectively simplifies the production process and shortens the 
manufacturing cycle time. In recent years, in the field of AM, many types 

of materials have been used, forming structures have become more 
complex, and the forming accuracy of parts has been improved [2–5]. 
Among AM technologies, powder bed fusion-type AM using an electron 
beam (PBF-EB) is a rapidly developing AM technology. In PBF-EB 
technology, metal powder is melted using an electron beam, and 
metal parts with complex shapes are manufactured in a layer-by-layer 
manner [6–8]. The PBF-EB technology has the following advantages: 
(i) complex geometries can be directly processed; (ii) the parts can be 
manufactured in a near-net shape, thereby reducing subsequent 

* Corresponding author. 
E-mail address: kenta.aoyagi.e7@tohoku.ac.jp (K. Aoyagi).  

Contents lists available at ScienceDirect 

Additive Manufacturing 

journal homepage: www.elsevier.com/locate/addma 

https://doi.org/10.1016/j.addma.2022.102736 
Received 4 November 2021; Received in revised form 26 January 2022; Accepted 3 March 2022   

mailto:kenta.aoyagi.e7@tohoku.ac.jp
www.sciencedirect.com/science/journal/22148604
https://www.elsevier.com/locate/addma
https://doi.org/10.1016/j.addma.2022.102736
https://doi.org/10.1016/j.addma.2022.102736
https://doi.org/10.1016/j.addma.2022.102736
http://crossmark.crossref.org/dialog/?doi=10.1016/j.addma.2022.102736&domain=pdf


Additive Manufacturing 54 (2022) 102736

2

processing; (iii) the process is conducted under a vacuum environment, 
which can avoid degradation such as oxidation and nitridation caused 
by melting in air; and (iv) the unmelted powder can be recycled after 
printing [8–10]. 

In PBF-EB, various parameters have a significant impact on the 
quality of the manufactured parts. Internal defects (porosity, unmelted 
powder, among others) are crucial factors that degrade the mechanical 
properties of PBF-EB parts [7,11,12]. It is essential for PBF technology to 
produce defect-free parts in a reproducible manner, and the main factors 
leading to porosity and high roughness in parts printed by PBF tech
nology are process parameters, and so on [13]. To expand the use of 
PBF-EB technology in the material industry, an efficient and 
cost-effective process optimization method for eliminating internal de
fects needs to be developed. With the rapid developments in artificial 
intelligence technology, machine learning has been applied in AM in 
recent years [14–19], and machine learning techniques can be utilized 
to output new high-performance metamaterials, optimize process pa
rameters and topology design, defect monitoring during processing, and 
product quality assessment and control. The use of machine learning 
techniques for modeling the multidimensional parameters affecting the 
AM process can reduce the time and cost of elucidating AM techniques 
and optimizing these complex, multidisciplinary crossover projects. The 
literature [20] investigation reveals that machine learning techniques 
can be effectively applied to additive manufacturing in the areas of 
prediction of mechanical behavior, optimizing process parameters of 3D 
printing, porosity prediction and defect detection in 3D-printed parts, 
which not only offers significant time and economic savings, but also 
provides the feasibility of designing microstructures with extraordinary 
properties. Aoyagi et al. [21] developed a novel process optimization 
method using a support vector machine and successfully manufactured 
CoCr alloy parts without internal defects. This method can significantly 
shorten the research cycle and reduce the development costs. 

The two main types of internal defects in PBF-EB manufactured parts 
are gas pores and lack of fusion. The principle causes of gas pores are: 
hollow powder in the raw material powder; gas adsorbed on the surface 
of the powder which does not escape in time to be retained in the formed 
part during rapid solidification; and the surface flatness of the formed 
part which affects the quality of the powder layer [11,12,22–25]. Lack of 
fusion is mainly due to improper printing parameters or the unevenness 
of the powder layer and other reasons resulting in some areas of the 
powder is not completely melted and left in the formed parts of the 
phenomenon of unmelted powder and narrow porosity [12]. The liter
ature survey reveals [12] that the lack of fusion defects are mainly due to 
poor scanning and filling procedures and the instability of the electron 
beam. Internal defects such as pores and lack of fusion defects can 
damage the mechanical and fatigue properties of the formed part and 
lead to premature fracture. The main studies for controlling internal 
defects are online monitoring of defects, remelting and hot isostatic 
pressing (HIP). The literatures [26,27] report the use of infrared imaging 
or other imaging techniques to identify defects, but the monitoring of 
smaller sized defects is still not adequate. And in some cases remelting 
does not reduce the internal defects of the part, but instead causes 
coarsening of the macrostructure and volatilization of some metal ele
ments [12]. The HIP treatment does not completely eliminate the defect, 
the original defect location may still act as a point of origin of the crack, 
and the subsequent treatment will consume more time and economic 
costs [12]. Therefore, optimizing suitable printing parameters to avoid 
internal defects in printed parts at source is of great industrial value and 
research significance, and is an urgent issue in PBF-EB related technol
ogy. Previous studies [21,28–30] have revealed a correlation between 
the surface morphology and defects. This suggests that the surface 
morphology of a part can be used as a criterion for evaluating internal 
defects in additively manufactured parts. However, the quantitative 
relation between surface morphology and internal defects is unclear. 

Steel has many advantages such as large reserves, easy reduction, 
low production costs, and their microstructure and mechanical 

properties can be controlled by the design of alloying elements and heat 
treatment, so it is widely used in the transportation industry and civil 
engineering. Carbon steel for mechanical construction is a steel material 
consisting mainly of iron and carbon, with small amounts of silicon and 
manganese as deoxidants, and phosphorus and sulfur as impurities. 
Steels with a carbon content of 0.3 ± 0.03 mass % are labeled S30C. In 
general, S10C to S25C are less hardenable and are therefore tempered 
before being put into practical use. PBF-EB and other additive 
manufacturing methods have been increasingly used in the development 
of high performance materials and they are also widely used in steel 
materials, but mainly in alloy steels such as stainless steel and tool steels, 
with few examples applied to low alloy and carbon steels [31–34]. 
Therefore, in this study, the carbon steel S30C was chosen to provide a 
reference for the application of AM technology to a wider range of 
materials. 

In this study, we used 3D non-destructive inspection techniques to 
determine a quantitative criterion for classifying the types of internal 
defects. We then investigated the formation mechanisms of the surface 
flatness and internal defects under different processing parameters. In 
addition, we compared the model performance of several machine 
learning techniques and constructed a processing map from the datasets 
classified using the determined criteria. Finally, based on these results, 
we propose a new framework to accelerate the development of defect- 
free parts for PBF-EB. 

