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ABSTRACT
Projection micro-stereolithography (P-µSLA) processes

have been widely utilized in three-dimensional (3D) digital fabri-
cation. However, various uncertainties of a photopolymerization
process often deteriorates the geometric accuracy of fabrication
results. A predictive model that maps input shapes to actual out-
comes in real-time would be immensely beneficial for design-
ers and process engineers, permitting rapid design exploration
through inexpensive trials-and-errors, such that optimal design
parameters as well as optimal shape modification plan could be
identified with only minimal waste of time, material, and labor.
However, no computational model has ever succeeded in predict-
ing such geometric inaccuracies to a reasonable precision. In this
regard, we propose a novel idea of predicting output shapes from
input projection patterns of a P-µSLA process via deep neural
networks. To this end, a convolutional encoder-decoder network
is proposed in this paper. The network takes a projection im-
age as the input and returns a predicted shape after fabrication
as the output. Cross-validation analyses showed the root-mean-
square-error (RMSE) of 10.72 µm in average, indicating notice-

∗Address all correspondence to this author.

able performance of the proposed convolutional encoder-decoder
network.

INTRODUCTION
Projection micro-stereolithography (P-µSLA), also namely

digital light processing (DLP), is a process that fabricates 3D
digital objects (e.g. CAD model) with desired characteristics by
cross-linking the photopolymer resin and converting correspond-
ing region of the photopolymer into solid parts [1–4]. When pro-
ducing a CAD model, it contains dynamic resin changes during
the fabrication process [5,6]. Hence, the prediction of the printed
outcome matters to the architecture and the mechanical behavior
of the fabricated object.

In practice, parts produced through P-µSLA processes suf-
fer from a significant shape disparity between the ideal CAD
model and the actual production result. Especially for micro-
scale printing, the final output of a P-µSLA process usually dif-
fers from its original CAD model due to the non-uniform dis-
tribution of light intensity over the printing area, the dynamics
of the resin changes, the projector resolution, light source, and
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the unpredictable photopolymerization process. For instance, in-
putting a star-shaped CAD model, the sharp angles of the in-
put model are all becoming smoother in the projected outcome.
Meanwhile, the area of the projected object often decreases com-
pared with its original input CAD model. These phenomenons
are often caused by the weaker light intensities on the edge of the
inner image and short curing time. For manufacturing engineers,
these shape deformations of micro-scale printing may easily sur-
pass the engineering tolerance range and result disqualified pro-
duction. Therefore, learning these shape disparities during the
P-µSLA process is crucial to the accuracy and efficiency of the
fabrication process.

Currently, there is no usable methods to predict the outcome
shape of the P-µSLA process. The solid structure of the pro-
jected outcome is impacted by many manufacturing parameters
and geometric characteristics of the original CAD model [7]. The
laws of physics and mechanism of the interplay of these factors
are always too complicated in practice for accurate simulation.

To overcome such challenges, we proposes a novel method
utilizing modern deep learning algorithms to construct a map be-
tween the input CAD model as well as the manufacturing pa-
rameters and the output of P-µSLA process. The mapped re-
lationship would enable us to accurately predict the shape of a
manufactured part based on its input geometry and process pa-
rameters. In practice, the manufacturing engineers is capable of
simulating the resultant shape at the design phase without the
time-consuming and labor intensive trail-and-errors, and even-
tually come up with the optimal process parameters or design
modification to achieve the most accurate production.

In this research, the P-µSLA process is hypothesized as a
mathematical transformation from an input CAD geometry to a
processed output. Such transformation process can be modeled
using a convolutional encoder-decoder network. With any given
CAD geometry and other manufacturing parameters, the fabri-
cated shape can be predicted and illustrated in advance to the
designers and manufacturing engineers. In addition, modifica-
tion of the original design as well as process parameters can be
achieved to reduce the manufacturing errors.

