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Abstract
Additive manufacturing (AM) has brought positive opportunities with phenomenal changes to traditional manufacturing.
Consistent efforts and novel studies into AM use have resolved critical issues in manufacturing and broadened technical
boundaries. Build time estimation is one of the critical issues in AM that still needs attention. Accurate build time
estimation is key for feasibility studies, preliminary design, and process/production planning. Recent studies have provided
the possibility of neural network (NN)-based build time estimation. In particular, traditional artificial NN (ANN)- and
convolutional NN (CNN)-based methods have been demonstrated. However, very little has been done on the performance
comparison for build time estimation among the different types of NNs. This study is aimed at filling this gap by designing
various NNs for build time estimation and comparing them. Two types of features are prepared as inputs for the NNs by
processing three-dimensional (3D) models: (1) representative features (RFs) including dimensions, part volume, and support
volume; and (2) the set of voxels generated from designating the cells occupied by the workpiece in a mesh grid. With the
combination of NN types and input feature types, we design three NNs: (1) ANN with RFs; (2) ANN with voxels; and (3) CNN
with voxels. To obtain large enough label data for reliable training, we consider simulation build time from commercial
slicing applications rather than actual build time. The simulation build time is calculated based on a material extrusion
process. To address various cases for input models, two design factors (scale and rotation) are considered by controlling the
size and build orientation of 3D models. In computational experiments, we reveal that the CNN-based estimation is often
more accurate than others. Furthermore, the design factors affect the performance of build time estimation. In particular,
the CNN-based estimation is strongly influenced by changing the size of 3D models.

Keywords: additive manufacturing; artificial neural network; 3D convolutional neural network; build time estimation; 3D
printing

1 Introduction

Additive manufacturing (AM), commonly referred to as three-
dimensional (3D) printing, has spurred manufacturing industry
(Khorram Niaki & Nonino, 2017; Ceruti et al., 2019; Stolt &

Elgh, 2020). AM enables to produce customized and personal-
ized products, allowing for expanded focus toward mass cus-
tomization in the manufacturing community (Oh, 2019; Oh et al.,
2021). While the flexibility of AM enables the production of a
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Figure 1: NN models depending on inputs (RF, voxel and label data).

variety of products, it also creates challenges in managing them
in terms of production planning and control. To efficiently han-
dle a number of heterogeneous parts for AM, the accurate pre-
diction of cost, time, and quality for products before production
is critical (Zhang & Bernard, 2013; Seo et al., 2021). In particular,
manufacturers need to accurately estimate build time to make
capacity and scheduling decisions in a timely manner. The of-
ten long build times for each build process make the issue more
challenging by exaggerating errors between estimated time and
actual time.

Meanwhile, deep learning (or deep neural network, DNN; An-
itescu et al., 2019; Guo et al., 2019) has paved the way for build
time estimation. Once a NN model is well trained, it provides
relatively high accuracy (or acceptable accuracy) of prediction
time (Zhang et al., 2015). This can be beneficial when quickly and
roughly estimating build time with limited information. In par-
ticular, it can be effective in the early design stage where specific
process parameters are not available and the geometric informa-
tion is the only input for the build time estimation. Artificial neu-
ral network (ANN)-based estimation showed relatively high per-
formance with a few representative geometric features includ-
ing the size and volume of parts (Munguı́a et al., 2009). Recently,
3D convolutional neural network (CNN) was introduced to investi-
gate part mass, support material mass, and build time (Williams
et al., 2019). Extracting the spatial features from the 2D or 3D data
is one of the advantages of CNN (Vania et al., 2019).

Although a variety of NNs have been designed and applied
to build time estimation, there have been very few attempts
at comparing the performances among the NNs. Moreover, it
is hard to conclude which method is superior by directly com-
paring the experiment results (e.g. error rate and accuracy) of
the previous studies. This is mainly because the studies were
conducted based on different conditions depending on AM pro-
cesses, input geometries, and machine parameters. As a step
toward addressing this research gap, we design different types
of NNs for build time estimation and compare them under the
same experimental conditions. The main contributions of this
study are summarized as follows:

1. In this paper, we compare performances of NN-based build
time methods, which has been less addressed in the litera-
ture.

2. With experimental results for a variety of cases, we show
how much the CNN-based build time estimation is more ac-
curate than the ANN-based estimation.

3. Based on a statistical result, we show that the size of 3D mod-
els is critical in the CNN-based estimation while the amount
of support structure is less significant.

Figure 1 presents the overall procedure of this study. Since
build time estimation is a regression problem and categorized
into supervised learning, features and labels should be paired for

training and testing. For data preparation, features and labels are
obtained from the public dataset of 3D models. We extract two
types of features from 3D models: (1) representative features (RFs)
including dimensions, part volume, and support volume and (2)
the set of voxels that are the cells occupied by the workpiece
or the empty space in a build space. For label data, we consider
simulation build time calculated by slicing software. With the
combination of NN types and input feature types, three NNs are
designed: (1) ANN with RFs; (2) ANN with voxels; and (3) CNN
with voxels. Then, these three NNs are trained and the predic-
tion results are compared. To specifically investigate the various
geometries of 3D models, input models are created by control-
ling two design factors, scale and rotation. The two design fac-
tors change the size and build orientation of 3D models.

