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Abstract
In recent years, laser powder bed fusion (L-PBF) has become an interesting method for producing metal components 
with complex shapes. However, L-PBF can lead to defects like porosity, affecting the quality and reliability of the final 
components. This study investigates the structural defects and relative density of AISI 316L stainless steel with 2.5 wt.% 
Cu fabricated via L-PBF under varying processing parameters. The relative density of the samples was evaluated using a 
combination of optical microscopy (OM), Archimedes density method, and x-ray computed tomography (XCT), allowing 
for a comprehensive analysis of defect morphology, including pore size, shape, and distribution. The primary objective of 
this research is to compare the accuracy and effectiveness of these three density measurement methods, which have not 
been widely compared for this specific alloy. The results show differences between the methods, with XCT providing a 3D 
perspective of porosity, OM providing detailed 2D surface analysis, and the Archimedes method being sensitive to surface 
defects and cracks. These findings highlight the importance of selecting appropriate measurement techniques for evaluating 
the quality of additive manufacturing parts and highlight the influence of processing parameters on defect formation and 
density.
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Introduction

Metal additive manufacturing (AM) has evolved as a revo-
lutionary method for fabricating metal components. This 
advanced process involves precise layering and melting 
of materials to construct complex shapes [1, 2]. In recent 

years, metal AM has emerged as a viable alternative to 
conventional industrial production methods. It has distinc-
tive advantages, such as the capacity to generate complex 
geometries, manufacture customized components, construct 
multi-material parts, eliminate assembly needs, and signifi-
cantly reduce material waste [3, 4]. Moreover, in Industry 
4.0 and smart manufacturing, metal AM has gained promi-
nence through the integration of artificial intelligence-driven 
design, Internet of Things-enabled remote access, and highly 
efficient automated control systems [5]. The categorization 
of metal AM techniques encompasses five principal types, 
including powder bed fusion (PBF), directed energy depo-
sition (DED), sheet lamination (SL), metal binder jetting 
(MBJ), and material extrusion (ME) [6]. PBF utilizes laser 
or electron beams to selectively melt metal powder layers, 
whereas DED uses a concentrated energy source to deposit 
molten metal gradually. SL constructs components by lay-
ering and adhering metal sheets, while MBJ uses a binder 
to selectively unite layers of metal powder. Understanding 
these classifications helps researchers and engineers to select 
and optimize the most suitable metal AM technique for 
their particular applications. Each method presents unique 
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advantages and limitations, making it essential to care-
fully select the most suitable process based on the specific 
requirements of the application [7–11].

Laser powder bed fusion (L-PBF) is a widely used AM 
process [12, 13]. It facilitates the fabrication of metallic 
components using diverse material powders, such as 
titanium alloys [14, 15], aluminum alloys [16, 17], and 
stainless steel [18, 19]. Although L-PBF technology has 
advanced, it still faces several limitations that constrain its 
application. These include limited available materials, low 
process efficiency, and structural defects in the produced 
parts, all of which hinder the broader adoption of L-PBF 
[20–22]. Moreover, different characteristics of the L-PBF 
process significantly influence the formation of structural 
defects in printed components [22, 23]. Among the different 
alloys used in L-PBF, AISI 316L is one of the most 
important alloys in the biomedical and surgical industries 
due to its excellent performance [24–26]. Yet, it remains 
susceptible to localized corrosion and inflammation in long-
term physiological conditions [27, 28]. To overcome these 
limitations, 2.5 wt.% Cu was incorporated to leverage its 
reported ability to enhance corrosion resistance and provide 
essential antibacterial effects through the release of Cu ions 
[19, 29]

The primary microstructural defects associated with 
L-PBF include gas-induced porosity (GIP), lack of fusion 
(LOF), keyhole (KH), and balling phenomena. GIPs 
are typically spherical, small, and uniformly distributed 
throughout the specimen. Gas porosities form when gases 
entrapped in the melt pool during rapid  solidification 
are unable to move out. This can occur due to elevated 
temperatures, reduced powder bed density, gas atomization, 
laser-induced evaporation, or the presence of surface 
contaminants such as oxides and moisture [30]. In contrast, 
LOF defects are irregular in shape and larger and often found 
at the surface or interior layers. LOF defects occur due to 
the incomplete fusion of adjacent layers, which is associated 
with insufficient laser energy input [31], material shrinkage 
during solidification [32], or poor bonding resulting from 
oxidation, which affects the wetting angle between layers 
[33]. KH defects occur under high-power, low-scan-speed 
conditions and are characterized by deep, narrow vapor 
voids. Unlike GIP or LOF, excessive energy input in L-PBF 
leads to material evaporation, plasma generation, and 
significant laser penetration, which produces KH porosity 
[34]. Balling refers to coarsened spherical formations on the 
surface featuring interrupted dendritic structures. Balling 
occurs at high scan speeds, causing an elongated melt pool 
to break into small beads due to surface tension instability. 
Low energy input leads to coarser beads, while oxide layers 
or moisture on the powder surface disrupt surface tension, 
also contributing to balling [35].

Although the primary causes of these defects have been 
discussed, it is important to note that additional factors may 
also contribute to their formation. GIP is primarily related to 
raw materials and is generally difficult to eliminate through 
process optimization. Other defects, such as LOF, KH, and 
balling, are typically caused by inappropriate process param-
eters [36]. These issues can often be addressed by optimiz-
ing factors such as oxygen content, scanning speed, laser 
power, fluidity, and wettability of the molten material in the 
melt pool [37].

