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• Relative standard deviation was found
to be themost suitablemetric for quality
repeatability evaluation after compari-
son

• The effects of downstream production
parameters were studied simulta-
neously in a machine learning approach

• A combinational effect from part loca-
tion and post-chamber pressure drop
was found to affect quality repeatability
of parts

• Quality repeatability was significantly
improved with the new process control
implementation based on findings from
this work
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Additive manufacturing has entered the phase of industrial adoption, for which its quality repeatability is of vital
importance to industries where functional parts with consistent mechanical properties are desired. This concern
willmanifestwith large scale implementation of such technology, affecting not only the reliability of products but
the reputation and profitability of a business. The root cause to this problem is obscure demanding a systematic
approach to identify potential influencing parameters for better process control. In this article, the quality repeat-
ability of laser powder bed fusion (L-PBF) technology, in terms of static mechanical properties of printed parts,
was quantified using relative standard deviation, and a machine learning approach for root cause analysis was
demonstrated. While most of the prior work focused on the effect of laser-related process parameters to part
properties, this research emphasises on the downstream production parameters while keeping laser-related pa-
rameters fixed. It was found that the combinational effect of part location and post-chamber pressure drop
heavily influences the quality of printed parts. A follow-up experiment with the new process control was able
to produce parts with improved quality repeatability. This proves the effectiveness of the proposed approach
for process control of L-PBF at large scale implementation.
© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).
g), lihua@ntu.edu.sg (H. Li).

. This is an open access article under
1. Introduction

Additive manufacturing (AM) is transitioning from a popular
prototyping method to an integral part of mainstream manufacturing
[1,2]. Inevitably, the expectation for AM will raise from just making
shapes with satisfying quality in lab scale to producing excellent
the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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functional parts reliably at large scale implementation. Quality repeat-
ability is a crucial factor to the commercial success of AM as it assures
its adopters a stable process without yielding excessive amount of
non-conforming parts. However, there is a limited amount ofwork ded-
icated to this aspect of AMwith a focus on the material quality in terms
of mechanical properties [3]. In the area of traditional material quality
evaluation for parts produced by Laser Powder Bed Fusion (L-PBF) tech-
nology, literature has converged to the common findings that this pro-
cess has a high degree of susceptibility to the laser-related process
parameters, namely laser power, scanning speed, scanning strategy,
hatch distance and layer thickness [4–8]. These controllable parameters,
as summarised by Mani [9], have a complex implication over the melt
pool behaviour, causing defects such as thermal cracking, delamination
[10] and porosity [11]. Pores can be attributed to the high energy input
from the laser causing metal vaporisation and spatter during the laser-
powder interaction [12,13]. On the other hand, insufficient energy
input caused by low laser power or high scanning speedwould produce
balling surface containing porosity due to deficient binding between
layers with poor wettability [14]. In addition, rapid cooling and cyclic
thermal loading induced during the L-PBF process result in high residual
stresses within the printed components [15,16] making them prone to
distortion [17].

L-PBF is considered one of the most mature and production-ready
AM processes based on the progress of machine development by man-
ufacturers [18–21] and fast growing market share in metal AM [22].
Therefore, this research focuses on the evaluation of quality repeatabil-
ity for this technology. In L-PBF, a thin layer of metal powder is spread
over a substrate plate, followed by a laser beam selectively melts the
powder layer according to the 2D pattern sliced from a 3D model. This
process repeats for the entire print job to build up a 3D physical object
consisting of thousands of thin layers. A schematic illustration of the
L-PBF technology is shown in Fig. 1.

In recent years, more sophisticated strategies to overcome chal-
lenges associatedwith quality and repeatability of AMparts have gained
interest among the research community and industry [9,23]. An sub-
stantial amount of work focused on real-time monitoring of melt pool
dynamics, powder recoating quality and flaw formation. These strate-
gies often work in tandem with data-driven and machine learning
(ML) approaches since large amount of data were generated during
the process. For example, Scime andBeuth [24] has produced significant
works in in-situ monitoring of melt pool and powder recoating images
for anomaly detection in L-PBF using aML pipeline, which encompasses
computer vision techniques, clustering and classification models. Song
et al. [25] showcased the possibility of in-situ composition analysis dur-
ing the directed energy deposition (DED) process by interpreting the
laser-induced plasma spectral signals using a support vector regression
(SVR) model. Grasso et al. [26] utilised principal component analysis
(PCA) and k-means clustering methods to process the image data cap-
tured during the L-PBF process to identify defective area in each layer.
Fig. 1. Schematic Illustration of L-PBF.
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Gobert et al. [27] demonstrated the capability of an ensemble classifier
scheme trained with layer images captured after laser exposure and
ground truth defect data obtained from micro-CT for flaw detection in
the final parts.

Others have also investigated factors such as powder quality, gas
flowandpart layout to thefinal quality of parts. Jacob et al. [28] reported
that powder recycling has no significant effect on themechanical prop-
erties of L-PBF parts. Anwar and Pham [29,30] identified the pattern in
spatter distribution with different gas flow settings and highlighted
that the gasflowhad aneffect on the tensile property of L-PBF processed
parts. Shen et al. [31] found lack of fusion defects in samples built at low
gas flow speed and identified a suitable speedwindow for differentma-
terials through experiment and empirical modelling. Fitzgerald and
Everhart [32] statistically evaluated the impact of build location on ten-
sile performance in L-PBF showing a small range of tensile property var-
iation along a certain direction on the substrate plate. Hitzler et al. [33]
observed in his study that tensile samples tended to fracture at the top
end, which implies weaker mechanical properties with increasing build
height. Seifi et al. [34] reported that the phenomenon of location-
dependent properties in as-printed Ti-6Al-4V produced by electron
beampowder bed fusion is attributed to the convoluted interactions be-
tween defect-dominated and microstructure-dominated contributions.

More relevantly, specific studies attempted to correlation various
process parameters to the material properties of AM parts. Ning et al.
[35] demonstrated the use of Artificial Neural Network (ANN) with
backpropagation (BP) learning algorithm to learn the correlation be-
tween L-PBF process parameters and final part properties. Kamath
[36] applied datamining and statistical inference techniques to perform
feature selection to identify important L-PBF variables, and create data-
driven surrogate models to predict the melt pool geometries at a lower
computational cost. Yao et al. [37] investigated the relationship among
the component design, L-PBF process parameters and costs using an
Adaptive Neuro-Fuzzy Inference System (ANFIS). From a high-level
point of view, Qi et al. [38] summarised various works done for con-
structing the process-property-performance linkage for AM using neu-
ral network-based models.

