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Abstract: In this paper, the influence of layer thickness (LT), infill percentage (IP), and extruder
temperature (ET) on the maximum failure load, thickness, and build time of bronze polylactic acid
(Br-PLA) composites 3D printed by the fused deposition modeling (FDM) was investigated via an
optimization method. PLA is a thermoplastic aliphatic polyester obtained from renewable sources,
such as fermented plant starch, especially made by corn starch. The design of experiment (DOE)
approach was used for optimization parameters, and 3D printings were optimized according to
the applied statistical analyses to reach the best features. The maximum value of failure load and
minimum value of the build time were considered as optimization criteria. Analysis of variance
results identified the layer thickness as the main controlled variable for all responses. Optimum
solutions were examined by experimental preparation to assess the efficiency of the optimization
method. There was a superb compromise among experimental outcomes and predictions of the
response surface method, confirming the reliability of predictive models. The optimum setting for
fulfilling the first criterion could result in a sample with more than 1021 N maximum failure load.
Finally, a comparison of maximum failure from PLA with Br-PLA was studied.

Keywords: 3D printing; FDM method; bronze polylactic acid composite; response surface method

1. Introduction

Always, time and accuracy are the most important factors for engineering appliances [1-4].
Recently, novel manufacturing methods are enabled to solve many long-term processes, such as
molding and casting [5]. Additive manufacturing (AM) has been introduced for tackling this problem
with many applications for creating samples with high accuracy [6]. One of the most significant
approaches of AM methods is fused deposition modeling (FDM), which can create samples by 3D
printing technology (Figure 1) [7]. In this technology, a layer is generated by melting the polymer
with the printer head at a specific temperature [8-10]. In nature, many materials are renewable,
and polylactic acid (PLA) is one of them, which is normally produced from corn starch. Also, PLA is
a thermoplastic aliphatic polyester and is obtained from the sources of energy that aren’t evacuated
by consuming [11-13]. By combining PLA with flexible metal, such as bronze, the mechanical
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properties of the composite may be improved [14]. The FDM method has also been served by many
researchers [15-17].

Bronze PLA Filament

Filament driver

Printed Part ~_ (extruder)

4 ~ Heated Nozzle
~ Platform

Figure 1. Schematic of 3D printing by the fused deposition modeling [18].

For instance, the influence of layer thickness on ABSP 400 samples was investigated by
Padhi et al. [19]. Improving the quality of the parts made by two different methods was carried
out by Gardan et al. [20]. The agents of the layer thickness, filling speed, extrusion speed, and line
width on the built time and dimensions were investigated by Peng et al. [21]. Three responses were
converted by a fuzzy inference system to a single output. The response surface methodology (RSM)
was used to determine the relationship between four input parameters and comprehensive output.
MATLARB software was also used to implement fitness function in the genetic algorithm. The results
indicated that the proposed approach could effectively improve accuracy and efficiency in the FDM
process. Sajan et al. carried out a study to improve the surface quality made with acrylonitrile butadiene
styrene (ABS) filaments [22]. In this experiment, five parameters of the 3D printer were considered
as input parameters, such as the printing speed, layer thickness, and infill percentage. Also, for the
optimization of this experiment, they used the Taguchi method to reach the high quality of the
surface. Results showed that the quality of the surface was improved in the XY and XZ planes.
Gautam et al. [23] studied the compressive effect of ABS Kagome truss unit cell manufactured by the
FDM. The properties of carbon-fiber-reinforced plastic (CFRP) manufactured composite parts were
studied by Ning et al. [24]. They used the FDM method for fabricating CFRP composites, and the
carbon fiber was added to composites filaments. In most traditional manufacturing methods, such as
plastic molding [25-27], the tensile strength is acceptable due to the cohesion of materials. However,
as one of the major disadvantages of additive manufacturing, they may result in weaker mechanical
properties (electrical and thermal conductivity, optical transparency, and strength of printed parts).
This paper attempted to improve the mechanical properties of FDM components by modifying the
input parameters as well as using the design of experiment (DOE) method.

