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Abstract: Manufacturing defects, such as porosity and inclusions, can significantly compromise the
structural integrity and performance of additively manufactured parts by acting as stress concen-
trators and potential initiation sites for failure. This paper investigates the effects of pore system
morphology (number of pores, total volume, volume fraction, and standard deviation of size of pores)
on the material response of additively manufactured Ti6Al4V specimens under a shear–compression
stress state. An automatic approach for finite element simulations, using the J2 plasticity model, was
utilized on a shear–compression specimen with artificial pores of varying characteristics to generate
the dataset. An artificial neural network (ANN) surrogate model was developed to predict peak
force and failure displacement of specimens with different pore attributes. The ANN demonstrated
effective prediction capabilities, offering insights into the importance of individual input variables
on mechanical performance of additively manufactured parts. Additionally, a sensitivity analysis
using the Garson equation was performed to identify the most influential parameters affecting the
material’s behaviour. It was observed that materials with more uniform pore sizes exhibit better
mechanical properties than those with a wider size distribution. Overall, the study contributes to a
better understanding of the interplay between pore characteristics and material response, providing
better defect-aware design and property–porosity linkage in additive manufacturing processes.

Keywords: simulation; pore morphology; additive manufacturing; Ti6Al4V material; artificial
neural network

1. Introduction

In recent years, additive manufacturing (AM) has shown great potential in the creation
of highly complex geometries, thus reducing manufacturing constraints in comparison
to traditional manufacturing processes. One significant advantage of AM is the process
simplicity from design to installation, where the entire additive manufacturing process
requires only a few steps, which results in increased productivity compared with tradi-
tional manufacturing processes [1–6]. Meanwhile, like in most manufacturing methods, the
mechanical properties of final products made by AM can be negatively affected by manu-
facturing defects or flaws [7–10]. Therefore, it is crucial to continuously enhance processes
and reduce the occurrence of defects that can have adverse impacts [11]. Among all the
probable defects [10,12] of different AM processes [13], pores or voids [14] are commonly
considered the most common defects [15–17] that can negatively impact the performance
of the produced components [18–20]. The pore defects in AM parts can appear due to
several mechanisms such as keyhole pore formation [21,22], pores resulting from lack of
fusion [23,24], pores formed during gas atomization [25,26], escaping gas bubbles from the
melt pool [27], etc. The resulting pores with varying sizes from nanoscale or macroscale [28]
have a significant influence on the part’s mechanical and thermal properties [11,29,30].
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The effect of pores on the mechanical performance of additively manufactured materi-
als has been extensively studied [31,32]. In the past decade, advances in AM technology
have made it possible to create parts with intricate internal features such as porosities or
artificial pores, facilitating research in this area. The presence of pores in a component leads
to stress concentrations, resulting in reduced strength, stiffness, and ductility [33,34]. The
size, shape, and distribution of the voids can also affect the mechanical properties of the
material [35]. Kim et al. [36] used X-ray computed tomography (XCT) to quantitatively and
qualitatively analyse the pore structure in additively manufactured (AMed) cobalt–chrome
alloy specimens with porosities ranging from 0.1% to 70%. Wilson-Heid et al. [37] studied
the effect of pores on the tensile response of AMed 316L stainless steel. Artificial pores
with different diameters were embedded in the samples, demonstrating that pores begin to
influence ultimate tensile strength after reaching a certain diameter (2.4 mm or 16% of the
sample’s cross-sectional area). Kotzem et al. [38] studied the fatigue properties of AMed
316L specimens with artificial defects and showed that the size and position of a single pore
defect significantly impact the fatigue strength. In a series of studies, Fadida et al. [33,39–41]
investigated the embedded pores under different loading conditions, namely tension [40],
compression [41], shear–tension [39] and shear–compression [33]. They showed that the
presence of voids has a detrimental effect on failure displacement. Similar results were
reported from both quasi-static and dynamic tests. Meng et al. [42] investigated the effect of
a single spherical pore defect on the tensile properties of AMed Ti6Al4V specimens. Pores
with different diameters (0.1–1 mm) and at different locations (sub/near-surface) were
considered, and it was shown that the embedded pores significantly influenced the tensile
elongation while the elastic modulus and strength remained nearly unchanged. While the
impact of pores on the mechanical performance of AMed materials under tension loads has
been extensively studied [37,41,43], the behaviour under more complex stress states (e.g.,
shear-dominated stress states) has received comparatively less attention.

