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Abstract
Taguchi’s design of experiment (DoE) and the grey relational analysis are used to optimise fused filament fabrication (FFF) 
parameters for the tensile strength and modulus of toughness (MoT) responses of a recycled polylactic acid (Reform-rPLA). 
The paper investigates the influences of the infill geometry, infill density, infill orientation, nozzle temperature and infill 
speed on the mechanical properties using the L

18
 orthogonal array that is based on the 21 × 4

3 factor levels and 3 experimental 
repetitions. The output responses are first studied individually and combined as a multi-response optimisation using the grey 
relational analysis method. In the strength optimisation, the infill orientation and infill density are statistically significant 
with P-values � less than the 0.05 criterion. Similarly, the analysis of variance (ANOVA) for the MoT showed that infill 
orientation and infill geometry are statistically significant. For the multi-response optimisation, only the infill orientation is 
statistically significant. The mean response analyses identified factor levels that led to optimum strength and MoT responses. 
The confirmation tests are in good agreement with the response predictions. Using the first three influential factors, multiple 
variable linear regression models were developed. The predictive models showed average errors of 7.91% for the tensile 
strength and 8.6% for the MoT.
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1 Introduction

Bio-based polymers are derived from renewable resources 
and can play a crucial role in waste reduction. The biodeg-
radability and low carbon footprints during synthesis are 
the key motivations for the progress in sustainable polymer 
development [1]. Biodegradability is a promising trade-off 
for some of the properties that conventional materials such 
as high-performance polymers, metals and ceramics possess. 
There are promising developments in bio-based polymers 
such as polylactic acid (PLA) that can be used in the areas 

of biomedical engineering [2], pharmaceutical industries [3], 
construction [4], packaging [5] and others [1]. The Reform-
rPLA is a recycled PLA developed using fully renewable 
sources without virgin, natural or fossil resource inclusions. 
Recycling PLA is regarded as a viable approach towards 
securing environmental sustainability [6]. Therefore, ensur-
ing the sustainability of materials by utilising renewable 
sources has become a priority. However, the mechanical or 
thermal properties could limit their applicability in engi-
neering. To understand the degree of trade-offs between 
sustainability and required material properties, thorough 
experimental and analytical studies are required.

Various research on mechanical behaviours of materials 
such as polypropylene [7], hybrid-metal composites [8–11] 
or natural fibre-reinforced materials [12, 13] use the fun-
damental approaches to reveal the short-term mechanical 
performances. Experimental methods are used to charac-
terise the mechanical properties of PLA copolymers [14], 
metallic-reinforced PLA [15, 16], PLA and polybutylene 
succinate (PBS) blends [17], and PLA-pectin biocomposite 
[18], including nanoclays [19]. The studies focused on the 
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toughness and strength of the materials. The flexural rigid-
ity of PLA beam structures with different infill densities is 
also experimentally studied [20], as well as the viscoelastic 
responses of tough-PLA with different infill densities and 
directions [21]. However, analytical approaches such as 
designing experiments (DoE) for single or multi-response 
optimisation objectives are required to obtain optimum per-
formance of the materials.

The influence of various fused filament fabrication 
parameters on the tensile strength of PLA is studied by [22]. 
The single response optimisation study using the Taguchi 
DoE suggested that the build orientation significantly influ-
ences the strength. In addition, the mechanical properties of 
PLA fabricated via fused filament deposition under the influ-
ence of batch foaming [23] and gas foaming [24] methods 
are investigated. The Taguchi method has been successfully 
used to determine the optimal parameters during the fabrica-
tion of different polymer compounds, including the gasifi-
cation of plastic waste [25], the influence of particle size in 
recycled high-density polyethylene [26] or the fabrication 
process via selective laser sintering (SLS) [27].

The hydrolysis rate of the PLA is studied using the L
8
 

orthogonal array [28]. The Taguchi DoE is also used to 
study the influences of infill density, printing speed, and 
layer thickness on the mechanical properties of PLA [29]. 
However, the influences on the response outputs are inves-
tigated separately, where the material’s modulus and tensile 
strength were found optimum at 80% infill density, 40mm∕s 
printing speed, and 0.1mm layer thickness. The influence 
of temperature and wall thickness on the surface rough-
ness parameters and dimensional accuracy were studied for 
an additive-manufactured thin walled-PLA structure [30]. 
Multi-response outputs are analysed using a factorial experi-
ment that has only two factors with three levels. The Taguchi 
and the response surface methods are comparatively used 
to optimise additive manufacturing parameters, resulting in 
higher compressive and tensile strengths for PLA material 
[31]. The signal-to-noise (SN) ratio of the response outputs 
is calculated. Analysis of variance (ANOVA) is used to 
rank the influencing factors on the quality characteristics 
separately, yet merely focused on comparing the approaches. 
Optimum printing parameters leading to good flexural and 
tensile properties of oil palm fibre-reinforced thermoplastic 
polymer are studied by [32]. The study identified the build 
orientation as an important parameter influencing the mate-
rial’s strength.

