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A B S T R A C T

PolyJet 3D printing can be used to fabricate colored physical models of anatomical structures such as skull
and heart with realistic appearances. These medical models can be used for surgical simulation and planning
of complex operations, as well as anatomy teaching. PolyJet is theoretically capable of producing any color
by mixing multiple materials. However, the measured color of a sample printed by PolyJet is often different
from the specified color in the printer software. Therefore, it is often difficult to predict the measured color
of a sample before printing. This paper reports a study on predictive relationships between measured color
and four control factors of PolyJet (i.e., three RGB values of specified color and finish type) by design of
experiments and application of multilayer perceptron (MLP) neural network model. Experimental data are
collected using a full factorial design of experiments. These data are used to train and test the MLP model
using 5-fold cross validation. Then, the prediction performances of the MLP model are compared with a linear
regression model and a cubic regression model. The results show that the MLP model is capable of predicting
measured color with higher accuracy.
© 2022 The Author(s). Published by Elsevier Masson SAS. This is an open access article under the CC BY-NC-

ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Introduction

Medical models are physical models of anatomical structures such
as skull and heart. They can be used for surgical simulation and plan-
ning in complex operations such as craniofacial surgeries, and for
anatomy teaching in medical curricula. Medical models are tradition-
ally made by plaster casting, and have recently been fabricated by 3D
printing in some cases [1].

3D printing fabricates an object by selectively and repeatedly
stacking materials layer by layer [2]. Color of 3D printed objects had
been limited to the color of material itself in the past, until full color
3D printing became available. Color accuracy of 3D printed objects is
important. For example, when 3D printing is used to produce medical
models, it is desirable that 3D printed anatomies have the color as
close to real anatomies as possible. Such precise representations of
colors could enhance effectiveness of medical models used in surgical
planning and medical education. In addition, when 3D printing is
used for product prototyping, the ability to precisely represent the
color of 3D printed objects is needed to determine the final color of
designed products used for mass production. Furthermore, when 3D
printing is used for making final products, the color of printed prod-
ucts has psychological effects on users’ perception, and an inaccurate
color representation can significantly change the attractiveness and
impression of the products.

Fig. 1 schematically illustrates PolyJet 3D printing. Stratasys J750
PolyJet printer (Minnesota, USA) is one of the commercially available
full color 3D printers. Two types of photocurable resins in liquid
form, base model material and support material, are deposited from
the print heads. The base model materials are used to construct the
object, while the support material is used to build foundations to
temporarily support some of the base model material after being
deposited. The print heads move in both X and Y directions, and
selectively jet materials according to the design of the object. The X
and Z axes are shown in Fig. 1; and the Y axis is perpendicular to the
XZ plane. After each layer is printed and cured by UV lamps attached
to both sides of the print heads, the build platform goes down by a
distance equal to one layer thickness, and the next layer of materials
are deposited. These steps are repeated until the object is completed.
There are two types of surface finish (finish type): glossy and matte.
When the glossy finish type is selected, the support material covers
only the bottom surfaces (as well as the surfaces of overhangs) of the
printed object. When matte finish type is selected, support material
covers all surfaces of the printed object.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.stlm.2022.100049&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
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Table 2
Summary of reported studies regarding color of printed objects by PolyJet.

Fig. 1. Illustration of PolyJet 3D printing.

X. Wei, N. Zou, L. Zeng et al. Annals of 3D Printed Medicine 5 (2022) 100049
PolyJet can theoretically produce the full range of color. It places
multiple base model materials (e.g., cyan and yellow) close to each
other to make any color other than the colors of base model materials
[3]. To print full color, users can specify the color of a printed object
using the RGB color system in the printer software. In the RGB color
system, a color is represented by three integers, R, G, and B, each
ranging from 0 to 255. For example, the pure black color is (0,0,0),
and the pure white color is (255, 255, 255). In this paper, the mea-
sured RGB values (Rm, Gm, Bm) of a printed sample refer to the RGB
values measured by a colorimeter on the printed sample, and the
specified RGB values (Rs, Gs, Bs) for a printed sample are entered by
the user in the printer software. Table 1 displays some data of speci-
fied RGB values and measured RGB values of samples printed by the
Stratasys J750 PolyJet printer installed in the authors’ lab. The data in
the table show that the measured color of a printed sample does not
always match the specified color of the sample very well.

