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Abstract  

Mechanical properties of additively manufactured parts are sensitive to the presence of 

porosities form during the manufacturing process. The impact of porosities on the mechanical 

performance has been investigated extensively with respect to different parameters, such as pore 

volume fraction, shape, and size. However, statistical investigations focusing on the relationships 

between the spatial distribution of pores and process parameters; and consequently, the 

performance of the manufactured parts are scattered and limited. Also, these sparse 

investigations usually suffer from an ambiguous definition of terminologies. For instance, the 

required criteria to consider a point pattern as complete spatial randomness (CSR) are generally 

not clarified. Moreover, no numerical formalism is yet developed to show how much the 

observed spatial results are statistically significant. To address these shortcomings, the statistical 

definition of CSR in a point pattern and the procedure to quantitatively determine the deviation 

of a pattern from CSR were discussed. The explained statistical approach was used to investigate 

the effect of scanning speed parameter on the spatial distribution of gas porosities in laser 

powder bed fusion manufactured stainless steel parts. Furthermore, and to highlight the impact of 

the spatial distribution of porosities on mechanical properties, fatigue performances of parts with 

clustered and randomly distributed porosities were simulated by finite element analysis. It is 

shown that by reducing the scanning speed, the spatial distribution of gas porosities deviated 

more from CSR, and correspondingly fatigue performance deteriorated.  
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1. Introduction 

Additive manufacturing technology has gained industrial interests due to its capability to 

produce (near) net shape components with complex geometry. Significant advances in hardware 

and software used in additive manufacturing technology have enabled this technique to become a 

frequently used processing method. However, problems such as residual stress development [1, 

2], orientation-dependent properties [3-5], and formation of defects during deposition [6] 

challenge the reliability of additively manufactured (AM) components and the adoption of the 

additive manufacturing methods by industry.    

Generally, defects in AM components can be classified into four distinct groups [7]: (1) loss 

of alloying elements due to the selective vaporization in the molten pool [8], (2) solidification 

and liquation cracking [9, 10], and delamination due to the separation of consecutive deposited 

layers [11], (3) surface roughness [12, 13] and (4) porosity [14, 15] which includes keyholes 

[16], lack of fusion [17], and those generated by entrapped gases during powder atomization 

[18], transfer of gas bubbles from the adjacent area to the melt pool [19] or interstitial gases 

released throughout non-equilibrium rapid solidification [20]. 

The effects of porosity on the mechanical response variability of casting alloys have been 

investigated for many years. It is known that the presence of porosity impacts the mechanical 

properties in cast magnesium [21, 22], aluminum [23, 24], and steel alloys [25]. Based on the 

measured density and mechanical properties [26], empirical models have been proposed to 

correlate the static mechanical properties such as ductility [27, 28] and ultimate tensile strength 

[22, 29] to the overall porosity exist in a cast sample. Generally, static mechanical properties are 

governed primarily by the microstructure and composition [30-34], and they are less affected by 

the presence of porosity [35]. Therefore, the mentioned models for cast materials can be 

modified to predict the static mechanical response of AM materials [36]. The required model 

modifications are due to the complexity of microstructure and composition in AM materials. 
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This complicacy is assigned to the cyclic and localized melting as well as rapid cooling, which 

make the solidification process far from equilibrium [37]. 

In contrast, dynamic mechanical properties, such as fatigue and fracture, are affected 

drastically by the presence of porosity [38-40]. For instance, it is reported that the fatigue 

performance of a laser powder bed fusion (LPBF) manufactured Ti-6Al-4V part is about 33% of 

the wrought component [39, 41]. This fact restricts the application of AM components in 

applications with cyclic loading [42, 43]. Porosities, as stress concentration sites, accelerate the 

nucleation of cracks by generating new dislocations (e.g., based on the Frank-Read mechanism) 

and providing the driving force for dislocation motions according to the Peach-Koehler equation 

[44]. It is commonly believed that lack of fusion is more detrimental to the fatigue life than the 

gas porosity due to its relatively larger size and stress concentration factor. However, 

fractography analysis of AM materials revealed that sub-surface gas porosity is the primary 

reason for fatigue crack initiation [45].  