Various techniques are employed to analyze defects in 
components produced by L-PBF [38]. The metallographic 
and Archimedes methods are among the most popular 
approaches, each having unique advantages and limits. 
Although the metallographic approach is time-consuming 
and destructive, this approach is highly efficient for 
analyzing microstructural characteristics. The accuracy of 
the analysis depends on the quality of the cross-sectional 
preparation and the magnification used. Roth et al. [39] 
analyzed a cross section of a NiCu-based alloy sample 
to investigate porosity caused by unoptimized process 
parameters. They identified defects as LOF and unmelted 
powder (due to low energy density) and fine KHs (due to 
high energy density), highlighting the impact of energy 
input on defect formation. Moreover, Men et al. [40] used 
optical microscopy (OM) and image analysis to examine 
the longitudinal cross section of WE43 magnesium alloys, 
revealing microstructural formations and void defects that 
appeared as isolated or continuous lines along adjacent 
scales.

Conversely, the Archimedes method is a nondestructive 
technique that provides measurements of the relative density 
of samples. However, it cannot provide details on the shape, 
distribution, or placement of porosities within the material. 
For example, Yamamoto et al. [41] used the Archimedes 
method to measure the density of pure tungsten specimens. 
However, they noted that surface cracks reduced their 
accuracy by affecting the penetration of the liquid due to 
surface tension. To address this, they also applied an image 
analysis method, using an optical microscope to measure the 
area ratio of defects on polished cross sections, providing 
a more reliable density estimate that is less influenced by 
surface cracks. Moreover, Zheng et al. [38] employed the 
Archimedes method to measure the density of AISI 316L 
stainless steel samples, evaluating the impact of L-PBF 
processing parameters on density. To provide a more 
comprehensive analysis, they also compared these bulk 
density measurements with data obtained through x-ray 
computed tomography (XCT) and OM.

XCT analyzes microstructural defects in L-PBF 
components by using different methods to create 3D 
models from multiple x-ray images taken around a rotating 
axis [42]. However, integrating different methodologies, 
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such as Archimedes method and OM, can provide a more 
comprehensive understanding of defects and their impact 
on material performance. XCT overcomes limitations by 
providing a nondestructive means to analyze the internal 
structure of materials. XCT also provides detailed spatial 
information about micro-defects, including the distribution 
of pores, cracks, and inclusions, as well as other structural 
defects. This method is robust and widely used to visualize 
and evaluate internal defects in materials [22]. For instance, 
Poudel et al. [43] used XCT scans to analyze volumetric 
defects in L-PBF samples. Defects were visually classified 
by experts into three types (LOF, GEP, KH), with 1970 
out of 2156 defects conclusively labeled. These labeled 
defects were used to train classification models, ensuring 
reliable defect pattern recognition. Additionally, Wang 
et al. [44] use high-resolution XCT to quantify pore size, 
sphericity, orientation, and porosity in L-PBF 316L built 
under five energy-density settings, and they compare these 
XCT-derived pore statistics before versus after tensile 
testing to relate measurement to mechanical response. 
To validate the accuracy of XCT evaluation, Jolley et al. 
[45] used mechanical polishing serial sectioning as a high-
resolution ground truth to assess XCT measurements in 
Ti-6Al-4  V built via L-PBF. Their correlative analysis 
revealed that XCT tended to overestimate the equivalent 
spherical diameter of larger pores while failing to resolve 
finer porosity distributions that were clearly distinct in the 
optical serial-sectioning data. These findings underscore the 
limitations of relying solely on XCT for quantitative defect 
characterization and highlight the need for multimodal 
validation to ensure structural integrity. In another work done 
by Jolley et al. [46], a comprehensive comparative analysis 
involving multiple XCT systems and post-processing 
workflows was recently conducted to quantify measurement 
uncertainty. Their results highlighted that XCT-derived 
porosity metrics are highly sensitive to experimental 
variables, with global volume fractions varying by 40% to 
60% relative to serial-sectioning benchmarks. Crucially, they 
found that the contrast-to-noise ratio (CNR) often played a 
more decisive role in segmentation accuracy than spatial 
resolution alone, as datasets with low CNR frequently 
resulted in the significant undersizing or complete omission 
of pores regardless of whether commercial or open-source 
computational workflows were employed.

In this study, AISI 316L stainless steel with 2.5 wt.% 
Cu samples was produced using L-PBF to examine defects 
under various processing parameters. The relative density 
of the samples was evaluated through a combination of 
OM, Archimedes density measurements, and XCT. This 
comprehensive approach allowed for a detailed analysis 
of defect morphology, including sphericity, volume, and 
porosity sizes, providing insights into their relationship 
with processing conditions. A key objective of this research 

is to compare the accuracy and effectiveness of these 
three density measurement methods, which have not been 
extensively studied for this alloy. Significant differences 
were observed, with XCT providing a 3D perspective of 
pore distribution. At the same time, OM provided 2D defect 
evaluation, and the Archimedes method measured bulk 
density but was influenced by surface cracks and porosity. 
The study also analyzed the reasons behind these differences 
and their consequences for density measurement, aiming to 
identify optimal conditions for higher quality in components.