The hypothesis mentioned above has been tested in this pa-
per and a remarkable correlation between the input shape and the
output shape is achieved. Using binary images, the input images
and actual output parts are segmented into two classes of pixels:
object and background. With a pixel-wise classification layer,
the convolutional encoder-decoder network is capable to study
the shape disparities between the input and output objects. By
validating the prediction results with the ground truth from fabri-
cated output, the prediction results were highly accurate with on
average 10.72 µm root-mean-square-error and 6.42 µm mean-
absolute-error. Hence, it confirms the superior performance of
the convolutional encoder-decoder network on fabricated results
simulation and inverse process optimization.

BACKGROUND
In this research, the goal is to develop a deep learning frame-

work to learn the sophisticated manufacturing process of projec-
tion micro-stereolithography (P-µSLA). Instead of using com-
plicated formulas or equations to illustrate the process, a deep
learning framework which performs as a black-box function with
an input CAD model and a predicted outcome of the P-µSLA
process enables us to achieve this task efficiently.

Manufacturing Prediction Method
Projection micro-stereolithography (P-µSLA) is a photo-

polymerization based additive manufacturing (AM) method that
was first commercialized among all other AM processes. In P-
µSLA process, a 2D image with micro-scale resolution is illu-
minated onto the photopolymer to create a solidified pattern for
each layer of the 3D model. The major constraint of P-µSLA
process is its shape deformation on the output pattern. Meth-
ods to predict and improve the results of P-µSLA process have
been vigorously studied and can be classified into two categories:
finite element analysis (FEA) approaches and image-based solid-
ification models.

Applying FEA approaches, the deformation caused by the
manufacturing uncertainties can be simulated for the P-µSLA
process. Bugeda et al [8] used the FEA method to simulate the P-
µSLA process that the volumetric shrinkage has been identified
as the major reason for distortion. Chambers et al [9] considered
the cured shrinkage as the main reason for the shape deforma-
tion of P-µSLA and formulated the shrinkage into FEA model
to simulate such deformation. Hur and Youn [10] considered the
thermal cooling effects in P-µSLA and used it to predict the de-
formation in fabricated parts. Tanaka et al [11] investigated the
distortion in P-µSLA by incorporating polymerization shrinkage
due to thermal effects in the FEA model. All methods above
has achieved promising results in specific cases of P-µSLA fab-
rication. However, all these method are experiment-based pro-
cedures which is time consuming and labor expensive. Mean-
while, the FEA method is limited on the aspect of its robustness
to solve the deformation problem for various fabrication tasks,
and its high cost for computational analysis.

On the other hand, image-based projection method has been
widely proposed to solve the shape deformation of P-µSLA pro-
cess. To predict and improve the fabrication results of P-µSLA,
Sun et al [7] introduced a solidification model to predict the fab-
rication results for line patterns. Jariwala et al [12] reported a
model to predict solidified layer thickness based on experimen-
tal observation. Zhou et al [13] introduced a strategy to improve
fabrication results by optimizing the gray scale of an illuminated
2D image. Overall, these methods have obtained higher predic-
tion accuracy than experiment based approaches and enabled the
designers to modify the input CAD model before the actual fab-
rication. However, their methods use case specific arbitrarily de-
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signed 2D patterns in the fabrication process and the robustness
of those approaches on massive 2D patterns is limited.

To mitigate such limitations, Kang et al [14] constructed a
pixel based solidification model to increase the prediction ac-
curacy of P-µSLA process. The intensity distribution of a sin-
gle pixel in the illuminated image has been investigated to de-
velop the solidification model. The intensity profile of an illu-
minated image was then expressed in terms of the mathematical
model to estimate the solidified profile. The pixel-based solid-
ification made a significant contribution to the image-based ap-
proaches but its limitations are related to its unsatisfactory ac-
curacy around the corners and shape edges in the micro-scale
fabrication cases.

