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Abstract—As a typical cyber-physical system, 3D printing has
developed very fast in recent years. There is a strong demand for
mass customization, such as printing dental crowns. However, the
accuracy of the 3D printed objects is low compared with traditional methods. The main reason is that the model to be printed
is arbitrary and usually the quantity is small. The deformation
is affected by the shape of the object and there is a lack of a
universal method for the error compensation. It is neither easy
nor economical to perform the compensation manually. In this
paper, we present a framework for the automatic error compensation. We obtain the shape by technologies such as 3D scanning.
And we use the “3D deep learning” method to train a deep neural network. For a specific task, such as dental crown printing,
the network can learn the function of deformation when a large
amount of data is used for training. To the best of our knowledge, this is the first application of the deep neural network to the
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error compensation in 3D printing. And we propose the “inverse
function network” to compensate for the error. We use four types
of deformations of the dental crowns to verify the performance
of the neural network: 1) translation; 2) scaling up; 3) scaling
down; and 4) rotation. The convolutional AutoEncoder structure
is employed for the end-to-end learning. The experiments show
that the network can predict and compensate for the error well.
By introducing the new method, we can improve the accuracy
with little need for increasing the hardware cost.
Index Terms—3D printing, additive manufacturing, cyberphysical system (CPS), deep learning, error compensation.