In this study, instead of actual build time, simulation build
time is considered as label data for three reasons. First, we con-
sider a lot of label data for 11,792 geometries (2,948 models for
each case × 4 cases) to analyse a variety of cases. It will be ex-
tremely costly and time consuming to obtain actual build time
as label data for 11,792 geometries since a build process run-
ning a 3D printer takes a long time from a couple of hours to
even days. Second, since machine learning (ML) and deep learning
(DL) require a significant number of data, simulation data are of-
ten used as label data in build time estimation (Williams et al.,
2019) as well as other research areas [e.g. computational me-
chanics (Samaniego et al., 2020) and stress analysis (Khadilkar
et al., 2019)]. Lastly, since the main objective of our study is to
provide the performance comparisons of NN-based methods,
whether actual build time is used as label data is not essential.

The rest of the paper is organized as follows: Section 2 pro-
vides literature reviews for build time estimation studies and
CNN for AM. Section 3 details how we obtain the dataset of fea-
tures and labels for ML. Section 4 describes how we design the
architecture of the three NNs. In Section 5, computational ex-
periments are conducted to compare the three NNs. Section 6
concludes this research and discusses future work.

2 Literature Review

This section provides literature reviews. Section 2.1 summarizes
previous studies about build time estimation for AM. Section 2.2
briefly introduces CNN and explains how CNNs have been ap-
plied to AM studies.

2.1 Build time estimation

In AM, there are mainly three approaches to estimate the build
time (Zhang et al., 2015): (1) parametric, (2) analytical, and (3)
analogical. Figure 2 roughly represents that the accuracy is
improved depending on the number of input parameters. In
the parametric approach, only a few key parameters (e.g. part
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Figure 2: Build time estimation approaches: parametric, analytical, and analog-
ical.

volume, height, and surface roughness) could be considered to
estimate the build time (Choi & Samavedam, 2002). Since the
mathematical model of the parametric approach is simple and
even crude by ignoring many key parameters for the machine
setup and processing details, the prediction accuracy is low. On
the other hand, if a number of input parameters are consid-
ered based on the analytical approach, the estimation model be-
comes complicated, although the high accuracy is guaranteed.
Commercial slicing software for 3D printing, a simulator, is based
on the analytical approach to accurately estimate build time and
cost. For instance, PrusaSlicer(https://www.prusa3d.com/prus
aslicer/) considers almost 180–200 input parameters to estimate
build time for a material extrusion (ME) process (Zhang & Moon,
2021). The input parameters cover not only part information (e.g.
geometries, location, and build orientation) but also kinematic
factors (e.g. a laser velocity; Chen & Sullivan, 1996), driving fac-
tors for tool path (e.g. a contouring area and a hatching length;
Giannatsis et al., 2001), and support structure-related factors (e.g.
a self-supporting angle; Alexander et al., 1998). In short, there is
a trade-off between the parametric and analytical approaches. It
results in that people look for a mathematical estimation model
that is placed in the grey area of parametric and analytical ap-
proaches, considering a “proper” number of parameters and en-
suring the “acceptable” accuracy. The acceptable accuracy could
be different depending on when the build time estimation is ap-
plied. For example, the low accuracy is often acceptable at the
early design stage. This is because the main reason applying the
build time estimation at the design stage is to recognize which
design candidate is better in terms of build time rather than to
accurately estimate build time. Moreover, some parameters may
not be available at the design stage since machine setup param-
eters (e.g. laser power, laser speed, etc.) are usually determined
at the process planning stage following the design stage.

Meanwhile, researchers have proposed the analogical (or ex-
perimental; Medina-Sanchez et al., 2019) approach that is a dif-
ferent way from the parametric and analytical approaches. The
analogical approach is estimating build time based on an empir-
ical model created by experiments and input datasets. A regres-
sion model (Ruffo et al., 2006), a NN model (Munguı́a et al., 2009),
and an adaptive model based on the Grey theory (Zhang et al.,
2015) are classified into the analogical approach. The analogical
methods have been suggested to reduce the computation cost
and model complexity of the analytical approach (Zhang et al.,
2015). As shown in Fig. 2, the analogical approach shows rela-
tively high accuracy (or acceptable accuracy) of build time esti-
mation based on a small number of input parameters. As such,

the analogical methods have been suggested to reduce the com-
putation cost and model complexity of the analytical approach
(Zhang et al., 2015). In particular, it can be effective in the de-
sign stage rather than the process planning stage. To be specific,
the analogical approach could be adopted when build time is
required at the preliminary design stage or the early stage of
production plan where slicing data from a CAD file or process
parameters including machine setup are not available.

A comparison of the parametric, analytical, and analogical
approaches has been provided in the literature (Zhang et al.,
2015; Kadir et al., 2020). However, there have been very few at-
tempts at comparing between the analogical methods, espe-
cially NN models. As one of the analogical methods, an ANN
technique has been applied to estimate build time. Munguia et al.
proposed ANN-based build time estimation for Selective Laser
Sintering and error rates were observed from 2 to 15% (Munguı́a
et al., 2009). Angelo et al. suggested another ANN-based build
time estimation and error rates were from 3 to 16% for a fused
deposition modeling (FDM) machine and from 6 to 20% for a 3D
printing (3DP) machine (Di Angelo & Di Stefano, 2011). However,
given the accuracy numbers that the previous studies provide,
it is hard to tell which method is better than others. This is be-
cause the accuracy or error rate of the previous studies depends
on AM process types, the geometry of models, and process pa-
rameters. To provide the fair comparisons of multiple NNs, we
prepare the same dataset of 3D models and focus on an ME pro-
cess. Furthermore, when actual build time is considered as label
data, it is challenging to obtain a large enough number of sam-
ples since a build process running a 3D printer takes a long time
from a couple of hours to even days. To obtain enough data for
training, we adopt commercial slicing applications to calculate
build time.