Several researchers have applied physics-based simulations, machine learning (ML),
and data-driven techniques to investigate the mechanical behaviour of defect- and pore-
containing parts [44–49]. Owing to the outstanding capabilities of ML models, handling
large and complex datasets obtained from XCT or simulations of parts with pores is now
possible. That is a necessary step towards identifying patterns and relationships which are
incomprehensible by following traditional analytical models. Most of the published work in
the literature employed ML models for the detection of manufacturing defects [50,51] and
to estimate the mechanical properties of AMed specimens [52]. In this context, Machado
et al. [53] developed a ML model based on the convolutional neural network to analyze
the void content of optical microscopy images. Shen et al. [54] used ML for the prediction
of plastic yield surface and macroscopic yield stress of porous materials. They trained the
model with numerical results of simulations of samples with varied porosities and stress
triaxialities showing, the accuracy and feasibility of the proposed method.

The reviewed research papers provide insights into either characterizing the mor-
phology of pores or the role of pores on the mechanical behaviour of AMed specimens.
However, it is important to note the lack of models used to identify morphology–property
relationships for pore-containing materials. Addressing this gap, this paper introduces
an approach using feedforward artificial neural networks (ANN) to develop a surrogate
model of porous materials that considers parameters such as number (NOP), total (Vt)
and average (Va) volume, volume fraction (Vf), and standard deviation of size (SD) of
pores as the inputs to predict the mechanical response of AMed materials subjected to a
shear-dominated stress state. The surrogate model is trained with a dataset generated with
finite element simulations and then used for parametric sensitivity analysis to evaluate
the most effective input parameters of a pore system on the mechanical performance of a
part. We also discuss the potential applications and implications of this surrogate model in
advancing the design and optimization of additive manufactured materials, particularly
focusing on how understanding pore characteristics can lead to stronger and more reliable
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AM products. The importance of this work lies in its potential to improve material design
in additive manufacturing, leading to advancements in their performance and durability.

2. Methods

Finite element (FE) simulations were conducted, and an ANN surrogate model was
created to predict peak force and failure displacement based on pore system attributes.
The geometry on the cylindrical specimen consists of a narrow-notched section with a
45◦ angle with respect to the loading direction and this promotes a shear–compression
dominant stress state on the failure band. A shear–compression specimen based on the
geometry proposed by Rittel et al. [55] was used to study the embedded voids. Figure 1a
shows the specimen (h = 20 mm, d = 10 mm, and r = 1.5 mm, detailed dimensions are
summarized in Table 1) consisting of a narrow-notched section with a 45◦ angle promoting
a shear–compression dominant stress-state and failure band (A-A plane in Figure 1a), as
reported by quasi-static and dynamic experiments in [33]. This allows for assessing the
influence of pores on the fracture behaviour of the materials in a complex stress state
by placing the artificial pores on the fracture surface [33]. We used this geometry to
generate computer-generated synthetic Ti6Al4V specimens with porous regions on the
failure surface with varying morphological structure parameters of the pores such as
number, size, volume, location, and volume fraction of the pores. The section reports the
methodological approaches used in the paper starting from describing the finite element
model in Section 2.1, the routine for generation of the data set is explained in Section 2.2;
finally, the structure of the ANN network is described in Section 2.3.
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Figure 1. (a): Geometry of the shear–compression specimen, showing the no pores (NP) and three pore
(TP) models used for validation of the finite element models, and (b): different model discretization
for mesh sensitivity analysis. A region of fine mesh is defined at the shear–compression failure band
while coarser mesh was used in other regions to make the model computationally efficient.