While the prior works have shown significant technological ad-
vancements and provided valuable insight into the fundamental mech-
anisms of the L-PBF process, there are several limitations in utilising
those results to tackle the quality repeatability problem. Firstly, no con-
clusive correlation between the observed targets and mechanical prop-
erties of final parts was established. Secondly, those works often
involved high cost equipment with little deployability at the actual
manufacturing facilities. Some proposed to achieve quality stability by
dynamically changing the process parameters to accommodate the pro-
cess complexity of L-PBF [39]. However, no firm solution has been de-
rived to effectively alleviate this pertaining issue. In addition, limited
work has been done to review multiple process factors simultaneously
and correlate those with material properties. Even fewer studies have
investigated the parameters beyond those directly controllable ones.
More work is needed to evaluate the effect of other parameters, which
are obscure and indirectly controllable. To sum up, to the best of our
knowledge, limited studies have been conducted to investigate and
quantify the repeatability of mechanical properties of L-PBF processed
parts. Fewer investigations have been done on other parameters beyond
the traditional scope to understand the relationship between those pa-
rameters and the corresponding mechanical properties. Therefore, the
authors are motivated to define an evaluation metric to represent the
quality repeatability of the L-PBF process, and to holistically investigate
the influence of parameters beyond the classical process parameters to
the mechanical properties of produced parts.

This article focuses on defining a quality repeatability index and sta-
tistically establishing the correlations between the less commonly stud-
ied parameters and the static mechanical properties of L-PBF processed
316L parts. For clarity sake, a term, named production parameter, was
established to encompass those parameters that were related to the
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production cycle of L-PBF while excluding the laser-related process
parameters. The name was devised to represent the downstream
parameters that are more closely related to the production process
while laser-related parameters are held fixed. More details will be elab-
orated in Section 2. Due to the iterative nature of AM, these parameters,
mainly captured by sensors embedded in the metal printer, have high
dimension and magnitude in the context of manufacturing industry.
ML is playing a key role in investigating the collective influence of
these parameters to the final part property. Material analysis will also
be conducted with the aim to interpret the results from ML models.

2. Experimental procedure and methods

2.1. Sample printing and preparation

All experimentswere conducted on a SLM®500HLmetal 3Dprinter
[40]. This machine uses four 400W fibre lasers with the spot size of ap-
proximately 80 μm. Each laser is dedicated to a specific zone of a sub-
strate plate as depicted in Fig. 2. 316L stainless steel was used in this
study since it has lower cost compared to other L-PBF compatible mate-
rial and abundant resources in process parameters from the research
community, making it the most suitable material for repeatability anal-
ysis. In this work, a build job is defined as a single print of multiple sam-
ples and parts on a substrate plate. In order to obtain representative
data, several tensile samples were placed in each zone for every build
job to account for the difference in laser hardware. Also, the exact loca-
tions of tensile samples were randomly shuffled within each zone with
the purpose of capturing any potential quality variations along the x and
y axes. In addition, each build included additional parts of variousmass.
This enriches the data by giving diversity in build mass and build height
features. It is to be noted that only vertical tensile samples were inves-
tigated since it is believed to capture more potential issues along the
entire build height. Lastly, a set of optimal laser parameters was chosen
andheld fixed throughout thiswork to isolate their effects to the quality
repeatability of printed parts. The general print sequence is from left
to right.

2.2. Selection of production parameters as input features

Since the underlying cause of repeatability issues is obscured, it is
necessary to look beyond the traditionally studied parameters and
focus more on other less studied production parameters. Therefore,
Fig. 2. Laser zone allocation on a substrate plate (top view).
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the idea of parameter selection in this study is to include as much pro-
duction parameters as possible with an attempt to closely describe the
characteristics of the entire L-PBF production cycle. While most of the
parameters included in this study are selected based on literature and
domain expert knowledge, others that cannot be found in existing liter-
ature were also included based on availability and their role in process
monitoring. The ML-guided approach is important in this context to
help quickly weed out the less important parameters and focus on the
more important ones. As a result, the selected feature inputs are listed
in Table 1, which includes the powder properties, in-process sensor
readings, part layout and other build information. The references of
prior studies that describe the effect of each parameter to part quality
have been listed in the same table whenever it is available.

Regarding data collection, flowability and apparent density of pow-
der feedstock were measured using Hall Flow equipment as per ASTM
B213 [41] and ASTM B212 [42]. Particle size distribution (PSD) was
measured using dynamic image analysis before being loaded into the
printer. Build information such as the build mass, height, part volume
and locations had been determined at the layout planning stage prior
to printing. Therefore, they were extracted as constant values for each
build job from the slicing software directly. Sensor data were logged
by the built-in sensors in the printer at a one-second interval and
clipped by the duration of their respective build jobs. ΔP is the post-
chamber pressure drop which represents the pressure drop of inert
gas in the post-chamber region before re-entering the gas pump, as
shown in the schematic of the gas flow recirculation system in Fig. 3.
It is calculated by taking the difference between the post-chamber pres-
sure reading (Ppc) and in-chamber pressure reading (Pc) as shown in
Eq. 1. Temperature data were measured inside the build chamber and
along the main gas flow pipe in themachine. The locations of the afore-
mentioned sensors have been indicated in Fig. 3. These time-series data
were summarised to a single value for each build job based on individ-
ual's characteristics: ΔP increased over the course of each printing cycle
cumulatively (the ending value of the 1st build approximately equals to
the starting value of the 2nd build), therefore the maximum value was
used as the feature value since it usually associates with the worst
case scenario; Temperature readings oscillated with a graduate incre-
ment during the printing process without any cumulative effect, for
which their mean values were taken as the feature value.

ΔP ¼ Pc−Ppc ð1Þ

Where ΔP is the post-chamber pressure drop, Pc is the in-chamber
pressure and Ppc is the post-chamber pressure.
2.3. Collection of mechanical properties data

Before being cut off from the substrate plate, as-printed samples
were stress relieved by soaking in nitrogen environment at 371 °C for
minimum 2 h and cooled naturally, as per ASTM F3184 [54] and
AMS2759/11 [55]. Tensile samples were then machined to dimensions
as per ASTM E8 specimen 3 [56]. Yield Strength (YS), Ultimate Tensile
Strength (TS) and Elongation after fracture (EL) of printed samples
were measured as per ASTM E8. Database has been established to cap-
ture the tensile properties and the corresponding feature inputs.
2.4. Programming environment

Unless otherwise specified, data processing, training and testing of
ML models were done within Python 3.7.3 environment. Scikit-learn
package was mainly used for data preprocessing, ML model selection
and training. Matplotlib package in Python, and Tableau were used for
data visualisation.



Table 1
Production parameters and corresponding representative values.