The cellular geometry, nozzle diameter and strain rate 
factors are studied using the Taguchi and grey relational ana-
lyse to understand their influences on toughness, stiffness 
and resilience [33]. The study considered factors that are less 
commonly correlated to the response outputs, and the facto-
rial design suggested for the Taguchi method was not based 
on a standard orthogonal array. Similarly, the geometrical 

and mechanical properties optimisation study was carried 
out using grey relational analysis and the Taguchi method 
for 3D printed polyamide (PA6) [34]. Factors such as print 
temperature, print layer thickness and print speed are con-
sidered as main effects in the multi-objective analyses. Aside 
from the optimisation of mechanical properties, the carbon 
dioxide emission, printing cost and dimensional accuracy 
are studied using single and multi-objective DoE by [35]. 
Their method primarily focused on analysing the response 
outputs separately, and a multi-response analysis has not 
been carried out.

Grey relational analysis and Taguchi’s methods are com-
monly used in multi-response optimisations of machining 
process parameters. This includes the optimisation of param-
eters for turning operation by [36, 37] and thin-film sput-
tering by [38]. The Taguchi method has been widely used 
for optimisations of key quality characteristics in machining 
[39–41], injection moulding [42, 43] and additive manufac-
turing [44, 45]. However, most of the DoE for optimisations 
target single response output. Multi-response outputs are 
studied, but only a few research focused on the optimisation 
of mechanical properties for the additive manufactured PLA.

The study aims to investigate the influences of 3D print-
ing parameters on the key mechanical properties, tensile 
strength and MoT of a recycled PLA material manufactured 
by Formfutura. The reform-rPLA is a brittle material com-
monly used in rapid prototyping and as a component casing. 
The focus is on optimising the two mechanical properties; 
hence, a combination of a single and multi-response DoE 
will be used. The order of analyses in our methods follows 
a procedure. First, we will treat the response outputs indi-
vidually as single response optimisation using the Taguchi 
method. A DoE using the L

18
 orthogonal array with three 

experimental repetitions, n = 3 , is applied to study the rela-
tionships between the desired response outputs and factor 
levels. Next, we will use the combined Taguchi and grey 
relational analysis method for the multi-response optimisa-
tion. Finally, the influencing factor levels leading to optimum 
responses will be compared. Further, optimum response pre-
dictions based on the influencing factors are included.

2  Material and methods

2.1  Experimental design

The DoE in this work considers a single two-level and four 
three-level factors. The two-level factor is the infill geom-
etry, an attribute based on the line and zigzag patterns. On 
the contrary, all the remaining three-level factors are based 
on variable data. The factors are infill speed, nozzle tem-
perature, infill density and infill orientation. The entries of 
factor levels in the Taguchi orthogonal array are presented 



4911The International Journal of Advanced Manufacturing Technology (2023) 129:4909–4924 

using numeric symbols. The values of factor levels used are 
denoted by these notations. See Table 1.

In the DoE, only the main effects are considered, leading 
to a total of 10 degrees of freedom (DoF). The DoF is part 
of the statistical analysis, and for a main effect, it is one less 
than the number of levels of the factor [46]. Therefore, the 
L
18

(

2
1
, 3

7
)

 orthogonal array is used. Table 2 presents the 
L
18

 orthogonal array with all the factors and levels assigned.
The last three columns in Table 2 are not assigned with 

factors; hence, they remain empty for the error analysis.

2.2  Materials and samples manufacturing

We obtained the Reform rPLA filament from Formfutura. 
The material is fully synthesised from renewable sources; 
hence, it is regarded as the most sustainable. The material is 
made from recycled post-industrial PLA sources and scraps 
from extrusions of EasyFit PLA filaments. We also used 

tough-PLA material for benchmarking purposes. The mate-
rial is considered to have good toughness while preserving 
its tensile properties [47]. Our experimental method fol-
lows a procedure which starts with selecting the appropri-
ate factorial design. Then, we use the FFF to manufacture 
the samples and perform the quasi-static tensile tests, see 
Fig. 1. Each experimental trial has three repetitions. Hence, 
a total of 54 experiments were carried out. The samples are 
designed according to the ISO 527-1B standard and manu-
factured using the Ultimaker S3 FFF 3D printer [48, 49]. 
To meet our objectives, we summarised our DoE selection, 
experimental procedures and result analyses in Fig. 1.

