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Abstract— Although 3D printing technology has developed
rapidly in recent years, there are many problems to be solved.
The accuracy of the objects obtained by 3D printing is low
compared with subtractive manufacturing methods. There are
many factors that affect the errors, such as the shape of the
object, the properties of the material, and parameters in the
printing process. We takes Digital Light Processing (DLP) 3D
printing as an example in this paper and take the dental crowns
as the test category. We use the Convolutional Auto-Encoder
(CAE) architecture to make prediction and compensation for
the error of the 3D models directly. We use a simulation method
to obtain the data, and test on nonlinear deformation. The
results show that our network has a good ability to approximate
nonlinear deformation.

I. I NTRODUCTION
3D printing, also known as additive manufacturing (AM),
is a novel fabrication process with the object built layer
by layer [1], [2]. Modern 3D printing technology originated
in the mid 1980s. After about 30 years’ development, AM
has played an important role in areas such as medicine,
aviation, aerospace, automotive, robots, apparel, art and
jewelry [3]. At present, popular 3D printing technologies
include StereoLithography (SL), Fused Deposition Modeling
(FDM), Digital Light Processing (DLP) based vat photopolymerization, Seletive Laser Melting (SLM), Selective Laser
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Sintering (SLS), and so on. The detailed manufacturing
processes are as follows: 1) In preprocessing stage, we obtain
the CAD model of parts, and the slicing software slices the
3D models along a certain direction to get a set of slices.
The STereoLithography (STL) is a standard file format in 3D
printing. It uses multiply triangle faces to approximate the
surface of the parts. In order to build overhang structures,
as well as ensure the stability and reduce the warping
deformation of the parts, the supporting structures are added
for vatphotopolymerization, and FDM and some other 3D
printing technologies. 2) In the production stage, the parts
are manufactured. 3) In postprocessing stage, the parts are
taken out and the supporting structures are removed.
In recent years, the DLP 3D printing has become a
research hotspot. As shown in Fig. 1, the system is made
of a build platform, a tank, lifting mechanism, digital micromirror device (DMD), light source and lens. The raw material
is photosensitive resin. The light source is Ultraviolet (UV)
light. After reflection and refraction, the UV light is projected
onto the bottom surface of polymer resin. The polymer resin
irradiated is rapidly cured to form a layer of parts. After
that, the build platform moves and leaves a distance and the
printer starts to build the next layer. The process repeats until
the part is built.
There are many reasons for 3D printing errors. In preprocessing stage, the 3D CAD models are converted into
STL format files. The triangular face is used to approximate
the surface of a 3D object, which causes information loss.
The slicing operation destroys the continuity of the surface.
The removal of supporting structure and waste materials
may cause defects for the details of the parts. In the DLP
3D printing, the resin material changes from liquid into
solid, which causes the volume to contract and the stress
needs to be released. In the solidified material layer, the
shrinkage ratio is greater than the solidifying material layer,
which results in the stress between the contact surfaces.
Shrinkage and curling are two main forms of deformation.
The deformation is related to the properties of the material,
the time of exposure, the shape of the parts and the degree
of solidification. Compensating the error manually is neither
economical nor easy. The Finite Element Method (FEM) can
be used for error prediction. It can consider the material and
the process, but it is hard to consider all the factors.
A learning-based framework was proposed in our previous
work [4]. It makes prediction and compensation for the
error in the 3D space using Convolutional Auto-Encoder
(CAE) network. The 3D printing system can be regarded

667

build platform
tank

resin

part

lens

lifting mechanism

light source
DMD

Fig. 1.