2.2 CNN for AM

DL is a part of ML based on a NN model with multiple hidden
layers (Francis & Bian, 2019). In the literature, ANN and CNN for
DL are often named as DNN (Kwon et al., 2020; Samaniego et al.,
2020) and deep convolutional neural network (DCNN; Caggiano et al.,
2019), respectively. In this paper, although more than two hid-
den layers are considered, we use simple terms, ANN and CNN,
without “deep” in the remaining sections.

In ML, CNN is categorized into a class of DL (Valueva et al.,
2020). CNN has been widely applied to image processing do-
mains (e.g. image and video recognition, image classification,
and medical image analysis; Williams et al., 2019). Extracting
the spatial features (e.g. edges) from the data using a kernel
in a convolution layer is one of the main advantages of CNNs
(Spruegel et al., 2021). This characteristic of CNN provides trans-
lation equivariance, which means that translating input data
does not affect the recognition of the key geometric features
(Worrall et al., 2017). Therefore, CNN is usually adopted when
facilitating the identification and classification of 2D images or
3D models containing spatial properties.

Recently, CNN has been applied to the AM domain in various
ways. Most of the CNN studies focused on 2D CNN for laser pow-
der bed fusion by collecting 2D images in process to identify de-
fects (Caggiano et al., 2019; Zhang et al., 2019a), flaws (Imani et al.,
2019), anomaly (Scime & Beuth, 2018), and porosity (Zhang et al.,
2019b) and to predict laser power (Kwon et al., 2020). Addition-
ally, 2D CNNs were applied to FDM for defect classification (Wang
et al., 2020) and Stereolithography for stress prediction (Khadilkar
et al., 2019). While a 2D CNN usually uses 2D images (e.g. cross-
section and melt-pool images), a 3D CNN uses 3D models.
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Figure 3: 3D models from Bauman’s dataset.

Eranpurwala et al. applied 3D CNN to determine the build orien-
tation of parts (Eranpurwala et al., 2020). Williams et al. adopted
3D CNN-based build time estimation (Williams et al., 2019).
While their work is relevant to the 3D CNN of our study, there are
some critical differences. First, to obtain label data (a.k.a. target
estimations) for build time, they used a simple equation with
some key factors by assuming a constant material deposition
rate by volume. On the other hand, we generate our labeled data
from slicing applications to obtain estimations as close as pos-
sible to the real build time. Additionally, Williams et al. arbitrar-
ily generated dataset repositories from 18 design templates by
putting different parameters for translation and rotation. While
they adopted relatively simple geometries for the design tem-
plates, we use practical geometries for 3D printing from a val-
idated public dataset (Baumann, 2018). It should be noted that
we adopt 3D CNN rather than 2D CNN since 3D models are in-
puts to the NNs. Therefore, in the remaining sections, we name
3D CNN as CNN for simplicity.

3 Dataset Preparation

This section details how our datasets are prepared for ML. The
datasets are composed of feature and label data. In a regression
problem, features (i.e. independent variables) are used to predict
a label (i.e. a dependent variable). Section 3.1 explains how vali-
dated 3D models are obtained. Section 3.2 presents how features
are extracted from the 3D models. Section 3.3 describes how la-
bel data (i.e. build time in this study) are obtained.

3.1 3D models

For 3D models, we adopt the STL files of Baumann’s dataset
(Baumann, 2018). The dataset includes 30,000 models that are
collected from Thingiverse.(https://www.thingiverse.com/) The
dataset covers a variety of geometries as shown in Fig. 3. In
the dataset, we only consider the small-sized files that are less
than 10 MB for computational efficiency. Then, the geometries
are normalized into a unit size that the maximum dimension
is 1 mm. To include validated 3D models, they go through a
manifold-check process. Moreover, too thin or long geometries
are excluded to avoid some extreme cases. After the filtering,
normalization, and validation processes, 2,948 models are cho-
sen as the base geometries.

The size and orientation of 2,948 base models are redefined
to consider various cases. By controlling the scale and rotation

Table 1: Design control combinations for four design treatments.

Rotation

Low High

Scale
Low N R
High S SR

of the base models, we generate redefined geometries for two
levels as follows:

1. Low scale: randomly scaling from 30 to 90 mm.
2. High scale: randomly scaling from 90 to 150 mm.
3. Low rotation: no rotating (the initial orientation).
4. High rotation: randomly rotating from −90 to 90 degrees for

the X- and Y-axes.

When rotating for an axis, we only consider the X- and Y-
axes since rotating for Z-axis is usually not critical to build
time (Gogate & Pande, 2008). We consider scale and rotation for
design factors to investigate a variety of models, which is de-
tailed in Section 3.2.1. The combination of two levels, high and
low, for two design factors, scale and rotation, generates four
design treatments as shown in Table 1. Since each design treat-
ment includes 2,948 models, we consider 11,792 (4 × 2,948) ge-
ometries as input models.

3.2 Feature data

3.2.1 Representative geometric features
For RFs, we consider the width (dimension X), length (dimension
Y), and height (dimension Z) of a bounding box, the volume of a
3D model, and the volume of support structure. These features
are used as independent variables to estimate build time. To cal-
culate the volume of support structure, we partially refer to a
method of Williams et al. (2019). The calculation is represented
by

Vs =
∑

i∈Ms

di A(i ), (1)

where Vs is the calculated support volume, Ms is a set of meshes
with an overhang angle (less than 45 degrees), A(i) is the area of
mesh i, and di is a distance in the negative Z-direction between
the center of mass of Mesh i and either another surface of the
model or the build platform.
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Table 2: The average of dimensions, part volume, and support amount for each case.