2.3  Characterisation of the mechanical properties

The static tension tests are made using the X350-20 machine 
from Testometric. The force and deflection data obtained from 
experiments are used to determine the stress–strain relations, 

Table 1  Choice of factor, levels 
and their notations for the single 
and multi-response DoE using 
the L

18
 orthogonal array

Factors

Level notations Infill geometry Infill density (%) Infill orien-
tation (◦)

Nozzle tem-
perature (◦C)

Infill speed (mm/s)

1 Line → 1 15 → 1 0 → 1 205 → 1 30 → 1
2 Zigzag → 2 30 → 2 45 → 2 210 → 2 40 → 2
3 - 45 → 3 90 → 3 215 → 3 50 → 3

Table 2  The Taguchi L
18

 orthogonal array used for the DoE

Experiments 
(test runs)

Factors

Infill geometry Infill density Infill orien-
tation

Nozzle tem-
perature

Infill speed Empty 
column

Empty 
column

Empty 
column

- - -

1 1 1 1 1 1 1 1 1
2 1 1 2 2 2 2 2 2
3 1 1 3 3 3 3 3 3
4 1 2 1 1 2 2 3 3
5 1 2 2 2 3 3 1 1
6 1 2 3 3 1 1 2 2
7 1 3 1 2 1 3 2 3
8 1 3 2 3 2 1 3 1
9 1 3 3 1 3 2 1 2
10 2 1 1 3 3 2 2 1
11 2 1 2 1 1 3 3 2
12 2 1 3 2 2 1 1 3
13 2 2 1 2 3 1 3 2
14 2 2 2 3 1 2 1 3
15 2 2 3 1 2 3 2 1
16 2 3 1 3 2 3 1 2
17 2 3 2 1 3 1 2 3
18 2 3 3 2 1 2 3 1
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Young’s modulus, tensile strength, elongation at break and 
toughness. The tensile strength of a material is the maximum 
stress reached before the material fractures. It characterises the 
materials’ ability to support loading prior to fracture [50]. On 
the other hand, the elongation at break measures the ductility 
of a material. It characterises the material’s ability to resist 
deformation caused by external loading. The elongation at 
break �b , is usually given as a percentage of the ratio between 
the change in length at break, ΔLb and gauge length, Lo . The 
MoT of a material refers to the energy absorption behaviour. 
External loadings cause elastic or plastic deformation of the 
materials [50]. A tough material has a good combination of 
strength and ductility. In quasi-static tension, the area under the 
stress–strain curve up to fracture is regarded as the modulus of 
toughness. It measures the strain energy density of the material 
and is given as

In Eq. (1), Ut is the MoT, and �f  is the fracture strain, the 
same as �b.

The tensile strength can be directly determined from the 
stress–strain data obtained via tensile testing. However, the 
MoT is the energy density, which can be determined by evalu-
ating the area under the stress–strain curve, see Eq. (1). We 
used the trapezoidal integration rule to evaluate the MoT of the 
material. The stress–strain data obtained from the experiments 
are in the form of 

(

xi, f
(

xi
))

 where xi represents the strain data, 
�i whereas  f

(

xi
)

 are stress data, �i . The stress–strain rela-
tionship of the material is based on the material’s response to 
external deformation. Therefore, the MoT can be determined 

(1)Ut = ∫
�f

0

�d�.

using the trapezoidal integration rule for unequal spacing, see 
Eq. (2).

In Eq. (2), n is the number of intervals considered and 
the initial strain �o = 0 . We used a 3mm∕min test speed 
for the mechanical testing. The experimental results of the 
maximum tensile strength and the MoT of the material are 
evaluated and presented in Table 3.

2.4  The Taguchi method

Taguchi’s DoE is commonly used for analysing a single-
response optimisation problem. In this paper, the optimisa-
tion aims at the tensile strength and MoT responses. The 
quality characteristics of both mechanical properties focus 
on maximising the outputs; hence, the larger-the-better SN 
ratio type is used to transform the responses. The larger-
the-better SN ratio, � is given as [51]

In Eq. (3), n is the number of experimental replicates, 
and yi represents the response outputs considered.

Using Eq. (3), the mean response outputs are converted 
to SN ratios, see Table 4.

The mean responses and SN ratios are inputs to the 
core statistical analysis made using the ANOVA. In the 

(2)
∫

�f

�o

�d� =

n
∑

i=1

1

2

[(

�i − �i−1

)(

�

(

�i−1

)

+ �

(

�i

))]

=
1

2

(

�
1
− �o

)

�o +
(

�
2
− �o

)

�
1
+…

+
(

�n − �n−2

)

�n−1 +
(

�n − �n−1

)

�n.

(3)� = −10log

[

1

n

n
∑

i=1

1

yi
2

]

.