I. I NTRODUCTION
PRINTING, also known as additive manufacturing [1], refers to processes of creating a 3D object
in which layers of material are formed under computer control. On the contrary to the modern subtractive manufacturing,
which has a history of centuries, modern 3D printing has only
a short history of about 30 years [2]. At the early stage of
cybernetics and even today, self-replication is a core concept. Prof. Louis Kauffman, past President of the American
Society for Cybernetics, defined cybernetics as “the study of
systems and processes that interact with themselves and produce themselves from themselves” [3]. The RepRap project
started in 2005 by Dr. Adrian Bowyer aims to develop a lowcost 3D printer that can print most of its own components [4].
The word “RepRap” is short for “replicating rapid prototyper.”
Now, many parts of the printer can be made by itself. As an
open-source software as well as open-source hardware project,
the RepRap makes the 3D printer popular with a much lower
price than before.
3D printing is a multidiscipline research combining material science, mechanics, optics, and electronics with computer
science. The subtractive manufacturing is suitable for mass
production, while 3D printing is suitable for mass customization. For mass production, a product is usually designed by
professionals and the manufacturers are told what to manufacture. For mass customization, there is a gap between the
manufacturer and the designer. The designer has a model and
has a demand to make a small quantity of it, while the manufacturer does not know the demands. A natural way is to
connect the two via the Internet. Social computing or crowdsourcing is used to collect the demands, and the printers
can work in a distributed way. This is the concept of cloud
manufacturing [5]–[8] and social manufacturing [9]–[13].
However, inspiring cloud manufacturing and social manufacturing lead to difficulties in error controlling. For
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subtractive manufacturing, the error of the machined part can
be very close to the positioning error of the tool. With a
servo system, the accuracy can achieve a micrometer level
easily. Even if there errors exist, the compensation work can
be done manually. For the 3D printing, the property of the
material matters. When printing, there are usually heating and
cooling, binding, and polymerization processes. Shrinkage and
curling are common. Even with a high precision positioning system, we cannot eliminate the deformation. Moreover,
the deformation of a 3D printed object is affected by the
shape. It is neither economical nor easy to compensate for
the error manually. These days, the positioning accuracy of
a commercial 3D printer is at the level of tens or hundreds
of micrometers. The error of the printed object can be much
larger. A general method for the error compensation is to use
the finite-element method (FEM) [14]. When applying the
FEM, not only should the material property be considered
but also the process. For example, for the stereolithography
(SL) method, there is shrinkage, but the polymer resin flows
into the building area where ultraviolet (UV) light is exposed.
This self-compensation reduces the error. Also, it is difficult
to apply the FEM automatically to models arbitrarily given.
In this paper, we present a learning-based framework for the
error compensation in 3D printing. We obtain the 3D models
of the printed objects by technologies, such as 3D scanning,
coordinate-measuring machine (CMM), and computer vision.
For a category of models, such as dental crowns, we train a
deep neural network. We use the 3D model as the input and
the printed 3D model as the output. In this way, for a testing
model, we can predict the error by the trained network. We
can use the predicted error to make compensations to the 3D
model we aim to print and, in this way, the accuracy can be
improved. Another way is that we train an “inverse function
network,” that is, we use the printed 3D model as the input and
the original 3D model as the output. When we want to print a
3D model, we input it into the trained inverse function network
and the output is sent to the 3D printer and we can obtain a
more accurate model. The end-to-end solution connects the
entire manufacturing process as a closed loop, and all of the
factors affecting the accuracy can be considered. This is the
idea of cyber-enabled manufacturing systems (CeMSs) [15],
which introduces CPS concepts of sensing, computation, communication, and control to the physical processes. The shallow
neural networks have been applied in error compensation for
the machining [16]–[18], but as far as we know, this is the first
application of the deep neural network to error compensation
in 3D printing.
The remainder of this paper is organized as follows. In
Section II, we give a literature review. In Section III, we formulate the problem and present the method. In Section IV,
we describe how the experiments should be performed. In
Section V, we conclude this paper.
II. L ITERATURE R EVIEW
A. 3D Printing
3D printing has been developed very fast in recent years
and is regarded as a disruptive technology. One reason is
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that traditional manufacturing is centralized. We have factories with various sizes, from tens of square meters to a
city’s size. People work together in a closely related way.
However, in the future, even one 3D printer can be a flexible factory. The demands are collected from the Internet, and
the printer close to the delivery address can be chosen. The
steps for manufacturing are greatly shortened and people focus
more on innovation and design. As the cyber-physical system
(CPS) [19], [20] becomes popular, people realize that the 3D
printing system is a typical CPS. Wang [9] proposed the concept of “social manufacturing,” which refers to actively sensing
and responding to customers’ individual needs in massive
scale through social computing. The 3D printing-based manufacturing networks are connected seamlessly with Internet
and logistical networks, and customers can participate in the
entire life cycle of production processes through crowdsourcing. Wu et al. [8] presented the idea of cloud-based design
manufacturing, which refers to “a service-oriented networked
product development model in which service consumers are
enabled to configure, select, and utilize customized product
realization resources and services ranging from computeraided engineering software to reconfigurable manufacturing
systems.” The social manufacturing and the cloud manufacturing concepts show clearly how 3D printing is closely related
to the Internet. Cooper and Wachter [15] explained the idea
of CeMSs, which seeks to apply CPS concepts of sensing, computation, communication, and control to the physical
processes involved in 3D printing. The CeMS research aims
to “incorporate real-time feedback control relating sensing and
actuation with computational models of materials processing
at all length scales.” The CeMS techniques have not been
applied widely these days. Sturm et al. [21] analyzed the
cyber-physical vulnerabilities in 3D printing and give a case
study on STL file attack.
The American Society for Testing and Materials (ASTM)
F42 committee was established in 2009. In 2013, the first
standard was published by ISO/TC 261 and ASTM F42 [22].
The 3D printing processes are divided into seven categories:
1) material jetting; 2) binder jetting; 3) material extrusion;
4) powder bed fusion; 5) directed energy deposition; 6) sheet
lamination; and 7) vat photopolymerization. Except for sheet
lamination, the processes usually make the material closer
when building a layer. Moreover, the shape of the model matters when considering the forces between layers. This is the
reason why we face a difficult deformation problem in 3D
printing. Generally speaking, 3D printing can be regarded as a
nonlinear system, and the error control is usually difficult [23].
Most anti-deformation methods are heuristic. For example,
when using the digital light processing (DLP) technique for
exposing UV light onto the surface of the photopolymer
resin, a multiple exposure strategy is employed to reduce
the stress. It is difficult to have a general method for tackling the problem. For mass production, we can analyze and
measure the deformation one by one. But for mass customization, it is not cost effective to do so. One general method is
to use the FEM for the calculation of the deformation [24].
Huang and Lan [14] used the dynamic element simulation
code to simulate the photo-polymerization to calculate the
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deformation of the outer profile of a given part. Although
the FEM simulation can predict the deformation in principle,
due to the complex steps of the 3D printing, “improving part
accuracy-based purely on such simulation approaches is far
from being effective” [25]. Huang [26] provided an analytical
foundation to achieve optimal compensation for high-precision
additive manufacturing. Luan and Huang [25] presented their
pioneer work to predict and control arbitrary in-plane freeform
shape deformation by a learning method. Further, they put
forth a prescriptive statistically process control scheme to monitor shape deformation from shape to shape [27]. In this paper,
we move a step further to control the deformation of 3D
objects directly. But we focus on a category of models, such
as dental crowns.
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complete the shape from 2.5D depth maps. Brock et al. [41]
proposed the methods for training voxel-based variational
autoencoders, a user interface for exploring the latent space
learned by the autoencoder, and a deep convolutional neural
network architecture for object classification. Yang et al. [42]
proposed a novel approach to reconstruct the complete 3D
structure of a given object from a single arbitrary depth view
using generative adversarial networks. Çiçek et al. [43] introduced a 3D U-Net for volumetric segmentation that learns
from sparsely annotated volumetric images, by extending the
2D case in [44] to the 3D case. In this paper, we use the voxel
representation and follow the idea in [43] using the 3D U-Net
for our application.
III. F ORMULATION AND M ETHOD