The impacts of defects on the mechanical failure of AM materials have been studied from 

various perspectives. For instance, the effects of flaw size and shape on the fatigue behavior have 

been probed [40, 42, 45, 46]. Regarding the spatial distribution of flaws, the observations of 

defects close to the interface of the hatching and contour region in LPBF manufactured 

components have been reported [47-49]. However, no quantitative approach has been proposed 

to assess the effect of deposition parameters on the spatial distribution of defects and the 

mechanical performance of AM parts [32]. Also, the current additive manufacturing literature on 

the spatial distribution of defects suffers from a lack of high-fidelity conclusions. This problem 

partially roots in vaguely defined terminologies (e.g., randomness in spatial distributions) used in 

the analyses. For instance, gas porosity has been considered as a stochastic flaw [32] under the 

definition of randomly dispersed defects throughout an AM component. This definition is 

partially correct because it reflects the fact that the likelihood of the formation of these flaws is 

not governed by a condition that can be controlled systematically [32]. However, based on this 

definition, it is unfeasible to make any conclusion about the spatial distribution of porosities 

when the whole part is deposited. It is also impossible to compare the effect of processing 

parameters (e.g., scanning speed) on the spatial distribution of defects in AM parts and determine 

how much the observed differences in the spatial distributions are statistically significant.  
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In this study and for the first time in the context of additive manufacturing, the statistical 

definition of a point pattern with complete spatial randomness (CSR) is mentioned. Additionally, 

the procedure to quantitatively determine the deviation of a point pattern from CSR is explained, 

and the caveats of interpreting the results are discussed. The presented statistical approach is then 

used to investigate the spatial distribution of gas porosities in LPBF stainless steel parts 

manufactured with different scanning speed values. It is shown that the sample deposited at the 

50 mm/s scanning speed was more deviated from CSR in comparison to the sample deposited at 

300 mm/s. The fatigue behavior of AM components was simulated by finite element analysis to 

emphasize the importance of the spatial distribution of porosities on the dynamic mechanical 

properties of additively manufactured parts. It is shown that for two samples with the same size 

and number of porosities, fatigue life reduced remarkably by deviating from the CSR condition. 

Based on the statistical method presented in this study, the currently available processing 

parameter maps [20, 50, 51]  can be reconsidered to reflect the spatial distribution of porosities. 

Also, the explained exploratory analysis can be used to generate more realistic synthetic 

microstructures for AM parts by considering the spatial distribution of porosities.   

2. Methodology 

2.1 Sample Preparation   

Gas atomized spherical AISI 304L stainless steel powder procured from Sandvik with an 

approximate  chemical composition of 69.5 wt.% Fe, 18.8 wt.% Cr, 10 wt.% Ni and 1 wt.% Mn 

and 0.7 wt.% Si was used to build AM samples. The mean particle size and the Hausner ratio 

were 33.3 µm and 1.31, respectively. Cuboid samples were deposited with an ORLAS Creator 

LPBF machine, which utilized a continuous wave fiber laser of 250 W Yb:YAG and a 

wavelength of 1067 nm. The samples were printed within a commercially pure nitrogen 

atmosphere with an oxygen level of less than 100 ppm in the sealed LPBF chamber. The 

processing parameters were set to the laser power of 105 W, spot size of 50 µm, hatch spacing of 

50 µm, layer thickness of 30 µm, and scan rotation of 105˚. Six samples were printed with the 

scanning speed values of 50 mm/s, 100 mm/s, 150 mm/s, 200 mm/s, 250 mm/s and 300 mm/s. 

Noteworthy, based on the statistical analysis done in the current study, a smooth transition in the 

randomness of the spatial distribution of gas porosities was observed by increasing the scanning 

speed. Therefore, only the results of the samples deposited at 50 mm/s and 300 mm/s scanning 



5 
 

speed values are presented. These two deposited samples are named S50 and S300 hereafter. The 

surfaces parallel to the building direction of the samples were electroetched by a mixture of 90 

wt.% DI water and 10 wt.% oxalic acid, and they were vibratory polished with 50 nm diamond 

suspension for eight hours. The melt pool size values presented in Table 1 were determined from 

the acquired optical micrographs of the electroetched surfaces, as shown in Fig. 1. To study the 

spatial distribution of gas porosities on the cross-section parallel to the building direction, 361 

micrographs were captured from each sample using an FEI Helios 650 scanning electron 

microscope (SEM) operating at 15 keV and 200 pA. To avoid the potential statistical bias 

induced by the edges of the deposited samples, no SEM micrograph was captured in regions 

closer than 1.5 mm from the edges. The stitched micrographs of S50 and S300 samples are 

depicted in Fig. 2. 