Fig. 1  The selection of DoE, 
experimental procedures fol-
lowed and proposed analyses for 
optimising the response outputs
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statistical analysis, the F and P-values are commonly used 
to determine the statistical difference of the average of 

measurements. Commonly, a threshold of significance 
level P-value, 𝛼 > 0.05 , invokes the null hypothesis, which 

Table 3  Response outputs of 
the L

18
 Taguchi DoE with 3 

repetitions

Test runs Responses

Tensile strength (MPa) MoT (MPa)

�
1

�
2

�
3

Ut1 Ut2 Ut3

1 18.5 19.7 19.7 0.28 0.54 0.30
2 18 19.1 15.2 0.36 0.32 0.30
3 21.2 23 23.1 0.29 0.37 0.40
4 17.7 17.7 21.1 0.23 0.21 0.46
5 19.6 20.8 21.5 0.29 0.38 0.48
6 28.2 23.1 28 0.43 0.26 0.40
7 21.2 17.1 15.7 0.49 0.20 0.16
8 22.4 19.9 22.0 0.41 0.28 0.34
9 30.5 31.5 35 0.44 0.47 0.74
10 15.5 16 22 0.18 0.18 0.57
11 19.4 20.4 21 0.31 0.31 0.53
12 22.4 26.4 25.8 0.33 0.63 0.44
13 21 22.8 20.8 0.60 0.37 0.29
14 20.5 20.9 22.6 0.30 0.33 0.54
15 28.8 30.6 20.1 0.69 0.53 0.21
16 21.3 18.4 17.8 0.50 0.22 0.21
17 20.3 22.4 22.2 0.65 0.37 0.39
18 29.8 35.4 30.7 0.38 0.88 0.40

Table 4  The SN ratio for 
the larger-the-better quality 
characteristics of the response 
outputs

Tests Factors SN ratio [dB]

Infill pattern Infill density Infill 
orienta-
tion

Nozzle 
tempera-
ture

Infill speed Tensile strength MoT

1 1 1 1 1 1 25.70  − 9.53
2 1 1 2 2 2 24.70  − 9.83
3 1 1 3 3 3 27.00  − 9.28
4 1 2 1 1 2 25.40  − 11.85
5 1 2 2 2 3 26.27  − 8.88
6 1 2 3 3 1 28.33  − 9.41
7 1 3 1 2 1 24.90  − 13.70
8 1 3 2 3 2 26.58  − 9.51
9 1 3 3 1 3 30.14  − 5.87
10 2 1 1 3 3 24.71  − 13.46
11 2 1 2 1 1 26.12  − 9.15
12 2 1 3 2 2 27.83  − 7.57
13 2 2 1 2 3 26.65  − 8.70
14 2 2 2 3 1 26.56  − 8.96
15 2 2 3 1 2 28.00  − 9.74
16 2 3 1 3 2 25.58  − 12.12
17 2 3 2 1 3 26.68  − 7.37
18 2 3 3 2 1 30.02  − 6.84
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states that the means of the measurements are all equal. 
For � ≤ 0.05 , the null hypothesis is rejected, and at least 
one of the means is statistically different from others [46, 
51–53]. The critical F-value and the P-value are correlated 
using DoF of factors, DoF

1
 as numerators, and DoF of 

error, DoF
2
 as denominator [45, 50].

2.5  Multi‑response using grey relation analysis

The objective of our work focuses on optimisation of the two 
response outputs. Hence, we combine the Taguchi method with 
the grey relational analysis to convert the multi-response prob-
lem into an equivalent single-response optimisation. We first 
normalised the response outputs for each treatment using [52]

In Eq. (4), yij is a response output of the ith test run. The 
(

yij
)

min
 and 

(

yij
)

max
 are correspondingly the minimum and 

maximum response outputs observed during all test runs. 
Then, the grey relational coefficient, GCij , of each output 
response is evaluated using Eq. (5) [52].

For the jth response output, Δij is the absolute difference 
between the optimum and the ith normalised response values. 
The Δmin and Δmax are the minimum and maximum devia-
tions of normalised responses, respectively. The distinguishing 
coefficient, � , takes a value between 0 and 1. In this paper, the 
value of � is adjusted to 0.5. Finally, the grey relational grade 
gi of each test run is computed [53].

In Eq. (6), m refers to the number of responses considered.

2.6  Optimum response modelling

In our single- and multi-response output optimisation, we 
selected the levels of influencing factors to evaluate optimum 
responses using the predictive model �opt.

In Eq. (7), y is the overall mean of the responses, and Fj 
represents the list of selected influencing k factors at different 
levels, i.e., j = 1, j = 2 or j = 3.

For a multi-factor dependent response, a linear regres-
sion can be used to predict output responses using a multiple 

(4)xij =
yij −

(

yij
)

min
(

yij
)

max
−
(

yij
)

min

.

(5)GCij =
Δmin + �Δmax

Δij + �Δmax

.

(6)gi =
1

m

m
∑

j=1

GCij.

(7)�opt = y +

k
∑

i=1

(

Fj − y
)

i
.

variable regression model. The multiple variable regression 
model predicts the output, � as

In Eq. (8), �o is a constant, and �i are regression coeffi-
cients of the influential factors, Fi . The � represents experi-
mental error.

3  Results and discussion

We used the Minitab software to evaluate the ANOVA based 
on the mean responses.

3.1  Single‑response optimisation using Taguchi’s 
method

The strength and MoT responses are analysed individually to 
determine the influential factors and levels. In addition, the 
response predictions are made by considering all the factors.