2. Materials and experimental methods 

2.1. Materials 

The carbon steel S30C alloy powder prepared by the gas atomization 
method was used as a raw material for PBF-EB. The chemical compo
sition of the S30C alloy powder is listed in Table 1. The particle size 
distribution of the powder was measured using a laser particle size 
analyzer (LS230, Beckman Coulter, USA). The surface morphology of 
the S30C alloy powder was observed using a scanning electron micro
scope (SEM; JEOL JCM-6000). The cross-sectional microstructure of the 
S30C alloy powder was observed using field-emission scanning electron 
microscopy (FE-SEM; JEOL JSM-IT800) with an electron backscattered 
diffraction detector (TSL-OIM, EDAX). 

2.2. Fabrication and characterization of S30C parts by using PBF-EB 

In the PBF-EB technique, an electron beam is used as a heat source to 
selectively melt and solidify a single layer of metal powder, followed by 
repeated stacking of multiple layers to form the desired three- 
dimensional structure. A schematic diagram of the PBF-EB system is 
shown in the Supplementary material (Fig. S1a). In this system the S30C 
powder is packed in a powder hopper and under gravity the powder is 
fed into a start plate (SUS304 base plate) on the build platform where it 
is raked into an approximately 75 µm thick layer. The electron beam 
produced by the electron gun with an accelerating voltage of 60 kV is 
focused by a lens system and scanned over the powder layers by a 
computer-aided design system. The PBF-EB process consists of four 
steps: (1) raking a layer powder, (2) preheating, (3) selective melting, 
and (4) stage down, as shown in the Supplementary material (Fig. S1b). 
A PBF-EB machine developed by the Technology Research Association 
for Future Additive Manufacturing (TRFAM) was used to fabricate S30C 
cube parts with a length of 15 mm, width of 15 mm, and height of 4.5 
mm. A support structure with a height of 3 mm was fabricated under the 
parts. For this TRFAM-developed PBF-EB machine, the process param
eters that we can change are layer thickness, preheating temperature, 
beam current, scan speed and line offset. During our preliminary 
experimental optimization, it was found that a layer thickness of 75 µm 
was more favorable for the spreading and melting of this S30C powder, 
and S30C powder ‘smoking’ behavior can be effectively avoided when 
the preheating temperature is around 1131 K. Therefore, the only three 
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parameters we can change are beam current, scan speed and line offset. 
Where the beam current can be used to react to the electron beam power 
due to the beam power is equal to the product of the beam current and 
the accelerating voltage. Scan speed refers to the velocity of the electron 
beam movement. Line offset represents the distance between two adja
cent single tracks. 

The three process parameters (beam current, scan speed, and line 
offset) were set using a uniform experimental design to make three types 
of process parameters distributed uniformly in 3D space, as shown in  
Fig. 1a, and the specific 32 groups of parameters are shown in Table 2. 
Here, the uniform experimental design [35] is one of the DoE (design of 
experiments), which is an experimental design method that considers 
only the uniform scattering of test points over the test range. It is 
convenient for obtaining data sets that are distributed in a 
high-dimensional space, allowing the data points to be distributed as 
uniformly as possible in the space of beam current - scan speed - line 
offset. Since too small / too large beam current, scan speed and line 
offset do not print samples stably, the beam current, scan speed and line 
offset vary between 2 and 40 mA, between 100 and 2000 mm/s and 
between 0.1 and 0.5 mm respectively, according to the EBM machine’s 
parameter limitations and operating experience. Using these three pro
cess parameter ranges as boundaries, the JMP software (Free Trial) was 
used to generate a uniform distribution of 32 data points in this space. 
The scanning strategy for the electron beam is shown in Fig. 1b, and 
contour scanning is performed, and a bi-directional scanning strategy is 
used to build the S30C part. That is, for one layer (n), the electron beam 

scans on the S30C powder bed following the path shown by the blue 
arrow, while for the next layer (n + 1) the scanning direction of the 
electron beam is rotated by 90◦, following the path shown by the red 
arrow. Fig. 1c shows an overview of the fabricated parts. The surface 
topography of the parts was analyzed using a Keyence® VR-3200 
wide-area 3D measurement system. SEM and X-ray CT (Comscantecno 
Co., Ltd, Yokohama, Japan) were used to analyze the internal defects of 
the parts. In the analysis of defects using X-ray CT, the size of the defects 
was defined by the effective diameter. The effective diameter is the 
diameter of the sphere, which has the same volume as the defect. The 
absolute density of the S30C parts was measured using Archimedes’ 
principle [36], as shown in formula (1): 

ρS30C =
mS30C∙ρwater

mcS30C − mc
(1)  

where ρwater = 0.9982 g/cm3 is the density of water at 20 ◦C. mcS30C =

mc + mS30C, mS30C are the masses of the S30C parts in the air. mc is the 
sum of the mass of the container, water, and submerged part holder. 

2.3. Numerical simulations 

Computational thermo-fluid dynamics (CFD) is a computational 
method for solving the thermo-fluid dynamics equations [37,38]. In this 
study, we used Flow3D® [39], a commercial CFD software, to simulate 
the melt pool geometry, fluid motion, and temperature field for a 
single-track scan in the PBF-EB process. To accurately describe the 

Table 1 
Chemical composition of the gas-atomized powder of carbon steel S30C alloy used herein.  

Element C Si Mn P S Ni Cr Fe 

Composition (wt%)  0.33  0.96  0.96  0.007  0.003  0.02  0.07 Bal.  

Fig. 1. (a) Process parameters of PBF-EB by a uniform experimental design. (b) Schematic of the scan strategy and part of a 15 × 15 × 4.5 mm3 dimension fabricated 
by PBF-EB, and (c) overview of two batches of S30C cube parts fabricated on the SUS304 substrate. 
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PBF-EB process of the S30C alloy, its physical model should be 
customized using specific conditions, and a “Medium_
Carbon_Steel-SCMn_2B” model in Flow3D® software was chosen. The 
buoyancy effect was intrinsically considered, and it was incorporated 
into the density as a function of temperature. In addition, three factors 
(Marangoni force, capillary force, and vapor recoil pressure) influence 
the surface state and were also incorporated in this model. A further 
detailed description of the model can be obtained from Refs. [40,41]. 