In the current research, the composite samples were produced by FDM 3D printing bronze
polylactic acid (Br-PLA). Br-PLA tensile test sample was used to investigate the effects of the layer
thickness, infill percentage, extruder temperature, and their interactions on mechanical properties,
maximum failure load, thickness, build time of parts based on the DOE method. The main objective
of this study was to fine-tune controlled variables to produce tough Br-PLA specimens, reduce part
thickness, and shorten the build time of the printed parts. The build time data were recorded after
printing the specimens by a digital timer. The tensile strength test determined the maximum failure
load and elongation at break. Design-Expert V8 software was utilized for the statistical analysis of
experimental data via the response surface method (RSM). The research objective was achieved by RSM
and validated by experimental tests. Validation of the statistical model was confirmed by comparing
the similar results with experimental data. Finally, the comparison of maximum failure from PLA with
Br-PLA was investigated.
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2. Experimental Design and Methodology

2.1. Response Surface Method

In the AM, the response surface methodology (RSM) is a superb opportunity for recognizing a
connection between the input and output parameters. In this study, based on three input parameters
(layer thickness, infill percentage, extruder temperature) and three output parameters (maximum
failure load, thickness, and build time of parts), an experimental investigation was carried out to create
some 3D samples by using the RSM with least structure defects. Also, the statistical analysis was
carried out on experimental data using the Design-Expert V8 software. The statistical analysis was
designed based on the central composite design (CCD) full replication with three factors on five levels.
Table 1 illustrates the levels of controlled factors. The designed experiments and results of tests are
shown in Table 2.

Table 1. Levels of independent variables.

Level
Variable Symbol  Unit evels
-2 -1 0 1 2
Layer thickness (LT) LT mm 0.15 0.25 0.35 0.45 0.55
Infill percentage (IP) P Y% 15 25 35 45 55
Extruder temperature (ET) ET C 190 205 220 235 250

Table 2. Design matrix and experiments results.

Input Variables Output Responses
z Layer Infill Extruder Maximum . . . Elongation
5 Thicl)(’ness Percentage Temperature Failure Load Thickness Bulld‘Tlme at Bgreak Type of
(mm) (%) ) (N) (um) (min) (mm) Fracture

1 0.25 45.00 235.00 1015 1249 36 2.24 Brittle
2 0.35 35.00 220.00 1025 1255 36 248 Tough
3 0.45 45.00 235.00 1022 1258 37 2.35 Brittle
4 0.35 15.00 220.00 1018 1252 36 2.26 Brittle
5 0.15 35.00 220.00 805.8 521 25 1.50 Brittle
6 0.35 35.00 220.00 1020 1256 35 2.25 Brittle
7 0.35 35.00 220.00 1018 1255 36 2.20 Brittle
8 0.45 25.00 235.00 1026 1258 36 2.64 Brittle
9 0.35 55.00 220.00 1017 1247 36 3.45 Tough
10 0.35 35.00 220.00 1019 1256 35 2.13 Brittle
11 0.25 45.00 205.00 875 860 29 1.65 Brittle
12 0.35 35.00 220.00 1014 1247 34 2.53 Tough
13 0.45 25.00 205.00 862 905 30 1.40 Brittle
14 0.45 45.00 205.00 882 910 31 1.52 Brittle
15 0.25 25.00 235.00 895 917 32 1.89 Brittle
16 0.35 35.00 220.00 1024 1257 36 2.75 Brittle
17 0.25 25.00 205.00 981 923 33 2.26 Brittle
18 0.35 35.00 250.00 1030 1270 39 2.55 Tough
19 0.35 35.00 190.00 1017 1254 36 2.40 Tough
20 0.55 35.00 220.00 1025 1272 38 2.25 Brittle

2.2. Experimental Work

The mixture of two proper materials in the production of many composites has widely been
used [28-35]. Mixed material has been detected to be effective in the 3D printing by a known approach,
such as FDM. PLA is made from natural content with renewable features and also has good mechanical
properties, which is noticed by many people who are environmental activists and persist in preventing
many plastic products.

Simplify3D software was used to adapt the build parameters of samples. Simplify3D consists of an
incredibly realistic pre-print simulation that allows checking the correct performance of the 3D printer
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before starting the printing process. The simulation contains information relating to the exact speeds,
sequences, and settings, which are utilized for the printing. The tensile test sample was designed based
on international standard ISO 527-2 by Solidworks software and imported in Simplify3D. Table 3
indicates definitions of FDM build parameters and shows fixed parameters that were kept constant for
all experiments. The geometrical dimensions and internal pattern of the sample are represented in
Figure 2. The machine used to print the samples was Sizan 3 (made in Sizan Pardazesh Kavir Company,
Isfahan, Iran). Br-PLA filament (Kexcelled made in Hatchbox, Pomona, LA, USA) was installed on a
specific part of the printer, and the filament was placed between two rollers and nozzle. By setting
three input parameters on the printer, two rollers conducted the filament, and heating elements melted
the materials. Then, the pressure was created by the rollers to push the half-melted material and
deposit the first layer. The platform moved down and allowed the nozzle to print the next layers freely
on the plane.