 

Table 1. Melt pool width and depth dimensions in the top layer of the LPBF manufactured 

samples  

Sample name S50 S300 

Width (µm) 120�12 84�11 

Depth (µm) 64�8 40�10 
 

 

Figure 1. Melt pool boundaries of the electroetched S300 sample.  
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Figure 2. Stitched SEM micrographs of the cross-section parallel to the building direction for (a) 

S50 and (b) S300 samples. The faint vertical and horizontal lines are stitching artifacts.  

2.2 Image processing 

Image processing techniques were used to generate point pattern datasets representing the 

spatial distribution of gas porosities in the acquired SEM micrographs of the deposited materials. 

Initially, the stitched images were edge sharpened using the rangefilt MATLAB function, which 

changes the intensity of each pixel of the image by the intensity range value (i.e., the difference 

between the maximum and minimum intensity values) of the three-by-three neighborhood 

around it. Then, the images were converted to black and white by applying an image intensity 

threshold of 0.35. To distinguish fake porosities (i.e., noise) from the real ones, small areas of 

less than five connected pixels were removed. Subsequently, MATLAB strel and imclose 

functions were used to make the detected objects morphologically smoothed and closed, 

respectively. It was assumed that the detected objects are circular to simplify the area 

calculations. The radius of the objects was determined by multiplying the number of pixels 

within each object by 
0.539

2π
 µm, where 0.539 µm is the resolution (i.e., the distance between 

two adjacent pixels on the horizontal axis) of the acquired SEM micrographs. 1022 and 890 

objects (i.e., gas porosity and lack of fusion defects) were detected in the S50 and S300 stitched 

images, respectively. Noticeably, the critical assumption of the statistical analysis presented in 

the current work is that the size of the objects of interest (i.e., pores) relative to the window size 

(the height and width of SEM images displayed in Fig. 2) must be minimal (negligible) [52]. 

Therefore, the detected objects with an area larger than 104 µm2 were removed. Since the number 
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of detected large-area objects (i.e., lack of fusion defects) increased gradually by elevating the 

scanning speed from 50 mm/s to 300 mm/s, no sample was deposited with the scanning speed 

value higher than 300 mm/s. The finalized number of pores with their mean and standard 

deviation values are presented in Table 2.  

Table 2. Summary of the detected porosities for the S50 and S300 samples 

Sample name S50 S300 

Number of initially detected objects 1022 890 
Number of finalized pores after removing large-area objects 976 799 

Mean of the pore-area distribution (µm2) 378.5 580.8 

Standard deviation of the pore-area distribution (µm2) 1326.9 1532.7 
 

2.3 Statistical analysis of the spatial distribution of porosities 

2.3.1 Intensity analysis 

Intensity analysis of a point pattern (e.g., formed by the detected porosities in the current 

study) provides descriptive information regarding the number of points per unit area. The 

intensity of a point pattern is considered homogenous if the number of points for any sub-region 

within the window (i.e., stitched SEM images in this study) is proportional to the area of that 

region. The proportionality constant is called intensity, λ. Nonparametric (i.e., avoiding 

restrictive model assumptions) methods such as kernel estimation [53] can be used to assess the 

inhomogeneity (i.e., spatial-dependency) of the intensity of a point pattern. The kernel estimation 

is calculated according to Eq. 1, 

1

1
( ) ( )

( )

n

h i

i

u k u x
e u

λ
=

= −∑                         Eq. 1 

where u is the grid (gray dots in Fig. 3), xi represents the ith point in the point-pattern dataset 

(blue dots in Fig. 3), kh is the kernel function with the bandwidth matrix h, and e(u) is the 

correction for bias caused by the missing data out of the window edges. The Gaussian kernel 

smoothing function used in the current study is presented in Eq. 2, 

0.5 0.5( ) | | ( )
h

k U h k h U
− −=               Eq. 2 

where k(U) is calculated according to Eq. 3. 
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The uniform edge correction for the intensity was determined by dividing the computed 

kernel estimation values by the correction bias factor. To quantify the edge correction factor, the 

entire window, W, was meshed with a square grid (gray dots in Fig. 3). The intensity of each 

point of the grid (i.e., u in Eq. 4 and the red-circle surrounded point in Fig. 3) with respect to the 

rest of the grid (i.e., v in Eq. 4 and gray points in Fig. 3) was calculated.  