Production parameter Symbol Value range Unit Value used Related literature or significance

Build mass mb 4 to 12 kg Pre-determined Amount of soot generated
Build height hb 80 to 90 mm Pre-determined [32] [33] [34] [43] [44] [45]
Build time tb 30 to 120 hour Pre-determined Cyclic heating and cooling
Part volume Vp 14,200 to 15,900 mm3 Pre-determined [46] [47]
Post-chamber pressure drop ΔP 45 to 175 mbar Maximum Process monitoring feature
Powder PSD D10 PSDD10 10 to 25 um Measurement [28] [48] [49]
Powder PSD D50 PSDD50 25 to 40 um Measurement [28] [48] [49]
Powder PSD D90 PSDD90 40 to 60 um Measurement [28] [48] [49]
Powder Hall Flow thall 10 to 20 second Measurement [28] [48] [50] [51]
Powder Apparent Density ρapparent 4.3 to 4.5 g/cm3 Measurement [28] [52]
Sample Location X-axis Xloc −130 to 130 mm Pre-determined [32] [53]
Sample Location Y-axis Yloc −240 to 240 mm Pre-determined [32] [53]
Temperature in chamber Tc 45 to 70 Co Mean Process monitoring feature
Temperature of process gas Tg 30 to 70 Co Mean Process monitoring feature

Fig. 3. A schematic illustration of the gas flow recirculation system in the L-PBF process.
The gas flow is recirculating in the anti-clockwise direction in this illustration. The post-
chamber pressure drop, ΔP, is the difference between the pressure in the post-chamber
region, Ppc, and the in-chamber pressure, Pc. It represents the pressure drop of inert gas
in the post-chamber region before re-entering the gas pump. Temperature readings, Tc
and Tg, were measured directly at the locations as indicated.
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3. Theory

This section is written in a way to demonstrate an overview of the
methodology used for investigating the quality repeatability in L-PBF
along with relevant ML and material science theories. It begins with
designing experiment to place vertical tensile samples on the substrate
plate as described in Section 2.1. Next, samples go through a standa-
rdised heat treatment before beingmachined to dumbbell shape before
being tensile tested. Subsequently, all the capturable data during and
after the build are consolidated with the final static mechanical proper-
ties of the respective parts. ML and data visualisation techniques are
then applied to establish correlation between those gathered parame-
ters and material properties. To validate and interpret the results from
ML, in-depth material analysis is performed to make sense of the corre-
lation established. Finally, these results will be turned into reliable in-
sights for process control implementation.
1 the parameters were still controlled under manufacturer's preset values to avoid any
hardware damage
3.1. Methods for quality repeatability evaluation

Quality repeatability is an important concept to represent the capa-
bility of L-PBF in producing parts with consistent quality, which is
4

particularly relevant in large scale AM facilities for quality control pur-
poses. In ASTM E177 [57], quality repeatability is defined as “the preci-
sion of test results from tests conducted within the shortest practical
time period on identical material by the same test method in a single
laboratory with all known sources of variability conditions controlled
at the same level”. In the context of L-PBF, the “known sources of vari-
ability conditions” can be referred to as the process parameters such
as laser power, hatch distance, scanning speed, layer thickness and
more, which were held fixed throughout our experiment. In this
study, quality repeatability is specifically referred to as the deviation
of mechanical properties of vertical representative samples while keep-
ing the process parameters fixed. It is worth noting that the production
parameters listed in Table 1 were not considered as the known sources
of variability conditions since their exact effects to mechanical proper-
ties are less studied. It is necessary to leave them uncontrolled within
a reasonable range1 so that their influence on quality repeatability of
L-PBF can be understood. Good quality repeatability in this study must
fulfil two requirements to serve practical purposes for the industry:
the mechanical properties of representative samples have to be above
the minimum requirements defined by ASTM F3184 [54], and their de-
viation needs to be as small as possible. The benefits of introducing such
metric in AM production are twofold: First, it provides a quality bench-
mark for process optimisation in the samemachine and across different
machines; Second, it facilitates property prediction and quality assur-
ance with fewer representative samples. There are several ways to
assess the repeatability of L-PBF process: (1) To visualise the entire
property dataset using box plots, but this method is only intuitive for
qualitative evaluation; (2) To use standard deviation to quantify repeat-
ability, which could be misleading when comparing across properties
with different scales; (3) To use relative standard deviation (RSD) [58]
as shown in Eq. 2, which is an intuitive one-factor metric that has
been used to quantify repeatability of powder bed fusion in [3]. It pro-
vides ametric that is independent ofmeasurement units for comparison
across different properties. The results from these threemethodswill be
compared in Section 4. RSD was chosen as the index to represent the
repeatability of L-PBF in this article based on its comparability across
different static mechanical properties regardless of their difference
in magnitude.

RSD ¼ σ
μ
� 100% ð2Þ

where σ is the standard deviation of the population and μ is themean of
the population.



Table 2
Minimum tensile requirements for PBF processed 316L as per ASTM F3184 [54].

Yield Strength Tensile Strength Elongation

(MPa) (MPa) (%)
205 515 30
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3.2. Supervised learning models

One way of analysing the root cause of L-PBF process instability is to
select a group of samples with exceptional performance as the baseline
and compare it against others to understand what was different. How-
ever, this approach is labour intensive and does not scale well with in-
creasing number of features. On top of that, examining the interaction
between features will be challenging and become next to impossible
with a larger amount of data. On the other hand, using ML for such
tasks could scale very well in terms of both number of features and ob-
servations. According to literature, supervised learning is particularly
relevant in establishing relationship between parameters (input) and
tensile properties (output) and decision making in the context of
manufacturing [59–61]. During the training process, data are fed to
the algorithms for relationship establishment. A trained model essen-
tially encapsulates a summary of relationships between the features
and output. At the testing stage, a set of unseen data with only the
input features are fed to the trained model for making predictions.
There are twomethodologies to approach this problem, namely regres-
sion and classification. Regression models give predictions in continu-
ous values whereas classification models give predictions in discrete
values.

In the context of this study, the production parameters listed in
Table 1 are the input features and the measured tensile properties
are the output. The conditions of these data obtained from our ex-
periment are suitable for ML application based on several reasons.
Firstly, the input and output are clearly defined with an objective
of studying how the production parameters are influencing the
final mechanical properties of printed parts. Secondly, the data is
self-contained in a way that the directly controllable process param-
eters are fixed, so that only the interested production parameters are
studied. Lastly, the predicting nature of ML models is relevant in
large scale implementation of AM facilities for property prediction
and quality assurance. For each production parameter, there is a sig-
nificant value range for ML models to pick up potential trends resid-
ing in the data. Furthermore, any potential patterns learned in the
process can be translated to physical meanings for further investiga-
tion. For instance, if the build-related information such as the build
mass, height, time or locations are found to be accountable for qual-
ity repeatability, it implies that the root cause could be the amount of
soot generated or the thermal history in the build. If post-chamber
pressure drop is found to be important, the problem may lie with
the changes in chamber condition. If powder-related parameters
are prominent, it may be worth investigating the powder spreading
condition or effective packing density in the powder bed. If temper-
ature parameters are important, temperature gradient within the
build chamber should be investigated for better insight.
Table 3
An illustration of a generic confusion matrix for binary classification tasks containing pos-
itive and negative classes (a), with an example of confusion matrix used in this study (b).
Refer to Eq. 5 and 6 for the definitions of TP, FP, TN and FN.