Table 1. Dimensions of the shear–compression specimen that are shown in Figure 1a.

Dimension Value (mm) Dimension Value (mm)

h 20 t1 3
d 10 t2 1.6
r 1.5 θ 45◦

L 4 φ2 0.45



Modelling 2024, 5 4

2.1. Finite Element Model

FEM has proven to be a valuable method for analysing the mechanical behaviour
and performance of materials such as metals [20,56–58] and composites [59–62] under
mechanical loads; therefore, it was used here to generate the dataset for the ML model.
Figure 1a shows the 3D CAD model of the compression–shear specimen that was used to
perform FEM using the Abaqus/Standard commercial solver [63]. The dimensions of the
dense specimen (with no pores) are reported in Table 1 which is taken from the specimen
geometry of [33]. In each model, a compression load was implemented by applying a
displacement-controlled boundary condition on the top surface of the sample along with
the cylinder axis under a quasi-static condition, and the bottom surface of the sample was
fixed. The model was meshed with C3D10 (quadratic tetrahedral elements with 10 nodes),
and a region of dense mesh (0.2 mm) was applied to the vicinity of the notch while a coarser
mesh (0.7 mm) was applied to the rest of the specimen to achieve a desirable computational
efficiency. Figure 1b shows five different models that were developed with different mesh
sizes in the notched region to investigate the mesh sensitivity of the FE model. In all the
porous models, the pores were imposed on the fracture surface (A-A plane in Figure 1a) and
a mesh refinement was performed to ensure a consistent mesh size on the fracture surface of
the samples. The numerical model was validated by comparison with experimental data on
AMed Ti6Al4V samples from [33]. Moreover, Figure 1a shows the geometry of the models
(dense model—NP, and the model with three artificial pores—TP) that were developed
for validation. The model TP contained three spherical pores, each with a diameter of
φ2 = 0.45 mm, and the distance between pores was equal to L = 4 mm, placed on a straight
line with the central pore located on the centre of the fracture surface.

The behaviour of AMed Ti6Al4V material was expressed using J2 plasticity with
an isotropic hardening model following Equation (1); the damage was implemented
by employing the build-in definition of the ductile damage model in Abaqus, which
has been shown to be accurate in predicting the damage response of compression–shear
samples in the work of Fadida et al. [33] without considering the strain rate and stress
triaxiality dependency.

σ = σ0 + K
(
εp
)n (1)

where εp is the plastic strain, σ0 is the yield stress (920 MPa [33]). K and n are constants equal
to 395 and 0.345 [33]. In addition, equivalent fracture strains (εeq

p ) at the initiation of damage,
elastic modulus, and Poisson’s ratio, were set to 0.27, 117 GPa, and 0.34, respectively [33].
The numerical model was validated by comparison with experimental data on the AMed
Ti6Al4V samples [33].

2.2. Automatic Dataset Generation

The dataset for the ANN was obtained by doing FE simulations on synthetic specimens
with different morphologies of the pore system. To increase the efficiency, models with
different numbers and sizes, and locations of pores were generated using the Python
scripting function of Abaqus. Figure 2 shows four steps of the Python script for the
generation of a new specimen geometry. In the first step, the geometry of the dense
compression –shear specimen (shown in Figure 1a and dimensions in Table 1) is imported
to the software for imposing the pore system on the fracture surface. The pore system is
constructed and assembled in the next step as a set of spherical parts with different radii.
The take-and-place algorithm [64,65] was used, assuming a uniform random distribution
function to generate input parameters for the pore system. In this method, a newly
generated pore (spherical part) is randomly placed on the fracture surface with the condition
that it does not overlap with any previously placed pore while also keeping the spatial
distribution macroscopically homogeneous. If the newly placed pore overlaps with a
previous pore, it is discarded, and a new pore is generated. This process is repeated until
the desired total volume of pores is reached. In the next step, the pore system is cut from
the dense geometry to form a porous region on the prescribed fracture surface of the new
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specimen. Finally, the material properties, boundary conditions, and mesh are applied to
the new geometry and the model is run. The force–displacement curves are collected for
each model after the simulations are completed. The finite element model is validated by
comparing to the experimental data from the literature [33] as discussed in Section 3.1. The
primary outputs from the finite element model are failure displacement and peak force,
and these are used for training the ANN model.
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2.3. Structure of the ANN