Table 3. FDM fixed parameters of the research.

No Build Parameters Definition Unit Value
1 Nozzle diameter The diameter of the extruder nozzle. mm 0.45
2 Extrusion width The desired single-outline width of the plastic extrusion. mm 0.45

The angle between the central axis of the part and the

3 Build orientation horizontal direction. Degree 45
4 Top solid layer Number of solid layers required at the top of the part. - 6
5 Bottom solid layers = Required number of solid layers at the bottom of the part. - 6
Default printin Initial speed used for all printing movements
6 P & (modification may be added for cooling or mm/min 3600
speed .
outline underspeed).
. Extruder speed for the retraction movements typically .
7 Retraction speed uses the highest speed the extruder can support. mm/min 1800
8 Outline overlap Percentage of extrusion width that will overlap with % 15

outline perimeters (ensures infill bonds to outline).

Figure 2. Cont.
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Figure 2. Geometrical dimensions and internal features of the sample. (a) 3D printing of bronze
polylactic acid (Br-PLA) samples, (b) 3D printed samples, (c¢) 3D printing of polylactic acid (PLA)
samples [18], (d) dimensions of the tensile test sample according to ISO 527-2.

The build time was measured by a digital timer after the printing of each sample; the maximum
failure load was determined by the tensile strength test. The tensile strength tests were carried out with
a universal testing machine based on ASTM D638 (ASTM International, Conshohocken. PA, USA).
The brittle fracture of the samples (PLA and Br-PLA) on the universal testing machine is represented in
Figure 3. Figure 4 also shows extension-force diagrams of samples #2 and #5. The results showed that
the behavior of samples under load could be classified as a brittle and tough fracture. Almost 80%
of the results in the design matrix had brittle fracture because PLA is relatively brittle under tensile
loading. The fracture of brittle samples occurred at the elastic limit, while tough specimens showed the
ability to undergo a low degree of plastic deformation before fracture. Therefore, samples with higher
maximum failure load and elongation at the break had a tough fracture. However, a sudden brittle
fracture is usually observed in samples at the elastic limit and in a lower failure load. Also, in the
previous study [18], extruder temperature (230 °C), infill percentage (16.86%), and layer thickness
(0.23 mm) were selected as controlled parameters by optimum settings for PLA printed parts, and,
in this study, the failure load was compared with Br-PLA.

Figure 3. (a) Brittle fracture of the specimen (sample #12 Br-PLA), (b) Brittle fracture of the optimum
PLA specimen, (c) fracture of #1 to #6 samples.
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Figure 4. Extension-force diagrams of (a) sample #2 and (b) sample #4.

3. Results and Discussion

For improving the quality of the experiments and reducing the tests, the DOE approach was
utilized. This method could be a link between input and output parameters with a logical and physical
condition resulting from the primary experiment. For each of 20 samples in the first level of the
experiment, the maximum failure load, thickness, and build time were measured. Design Expert
V08 software, based on the regression equations and ANOVA table, sorted parameters for each
output. In this stage of the experimental study, the results of the output parameters were analyzed.
This composite was more flexible than the 3D printed PLA materials, but the failure load in the Br-PLA
was less than PLA.

3.1. Maximum Failure Load

The ANOVA table showed that the layer thickness was the dominant controlled variable for
the maximum failure load. Extruder temperature and infill percentage were also significant. Table 4
demonstrates the ANOVA results of the maximum failure load.

Table 4. Analysis of variance (ANOVA).