2.4. Basic idea of predicting internal defects using machine learning 
algorithms 

In the PBF-EB process, process mapping is a typical classification 
problem. In this study, poor quality (with internal defects) and good 
quality (without internal defects) parts were classified. It should be 
noted that the internal defects used for classification in this study were 
defects introduced by unsuitable printing parameters; small spherical 

pores originating from entrapment in the virgin powder are not 
considered. Based on the X-ray CT results from the virgin powder (the 
data is shown in the Supplementary material, Fig. S2), it can be seen that 
the defect size in the virgin powder is usually less than or equal to 50 µm. 
The resolution of the reconstructed data of the X-ray CT, used in this 
study, is 50 µm, and then defects with the diameter of > 50 µm are 
considered for the quality classification of the parts in this study. Five 
machine learning techniques (logistic regression (LR), support vector 
machine (SVM), decision tree (DT), XGBoost, and naive Bayes (NB)) for 
binary classification models, which are commonly used to solve classi
fication problems, were applied and compared. Among them, the tech
niques with the highest model performance were used to construct the 
processing maps. The five specific machine learning techniques used 
herein are explained in the Supplementary material. 

Table 2 
Process parameters for melting used herein.  

Sample No. Current / mA Scan Speed / mm s− 1 Line Offset / mm Sample No. Current / mA Scan Speed / mm s− 1 Line Offset / mm 

1  6.31  138  0.32  17  25.14  247  0.42 
2  3.83  480  0.15  18  22.77  312  0.33 
3  2.68  1192  0.37  19  24.05  1483  0.16 
4  5.05  1567  0.47  20  21.55  1606  0.21 
5  8.73  663  0.27  21  28.73  779  0.45 
6  7.38  845  0.19  22  27.54  906  0.22 
7  9.8  958  0.35  23  26.41  1370  0.35 
8  10.51  1963  0.24  24  29.92  1852  0.41 
9  14.49  362  0.28  25  31.16  193  0.11 
10  13.11  1313  0.4  26  34.72  537  0.43 
11  12.05  1721  0.13  27  33.7  1669  0.31 
12  15.69  1905  0.38  28  32.45  1795  0.17 
13  19.02  424  0.48  29  39.21  600  0.18 
14  20.34  723  0.23  30  35.83  1021  0.26 
15  17.83  1119  0.46  31  38.21  1089  0.29 
16  16.93  1250  0.12  32  37.16  1436  0.49  

Fig. 2. Part characteristics of the gas-atomized S30C powder. (a) SEM images of the surface morphology of the powder, (b) SEM images of the cross-section of the 
powder, (c) IPF maps of the cross-section of the powder, and (d) particle size distribution of the powder. 
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3. Results and discussion 

3.1. Powder characteristics of S30C alloy 

Fig. 2a shows the surface morphology of the S30C powder. The 
powder had a relatively uniform particle size distribution and a small 
amount of satellite powder. Fig. 2b shows the SEM image of the cross- 
section of the powders, and there is an obvious pore present in the in
dividual powder. The main reason for the formation of this pore is the 
encapsulation of argon in the spheroidization of the molten droplets 
during the atomization process [42]. The inverse polar figure (IPF) in 
Fig. 2c shows that each powder particle has a polycrystalline structure. 
As shown in Fig. 2d, the particle size of the S30C powder ranged from 50 
to 160 µm, with an average size of 109.5 µm. In terms of sizes, 10% of 
powders are less than 79.29 µm, 50% are less than 112.4 µm, and 90% 
are less than 149.1 µm. In summary, this S30C alloy powder has high 
purity and a narrow particle size distribution and is considered suitable 
for PBF-EB. 

3.2. Effect of processing parameters on surface morphology 

Fig. 3 shows the surface morphology of the parts observed with the 
digital microscope, which can be classified into porous, even, and un
even. The surface quality is usually related to the energy input. The 
input energy is often expressed in terms of the global energy density 
Evolume (Evolume = P/(VscanLoffsetZlayer)) (J/mm3) [21], and the results of 
the calculation are listed in Table 3. P is the power, P = U (accelerating 
voltage) × I (beam current). V scan, L offset, and Zlayer are the scan speed, 
line offset, and layer thickness, respectively. The Evolume increases from 
part 3 (4.86 J/mm3) to part 25 (1174.19 J/mm3), and the surface of 
parts 25 and 29 with highest energy density exhibits severe unevenness 
owing to the excessive energy input. As shown in Fig. 3 and Table 3, 
some samples with different Evolumes show different surface morphol
ogies, but Evolume does not always determine the surface morphology. For 

example, parts 1, 2, 5, 6, and 11 are even surfaces, but Evolume is divided 
into two regions. 

Fig. 4a shows the surface morphology corresponding to the parts 
with different Evolumes, some of which (e.g., parts 1 and 32) are not 
completely distinguished according to Evolume. This demonstrates that 
the energy input does not depend on Evolume. If Evolume is a characteristic 
parameter that reflects the input energy for melting powder, the surface 
morphology would monotonously depend on Evolume. This fact indicates 
that Evolume is not a characteristic parameter for the energy input to the 
built parts. The global energy density Evolume has no physical meaning, 
and in this study, it was used to reduce the dimension in Fig. 4b. As 
shown in Fig. 4b, the three types of surface morphologies are divided 
into three regions: porous surface, even surface, and uneven surface. 

Fig. 3. Digital images of the surface morphology of S30C parts built by PBF-EB with different process parameters.  

Table 3 
Global energy density and surface morphology of different parts.  

Sample 
No. 

Global 
Energy 
Density / 
J mm− 3 

Surface 
Morphology 

Sample 
No. 

Global 
Energy 
Density / 
J mm− 3 

Surface 
Morphology 

1  114.31 Even  17  193.87 Uneven 
2  42.56 Even  18  176.92 Uneven 
3  4.86 Porous  19  81.09 Uneven 
4  5.49 Porous  20  51.12 Uneven 
5  39.01 Even  21  65.57 Uneven 
6  36.77 Even  22  110.54 Uneven 
7  23.38 Porous  23  44.06 Uneven 
8  17.85 Porous  24  31.52 Porous 
9  114.36 Uneven  25  1174.19 Uneven 
10  19.97 Porous  26  120.29 Uneven 
11  43.09 Even  27  52.11 Uneven 
12  17.34 Porous  28  85.07 Uneven 
13  74.76 Uneven  29  290.44 Uneven 
14  97.85 Uneven  30  107.98 Uneven 
15  27.71 Porous  31  96.79 Uneven 
16  90.29 Uneven  32  42.25 Uneven  
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When I is too high, it tends to lead to excessive energy input, regardless 
of Evolume. 