DLP based vat photopolymerization

as a nonlinear one. The neural network has the ability
of approximating a nonlinear function and it will be used
to predict the error of the parts. There are two ways to
compensate the error. The first way is to train a prediction
network by taking the nominal models as the input, and
taking the printed models as desired output. After training,
the prediction network can predict the error, and then we can
use the optimal amount of compensation [5] to compensate
the error. The second way is to train a compensation network
by taking the printed models as the input, and taking the
nominal models as desired output. After training, input the
nominal models to the compensation network and we can
obtain the compensated model. The compensated model will
be input to the 3D printing system to obtain the actual
models. In this way, the error can be reduced.
Because of the difficulties of obtaining the actual data, a
simulation method is used. In the previous work we tested
on four linear or affine deformations: 1) translation; 2)
scaling down; 3) scaling up; and 4) rotation. Also, because
of the computational burden, the resolution is limited to
32×32×32. However, CAE network’s ability to approximate
nonlinear deformation remains to be verified. The resolution
of 32 × 32 × 32, which is hard to satisfy the standard of
printing. Our contributions of this paper are that we extend
this method to the nonlinear deformation, and we test on
resolutions of 32 × 32 × 32 and 64 × 64 × 64.
The rest of the paper is organized as follows. In section II,
we review related work. In section III, we explain the error
compensation method and the neural network. In section
IV, we report the experimental results and analysis. The
conclusion is given in Section V.
II. R ELATED W ORK
A. 3D Printing Error Compensation
The Finite Element Method (FEM) can be used for error
prediction and compensation [6]–[8]. We can simulate 3D
printing process by using FEM software such as ANSYS or
ABAQUS, then the deformation of the part can be obtained,
and a reverse deformation correction can be applied. In this
way, the error can be reduced. However, there are many
factors that induce the error, and it is hard to consider all

the factors in this modeling process. Thus, the accuracy of
compensation is usually not satisfactory.
Another way is to use statistical approaches to model
and predict the deformation of the parts. In [9], authors
model and predict part shrinkage on the polar coordinate
system (PCS), and derive an optimal shrinkage compensation function. This function has been applied to cylindrical
products. In [10], the authors extend the modeling and
compensation method from cylindrical shapes to polygon
shapes. Then in [11], the method is extended to arbitrary
free shape. However, these methods make compensation
in 2D space. Because of the effect of the stress between
layers, it is necessary to make compensation in 3D space.
In [5], the authors establish the theoretical foundation of 3D
geometric error compensation and derive the optimal amount
of compensation.
Learning-based method is also used to compensate the
error in 3D printing. In [12], the authors propose Artificial Neural Network (ANN) based geometry compensation
methodology for counteracting the thermal deformations in
3D printed parts. However, the problem of matching point
cloud data from the CAD model surface with that from scanning remains to be resolved. In [13], the authors propose a
two-step method to minimize the geometric error. At the first
step, they use a weighted optimization model to determine
the optimal build orientation. At the second step, they use
an ANN based geometric compensation methodology in the
optimal orientation of parts to make appropriate geometric
modifications. Our previous work [4] proposes to use deep
neural network to make prediction and compensation of
errors in 3D printing. Experiments show that the neural
network has a good approximation of the four linear or affine
deformations: 1) translation; 2) scaling down; 3) scaling up;
and 4) rotation.
B. 3D Deep Learning
Deep learning has developed very quickly in recent years.
Various models have emerged, such as Convolutional Neural
Network (CNN), Recurrent Neural Network (RNN) and
Generative Adversarial Networks (GAN). A number of deep
learning tools have emerged, such as TensorFlow, Keras
and Pytorch, which bring convenience to users. Also, the
hardware processor has made important progresses, and the
Graphic Processing Unit (GPU) is widely used.
There are three popular ways to represent 3D objects,
including voxel data, multi-view data and point cloud, which
induce different deep learning models. These methods are
introduced below: 1) voxel data. Voxel is short for volume
element, which uses space occupation information to describe 3D objects. In [14], the authors proposed to represent
a geometric 3D shape as a probability distribution of binary
variables on a 3D voxel grid. If the voxel is occupied, it
is marked as 1, otherwise it is marked as 0. In [15], a 3DRecGAN approach was proposed to reconstruct the complete
3D structure of a given object from a single arbitrary depth
view. The drawback of this method is that the resolution is
hard to improve due to computational and storage burdens. 2)
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Fig. 2.

Two methods of error compensation

multi-view data. Multi-view images are derived by projecting
3D object at different angles. In [16], volumetric CNNs
and multi-view CNNs were analyzed and compared, and
a method of multi-resolution 3D filtering was introduced
to process multiply images. In [17], the authors proposed
3D Recurrent Reconstruction Neural Network (3D-R2N2).
The input are multiple images of an object instance from
different viewpoints, and the output is a reconstruction of
the object in the form of a 3D occupancy grid. 3) point
cloud. Point cloud stores (x, y, z) coordinates and RGB color
information of each point on the surface of 3D objects. The
“PointNet” proposed in [18] is to use deep learning method
to process point cloud directly. Then in [19], the authors
proposed “PointNet++”, which applies PointNet recursively
on a nested partitioning of the input point set, and is able
to learn local features with increasing contextual scales.
However, point cloud is disordered and unstructured, which
bring difficulties to the design of neural network.
In this paper, we use voxel grid to represent 3D objects.
We use the CAE structure, and use the convolution to extract
features of the model. Then the deconvolution is use to
restore the resolution. The concatenation is adopted to fill
in the details of the model. The input and output are both
voxel grids. Detailed description is shown in Section III.
III. E RROR C OMPENSATION M ETHOD
In this section, we explain the two methods of compensation. Then we introduce the neural network we adopt in our
experiment.
A. Method
Two methods are proposed to solve the error compensation
problem in 3D printing. The framework is shown in Fig.2.
The Method 1 is to train a prediction network. We use V to
denote the original model, which is called “nominal model”.
We use V 0 to denote the deformed model, which is obtained
after printing. The V and V 0 are all 3D object models, and
their relationship can be described as (1).
Vi0 = f (Vi )