Source Sum of Squares  Degrees of Freedom (DF) Mean Square  F Value  p-Value
Model 422 x 1013 7 6.02 x 1012 5972742  0.0155
LT 8.95 x 101 1 8.95 x 101 0.887652  0.3775
P 1.16 x 1012 1 1.16 x 1012 1.150847  0.3190
ET 7.56 x 101 1 7.56 x 1011 0.750007  0.4152
LT x IP 9.67 x 1012 1 9.67 x 1012 9.593505  0.0174
LT x ET 7.71 x 1012 1 7.71 x 1012 7.643659  0.0279
LT? 1.41 x 1013 1 1.41 x 1013 13.96848  0.0073
ET? 1.65 x 1013 1 1.65 x 1013 16.36513  0.0049
Residual 7.06 x 1012 7 1.01 x 1012
Cor Total 492 x 1013 14

Adj R-Squared = 0.7131

R-Squared = 0.8565

Equation (1) is a predictive model of maximum failure load in terms of coded factors. Also,
Equation (2) shows a predictive model of maximum failure load with respect to the actual values.

(Maximum Failure Load)?32 = 9250115 + 473024.5 LT — 538606 IP + 434805.5 ET

(Maximum Failure Load)?3? = — 1.4 x 108 — 1.2 x 108 LT — 411791 IP + 1591377 ET

+4398413 LT x IP + 3926069 LT x ET — 3412710 LT? - 3693896 ET?

+ 1099603 LT X IP + 6543449 I.T X ET — 8.5 x 107 LT? — 4104.33 ET?

)

@
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The developed equation was useful to determine the relative significance of factors by comparing
the factor coefficients. Also, Figure 5 shows the perturbation plot of the maximum failure load.
The perturbation plot helped to compare the effect of all factors in the central point in the design
space, as illustrated in Figure 5. The maximum failure load was plotted by changing only a factor
over its range, while other factors were kept constant. Lines A, B, and C showed the sensitivity of
maximum failure load to layer thickness, infill percentage, and extruder temperature, respectively.
The perturbation plot disclosed increasing layer thickness and extruder temperature parameters that
resulted in an increase in the mechanical strength of specimens. In addition, the plot showed that the
maximum failure load depended almost equally on the extruder temperature. Figure 6a demonstrates
the effects of the layer thickness and infill percentage on the maximum failure load. The IP had a very
specific role in flexibility and tensile strength because by increasing the IP, the structure of 3D parts
went to denser structure with lower porosity. Therefore, samples printed by high IP could resist the
great tensile load, even though these samples did not have good flexibility properties. A 3D surface
plot of maximum failure load with respect to the layer thickness and extruder temperature is shown
in Figure 6b. It is clear that thinner samples under dramatic forces could not resist much. Figure 7
indicates the normal probability plot of the residuals to check for normality of residuals. The normal
probability plot indicated whether residuals followed a normal distribution; in this case, the points
followed a straight line. Some moderate scattering was also expected even with normal data.

Perturbation
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Figure 5. Perturbation plot of the maximum failure load.

Figure 6. Cont.
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Figure 6. 3D surface plot of the maximum failure load with (a) infill percentage and layer thickness;
(b) extruder temperature and layer thickness; (c) infill percentage and extruder temperature.
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Figure 7. The normal plot of residuals of the maximum failure load.
3.2. Build Time

The ANOVA table revealed that Infill IP and IP2 of the printer were the most significant controlled
variables for the build time. Table 5 demonstrates the ANOVA analysis for the build time. Equations (3)
and (4) represent the final regression equation based on the coded values and actual values for the
build time:

(Build Time) ™3 = 2.24976 x 107> — 1.20444 x 107> IP — 2.51081x 10~7 ET 3)
+3.00044 x 1075 IP?2 — 1.27876 x 107> ET?
(Build Time)™ = —0.000548983 — 5.85298 x 107¢ IP + 6.24335 x 10~ ET

+ 750109 x 1078 IP? — 1.42085 x 1078 ET? )

Regression equations’ terms had superb advantages in this study because many reasons, such as
coded equation, could provide a suitable perception to physical parameters. Here, in the build time,
LT, LP, and ET had a significant effect on the 3D printed samples. Due to Table 5, it was clear that LT
was not very effective than either parameter and had a steady change. Results showed that when
the IP rose, the built time increased. Also, when the ET rose, the built time reduced (Figure 8c) too.

The probability plot in Figure 9 showed the residuals to illustrate the normality of residuals. In this
diagram, the trend of the normal distribution in some particular samples was applied in a direct line.

When the normal distribution became stable, the model was suitable for the build time, and it was
clear that the normal distribution was close to the direct line.