Fig. 5 shows the 3D surface morphology of the outermost surface of 
the parts. Surface flatness is usually used to characterize the surface 
morphology of parts quantitatively, and we introduced two parameters 
of surface flatness [43,44]: the commonly used Sa (arithmetic mean 
height) and Sdr (developed interface area ratio). Where Sa is a param
eter of surface expansion in terms of Ra (arithmetic mean height of the 
line), representing the average of the absolute value of the difference in 
height of each point with respect to the mean height, and is expressed as 
follows [44]: 

Sa =
1
A

∫∫

A

|Z(x, y)|dxdy (2) 

Sdr is the expanded area (surface area) of the defined area, indicating 

the amount of area added relative to the defined area. The Sdr of a 
perfectly flat surface is 0. If the surface has a slope, Sdr increases. The 
expression [44] is as follows: 

Sdr =
1
A

⎡

⎣
∫∫

A

⎛

⎝

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅[

1 +

(
∂z(x, y)

∂x

)2

+

(
∂z(x, y)

∂y

)2
]√

√
√
√ − 1

⎞

⎠dxdy

⎤

⎦ (3) 

Here, A is the area of the measurement target area, and 
⃒
⃒Z(x,y)

⃒
⃒ is the 

absolute value between the height of the measurement mean plane and 
that of the convex part or the depth of the concave part. Fig. 6 shows the 
surface flatness, Sa, and Sdr, of the built parts, and the values are listed 
in Table 4. The three types of surface morphology—porous, even, and 
uneven—are indicated by red, black, and blue dots, respectively. The 
results show that Sa can distinguish uneven surfaces, but Sa cannot 
distinguish porous surfaces. The surfaces of parts 3 and 4 are porous, but 

Fig. 4. (a) Scatter plot of energy density and surface morphology corresponding to different parts, and (b) scatter plot of energy density, current, and surface 
topography corresponding to different parts. 

Fig. 5. Three-dimensional surface topographical images of built parts.  
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the Sa of the parts is smaller than that of part 5 with an even surface. On 
the contrary, Sdr can distinguish even surfaces from porous or uneven 
surfaces. In addition, for the S30C alloy fabricated by PBF-EB, we can 
obtain the quantitative criteria that classify the surface morphology. 
That is, the surface is even when Sdr < 0.015, uneven when Sa ≥ 80 µm, 
and porous when Sdr ≥ 0.015 and Sa < 80 µm. These quantitative 
criteria can not only classify the three types of surface morphology but 
also can be used to classify surfaces as bad or good for subsequent ma
chine learning techniques to predict the range of process parameters of 

parts with even surfaces. 

3.3. Effect of process parameters on internal defects and density 

To reveal the relations between internal defects and surface 
morphology, cross-sectional microstructures of the built parts parallel to 
the building direction were observed using SEM, as shown in Fig. 7. No 
internal defects were observed in the parts with even surfaces, indicating 
that the part was of good quality. In contrast, the parts with porous 

Fig. 6. Sa and Sdr values and corresponding surface quality of the built parts in Fig. 5. (a) The values of Sa, (b) partial enlarged view of (a), (c) the values of Sdr, and 
(d) partial enlarged view of (c). 

Table 4 
Values of Sa and Sdr of the built parts. Each part was divided into two classes and labels according to the value of Sdr (when Sdr < 0.015, it is “good” and when Sdr ≥
0.015, it is “bad”). Parts with even surface are defined as “good” and labeled as 1. Parts with uneven and porous surfaces are defined as “bad” and labeled as 0.  

Sample No. Sa / μm Sdr Class Label Sample No. Sa / μm Sdr Class Label 

1  13.133  0.00146 Good  1  17 181.638 0.02516 bad  0 
2  13.094  0.00394 Good  1  18 153.476 0.01653 bad  0 
3  29.485  0.13052 Bad  0  19 1148.212 0.52964 bad  0 
4  36.079  0.14411 Bad  0  20 132.629 0.01923 bad  0 
5  57.297  0.01245 Good  1  21 949.564 0.77157 bad  0 
6  34.543  0.00634 Good  1  22 337.058 0.35956 bad  0 
7  51.669  0.07524 Bad  0  23 103.607 0.07185 bad  0 
8  41.345  0.07288 Bad  0  24 39.174 0.03462 bad  0 
9  516.389  0.10708 Bad  0  25 – – bad  0 
10  51.353  0.10994 Bad  0  26 1728.235 2.86081 bad  0 
11  19.783  0.00512 Good  1  27 170.217 0.10187 bad  0 
12  48.907  0.11759 Bad  0  28 411.305 0.3616 bad  0 
13  944.751  2.24503 Bad  0  29 – – bad  0 
14  413.693  0.10804 Bad  0  30 380.927 1.07691 bad  0 
15  64.834  0.18965 Bad  0  31 422.997 1.20152 bad  0 
16  1117.634  0.56409 Bad  0  32 94.452 0.09391 bad  0  
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Fig. 7. Cross-sectional SEM images parallel to the building direction of S30C built parts. A comparison with Figs. 3 and 5 reveals that surface morphology correlates 
with internal defects. 

Fig. 8. Three-dimensional rendering of X-ray CT analysis of (a) part 5 with even surface, (b) part 26 with uneven surface, and (c) part 8 with porous surface. The 
internal defects are marked with different colors according to their effective diameter. 
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surfaces contain many large-size defects, that is, unmelted powder (e.g., 
parts 3, 4, 7, among others) or irregularly shaped pores (e.g., parts 10 
and 15). These large defects are the lack of fusion-type defects caused by 
insufficient energy, which act as a starting point for cracking during the 
service life of the part and greatly deteriorates its overall performance. 
In contrast, parts with uneven surfaces contain many spherical pores 
that also deteriorate the overall performance. 

The relations between internal defects and surface morphology were 
further analyzed by X-ray CT, and the results are shown in Fig. 8. Fig. 8a, 
b, and c are the results of part 5 with even surface, part 26 with uneven 
surface, and part 8 with porous surface, respectively. Part 5, with an 
even surface, contains few defects with a void ratio of only 0.0003%, and 
part 26 with an uneven surface contains many spherical pores less than 
100 µm in size with a void ratio of 0.0053%, while part 8 with a porous 
surface contains a large number of large irregularly shaped defects with 
a void ratio of 1.1948%. 