(1)

We can train a prediction network to approximate this
function by taking V0 , V1 , . . . , VN −1 as the input, and taking
V00 , V10 , . . . , VN0 −1 as the groundtruth. The “N ” represents
the number of the training samples. We use gradient descent
algorithm to train the network, and use a loss function to calculate the difference between output models and groundtruth.
The parameters of the prediction network are changed in the
training process. After training, we can input a model to the
prediction network and obtain an output model. Then we can
compensate the nominal model according to the prediction
result. As demonstrated in [5], the optimal amount of compensation x∗ (θ, ϕ) for spatial shape deformation reduction
is shown in (2).
x∗ (θ, ϕ) = −

f (θ, ϕ, r0 (θ, ϕ)
f 0 (θ, ϕ, r0 (θ, ϕ)

(2)

This function is defined in the spherical coordinate
system (SCS). Where θ is polar angle, ϕ is azimuthal
angle, and r0 (θ, ϕ) is radial distance in the nominal model. f (θ, ϕ, r0 (θ, ϕ)) is the prediction error, and
f 0 (θ, ϕ, r0 (θ, ϕ)) is the derivative with respect to r0 (θ, ϕ).
The Method 2 is to train a compensation network, which
is also called “inverse function network”. We train this
network by taking V00 , V10 , . . . , VN0 −1 as the input, and taking
V0 , V1 , . . . , VN −1 as the groundtruth. The function between
input and output models is shown in (3). When testing, we
input the nominal model to the compensation network and
can obtain the compensated model. The compensated model
will be input to the 3D printing system and the error will be
reduced.
Vi = f −1 (Vi0 )
(3)
B. Neural Network
We use the CAE architecture, which follows the idea of Unet architecture [20], [21]. The details of the architecture are
shown in Fig. 3. The input and the output are voxel grids. It
uses a probability distribution of binary variables to describe
the 3D objects. If the voxel is occupied, it is marked as 1,
otherwise it is marked as 0. The input and the output are all
in the form of a 5D tensor with shape “10 × 64 × 64 × 64 ×

669

Fig. 3.

The structure of the neural network

1”. The “10” represents batchsize of training samples, the
“64 × 64 × 64” represents the resolution of the voxel grid,
and the “1” represents the number of channels.
The CAE architecture can be divided into two parts: an
encoder and a decoder. The encoder extracts features of input
voxel grid by convolution, and then increases the receptive
field by pooling. The decoder restores the original resolution
by deconvolution. The encoder has four 3D convolutional
and pooling layers. In the convolution layer, filters are
5D tensors with shape “4 × 4 × 4 × input channels ×
output channels”. The “4 × 4 × 4” represents the length,
width and height of the filter. Filters move with the stride
“1 × 1 × 1 × 1 × 1”, and the overlap of filter and input
go through a convolution operation to form a voxel in the
output. After the first convolution, the number of channels
becomes 64. Then the number of channels is doubled after
each convolution. Each convolutional layer is followed by
a nonlinear activation function, for which we choose Leaky
Rectified Linear Unit (LReLU). In max pooling layer, the
filter shape is “1×2×2×2×1”. The resolution of the feature
maps is halved, and the number of channels has no change.
The decoder has four deconvolutional layers. Before each deconvolution, there is a concatenation operation. For example,
the hidden layer in blue concatenate with itself. After that,
the number of channels is doubled. Then a deconvolutional
operation is executed and the resolution of the feature maps
is doubled. After the deconvolution operation, we choose
Rectified Linear Unit (ReLU) as activation function in the
first three layers, and choose sigmoid in the last layer.
We use the gradient descent algorithm to train the neural
network. The objective is minimizing the loss function.
As shown in (4). The “θ” refers the parameters of the
neural network. The “L(fθ (Vinput ), Vgroundtruth )” is the
loss function. The “N ” is the number of training samples.
After training, we will obtain the optimal parameter “θ∗ ”.
1
θ = argmin
N
θ
∗