8 of 16
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Table 5. Analysis of variance (ANOVA).
Source Sum of Squares Df  Mean Square F Value p-Value
Model 2.54 x 1077 5 5.09 x 10710 10.81049 0.0013
P 5.8 x 10710 1 5.8 x 10710 12.33532 0.0066
ET 252 % 10713 1 25210713 0.005361 0.9432
P2 1.09 x 1077 1 1.09 x 1079 23.14339 0.0010
ET? 1.98 x 10710 1 1.98 x 10710 4.203745 0.0706
Residual 423 % 10710 9 47 x 10711
Cor Total 297 x 1077 14
R-Squared = 0.7779

Adj R-Squared = 0.8572
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Figure 8. 3D surface plot of the build time with (a) infill percentage and layer thickness; (b) extruder
temperature and layer thickness; (c) infill percentage and extruder temperature.
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Table 6 depicts the ANOVA output and input parameters outcome for one of the important and
significant features of samples. It could be found that LT and ET were the most effective variables.
Part thickness” predictive model in terms of coded factors and actual amounts are represented in
Equations (5) and (6), respectively.

(Thickness)*8 = 340.4628 + 97.46882 LT — 5.40253 IP — 58.3206 ET — 210.432 IP x ET (5)

(Thickness)?® = —3285.51 + 4990.265 LT + 64.80622 IP + 15.92595 ET — 0.35072 IP x ET  (6)

Table 6. Analysis of variance (ANOVA).

Source Sum of Squares  Df Mean Square F Value p-Value
Model 94,256.12 7 13,465.16 4.82262 0.0274
LT 38,000.68 1 38,000.68 13.61015 0.0078
P 116.7494 1 116.7494 0.041814 0.8438
ET 13,605.18 1 13,605.18 4.872769 0.0630
IP x ET 22,140.75 1 22,140.75 7.929828 0.0259
Residual 19,544.59 7 2792.084
Cor Total 113,800.7 14

Adj R-Squared = 0.6565

R-Squared = 0.8282

The excellent R-squared and adjusted R-squared of the predictive model confirmed that the
model was immensely reliable. As shown in Figure 10a, by raising the infill percentage, the amount of
the thickness increased. Figure 10b revealed that with raising the layer thickness and the extruder
temperature, the thickness increased. The reason for this phenomenon was that when ET and LT grew
up, the material printed rose. That is because the LT always equated with more material injection.
Therefore, the amount of thickness increased. Figures 11 and 12 show the perturbation plot and normal
plot of residuals of the thickness, respectively.
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Figure 10. 3D surface plot of the maximum width with (a) infill percentage and layer thickness;
(b) extruder temperature and layer thickness; (c) infill percentage and extruder temperature.
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Figure 11. Perturbation plot of the maximum width.
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Figure 12. The normal plot of residuals of thickness.

4. Numerical Optimization

In this study, for the sake of numerical optimization, three criteria were evaluated. Three criteria of
these experiments are shown in Table 7. Table 8 shows the predicted optimum results and experimental
validation for Br-PLA 3D printing samples. Some parameters of physical and mechanical properties
were considered as output parameters because it is essential for manufacturing samples with good
conditions, such as proper resist from tensile strengths and adequate thickness. The optimization
method provided an efficient condition to produce these samples. As a matter of fact, the suitable
portion of each material was very important in the composite structure. Br-PLA consisted of two
phases with a ratio of 35% to 65%, wherein the variation of the 3D printing input parameters played an
important role in producing samples without any defects. The strong samples with the least deformation
were the main goal of this article. Based on Table 8, the predicted optimum results and experimental
validation were very close together and showed slight errors between them. Overly diagram in
Figure 13 illustrates two parts of optimization in which substantial region in input parameters was
relevant by output parameters. It means that the variation of each parameter had a significant role
in output results. Also, in Figure 14, the results for the higher tensile strength in optimum samples
are shown. In a previous study [18], in the PLA 3D printing samples, the maximum failure load was
reported more than Br-PLA samples because the composite structure had the more particle’s space,
while, in Br-PLA, the metal component took up more space than PLA structure. Therefore, the PLA
parts had more resistance in the tensile strength test.

Table 7. Constraints and criteria of input parameters and responses.