( ) ( )
h

W

e u k u v dv= −∫                    Eq. 4 

In this study, the kernel bandwidth was set to a fixed scalar value for the simplicity of the 

calculations. Noteworthy, the kernel bandwidth determines the degree of smoothing, and the 

small and large bandwidth values result in irregular and over-smooth intensity maps, 

respectively. The likelihood cross-validation bandwidth selection method [54] was used to 

determine an appropriate bandwidth value. Following this method, the kernel intensity 

estimations were calculated for a series of bandwidth values for two conditions. In the first 

condition, an irregular grid was made by the points of the dataset (blue points in Fig. 3), and this 

grid was used to calculate the kernel density. In contrast, in the second condition, a square grid 

(gray points in Fig. 3) was used to estimate the intensity. The optimized bandwidth was set to the 

one which maximized the difference between the first and second conditions.  
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Figure 3. Schematic of meshing the window by applying a square grid presented by the gray 

points. The blue points represent a point-pattern dataset.  

 

2.3.2 Correlation analysis 

While Kernel intensity analysis may reveal some information regarding the distribution of 

points within the studied window, no quantitative conclusion can be made about the similarities 

and differences of the point pattern with respect to the CSR condition. In brief, a point pattern is 

called CSR in which (1) there is no spatial preference for the appearance of points within the 

window, (2) the existence of points in a sub-region of the window does not impact the absence or 

presence of points in the other sub-regions, (3) the number of random points inside the window 

follows the Poisson distribution and (4) there is no overlap between points [52].  

The deviation of a point pattern from CSR can be assessed by correlation analysis. One of the 

approaches to study correlations in point patterns is the empirical K-function method [55], which 

helps in quantifying the mean number of points surrounding each member of a point pattern at 

different distances inside the window. The empirical K-function is calculated following Eq. 5,  

1 1,

| |ˆ ( ) 1{ } ( )
( 1)

n n

ij ij

i j j i

W
K r d r e r

n n = = ≠

= ≤
− ∑ ∑                    Eq. 5 

where n(n-1) is associated with the total number of pairs which can be made from the pattern 

with n points, |W| is the area of the window, eij(r) is the edge correction factor (e.g., translation 

[56, 57]), dij is the distance between i and j points, r is a threshold distance, and 1{dij≤r} means 

0 if dij is greater than r, otherwise 1. Equation 5 can be extended to inhomogeneous point 

patterns by considering the contribution of the kernel intensity of each point, as presented in Eq. 

6 [58], 

$ $
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D W x xλ λ= = ≠

− ≤
= ∑ ∑                    Eq. 6                    

where x represents the points of the pattern, D is calculated according to Eq. 7, and p is a power 

set to 2 [58] in this study. Noteworthy, the inhomogeneous K-function method can be applied 
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only to point patterns which are correlation stationary. This criterion can be evaluated by 

dividing point patterns into smaller subsets with an equal number of points and applying the 

inhomogeneous K-function method. A correlation-stationary point pattern has similar 

inhomogeneous K-function results for these subsets [59].      

$

1 1

| | ( )i i

D
W xλ

= ∑         Eq. 7 

Since the K-function is edge corrected and adjusted by intensity, it is feasible to compare the 

empirical K-function values of different point patterns. For instance, it is expected that in a point 

pattern with a clustering tendency (i.e., having groups of points which are closer to each other 

than the CSR condition), on average, each point has more neighbors within a specific distance r, 

in comparison to the CSR condition. Therefore, the empirical K-function values of a clustered 

point pattern are greater than a CSR point pattern. In theory, in the case of a CSR point pattern, 

the average number of points with a distance not greater than r from each point of the pattern 

should be 2rλπ  where λ  is the average intensity over the entire window. The theoretical K 

value for the CSR condition is πr2, and it is a criterion for no correlation. The unit of K-function 

value is area because it is calculated by dividing the average number of neighbor points within 

distance r by the average number of points per unit area.  