Materials and Methods

Sample Building

The 71 cubic samples (8 mm × 8 mm × 8 mm) were produced 
using the PrintSharp 250 L-PBF machine with 71 different 
process parameters. As shown in Fig. 1, the feedstock con-
sisted of 2.5 wt.% Cu and AISI 316L mixture and spun at 
60 rpm for 12 h using tumbler mixer. The mixing parameters 
were determined following a homogeneity assessment using 
a scanning electron microscope (SEM). Being fully blended 
means that individual powders are uniformly mixed with a 
homogenous distribution before melting.

The data show that the average particle sizes of the 
starting AISI 316L-2.5Cu powders are 27 µm (d10 = 13 µm, 
d50 = 23  µm, d90 = 40  µm) and 6.3  µm (d10 = 3.1  µm, 
d50 = 5.3 µm, d90 = 13.1 µm), respectively. The chemical 
composition and morphology were analyzed using energy-
dispersive x-ray spectroscopy (EDS), see Table 1. After 
printing, the components were cut from the build platform 
using wire electron discharge machining (WEDM).

A total of 71 experimental data points were selected 
to cover a wide range of three main process parameters, 
including laser power (P), laser speed (v), and hatch distance 
(h), as outlined in Table 2. The parameters were chosen 
based on prior experience with the machine and a private 
initial evaluation. Laser power ranged from 100 to 340 W, 
scan speed varied between 400 and 1000 mm/s, and hatch 
distance was set between 0.1 and 0.2 mm. The extensive 
parameter range led to considerable variance in volumetric 
energy density (VED), which quantifies the energy input per 
unit volume. VED, which is mentioned in Eq. (1), is widely 
used for evaluating the densification behavior of materials 
manufactured by L-PBF [47].

where P, v, and h represent power, scan speed, and hatch 
distance, respectively. In Eq. (1), t also indicates the layer 
thickness, which was set to 0.03 mm in this study.

(1)VED = P ∕ �.h.t
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Sample Characterization

The Archimedes method, following ASTM F3637-23 [48], 
was used to measure the relative density and total porosity 
of the samples by weighing them in air (dry weight), fully 
immersed in distilled water (immersed weight), and after 
water absorption (wet weight). The schematic of this 
measurement is shown in Fig. 2(a). Distilled water with 
a density of 0.997 g/cm3 was used as the liquid medium. 
Theoretical density (7.985 g/cm3) was calculated based 
on the composition of the material using the theoretical 
rule of mixtures. Total porosity and relative density were 
computed using established formulas, determined as:

(2)�Archimedes = �liquid ×
wdry

wdry − wimmersion

(3)�Geometrical = �liquid ×
wdry

wwet − wimmersion

(4)Total porosity percentage =
�teorethical_�bulk

�teorethical

× 100%

The terms �Archimedes and �Geometrical  refer to the 
Archimedes density (apparent density) and the geometrical 
density (bulk density), respectively.

Given that the Archimedes method is a rapid and effective 
methodology for porosity determination, two additional 
density measurement methods, including XCT and image 
analysis, were also employed on selected samples. This 
comparison aimed to determine whether the Archimedes 
approach provides sufficiently precise data to serve as 
a rapid technique for measuring density and to assess its 
reliability against more comprehensive and time-intensive 
methodologies. To achieve this, eleven samples were 
selected for XCT analysis within a defined range of VEDs 
after applying the Archimedes method. The selection aimed 
to cover a wide range of VEDs, including samples with low, 
medium, and high VEDs, to obtain a comprehensive analysis 
and improve the accuracy of the results. Subsequently, the 
tomographic investigation yielded significant information 
on the distribution, geometry, diameters, and other critical 
porosity characteristics.

(5)Relative Density percentage =
�Archimedes

�teorethical

× 100%

Fig. 1.   Mixing schematic, morphology, and particle size distribution of the mixed 316L stainless steel with 2.5 wt% of copper

Table 1.   The chemical 
composition of the combined 
AISI316L-Cu powder by two 
different analyses

Elements Cr Ni Mo C Mn Cu P

Nominal (wt.%) 17-19 13-15 2.25-3 0.03 2.0 2.5 25
Analyzed (wt%) 17.02 13.5 2.04 0.02 2.11 2.92 22
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The XCT process started by placing each sample on the 
holder, as shown in Fig. 2(b), with a copper filter positioned 
in front of the x-ray source and the monitor detector. The 
sample position was verified and adjusted using specialized 
software for precise alignment. After confirming alignment, 
tomography proceeded. The resulting scans provided high-
resolution information about the internal structure of each 
sample, enabling a thorough evaluation of porosity features.

Subsequent to the XCT analysis, the samples were sub-
jected to metallographic preparation for the examination of 

their polished cross sections using an OM. The grinding 
process utilized a Presi machine with abrasive papers (P480, 
P600, P800, P1200, and P2400). Subsequent to grinding, 
polishing was executed utilizing 1-micron and 3-micron grit 
polishing pads. This thorough preparation allowed accurate 
visualization of porosity and microstructural characteris-
tics for further investigation. After polishing, the samples 
were analyzed utilizing a LEICA optical microscope. Sub-
sequently, the ImageJ software quantified porosity percent-
ages, pore sizes, and their distributions. This additional 

Table 2.   Process parameters for AISI316L–2.5%Cu used in the design of experiment

S.ID Power (W) Scan Speed 
(mm/s)

Hatch 
Distance 
(mm)

VED (J/mm3) S.ID Power (W) Scan Speed 
(mm/s)

Hatch 
Distance 
(mm)

VED (J/mm3)