B. Deep Learning

A. Formulation

Learning has long been an important technique and has been
applied in many fields [28]–[31]. The “deep learning” is a buzz
word in recent years [32]–[36]. It usually uses a cascade of
multiple layers of nonlinear processing units for feature extraction and transformation, and each successive layer uses the
output from the previous layer as input. There have been a lot
of successful applications in fields, including computer vision,
speech recognition, natural language processing, and audio
recognition. Very recently, a broad learning system (BLS) has
been proposed [37]. Most of the deep structure neural networks
suffer from the time-consuming training process and a complete retraining process if the structure is not sufficient to
model the system. In order to solve these problems, the BLS is
established. It is in the form of a flat network, where the original inputs are transferred and placed as “mapped features” in
the feature nodes and the structure is expanded in a wide sense
in the “enhancement nodes.” The incremental learning algorithms are developed for fast remodeling in broad expansion
and a retraining process is no longer needed.
The neural networks have been applied in the error compensation for subtractive manufacturing. Ramesh et al. [38]
provided a review on thermal error compensation of machine
tools, in which the shallow neural network is introduced as
an important method. Raksiri and Parnichkun [16] proposed
using a backpropagation neural network to estimate the geometric and cutting force induced errors in a 3-axis milling
machine. Cho et al. [17] presented an integrated machining error compensation method based on polynomial neural
networks approach and inspection database of an on-machinemeasurement system, and the method is implemented in a real
machining situation. Fines and Agah [18] applied the artificial
neural networks to the problem of calculating error compensation values for axis positioning on a machine tool, and the
system is integrated into the open architecture control system
of an actual machine.
In 3D printing, we deal with the 3D model. The 3D deep
learning models were not proposed until 2015 [39]. The
authors proposed representing a geometric 3D shape as a probability distribution of binary variables on a 3D voxel grid, with
1 indicating the voxel is inside the mesh surface, and 0 not. A
convolutional deep belief network [40] is designed and used to

There are at least two points that connect 3D printing and
cybernetics. One is the idea of cloud manufacturing and social
manufacturing, in which the demander and the supplier communicate via the Internet. The other is the idea of CeMS that
introduces feedback into 3D printing. In this paper, we focus
on the latter one and aim to provide an end-to-end approach
to solve the error compensation problem in 3D printing.
Assume the shape model is S, which is called “nominal model.” After printing, the deformed model is S . The
deformation can be described as the following function:
S = f (S).