3.1.1  Tensile strength

The main effect plot for the mean SN ratios shows the factors 
and levels that lead to optimum response output, see Fig. 2.

The analysis shows that the optimum tensile strength can 
be achieved when the infill geometry is zigzag, the infill 
density is 45%, the infill orientation is at 90◦ , the nozzle tem-
perature is 205◦C , and the infill speed is 30mm∕s . Table 5 
presents the response table with a ranking order of the fac-
tors evaluated based on delta (Δ) . To determine the ranking 
order, the mean responses are first evaluated at each factor 
level. Then, the ∆ is calculated taking the difference between 
the maximum and the minimum mean responses observed 
at different levels. The factor with the highest ∆ is the most 
influential, hence assigned 1st in the ranking order. The fac-
tor with the next highest ∆ is assigned 2nd, and so on.

The infill orientation and density are ranked first and sec-
ond, indicating that the changes made on their levels highly 
affect the response output. The nozzle temperature, infill 
speed and geometry are correspondingly ranked as third, 
fourth and fifth, indicating their levels’ lower effects on 
the response output. The ANOVA of the mean responses 
is evaluated and presented in Table 6. The infill orientation 
with � = 0.00 and infill density with � = 0.045 are statisti-
cally significant factors.

The total percentage contribution of the sum of squares 
(SS) for these two factors reaches 81.3% . On the other hand, 
the error contributes 10.7% , representing uncontrolled noise 
factor from the measurement and experimental procedure, 
see Fig. 3.

(8)� = �o +

k
∑

i=1

�iFi + �.
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3.1.2  Modulus of toughness

The main effect plot, response table and ANOVA are made to 
explore the influences of the factors on the quality characteristic.

Based on Fig. 4, optimum MoT can be achieved when 
the infill geometry is zigzag, the infill density is 45% , the 
infill orientation is 90◦ , the nozzle temperature is 205◦C , and 
the infill speed is at 50mm∕s . The ranking order in Table 7 
indicates how the infill orientation and nozzle temperature 
highly influence the MoT.

However, the infill density which ranked second for the 
tensile strength, is now fourth, indicating its lower influence 
on MoT. On the other hand, the ANOVA shows the statis-
tical significance of the infill orientation with � = 0.003 , 
infill geometry with � = 0.033 and nozzle temperature with 
� = 0.038 , see Table 8.

The percentage contribution of these three factors is 
74.1% of the total variation, out of which 14.2% is due to 
error, see Fig. 5.

Fig. 2  The main effects of fac-
tors and levels on the mean SN 
ratios of tensile strength

Table 5  Mean response table 
for tensile strength

Levels Factors

Infill geometry Infill density Infill orientation Nozzle tem-
perature

Infill speed

1 21.86 20.35 19.11 23.13 22.88
2 22.79 22.54 20.46 22.40 21.36
3 - 24.08 27.40 21.44 22.73
Delta ( Δ) 0.92 3.74 9.29 1.69 1.52
Rank 5 2 1 3 4

Table 6  The ANOVA for tensile 
strength

Source of variation Parameters

Degree of 
freedom (Df)

Sum of squares (SS) Mean squares 
(MS)

F-value P-value

Infill geometry 1 3.837 3.837 0.85 0.383
Infill density 2 42.295 21.147 4.69 0.045
Infill orientation 2 237.479 118.74 26.34 0.00
Nozzle temperature 2 8.613 4.307 0.96 0.425
Infill speed 2 8.388 4.194 0.93 0.433
Residual error 8 36.069 4.509
Total 17 336.681
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3.2  Multi‑response optimisation

Using Eqs. (6–8), the multi-response problem is converted 
into an equivalent single-response optimisation. The grey 
relational analysis is made, and the details of the coefficients 
and grades are presented in Table 9.

The single-response output formed by the grey relational 
grade calculation consists of fractional contributions from 
the multi-response outputs. The grades are used as mean 
responses, and the analysis on Minitab determined the sta-
tistically significant factors.

Figure  6 shows that the optimum response can be 
achieved by selecting zigzag infill geometry, 45% infill 
density, 90◦ infill orientation, 205◦C nozzle temperature 
and 50mm∕s infill speed parameters. The factor levels 
leading to an optimum multi-response output are in good 
agreement with the single-response optimisation analyses 
see Figs. 2, 4 and 6. On the other hand, Table 10 shows 
that the infill orientation, infill density and nozzle tem-
perature are the influencing factors. The least influencing 
factor is the infill geometry.

The ANOVA of the multi-response relational grade 
indicated that the infill orientation with � = 0.007 is the 
only statistically significant factor. Even if above the sig-
nificance level, the infill density and nozzle temperature 
have low P-values and are the second and third important 
factors influencing the response output, see Table 11.