1 100 1000 0.1 33.33 37 190 600 0.12 87.96
2 100 800 0.1 41.66 38 190 800 0.12 65.97
3 150 1000 0.12 41.66 39 190 1000 0.12 52.77
4 190 400 0.1 158.33 40 200 400 0.12 138.88
5 190 600 0.1 105.55 41 200 600 0.12 92.59
6 190 800 0.1 79.16 42 200 800 0.12 69.44
7 190 1000 0.1 63.33 43 200 1000 0.12 55.55
8 200 400 0.1 166.66 44 200 1000 0.11 60.60
9 200 600 0.1 111.11 45 270 400 0.11 204.54
10 200 800 0.1 83.33 46 270 400 0.12 187.50
11 200 1000 0.1 66.66 47 270 600 0.12 125.00
12 270 400 0.1 225.00 48 270 800 0.12 93.75
13 270 600 0.1 150.00 49 270 1000 0.12 75.00
14 270 800 0.1 112.50 50 340 400 0.12 236.11
15 270 1000 0.1 90.00 51 340 600 0.12 157.40
16 340 400 0.1 283.33 52 340 800 0.12 118.05
17 340 600 0.1 188.88 53 340 1000 0.12 94.44
18 340 800 0.1 141.66 54 190 400 0.13 121.79
19 340 1000 0.1 113.33 55 190 600 0.13 81.19
20 190 400 0.11 143.93 56 190 800 0.13 60.89
21 190 600 0.11 95.95 57 190 1000 0.13 48.71
22 190 800 0.11 71.96 58 190 1000 0.13 48.71
23 190 1000 0.11 57.57 59 200 400 0.13 128.20
24 200 400 0.11 151.51 60 200 600 0.13 85.47
25 200 600 0.11 101.01 61 200 800 0.13 64.10
26 200 800 0.11 75.75 62 200 1000 0.13 51.28
27 200 1000 0.11 60.60 63 270 400 0.13 173.07
28 270 400 0.11 204.54 64 270 600 0.13 115.38
29 270 600 0.11 136.36 65 270 800 0.13 86.53
30 270 800 0.11 102.27 66 270 1000 0.13 69.23
31 270 1000 0.11 81.81 67 270 1000 0.2 45.00
32 340 400 0.11 257.57 68 340 400 0.13 217.94
33 340 600 0.11 171.71 69 340 600 0.13 145.29
34 340 800 0.11 128.78 70 340 800 0.13 108.97
35 340 1000 0.11 103.03 71 340 1000 0.13 87.17
36 190 400 0.12 131.94
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study provided insights regarding superficial flaws and their 
relationship with the volumetric data acquired from XCT. 
The integration of these methodologies facilitated a thor-
ough comprehension of porosity features, linking surface 
and volumetric observations to confirm findings across vari-
ous scales.

The specimens for microstructural analysis were initially 
subjected to mechanical grinding using sandpapers with 
grit sizes ranging from 180 to 4000 mesh, followed by 
polishing with a 1 μm and 0.3 μm diamond paste. Thereafter, 
the specimens were electrolytically etched in a solution 
containing 65% nitric acid for 20 seconds at an applied 
voltage of 10 V and immediately rinsed with alcohol to 
enhance the visibility of microstructure. Microstructural 
observations were conducted using a scanning electron 
microscope (SEM, Philips XL30).

Results and Discussion

Archimedes Method

The correlation between process parameters and relative 
density is a key factor in AM, as it directly influences the 
mechanical performance and quality of the components [49]. 
To analyze these effects, the relative density of all samples 

is plotted against VED inFig. 3 (a) and (b). InFig. 3 (a), 
the color intensity of the data points represents the scan 
speed, while the circle size indicates the laser power. As 
VED increases, the relative density rises steadily, reaching 
about 0.99 at approximately 70 J/mm3, after which it gener-
ally declines. However, a secondary increasing trend appears 
between roughly 100 and 130 J/mm3, followed by a decrease 
again at higher VED values. Lower scan speeds (darker 
points) show higher relative densities since slower speeds 
provide sufficient energy absorption to melt the powder. 
Conversely, higher speeds (brighter points) produce lower 
densities due to poor energy transfer. Higher laser powers, 
indicated by larger circles, typically improve density; how-
ever, excessive power can cause problems, including mate-
rial expulsion or over melting. A similar plot is shown in 
Fig. 3 (b), where color intensity indicates hatch distance and 
circle size shows laser power. Lower hatch distances (darker 
points) indicate higher relative densities, while higher hatch 
distances (brighter points) correspond to reduced densities, 
most likely due to inadequate layer bonding. Larger circles 
represent higher power and improve density to an optimal 
point above which too excessive energy may cause instabili-
ties. These results highlight the effect of scan speed, hatch 
distance, and laser power on the relative density of sam-
ples. The results highlight that inadequate or excessive input 
energy might cause problems, showing the importance of 

Fig. 2.   a Schematic of the 
Archimedes method for measur-
ing density and porosity, b setup 
for XCT analysis, showing the 
placement of the sample on the 
holder with a copper filter in 
front of the x-ray source and the 
monitor detector for accurate 
alignment
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process parameter optimization for minimizing defect con-
tent and improving mechanical properties [50].