(a) A generic confusion matrix. (b) The confusion matrix
used in this study.

Predicted n = sample
size

Predicted

Positive Negative Fail Pass

Actual Positive TP FN Actual Fail TP FN
Negative FP TN Pass FP TN
3.3. Preparation of training data for classification

One effectiveway of analysing this dataset is to transform it to a clas-
sification problem. The subject interested in this case is the important
features that influence the part quality. In particular, it is of higher inter-
est to identify features that cause the mechanical properties of samples
to fall below an optimal range, as compared to features that result in su-
perior properties in rare cases. To standardise the value range of fea-
tures for effective model training, feature scaling was performed for
each individual features according to Eq. 3 [62]. The resultant vector Z
for each feature has a mean of 0 and standard deviation of 1 such that
the difference in feature units will not create bias in the training process
while the data characteristics are being preserved. For outputs, each
sample is re-labelled to ‘pass’ and ‘fail’ by comparing their properties
against requirements stated in ASTM F3184 [54] as summarised in
Table 2. If any of the properties falls below the requirement, it will be
labelled as ‘fail’, otherwise it will be labelled as ‘pass’.
5

Z ¼ X−μ
σ

ð3Þ

where Z is the transformed feature vector that has mean of 0 and stan-
dard deviation of 1, X is the original feature vector, μ and σ are themean
and standard deviation of the original feature vector X.

3.4. F1 score and confusion matrix as evaluation metrics for classification

One-factor comparison is generally preferred in model selection by
its simplicity and efficiency. As such, F1 score as illustrated by Eq. 4
[63] was the first evaluation metric to be considered in this study.
More specifically, F1 macro [64] was used as the averaging method to
generate the scores for each model, as it was found to depict the
model performance more accurately than other averaging methods
such as F1 micro and F1 weighted, and other evaluation metrics such
as the geometric mean [65] for this study. In this method, the metrics
for the pass and fail classes were calculated individually before combin-
ing them by taking their unweighted mean as the output score. To
reveal more information about the model performance, confusion
matrix [66], as illustrated in Table 3, was used as the second evaluation
metric to review the classification results. In the context of this study,
fail class is regarded as the positive class since it is the minority class
that themodel aims to identify. This is similar to the naming convention
of medical diagnosis in which the positive case usually refers to a dis-
ease being identified in a patient. Table 3b gives an example of confu-
sion matrix that was used in this study.

F ¼
β2 þ 1:0

� �
� P � R

β2 � P þ R
ð4Þ

where P is precision (Eq. 5), R is recall (Eq. 6), and β is the relative im-
portance given to recall over precision. F1 score is the harmonic mean
of the precision and recall when β = 1.0

Precision ¼ true positive
true positiveþ false positive

ð5Þ

Recall ¼ true positive
true positiveþ false negative

ð6Þ

where true positive (TP) represents the number of positive examples
that are correctly classified; False negative (FN) represents the number
of positive examples that are wrongly classified; True negative (TN)
represents the number of negative examples that are correctly classi-
fied; False positive (FP) represents the number of negative examples
that are wrongly classified.



Fig. 4. Box plots showing the fluctuation of three static mechanical properties for samples
across 13 build jobs without controlling any production parameters. While it provides a
holistic overview of the entire dataset, it is difficult to extract information about the
degree of such variation.
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3.5. Class imbalance

A common observation in manufacturing data is that there are gen-
erally much fewer fail samples than pass samples. It is not surprising
since a production grade process should yield a minimal amount of
failed products. However, it posts a class imbalance problem in the
dataset used in this work. Attention is requiredwhen choosing the eval-
uation metrics and during the training stage. Also, the model perfor-
mance requires in-depth review for more reliable insights.

4. Results

4.1. Quality repeatability of L-PBF in terms of static mechanical properties

251 samples from 13 build jobs were produced using L-PBF with
process parameters held fixed, with the intention to understand the
inter-build and intra-build repeatability. Box plots depicting the overall
fluctuation of sample properties in Yield Strength (YS), Tensile Strength
(TS) and Elongation (EL) are shown in Fig. 4. In each box plot that rep-
resents each group of samples, the minimum and maximum values are
represented by the bottom and top horizontal lines. The bottom and top
boundaries of the shaded box define the first (Q1) and third quartile
(Q3) of the group. Q3 − Q1 is defined as the interquartile range (IQR).
The horizontal line in red within the box represents the group median.
Theoutliers that are represented by the dots in certain buildswere iden-
tified if those values are smaller than Q1 − 1.5IQR or larger than
Q3 + 1.5IQR. In such cases, minimum and maximum were determined
after excluding the outliers. It can be observed that YS and TS data show
cyclic pattern across builds with dispersion below 40 MPa in each indi-
vidual build. EL data show no obvious trend with inconsistent disper-
sion in each individual build. While this visualisation provides a
holistic overview of the entire dataset, it is difficult to extract informa-
tion about the degree of such variation. To verify if the property fluctu-
ation over build jobs is statistically significant, the analysis of variance
(ANOVA), which is a statistical hypothesis test to determine if the
mean variation across different groups in a sample is caused by chance
or not [67], was performed on these three properties individually. The
results summarised in Table 4 show that the fluctuation of all three
properties are statistically significant with the respective p-values
below 0.05. Therefore, it is reasonable to hypothesise that the inter-
build performance variation is not due to pure randomness but certain
factors.

For assessing the intra-build repeatability, it is challenging to per-
form ANOVA within each build. Instead, their standard deviations
were computed for all builds and plotted in Fig. 5. On average, YS and
TS in each build deviate within a standard deviation of 11 MPa, which
tends to represent stable performance when it is compared against
the magnitudes of their respective properties (in the order of hun-
dreds). On the other hand, EL generally shows a standard deviation of
3.38% which appears to be small in magnitude but more prominent rel-
ative to its order of magnitude (in the order of tens). In short, the L-PBF
inter- and intra-build repeatability in terms of staticmechanical proper-
ties were shown to be non-trivial.