Table 2 summarizes reported studies regarding color of printed
objects by PolyJet 3D printers. These studies cover a wide range of
topics, from effects of control factors (finish type, sample thickness,
etc.) on measured color, to methods for improving accuracy of color
texture reproduction, to development of more accurate color mea-
surement techniques. A machine learning technique is also applied to
predict relationships between control factors and mechanical proper-
ties of PolyJet printed anatomical models [4]. However, there is a lack
of reports on the relationships between measured color and control
factors (e.g., specified color and finish type) for PolyJet. This paper
Table 1
Comparison of specified RGB values and measured RGB values.

Color Specified Measured

Rs Gs Bs Rm Gm Bm

Black 0 0 0 26 28 26
White 250 250 250 198 211 213
Red 250 0 0 161 80 33
Green 0 250 0 123 174 47
Blue 0 0 250 72 63 125
Cyan 0 250 250 97 182 181
Yellow 250 250 0 195 194 32
Magenta 250 0 250 180 78 142
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addresses the knowledge gap in the literature. The authors’ prelimi-
nary study uses the conventional regression models, i.e., linear
regression and cubic regression, to predict relationships between
measured color and control factors (the results are presented in Sec-
tion 4 Results and Discussion), but shows that the prediction accura-
cies are not satisfactory. It has been reported that applications of
machine learning in 3D printing can produce positive results in pro-
cess optimization, in-situ monitoring, and quality control [5−7].
Therefore, this study mainly reports the development of a multilayer
perceptron (MLP) neural network model for the relationships
between measured color and control factors. This model can be used
to predict the color of a printed object with high accuracy.

The rest of the paper is organized as follows. Section 2 describes
the experimental design and setups used to collect experimental
data. Section 3 presents the architecture of the multilayer perceptron
neural network (MLP) model, as well as optimization algorithm and
training strategy. Section 4 firstly shows the trends and correlations
of the experimental data, and then compares the prediction perform-
ances of the MLP model and two alternative models, the linear
regression model and the cubic regression model. Finally, Section 5
provides conclusions and directions of future research.
Topic Method Ref.

Main effects of finish type, and interaction effects
between finish type and specified color on mea-
sured color

Experiment [8]

Characterization of achievable range of color Experiment [9]
Effects of printed sample thickness on measurement

of hue, brightness, and saturation
Experiment [10]

Effects of subsurface structure on color appearance Experiment [11]
Establishment of a framework in color measurement

of translucent resin to substitute traditional
spectrophotometers

Modeling [12,13]

Development of a compensation method to produce
high-frequency color texture for translucent resin

Modeling [14]

Controlling material placements along the layer
stacking direction to achieve spatially varying color
and translucency

Modeling [15,16]

Adjusting subsurface material placements to smooth
out color boundaries

Modeling [17]



Table 3
Control factors and their selected levels.

Control factor Levels

Rs 0, 50, 100, 150, 200, 250
Gs 0, 50, 100, 150, 200, 250
Bs 0, 50, 100, 150, 200, 250
Finish type Glossy, Matte
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Experimental procedure and data collection

Experimental design

A full factorial design of experiments is used to investigate four
control factors related to measured color: specified RGB values (Rs, Gs,
Bs) and finish type. Table 3 shows the selected levels for the four con-
trol factors. Six levels are selected for each of the specified RGB values,
ranging from 0 to 250 with 50 increments. Both glossy and matte fin-
ish types are examined. Therefore, there is a total of 432 unique com-
binations from these four control factors, resulting in 432
experimental conditions. Under each experimental condition, only
one sample is printed because a previous study [9] shows that the dif-
ferences in measured RGB values for replicated samples are negligible.
Preparation of printed samples

The samples are printed on a Stratasys J750 PolyJet printer. The
shape of the samples is a thin square plate with dimensions of
20 mm in the X and Y axes, and 2 mm in the Z axis. The designed STL
file is generated in Autodesk Fusion 360 (California, USA), and
imported to the Stratasys GrabCAD Print (Minnesota, USA) software
of the printer. The specified RGB values and finish type are entered in
the software. All samples are printed in glossy finish type. The bottom
sides of the samples are used to obtain experimental data for matte
finish type. Therefore, a total of 216 samples are printed for the 432
experimental conditions. The layout of the samples on the build plat-
form is shown in Fig. 2.