N
−1
X

L(fθ (Vinput ), Vgroundtruth )

recognized as 1. The common cross-entropy loss function
punishes these two cases equally. However, we focus on the
voxels with the value of 1, and there are usually less “1”
than “0”. As shown in (5), we add the α as the weighting
penalty parameter, and it punishes Case 1 more. Where the
y is groundtruth, and the value is 0 or 1 for each voxel. The
y 0 is the output model of neural network, and the value is in
(0, 1) for each voxel.
L = −αylog(y 0 ) − (1 − α)(1 − y)log(1 − y 0 )

The output of the neural network are 3D models in the
form of voxel grid, and the value of each voxel is in (0, 1).
The slices data of 3D printing are binary images. Thus,
we need a threshold, and set the output value greater than
threshold to 1 and less than threshold to 0. In this experiment,
the threshold is set to be 0.5.
IV. E XPERIMENTS
A. Dataset
We have 77 dental crown models designed by CAD
software. All these 3D models are in STL format. Thus, the
data can be augmented by rotating. The MeshLab software
is used for rotating the 3D models along the x-axis, y-axis
and z-axis. After data augmentation, we have 39,424 models
in total.
The cylindrical basis function for 2D freeform shapes
proposed in [11] is shown as (6) and (7). This function is
used as the deformation function to test the neural network.
g(θ, r(θ)) =xu0 + β0u (ri (θi ) + xu0 )a

We choose the improved cross-entropy loss function.
There are two kinds of errors: 1) a voxel with the value
of 1 is recognized as 0; 2) a voxel with the value of 0 is

u

π
)),
8
< θ ≤ θi , 1 ≤ i ≤ nu , θ0 = θn
u

+ β1u (ri (θi ) + xu0 )b cos(2(θ +
for θi−1

g(θ, r(θ)) =xl0 + β0l (ri (θi ) + xl0 )a
l

(6)

l

+ β1l (ri (θi ) + xl0 )b (− sin(2θ)),
for θi−1 < θ ≤ θi , nu + 1 ≤ i ≤ n

(4)

i=0

(5)

(7)

where xu0 = −0.0056, β0u = 0.0058, au = 0.7878,
betau1 = 0.0011, xl0 = −0.0264, β0l = 0.0291, al = 0.2198,
betal1 = 0.0012. Superscripts u and l indicate parameters
corresponding to the upper and the lower halves of the
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product. n is the number of sides of the approximated
polygon and nu is the number of sides of the upper half
polygon (θ from 0 to π). θ is the polar angle in polar
coordinates, and r(θ) is the polar radius.
A STL model is made up of many triangular facets.
Each triangular facet has three points with (x, y, z) coordinates. We make the following operations for each point.
Where (x, y, z) is the coordinate before the deformation and
(x0 , y 0 , z 0 ) is the coordinate after the deformation.
p
(8)
r = x2 + y 2
(
arccos( xr ),
if y ≥ 0
θ=
(9)
x
2π − arccos( r ), if y < 0
r0 = r + 40 × g(θ, r(θ))

(10)

x0 = r0 × cos(θ)

(11)

0

0

y = r × sin(θ)

(12)

z0 = z

(13)

First, we calculate the polar radius r(θ) and polar angle θ
in polar coordinates according to (x, y, z), which is shown
in (8) and (9). Then we use (10) to calculate the r0 . Finally,
we can get (x0 , y 0 , z 0 ) using (11), (12) and (13).
This function is applied to 2D shape deformation. In order
to make the approximation effect of the neural network
more clear, the deformation is magnified 40 times. Then, we
convert all these STL models into voxel grids. As shown in
Fig. 4, the upper part of the picture shows STL models, the
lower part shows voxel grids. The resolution is 64 × 64 × 64,
and each unit represents 0.1328. Finally, we use 36,424 of the
whole 39,424 models for printing, and the remaining 3,000
for testing.

Fig. 4.