Since these properties have significantly different magnitudes, stan-
dard deviations cannot be compared directly. To quantify the degree of
repeatability for comparison across different properties, RSDwas calcu-
lated for all samples andwithin each build as shown in Table 5 together
with the correspondingmean (μ) and standard deviation (σ). The result
shows that the properties of L-PBF parts fluctuate at various degrees
even if the process parameters were unchanged. Taking a closer look,
EL is the most unstable property among the three with inter-build
RSD of 11.6% and intra-build RSD up to 18.0%. In other words, samples'
EL generally deviate from the mean value by more than 10% between
build jobs and by up to 18.0% within a build. Also, it should be noted
that the intra-build RSD values can go as low as 1.7%, implying that cer-
tain build jobs performed well in terms of repeatability. The fluctuation
6

in repeatability itself raises a bigger question for the underlying cause,
which was investigated in a ML approach that will be presented in the
next section.



Table 4
One-wayANOVA for three staticmechanical properties across 13 builds. F-critical is deter-
mined by the degrees of freedom in dataset (df1 = 12 and df2 = 238); With F-statistic
larger than F-critical and p-value below 0.05, the differences of properties between builds
are statistically significant.

YS TS EL

F-critical 1.79 1.79 1.79
F-statistic 54.6 41.0 19.8
p-value 2.15e-61 3.57e-51 1.17e-29

Fig. 5. Line plots showing the standard deviations of three staticmechanical properties for
each of the 13 build jobs, with their average values indicated by the horizontal dashed
lines. It appears that EL is the most stable property since it has the lowest standard
deviation, which may not be the case due to the difference in magnitude between
different properties.

Table 5
Summary of overall mechanical properties across 13 buildswhile the laser-related param-
eterswere heldfixed, with quantification of inter-build and intra-build repeatability being
represented by their respective RSDs. Elongation (EL) is found to be the least stable when
comparing RSDs across different properties.

YS (MPa) TS (MPa) EL (%)

μ σ μ σ μ σ

Overall performance 447 21 563 17 43 5

Inter-build RSD 4.7% 3.0% 11.6%
Intra-build RSD Min. 1.5% Min. 1.0% Min. 1.7%

Ave. 2.3% Ave. 1.6% Ave. 7.8%
Max. 4.3% Max. 3.7% Max. 18.0%
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4.2. Model fitting and comparison

Data is split into train and test sets at roughly 70:30 ratio resulting in
167 samples in the train set. Train set was fed to 8 classification models
as listed in Table 6 and the corresponding F1 scores are shown in Fig. 6. It
can be observed that the tree-based models, namely CART, RF and XGB,
outperformed othermodels by achieving F1 scores greater than 0.9 (out
of 1).MLP and LDA sit in themiddle in terms of model performance. It is
worth noting that certain models achieved the exact same score which
possibly implies that those models are making the same judgment
about the data. To better understand how themodels fit with the train-
ing data, 4 models were sampled from the best (CART), average (LDA,
MLP) andworst performingmodels (SVM) to generate confusionmatri-
ces which are presented in Table 7. In the case of CART (Table 7a), it fits
the training data closely even for the fail samples which belongs to the
minority class. LDA (Table 7b) is more aggressive in failure identifica-
tion as indicated by the surge of false positive count (11 false positive),
which is unseen in any othermodels.MLP and SVM (Table 7c, d) are the
worst performingmodels that fail to learn much about the fail samples,
and the same can be said for LR and KNN since they have the same F1
score as MLP and SVM respectively.
4.3. Feature importance of selected model

Since the performance of tree-basedmodels are the best of all tested
models, their feature importance becomes relevant in identifying the
influencing parameters of the L-PBF process. As summarised in
Table 8, the feature importance sums to one in each model and the
more important features are represented by higher values. The top 3
features from each model have been highlighted in the same table. It
can be observed that there are common features being identified by
all models as the influencing ones. In addition, Results from CART and
XGB appear to be more definite than results from RF in a way that the
former only contain feature importance of either significant values or
Table 6
List of classification models that were used in the model fitting process.

Model Abbreviation

Linear Regression LR
Support Vector Machine SVM
Decision Tree CART
Random Forest RF
XGBoost XGB
Multilayer Perceptrons MLP
K-Nearest Neighbors KNN
Linear Discriminant Analysis LDA

Fig. 6. F1 scores (macro) of 8 classificationmodels. Treemodels performed the best for this
dataset with scores greater than 0.9. SVM and KNN performed the worst with the same
score of 0.491. LR, MLP and LDA sit in the middle in terms of performance.



Table 7
Confusion matrices of 4 shortlisted models trained and fitted with training data.
Groundtruth results (identified as Actual) are listed horizontally and prediction results
(identified as Predicted) are listed vertically. Total number of passed samples and failed
samples (as per ASTM F3184) are 161 and 6 respectively out of a total of 167 samples. It
is observed that CARTmodel (a)fits the datamore closely than others. LDA (b) ismore ag-
gressive in failure identification as indicated by the surge of false positive count. MLP and
SVM (c and d) perform poorly in failure identification for this dataset.

(a) CART. (b) LDA.

n = 167 Predicted n = 167 Predicted

Fail Pass Fail Pass

Actual Fail 6 0 Actual Fail 4 2
Pass 0 161 Pass 11 150

(c) MLP. (b) SVM.

n = 167 Predicted n = 167 Predicted

Fail Pass Fail Pass

Actual Fail 1 5 Actual Fail 0 6
Pass 0 161 Pass 0 161

Fig. 7. Decision surfaces of CARTmodel trained with a pair of the four shortlisted features.
Features are standardised with mean of 0 and standard deviation of 1. Orange colour
means that there is no combinational effect found in the feature pair. Red and blue
colours represent the decision boundary for pass and fail classes respectively.

Table 8
Feature Importance from CART, RF and XGB. The top 3 features in each model are
highlighted in Bold text. The overall top four features were shortlisted for subsequent in-
vestigation using CART due to its better interpretability as compared to the other two
models. (For interpretation of the references to colour in this table, the reader is referred
to the web version of this article.)

Table 9
All the trained tree-based models yielded the same confusion matrix on the test data as
shown in the table. It is observed that the models are unable to identify fail samples in
the test set. This is possibly due to model overfitting or insufficient fail samples in the test
set to test out the true performance of the models.

n = 84 Predicted

Fail Pass

Actual Fail 0 2
Pass 0 82
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zeros. These phenomena are not surprising since RF is an ensemble ver-
sion of CART and tends to show signs of randomness in certain occa-
sions. It is worth investigating the slight difference in the feature
importance discovered by these models. As such, the highlighted four
features were shortlisted for further investigation with CART model
since it has better interpretability as compared to RF and XGB.