The combinations of a color profile and base model materials
determine the range of achievable color of a printer [18]. A color
Fig. 2. Printed 216 samples and the
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profile in full color 3D printing converts RGB values used in digital
monitors to CMYKW (abbreviation for cyan, magenta, yellow, black,
and white) values used in physical printers [19]. In this study, “Natu-
ral shells” is set as the color profile. The following five types of base
model materials are used: VeroPureWhite (RGD837), VeroBlackPlus
(RGD875), VeroCyan (RGD843), VeroYellow (RGD836), and VeroMa-
genta (RGD851). Gel-like support material (SUP706B) is used as the
support material, and the layer thickness is set as 27 mm. The sam-
ples are printed after one year since the printer’s installation in the
lab, and regular maintenance such as cleaning has been carried out
according to the maintenance manual of the printer. Right before the
printing, cleaning wizard and head optimization are performed to
eliminate or reduce potential color contamination caused by previous
printing. After the completion of printing, the support materials on
the bottom sides of the samples are manually removed using a
scraper. Then, pressurized water is blasted to the samples for further
removal of the support material.
Measurement of color

Nix Procolorimeter (Ontario, Canada) is used to measure the RGB
values on the printed samples. Illuminant and observer are two
parameters that need to be set for the colorimeter [19]. The illumi-
nant used is D50 that emulates horizon daylight with a color tem-
perature of 5000 Kelvin [20]. The observer (receiver of the
illuminant) is set to 2° field of view, corresponding to the angle of
cones in fovea of human eyes. For each experimental condition,
three measurements are taken from the sample surface by the color-
imeter, and the average of the three measurements is reported as
the measured RGB values.
Multilayer perceptron neural network

Model architecture

A neural network, formally called artificial neural network, is an
interconnected group of artificial neurons, each of which functions as
a mathematical operator to mimic the function of a biological neuron
[21]. A network has multiple layers, including an input layer, an
ir layout on the build platform.
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output layer, and one or multiple hidden layers in between. Each
layer consists of a number of neurons. The connections between neu-
rons at different layers are called edges. Each neuron has its own
inputs and an output, where the inputs are weighted and then con-
verted to an output through an activation function. As the activation
function is nonlinear, a neural network model can estimate nonlinear
relationships between input variables and output responses. Multi-
layer perceptron (MLP) [22] is a widely used class of neural network
model, which has a fully connected model architecture, meaning that
every neuron in one layer, except the last layer, is connected to all
the neurons in the next layer.

MLP is employed in this study to estimate relationships
between control factors and the measured color of printed sam-
ples by PolyJet. The developed MLP model has four layers, i.e.,
one input layer, two hidden layers, and one output layer, as
illustrated in Fig. 3(a). There are 4 neurons in the input layer,
fx1; x2; x3; x4g, corresponding to the four control factors (i.e., the
specified RGB values Rs;Gs;Bs and finish type), and 3 neurons in
the output layer, fy1; y2; y3g, corresponding to the measured RGB
values Rm;Gm;Bm. The second layer has 128 neurons, and the third
layer has 64 neurons. When selecting the number hidden layers
and the number of neurons in each layer, there is a trade-off
between model prediction accuracy and model training time. For
example, it is preferred to have a large number of neurons, so the
model can have more flexibility to adapt to the complex relation-
ships between inputs and outputs. But, the training time would be
too long if the number is too large. The number of hidden layers
and the number of neurons used in this study are able to achieve a
good balance.