Design Dimension X Dimension Y Dimension Z Part volume Support amount
treatments (mm) (mm) (mm) (mm3) (mm3)

N 51.75 46.37 33.03 28,414.84 725.15
R 55.95 47.86 56.18 28,636.83 2,259.54
S 104.08 93.51 65.88 192,375.22 4,520.99
SR 111.15 94.36 111.70 193,798.60 14,131.13

Figure 4: Voxel data structure.

As discussed in Section 3.1, each case includes 2,948 models.
The average of four RFs for each case is represented in Table 2.
As shown in the table, dimensions, part volume, and support
amount depend on the cases. The average of dimensions and
part volume shows that design treatments S and SR include rel-
atively large geometries. In addition, the geometries of design
treatments R and SR generate more support structure compared
to design treatments N and S. This is because it is likely to have
more support structure by rotating parts. Usually, parts with an
initial orientation have less support structure since they are sta-
bly placed. Since RFs have different units, they are normalized
based on the standard score with the mean and standard devi-
ation of the data population.

RFs are used as input features for an ANN model, which is
named as ANN with RFs and detailed in Section 4.2. The idea
of build time estimation based on ANN with RFs is originated
from the work of Munguı́a et al. (2009). To differentiate from the
previous work, we consider the amount of support structure as
an RF that represents a characteristic of AM.

3.2.2 Voxel data
The set of voxels is another type of feature data. A voxel set is
obtained from a voxelization process1. In computer graphics, the
voxelization process is to convert a 3D model into a set of cubes
(i.e. voxels). In this paper, however, an object for voxelization
is not just a 3D model but a build space including the model.
If a certain space of a voxel is occupied by some part of a 3D
model, the binary value for the voxel becomes 1. Otherwise, it
becomes 0, which means that the space of the voxel is empty. For
the voxelization process, we assume that every model is a solid
model. Therefore, the voxel value of inner part of a 3D model
is 1 since the inside of a solid model is filled. Along the X-, Y-,
and Z-axes, every voxel within a build space is checked whether

1 The source code is available at https://github.com/soonjokwon/VOX4AM

the binary value is 1 or 0. Finally, the voxelization process gener-
ates the data of 1D array consisting of binary values for voxels.
Figure 4 represents the voxel data structure for a certain cross-
section. In the top view, the build space is represented by a grid
structure (11 × 11 voxels). As shown in the figure, the voxel value
of occupied spaces for the rabbit model is 1.

In the voxelization approach, a voxel size is critical in de-
termining the degree of resolution. The voxel size refers to the
dimension of a voxel. Figure 5 presents the resolution of vox-
elization depending on voxel sizes. If voxelization is conducted
with a small voxel size, high resolution can be achieved. Other-
wise, it generates low resolution that the surface of a 3D model
becomes coarse.

There is a trade-off between resolution and computation ef-
ficiency (Zhang et al., 2018). If high-resolution data are used for
ML, it would take a lot of processing time and require a large
storage capacity while the build time estimation is accurate.
This is shown in Fig. 6 that illustrates the performance of an
estimation model and the difficulty of data handling depend-
ing on voxel sizes. To be specific, Fig. 6a represents mean abso-
lute percent error (MAPE) and R2 that are indicators for the perfor-
mance of a regression model detailed in Sections 5.1 and 5.4.1.
Figure 6b presents processing time for the voxelization process
and the file size of voxel data. As shown in the figures, if the
voxel size gets smaller, process time and data file size become
increased while the prediction for build time becomes accurate.
While the performance gets better linearly (see Fig. 6a), the dif-
ficulty is dramatically increased from 6 to 3 mm (see Fig. 6b).
We discarded to obtain the data for a voxel size of 2 mm since
it would take so much processing time for voxelization and re-
quire a lot of data size. To compromise on a certain level, we
decide to proceed computation experiments with a voxel size
of 3 mm.

In this study, a build space with 250 × 250 × 250 mm is
voxelized based on a voxel size with 3 mm. As such, 592,704
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Figure 5: The resolution of voxelization depending on voxel size.

Figure 6: Computation efficiency depending on voxel sizes: (a) performance of an estimation model and (b) difficulty of data handling.

voxels, 84 × 84 × 84, are generated for each build space in-
cluding a 3D model. Since each voxel has a binary value, each
build space is converted into a 1D array consisting of 592,704 bi-
nary values. After the voxelization process for each case, an H5
file(https://support.hdfgroup.org/) is created and its data struc-
ture is a 2D array consisting of 2,948 models × 592,704 values.
The size of an H5 file for each case is about 6.5 GB. Since we deal
with four cases, four H5 files are needed for an experiment.

3.3 Label data

To obtain label data, collecting actual build time for 11,792 mod-
els (2,948 models for each case × 4 cases) is costly and time con-
suming. As such, instead of actual build time, we consider the
simulation build time calculated from slicing applications.