One of the major caveats of the empirical K-function method is the cumulative nature of this 

analysis. Since all the neighboring points having distances not greater than r are considered for 

the K-function analysis, the presence of points at smaller neighboring distances impacts the K 

values at higher distances. This fact leads to the misinterpretation of the empirical K-function 

results. To resolve this problem, pair correlation function (PCF) [57], which is a non-cumulative 

summary statistic method, was used in this study. The pair correlation function analyzes the 

distribution of points at distances equal to r. For a 2D point pattern, the pair correlation function 

[60] is computed according to Eq. 8, 

( )
( )

2

K r
g r

rπ
′

=                    Eq. 8 

where K′(r) is the first derivative of the K-function with respect to the distance variable. The 

difference between the way that K-function and PCF count the number of neighbors is depicted 

in Fig. 4.  
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PCF indicates the ratio of the probability for observing a pair of points at a distance r to the 

corresponding probability in the random condition. In other words, the PCF values equal to one 

indicates CSR. In contrast, PCF values higher than one show a tendency for clustering because 

of observing more points than the random state for a certain distance. Noteworthy, the 

calculation of PCF at small distances is challenging because the variance of PCF becomes 

infinite as the interpoint distance value approaches zero. To avoid this problem, the PCF function 

is set to zero at the interpoint distance equals zero.   

 

Figure 4. To compute the empirical K-function for the red point, all points within the distance r 

are counted. In contrast, only points inside the orange-color thin shell located at distance r are 

considered for the pair correlation analysis. The green arrow represents distance r, and the filled 

circles show the point pattern.  

 

As stated, the theoretical K value for the CSR condition is πr2. However, this value cannot in 

practice determine whether a point pattern is CSR due to the inherent variations (e.g., the 

closeness of points) in randomly generated point patterns. To tackle this issue, it is possible to 
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define an interval of K values (for each distance r) that we cannot reject the hypothesis of a 

random point pattern. This range is named the non-rejection interval, and the mentioned 

approach is called the hypothesis test, which enables statistical inferences of the K-function 

analysis. The null hypothesis of a random point pattern is rejected if the computed K value is out 

of the non-rejection interval. To determine the non-rejection interval in the current study, the K-

function was applied to 39 instances of CSR [55]. By applying the empirical K-function to the 40 

datasets (i.e., 39 simulated CSR patterns and one acquired point pattern), there will be only a 5% 

chance [61] that the acquired pattern is CSR and it has values beyond the non-rejection interval 

determined by the other 39 patterns (i.e., a 2.5% chance for having a value greater than the 

maximum of the K values for the 39 CSR patterns and a 2.5% chance for a value smaller than the 

minimum of all the K values for the 39 CSR patterns). A similar discussion can be made for the 

hypothesis test analysis for the CSR condition using the inhomogeneous pair correlation 

function. 

2.3.3 Anisotropy analysis 

The angular distribution of points, in addition to their distances, should be analyzed to get a 

better understanding of the spatial distribution of a point pattern (i.e., gas porosities in this work). 

The anisotropy of the acquired point patterns was investigated by using the anisotropic pair 

correlation function. This method quantifies the joint probability of observing points at the tail 

and head of an arbitrary vector located inside the window. In this method, vectors connecting all 

points of a pattern are calculated, Fig. 5(a). Without rotating the vectors, the tails of these vectors 

are shifted to the center of Fig. 5(b), and a new point pattern is generated based on the heads of 

these vectors. The relative kernel intensity of the new point pattern to the corresponding values 

for the CSR condition is considered as an estimate of the anisotropic pair correlation of the point 

pattern displayed in Fig. 5(a). To increase the interpretability of the anisotropy results [52], the 

calculated anisotropic pair correlation values are divided by the rotational mean of these values 

(i.e., the average values of the estimated kernel intensity values for the same length and different 

angles in Fig. 5(b)). Therefore, the final values not equal to one indicates the presence of 

anisotropy in the point pattern.  
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Figure 5. (a) Connecting all points of the pattern by vectors and (b) generating a new point 

pattern based on the head location of the shifted vectors. The double-line vectors are the reverse 

direction of the vectors presented in ‘a’. 

 

2.4 Fatigue simulations  

To investigate the effect of the spatial distribution of porosities on the fatigue behavior of 

SS304L using finite element simulations, CSR and clustered patterns were generated within 100 

mm x 100 mm x 1 mm plates. The fatigue simulations were conducted in ANSYS® finite 

element package. The porosity diameter associated with each circular point was 50 µm. The 

bodies were meshed by quadratic order elements with the size range from 10 µm to 1 mm, 

leading to a total of ~64,000 nodes. The fatigue performance was analyzed under the stress-

controlled and strain-controlled loadings. In the stress-controlled loading, a tensile sine load with 

the Goodman mean stress correction and the maximum and minimum loads of 125 and 50 MPa, 

respectively, was applied to the CSR and clustered plates. In the strain-load case, a tensile sine 

load with the Smith-Watson-Topper (SWT) mean stress correction and the maximum and 

minimum strain values of 0.007 and 0.0035, respectively, was applied to the plates. The S-N 

curve for the stress-controlled loads and the parameters for the strain-controlled loads (strength, 
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ductility, and strain-hardening coefficients and exponents) were obtained from the ASM Metal′s 

handbook [62]. In either analysis, a complete sine period was considered as a load cycle.  