In this model, the ith neuron, i ¼ 1; . . . ;128, in the second layer is
calculated by

a2i ¼ g
X
j

w1
ijxj þ b2i

0
@

1
A ð1Þ

where gð ¢ Þ is the rectified linear unit (ReLU) activation function,
which takes a form of gðzÞ ¼ maxf0; zg. w1

ij is the weight allocated
to the edge between the jth input and the ith neuron, and xj,
j ¼ 1; . . . ;4, is the jth input. b2i is the bias assigned to the neuron.
The superscripts are the layer indices. To show the idea more
clearly, Fig. 3(b) schematically illustrates the steps involved in the
calculation process using a21 as an example. Essentially, a neuron
in the second layer is obtained by first weighting the inputs,
Fig. 3. The developed multilayer perceptron neural network model: (a) overall model archit
ond layer.
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adding a bias, and then applying the activation function to the lin-
ear combination of the inputs. Similarly, a neuron in the third
layer is calculated by

a3i ¼ g
X
j

w2
ija

2
j þ b3i

0
@

1
A ð2Þ

where a3i , i ¼ 1; . . . ;64, is the ith neuron in the third layer, and a2j ,
j ¼ 1; . . . ;128, is the jth neuron in the second layer. Lastly, an output
response in the output layer is calculated by

yi ¼
X
j

w3
ija

3
j þ b4i ð3Þ

where yi, i ¼ 1; 2; 3, is the ith output response, and a3j , j ¼ 1; . . . ;64, is
the jth neuron in the third layer. Note that the activation function is
not applied at the output layer.

Using the collected experimental data, the MLP model is trained
to estimate parameters in the model, including all the weights and
biases in Equations (1) - (3). The trained model is then used to pre-
dict the color of a printed sample given a set of values for the con-
trol factors.
Optimization algorithm

The weights and biases in Equations (1) - (3) are obtained through
an optimization algorithm. In this study, the adaptive moment esti-
mation (ADAM) algorithm [23] is used, which is more efficient than
the commonly used stochastic gradient descent algorithm [22]. It is
also robust to the choice of hyperparameters. The learning rate in the
algorithm is set to 0.01.

The initial values of the weights and biases are randomly gen-
erated. Then, the MLP model is trained by iteratively adjusting
the weights and biases to minimize a loss function. In this study,
the loss function used is the mean squared error (MSE), defined
as the average of squared errors between predicted color and
observed color,

MSE ¼ 1
3k

X
k

X
i

yik � byik

� �2 ð4Þ

where yik is the ith measured RGB values observed, i ¼ 1; 2; 3, under
the kth experimental condition, and byik is the corresponding mea-
sured RGB values predicted from the MLP model.
ecture, and (b) the relationship between input variables and the 1st neuron of the sec-
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Training strategy

Cross validation is used to assess the prediction performance of
the MLP model. In a K-fold cross validation, the entire dataset is ran-
domly and evenly split into K folds. In each iteration, one fold is held
out as testing data, and the remaining folds are used to train the MLP
model. Then, the trained model is used to make predictions using the
conditions under which the testing data are obtained. Afterwards,
the prediction error (i.e., deviation of predicted values from the test-
ing data) is calculated. This process is repeated until every fold has
been used as the testing data. The overall prediction performance of
the MPL model is represented by the average of the K prediction
errors. In this study, a 5-fold cross validation is used, and the 432
observations are divided into 5 folds. In each set of training data,
training data is further split into a training set and a validation set.
The training set is used to update weights and biases, and the valida-
tion set is used to calculate training error (MSE) [22]. 20% of the train-
ing data is allocated to validation set for each of the 5 folds of training
data. Data normalization is applied to the entire dataset. The epochs
(training iterations) are set to 100 since prediction accuracies are not
improved after tens of epochs. The batch size (number of observa-
tions used to train the model at a time) of 32 is used [22].

Overfitting refers to a situation where a model performs well on
validation set, but poorly on testing data [22]. Dropout is an effective
regularization strategy to alleviate model overfitting [22]. Specifi-
cally, in each epoch, some randomly selected neurons are not
updated during that epoch in order to reduce training bias and pre-
vent the model from being stuck in a local optimum. The dropout
rate is set to 0.1 in the two hidden (second and third) layers.