Convert an STL model to a voxel grid

B. Metric
F 1 is widely used in information retrieval and natural
language processing. In this paper, we use F 1 to evaluate the
performance of the neural network. The symbol N represents
the number of the total models, and i(i = 0, 1, . . . , N − 1)
represents the i-th model. First, we calculate the values T Pi
(true positive), F Pi (false positive), T Ni (true negative) and

F Ni (false negative). Then, we use (16) to calculate F 1i .
The average value of F 1i (i = 0, 1, . . . , N − 1) can be used
to get F 1, which is shown in (17).
T Pi : in the i-th model, the number of voxels with the
value of 1 and recognized as 1
T Ni : in the i-th model, the number of voxels with the
value of 0 and recognized as 0
F Pi : in the i-th model, the number of voxels with the
value of 0 but recognized as 1
F Ni : in the i-th model, the number of voxels with the
value of 1 but recognized as 0
T Pi
(14)
Recalli =
T Pi + F Ni
T Pi
P recisioni =
(15)
T Pi + F Pi
2 × P recisioni × Recalli
F 1i =
P recisioni + Recalli
(16)
2 × T Pi
=
2 × T Pi + F Ni + F Pi
F1 =

N −1
1 X
F 1i
N i=0

(17)

The P recision represents the number of voxels with true
value of 1 among all voxels recognized as 1. The Recall
represents the voxels recognized as 1 among all voxels with
true value of 1. When the values of P recision and Recall
are greater, the network performs better. F 1 is the harmonic
mean of Recall and P recision. When the value of F 1 is
greater, the network performs better. In ideal conditions, the
value of F 1 is 1.
C. Results and Analysis
We do two experiments. The first experiment is corresponding to Method 1. We train a prediction network. Then
we test the trained network on training and testing samples,
and record the F 1 results. As shown in TABLE I, the results
of the first four deformations including translation, scaling
down, scaling up and rotation are from [4]. In this paper,
we test the nonlinear deformation. “NR32” is nonlinear
deformation with resolution 32 × 32 × 32, and “NR64” is
nonlinear deformation with resolution 64×64×64. It can be
seen from the results that the F 1 of four linear deformation
has little difference with the “NR32”. It shows that our
network has a good approximation ability for both linear
and nonlinear deformations. The F 1 of “NR64” is higher
than that of the “NR32”. It shows that we can improve
the accuracy by improving the resolution. The difference of
training accuracy and testing accuracy is small, which means
that our network has a good ability of generalization.
The second experiment is corresponding to Method 2. The
results are shown in TABLE II and TABLE III. TABLE II
shows the F 1 results for the compensation network. It can be
seen that the compensation network has a similar approximation results with the prediction network. TABLE III shows
the F 1 results before and after the compensation. It shows
that the accuracy can improve a lot after compensation.
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TABLE I

TABLE III

F 1 R ESULTS FOR THE P REDICTION N ETWORK

F 1 R ESULTS BEFORE AND AFTER THE C OMPENSATION

Deformation
Translation
Scaling down
Scaling up
Rotation
NR32
NR64

Train
0.9665
0.9456
0.9463
0.9469
0.9437
0.9720

Test
0.9614
0.9408
0.9386
0.9387
0.9359
0.9684

Deformation
Translation
Scaling down
Scaling up
Rotation
NR32
NR64

Before
compensation
0.6279
0.6809
0.7370
0.8260
0.7879
0.7782

After
compensation
0.9696
0.9387
0.9096
0.9198
0.9141
0.9530

TABLE II
F 1 R ESULTS FOR THE C OMPENSATION N ETWORK
Deformation
Translation
Scaling down
Scaling up
Rotation
NR32
NR64

Train
0.9699
0.9488
0.9517
0.9417
0.9620
0.9798

Test
0.9636
0.9379
0.9426
0.9322
0.9520
0.9755

V. C ONCLUSIONS
In this paper, we make prediction and compensation errors
in 3D printing using CAE network, which is usually simple
in structure and easy to implement. We use simulation
method to obtain the data, and then use voxel grid to
represent 3D object. The resolutions are 32 × 32 × 32 and
64 × 64 × 64. The F 1 of the nonlinear deformation is similar
to the four kinds of linear or affine deformation, which
shows that our network has a good ability to approximate
the nonlinear deformation. The performance of the neural
network can be better if the resolution is increased. However,
it is still difficult to satisfy the requirement of 3D printing
with the resolution 64 × 64 × 64. In the future, we will try
to improve the resolution. And, we will collect the real data,
and test in the real 3D printing system. Also, a more powerful
network is desirable.
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