4.4. Retrain model with shortlisted features to reveal the underlying combi-
national effects

Same level of performance was achieved by the retrained CART
model with top 4 features as compared to the model trained with the
original dataset, proving that these few features play a major role in
affecting the repeatability. Fig. 7 shows the decision surfaces of CART
model trained with a pair of the four features, with blue areas repres-
enting the learned boundaries for failure detection. Firstly, it was ob-
served that there is no combinational effect between three pairs of
features: [Xloc, Vp] (Fig. 7b), [Xloc, Yloc] (Fig. 7d), [ΔP, Vp] (Fig. 7e). Sec-
ondly, relatively weak combinational effect from Vp and Yloc is depicted
by Fig. 7f since a fairly narrow decision boundary was formed for fail
class, resulting in weak capability in capturing most of the fail samples.
Thirdly, it was apparent that ΔP has strong combinational effects with
both Xloc and Yloc as shown in Fig. 7a and c. To bemore specific, fail sam-
ples tend to appear when the value of ΔP is large and Xloc is either very
large or small. The effect ofΔP and Yloc is unclear at this stage. In physical
meaning, failure tends to occur whenΔP grows high and appears on the
extreme left and right sides of a substrate plate. There is a higher chance
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for failure to appear on the left as compared to the right side of the plate
since the decision boundary is much bigger at Xloc < 0 than Xloc > 0 as
shown in Fig. 7a.
4.5. Model performance on test set

Test set contains 84 sampleswhichwere used to evaluate the perfor-
mance of 3 trained tree-basedmodels. The resultant confusionmatrices
are identical and shown in Table 9. It can be observed that the models
were not able to identify fail samples accurately. It could be due to
few reasons: (1). Overfitting occurred at the training stage such that
themodels did not generalise well to the test set; (2). There are limited
fail samples in test set to provide a proper evaluation of model perfor-
mance in this approach. To validate the overfitting issue, a tree diagram
for CARTmodelwas plotted in Fig. 8 to understand the rules established
within the trained model. The complexity of the tree suggests potential
overfitting issue as Xloc (represented by X[1]) and Yloc (represented by X
[2]) were repeatedly used for tree splitting. It implies that the model is
overfitted to location information and only classify fail samples at very
specific locations. In Section 4.3, it was found that ΔPwas a key param-
eter to quality repeatability, which agreeswith the tree usingΔP (repre-
sented by X[0]) as a root node. Manual analysis was done to verify if this
finding holds true for both train and test data. Fig. 9 shows the side-by-
side comparison of variations ofΔP and all three staticmechanical prop-
erties across 13 builds. One important observation is that the cyclic pat-
tern of ΔP is symmetrical to the property fluctuation about the
horizontal axis, especially for EL as highlighted by red dashed line
which outlines the EL fluctuation of the poorest samples in each build.
This proves that ΔP has a negative correlation with the properties, of
which EL is affected the most. In Fig. 9a where the value of Xloc is repre-
sented by the size of circle, it can be observed that poorer properties are
representedmainly by small circles especially for EL, which implies that
the weaker samples were mainly produced on the left side of the build
plate when ΔP was high. This combinational effect of ΔP and part
Fig. 8.A tree diagram showing the internal rules established by the trainedCARTmodel.X[0] rep
boxes at the leaf nodes represent pass and fail classes respectively. Model overfitting can be inf
model is overfitted to location information and only classifies fail samples at very specific loca
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location is aligned with the insight provided by the trained CART
model and applicable to the test set as well. In contrast, the effect of
Yloc to properties is not obvious as shown in Fig. 9b. To summarise, de-
spite the trained model could not predict accurately on the test set
due to overfitting and insufficient fail samples in the test set, the insight
provided by the model is applicable to both the train and test sets. This
insight signifies the combinational effect ofΔP and Xloc on EL of samples.
In particular, most of the fail samples were observed when ΔP is large
and Xloc is small.
4.6. Material analysis from macro to micro-scale

As indicated by the previous analysis, EL instability appears to be
more prominent than the other two mechanical properties. This is
largely resulted from a number of sample outliers with low EL. Fig. 10
shows a scatter plot visualising the correlation between TS and EL of
the samples. It can be observed that TS and EL are positively correlated
as shown by the best-fit line in the figure. It is worth noting that the
commonly known strength-ductility trade-off [68] was not present in
this case. On the contrary, majority of the samples within the 95% pre-
diction intervals have strength and ductility improving (or dete-
riorating) at the same time. Nevertheless, this phenomenon is not
surprising from a process stability standpoint: since all samples were
produced with the same laser parameters, sample performance should
be largely similar with a certain variation scattering around the mean
in an ideal case. The positive correlation between TS and EL in our
data implies that the samples have contained different amount of defect
that impacted both of their strength and ductility in a progressive man-
ner. By reducing suchdefects, both the strength andductility of the sam-
ples should be improved. However, the sensitivity of strength and
ductility to such defects are different. This can be verified by the group
of suboptimal samples as highlighted by a dashed circle in Fig. 10. This
group contains passing samples (as per ASTM F3184) that fall below
the lower boundary of the 95% prediction interval. Those samples
resentsΔP,X[1] representsXloc,X[2] represents Yloc andX[3] representsVp. Orange and blue
erred from the repeated appearance of X[1] and X[2] for tree splitting. This implies that the
tions. X[0] was selected for the root node implying its importance in this model.
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have marginally lower EL than the majority while maintaining decent
strength. This implies that ductility is more sensitive to such defects as
compared to strength. Lastly, there is also a small number of failing sam-
ples that have both poor TS and EL, which suggests that the amount of
defect residing in those samples are high enough to cause noticeable
degradation in both strength and ductility. As such, three representative
samples, namely sample a, b and c, were selected from within the pre-
diction intervals, the suboptimal group and the failing samples respec-
tively as annotated in Fig. 10 for further investigation via fractography.

Fig. 11 listed out the fractography under optical stereoscope (x8)
and SEM (x50 and x150). There are distinct differences between pass
(sample a) and other samples with poorer properties. The fracture sur-
face of the former appears dull under stereoscope, whereas the latter
contains shiny spots over a large area of their entire fracture surfaces.
More particularly, fail sample (sample c) contains large shiny spots in
high density as compared to the suboptimal sample (sample b). While
the images under stereoscope may give a perception that the shiny
spots are the unmelted powder present in the fracture surfaces of sub-
optimal and fail samples, SEM images reveal a different story with the
absence of light. At low magnification (x50) under SEM, both sample
b and c have coarse fracture surfaces with numerous shallow cavities
of size ranging from 30 to 250 μm (measured in terms of diameter or
equivalent circular area diameter, the same measure will be used for
Fig. 9. ΔP and property trends along all 13 builds showing symmetrical pattern between ΔP an
that ΔP has a negative correlation with the properties of certain samples. The size of circles i
properties are represented mainly by small circles especially for EL, which means that the
combinational effect of ΔP and part location is aligned with the insight provided by the trained
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the rest of the article). It appears that the weakest sample (sample
c) contains cavities that are shallower and larger in size. At x150magni-
fication, it can be observed that flat surfaces with smooth texture lies at
the bottom of those cavities. These smooth surfaces could be the cause
of shiny appearance in those weaker samples under stereoscope due
to their high reflectivity. In depth comparison and analysis regarding
this subject will be discussed in the next paragraph. Coming back to
the pass sample, it has a large area of relatively flat surface at low mag-
nification as compared to other samples where large cavities are pres-
ent. At x150 magnification, those surfaces appear to be textured with
fine tears which are associated with ductile fracture. Another general
observation is that the amount of unmelted powder at these fracture
surfaces observed under SEM is inversely proportional to the EL of the
samples, with the fail sample containing a large amount of unmelted
particles concentrated at certain areas resulting in large lack of fusion
zones. The size of unmelted particles ranges from 12 to 35 μm which
falls within the feedstock size range used in this experiment.