Prediction performance

To quantify the performances of the trained MLP model, two
measures are calculated: mean absolute error (MAE) and coefficient
of determination (R2). MAE [24] is defined as

MAE ¼ 1
3k

X
k

X
i

����yik � byik

���� ð5Þ

where yik is the ith measured RGB values, i ¼ 1; 2; 3, of kth observation
of the experimental condition, k ¼ 1; . . . ; 432. MAE is an average of
the absolute differences (errors) between prediction and observation.
R2 is defined as

R2 ¼ 1� RSS
TSS

¼ 1�
P

k yik � byik

� �2
P

k yik � yið Þ2
ð6Þ

where RSS is the residual sum of squares, and TSS is the total sum of
squares. Coefficient of determination (R2) [24] ranges from 0 to 1,
Fig. 4. Boxplots of measured RGB values for each of the specifi

5

indicating what proportion of variances in data can be explained by a
model. A small MAE and a large R2 usually mean that a model has
good prediction performance.

It is also worth mentioning that training and testing results of the
MLP model may vary in different runs, even if the same sets of train-
ing and testing data are used. When the training and testing data are
split, the same split is insured every run by using the same random
seed. However, random seeds are not fixed for the random numbers
used in dropout and ADAM algorithm. As a result, the numbers
shown in Table 5 could change for a different run, but the overall
trends of the results are consistent.
Results and discussion

This section presents and discusses the experimental and compu-
tational results. First, data trends of the experimental results are visu-
alized by boxplots, and Pearson correlation coefficients are utilized to
understand relationships between measured color and control fac-
tors. Second, prediction performances of the trained MLP model are
assessed and compared with those of a linear regression model and a
cubic regression model.

Characteristics of experimental results

The boxplots in Fig. 4 show the trends between the measured RGB
values and the specified RGB values. Each boxplot contains 72 data
points, all of which have the same value for one of the specified RGB
values (Rs, Gs, or Bs). For example, the boxplot of Rm given Rs = 0 in
Fig. 4(a) is plotted using all the measured Rm values from all the
experimental conditions when Rs is 0, including both finish types.
Hereafter, the six selected levels of each specified RGB value (i.e.,
from 0 to 250) are divided into three ranges, referred to as lower (0
and 50), middle (100 and 150), and upper (200 and 250) ranges,
respectively. It can be noticed in Fig. 4(a) that when Rs takes the val-
ues in lower or upper ranges (especially 0 and 250), the difference
between Rs and Rm is larger. If Rs spans in the middle range (e.g., 150),
the difference between Rs and Rm is smaller. Similar observations can
be made for Gs and Bs, as shown in Fig. 4(b) and (c). When specified
RGB values are close to the upper and lower ranges, the differences
between measured RGB values and specified RGB values are larger;
when specified RGB values are in the middle range, the differences
are smaller. In other words, there are nonlinear trends between the
measured RGB values and the specified RGB values.

To check the correlation between control factors and measured
RGB values, Pearson’s correlation coefficients [23] are calculated and
presented in Table 4. The coefficient values range from�1 to 1, where
�1 indicates that the two variables are perfectly negatively
ed RGB values, (a) Rs vs. Rm, (b) Gs vs. Gm, and (c) Bs vs. Bm.



Table 4
Correlation coefficients between control factors and measured RGB values.

Correlation coefficient (p-value)

Rs Gs Bs Finish type

Rm 0.930 (0.001) 0.155 (0.001) -0.051 (0.289) -0.054 (0.262)
Gm 0.065 (0.181) 0.950 (0.001) -0.003 (0.957) -0.089 (0.064)
Bm -0.007 (0.892) 0.056 (0.246) 0.907 (0.001) -0.157 (0.001)

Table 5
Performance measures of three models.

Model MAE R2

R G B R G B

Linear regression 11.891 12.238 14.192 0.903 0.913 0.881
Cubic regression 10.440 8.825 11.143 0.926 0.948 0.928
MLP 6.082 6.008 6.093 0.973 0.974 0.976

X. Wei, N. Zou, L. Zeng et al. Annals of 3D Printed Medicine 5 (2022) 100049
correlated, and 1 means that they are perfectly positively correlated.
The corresponding p-values are presented next to the coefficient val-
ues. The smaller a p-value is, the more statistically significant the cor-
relation between the variables is. It can be observed that multiple
specified RGB values are correlated with the measured RGB values,
and the effects of finish type on measured RGB are different. For
example, Rm is significantly and positively correlated with Rs and Gs,
and the magnitude of correlation coefficient for Rs is much larger. The
absolute value of the correlation coefficient between finish type and
Rm is the smallest, compared with the correlations of finish type with
Gm and Bm. In fact, negative sign of the coefficient value means that
glossy finish type tends to cause lower measured RGB values than
matte finish type.