To calculate build time, two slicing applications,
PrusaSlicer 2.2.0(https://www.prusa3d.com/prusaslicer/)
and UltimakerCura 4.5(https://ultimaker.com/software/ultim
aker-cura), are employed. We consider multiple slicing applica-
tions to avoid that an experiment result is biased for a certain
application. The applications calculate build time by slicing a
3D model layer by layer and extracting tool path. Virtual 3D
printers are embedded in the slicing applications. In this study,
Ultimaker Original and Original Prusa i3 MK3S are used as
virtual 3D printers for an ME process. In addition, except for
the following items, process parameters are set as the default
values of the virtual printers.

1. Build space: 250 × 250 × 350 mm
2. Material type: PLA
3. Overhang threshold for support structures: 45 degrees

4. Layer thickness: 0.2 mm
5. Infill rate: 30%

4 The Design of NNs

Sections 4.1 and 4.2 detail the architecture of CNN and ANN,
respectively. While Section 4.1 describes a CNN structure
that voxels are input features, Section 4.2 describes the two
types of input features (i.e. RFs and voxels) for ANN. Sec-
tion 4.3 provides how hyperparameters are determined for the
three NNs.

4.1 CNN architecture

Figure 7 presents the architecture of CNN for estimating build
time. For CNN, a pair of feature data and label data is provided.
The feature data are 592,704 voxel values (84 × 84 × 84) for 2,948
models (see Section 3.2.2). As a regression problem, the output
layer has only one output neuron and its activation function is
linear since an output variable takes a continuous value. In our
CNN model, two pairs of convolutional and max-pooling layers
are included. The primary objective of a convolutional layer is
to extract specific features from input data (e.g. a 3D model) by
sliding a kernel (or a filter) and creating a feature map. A pooling
layer reduces the spatial size (or dimensionality) of the feature
map. Then, in a fully connected layer, the features are flattened
into neurons. The activation function of the neurons in the fully
connected layer is rectified linear unit activation (ReLU). Addition-
ally, we include dropout for output values from the fully con-
nected layer to reduce overfitting (Aggarwal, 2018).
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Figure 7: The architecture of CNN to estimate build time.

Figure 8: The architecture of ANN to estimate build time.

4.2 ANN architecture

Depending on the type of input features, we design two ANNs:
ANN with RFs and ANN with voxels. In the remaining sections,
we simply name them as ANNr and ANNv, respectively. Figure 8
illustrates the architecture of ANNr for estimating build time. For
the ANNr, the input layer consists of the five normalized RFs,
dimensions X, Y, and Z, the volume of a part, and the amount
of support structure. While the overall ANNr design comes from
the work of Munguı́a et al. (2009), we added a new input feature,
the amount of support structure, that is a critical factor in build
time estimation. Similar to the CNN structure, the output layer
of ANNr also has only one output neuron in which the activa-
tion function is linear. While Munguı́a et al. considered only one
hidden layer, we deploy three layers for ANNr to improve the pre-
diction performance based on accumulated experimental data.
The neurons in the hidden layers have ReLU for their activation
function.

The architecture of ANNv has the input layer for voxel
data. As such, instead of the five RFs, 592,704 voxels for each
model are entered to ANNv. Therefore, the design of the in-
put layer is the same as CNN. Except for the input layer, oth-
ers including hidden layers and the output layer are the same
as ANNr.

4.3 Hyperparameters for NNs

In ML, hyperparameters (e.g. dropout rate and the number of
neurons) are parameters that are used to control a learning pro-
cess. Depending on hyperparameters, the model of NNs is dif-
ferently trained, which affects the prediction outcome. In other
words, the prediction performance of ANNr, ANNv, and CNN de-
pends on their hyperparameters. In this paper, the three NNs
are compared based on their best performance. To obtain the
best performance for each NN, we look for the optimal combina-
tion of hyperparameters to minimize the loss function by alter-
ing hyperparameters. To tune hyperparameters, we adopt Ten-
sorflow’s HParams plugin.(https://www.tensorflow.org/tensorbo
ard/hyperparameter tuning with hparams)

In this paper, we tune the number of neurons of three hid-
den layers and the dropout rate for the ANNr and ANNv models.
In the CNN model, the number of filters in convolutional lay-
ers 1 and 2 and the dropout rate are tuned. Table 3 represents
options that can be chosen for each hyperparameter. To reduce
computation load for processing a significant number of voxels,
ANNv and CNN have only two options for the number of neurons
and filters while ANNr has three options. Depending on the four
cases and the two slicing applications, we differently choose the
hyperparameter options that minimize a loss function. In the
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Table 3: Hyperparameter options for ANNr, ANNv, and CNN.

Hyperparameters Options

ANNr The number of neurons in hidden layers 1, 2, and 3 [16, 128, 256]
Dropout rate (%) [0.1, 0.5]

ANNv The number of neurons in hidden layers 1, 2, and 3 [32, 256]
Dropout rate (%) [0.1, 0.5]

CNN
The number of filters in convolutional layers 1 and 2 [16, 64]
The number of neurons in fully connected layer [32, 128]
Dropout rate (%) [0.1, 0.5]

Figure 9: Training results for design treatment SR: MAPE for train and validation loss (%).

CNN design, some hyperparameters are referred from the work
of Williams et al. (2019) such as pooling size (2, 2, 2) and filter (or
kernel) size (3, 3, 3).

5 Computational Experiment

In this section, we provide computational experiments to com-
pare the performances of CNN, ANNr, and ANNv. The design
of the three NNs explained in Section 4 is implemented in
Tensorflow 2.1.0,(https://www.tensorflow.org/) Python 3.7.7,(ht
tps://www.python.org/) and Keras 2.2.4.(https://keras.io/) Sec-
tions 5.1 describes how the NNs are trained and tested. In Sec-
tion 5.4, we discuss about test results.