Based on data acquired by the Archimedes method, the 
main effects plot for relative density, in Fig. 4, illustrate 
the influence of three key process parameters, power, scan-
ning speed, and hatch distance, on relative density. Among 
these characteristics, hatch distance has the most signifi-
cant impact on relative density, as shown by the sharp trend 
in Fig. 4 (c). When the hatch distance reaches 0.12 mm, 
there is a significant increase in relative density. However, 
as the hatch distance exceeds 0.12 mm, a slight decrease 
in density occurs. This decrease is likely due to insuffi-
cient overlap, which can cause defects such as LOF [51]. 
Although scan speed has less effect than hatch distance, it 

still considerably affects defect content. At reduced scan 
speeds, such as 400 mm/s, the relative density is low, due 
to high input energy that may result in defects such as KHs 
or GIPs [52]. As the scanning speed increases to 800 mm/s, 
relative density markedly enhances, reaching its maximum 
level. This optimal range balances energy input and material 
solidification, resulting in the highest density [53]. However, 
an additional increase in scan speed to 1000 mm/s decreases 
the relative density, suggesting that higher speed may yield 
insufficient energy density, resulting in inadequate melt-
ing between layers [52]. The influence of power on relative 
density is lower than speed and hatch distance. A rise in 
power from 190 W to 200 W results in a slight increase in 
relative density, indicating improved melting. However, a 

Fig. 3.   Relationship between 
VED and relative density of 
samples. a Data points are 
colored by scan speed and sized 
by laser power. b Data points 
are colored by hatch distance 
and sized by laser power



	 Metallography, Microstructure, and Analysis

considerable decrease in relative density is observed as the 
power rises to 270 W and 340 W. This trend implies that 
higher power levels may cause overheating or vaporization, 
resulting in defects such as KHs [54].

XCT and Image Analysis

XCT is a nondestructive method that provides highly 
accurate measurements of material density. This provides 
important advantages over traditional techniques. XCT 
also allows for detailed analysis of pore distribution, 
size, shape, and geometry. These analyses are critical for 
understanding material quality and performance [55]. By 
using shape indicators like sphericity and compactness, 
XCT provides valuable insights into the microstructure, 
aiding in process optimization and quality control. 
Sphericity, the first shape indicator, measures how closely 
the shape of a pore resembles a sphere. It is defined as the 
ratio of the surface area of a sphere with the same volume 
as the pore to the surface area of the pore, where Vpore ​ is 
the pore volume and Apore is the pore surface area. As it is 
illustrated by Eq. (6):

Another shape indicator is compactness, which 
describes the relationship between volume of the pore 
and the volume of a sphere with a diameter equal to the 
maximum dimension of the pore [56]. It is given by Eq. 
(7):

(6)Ψ =
�

1

3

(

6.Vpore

)
2

3

Apore

where Rpore is the maximum pore radius.
In this study, sphericity (Ψ) and compactness (Ω) are 

used to classify pores. Fig. 5 represents the distribution 
of all pores in samples 5, 7, 9, 16, 21, 22, 23, 31, and 39 
based on sphericity (Ψ) and compactness (Ω). The size of 
points in Fig. 5 represents the diameter of porosities, and 
as can be seen, porosities with higher compactness and 
sphericity have a lower diameter. The classification criteria 
are mentioned in Table 3, which divides spherical pores 
into six classes (A–F). As shown in Table 3, classes A, B, 
and C represent spherical pores, whereas classes D, E, and 
F indicate non-spherical shapes, representing irregularly 
shaped porosities. Combined with information about pore 
size, it is also possible to classify pore types, such as GIPs 
and KHs. The pore size is determined by the maximum 
pore diameter of a sphere surrounding the pore. Illustra-
tions of different possible spherical pore shapes (classes 
A–F) are shown in Fig. 6. Fig. 5 also provides the specific 
shape characteristics of different porosity classes, along 
with corresponding values for sphericity and compactness. 
Pores with a compactness lower than 0.2 and a sphericity 
lower than 0.45 exhibit irregular shapes that are observed 
across different samples.

The analysis of pore geometry, including features with 
Ω ≥ 0.2 and Ψ ≥ 0.45 for spherical porosities and features 
with Ω < 0.2 and Ψ < 0.45 for irregular shape porosities 
in all samples, as depicted in Fig. 5 and Fig. 6, provides a 
comprehensive insight into the microstructural characteris-
tics. As shown in Fig. 6, classes A, B, and C, represented 
by red, blue, and green, exhibit a high level of sphericity 

(7)Ω =
Vpore

4

3
.�.R3

pore

Fig. 4.   Main effects plot high-
lighting optimal process param-
eters for achieving maximum 
relative density
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(Ψ ≥ 0.45) and compactness (Ω ≥ 0.2), indicating that these 
pores are nearly perfect spheres with minimal irregularities. 
Conversely, classes D, E, and F, shown in purple, orange, 
and pink, have low sphericity (Ψ < 0.45) and compactness 
(Ω < 0.2). Although these pores are the smallest and least 
uniform category, their properties align with the expecta-
tions for high-density materials. In addition to the classifica-
tions presented in Table 3, two specific regions, pores with 
Ψ < 0.45 and Ω ≥ 0.2 and those with Ψ ≥ 0.45 and Ω < 0.2, 
require further analysis. These regions are not explicitly cat-
egorized in the table, as their classification requires addi-
tional geometric indicators, such as the bounding box factor, 
in addition to compactness and sphericity. Without incorpo-
rating the compactness criterion, pores in the Ψ ≥ 0.45 and 