(1)

We assume that we have the training data of nominal models

. In
S0 , S1 , . . . , SN−1 , and deformed models S0 , S1 , . . . , SN−1
this paper, we to train a neural network using S0 , S1 , . . . , SN−1

as the input and S0 , S1 , . . . , SN−1
as the output. For a test model,
we can obtain the predicted deformed model by the trained
network. And then we can calculate the predicted error easily.
Further, we have another way of error compensation by
using an inverse function network. Assume the function is
invertible, let
S = f −1 (S).

(2)


as the
We train a neural network using S0 , S1 , . . . , SN−1
input and S0 , S1 , . . . , SN−1 as the output. This inverse function network is an approximation to f −1 (·). After training the
inverse function network, we can input S into it and obtain the
“compensated model.” The compensated model can be sent to
the 3D printer and the actual model should be more accurate.
We train the prediction network. Assume we use the parameter θ to describe the function fθ (·) as an approximation to f (·).
We face the following optimization problem:

θ ∗ = argmin
θ

N−1

1  
L fθ (Si ), Si
N

(3)

i=0

where the parameter θ in fact represents the weights and biases
of the neural network, L(·) is a loss function, and θ ∗ represents the optimal parameter of the prediction network. We take

as
S0 , S1 , . . . , SN−1 as the input models and S0 , S1 , . . . , SN−1
the desired output samples to train the prediction network.
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3D convolution.
Fig. 2.

Architecture of the 3D convolutional neural network.

The purpose is to make the neural network approximate the
deformation function.
Further, we train the compensation network, that is, the
inverse function network. Let gφ (·) be an approximation to
f −1 (·), and if we train the inverse function directly, we have
φ ∗ = argmin
φ

N−1
1     
L gφ Si , Si
N

(4)

i=0

∗

where the symbol φ represents the optimal parameter of the

as the input
compensation network. We take S0 , S1 , . . . , SN−1
models and S0 , S1 , . . . , SN−1 as the desired output samples to
train the compensation network.
In the case of a neural network, the symbols θ ∗ and φ ∗
represent the optimal parameters, with the objective minimizing the loss function which shows the difference between the
desired model and the real output. The optimization problem
can be solved by the backpropagation algorithm, which is a
standard one for the training of the network. Generally speaking, the gradient descent optimization algorithm is employed
to adjust the weights and biases and finally near optimal
parameters can be obtained.
B. Method
Following the encoding method in [39], we represent a 3D
model as a probability distribution of binary variables on a 3D
voxel grid, with 1 indicating the voxel is inside the mesh and
0 not. In this way, we digitalize the model. The 3D convolutional operation is similar to 2D convolutional operation. The
difference is that the input, output, and filters are 3D matrix
with width, height, and depth. Filters move at a certain step in
the 3D space, and the overlap of the filter and the input executes a convolution operation to form a voxel in the output.
As shown in Fig. 1, the blue block in the input represents a
filter and the blue block in the output represents a voxel. After
the filter convolutes with the input, the value of the voxel in
output is calculated.
The network follows the idea of an autoencoder with U-Net
architecture [43], [44]. As shown in Fig. 2, the network consists of an encoder and a decoder. The encoder and the decoder
are concatenated by the structure of “U-Net” and the fully connected layers are not used. The “4 × 4 × 4 × 256” represents
the output shape in length, width, height, and channel. The
“concat” represents concatenation operation. After concatenating the “4 × 4 × 4 × 256” and “4 × 4 × 4 × 256,” the shape
is “4 × 4 × 4 × 512.” The encoder extracts a latent representation of the input volume, and the decoder outputs a prediction
according to spatial knowledge acquired by the encoder.

Fig. 3. Detailed architecture of the 3D convolutional neural network. In each
block, the item on the left represents the operation. For example, in the first
block, the “4 × 4 × 4” represents the filter shape in length, width, and height.
The “conv” represents the convolutional operation. The “64” represents the
number of filters and the output channels in this layer. The item on the right
represents the output shape.