To further investigate the shiny regions found under stereoscope, a
markingwas placed on a specific area of the fracture surface to pinpoint
the exact positions of certain shiny regions from their relative distances
to this marking in both SEM and stereoscope. Fig. 12 shows the high
magnification images of the cavities with shiny features in sample c at
two random locations. Those regions appear to be very flat and smooth
d performance drop (highlighted by dashed line) about the horizontal axis, which implies
n each property chart represents the X Y locations. It can be observed in (a) that poorer
weaker samples are produced mainly on the extreme left side of the build plate. This
CART model and applicable to the test set as well.



Fig. 10. Scatter plot of elongation (EL) against tensile strength (TS) of samples across 13
builds produced by the same laser parameters. The data have been standardised while
maintaining their relationship. The dots shaded in blue or orange represent passing or
failing samples respectively as per ASTM F3184. The dashed circle highlights the
suboptimal samples which are passing samples that fall below the lower boundary of
the 95% prediction interval. The best-fit line of the data shows a positive correlation
between TS and EL as opposed to the commonly known strength-ductility trade-off.
This trend implies various degrees of defects residing in samples impacting both the
strength and ductility of parts. Three representative samples were chosen from within
the prediction interval, suboptimal group and failing samples as indicated in the plot for
material analysis.
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in contrast with the surrounding, which explains why it could reflect
light well enough to appear shiny at low magnification. This phenome-
non could be representing brittle failure in localised regions. It is worth
noting that these regions always come with visible cluster of particles,
which is believed to be unmelted powders based on their sizes falling
within the range of stock powder. Another commonality between the
two shiny surfaces in Fig. 12a and b is the presence of fibre-like tearing
lines at high magnification (x7000). One distinct difference between
these two surfaces is the existence of fine particles in region 1 but not
in region 2. These fine particles could be the soot generated during the
laser melting process since that is one possible source of such fine par-
ticles being generated during the L-PBF process. Soot is the spatter by-
product generated during the laser melting process. The main source
of spatter includes ejected molten metal from the melt pool caused by
recoil pressure and Marangoni effect [69] and entrainment of powder
near the melt pool due to low pressure zone created by the metal va-
pour jet [13]. In the former case, the ejectedmoltenmetal subsequently
solidifies and possibly re-deposits back to the powder bed. In the latter
case, some of the entrained powder that passed through the laser beam
get rapidly melted, re-solidify and deposit back onto the powder bed.
Others that did not pass through the laser beam get re-deposited back
to the powder bed directly as cold particles. These phenomena lead to
at least three main adverse effects: (1) attenuation of laser in which
laser energy gets partially absorbed by the spatters that passed through
the laser beam causing lower energy to reach the powder bed [30],
(2) uneven powder spreading caused by large re-deposited spatters
[70] and (3) thermal gradients induced by hot re-deposited spatters
on colder printed surfaces [71]. Laser attenuation and uneven powder
spreading may lead to incomplete melting of the powder bed and po-
rosity formation in the printed part. Thermal gradients at localised re-
gions may induce localised stress where crack initiation sites are
formed. Based on the observation at the fracture surfaces, two possible
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causes of defects can be summarised: (1) the cluster of unmelted pow-
der induces noticeable lack of fusion which leads to brittle fracture at
various localised regions; (2) the re-deposited hot spatters on the
printed surfaces act as crack initiators resulting in brittle fracture at
those regions. Before the density of such defective cavities becomes
prominent, ductilitywill start to drop as the first sign of process instabil-
ity. Once the cavity density passes a certain threshold, both strength and
ductility deteriorate resulting in detrimental failure.
4.7. Machine learning results interpretation

Based on Section 4.5, the correlation between EL deterioration and
the parameter set (ΔP,Xloc) was learned by the CARTmodel and verified
by data visualisation. Therefore, it is important to understand the phys-
ical meaning ofΔP and Xloc in order to determine if the cause-and-effect
relationship between the parameter set and EL deterioration is reason-
able. Xloc is simple to understand as it describes the horizontal axis of a
substrate plate as illustrated in Fig. 2. ΔP is a parameter related to the
gas flow recirculation system in the L-PBF process as illustrated in
Fig. 3. ΔP is the difference between the chamber pressure (Pc) and
post-chamber pressure (Ppc) right before the gas entering the pre-
chamber region through the gas pump, as presented in Eq. 1.ΔP is a pos-
itive number that grows during a build and increases cumulatively as
more builds are being printed. This phenomenon can be explained by
the gas filter installed in the post-chamber region to filter the gas that
just exited the chamber. During this process, the metal condensates,
spatters and entrained particles carried by the gas (referred to as pro-
cess by-product in the rest of the article) gets filtered by the gas filter
unit. The purpose of this sub-process is to ensure the gaswill be cleaned
before entering the gas pump and re-entering the build chamber. As a
result, ΔP grows in proportion to the amount of process by-product
being trapped in the filter by the gas recirculation system during the
printing process. The physical meaning of ΔP elucidates the ML results
that the EL deterioration could be related to the gas flow system of the
L-PBF process. AsΔP grows higher, EL deterioration becomes significant
on the left side of the substrate plate, which happens to be the area that
is closest to the gasfilter in the post-chamber region. Therefore, it is rea-
sonable to suspect that the gas flow near the post-chamber region is af-
fected by the gas filter status resulting in negative impact on the
mechanical properties of samples near that region. In the context of
this study, the gasflowdirection is right to left. Thismeans that the spat-
ter will eventually converge towards the left side of the chamber before
exiting to the filter system. Therefore, spatter would likely have a
greater effect on the left side of the plate as compared to the right if
such effect does exist. This interpretation is supported by the studies
done by Anwar and Pham [29,30] (effect of gas flow direction and spat-
ter formation on mechanical properties), Fitzgerald and Everhart [32]
(effect of build location along the x-axis on mechanical properties)
and Reijonen et al. [72] (lack-of-fusion porosity formationwith decreas-
ing gas flow velocity). However, the mentioned studies primarily fo-
cused on the effects of gas flow condition and build layout to the
samples' tensile strength and microstructure. The results presented in
this article provides an additional finding that the ductility is even
more sensitive to these factors. The TS started to show signs of degrada-
tion only after the deterioration of EL with substantial growth of ΔP in
our experiment.