The infill orientation, density, and nozzle temperature 
make 74.32% of the SS. However, the contribution due to 

Fig. 3  Percentage contribution for variations in tensile strength due to 
the factors and error

Fig. 4  The main effects of fac-
tors and levels on the mean SN 
ratios of MoT

Table 7  Mean response table 
for MoT

Levels Factors

Infill geometry Infill density Infill orientation Nozzle tem-
perature

Infill speed

1 0.3644 0.3681 0.3317 0.4251 0.3916
2 0.4189 0.3890 0.3831 0.4043 0.3696
3 0.4177 0.4601 0.3455 0.4137
Delta ( Δ) 0.0545 0.0496 0.1285 0.0797 0.0441
Rank 3 4 1 2 5
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uncontrolled noise factor rises to 19.4 5%, see Fig. 7. The 
sources could be attributed to the analysis method, the 
measurement and experimental errors or the interaction 
of factors.

3.3  Optimum response prediction

The factor levels that lead to optimum outputs are deter-
mined for the tensile strength and MoT. The optimum 
responses are predicted analytically and compared to the 
results of the confirmation tests. The combination of factors’ 
levels that lead to optimum responses are not included in the 
original L

18
 factorial design. Hence, a new set of samples is 

manufactured at the optimum levels. See the mean SN ratio 
plots in Figs. 2 and 4. Three samples are manufactured for 
each response and tested in tension to confirm the predic-
tions experimentally. Table 12 presents the details of analy-
ses on optimum response predictions.

3.4  Predictive models using influential factors

Multiple variable regression models were developed using 
MATLAB, considering only the first three influential factors 
for the strength and MoT responses. The selection of the first 
three influential factors is based on how small P-values the 
factors have in the ANOVA see Tables 9 and 12. Consider-
ing the main effects of all factors in the predictive models 
only slightly contributed to accuracy. To show that, we first 
developed the models using the five factors. Then, predictive 
models using the main effects of the first three influential 
factors are developed by disregarding the contributions from 
the least influential factors, interactions and errors. Compar-
ing the errors of the models, the multiple variable regres-
sions with the five factors only improved by 0.057% for the 
tensile strength and 0.97% for the MoT predictions. This 
shows that the main effects of the least influential factors do 
not contribute to the accuracy of the models. The cumulative 
deviations of the models with the three influential factors 
were within a maximum of 8.6% error margin. The tensile 

Table 8  The ANOVA for MoT Source of variation Parameters

Degree of 
freedom

Sum of squares (SS) Mean squares (MS) F-value P-value

Infill geometry 1 0.013355 0.013355 6.63 0.033
Infill density 2 0.007444 0.003722 1.85 0.219
Infill orientation 2 0.050167 0.025084 12.46 0.003
Nozzle temperature 2 0.020483 0.010241 5.09 0.038
Infill speed 2 0.005824 0.002912 1.45 0.291
Residual error 8 0.016111 0.002014
Total 17 0.113384

Fig. 5  Percentage contribution for variations in MoT due to the fac-
tors and error

Table 9  Grey relational analysis

Tests Normalised scores 
(

xij
)

Grey relational coef-
ficients 

(

GCij

)

Tensile strength MoT Tensile strength MoT Grey rela-
tional grade 
(

gi

)

1 0.13 0.34 0.36 0.43 0.40
2 0.00 0.16 0.33 0.37 0.35
3 0.34 0.26 0.43 0.40 0.42
4 0.09 0.07 0.36 0.35 0.35
5 0.22 0.37 0.39 0.44 0.42
6 0.60 0.31 0.56 0.42 0.49
7 0.04 0.00 0.34 0.33 0.34
8 0.27 0.24 0.41 0.40 0.40
9 1.00 0.99 1.00 0.97 0.99
10 0.03 0.10 0.34 0.36 0.35
11 0.19 0.37 0.38 0.44 0.41
12 0.50 0.67 0.50 0.60 0.55
13 0.28 0.50 0.41 0.50 0.45
14 0.26 0.40 0.40 0.46 0.43
15 0.61 0.71 0.56 0.64 0.60
16 0.12 0.09 0.36 0.35 0.36
17 0.28 0.69 0.41 0.62 0.51
18 0.98 1.00 0.96 1.00 0.98
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strength and MoT of the rPLA can be modelled using the 
multiple variable equations presented in Table 13.

The predictive model equations are used to estimate the 
tensile strength and MoT responses based on the choice of 
factor levels in L

18
 DoE. The average error of the model for 

predicting the tensile strength remained at 7.91% . In com-
parison, the predictive model for the MoT showed an average 
error of 8.6% . The outcomes of the predicted responses are 
compared to the fractional experiments, see Fig. 8a and b.