The defects were also classified according to the shape of the defects 
from the X-ray CT results, as shown in Fig. 9. In Fig. 9, red represents 
spherical shape defects, orange represents elongated shape defects, blue 
represents flat shape defects, and green represents other irregular shape 
defects. Part 5 is defect-free, and part 26 contains only spherical defects. 
Part 8 contains not only red spherical defects (Fig. 9c-1) but also many 
irregularly shaped defects. Fig. 9d shows the volume fraction of defects 
in part 8 as a function of the defect shape. The volume fractions of the 
spherical defects, elongated shape defects, flat shape defects, and other 

irregularly shaped defects were 1.42%, 1.21%, 2.71%, and 94.66%, 
respectively. 

The measured densities of the parts are shown in Fig. 10. To evaluate 
errors induced during measurement and calculation of densities, each 
sample was measured five times and its average value was calculated, 
while we also indicated its standard deviation with an error bar, and the 
results are shown in Fig. 10a. The standard deviation in Fig. 10a is larger 
for porous and uneven samples and smaller for even samples. The porous 
and uneven samples have rough surface and opened pores on the sur
face. In the measurement of these samples, water may get into the 
opened pores, and amount of water in the opened pore is not constant for 
each measurement. This is the reason of large standard deviation in the 
porous and uneven samples. Fig. 10a also shows that the density is 
clearly divided into three classes according to the three different surface 
morphologies: ρeven > ρuneven > ρporous, and the absolute density of the 
five even surface parts is more than 7.7683 g/cm3 and the highest is 
7.7962 g/cm3 of part 1. Here, the relative densities of the parts were 
calculated based on the density of the rolled S30C alloy (7.838 g/cm3) 

from the equation 
(

ρS30C
7.838

)
× 100% as shown in Fig. 10b. Fig. 10b shows 

that the relative densities of the parts with even surfaces are greater than 
99.11%. The relative density of part 1 with an even surface shows the 
highest value of 99.46%, while that of part 3 with a porous surface 
shows the lowest value of 66.25%. This indicates that the density and 
internal void ratio of the part are highly correlated. 

Fig. 9. Three-dimensional rendering of X-ray CT results as a function of the shape of defects. (a) Part 5 with even surface indicating free of internal defects, (b) part 
26 with uneven surface indicating spherical shape defects, and (c) the part 8 with porous surface indicating several irregularly shaped defects. (c-1), (c-2) (c-3), and 
(c-4) show the separated figure with spherical shape defects, elongated shape defects, flat shape defects, and other shape defects, respectively, and (d) the volume 
fraction of defects in part 8 with a porous surface as a function of the shape of defects. 
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3.4. Effects of processing parameters on surface flatness and internal 
defects generation mechanisms of PBF-EB parts 

One of the goals of PBF-EB technology is to manufacture high-density 
parts. Owing to the complex solidification process of PBF-EB, various 
defects appear in parts that reduce the mechanical properties of PBF-EB 
parts and affect their safety in use. In this paper, we assume that the 
defects can be detected from the surface morphology. The above 
experimental results indicate that this assumption is valid for PBF-EB 
built parts. In order to confirm the validness of the assumption, we 
conducted simulation and investigated the mechanisms by which pro
cessing parameters affect the surface morphology and internal defects of 
parts. Different processing parameters result in different energy inputs, 
which in turn affect the melt pool size, melt pool shape, solidification 
rate, and temperature gradient, and consequently affect the surface 

morphology and internal structure [1,28,40,41]. In the simulation of the 
PBF-EB process, the heat source (q) must be described as the energy 
input by the electron beam, which is usually described as having an 
approximate Gaussian distribution as follows [40]: 

q(r) =
2ηQ
πr2

0
exp

(

−
2r2

r2
0

)

(4)  

where r0, Q, r, and η are the effective beam radius, beam power, actual 
spot radius, and energy efficiency of the energy density decaying to 1/e2 

at the center of the beam spot, respectively. Multi-scale physical 
coupling effects occur in the melt zone, including the interaction be
tween the solid, liquid, and gas phases, as well as the Marangoni effect, 
electron impact pressure, and vapor recoil pressure. This study focused 
mainly on the behavior of the melt pool, and we simulated three cases of 

Fig. 10. Variation of the density of corresponding surface quality of S30C parts at different process parameters: (a) absolute density and (b) relative density.  

Fig. 11. Temperature distribution in the melt pool simulated by CFD. (a1) (a2) the condition of the part 3 with insufficient energy input, (b1) (b2) the condition of 
the part 5 with optimal energy input, (c1) (c2) the condition of the part 26 with excessive energy input. (a1)–(c1) are the 3D images of half symmetry models, and 
(a2)–(c2) are the y-z cross-sectional planes. 
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single-track melting without powder. The three cases are the condition 
of part 3 with a porous surface including irregular shape defects, the 
condition of part 5 with an even surface including no internal defects, 
and the condition of part 26 with uneven surface including spherical 
shape defects. 

Figs. 11 and 12 show the temperature field and the solid fraction of 
the melt pool for the three cases, respectively, where a, b, and c are 
figures corresponding to low energy input (Part 3), medium energy 
input (Part 5), and high-energy input (Part 26), respectively. Figs. 11 
and 12 show that when the energy input is too small, the melt pool is 
small and shallow (the melt pool depths for low, medium, and high 
energy inputs are 0.25 mm, 0.79 mm and 2.37 mm respectively, as 
measured by Fig. 12c1-c2), and the maximum temperature in the melt 
pool is very low, leading to unmelted powder and interlayer lack of 
fusion during the PBF-EB process. On the contrary, when the energy 
input is too high, the melt pool is very large and deep with a severely 
wavy surface and spattering, and the maximum temperature in the melt 
pool is very high. Fig. 13 shows that before the formation of a spatter, 
the melt pool is extremely unstable owing to excessive energy, and a 
convex prominence is formed at the front of the pool (Fig. 13a). The 
intense dynamic flow due to the high thermal gradient generates a 
convex prominence toward the oblique upper part of the melt. When the 
liquid at the edge of the depression has sufficient kinetic energy, a liquid 
droplet spatters from the melt pool surface (Fig. 13b). This spattering at 
very high temperatures results from the ejection of liquid metal droplets 
from the melt pool. In contrast, when the energy input was appropriate, 
the melt pool was stable (Figs. 11b2 and 12b2). 