Convolutional Neural Networks
In recent years, artificial intelligence (AI) has made an un-

precedented impact in the field of manufacturing. As one of the
mostly used AI algorithm, the neural networks (NNs) which sim-
ulates the brain computation enables computers to recognize pat-
terns by constructing a black-box function with an input layer,
an output layer, and multiple hidden layers. In practical appli-
cations, the NNs try to find and generalize underlying rules and
features of data, from observations on a training dataset, instead
of using hard-coded or hand-crafted rules that are not robust at
all.

Convolutional neural network (CNN) is an improved neural
network with shift and translational invariance that is capable to
recognize patterns directly from pixel images by incorporating
both feature extraction and classification [15]. Proposed by Yan
Lecun [16], a typical CNN involves four types of layers: convo-
lutional, activation, pooling and fully connected (or dense) lay-
ers [17]. A convolutional layer is characterized by sparse local
connectivity and weight sharing. The neurons in the convolu-
tional layer only connects with a small local area in the input
image which resembles the receptive field in the human visual
system. Different neurons respond to different local areas of in-
put image while the overlap of each other enables the network to
obtain a better representation of the image. An activation layer
always follows the convolutional layer to receive more complex
properties of the input image. Pooling layers subsample the pre-
vious layer by aggregating small rectangular subsets of values
and replace the input values with maximum or average value re-
spectively for the purpose of sensitivity reduction from output
to small input shifts. Last, the fully connected layers are put
in place to produce the classification results [18]. The train-
ing procedure of CNNs is to minimize the loss function using
stochastic gradient descent (SGD) which is similar to classical
neural network (NN) [17]. The CNNs have been successfully
deployed in many practical applications including image classi-
fication, image segmentation, object correspondence matching,
and others [19–22].

Recently, fully convolutional network (FCN) [23] has at-
tracted great attention in the field of conmputer vision for sematic
segmentation. The FCN that takes input of arbitrary size and pro-
duces correspondingly-sized output with efficient inference and
learning enables the network to classify the image pixels into dif-
ferent classes with sufficient accuracy. With any input image, the
network is capable to segment the objects based on the initial
pixel intensity values and their spatial location information.

NETWORK DESIGN
In this section, inspired by the success of SegNet for se-

mantic segmentation [24], the architecture of the proposed deep
convolutional encoder-decoder network that consists an encoder
network and a decoder network for shape deformation predic-
tion is presented. The encoder network is composed of convo-
lutional layers, batch normalization layers, relu layers, and max-
pooling layers [25]. The decoder network contains unpooling
layers, transposed convolutional layers, batch normalization lay-
ers, relu layers. The end of the network includes a softmax layer
and a pixel classification layer that classify the intensity values
of each pixel of the predicted image into 0 and 1.

In this study, the structure of the network contains four con-
volutional layers, four batch normalization layers, four relu lay-
ers, and two max-pooling layers in the encoder network and four
transposed convolutional layers, four batch normalization layers,
four relu layers, and two unpooling layers in the decoder net-
work. Also, a softmax layer and a pixel classification layer are
stacked at the end of the decoder network. In addition, we added
a skip connection between the first max-pooling layer and the last
unpooling layer to reduce the initial information loss caused by
multiple layers of convolution. The architecture of the proposed
convolutional encoder-decoder network has been illustrated in
Fig. 1. Overall, a well-trained convolution encoder-decoder net-
work enables us to extract the features of shape deformations and
predict the final printed outcome of the P-µSLA process.