5.1 Training NN models

An input dataset includes a variety of samples depending on the
four design treatments (N, S, R, and SR). As explained Section 3.1,
each design treatment includes 2,947 samples. For label data,
the build time for each sample (a 3D model) is simulated by the
two slicing applications, PrusaSlicer and UltimakerCura. More-
over, we consider three types of NNs (CNN, ANNr, and ANNv).
2,947 samples for each design treatment are trained and tested
as an experiment. Therefore, we have 24 experiment sets (4 de-
sign treatments × 3 NN types × 2 slicing applications).

The input dataset of 2,947 samples is split into a train set
and a test set with a ratio of 9:1. As such, the train and test sets
include 2,652 and 295 samples, respectively. When splitting it,
the last 10% of samples in the dataset are included in a test
set. This is to make sure that the three NN models have the
same test set for a fair comparison. For the train set, 10% of
the 2,652 samples are randomly chosen for validation and then
the samples are shuffled for each training epoch. The number
of epochs and training batch size are 150 and 20, respectively.
During training, mean absolute percentage error (MAPE; see equa-
tion 2) is considered for a loss function. Note that mean squared

error is not considered in this paper since it generates too large
numbers, which results from the build time is measured by
unit seconds and the difference between actual and predicted
values is squared. This makes it difficult for people to recognize
the meaning of the numbers. In equation (2), Yi, Ŷi , and n are an
actual value, a predicted value, and the number of data, respec-
tively. Training is conducted with the Adam optimizer (Kingma
& Ba, 2014) used in the previous study (Williams et al., 2019).

MAPE = 100
n

n∑

i=1

∣∣∣∣∣
Yi − Ŷi

Yi

∣∣∣∣∣ (2)

In ML, learning curves consisting of training and validation
scores help us to identify whether a NN model is well trained.
Figure 9 represents learning curves for design treatment SR. In
these figures, if a training curve goes under a validation curve
and the gap between the two curves is large, it means that a
NN model is too dependent on training data and it is likely to
have a higher error rate on test data, which is known as overfit-
ting. On the other hand, if a training curve goes over a valida-
tion curve with a large gap between the two curves, it indicates
that a NN model is too simple to train the given dataset, which
is known as underfitting. To avoid overfitting during training, we
adopt two methods: dropout and stop condition. The dropout is
a technique to randomly drop some units in a NN during training
(Srivastava et al., 2014). The stop condition is to stop a training
process if there is no improvement for certain epochs. In the ex-
periments, the dropout rate is tuned for each NN as discussed
in Section 4.3 and the stop condition is set as 10 epochs. Fig-
ure 9 shows that the NN models for design treatment SR are well
trained without overfitting or underfitting. This is also shown in
the learning curves of other design treatments.

5.2 Test with a new dataset

After the training process, 295 samples in the test dataset are
used for the prediction test. Figure 10 represents the relation
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Figure 10: Test results: the plotting graph of prediction and simulation build time (BT) for design treatment SR.

Figure 11: Test results: the error distribution of prediction and simulation build time (BT) for design treatment SR.

between prediction and simulation build times. The simula-
tion build time is label data estimated by slicing applications.
The three figures are the test results of ANNr-, ANNv-, and
CNN-based estimation for design treatment SR with labels from
PrusaSlicer. The closer the plotting dots on the diagonal, the less
error they cause. The gaps between the prediction and simula-
tion values are illustrated as error distributions with a bin size
of 25 in Fig. 11. The Gaussian distributions show the variation
of errors. In this case, the CNN-based estimation provides less
error variation compared to others.

5.3 Part fabrication

As shown in Fig. 12, our paper focuses on two types of build
time: build time calculated by slicing software (simulation time)
and build time predicted by a NN model (prediction time). The
NN model is trained based on the simulation time. Thus, if the
NN model is well trained, the prediction time will be close to
the simulation time. To validate how the NN model accurately
predicts, a new dataset of simulation time is used, which is ad-
dressed in Section 5.2 (see Figs 10 and 11). It should be noted
that actual build time is not necessary in the training and test
processes for our study.

However, to show a gap between the virtual and real worlds,
we chose three samples from the test dataset (295 samples) and
fabricated the three parts based on an ME 3D printer. As shown
in Fig. 13, when comparing simulation and prediction time, er-
ror rates are 2.93% of Lion, 5.22% of Banana, and 1.16% of Angel.
For the comparisons of actual and simulation times, error rates
vary from 0.35% of Banana to 15.43% of Angel. For Angel, the

large difference of actual and simulation times could be affected
by the geometry of a model or the status of a 3D printer. How-
ever, the comparison between actual and simulation times is not
deeply addressed in this paper since it is not our focus. Note that
directly comparing prediction time with actual time is meaning-
less since our NN model is trained based on simulation time.

5.4 Result and discussion

5.4.1 Comparison of NN-based regression models
Coefficient of determination, denoted R2, is a widely used measure
to judge the adequacy of a regression model (Montgomery &
Runger, 2013). R2 is based on the proportion of total variation
of outcomes explained by the model. This measure is useful to
find the likelihood of future events falling within the predicted
outcomes (Williams et al., 2019). R2 normally ranges from 0 to 1
and, if R2 is equal to 1, it is a perfect prediction. In addition, to
judge the adequacy of a regression model, we consider one more
measure, MAPE, that is based on the difference between actual
and predicted values. The MAPE represents an error rate as the
100 scales.