Based on Section 4.6, the material analysis suggests that lack-of-
fusion is the primary cause of failure due to large clusters of unmelted
particles and re-deposited soot, which very well explains that the gas
flow is likely to be the root cause of this repeatability issue since the
phenomena happened in the fracture surface can be caused by ineffec-
tive removal of process by-products by the gas flow system. When ΔP
is substantial, it could cause complex gas flow condition near the left
side of substrate plate, possibly transitioning from desirable laminar
flow with uniform gas velocity heading directly to the gas flow outlet,



Fig. 11. Fractography under stereoscope (x8) and SEM (x50 and x150) for (a) pass sample, (b) suboptimal sample and (c) fail sample. Cavities and the underneath smooth surfaces were
observed in (b) and (c) with a few examples highlighted for illustration purposes.
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to undesirable turbulent flow with convoluted gas flow direction and
decayed gas speed in the effective direction [73,74].
4.8. Improvementof quality repeatabilitywithprocess control implementation

Another 51 samples from three buildswere produced by a follow-up
experiment with process control implementation based on the findings
described in the above sections. To be more specific, ΔP was controlled
under a threshold learned by the CART model while Xloc remained un-
controlled. This process control implementation would be sufficient to
eliminate the combinational effect without sacrificing the print area.
The resultant sample properties demonstrate the successful application
ofML to optimise the process in terms of quality repeatability, instead of
aiming to get the best property possible while potentially sacrificing
process stability. Table 10 shows that inter-build repeatability is im-
proved across the board for all properties as compared to the results
shown in Table 5. Similar improvement can be observed for intra-
build repeatability except that the minimum intra-build repeatability
for EL has deteriorated from 1.7% to 3.3%. In other words, one of the
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build jobs from the earlier experiment (build 3 as depicted in Fig. 4c)
did exceptionally well in terms of EL repeatability but it was not repro-
ducible in other builds. This implies that other factors thatwere not cap-
tured in this studymaybe able to improve EL repeatability furtherwhile
keeping ΔP low. To compare with Fig. 10, Fig. 13 has been plotted to
show the correlation between TS and EL of samples from the follow-
up experiment. It can be observed that all samples have passed the
ASTM F3184 requirements listed in Table 2 and the overall quality re-
peatability has been improved since almost all points lie inside the
95% prediction intervals. The best-fit line has a gentle slopewhich is an-
other indication of good repeatability. The negative correlation between
TS and EL shows compliance with the strength-ductility trade-off
phenomenon. This implies that the internal defects caused by the
combinational effect have been largely reduced.
5. Conclusion

This study has investigated the quality repeatability issue of L-PBF
process in terms of static mechanical properties of printed parts. A



Fig. 12. Comparison between stereoscope and SEM images of 2 randomly selected locations at the fracture surface of sample c. The shiny spots observed under the stereoscope were
identified as smooth surfaces under SEM at high magnification, accompanied by clusters of unmelted powder in close proximity. Fine particles were scattering on the smooth surface
in region 1 (a) but not in region 2 (b) at the highest magnification.
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Table 10
Summary of overall mechanical properties of 51 test samples with controlled ΔP across 3
builds while the laser-related parameters were held fixed. Quantification of inter-build
and intra-build repeatability are represented by their respective RSDs. The quality repeat-
ability has been significantly improved as compared to the results from Table 5.

YS (MPa) TS (MPa) EL (%)

μ σ μ σ μ σ

Overall performance 432 16 550 10 46 2

Inter-build RSD 3.7% 1.8% 4.3%
Intra-build RSD Min. 1.2% Min. 0.7% Min. 3.3%

Ave. 2.7% Ave. 1.2% Ave. 4.6%
Max. 4.4% Max. 1.8% Max. 6.8%

Fig. 13. Scatter plot showing EL against TS of 51 samples from the follow-up experiment.
The data have been standardised while maintaining their relationship. All samples have
passed the requirements listed in Table 2. All expect one sample are within the 95%
prediction intervals implying improved repeatability as compared to Fig. 10. The best-fit
line of the data shows a negative correlation between TS and EL, which complies with
the strength-ductility trade-off phenomenon.
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machine learning guided methodology has been successfully demon-
strated to identify influencing production parameters for repeatability
improvement. As a result, a combinational effect from the part location
and post-chamber pressure drop was found to significantly influence
the mechanical properties of printed parts. With high post-chamber
pressure drop, property deterioration can be observed on the left side
of the substrate plate nearwhere the gasflow exits. In addition, ductility
was found to be more sensitive to such combinational effect than
strengths. Subsequent fractography revealed that the defects were pos-
sibly due to unmelted powder and re-deposited soot causing lack of fu-
sion and brittle fracture at localised regions. The follow-up experiment
with post-chamber pressure drop being controlled was able to produce
parts with significantly improved repeatability for both strengths and
ductility. As compared to traditional methods of manually analysing
all parameters to look for a trend, assessing the feature importance of
a trained ML model allows a systematic and efficient way to filter out
unimportant parameters, and enables intuitive visualisation of potential
combinational effects from the important ones. Nevertheless, there are
several limitations in this study that will be addressed in future work.
Firstly, the trained ML model is prone to overfitting due to class imbal-
ance in the existing dataset. It is possible to use data augmentation
methods such as oversampling to synthesise more data points in the
fail class to achieve class balance. Secondly, cross validation (CV) was
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not used in this study to improve the robustness of the model selection
process. During CV, data is divided into k subsets for training k individ-
ual models of the same type (for example, CART). The combined accu-
racy of the k models represents the performance of that type of model
for the dataset. Due to the scarcity of fail class data, some of the subsets
may not contain any fail class data at all. For models that are trained
with those subsets, they will learn nothing useful since the subsets
only contain data with a single class. As such, CV is not suitable to be
used in this case. With more data in the fail class from data augmenta-
tion or future experiment, CV becomes feasible and should be used to
improve the robustness of the model selection process. Lastly, more in-
formation should be extracted from the in-process sensor data to fully
exploit the dataset. Since the sensor data generally fluctuate in an oscil-
lating pattern throughout the entire printing process, the characteristics
of these data such as the oscillating frequency, maximum fluctuation
and standard deviation can be extracted for evaluation and model
training.
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