Lower Upper Lower Upper

Parameters/Responses Name Goal Limit Limit Weight Weight Importance
§ Layer thickness is in rang 0.15 0.55 1 1 -
Qé Infill percentage is in rang 15 55 1 1 -
§ Extruder temperature  is in rang 190 250 1 1 -

= Maximum failure load maximize 711.2 1066.8 1 1 5
g Maximum width is in rang 429.5 1420.32 1 1 3
8 5 Build time minimize 25 52 1 1 5
g ‘; Maximum failure load maximize  711.2 1066.8 1 1 3
%’* 5 Maximum width maximize  429.5 1420.32 1 1 3
~ 5 Build time minimize 25 52 1 1 2
‘2 Maximum failure load maximize 711.2 1066.8 1 1 2
§ Maximum width maximize 429.5 1420.32 1 1 3
5 Build time minimize 25 52 1 1 5
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Table 8. Predicted optimum results and experimental validation.

13 of 16

Optimum Input Parameters Output Responses
Solution Desirability Maximum Failure Load Thickness Build Time
LT iy ET .
N) (um) (min)
Actual 1016 1247 36
1 0.23 15.15 222.73 0.97 Predicted 950 1110 34
Error% 6.49 10.98 5.55
Actual 1007 1234 34
2 0.2 15.15 219.13 0.85 Predicted 944 1099 33
Error% 6.25 10.94 2.94
Actual 1021 1257 36
3 0.25 15.20 222.82 0.78 Predicted 1013 1237 35
Error% 0.78 1.59 2.77
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(=X %,
“
i |
gl_)': // Maximurm Failure Lodd 1066
‘E “Thickness 1420 |
@ X — / X
£ N\
—_
5
(-4 N N
— 380 —
=
=
3050 \
=Y T T T T T T T T T
18951 19557 20151 207 51 219 25 255 mm 2375 387 249.57
Extruder Temperature
(a)
Overlay Plot
25000 #
400 /
o /
= 2/ — rf
% ) T ("/ ]
15 2500 —f
l‘g' 00— //lf "// <
g o s e
S s |/ .
-
g a0 —]
g -
b 20800 — Thicimess 1430 |
=
3 om0 | /
900 | Nt
wra T = T T
o [+ o oar asr
Layer Thickness
(b)

Figure 13. Overlay plot of 3D printing optimization with (a) infill percentage and extruder temperature;

(b) extruder temperature and layer thickness.
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Figure 14. Extension-force diagram of the specimen for solution 3.
5. Comparison of PLA and Br-PLA 3D Printed Samples

In this part, the comparison of PLA and Br-PLA 3D printed samples were investigated.
From Section 4, which is related to the extension-force result of the specimen for solution 3 of
Br-PLA composite and also PLA optimum sample in the previous study [18], respectively, it was clear
that the tensile strength of PLA was higher than the Br-PLA composite. This phenomenon happened
because of two reasons. Firstly, when the Br-PLA composite parts were printed, the infill percentage
was less than PLA printed parts in the constant situation and input parameters. The second reason was
that PLA is a single material and has the good connection between its particles, whereas, in the Br-PLA
sample, because two materials are used, the connection of particles are weaker than PLA sample,
but the flexibility of the Br-PLA part is higher than the PLA part [36].

6. Conclusions

FDM 3D printing method for producing the Br-PLA samples was improved by the DOE approach
and considering the significant input parameters (infill percentage, extruder temperature, and layer
thickness) for each output parameter (maximum failure load, build time, and sample thickness). In the
continuation of the article, some of the conclusions are mentioned:

(1) The results showed that the mechanical properties (maximum failure load) of the samples
improved as the layer thickness increased because the higher layer thickness could resist a more
tensile load.

(2) Results indicated that when the infill percentage increased, the mechanical properties of pieces
improved because of the increase in the adhesion of components.

(3) The optimized printed Br-PLA specimen with a layer thickness of 0.25 mm, 15.20 infill percentage,
and 222.82 °C extruder temperature could resist more than 1000 N.

(4) For producing a suitable sample with good mechanical and economical features, middle extruder
temperatures and low infill percentages must be considered. Because in the Br-PLA 3D samples,
the heavy and rough samples might not be used very much, and the heavier samples are costly.

(5) In the PLA 3D printing samples, the maximum failure load was reported more than Br-PLA
samples, and that is because the composite structure has the more particle’s space, and in Br-PLA,
the metal component takes up more space than PLA structure.
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