Tables 4 and 5 show R2 and MAPE of the three NNs (ANNr,
ANNv, and CNN) depending on the four design treatments (N,
R, S, and SR). The tables include outcomes for PrusaSlicer and
UltimakerCura and the averages of the two slicing applications.
Note that we have 24 experiment sets (4 design treatments ×
3 NN types × 2 slicing applications) and each set is repeated
5 times. In Tables 4 and 5, R2 and MAPE are the means of
five repeats of training and testing processes. Figure 14 visu-
ally presents R2 and MAPE that are the averages of the two
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Figure 12: Definition of simulation time, prediction time, and actual time.

Figure 13: Part fabrication: simulation time, prediction time, and actual time.

Table 4: R2 of the three NN models (ANNr, ANNv, and CNN) depending on the design treatments (N, R, S, and SR).

PrusaSlicer UltimakerCura Average

ANNr ANNv CNN ANNr ANNv CNN ANNr ANNv CNN

N 0.5797 0.6014 0.7606 0.8696 0.8895 0.9545 0.7246 0.7455 0.8575
R 0.6437 0.5322 0.7435 0.8169 0.7887 0.9249 0.7303 0.6605 0.8342
S 0.6132 0.5323 0.8108 0.8684 0.8724 0.9555 0.7408 0.7023 0.8832
SR 0.6578 0.5195 0.8443 0.8451 0.8268 0.9473 0.7515 0.6731 0.8958

applications from Tables 4 and 5. With the figure, we can recog-
nize which NN model is superior for a certain design treatment.
It shows that the CNN-based estimation provides higher R2 and
smaller MAPE than the other NN models, which means that we
can obtain more accurate build time prediction outcomes based
on the CNN model.

In Fig. 14a, when the CNN model is applied to de-
sign treatment SR, R2 is 0.8958, which is 0.2227 larger
than the ANNv model. Moreover, in Fig. 14b, when
considering the CNN model for design treatment SR,
MAPE is 13.55% that is 12.41% smaller than the ANNv

model.
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Table 5: MAPE (%) of the three NN models (ANNr, ANNv, and CNN) depending on the design treatments (N, R, S, and SR).

PrusaSlicer UltimakerCura Average

ANNr ANNv CNN ANNr ANNv CNN ANNr ANNv CNN

N 29.05 31.21 27.79 18.58 17.64 14.11 23.82 24.43 20.95
R 26.02 29.86 20.65 20.50 18.50 13.99 23.26 24.18 17.32
S 23.87 24.85 16.37 17.77 15.01 10.00 20.82 19.93 13.19
SR 22.68 31.57 15.82 18.20 20.35 11.28 20.44 25.96 13.55

Figure 14: Comparison of the three NN models (ANNr, ANNv, and CNN): (a) R2 (the averages from Table 4) and (b) MAPE (the averages from Table 5).

5.4.2 Significance of differences among the NN models
To identify that the difference among the NN models is signif-
icant, we apply one-way analysis of variance (ANOVA) test with a
0.05 significance level. For the one-way ANOVA, we use percent
errors as a dataset. A percent error is an element of MAPE. As ex-
plained in equation (2), MAPE is the mean of percent errors and
a percent error is based on the difference between actual and
predicted values for each sample. The dataset is comprised of
885 percent errors (295 percent errors × 3 NN types). With the
dataset, we apply the ANOVA test for each design treatment.
Note that each percent error is the average for the two slicing
applications, the PrusaSlicer and UltimakerCura.

Table 6 presents the mean, μ, and standard deviation, σ , of
295 samples for each NN model and the P-value for each ANOVA
test. Herein, μ is MAPE explained in Section 5.4.1. As shown in
Table 6, the difference is significant in most cases. Furthermore,
we adopt Fisher’s least significant difference (LSD) method to com-
pare all pairwise differences. The grouping information for all
pairwise differences is presented in Table 7. If a difference be-
tween two models is not significant, the models are classified
into the same group. As a result, the CNN-based estimation is
classified into a different group in design treatments R, S, and SR.
This means that the CNN-based estimation for build time gives
significantly less error rate compared to the other ANN models
in most cases. We hypothesize that the high performance of the
CNN model is due to the ability of a CNN extracting extract spa-
tial features.

5.4.3 The effect of design factors
As discussed in Section 3.1, the four design treatments are dis-
tinguished by the combination of two design factors (i.e. scale
and rotation) and two levels (i.e. low and high). To identify the
effect of the alterations of scale and rotation on constructed 3D
models, we apply a two-way ANOVA test with a significance level

of 0.05. For the two-way ANOVA, we use the percent errors as a
dataset as explained in Section 5.4.2. The dataset is comprised of
1,180 percent errors (295 percent errors × 4 design treatments).
With the dataset, we apply the two-way ANOVA test for each NN
model.

Table 8 presents the P-value of the ANOVA test for each NN
model. This table shows that scale is clearly a significant de-
sign factor for CNN. In other words, if the size of 3D models
is large, the CNN-based estimation tends to show small errors.
This is mainly because the CNN model requires large enough
a 3D model to extract spatial features and accurately estimate
build time. In short, to accurately estimate build time based on
CNN, large parts would be more effective. The tendency is also
shown in Tables 6 and 7 that the CNN model has a small MAPE
in design treatment S or SR when 3D models are large. However,
in design treatment N when 3D models are small, the MAPE of
the CNN model is not much different from the other ANN mod-
els. Before the experiments, we expected that rotation would be
significant for the CNN model. This is because a CNN can rec-
ognize the rotation features of 3D models and support structure
generated by rotation affects build time. However, Table 8 shows
that rotation for the CNN model does not have a significant in-
fluence on reducing errors for build time estimation. This could
be caused by the fact that the effect of support structure on build
time is not significant. Although rotating a model from the ini-
tial orientation generates more support structure, it is hard to
tell that the amount of support structure has a significant effect
on estimating build time.