Ω < 0.2 region would be mistakenly classified as spherical 
despite their irregular structural characteristics. Similarly, 
without considering sphericity, pores in the Ψ < 0.45 and 
Ω ≥ 0.2 region would also be misclassified as spherical. 
Therefore, a more comprehensive evaluation integrating 
multiple shape descriptors is essential for accurately distin-
guishing pore morphology and reliable porosity classifica-
tion [56]. The analysis of pore geometry, mainly through 
metrics such as sphericity and compactness, provides valu-
able insights into the uniformity and quality of AM com-
ponents. Higher values of these indicators suggest well-
defined, consistent pore structures, contributing to greater 
material homogeneity. This analysis enables a more precise 
correlation between porosity and material performance, 

Fig. 5.   Distribution of spherical (classes A, B, and C) and irregular (classes D, E, and F) pores in certain samples based on sphericity (Ψ) and 
compactness (Ω)

Table 3   Spherical pore 
classification criteria using 
x-ray data [56]. Reproduced 
with permission under a 
Creative Commons Attribution 
4.0 International license, https://​
creat​iveco​mmons.​org/​licen​ses/​
by/4.​0/

Pore class Diameter Compactness (Ω) Sphericity (Ψ)

Spherical A Dpore ≤ 100 µm Ω ≥ 0.2 Ψ ≥ 0.45
B 100 µm < Dpore ≤ 200 µm Ω ≥ 0.2 Ψ ≥ 0.45
C Dpore > 200 µm Ω ≥ 0.2 Ψ ≥ 0.45

Irregular-shaped D Dpore ≤ 100 µm Ω < 0.2 Ψ < 0.45
E 100 µm < Dpore ≤ 200 µm Ω < 0.2 Ψ < 0.45
F Dpore > 200 µm Ω < 0.2 Ψ < 0.45

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
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aiding process optimization to enhance density, mechanical 
strength, and structural integrity.

Moreover, Fig. 7 illustrates the pore diameter and sphe-
ricity distributions for three samples (13, 31, and 52) pro-
cessed with different VED values (283,129, and 49 J/mm3, 
respectively). The results, represented through OM images 
and 3D pore structures, provide important information on 
the impact of different VED values on pore shape, relative 
density, and the overall quality of components produced 
by (L-PBF). Sample 13 has the lowest relative density at 
95.45%, due to the presence of significant GIPs. The dis-
tribution of pore diameters is broad, coupled with lower 
sphericity values, indicating that the pores are irregular 
and unevenly distributed. The excessive input energy 
destabilized the melt pool, causing extensive vaporization 
and GIPs, as evident in the image and 3D representations 
[57]. Sample 31 shows improvement in relative density, 
reaching 97.76%. The pore distribution is narrower, and 
the sphericity is higher, signifying more uniform and con-
trolled porosity. This moderate input energy level creates 
a stable melt pool, reducing pore formation and enhanc-
ing structural consistency. Sample 52 achieves the highest 
relative density of 99.04%, as its pores are small and per-
fectly spherical. The low energy input prevented excessive 
vaporization while providing adequate melting, resulting 
in an almost defect-free structure. The results highlight the 
key role of VED in controlling the porosity and achieving 
high-density components in L-PBF. High values of VED 
can lead to complications in the melt pool, potentially 

resulting in increased porosity content in the final product. 
Conversely, a well-optimized VED range leads to better 
outcomes, emphasizing the importance of process param-
eter optimization in AM processes to achieve the desired 
mechanical properties, verify dimensional accuracy, and 
minimize defects [58]. The optimal VED range for this 
specific alloy seems to be between 40 J/mm3 and 80 J/
mm3, as depicted in Fig. 3.

The main effects plot for relative density, derived from 
XCT, illustrates the significant influence of processing 
parameters such as power, scanning speed, and hatch dis-
tance on the defect content within the samples (Fig. 8). 
Hatch distance appears to have the most significant influence 
on the relative density of the processed material, followed 
closely by the scan speed. In contrast, power has a more 
moderate effect on relative density. For hatch distance, a 
clear trend is observed, where an increase from 0.10 mm to 
0.11 mm leads to a notable improvement in relative density. 
As the hatch distance increases to 0.12 mm and 0.13 mm, the 
relative density improves, due to better energy distribution 
that enhances the melting process [51]. This analysis aligns 
with the Archimedes method, where hatch distance also had 
the most significant impact. However, the XCT results reveal 
a more linear increase in relative density due to its sensitiv-
ity to subsurface porosities. Regarding scan speed, at lower 
speeds (400 mm/s), the relative density tends to be lower due 
to the high input energy, which can result in KH effects or 
instability within the melt pool. However, as the scan speed 
increases to 600 mm/s and 800 mm/s, the relative density 

Fig. 6.   Classification of pores based on sphericity (Ψ) and compact-
ness (Ω) parameters. Classes A–C correspond to nearly spherical 
pores with high Ψ (≥ 0.45) and Ω (≥ 0.2), and classes D–F exhibit 

irregular or elongated morphologies with lower sphericity and com-
pactness. The color of each class matches its corresponding distribu-
tion in Fig. 5
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Fig. 7.   Pore diameter and sphe-
ricity distribution for samples 
13 (a), 31(b), and 52 (c) with 
corresponding OM images and 
3D pore representations. Sam-
ple 52 shows KH, and sample 
13 exhibits GIP, demonstrating 
the influence of process param-
eters on pore type and density
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reaches its peak, achieving an optimal balance between input 
energy and defect content. A slight reduction in relative den-
sity is observed at 1000 mm/s, where insufficient energy 
input causes LOF [52]. This trend confirms the results of 
the Archimedes method, although the XCT analysis high-
lights a narrower optimal range, showing its higher reso-
lution in detecting porosity. In contrast, power moderately 
affects relative density, with a nonlinear trend. An increase 
in power from 190 W to 200 W slightly enhances relative 
density, indicating an improved melting process. However, 
a sharp decrease in defect content is observed at 270 W, due 
to higher energy, which causes GIPs. At a power setting of 
340 W, there is a notable enhancement in relative density, 
which can be attributed to the improved stability of the melt 
pool at elevated energy levels [54].

