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Additive Manufacturing (3D printing) is technology that enables the creation of lighter,
stronger products, with complexes forms. This study presents research concerning the
dimensional accuracy of parts obtained by additive manufacturing (3D printing). The
challenges of additive technology are exposed and also the need to have a vision on the
influence of certain technological and geometric parameters on the precision of
geometric surfaces. First, a virtual prototype was produced with Catia V5. Then, the
virtual prototype was imported by the 3D machine software to obtain the prototyping
codes for nine prototypes. The parameters of these prototypes were chosen with the
Taguchi method. On the basis of the code obtained with the printer software, the parts
have been prototyped, using the Z-ULTRAT material with a ZORTRAX M200 printer. All
parts were measured and a database was created. The results were interpreted in order
to establish the influence on the dimensional precision for the parts obtained by Additive
Manufacturing.
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Figure 2. The specimen imported in Z-Suite software

Figure 1. Geometry of specimen and measurement scheme Figure 3. The 3D printed specimen
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The Minitab 19 software was used to create a Taguchi plan of experiments. For this experiment was
chosen a 3X3 Taguchi plan: 3 factors and 3 levels. Nine specimens with different values of printing
parameters was realized. The input parameters were: infill density, layer thickness and orientation of the
specimen on the table of the printer (0° - parallel with X axis, 90° - perpendicular on X axis of the printer
table). The output parameters are: HR — height right and HL — height left, table 1.

Table 1. The dataset for this study.

Layer Infill  Orien-
thickness density tation HR1 HR2 HR3 HR4 HR5 HL1 HL2 HL3 HL4 HL5
(mm) (%)  (deg)

Exp.

1 0,14 10 0 22,05 2220 22,24 22,18 2195 22,05 22,14 2224 22,16 2194
2 0,14 50 45 22,03 22,20 22,26 22,17 22,03 22,01 22,19 2223 22,14 22,04
3 0,14 90 90 2198 22,22 22,23 2222 2198 2196 2216 2223 22,14 21,95
4 0,19 10 45 22,05 2215 22,17 22,18 22,10 21,95 22,15 22,16 22,15 22,04
5 0,19 50 90 2199 22,15 22,15 22,14 2199 21,85 22,05 22,15 2216 2191
6 0,19 90 0 22,06 2221 22,26 22,19 22,11 2190 22,18 22,25 22,18 21,97
7 0,29 10 90 21,76 22,00 22,03 2195 2183 21,78 2194 2195 2192 21,90
8 0,29 50 0 2192 2197 22,06 2198 2192 21,76 2196 22,00 21,94 21,87
9 0,29 90 45 21,83 21,89 2200 2198 2185 21,76 2194 2203 2201 21,84
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Findings

The values obtained in all of the 5 measuring zones, for both parts of the specimens (on the side with
holes - HR and on the side without holes - HL) have approximately the same tendency of variation,
figure 4.
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Figure 4. The variation of the HR and HD for each specimen, for all of the 5 measuring points.
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The measured data were statistically analyzed and the fallowing indicators were calculated: Mean
(M), Range (R), Sample Standard Deviation (SSD) and Coefficient of Variation (CV), table 2.

Table 2. Statistical analysis for dimensional deviation.
HR HL

No

M R SSD CVv M R SSD CVv

1 2212 029 0,205 0,0054 22,11 0,30 0,1148 0,0052
2 22,14 0,23 0,1038 0,0047 22,12 0,22 0,0947 0,0043
3 2213 0,25 0,1333 0,0060 22,09 0,28 0,1260 0,0057
4 22,13 0,13 0,0543 0,0025 22,09 0,21 0,0925 0,0042
5 2208 0,16 0,0859 0,0039 22,02 0,31 0,1399 0,0064
6 22,17 020 0,0802 0,0036 22,10 0,35 0,1518 0,0069
7 2191 027 01115 0,0052 21,90 0,17 0,0687 0,0031
8 2197 0,14 00574 0,0026 21,91 0,24 0,0942 0,0043

9 2191 0,17 0,0765 0,0035 21,92 0,27 0,1146 0,0052
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The coefficients of variation (CV) for the dimensions obtained through the experiments for HR and
HL have close values. This result indicates a similar behavior. The maximum value of the coefficient
of variation was obtained for the maximum value of infill.

For data processing with regression analysis and with Artificial Neural Networks, the mean values
for each side of the specimens (HR and HL) and the overall mean H, between HR and HL, were
calculated, table 3 and figure 5.