Here, we present the images of the broken samples, see 
Fig. 9. Generally, the damage mechanism of the samples is 
a brittle fracture. However, the locations and causes of the 
failures are associated with the direction of the infills with 
respect to the loading. For the 0◦ infill orientation, the direc-
tion of the infill layers is perpendicular to the uniaxial ten-
sion, whereas the 45◦ infill orientation is at 45◦ to the loading 
direction. The samples manufactured with the 0◦ and 45◦ 
infill orientations fractured at the boundaries of subsequent 
layers. The cause of the failures is weak interfacial adhesions 

Fig. 6  Main effect of factors 
and levels on the mean SN 
ratios of grey relational grades

Table 10  Mean response table 
for multi-response relational 
grade

Levels Factors

Infill geometry Infill density Infill orientation Nozzle tem-
perature

Infill speed

1 0.4610 0.4132 0.3747 0.5433 0.5075
2 0.5162 0.4568 0.4212 0.5153 0.4356
3 0.5958 0.6699 0.4073 0.5226
Delta ( Δ) 0.0551 0.1827 0.2952 0.1360 0.0870
Rank 5 2 1 3 4

Table 11  The ANOVA for the 
multi-response relational grade

Source of variation Parameters

Degree of 
freedom

Sum of squares (SS) Mean squares (MS) F-value P-value

Infill geometry 1 0.01368 0.01368 0.88 0.375
Infill density 2 0.10921 0.05461 3.52 0.080
Infill orientation 2 0.30229 0.15115 9.76 0.007
Nozzle temperature 2 0.06189 0.03095 2.00 0.198
Infill speed 2 0.02596 0.01298 0.84 0.467
Residual error 8 0.12393 0.01549
Total 17 0.63697
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between interlayers, and the locations consistently follow the 
infill orientations, see Fig. 9.

The 90◦ infill orientation samples have reinforcing infill 
layers towards the uniaxial loading. The fracture of the 90◦ 
infill orientation samples is due to the breakage of the infill 
layers, and the locations depend on the localised flaws during 
the infill process. These findings are also reported as tensile 
failure studies of 3D printed PLA [54], cracking behaviour 
of PLA under static loading [55], and failure characterisation 
of 3D printed PLA under different raster orientations [56].

Next to orientation, the infill density influenced the 
material’s tensile strength. Our study focused on low infill 
density levels generally. However, the factor showed a 
strong correlation with the strength response. The increase 
in infill density increases the material’s strength. This is 
due to the amount of material deposition increasing the 

infill structure of the samples. Additionally, lower infill 
densities create internally porous structures, which can 
make the samples prone to localised stress concentration 
during loading. In all infill orientation categories, the ten-
sile strength of the samples monotonically increases with 
the infill density when a line infill geometry is used. How-
ever, for the zigzag infill, the trend of increment is observed 
for the 90◦ infill orientation. See the SN ratio presented in 
Table 4. The notion of increasing tensile strength with infill 
density is presented in several papers, including the effect 
of infill density on the fire properties of PLA [57], on the 
tensile strength [58–60], on the tensile and impact strength 
[61] of PLA, on the static tensile and low-cycle fatigue 
response of bamboo-filled PLA [62].

Next to the infill orientation, the nozzle temperature 
affects the MoT response of the material. The MoT is partly 
affected by its ductility property that depends on printing 
temperature [63, 64]. The nozzle temperature is a statisti-
cally significant factor for the MoT response, and the opti-
mum response was obtained at 205◦C . A stronger interlayer 
adhesion resulting in higher elongation at break is observed 
at the lower nozzle temperature. The best MoT response is 
exhibited by the sample in the 9th test run of the fractional 
experiment. The manufacturing parameters include using 
the 90◦ infill orientation and 205◦C nozzle temperature for 
the sample variant. Nearly all of the good MoT responses of 
the L

18
  DoE are associated with the 205 ◦C , see Table 4. On 

the other hand, the increase in nozzle temperature gener-
ally decreased the tensile strength and MoT responses, see 
Figs. 2 and 4. Raising the nozzle temperature from 205◦C 
to 215◦C caused a 7.3% decrease in the strength and an 
18.7% decrease in MoT mean responses. Our study shows 

Fig. 7  Percentage contribution for variations due to factors and error 
in grey relational grade

Table 12  Optimum response predictions and comparisons with the results of confirmation tests

Response output Units Optimum Levels and Factors Response 
predicted

Confirmation 
test result

Difference

Infill 
geometry

Infill density Infill ori-
entation

Nozzle tem-
perature

Infill speed

Tensile strength MPa 2 3 3 1 1 30.98 32 1.02
MoT MPa 2 3 3 1 3 0.53 0.608 0.0786

Table 13  Linear regression models for the strength and MoT predictions

Response output Units Influencing factors Predictive model Average errors with  
3 influential factors  
(%)

Average errors 
with 5 factors 
(%)First Second Third

Tensile strength MPa Infill orientation (o) Infill density (d) Nozzle 
temperature (t)

49.91 + (0.92 × o) 
+ (12.45 × d) − 

(0.17 × t)

7.91 7.861

MoT MPa Infill orientation (o) Nozzle temperature 
(t)

Infill geometry (g) 1.92 + (0.0014 × o) 
− (0.0078 × t) + 

(0.054 × g)

8.6 7.645
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Fig. 8  Analytical predictions 
using the linear models com-
pared with experimental results 
of (a) tensile strength and (b) 
MoT