It was worth to be mentioned that XCT method has 
important practical limitations that must be acknowledged 
when applying it to AM components. Effective spatial 
resolution, contrast, and defect detectability depend strongly 
on sample size, geometry, and material density. Larger or 
thicker parts increase x-ray attenuation and scatter, reduce 
signal-to-noise ratio, and constrain geometric magnification 
(thus increasing voxel size), so the sub-100 µm sensitivity 
achievable on small coupons is often unattainable for full-
scale components. In addition, beam-hardening, scatter, 
ring artifacts, motion blur, and partial-volume effects 
can create false features or obscure small pores/cracks, 
while segmentation and reconstruction choices introduce 
further uncertainty in defect sizing and volume fraction 
measurements.

Practical consequences include long scan times, large data 
volumes, and limited throughput for production inspection, 
as well as restricted accessibility to higher-energy or 
synchrotron sources that would help penetrate dense parts. 

To mitigate these shortcomings, practitioners commonly 
image representative coupons or use region-of-interest/local 
tomography, employ higher-energy sources or phase-contrast 
techniques where available, apply careful artifact correction 
and validated segmentation workflows, and combine XCT 
with complementary NDE methods (ultrasonics, eddy 
current) or destructive validation (metallography) [59–61].

A microscopic analysis was conducted to facilitate a more 
comprehensive investigation of porosity formation. Fig. 9 
illustrates the microstructures of four samples subjected to 
varying VED values during the L-PBF processing of AISI 
316L-Cu. The micrographs reveal a combination of equi-
axed and columnar cellular structures of differing sizes, 
attributable to variations in thermal history and cooling 
rates, thereby highlighting the distinctive grain morphol-
ogy characteristic of the L-PBF technique.

In point of view of metallurgical defects, cracks observed 
near the melt pools were found to propagate during 
fabrication when employing VED values (Fig. 9a). It has 
been documented that larger melt pools formed at elevated 
VED levels exhibit an increased tendency for the formation 
of solidification micro-shrinkage porosity [23, 62]. For 
samples processed with lower VED values, porosity was 
characterized by prominent cavities containing loosely 
adhered particles (Fig. 9b and c). This finding suggests 
that these particles are likely partially unmelted powder 
particles. A plausible explanation for this phenomenon is 
that a lower laser energy density reduces the melt pool size, 
resulting in incomplete melting of powder particles and 
inadequate bonding between successive layers. Conversely, 
samples fabricated with optimized VED values (Fig. 9d) 
demonstrated a negligible porosity and no metallurgical 
defects, such as pores or cracks.

Fig. 8.   Main effects plot for 
relative density obtained by 
XCT as a function of power, 
scan speed, and hatch distance
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Method Comparison

The porosity of the samples was evaluated using Archime-
des density method, XCT, and image analysis, each pro-
viding unique advantages and limitations in terms of accu-
racy, resolution, and applicability. Fig. 10 illustrates the 
differences in defect content across samples as determined 
by statistical analysis. Sample 16 shows a significant varia-
tion in porosity content as measured through image analy-
sis. The higher porosity observed in image analysis may be 
caused by the specific cross section selected for evaluation, 
which contains a higher concentration of defects. Since 
image analysis is limited to a two-dimensional perspective, 
different cross sections may yield varying porosity values, 
introducing uncertainty in the measurement. This variabil-
ity highlights a key limitation of the method. XCT dem-
onstrates fewer pores in the bulk, highlighting its capac-
ity to capture 3D pore structures. In the case of samples 
with higher densities, such as Sample 52, the results from 

Fig. 9.   SEM micrographs of the as-built AISI 316L-Cu for a sample 16, b sample 5, c sample 21, and d sample 52

Fig. 10.   Porosity analysis of L-PBF samples using Archimedes den-
sity, XCT, and image analysis
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all three methods indicate close alignment, highlighting 
reduced fluctuations and enhanced reliability. A compre-
hensive visual comparison discussing porosity distribution 
is shown in Fig. 11. 3D tomography corresponds to the 
location and shape of pores, indicating significant porosity 
content in Sample 16, while Sample 52 has a dense and 
uniform structure. The 2D CT images confirm a consistent 
pore distribution in dense samples, whereas Sample 16 
displays significant surface defects.

