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Abstract
This paper provides a methodology for the application of a machine learning-based framework for fused
deposition modelling manufacturing. The approach was developed to take into account the influence of
the material, the part geometry, the process parameters on the maximum part warpage defined by the
user. The results showed the effectiveness of machine learning for both classification and regression
purposes so that the printability of the part is firstly provided, based on the selected warpage threshold,
and secondly, the part warpage can be predicted within the problem design space variables, i.e. part
material, part height, part length, and layer thickness. The limitations of the use of the analytic equation
as a data-points generator are widely discussed, along with the future research based on the obtained
preliminary results. In conclusion, the described methodology represents a concrete step towards a first-
time-right strategy in the field of manufacturing processes.

1 Introduction
Providing a first-time-right manufacturing capability represents a crucial need for current manufacturing
processes in which the common trial-and-error approach leads to material waste, poor part reproducibility,
high cost, and delay in part certification.

Fused Deposition Modeling (FDM) is the extensively adopted methodology for additive manufacturing
(AM) of prototypes, tools, and low-volume products. The technique is based on printers that use a
thermoplastic polymer filament which is initially heated up to its melting temperature and then extruded
in a layer by layer fashion obtaining a three-dimensional structure [1]. The process reliability in providing
high-quality components is still a challenging task due to the lack of complete understanding of the
impact of process-related parameters on the manufactured part characteristics and the process
productivity [2-14]. This, in turn, prevents the possibility of generalising trends from these results, which
were mostly evaluated using Taguchi method and ANOVA analysis.

Machine learning (ML)-based algorithms are permeating several scientific disciplines due to their ability
to explore complex pattern in collected data and perform data-driven predictions on new data [15].

ML has been effectively used in FDM applications, addressing the modelling of shape deviations in FDM
parts [15], developing real-time detection methods to locate areas of interest in fused filament fabricated
layers [16], predicting deposition angles [17], indicating adjustments on 3D models to reduce the
dimensional deviations of the printed parts [18], predicting the mechanical properties [12][19], and
generating/validating component capability profiles as a tool to generate parts optimised design [20].

One of the most critical defects occurring in FDM is warpage, a geometric distortion typically observed on
a flat and thin part. During the process, the filament extruded at the melting temperature cools due to the
surrounding air in the printing chamber, resulting in a contraction that is prevented by the supporting
platform. Both tensile and compressive stresses arise, and when the part is removed from the platform at
the end of the process, these stresses are released causing a bending distortion [21]. Modelling strategies
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have been proposed to estimate the effect of process parameters on the warpage of the part. The
phenomenon is typically described utilizing the thermo-elasticity theory already developed for thermal
stresses in structures assuming an elastic and isotropic material with a perfect bond between the layers.
One-, two- or three- dimensional models have been developed [22-25], and the comparisons with both
experimental results and finite element analysis [21], [26-30] have shown that the understanding of the
influence of the variables associated to the part geometry, part material, and process on the warpage
represent a challenging multi-objective optimization problem. Hence, the selection of a suitable polymeric
material that would allow a prescribed warpage tolerance for a defined geometry is a significant
challenge particularly at the initial stage where the exploration of the whole possible design space can
lead to ineffective trial-and-error attempts to minimize the final warpage. A traditional modelling
approach would result in either inaccurate - as the case for most of the analytical models – or time-
consuming – as for most of the finite element analysis. A fast and accurate predicting tool is needed to
obtain a reliable prediction of the resulting warpage for a defined material and geometry and to provide
eventually indications to material scientists for developing a new class of polymers able to meet the
manufacturing needs.

The scope of this work is to develop a versatile ML framework for FDM manufacturing applications in
which part warpage can be predicted with respect to the selected material, part geometry, and process
parameters. This will be accomplished considering the following sub-goals:

1. Estimation of the part warpage as a function of machine parameters, part geometry, and mechanical
and thermal properties of common polymers used in FDM;

2. Classification of printable/non-printable parts based on a targeted level of warpage threshold;

3. Regression analysis to relate part geometry and chamber temperature in the space of the printable
configurations based on the selected warpage threshold.