Table 3. The average values of the datasets.

Layer thickness

Exp. no. (mm) Infill density (%) Orientation (degrees) HR HL H
1 0,14 10 0 22,12 22,11 22,115
2 0,14 50 45 22,14 22,12 22,130
3 0,14 90 90 22,13 22,09 22,107
4 0,19 10 45 22,13 22,09 22,110
5 0,19 50 90 22,08 22,02 22,054
6 0,19 90 0 22,17 22,10 22,131
7 0,29 10 90 21,91 21,90 21,906
8 0,29 50 0 2197 2191 21,938
9 0,29 90 45 2191 21,92 21,913
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H =223 - 1,39 Layer thicknes + 0,000083 Infill density - 0,000433 Orientation

Predictor Coef SECoef T P
Constant 22,3474 0,0457 488,95 0,000
Layer thicknes -1,3895 0,1842 -7.54 0,001
HR, HL and H infill density 00000833 00003518 0,24 0822
22,20 Orientation  -0,0004333 0,0003127 -1,39 0,224
22,15 S$=0,0344661 R-Sq=922% R-Sqfadj)=87,5%
22,10 Analysis of Varance
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With the Minitab software, a regression analysis was realized: H versus Layer thickness, Infill
density and Orientation of the specimen, figure 6. Histogram Versus Order
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Figure 6. Regression rapport made by Minitab software.



Analysis with Artificial Neural Network

In order to realize this kind of analyze, was chosen MATLAB
Artificial Neural Network Toolbox and The Neural Fitting
application. The Neural Fitting application give us the
opportunity to select the data, to create the network, to train the
network, and to evaluate its performances. The datasets were
randomly distributing in three categories.

A matrix of 3x18 was created with the inputs of the network
(Layer thickness, Infill density, Orientation). A vector of 1x18
was created with the outputs of the network (Height of the
wall).

All of the 18 datasets was divided into three categories: 12 for
training the network, 3 for testing and 3 for validation.
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Figure 7. The training process of the neural network.
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Using the “Bayesian-Regularization” backpropagation algorithm, the network was trained [5, 7],
figure 7. The training process is an iterative process. For this experiment, in order to train the network,
824 iterations were realized.

At the finish of the training process, in the window “Train Network™ are displayed the values for R
and the MSE (mean square error).

J} Neural Fitting (nftool)

% Train Network
Train the network to fit the inputs and targets.

Train Network Results
Choose a training algorithm: & Samples MSE R
Bayesian Reqularization | v @ Training: 12 5.73080e-4 9.65593e-1
W Validation: 3 0.00000e-0 0.00000e-0

This algorithm typically requires more time, but can result in good
generalization for difficult, small or noisy datasets. Training stops according W Testing: 3 4.40401e-4 9.97795e-1
to adaptive weight minimization (regularization).

Train using Bayesian Regularization. (trainbr) Plot Fit Plot Error Histogram
&) Retrain Plot Regression
Notes
L] Training multiple times will generate different results Mean Sguared Error is the average squared difference
due to different initial conditions and sampling. between outputs and targets. Lower values are better.

Zero means no error.

Regression R Values measure the correlation between
outputs and targets. An R value of 1 means a close
relationship, 0 a random relationship.

Figure 8. The results of the training process.



The trained and validated network can be able to predict the value of the output parameter in function L@Cy

of the new values of the input parameters.
In table 4 an example of simulation by the trained network in presented.

Table 4. The new parameters simulated with trained RNA.

INPUT

Layer thickness (mm) 0,14
Infill density (%) 10
Orientation (degrees) 0
OUTPUT

H (mm) 22,1315

4. Conclusions
The height of the tinny walls obtained by Additive Manufacturing has a strong dependency of the layer
thickness and a weak dependency of infill density and orientation of the specimen on the printing table.

With Minitab software an equation of regression was established between Height of the thin walls
and the printing parameters: Layer thickness, Infill density and Orientation.

The datasets were analyzed and processed with Artificial Neural Network Toolbox from MATLAB.
A network was trained, tested and validated. The trained network was used in a simulation of the new
height of the wall and it was able to "generate" new values for the printing parameters.

The studies presented in this paper can give useful scientific data to understand how to increase the
quality of the parts realized by Additive Manufacturing.

In the future, it is desired to perform a series of tests on several specimens, in order to ensure a better
assessment of dimensional variations. Thus, the designers can find important information regarding the
influence of technological and design parameters on the dimensional accuracy of the parts realized by
Additive Manufacturing.
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