We used a feedforward neural network regression model [66] for the implementation
of the surrogate model in MATLAB, R2021a [67]. The dataset from finite element simulation
included failure displacement and peak force of 100 different sample geometries which were
split into 80% for training and 20% for testing. The FE simulation data were used to train
the ANN. Figure 3b–d show the distribution of several input parameters, i.e., number of
pores, standard deviation, and average pore volume, for samples in the dataset, respectively.
The inputs were morphological parameters of the void system, and the model was used for
the prediction of the outputs (peak force and failure displacement) of the AMed Ti6Al4V
specimens. The schematic of the network is shown in Figure 3. Overfitting was avoided
by applying Bayesian regularization backpropagation. The inputs were normalized on a
consistent scale between 0 and 1, thereby enhancing both performance and accuracy [68].
We used trial and error to determine the architecture of the ANN. The final surrogate model
consisted of two hidden layers with 30 neurons in each and a single output layer. The
Relu activation function [69,70] was employed for the hidden layers, and in all cases, the
maximum number of epochs was 3000. The dataset from FE simulations was split into
two parts: 80% of the dataset was used for training and 20% was used for testing of the
ANN. For training the model, we utilized the mean squared error (MSE) loss function,
which is a standard approach for solving regression problems. To evaluate the accuracy of
the model’s predictions, metrics such as the R-squared value were utilized, which is more
representative of the model’s performance in regression analysis.

Following the evaluation of the developed neural networks to determine the final
surrogate model with the highest accuracy, the model was used to analyse parametric
variation and sensitivity to the inputs. Additionally, the weight matrix of the surrogate
model was used to assess the significance and importance of each input parameter’s effect
on output variations using the Garson equation (Equation (2)) [71,72].
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∑Nh
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where W is the weight. Subscript j identifies each input parameter and subscripts o, h, and i
refer to neurons in output, hidden, and input layers, respectively. Ij is the importance, Ni is
the number of input neurons, and Nh is the number of hidden neurons.
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3. Results and Discussions

In the results section, we first present the finite element simulation results alongside
validation against experimental data and mesh sensitivity, examining the effects of pore
features on material performance. Then, the outcomes of the ANN surrogate model are
presented, and we evaluate its predictive accuracy for peak force and failure displacement.

3.1. Finite Element Simulation Results and Validation

Experimental data from the literature [33] on quasi-static shear–compression behaviour
of AMed Ti6Al4V materials were used for validation of the finite element models. Figure 4a
shows the comparison between experimental and numerical force–displacement curves of
dense NP (dense specimen) and TP (specimen with three pores) specimens. The mechanical
response of the shear–compression specimen is significantly affected by the presence of
the pores. Higher failure displacement (DFAIL) in dense specimens was observed, as
reported in the literature, the presence of pores significantly reduced the ductility of the
material [73–75], which is well predicted by the FE model. Additionally, reduced load was
observed in the response of the specimen with pores. There are inconsistencies in the slope,
and these are attributed to variations in experimental data due to the tolerance of specimen
preparation in [33]. The numerical model predicted the failure displacements with an
error of 3.9% and 6.5% for the NP and TP models, respectively. The presence of pores
led to concentration of accumulated plastic strain in the vicinity of the pores, as shown in
Figure 4b. This strain localization is a critical factor that can significantly impact the overall
mechanical properties of the material [76,77], and the lower failure displacement observed
in samples containing pores can be attributed to this strain localization in the vicinity of
the pores.