Fig. 14 shows the melt flow direction and velocity in the x-z cross- 
sectional plane for the three conditions corresponding to Fig. 11. The 
backward liquid flow from the hot spot has a higher flow rate in the case 
of high-energy input than in the case of low-energy input. This is caused 
by the large thermal gradient in the case of high-energy input. The main 
driving force for the liquid flow is the Marangoni force, i.e., the surface 
tension caused by the temperature gradient, which carries the melt from 
the hot spot to the tail of the melt pool. The Marangoni effect is 
expressed as follows [40,41]: 

γ(T) = γL +
dγ
dT

(T − TL) (5)  

Where, γ is the surface tension, T is the temperature of melt pool. γL and 

TL are the surface tension and temperature at the liquidus, respectively. 
dγ
dT is the temperature coefficient of the surface tension. The Marangoni 
force along the tangent of the surface (dγ

dx) can be expressed as [40,41]: 

dγ
dx

=
dγ
dT

∇T (6) 

Here, ∇T is the temperature gradient at the liquid–gas interface. The 
higher the input energy, the higher the temperature T at the melt pool 
depression location (Fig. 11) and the higher the temperature gradient 
∇T, i.e., the higher the Marangoni force according to Eqs. (5) and (6). 
Excessively high Marangoni forces lead to a violent flow of the melt that 
does not spread uniformly along the surface of the melt pool but tends to 
form bumps in parts with high surface tension [41]. In addition, the 
vapor recoil pressure (Precoil) is also considered as another driving force 
for the melt pool flow, which is a normal reaction force caused by the 
interaction of the metal vapor with the atmosphere and can be written as 
[40,41]: 

Precoil(T) = Ap0exp
[

ΔHLV (T − TV)

RTTV

]

(7)  

where p0 is the atmospheric pressure (Pa), ΔHLV is the latent heat of 
vaporization, T is the temperature of melt pool, TV is the vapor satura
tion temperature (boiling temperature), R is the gas constant, and A is 
the ratio coefficient. For a high-energy input, a higher T produces a 
larger Precoil. These phenomena may lead to the formation of pores in the 
melt pool that are usually spherical or elliptical in shape owing to the 
dominant surface tension of the liquid metal [45,46]. 

The distribution of defects within the low-energy input (Part 3), 
suitable energy input (Part 5), and high-energy input (Part 26) parts 
were examined by SEM, and the results are shown in Fig. 15a, b, and c, 
respectively. Fig. 15a demonstrates that the defect contains unmelted 
powder, indicating that the irregular-shaped defect in part 3 is mainly 
caused by the unmelted powder due to the lack of fusion. Fig. 15b re
veals the uniform internal structure of part 5 with an even surface 
printed at suitable energy input conditions, with no defects present. 
However, there are many spherical pores with excessively high energy 
inputs in part 26, as shown in Fig. 15c. These spherical pores may be 
associated with metal vapor due to overheating and unstable melt pools, 
as well as argon entrapped during the manufacture of gas-atomized 
S30C powders [25,45–49]. 

Fig. 12. Solid fraction in the melt pool simulated by CFD. (a1) (a2) the condition of the part 3 with insufficient energy input, (b1) (b2) the condition of the part 5 
with optimal energy input, (c1) (c2) the condition of the part 26 with excessive energy input. (a1)–(c1) Three-dimensional images of half symmetry models, and (a2)– 
(c2) the x-z cross-sectional planes of the melt pool at the position of the planes shown as a gray plane in (a1)–(c1). 
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In summary, the formation mechanism of the surface flatness and 
internal defects of the S30C alloy under different processing parameters 
in the PBF-EB process is clearly revealed, and a schematic is shown in  
Fig. 16. When the energy input is excessively high, the melt pool has a 
long lifetime, and a large amount of liquid phase is produced. The 
temperature at the melt pool tail was lower, but the temperature near 
the electron beam was higher, resulting in a larger temperature gradient. 
Therefore, the combination of the Marangoni effect, vapor recoil pres
sure, and electron beam agitation results in liquid flow with high ve
locity, and bumps are easily formed. During the subsequent layer-by- 
layer melting of the powder, surface bumps accumulate and eventu
ally form surface bulges or bumps. During the melting of the pre-alloyed 
powder, the rapid increase in the melt pool temperature can cause Fe 
and Mn to evaporate easily in the melt pool. In addition, gas bubbles 
trapped in the atomized powder were retained in the part. These are the 
main reasons for the presence of a large number of spherical pores in the 
uneven surface parts. When the energy input was too low, insufficient 
fusion defects formed between the layers, and some powder was not 
completely melted. This is because when the energy input is low, the 
melt pool depth is too small to penetrate the thickness of the powder 

Fig. 13. Simulation results of the spatter formation process. (a) Temperature distribution and flow velocity in the melt pool before the spatter formation. (b) 
Temperature distribution of the melt pool after the spatter formation. 

Fig. 14. Liquid flow corresponds to the conditions in Fig. 11(a2)–(c2).  

Fig. 15. Enlarged SEM microstructure images are shown for (a) porous (part 3), (b) even (part 5), and (c) uneven (part 26) of Fig. 7.  
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layer and cause the bottom part of the powder layer to be fully melted. 

3.5. Development of a new framework to accelerate the fabrication of 
PBF-EB parts without internal defects by machine learning techniques 

3.5.1. Evaluation of candidate machine learning algorithms applied to the 
construction of the new framework 

The quantitative criteria for determining the three types of surface 
morphologies using the Sa and Sdr values were obtained in Section 3.2. 
Sections 3.3 and 3.4 show that the three surface morphologies corre
spond to the three types of internal defects, that is, the Sa and Sdr values 
can be used as the criteria for determining the type of internal defects. 
This finding makes it feasible to easily determine the internal defects of a 
part via non-destructive surface flatness evaluation. In industrial ap
plications, obtaining the process parameters for parts without internal 
defects is important. Among the quantitative criteria we obtained, the 
Sdr value can distinguish defect-free parts (corresponding to an even 
surface), that is, the parts have no internal defects when Sdr < 0.015. 
Therefore, by combining this quantitative criterion, we propose a ma
chine learning framework to quickly predict the multidimensional pro
cessing window of parts without internal defects. Based on the 
magnitude of Sdr, the parts can be classified into two categories: good 
(without internal defects) or bad (with internal defects). The parts with 
Sdr < 0.015 were “good” and labeled as “1”, and the parts with Sdr 
≥ 0.015 were “bad” and labeled as “0”, as shown in Table 4. Five ma
chine learning techniques for classification problems (LR, SVM, DT, 
XGBoost, and NB) were selected for model testing and evaluation of this 
classification problem. The input dataset for machine learning model 
contains only three feature values (processing parameters: beam cur
rent, scan speed, and line offset) and the corresponding labels (0 or 1), as 
shown in Tables 2 and 4. When dividing the training and test sets, K-fold 
cross-validation was used in order to ensure that every sub-sample 
participated in the training and was tested, and to reduce the general
ization error. That is, a dataset was divided into K copies, one of which 