In Fig. 3, we show the details about the architecture. The
encoder has three 3D convolutional layers, each followed by a
leaky rectified linear unit (LReLU) and a 2×2×2 max pooling
operation with stride 2 × 2 × 2. The number of channels is
doubled after convolutional layers. The decoder has three 3D
deconvolutional layers, each followed by a rectified linear unit
(ReLU), except that the last layer is followed by a sigmoid
function in order to limit the output to (0, 1). The process of
forward propagation is as follows:


(5)
al = σ al−1 ∗ W l + bl
where al−1 denotes the units in the (l−1)th layer. In the first
layer, it is the visible unit and in other layers, it is the hidden
unit. W denotes the convolutional filter, “∗” is the convolution operation, bl denotes the bias term, and σ (·) is used to
denote the activation function. In convolutional layers, it refers
to LReLU, while in deconvolutional layers, it refers to ReLU.
In the last layer, it refers to the sigmoid function. We convolve al−1 with the convolutional filter, add the bias, apply
the activation function and, then, we can get the output al ,
which refers to the unit in the lth layer.
The cross-entropy loss function is common. But we use the
improved cross-entropy loss function with α as the weighting
penalty parameter, shown as follows:


 
(6)
Lae = −αy log y − (1 − α)(1 − y) log 1 − y .
We set as 0.85 to punish more the false negative case. This idea
is from [43] and [44], since due to the sparsity of voxel data,
it may be more probable that the neural network recognizes 1
as 0. The value of α is obtained by experiments. The y is the
target value in {0, 1} and the y is the output of the neural
network in (0, 1) for each voxel.

4046

IEEE TRANSACTIONS ON CYBERNETICS, VOL. 49, NO. 11, NOVEMBER 2019

B. Dataset

Fig. 4.

Photopolymerization based on DLP.

Fig. 5.

Left to right: a crown, a cross section shown in 3D, layer image.

After the training, for a test model, we can predict the
deformation, which can be helpful to compensate for the
model. Another method is to train an inverse function network
directly. We use the deformed model as input and the nominal model as output. After the training, we can input the test
model and then obtain the model that should be printed.

IV. E XPERIMENTS
A. Process of 3D Printing
Generally speaking, it is not easy to obtain the 3D model
of the printed object. We can obtain the 3D shape data by 3D
scanning, CMM, etc. An automatic way of collecting data is
desirable. We can focus the work on a category of models,
such as dental crowns. The models are similar and the neural
network can capture the features more easily compared with
general models.
We take the DLP photo-polymerization 3D printing as an
example (Fig. 4). An image is projected in UV light onto
the bottom surface of polymer resin, and the polymer resin
is cured where the light is exposed. In this way, a layer is
built. After moving in the z-axis, the object is printed layer by
layer. In Fig. 5, we show a crown, and its cross section in a 3D
view, and the image that should be projected onto the resin.
We can collect the 3D data of the printed crown and train the
network.

Anyway, collecting data is a difficult task and it is time
consuming as we need a lot of data. One method to validate the network is to use the simulation. Training of the
neural network requires a large number of samples, so the
data are augmented by the operation of rotating. We obtain 77
crown models. All of these 3D models are designed by CAD
software and converted to STL models for printing. We use
MeshLab software, an open-source system for processing and
editing 3D triangular meshes, to rotate the models from 20 to
140◦ with the step of 20◦ along the x-axis. Then, we rotate
all 616 models from 20 to 140◦ with the step of 20◦ along
the y-axis. Finally, we rotate all the 4 928 models from 20 to
140◦ with the step of 20◦ along the z-axis. We have in total
39 424 models.
We assume that the deformation can be approximated by
a combination of translation, scaling, and rotation operations.
We move the STL models to the center of the origin and
transform them by the following four operations. The four
formulas are expressed in homogeneous coordinates.
Translation translates the STL models 0.5 unit. An STL
model is made up of many triangular facets. Each triangular
facet has three points which include (x, y, z) coordinates. We
make the following operations for each point, where (x, y, z)
is the coordinate before the transformation and (x , y , z ) is
the coordinate after the transformation
⎡
⎤
1
0
0
0
⎢ 0
    