Figure 5 shows the results of the mesh sensitivity analysis by providing the correlation
between element length and both failure displacement and the number of elements in
the TP model. As the element length decreased, DFAIL slightly increased, indicating the
convergence in the results, while the number of elements and thus computational demand
raised sharply. An element length of 0.2 mm was chosen as it offered a good balance
between computational efficiency and the accuracy of the simulation results.
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3.2. Artificial Neural Network Results

A trial-and-error approach was used to determine the final network structure. The
results of the trial-and-error approach are presented in Figure 6a showing the prediction
accuracy of several different network structures with one or two hidden layers. In all
these models, similar network parameters such as number of inputs and outputs, training
rate, regularization, and activation function were used. In this figure, the accuracy of
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the model for the prediction of both outputs (peak force and failure displacement) is
presented. Increasing the number of hidden layers from one to two significantly improved
the prediction accuracy of the ANN. In models featuring one or two hidden layers, the
augmentation of neurons resulted in improved accuracy up to 30 neurons, beyond which
further increments maintained consistent performance. This pattern highlights the optimal
neuron count for maximizing predictive precision in the given neural network architecture.
Therefore, the network architecture with two layers and 30 neurons in each was chosen as
the final model architecture and is discussed in this section.
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Figure 6. Results of the artificial neural network model: (a) accuracy versus the number of neurons
for the model with one hidden layer (top) and two hidden layers (bottom), (b) the ANN model
prediction versus the ground truth (form FE simulations) for failure displacement, and (c) the ANN
model prediction versus the ground truth (form FE simulations) for peak force.

Figure 6b,c demonstrate the comparison between ANN predictions and ground truth
data (from FE) for failure displacement and peak force, respectively. The ANN model was
trained for both outputs simultaneously. The data presented in the figure were normalized
between 0 and 1 using a min–max normalization technique [78] for each output variable
separately. The scatter plot reveals a high degree of correlation between the ANN predic-
tions and the actual FE results. The achieved R-squared value of 0.952 and the value of
0.923 for the training and test data (combined for both outputs) was observed, and this is
considered an acceptable indicator of the surrogate model’s accuracy.

To establish the correlation between the outputs (failure displacement and peak force)
and the inputs (pore system morphology), a comprehensive parametric study was con-
ducted. The 2D contours depicted in Figures 7 and 8 show these correlations for normalized
peak force and failure displacement, respectively. Figures 7a,b and 8a,b show that, as ex-
pected, any input parameter leading to a quantitative increase in the pore system size (such
as NOP, Vt, and Va) corresponds to an adverse impact on the outputs resulting in lower
peak force and reduced failure displacement. The lower gradient of change observed in
Figure 8a,b along the vertical direction indicates that the NOP has a more pronounced
influence on failure displacement compared to the Vt or Va. The correlation between the
standard deviation of pores (SD) and the other inputs (Va and NOP) with the outputs does
not display a similar clear trend.

The complex color gradations in the plots corresponding to the standard deviation
of pore size suggest that variations in pore size distribution could lead to non-linear ef-
fects on peak force, which might not be immediately apparent from simple linear models.
This implies that materials with more uniform pore sizes could exhibit different mechan-
ical properties than those with a wider size distribution, even if other metrics such as
the number of pores or total pore volume are held constant. In general, as shown in
Figures 7d and 8d, for the same number of pores, an increased standard deviation is not
favorable, and a pore system with an evenly dispersed distribution tends to result in better
mechanical performance. A consistent observation can be discerned in Figures 7c and 8c
for SD and Va, with a similar effect. For instance, it can be observed in Figure 8c that for
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two samples with similar average pore volumes, an increased standard deviation within
the pore size distribution adversely affects the material’s failure displacement. This is true
regardless of the value of the average volume and is evident by the vertical color gradations
in the figure; however, the influence of the standard deviation on failure displacement
seems to be more intense for pore systems with lower average pore size values. These
findings are notable as they suggest that both the size and the distribution of pores sizes
can be a critical factor in the mechanical response of the additively manufactured material.