was used for validation and the remaining K-1 copies were used for 
training. In the scikit-learn library of python, n_splits, shuffle and ran
dom_state are the three important parameters for K-fold cross- 
validation. The parameter n_splits is K. Its value is equal to the num
ber of copies into which the data set will be divided. Shuffle is also a 
function that means to break up the order, if shuffle = True, then it 
means that the order will be shuffled and then allocated. Many functions 
have a random_state parameter, which is the equivalent of a random 
seed here, and is intended to be reproducible, and is generally used in 
conjunction with shuffle, which only makes sense when shuffle = True. 
To ensure fairness in evaluating the five machine learning models, the 
same parameters for K-fold cross-validation were used, i.e.: n_splits = 5, 
shuffle = True, random_state = 100. Commonly used metrics for eval
uating the performance of a binary classifier are accuracy, precision, 
recall, and F1-score as shown below [50]: 

Accuracy =
TP + TN

TP + TN + FP + FN
(8)  

Precision =
TP

TP + FP
(9)  

Recall =
TP

TP + FN
(10)  

F1 − score =
2 × Precision × Recall

Precision + Recall
(11)  

where P and N denote the total number of positive and negative ob
servations, respectively. TP, TN, FP, and FN represent true positive, true 
negative, false positive, and false negative identification, respectively. 
The results of accuracy, precision, recall, and F1-score for the five 
classification models are presented in Fig. 17. The LR, DT and NB clas
sification models were built using the algorithm library in the scikit- 
learn package. Test accuracy of LR, DT and NB are 0.757, 0.814 and 
0.675. An XGBoost model was trained with the following important 

Fig. 16. Schematic of the relation between the surface morphology and internal defects, and the defects formation mechanisms for S30C alloys depending on energy 
input during the PBF-EB process. Optimum energy input shows defect-free even surface, excessive energy input shows uneven surface with spherical pores, and 
insufficient energy input shows porous surface with unmelted powders and irregular-shaped defects. 
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hyper-parameters in the scikit-learn library: max_depth = 6, colsam
ple_bytree = 0.8, subsample = 0.8, learning_rate = 0.1, and it has a 
higher test accuracy = 0.946. Here, max_depth is the maximum depth of 
the tree; colsample_bytree determines the proportion of subsamples at 
each node division; subsample is the proportion of the samples used to 
fit individual base learners; learning_rate is the learning rate. The SVM 
classification model with radial basis function (RBF) was built using the 
SVM library in the scikit-learn package. The RBF was chosen to trans
form the feature vectors with the important parameters to be optimized 
being the hyper-parameter (γ) as well as the cost parameter (C). Opti
mizing these two parameters can help improve the performance of the 
SVM. GridSearchCV (grid search procedure) was used to optimize the 
parameters, and the final choice was: C = 1.1, γ = 0.3. Among all 
models, SVM showed the highest test accuracy of 0.950, precision of 
0.80, recall of 0.70, and F1-score of 0.733, indicating that the SVM 
model is the most suitable for the prediction of this classification 
problem. It should be noted that none of these machine learning models 
achieve metrics of 1.0, and even some of these evaluation metrics have 
poor performance. However, this does not mean that machine learning 
models are not applicable. Fig. 17 focuses primarily on filtering the 
machine learning algorithm that is most applicable to this study among 
several commonly used models to further optimize the building 
parameters. 

3.5.2. The new framework of process parameters – surface flatness – 
building quality for PBF-EB parts constructed by SVM 

In the above context, this study establishes an important linkage 
between process parameters - surface flatness - building quality for PBF- 
EB parts. In Section 3.2, we quantified the variation in surface quality 
metrics using values of surface flatness (Sa and Sdr) as the quantitative 
criterion used to describe the three surface qualities of PBF-EB parts, i.e. 
even surface, uneven surface and porous surface. Among these, a 
quantitative criterion of Sdr < 0.015 distinguishes good surface quality 
(even surface) of the part from bad surface quality (uneven surface or 
porous surface). By using this quantitative criterion to classify the sur
face quality of parts, the errors associated with the classification by 
human judgment are greatly reduced. Moreover, these quantitative 
criteria, obtained by non-destructive methods, can be determined by 
real-time monitoring during PBF-EB process. In Section 3.3, the results 
show that different surface qualities correspond to different internal 
defects, which allows the surface quality and internal defects of a part to 
be linked qualitatively. In Section 3.4, we have simulated the melt pool 
for different energy inputs, which further reveals the mechanism and 
correspondence between the formation of surface quality and internal 
defects. Although the results of the simulations are not directly appli
cable to the new framework, the description of the mechanism provides 
a scientific explanation and support for the construction of our new 

framework. In Section 3.5.1, the performance of several machine 
learning models commonly used for classification problems was evalu
ated and the optimal machine learning model (SVM) for use in this study 
was identified. The next discussion will focus on how to combine the 
new quantitative criterion for surface flatness (Sdr) and SVM to 
construct a processing map that can directly predict the processing pa
rameters of a sample without internal defects. 