1
0
0⎥
⎥.
(7)
x , y , z , 1 = (x, y, z, 1)⎢
⎣ 0
0
1
0⎦
0.5 0.5 0.5 1
Scaling down shrinks the STL models by a scale factor of
0.9. We make the following operations for each point:
⎡
⎤
0.9
0
0
0
⎢ 0
    
0.9
0
0⎥
⎥.
x , y , z , 1 = (x, y, z, 1)⎢
(8)
⎣ 0
0
0.9 0 ⎦
0
0
0
1
Scaling up enlarges the STL models by a scaling factor
of 1.1. We make the following operations for each point:
⎡
⎤
1.1
0
0
0
⎢ 0
    
1.1
0
0⎥
⎥.
(9)
x , y , z , 1 = (x, y, z, 1)⎢
⎣ 0
0
1.1 0 ⎦
0
0
0
1
Rotation rotates the STL models 11.25◦ along the x-axis.
We make the following operations for each point. Where θ is
the angle to be rotated
⎡
⎤
1
0
0
0
⎢0
    
cos θ
sin θ 0 ⎥
⎥
x , y , z , 1 = (x, y, z, 1)⎢
⎣ 0 − sin θ cos θ 0 ⎦. (10)
0
0
0
1
We convert all these STL models into voxel representation
(Fig. 6). The resolution is 32 × 32 × 32 and each unit represents 0.2656. In summary, there are four types of deformations,
including translation, scaling down, scaling up, and rotation.
Each deformation category consists of 39 424 samples. We use
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(a)

(b)

(c)

(d)

Convert the STL model to the voxel grid.
TABLE I
F1 R ESULTS FOR THE P REDICTION N ETWORK

Fig. 7. Histograms of F1 for the four types of deformations. (a) Translation.
(b) Scaling down. (c) Scaling up. (d) Rotation.

3 000 randomly chosen samples as the testing samples and the
other 36 424 samples are the training samples.
C. Metric
We use F1 to evaluate the performance of the neural
network. Because the activation function in the last layer is sigmoid, the output value of the neural network is in (0, 1). We
take a threshold and set the output value in (0, 0.5) to 0 and
the output value in [0.5, 1) to 1. We use N to denote the number of the total models and use i(i = 0, 1, . . . , N −1) to denote
the ith model. The values of the symbols TPi , FPi , TN i , FN i
can be calculated and the meaning is as follows. The F1 can
be calculated by (13).
TPi : For the ith model, the number of voxels with the value
of 1 and recognized as 1.
TNi : For the ith model, the number of voxels with the value
of 0 and recognized as 0.
FPi : For the ith model, the number of voxels with the value
of 0 and recognized as 1.
FNi : For the ith model, the number of voxels with the value
of 1 and recognized as 0
Recall =
Precision =
F1 =
=

N−1
i=0 TPi
N−1
N−1
i=0 TPi +
i=0 FN i
N−1
i=0 TPi
N−1
N−1
i=0 TPi +
i=0 FPi

(11)
(12)

2 · Precision · Recall
Precision + Recall
N−1
TPi
2 × i=0
2×

N−1
i=0 TPi

+

N−1
i=0 FN i

+

N−1
i=0 FPi

.

(13)
The Recall represents the capability of the network to recognize the voxels with the value of 1. When the value of Recall