3. Results  

 3.1 Exploratory data analysis 

Before estimating the kernel intensity of the point patterns, the corresponding correction bias 

maps were calculated following the uniform edge correction method. Based on the likelihood 

cross-validation analysis of the S50 pattern, the kernel bandwidth was set to 232 µm for the grid 

resolution of 15 µm. The calculated correction bias map for the window associated with the S50 

point pattern is presented in Fig. 6. The same analysis was done for the S300 point pattern using 

the kernel bandwidth value of 466.3 µm. The kernel intensity estimation maps of the S50 and 

S300 point patterns were corrected by these bias maps, as shown in Fig. 7. Considering the 

number of porosities (Table 2), the size of windows and the maximum intensity values (Fig. 7), it 

can be concluded that porosities are more heterogeneously distributed in the S50 dataset in 

comparison to the S300 dataset.  

 

Figure 6. Correction bias map for the uniform edge correction of the S50 sample overlapped with 

the corresponding point-pattern (gas porosity) dataset.  

 



15 
 

 

Figure 7. Kernel intensity estimation for (a) S50 dataset with the bandwidth value of 232 µm and 

(b) S300 dataset with the bandwidth value of 466.3 µm. The grid resolution was set to 15 µm. 

The black dots represent gas porosities. 

 

While the kernel intensity analysis revealed that points in the S300 pattern are more 

uniformly dispersed, no quantified conclusions can be made about how much S50 and S300 

patterns have deviated from the CSR condition. The deviation of S50 and S300 from CSR were 

investigated using the previously mentioned hypothesis tests. 

The hypothesis test analysis for the CSR condition using the inhomogeneous K-function (Fig. 

8) showed a remarkable deviation from the CSR condition for the S50 pattern compared to the 

S300 pattern. A minor tendency for clustering was observed in the inset of Fig. 8(b) for the S300 

pattern at distances smaller than ~110 µm. The previously stated caveats associated with the K-

function analysis (e.g., cumulative analysis) make any conclusion regarding the distances at 

which a point pattern shows features consistent with clustering, from the plots presented in Fig. 

8, not reliable [63].  
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Figure 8. The hypothesis test for the CSR condition using the inhomogeneous K-function, (a) 

S50, and (b) S300. In each plot, the inset surrounded by the solid blue-border is the magnified 

view of the dotted blue-rectangle.   

The results of the hypothesis test for assessing the CSR condition using the inhomogeneous 

PCF are depicted in Fig. 9. These non-cumulative plots provide a less vague understanding of the 

relations between the interpoint distances and the statistically significant tendency for clustering 

in the studied patterns 
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Figure 9. The hypothesis test analysis for the CSR condition using the inhomogeneous pair 

correlation function, (a) S50, and (b) S300. 

To assess the angular distribution of porosities at each interpoint distance, the calculated 

anisotropy pair correlation values for the S50 and S300 datasets were divided by their 

corresponding rotational mean values. Based on the anisotropy plots displayed in Fig. 10, both 

S50 and S300 datasets were very close to isotropic for the interpoint distances up to 250 µm. 
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Figure 10. The anisotropy ratio plots for (a) S50 and (b) S300 

 

3.2 Impact of the spatial distribution of porosities on the fatigue performance 

The purpose of conducting the fatigue analysis described in section 2.4 is to quantify the 

criticality of the spatial distribution of porosities on the dynamic mechanical properties and 

performance of engineering parts. CSR and clustered point patterns with 123 points distributed 

within the same-sized windows were generated, as Fig. 11(a,b) shows. The quantified difference 

between these point patterns in terms of clustering tendency is presented in Fig. 11(c). The 

number of load cycles that the weakest location in each spatial distribution can endure before 

failure is listed in Table 3. Figure 12 illustrates the reduction in fatigue life of the strongest 

location of each body with respect to increasing the dynamic load.  
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Figure 11. Generated point patterns (a) CSR and (b) clustered. (c) The hypothesis test analysis 

for the CSR condition using the pair correlation function.  

 

Table 3. The number of load cycles that the weakest location of each body endured before 

failure.   