5.4.4 Relations between training and prediction design treatments
In the previous sections, we assumed that the training and test
sets are the same. In this section, we differently apply the train-
ing and test sets. This is to investigate relations between training
and prediction design treatments, which is shown in the work
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Table 6: MAPE (%) for the three estimation models and P-value of one-way ANOVA test.

Design
treatments

ANNr ANNv CNN
P-value

μ σ μ σ μ σ

N 23.82 17.70 24.62 24.05 20.95 23.50 0.1030
R 23.26 15.97 24.12 15.83 17.32 11.84 <0.0001
S 20.82 16.11 19.98 14.14 13.19 10.04 <0.0001
SR 20.44 14.59 25.88 16.28 13.55 9.18 <0.0001

Table 7: Grouping information using the Fisher LSD method.

Design
treatment

ANNr ANNv CNN

Group AN

N Group BN

Group AR

R Group BR

Group AS

S Group BS

Group ASR

Group BSR

SR Group CSR

Table 8: P-values of two-way ANOVA test for percent errors.

ANNr ANNv CNN

Scale 0.0020 0.1709 <0.0001
Rotation 0.6184 0.0101 0.0586
Interaction effect 0.9258 0.0023 0.0208

of Williams et al. (2019). However, we have two different points
from their work. First, our design treatments are different from
the previous work by considering scale as a design factor. More-
over, we adopt MAPE as a measure for confusion matrices while
the previous work used R2. This is mainly because R2 could be
inflated so that it may not be useful to determine the appropri-
ateness of a regression model (Montgomery & Runger, 2013).

Figure 15 presents confusion matrices for the three NN mod-
els. Note that a value in the confusion matrices is the average
of MAPEs for the two applications. For most cases in Fig. 15,
CNN-based estimation provided smaller MAPEs compared to

the other NN models. In addition, we mostly obtained smaller
MAPEs when prediction and training treatments are the same.
When it comes to the CNN model (see Fig. 15c), the result can
be compared to the work of Williams et al. (2019). Our result
shows a similar tendency with the previous work in terms of
having mostly positive outcomes when prediction and training
treatments are the same. In our result, however, this tendency is
more clearly represented by showing that the most positive out-
comes are focused on the diagonal numbers in the confusion
matrix.

We hypothesize that this difference is due to the label data.
In our study, label data, namely build time, is created by slicing
applications considering a variety of factors including process
parameters and a tool path. However, the previous study calcu-
lated build time for label data based on a couple of parameters.
This could result in that the calculated build time of the previous
work is dominated by some major factors (especially the volume
of a part). In this case, if a regression model has a large weight on
the major factors, we would be able to expect positive outcomes
for prediction tests.

6 Conclusion

In this paper, we compared three types of NNs for build time
estimation: ANNr, ANNv, and CNN. To investigate the effective-
ness of input geometries on estimation results, we distinguished
four design treatments based on scale and rotation. For fea-
ture data, representative geometric features and voxel data were
considered. Moreover, slicing applications were adopted to ob-
tain build time for label data. In the computational experiments,
we trained the NN-based regression models and tested the accu-
racy of prediction. In most cases, CNN-based estimation showed
better performance than the other ANN models. Moreover, we
revealed that the CNN-based estimation is sensitive to the size of

Figure 15: Confusion matrix (PrusaSlicer and UltimakerCura combined) for percent errors (%) when predicting build time from all design treatments: (a) ANNr; (b)

ANNv; and (c) CNN.
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3D models. This means that 3D models should be large enough
to increase the performance of the CNN model.

Our build time estimation methods have a limitation that it is
challenging to be generalized. If we want to estimate build time
for another type of AM process with different process parame-
ters, our NN models should be trained from the beginning. Our
NN models for build time estimation are not appropriate in a sit-
uation where AM process types and process parameters change
frequently. However, our methods are more appropriate in an-
other situation that build time estimation is repeatedly, rapidly
or roughly needed with little change in process parameters. For
instance, our estimation methods can be applied to a 3D print-
ing farm that usually runs dozens or hundreds of the same 3D
printers with similar process parameters. As another example,
build time in the early design stage is roughly estimated since
specific process parameters are not available. In such case, the
default process parameters that are widely used for build time
estimation are often used.

For future work, this paper leaves further topics spanning
three research directions. First, instead of simulation time based
on slicing applications, actual build time can be used for label
data. However, this could be costly and time consuming to ob-
tain a large enough number of data for the training and testing
of NNs. Second, except for an ME process, other AM processes
(e.g. vat polymerization and powder bed fusion) could be con-
sidered. Third, the proposed build time estimation could also be
adopted for other time-critical tasks such as part maintenance
(Kim et al., 2019a, b) or 3D printing farm (Skawiński & Siemiński,
2017). Lastly, the effect of process parameters (e.g. layer thick-
ness) on the performance of NNs could be investigated. In this
study, we used consistent values for key process parameters
such as layer thickness, although two different virtual 3D print-
ers were considered. However, by altering the parameter values,
the effect of process parameters could be analysed.
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