Finally, it is also worth mentioning that in Figures 7c,d and 8c,d, the observed trends
regarding standard deviation become more complex as standard deviation values increase,
and the clarity of these trends within the model’s predictions diminishes. This represents
one of the limitations of the model, which is partly attributable to the dataset generation
process. It is challenging to create samples that possess a high number of pores or a
high average volume with a high standard deviation. This difficulty originates from the
limitations of the size of the fracture surface and the upper and lower limits for pore
sizes. Consequently, these factors may limit the ANN’s training, particularly in regions
characterized by high standard deviation in pore sizes and could affect the model’s ability
to generalize to such scenarios.
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Figure 7. Parametric analysis for normalized peak force for input values of: (a) number of pores
(NOP) versus total volume (Vt), (b) number of pores (NOP) versus volume fraction (Vf), (c) standard
deviation of size (SD) of pores versus average volume (Va), and (d) standard deviation of size (SD) of
pores versus number of pores (NOP).
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Figure 8. Parametric analysis for normalized failure displacement for input values of: (a) number
of pores (NOP) versus total volume (Vt), (b) number of pores (NOP) versus volume fraction (Vf),
(c) standard deviation of size (SD) of pores versus average volume (Va), and (d) standard deviation
of size (SD) of pores versus number of pores (NOP).

Another significant aspect of the pore system is the random distribution and placement
of pores. It has been demonstrated that a random pore population results in considerable
variations in mechanical performance [11,79]. Such a variation is investigated in the present
study for four specific points highlighted in Figure 8b,d and the results are shown in
Figure 9a,b, respectively. The variation is more pronounced for lower volume fractions
(Vf) which is evident from the bar plot data in Figure 9b, where the 10 different models
with a Vf = 1.2% had a standard deviation of 0.013 for the prediction of DFAIL, whereas at
Vf = 12%, the standard deviation between results of different models was equal to 0.006.
This indicated that void coalescence might not be a significant influencing mechanism in
the FE simulation results as represented by Nielsen et al. [80] where the overall material
response remained fairly consistent across different pore spacings until the initiation
of coalescence. Figure 9a,b show that the ML model demonstrated its effectiveness in
capturing the observed trends. However, it is worth noting that addressing the limitations
of this model, such as incorporating more advanced techniques such as convolutional neural
networks (CNNs) [81] would be beneficial, particularly for considering the placement of
pores as an additional input parameter.
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Figure 9. Effect of distribution of pores on the fracture surface: (a) influence of pore distribution
dispersion in models generated by inputs from points P1 and P2 from Figure 8b; (b) the same graph
for points H1 and H2 from Figure 8d.

The outcomes of the Garson equation [71] for input importance analysis with respect
to both outputs are illustrated in Figure 10. The sensitivity analysis from the ANN model
indicates that the NOP has the most significant impact on the mechanical behavior of the
material, with an importance value of 33.4%. This suggests that the count of pores is a
critical determinant of the material’s structural performance. In comparison, the SD of pore
size, at 27.0%, points to the variability in pore size as a substantial factor affecting material
properties. Notably, both Vt, Va, and Vf emerge as inputs with similar significance. It is
evident that all of these most crucial inputs are closely associated with the overall size of
the pore system.
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4. Conclusions

In this paper, we studied the influence of pore system morphology on the material
response of additively manufactured Ti6Al4V specimens subjected to a shear–compression
stress state. The study utilized shear–compression specimens with artificial pores of varying
characteristics. The ANN surrogate model effectively predicted peak force and failure
displacement. The ANN’s predictive accuracy was acceptable. Parametric analysis further
evaluated the relationships between pore attributes and material response. An increase in
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the pore system size corresponded to adverse effects. The dispersion pattern of random
pore distribution, particularly pronounced at lower volume fractions, underscored the
necessity of more advanced models. In conclusion, this study underlined the significance of
understanding pore morphology in AM materials, a crucial aspect of defect-aware design
and property–porosity linkage [82,83].
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