2 Methods

2.1 Overview
The part deflection due to warpage considered in this work is based on the analysis from Armillotta et al.
[21]. Here the authors provided new hypotheses based on multiple-layer shrinkage and plastic
deformation to justify the observed influence of part height on warpage. The new analytic formulation
provides a better warpage prediction than the basic model obtained by Armillotta et al. and consistent
with the assumptions of analytic models present in the literature [22]. Nonetheless, the improved model
gives a poor fit for long and thick parts built with small layer thickness, leading the authors to the
conclusion that the model will have to be revised considering additional physical mechanisms.

Hence, in this work, the basic model formulation is considered since it allows to describe the proposed
methodology in a much simpler fashion and to obtain data samples with limited computational effort.
Once a better predictive tool is available (either analytic or finite element-based), the same approach can
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easily be adapted. A range of material commonly used in FDM was selected, namely ABS, PLA, PEEK, and
Nylon (PA12).

ML is applied for both classification and regression purposes.

Classification is performed to identify the combination of parameters, such as part length, part height,
and material glass-transition temperature, which ensure the part printability according to a user-defined
warpage threshold. This, in turn, allows distinguishing between relevant and irrelevant areas of the design
space. In other words, it indicates whether a selected material for a chosen part geometry can be
manufactured without exceeding the selected part warpage.

Regression is used on these relevant design space areas to provide a capability profile based on the
considered parameters. The capability profile can then be used to predict the part warpage and to quickly
evaluate the effect of both material and process parameters. To this aim, the validated capability profile
is used to ascertain the effect of the chamber temperature on the part warpage.

2.2 Data samples generation
The considered equation of the inter-layer warpage δ is [21]

in which α is the linear shrinkage coefficients, TG is the material glass transition temperature, TC is the
chamber temperature, L is the length of the part, Δh is the thickness of every deposited layer, and h is the
height of the part.

Based on equation (1), two parameters P1 and P2 are defined, as the linear shrinkage coefficients α and
the difference (TG –TC), respectively. All the other parameters represent the user initial input and are hence
fixed. Equation (1) can be rewritten as

Typical values for α, TG , and recommended TC (if indicated) for the selected materials are reported in
Table 1. The resulting range values for P1 and P2 are reported in Table 2. 
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Table 1

Materials and properties overview [21][31-32].

Material α (K-1) TG [°C] TC [°C]

ABS 60*10-6 95 75

PLA 68*10-6 62 25 #

PEEK 98*10-6 143 120

PA12 95*10-6 70 25 #

# TC value not suggested and hence room temperature is considered

 

Table 2

Range of P1 and P2 values.

Parameter Range

P1 [%] 60 ÷98

P2 [°C] 20 ÷ 45

 

Different P1-P2 combinations were generated by sampling according to a Sobol sequence [33] the design
space constituted by the range values for P1 and P2. A database consisting of one thousand (1,000) P1-
P2 data point combinations were selected. The sampling was performed in MatLab using the code
developed by Bessa et al. [34]. Parts warpage were then computed with equation (2). 

2.3 Machine Learning for printable/non-printable part
classification
Support Vector Machine (SVM) algorithms were developed in MatLab to create a map of printable/non-
printable configurations based on P1-P2 combinations that satisfy the condition of part warpages below
a user-defined threshold. Bayesian ML method called scalable variational Gaussian process (SVGP) was
chosen as the most adequate for this classification application [35].  

Different test cases were investigated performing the proposed methodology for different warpage
thresholds, as reported in Table 3. The part length L, the printed layer thickness Δh, and the part height h
were kept constant to 100 mm, 0.254 mm, and 1.5 mm, respectively. 
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Table 3

Test cases overview for classification.