This analysis highlights the limitations of Archimedes 
and image analysis in identifying specific and subsurface 
porosity, while XCT provides a comprehensive 3D 
representation of pore structure and distribution. All 
three processes yield consistent outcomes for components 
with low porosity, demonstrating their reliability with 
optimized process parameters. Our results align closely 
with observations reported by other researchers [38, 42, 
63, 64], confirming that the trends identified in this study 
are consistent with those found in the broader literature. 
In the study done by Zheng et al. [38], a close alignment 
among the techniques at high relative densities was found. 
XCT generally reported slightly higher density values, 
although the authors highlighted that its resolution limit of 
approximately 5 µm may lead to the omission of smaller 

pores, reflecting the same balance between bulk accuracy 
and three-dimensional sensitivity discussed in this study. 
In their study, hatch distance had the greatest impact on 
relative density, followed by laser power and scan speed, 
which further supports our findings by demonstrating a 
similar hierarchy of process parameter effects. Similarly, 
Spierings et  al. [63] conducted a direct comparison of 
the Archimedes method, metallographic analysis, and 
XCT. Their results showed that the Archimedes technique 
provides high accuracy and repeatability for samples with 
high relative density, while 2D image analysis depends 
strongly on the selected section and the magnification used. 
They found that although XCT allowed visualization of the 
three-dimensional pore structure, its detectability threshold 
may overestimate density by missing the smallest pores, 
particularly in nearly fully dense specimens. These findings 
are consistent with the results of our study, confirming 
that while Archimedes and image analysis methods are 
reliable for analyzing bulk porosity, XCT is still required to 
accurately characterize the 3D morphology and distribution 
of pores within the material.

In AM, XCT scans are known for their considerable 
costs compared to other measurement techniques like the 
Archimedes method and image analysis. This observation 

Fig. 11.   Analysis of the relative density of the samples employing 
various density measurement techniques. a presents the 3D tomogra-
phy, providing a comprehensive visualization of the sample structure, 
with each sample measuring 8 × 8 × 8 mm, b emphasizes the frontal 

perspective of the samples, displaying internal characteristics via 
tomography imaging, c presents images acquired through OM
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suggests that if alternative methodologies can provide 
sufficiently accurate assessments of the internal geometry 
of components, the overall costs related to verification 
processes may be significantly reduced. De Chiffre et al. [65] 
conducted an extensive analysis regarding the utilization 
of XCT across various industries, including AM. They 
identified several key challenges and obstacles such as 
issues with measurement accuracy, the handling of large 
and high-density components, the signal-to-noise ratio, 
the effectiveness of reconstruction algorithms, the need for 
task-specific measurement configurations, the complexities 
of multi-material assessments, setup durations, measurement 
uncertainties, in-line measurement capabilities, and the 
overall high costs involved. In another study conducted 
by Turner et al. [66], the application of XCT in AM was 
compared to other nondestructive evaluation (NDE) 
methods, such as x-ray imaging, ultrasonic testing, and 
acoustic resonance testing. The authors identified several 
barriers to XCT, including limited standardization, large data 
volumes, high system costs, insufficient understanding of 
system capabilities, and the need for personnel certification. 
The study concluded that XCT presents an alternative 
solution for NDE, mainly due to the absence of standardized 
specifications for either AM or XCT, which represents a 
significant technological barrier.

With the progress of computer vision technologies, 
several studies have focused on analyzing powder bed 
defects from in situ SLM images and using these datasets 
to train machine learning models that can automatically 
detect such defects [67]. As an example, Power et  al. 
[68] investigated unsupervised and semi-supervised 
machine learning methods for real-time defect detection 
in Ti-6Al-4  V lattice structures fabricated by L-PBF. 
They analyzed in situ photodiode data from the melt pool 
using the STRAY anomaly detection algorithm and one-
dimensional autoencoder (1-DAE). The study demonstrated 
that the 1-DAE achieved superior performance and exhibited 
strong generalization across different geometries and build 
platforms, while maintaining millisecond-level inference 
time. Their results further support the growing trend toward 
real-time, data-driven anomaly detection in L-PBF using 
minimally labeled or unlabeled sensor data, aligning closely 
with the objectives of our current work. Galarza et al. [69] 
developed a machine learning framework for real-time pore 
detection in L-PBF using mean light intensity data from the 
optical tomography system of an EOS M290. They trained 
several models and found that a simple neural network 
achieved about 87% accuracy with real-time prediction 
capability. Their work demonstrates the feasibility of 
integrating lightweight machine learning models into L-PBF 
systems for rapid, in situ defect detection. Future research 
should focus on the connection between pore characteristics 
and various mechanical properties of parts, emphasizing 

strategies for reducing measurement costs, such as machine 
learning. By prioritizing cost-effective methods, researchers 
can improve the feasibility and accessibility of accurate 
assessments, ultimately leading to enhanced performance 
and reliability in AM.

Conclusion

•	 The study concludes that Archimedes and image 
analysis methods effectively evaluate overall porosity but 
are insufficient for identifying localized and subsurface 
porosities. Although these methods provide important 
insights, they require additional development for more 
comprehensive porosity characterization.

•	 The results from all three methods show consistency in 
evaluating samples with higher densities, indicating their 
reliability under optimal conditions.

•	 XCT has shown its effectiveness in analyzing pore 
distribution, shape, and size in 3D, providing more 
detailed information than conventional techniques. By 
using shape indicators like sphericity and compactness, 
XCT enables accurate classification of spherical pores 
and provides more accurate assessments of material 
quality.

•	 From the porosity geometry analysis, it was observed that 
a specific optimized energy input range, as was shown by 
VED in the range of 38–70 J/mm3, improved structural 
integrity, reducing the risk of excessive porosity.

•	 The correlation between process parameters and 
relative density is essential for optimizing the quality of 
components produced by L-PBF.

•	 Main effects plot analysis confirms that hatch distance 
has the greatest influence on relative density, followed 
by scan speed, while power shows a moderate effect.
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