Pattern Stress-controlled loading Strain-controlled loading  

CSR 25471 5944 
Clustered 15452 4420 
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Figure 12. The change in maximum fatigue life modified with respect to intensifying the cyclic 

load for (a) strain-controlled and (b) stress-controlled loadings.   
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4. Discussion 

4.1 Spatial distributions 

The magnitude of deviation from the CSR condition (i.e., ratio values in Fig. 9) is more 

remarkable in the S50 dataset in comparison to the S300 dataset. In the S50 dataset, the major 

deviation from the CSR condition occurred at distances smaller than ~125 µm. This distance 

interval is consistent with the maximum possible length within the melt pool (i.e., the average 

width of the melt pool presented in Table 1). Also, a minor deviation was observed at distances 

~275 µm, which can be assigned to the hierarchical network formed by the clusters. In the S300 

dataset, the slight divergence from the CSR condition was limited to distances smaller than ~65 

µm. There is a good agreement between this calculated distance interval and the maximum 

possible length inside the pool for the S300 sample. Two important conclusions are drawn from 

these observations; (1) The tendency for clustering in the S300 dataset was not significant, 

considering the magnitude and distances of deviation from the CSR condition as well as the 

mentioned challenge of PCF calculations at small distances, and (2) the considerable spatial 

heterogeneity of gas porosities is limited to the melt pool dimension. 

Notably, the presence of large-area objects (i.e., lack of fusions in Fig. 2) makes the spatial 

analysis presented in this study biased because there are regions within the window that gas 

porosities cannot exist. This fact is against the assumption for the CSR condition that there is no 

preference for the observation of points inside the window and artificially increases the tendency 

for clustering. However, this issue does not impact the conclusions made for S50 and S300 from 

figure 9. While the number and area of large objects were considerable in S300, the dataset did 

not deviate considerably from the CSR condition. Therefore, it is expected that the S300 dataset 

is even closer to the CSR condition. In the S50 sample, both the number and area of these large-

area objects were limited (Fig. 2 and Table 2).   

Before discussing the potential reasons for the observed deviation from CSR, it is imperative 

to note that the tendency for clustering observed in the S50 dataset does not necessarily reflect 

any driving force between porosities to be closer to each other. In other words, from the 

statistical point of view, the reported spatial correlations in the S50 dataset is only consistent 

with clustering in point patterns, and merely the points were closer to each other in comparison 

to the CSR condition.  
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In general, the presence of porosities in AM components is a function of the processing 

parameters and the melt pool dynamics [64]. The key parameters impacting the melt pool 

dynamics are the buoyancy forces, Marangoni effect, recoil pressure, and solidification rate. The 

competition between these parameters determines the path that gas porosities take inside the melt 

pool and their final status (i.e., remaining or escaping the melt pool). The buoyancy forces pave 

the way for bubbles to reach the surface of the melt pool. A large Marangoni-driven rotating 

flow agglomerates the bubbles and keeps them inside the melt pool [64]. This accumulation 

favors the coalescence of gas porosities to reduce their surface tension [65]. Recoil pressure 

induced by the material evaporation and gas expansion destabilizes the melt pool dynamics [66] 

and makes the evolution of the spatial distribution of gas porosities complex [66]. The 

solidification process in LPBF is localized and extremely fast due to the large cooling rate and 

high thermal gradient [37]. Therefore, the gas porosities can be entrapped by the rapid and 

heterogeneous solidification of the melt pool. The processing parameters impact the melt pool 

behavior as well. For instance, powder layer thickness and scanning speed affect the size and 

shape of the melt pool [67] and its flow dynamics.  

The isotropic distribution of pores and the restriction of the spatial heterogeneity to melt pool 

size can be potentially assigned to the massive agitation made by the Marangoni effect in the 

melt pool and the parameters controlling the melt pool shape and size, respectively. However, 

owing to the complex interactions between the mentioned parameters, multiphysics numerical 

models should be developed to study the evolution of the spatial distribution of gas porosities 

with respect to the melt flow dynamics, processing parameters, and cyclic solidifications [65, 68, 

69].  Also, although SEM provides high-spatial-resolution 2D information about the distribution 

of pores, a more reliable statistical analysis can be made by detecting pores using 3D 

characterization techniques such as X-ray computer tomography [70] and synchrotron radiation 

micro-tomography [16].  