To guide the design of PBF-EB process parameters, we used the SVM 
to construct a multidimensional process map of the PBF-EB process, 
which was first applied by Aoyagi et al. [21] and proven to be simple and 
effective. The advantage of this SVM optimization method is that the 
classification performance is not of primary importance because the 
method is predicting situations that are far from the decision boundary. 
The conditions near the decision boundary are easily affected by pro
cessing disturbances and instability of the building system, and the 
classification performance of the machine learning model depends 
largely on the classification accuracy of the data points near the decision 
boundary. The optimization method selects parameters that are far from 
the decision boundary, which is a good solution to the problem of poor 
model performances due to small number of datasets. In this prediction 
model, an SVM classification was conducted using the scikit-learn 
package. First, the attribute values in the training dataset were 
pre-processed using the StandardScaler function (a data standardization 
method) in the scikit-learn package to normalize the data to a standard 
normal distribution with a zero-mean and unit variance. The 
hyper-parameters were then optimized using the grid search procedure 
and the best optimal hyper-parameters were used for the classification of 
the SVM and the subsequent visualization of the processing map. Fig. 18 
shows the cross-sections of the multidimensional process map con
structed using SVM to classify the data in Table 4. The upper and lower 
bounds of the process parameters in these cross-sections are not the true 
upper and lower bounds, and the bounds in Fig. 18 depend on the 
processing range of the dataset used for machine learning. In these 
cross-sections, the blue area with a value of > 0.5, the process window 
for parts without internal defects, and the red area with a value of < 0.5 
is the process condition for parts with internal defects. The process pa
rameters for the internal defect-free parts in Fig. 18 are current of 
2.5–10 mA, scan speed of 200–1000 mm/s, and line offset of 
0.11–0.25 mm, or current of 2.5–10 mA, scan speed of 200–750 mm/s, 
and line offset of 0.27–0.33 mm. These process parameters can be used 
directly as input to the AM machine, and this method to construct a 
multidimensional process map greatly improves efficiency and reduces 
optimization costs. Traditional parameter optimization processes can 
only determine the goodness of a limited number of parameters for a 
specific setup, rather than thoroughly covering the entire window for 
internal defect-free parts in a multidimensional processing parameter 
space [51–56]. To verify the accuracy of these processing parameters, a 
random set of parameters (current = 6.67 mA, scan speed = 300 mm/s, 
and line offset = 0.30 mm) from the blue area (current = 2.5–10 mA, 
scan speed = 200–1000 mm/s, line offset = 0.11–0.25 mm, or current =
2.5–10 mA, scan speed = 200–750 mm/s, line offset = 0.27–0.33 mm) 
was selected for printing, and the fabricated samples were tested by 3D 
measurement and X-ray CT, and the results are shown in Fig. 19. The 
samples are even surface with Sdr = 0.004 and have no internal defects, 
indicating that this process map is very accurate and effective in the 
PBF-EB process. 

A new framework for predicting the processing window of PBF-EB 
fabricated parts without internal defects is proposed, which comprises 
the following steps: the first step is to determine the process parameters 
using a uniform experimental design, thereby facilitating obtaining a 
dataset of process parameters uniformly distributed in a high- 
dimensional space; the second step is to fabricate parts with the pro
cess parameters determined in the first step; the third step) to observe 
the surface of the parts and classify them into two categories: good 
(without internal defects) or bad (with internal defects) based on the Sdr 
value of the part as a quantitative criterion; the final step is to use the 

Fig. 17. Model evaluation metrics (accuracy, precision, recall, and F1-score) of 
the five machine learning models (LR, SVM, DT, XGBoost, and NB). 
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data classified by the Sdr value in the third step to select the machine 
learning technique with excellent performance and use it for the con
struction of the process map. This is an effective method for accelerating 
PBF-EB for manufacturing parts without internal defects. 

4. Conclusion 

In this study, the surface morphology of S30C alloys fabricated by 
PBF-EB was examined and classified using several types of surface flat
ness values. The relation between the internal defects and the surface 
morphology was revealed. The surface flatness values were used as a 
quantitative criterion to classify parts, and the results of that part 

Fig. 18. Cross-sections of multidimensional process map constructed by using SVM as functions of scan speed, current and line offset. Dark blue (probability: 1.0) 
indicates that the surface morphology of the part printed by the processing parameters is predicted to be good (even) surface without internal defects, and dark red 
(probability: 0.0) indicates the bad (uneven or porous) surface with internal defects. 

Fig. 19. (a) Three-dimensional surface topographical images of a part built under a randomly selected process condition (current = 6.67 mA, scan speed = 300 mm/ 
s, and line offset = 0.30 mm) in the blue area of Fig. 18. (b) Three-dimensional rendering of X-ray CT analysis corresponding to the part in (a). 
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classification were used in an optimal machine learning model to 
construct a process map for parts without internal defects. The conclu
sions are as follows.  

(1) A quantitative criterion for judging surface quality based on 
surface flatness was deduced as follows: Sdr < 0.015 for an even 
surface; Sa ≥ 80 µm for an uneven surface; Sdr ≥ 0.015 and Sa 
< 80 µm for porous surfaces. By using this quantitative criterion 
to classify the surface quality of parts, the errors associated with 
the classification by human judgment are greatly reduced.  

(2) The type of internal defects was related to the surface 
morphology as follows: uneven surface parts included spherical 
pores, and porous surface parts included unmelted powder and 
irregular-shaped defects, the difference in energy input and the 
accumulation effect of layer-by-layer are the main reasons. Even 
surface parts were free of internal defects and had the highest 
density(7.7962 g/cm3). 

(3) The optimal energy input provided an even surface without in
ternal defects. Excessive energy input provided an uneven surface 
with spherical pores, which could be due to vaporization and the 
residual of pores in the gas-atomized powder. Insufficient energy 
input provided a porous surface with unmelted powders and 
irregularly shaped defects.  

(4) When the energy input is excessively high, the combination of the 
Marangoni effect, vapor recoil pressure, and electron beam 
agitation leads to a high velocity flow of liquid, which tends to 
form bumps, resulting in an uneven surface. Conversely, if the 
energy input is too low, the depth of the melt pool is too small to 
penetrate the thickness of the powder layers, resulting in 
incomplete melting of the powder at the bottom of the layers and 
the formation of defects due to lack of fusion between the layers.  

(5) Five types of machine learning techniques were compared. 
Among these, the SVM model exhibited the highest model per
formance. The predicted optimal PBF-EB process parameter 
ranges for S30C alloy were as follows: current = 2.5–10 mA, scan 
speed = 200–1000 mm/s, line offset = 0.11–0.25 mm, or current 
= 2.5–10 mA, scan speed = 200–750 mm/s, line offset 
= 0.27–0.33 mm. These parameter ranges can be used as a choice 
of parameters for further printing of carbon steels with excellent 
mechanical properties in the future.  

(6) A new framework for constructing a process map of PBF-EB 
fabricated parts was proposed, which is an effective method to 
accelerate PBF-EB for manufacturing parts without internal 
defects. 
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