DATASET
The P-µSLA system and its schematic diagram used in this

paper are shown in Fig. 2 and Fig. 3. It contains two parts: the
projection system and the stage system. The projection system
includes a customized light engine with an LED light source of
405 nm wavelength and a digital micromirror device (DMD)
with a resolution of 1280 × 800 pixels working as a dynamic
mask to control the shape of light. It also has a CCD camera to
observe the projected images for each layers. When all the pix-
els in the light engine are on, the projection system can provide
UV light to polymerize the resin with an area of 2.00×1.25 mm.
The stage system contains linear stages in three axes, with an ab-
solute accuracy of 10 µm. In this article, only 2D patterns are
used for manufacturing prediction. As a result, the movement
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FIGURE 1. THE PROPOSED ARCHITECTURE OF CONVOLUTIONAL ENCODER DECODER NETWORK.

of the stage system is not required and the 2D patterns can be
fabricated by projecting groups of required images one by one.
Since the maximum area the UV light in this P-µSLA system is
2.00×1.25 mm2, 100 images with sizes less than that values are
utilized to fabricate the 2D patterns. The material used to fab-
ricate those 2D patterns is photosensitive resin (Formlabs, Inc.)
with die (Sudan I, 0.5 wt.%). Curing time for each patterns is
the same, which is 16 seconds. The projected patterns and their
corresponding fabricated results are shown in Fig. 4.

Training and Validation
In this study, we use the 100 widely used patterns for P-

µSLA process to train the convolutional encoder-decoder net-
work. All patterns have been transformed into binary images in
the size of 128× 128 and only include the object and the back-
ground. The object in the image has pixel intensity value 1 and
the background has the intensity value 0. Since the dataset is
small, we applied image rotation and translation for both input
and output images correspondingly. The rotation is conducted
for every 5◦ until 180◦ and the translation for each rotation is five
pixels per rotation. Hence, we obtained approximately 18500
images for both input and output images as the experimental
dataset. The images generated from the first 70 patterns are used
as the training and testing dataset and the images generated from
the rest 30 patterns are used for prediction. During the training
process, 10-fold cross validation is selected as the training strat-
egy for the network in which of all training images are .

To assess the network performance, we apply two validation
methods to validate the predicted output images with the actual
printed outcome from P-µSLA process as the ground truth. Since
the task is to measure the shape difference between the two im-

ages, the first validation method is to compute the Intersection
over Union (IoU) [26] between the two images. The IoU which
directly computes the percentages of pixels that are correctly pre-
dicted as object and background can represent the correctness of
predictive shape deformation.

Another method to quantitatively measure the network per-
formance is to compare the extracted boundaries from both the
prediction and the groundtruth. In this study, the image erosion
algorithm has been applied to extract the boundaries of the ob-
jects [27]. To compare the shape differences, we firstly applies
k nearest neighbor (kNN) algorithm to construct a mapping for
each pair of correspondence points in two images. The distance
between two corresponding points are measured in µm as the
standard length unit in micro-scale printing. The following cri-
terias are utilized to measure the shape disparities based on the
boundary points:

RMSE is the root-mean-square-error which indicate the
square root of the average of the squared Euclidien distance
between the points in two point sets. In comparison with
MAE, it is more likely to be impacted by longer distances
rather than shorter ones.

MAE is the mean-absolute-error which evaluates the
arithmetic average of Euclidien distance between the points
in two point sets.

AE0.95 is the 95 percentile of absolute errors which indicates
the ceiling of the majority Euclidien distances between two
point sets.

MaxAE is the maximum-absolute-error which computes
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FIGURE 2. PICTURE OF THE P-µSLA SYSTEM

the maximum Euclidien distances between points. It
measures the maximum distance between the corresponding
points in two point sets.

BHD is the bidirectional 95-percentile Hausdorff distance
which measures distance between two point sets. It iden-
tifies the point that is the 95th percentile farthest from any
point of another point set. It measures the distance from this
point to its nearest neighbor in another point set. The BDH
is very sensitive to outliers points that result long distances.