 

4.2 Fatigue performance 

Fatigue, as a principal mechanical performance factor of engineering materials, was chosen 

to demonstrate the significance of a thorough understanding of the spatial distribution of 

porosities. Investigations of other mechanical and thermal properties versus the spatial 
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distribution of porosities are set aside as future work. The conducted fatigue finite element 

simulations yield location-dependent fatigue life results. In other words, the fatigue life (i.e., the 

number of load cycles before failure) was calculated for each element. Therefore, the synthetic 

CSR and clustered cases had locations of minimum and maximum fatigue life. From an 

engineering point of view, the minimum life and its failure location are of practical importance 

as they provide a measure of fatigue endurance and the weakest area of the part, respectively. 

However, for our purpose, analysis of the change in the maximum life is valuable, as it provides 

more insight into the correlation of the spatial distribution of porosities and the corresponding 

mechanical performance. Regarding the minimum fatigue life, Table 3 shows the number of load 

cycles that each plate could take in the weakest location before failure. The arrows in Fig.11(a,b) 

show the corresponding weakest area of each plate, where the tolerance for the fatigue load was 

minimal (i.e., the number of cycles as listed in Table 3). For the stress-controlled loading, having 

a clustered distribution of porosities reduced the minimum endurable load cycles to 15452, 

which was a 39.3% reduction in life compared to the CSR distribution of porosities. For the 

strain-controlled loading, going from the CSR distribution to the clustered distribution reduced 

the minimum fatigue life of the plate by 25.6%, from 5944 cycles to 4420 cycles. Therefore, the 

random distribution of porosities is remarkably favorable for the performance of additively 

manufactured parts.  

In both CSR and clustered plates, the weakest location was in between the two closest 

porosities. For the CSR plate (blue arrow in Fig. 11(a)), the distance between the two porosities 

was ~19 µm, and for the clustered plate (red arrow in Fig. 11(b)), the distance was ~26 µm. The 

small distance between the pores led to a higher stress concentration which is the reason behind 

the location being the weakest, in terms of fatigue endurance. It is important to note that these 

two distances are stochastic; meaning that if another CSR and clustered point patterns are 

generated, and a 50 µm diameter is assigned to each point to turn them into real porosities, the 

distance between the two closest porosities in the CSR and clustered patterns can be two 

different values.  

For both loading conditions and porosity distribution cases, the maximal fatigue life 

happened where the porosities were most apart from each other. Figure 12(a) shows that the 

maximal fatigue life in the plates for the strain-controlled load was 109 cycles.  However, 

increasing the load (i.e., raising the amplitude of the sine wave) differentiated the CSR and 
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clustered cases. According to Fig. 12(a), by amplifying the strain-controlled load for ~12.5%, the 

maximum location-dependent fatigue lives of the clustered and CSR plates were 5×108 cycles 

and 9×108 cycles, respectively. Boosting the load by ~18% failed both the CSR and clustered 

cases in one cycle. The same trend was observed in the stress-controlled loading condition, as 

shown in Fig. 12(b). Intensifying the load up to ~55% did not change the maximal life of 106 

cycles in either porosity distribution. However, at about 67% load intensification, the maximal 

life of the CSR plate was almost twice as the clustered plate. As expected, increasing the load to 

extremely large values reduced the fatigue lives of both distributions to only one cycle. 

 

Conclusions 

The current work establishes a statistical analysis framework for exploring the spatial 

distribution of gas porosity in AM materials. This framework paves the way to quantitatively 

assess the relationships between the deposition parameters, the spatial distribution of gas 

porosity, and the expected fatigue behavior in high-performance structural materials. This work 

provides a new insight for reconsiderations of the process parameter maps by providing 

information about the spatial distribution of defects and their impacts on the mechanical 

properties. Also, the presented exploratory analysis can be used to generate more realistic 

synthetic structures by considering the spatial distribution of porosities.  

The statistical definition of complete spatial randomness and exploratory statistical analysis to 

study the spatial distribution of point patterns were mentioned. Hypothesis tests were used to 

quantitively assess the effect of deposition speed on the deviation of the gas porosity distribution 

from the CSR condition. It is shown that the sample which was deposited with the scan speed of 

50 mm/s had a stronger tendency for clustering in comparison to the sample deposited with a 

speed of 300 mm/s. Furthermore, and by means of fatigue life simulations, it was shown that 

from the perspective of mechanical performance, the random distribution of porosities is 

favorable compared to the clustered distributions. A comparison for the material of interest (i.e., 

Stainless Steel 304L) shows a minimum reduction of 25.6% in fatigue life, when the porosities 

clustered together.   
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