Length

L [mm]

Layer thickness

 Δh [mm]

Part height

h [mm]

Warpage threshold

δ [mm]

100

 

0.254

 

1.5 1.5

2

2.5

 

2.4 Machine Learning for regression in the classified space
design
Linear Regression, Support Vector Machine, and Gaussian Process were the model classes analysed for
the prediction of the part warpage for the P1-P2 combinations that were classified as printable. The
warpage threshold was randomly set to 2 mm. Firstly, the regression models were built via the MatLab
“Regression Learner” application for the lowest part height (1.5 mm) and the best model was then applied
to the other two-part heights, namely 3.5 and 5.5 mm, as shown in Table 4.

Cross-validation of 10 folds for the training data was used to protect from overfitting. The comparison of
classification performance was performed in terms of the root mean squared error (RMSE) and the
training time.

Table 4

Test cases overview for regression.

Part Length

L [mm]

Layer thickness

 Δh [mm]

Warpage threshold

δ [mm]

Part height

h [mm]

100

 

0.254

 

2 1.5

3.5

5.5

 

2.5 Validation and Application
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The regression model was then validated against Equation 2 in terms of the resulting warpage values for
different part heights. In Table 5 the considered variables for the regression model validation are reported.

Table 5

Parameters considered for the regression model validation.

Part Length

L [mm]

Layer thickness

 Δh [mm]

Part height

h [mm]

Chamber Temperature

TC [°C]

100 0.254 1.5-7.5 75

 

Lastly, the validated model was applied for evaluating the influence of the chamber temperature on the
warpage of the part. More details are provided in the corresponding results section.

3 Results

3.1 Data samples generation
Figure 2 shows the P1-P2 data points obtained by sampling the defined design space. Based on these
data points, the warpage values were computed via (2) and reported in Fig. 3. 

3.2 Machine Learning for printable/non-printable part
classification
According to the different warpage thresholds, the SVGP method provided the combination of P1-P2 that
would ensure a part within the defined warpage limit, i.e. printable if the part warpage is below the
threshold and not printable otherwise, as depicted below in Fig. 4 for the three considered warpage
thresholds. 

3.3 Machine Learning for regression in the classified space
design
Table 6 shows the regression performances of the trained models for each class for the lowest part
height (1.5 mm).
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Table 6
Performances of the best model for each regression class; part height 1.5 mm.

Class Best type RMSE Training time [s]

Linear Regression Linear 3.66*10− 5 6.1

Support Vector Machine Coarse 1.85*10− 5 3.7

Gaussian Process Squared Exponential 3.52*10− 5 20

The best model both in terms of the RMSE and the training time values resulted to be the Coarse Support
Vector Machine (CSVM). Figure 5 shows the true response vs. the predicted response, i.e. the warpages
computed with Eq. 2 vs. the warpages predicted by the CSVM. A diagonal line is also plotted, representing
a perfect match between analytic and predicted values. The vertical distance from the line to any point is
the error of prediction for that point. 

The CSVM model is then used to perform the regression for parts of 3.5 and 5.5 mm of height. The
comparisons between the predicted and the analytic warpage values are reported in Figs. 6 and 7. 

An improved prediction capability can be seen for the part heights of 3.5 and 5.5 mm due to a larger
number of the dataset upon which the model is built. In fact, for the higher part heights, all the warpage
values are below the selected threshold and hence more samples are considered. Table 7 present the
comparison of the RMSE, training time, and the number of data points for the three addressed part
heights. It is evident that for a larger number of data points the RMSE reduces up to one order of
magnitude. Conversely, the effect of a larger dataset on the training time is negligible.

Table 7
Model performances for different layer heights; CSVM

model, warpage threshold 2 mm.
Part height

h [mm]

Dataset RMSE Training time [s]

1.5 663 1.85*10− 5 3.7

3.5 1000 6.1*10− 6 5.9

5.5 1000 2.3*10− 6 3.1

3.4 Validation and Application
Figure 8 shows the comparison between the CSVM and the analytic models. A good agreement is
obtained between the two models, especially for part height below 4.5 mm (difference ≤ 0.01 mm). 