In short, Fig. 4 and Table 4 suggest that there are nonlinear trends
between measured RGB values and specified RGB values, and more
than one control factors are correlated with each of the measured
RGB values. Therefore, a complex model such as MLP would be more
suitable for predicting measured RGB values than simple models
such as a linear regression model.
Prediction performances of the MLP model

In Fig. 5, measured RGB values observed (experimental data) are
plotted against measured RGB values predicted by 5-fold cross vali-
dation using the MLP model. There are 432 points in each plot
because 5-fold cross validation allows all the experimental data to be
treated as testing data (one fifth of the data are used as the testing
data in each validation). The prediction performance is the best if all
the points fall on the red line. It can be seen that the predicted Rm,
Gm, and Bm are fairly close to the observed ones, indicating that the
overall prediction performance of the MLP model is good.

Table 5 presents the average MAE and R2 of the MLP model from
5-fold cross validation for Rm, Gm, and Bm. 5-fold cross validation is
also performed for a linear regression model and a cubic regression
model, and their average MAE and R2 values are also included in
Table 5. The linear regression model includes the four main factors
and their interactions as predictors. The cubic regression model con-
tains quadratic terms and cubic terms of the four main factors, in
addition to the terms included in the linear regression model. It can
be observed that the MLP model outperforms the linear and cubic
Fig. 5. Measured RGB values observed vs. measured RGB values predicted by 5-fold cross val
Bm vs. predicted Bm.
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regression models for both performance measures, and the perfor-
mance of the cubic regression model is better than the linear regression
model. The prediction power of MLP has been demonstrated to be supe-
rior to linear regression in other applications when relationships
between input variables and output responses are complex [21,25-27].
In practice, all the experimental data can be used for training, and the
establishedmodel will be used for future predictions.
Concluding remarks

A multilayer perceptron (MLP) neural network model is established
for predicting measured color of printed samples by PolyJet 3D printing
given control factors (color specification and finish type). The devel-
oped MLP model is able to predict the measured color of printed sam-
ples with high accuracy. Also, the MLP model outperforms the linear
regression model and the cubic regression model based on the two
performance measures, MAE and R2. This study applies MLP to the Pol-
yJet 3D printing, but the methodology could be also implemented to
other 3D full color printing processes (such as binder jetting, fused
deposition modeling, or laminated object manufacturing) to predict
measured color given control factors including color specification.

Data trends of the measured colors indicate that, when specified
colors have larger or smaller RGB values (i.e., bright or dark in color),
the difference between specified colors and measured colors of Poly-
Jet printed samples could be large in the RGB color system. When
specified colors span in the middle of the RGB color system, the dif-
ference between specified colors and measured colors could be small.
It is also found that the relationships between control factors and
measured color are nonlinear. In addition, matte finish type tends to
produce higher measured B values than R and G values.

Although it has been shown that the MLP model performs ade-
quately for predicting measured RGB values, this study has some lim-
itations that will be addressed in future research. One limitation is
that it lacks a color compensation scheme. The developed prediction
model can predict output color well given color specification and pro-
cess parameters. It would be more desirable to predict what values
the control factors should be set in order to obtain a target output
color. Ultimately, color compensation should be conducted before
printing, with an optimization strategy to find the desired inputs to 3D
printing, including color specification, in order to achieve a target output
idation, (a) observed Rm vs. predicted Rm, (b) observed Gm vs. predicted Gm, (c) observed
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response, such as color, mechanical strength, dimension accuracy, and
others. Another future direction is to use other advanced predictive
models (such as Gaussian process regression) to achieve a good predic-
tion accuracy with a small number of experimental samples.
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