Fig. 9  Fractures of the samples 
selected from L

18
 DoE. a Test 

sample with 0° infill orientation 
and 45% infill density. b Test 
sample with 45° infill orienta-
tion and 45% infill density. 
c Test sample with 90° infill 
orientation, 45% infill density
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no notable influences of the infill speed variations on the 
tensile strength and MoT of the rPLA. The studies on the 
mechanical properties of additive-manufactured PLA in [65] 
and thermoplastic composites in [66] also report the influ-
ence of nozzle temperature increment on mechanical proper-
ties. The influence of extrusion temperature on the ultimate 
tensile strength (UTS) of natural and coloured PLA was 
studied by [67]. The outcome of the study concluded that 
the optimum UTS for the coloured samples was obtained at 
200 ◦C , whereas the natural PLA exhibited a maximum UTS 
at 230◦C . The paper reports that the increments in extru-
sion temperature brought a decline in UTS, citing unsteady 
polymer melt flow as a cause during the printing processes.

The factorial experiments investigating the mechani-
cal properties of the rPLA revealed important outcomes. 
Generally, the infill orientation is a key parameter that 
influences the mechanical properties of the studied sam-
ples. The FFF parameter variations in Taguchi’s L

18
 DoE 

and optimum response factor levels reveal the influence of 
the infill orientation parameter. Although the rPLA exhib-
its a low-toughness behaviour and the failure is associated 
with brittle fracture, with the 90◦ infill geometry and higher 
infill density, its strength can be comparable and, in some 
cases, superior to the tough-PLA material. We present the 
stress–strain responses of the L

18
 DoE, as well as the rPLA 

and the tough-PLA manufactured using optimum parameters 
for strength response, see Fig. 10.

Our experimental studies showed that the material’s ten-
sile strength ranges between 17.43 and 32.29MPa , whereas 
the MoT ranges between 0.28 and 0.55MPa values. The vari-
ations in the responses are solely attributed to the changes in 
the parameters of the manufacturing processes. The analyses 
also indicated how the experimental designs could be used to 
identify combinations of factor levels that lead to optimum 
response predictions. The optimum response predictions are 
in good agreement with the results of the confirmation tests. 
On the other hand, theoretical response modelling using only 
a few influential factors can estimate the tensile strength and 
MoT with average errors below 10% in both cases.

4  Conclusion

The influences of 3D printing parameters on the tensile 
strength and MoT of the recycled PLA (reform-rPLA) are 
studied using the Taguchi DoE and grey relational analysis 
methods. The 3D printing parameters include the infill den-
sity, orientation, geometry, nozzle temperature and speed. 
The objective was to correlate the desired output responses 
with the factor levels using the single and multi-response 
optimisation methods. The factorial experiment was based 
on the L

18
 orthogonal array with  21 × 3

4 factor levels and 
three repetitions. The outcomes of our study are concluded 
as follows:

• Our single-response analyses showed that the factors and 
level variations influence the tensile strength and MoT. 
In ranking order, the infill orientation, infill density, noz-
zle temperature, infill speed and infill geometry affect 
the mean response of the tensile strength. However, the 
ANOVA indicated that the first two parameters are only 
statistically significant with the P-values 𝛼 < 0.05 crite-
rion. On the other hand, in order of their influence on the 
MoT response, the infill orientation, nozzle temperature, 
infill geometry, infill density and infill speed are ranked 1 
up to 5. According to the ANOVA, the first three factors 
are statistically significant. The multi-response analysis 
showed that the infill orientation and infill density factors 
are influential, but only the infill orientation is statisti-
cally significant.

• The mean response and SN ratio analyses determined 
the optimum settings of the factor levels for the tensile 
strength and MoT of the material. The optimum tensile 
strength can be achieved using zigzag infill geometry, 
45% infill density, 90◦ infill orientation, 205◦C nozzle 
temperature, and 30mm∕s infill speed. The optimum MoT 
is obtained via zigzag infill geometry, 45% infill den-
sity, 90◦ infill orientation, 205◦C nozzle temperature and 
50mm∕s infill speed parameters. The confirmation tests 

Fig. 10  Stress–strain responses 
of the rPLA and tough-PLA 
materials with different FFF 
parameters
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proved that the errors of the optimum response predic-
tions are notably low for both responses.

• The outcomes of the mean response analyses are used to 
develop multiple linear regression models for response 
predictions. The predictive models are fit on the experi-
mental data using the first three influential factors. The 
prediction by the model for the tensile strength showed a 
mean deviation of 7.9% , whereas that of the MoT showed 
8.6% . Considerations of all the studied factors in the pre-
dictive models did not improve the prediction errors.

The current work focused on optimisation of the mechani-
cal property using the Taguchi and grey relational analysis 
and considered only the main effects. Following this, we aim 
to investigate interaction effects and the influences of higher 
infill density on the mechanical performances of the material.
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