is greater, the network can recognize the voxels with the value
of 1 better. Precision shows the capability of the network to
separate the voxels with the value of 1 from the voxels with the
value of 0. When the value of Precision is greater, the network
can separate the white pixels better. F1 is the combination of
the former two. When the value of F1 is greater, the network
performs better. Under ideal conditions, the value of F1 is 1.
D. Simulation and Results
Here, we show two experiments. The first is to train a
prediction network to approximate the deformation function
and show the error prediction results. The second is to train
an inverse function network as the compensation network to
approximate the inverse deformation function and show the
error compensation results.
For the first experiment, we train the prediction network
by using the nominal models as the input and the deformed
models as the output. The F1 results of four types of deformations are shown in Table I. It can be seen from the results
that the accuracy of translation is the highest and the accuracies of scaling down, scaling up, and rotation have little
difference. Generally speaking, the more complex the function is, the more difficult it is to approximate. All of the F1
values of these four types of deformations are more than 0.93.
It shows that our network has a good approximation capability. The accuracies of the training dataset and testing dataset
have little difference. It shows that our network has good
generalization performance. The error may come from the
voxelization process and the prediction process of the neural
network. We should mention that the resolution in the experiment is 32 × 32 × 32 due to the computational burden. The
error can be reduced by improving the resolution.
In Fig. 7, we show the histograms of F1 for the four types
of deformations. The x-axis represents the value of F1 and the
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TABLE II
F1 R ESULTS FOR THE C OMPENSATION N ETWORK

Fig. 8. Sample of output for the prediction of the translation, from left to
right: input model, desired model, network output.
TABLE III
F1 R ESULTS B EFORE AND A FTER THE C OMPENSATION

Fig. 9. Sample of output for the prediction of the scaling down, from left
to right: input model, desired model, network output.

Fig. 10. Sample of output for the prediction of the scaling up, from left to
right: input model, desired model, network output.

network can approximate the inverse deformation well. Since
the approximation of the inverse deformation is actually symmetric to the approximation of the deformation, we do not
present the histograms or figures here.
Further, we input the compensated model into the deformation function, and we obtain the actual model. We compare
the actual model with the nominal model to show how the
compensation works. We calculate the F1 between the actual
model and nominal model and use the F1 for the deformed
model as the contrary. The results are shown in Table III,
which show that the inverse function network can work well
for the compensation.

Fig. 11. Sample of output for the prediction of the rotation, from left to
right: input model, desired model, network output.

V. C ONCLUSION

y-axis represents the number of samples corresponding to F1.
There are 3 000 samples in total. If the mean of F1 is large
and the variance of F1 is small, the neural network has a good
approximation capability. It can be seen from the results that
for the translation deformation, we have the largest mean and
the smallest variance in the four types of deformations. The
F1 distribution of the remaining three types of deformations
is roughly the same. This is reasonable as the translation is
the simplest.
In Figs. 8–11, we show the visualization results of the
neural-network prediction. The models from left to right are
input model, desired model, and network output model, respectively. In an ideal condition, the network output model is equal
to the desired model. It can be seen from the figures that the
neural network can learn the deformation function well.
For the second experiment, we train an inverse function
network as the compensation network using the deformed
models as input and the nominal models as output, and
after training, we use nominal models as input to the trained
inverse function network and obtained the output models as
the compensated models. The compensated model should be
the data that are sent to the 3D printer.
Similarly, 36 424 models are used for the training and 3 000
are used for testing. As can be seen from Table II, which shows
the F1 results for training and testing, the inverse function

The error compensation problem in 3D printing is a typical problem for which the input and output can be observed
accurately but the process is difficult to model. The neural
network is good at providing an approximation in an endto-end fashion. With enough data, the approach should work
well. In this paper, we present the method to encode the 3D
model as a binary probabilistic distribution in 3D space, and
by the convolutional deep neural network, we try to capture
the features of the deformation process. Also, we can train an
inverse function network so that we can get the compensated
model from the network directly. We design the experiments
and a simulation method for verification.
In the future, we will continue to collect real data to apply
the method to real problems. For simulation, it is easy to compare the nominal and deformed models as the two share the
same coordinate systems. In the real case, we need to build
the connection between coordinate systems in the computer
and the one in the real world. Usually, we can take the center of the building platform as the origin, and the x, y, and
z-axes are defined by the light exposing area and the moving
direction of the lifting mechanism. The precision of the origin
and the axes are guaranteed by well designing the mechanical and optic parts. Also, the computational burden of training
the neural network is heavy for the error compensation in 3D
printing and currently we use only a resolution of 32×32×32,
which is far from satisfactory. The BLS may be a good
alternative.
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