RESULT AND DISCUSSION
From the 30 patterns we used to predict the shape defor-

mations through P-µSLA process, pairs of images including
the projected patterns and the groundtruths which are the ac-
tual printed patterns are randomly selected to validate the per-
formance of the proposed approach. In this research, due to the
limit of space, we randomly select 8 patterns from the reserved
30 to validate the effectiveness of the convolutional encoder de-

FIGURE 3. SCHEMATIC DIAGRAM OF THE P-µSLA SYSTEM

coder network.
Fig. 4 illustrats the result of such analysis in detail. The ac-

tual printed outcomes (groundtruth) and the predicted outcomes
(prediction) are all compared correspondingly. By comparing
the predicted shapes with the actual printed shapes, it is obvi-
ous that the convolutional encoder decoder network is capable to
study and simulate the shape deformation caused by the uncer-
tainties within the P-µSLA process. Meanwhile, the randomly
sampled points from the boundaries of the two images are over-
lapped and illustrated in Fig. 4. It is significant that the majority
of the boundary points from the predicted patterns overlaid on the
points sampled from the boundaries of groudtruth image which
indicates the accurate shape prediction from the network.

To validate the network performance quantitatively, the IoU
which measures the percentage of correctly classified pixels
which represent the ”object” are computed and illustrated in Ta-
ble 1. Among them, the majority of the IoU values are greater
than 0.90 which indicate that over 91% of the pixels are accu-
rately classified as ”object” through the trained network.
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FIGURE 4. COMPARISON WITH PREDICTION AND GROUNDTRUTH OF VALIDATION PATTERNS.

TABLE 1. INTERSECTION OVER UNION OF THE RESTULS PRESENTED IN FIGURE 5.

Patterns Dumbbell1 Dumbbell2 Alpha At B House Icon Flag

IoU 0.931 0.916 0.906 0.915 0.851 0.943 0.911 0.914

Meanwhile, the distance between the boundary points of
predicted outcome and groundtruth are computed and presented
in Table 2. The average RMSE is 10.72 µm and the average
MAE is 6.42 µm for all patterns respectively. In addition, the
large shape disparities measured by AE0.95, MaxAE, and BHD
all reflect that only small portion of outliers exist and more than
95% of the distances between the prediction and groundtruth
boundaries are within 25 µm. Hence, considering the scale of
P-µSLA printing area which is 2.00× 1.25 mm2, the prediction
error is absolutely within the engineering tolerance which vali-
dated the accuracy of the predicted outcome.

CONCLUSION

This paper proposed a novel method using the convolutional
encoder-decoder network to simulate the shape deformation of
the P-µSLA process. With the shape disparities caused by pro-
cess uncertainties, the shape deformation has been successfully
predicted by using the projected patterns as the input and the
printed patterns as the output. Experimental results indicated
that the network has successfully studied the shape deformation
of the P-µSLA process. Hence, the proposed method can be
beneficial for manufacturing engineers and designers to further
optimize the P-µSLA process.

While only a few applications of the method is illustrated
with respect to the P-µSLA process, its simplicity and effective-
ness will lead to its broad applications in multiple manufacturing
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TABLE 2. BOUNDARY DISTANCE BETWEEN GROUNDTRUTH
AND PREDICTED OUTCOME COMPUTED VIA RMSE, MAE,
AE0.95, MAXAE, AND BIDIRECTIONAL 95% HAUSDORFF DIS-
TANCE IN MICROMETERS.

Patterns RMSE MAE AE0.95 MaxAE BHD

Dumbbell1 7.883 4.208 16.563 23.423 16.563

Dumbbell2 10.351 6.039 23.389 25.300 23.423

Alpha 13.256 8.805 25.300 30.239 25.300

At 13.175 8.698 23.423 27.047 25.300

B 11.893 7.394 23.419 38.250 23.423

House 8.063 4.285 13.523 31.715 13.827

Icon 11.434 6.855 23.423 28.688 23.423

Flag 9.711 5.107 23.611 31.715 23.611

fields. For example, the power of deep neural networks would
enable engineers to understand the intrinsic of many complex
manufacturing process. These board applications would reveal
exciting potential technical revolutions in the near future.
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