The developed CSVM model can now provide the information of what range of chamber temperature TC

can be selected to obtain a warpage value below a desired threshold for the selected part geometry, layer
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thickness, number of printed plies, and the selected material. The final selection of the material implies
the definition of both the shrinkage coefficient, i.e. P1, and of the TG. Hence, P1 is fixed and P2 can differ
among all the P2 values that have been related to printable parts. The TC can then be computed from the
selected P2 values, along with the resulted part warpage.

For the described application, the considered material, geometry of the part, and warpage threshold are
reported in Table 8. Five (5) P2 values (i.e. 5 TC values since TG is fixed for a given material) were selected
among the P2 values belonging to the data points classified as printable. Figure 9 shows the part
warpage variation concerning different chamber temperatures obtained with both the analytic model and
the CSVM regression.

Table 8
Parameters selected for the CSVM application.

Material Warpage
threshold

δ [mm]

Part
height

h [mm]

Part
Length

L [mm]

Layer
thickness

Δh [mm]

Chamber Temperature
range

TC [°C]

ABS 2 1.5 100 0.254 25–75

 

4 Discussion
The proposed methodology represents an ML-based approach for the evaluation of the influence of
material, geometry, and process parameters on the resulting warpage in FDM parts.

The flexibility and the efficiency provided by ML is very promising to take into account the effect of
different combinations of part geometry and manufacturing parameters so that a first-time-right
manufacturing process can be developed.

The availability of numerous data points is essential for proper ML algorithm training. The warpage
values were obtained by Eq. (2) which has the great advantage of providing as many as needed data
points in a very short time, without the burden of conducting experimental tests. The main drawback is
however represented by the accuracy of the analytic model itself. Other work, such as [Armillotta], showed
the inaccuracy of Eq. (2). Other approaches must be used to ensure a better predictive tool, for examples
based on finite element models. Most importantly, the analytic equation can be easily used to perform the
presented work without a clear need for ML. Nonetheless, most of the manufacturing process cannot be
easily described by formulas, especially if the influence of several different parameters is the object of
investigation, and therefore the analytic approach is here used only to demonstrate the feasibility of the
methodology.

The SVM algorithm used to classify the parts as printable or not printable is based on two design
parameters P1 and P2, which take into account the material shrinkage coefficient, the glass-transition
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temperature, and the printer chamber temperature. Results, as expected, show a larger number of P1-P2
combinations for printable parts for higher values of warpage threshold.

Regression is performed within the data points classified as printable. A model based on CSVM is
deployed so that the warpage value for a specific combination of P1 and P2 parameters is predicted. The
comparison between the analytic and the predicted data show very good accuracy of the model,
especially for higher part heights of 3.5 and 5.5 mm.

ABS is then considered to validate the CSVM model and to show how the proposed approach can be
used to relate the part warpage to the temperature of the printing chamber. As expected, the warpage
increases for lower chamber temperatures in a very good agreement with the analytic prediction.

Further research can be based on this methodology especially for taking into account more complex
process parameters and part geometry to tailor the manufacturing process for a selected material and a
desired part property value/limit. In addition, if experimental data are available, this ML-based approach
has the significant advantage of discard the need for the understanding of all the complex phenomena
that have to be provided in any reliable analytic or numerical predictive model. This represents a powerful
tool that can highly support the generations of future optimised 3D printed components.

5 Conclusion
The scope of this work is to present a versatile framework for the adoption of ML as a supporting agent
in FDM manufacturing. The work is based on the definition of a material type and a part geometrical
configuration and to apply ML for (i) part classification as printable/non-printable based on the selected
part material and geometry with respect to the desired warpage threshold, (ii) prediction of the part
warpage below the selected threshold as a function of the chamber temperature.

The methodology has also the significant advantage of providing both quick end reliable prediction of the
influence of manufacturing process parameters on a prescribed manufacturing outcome, e.g. the part
warpage. In this context, the approach is adaptable to different materials, part geometry, manufacturing
process parameters, and interested manufacturing output.

This work can be recognized as a concrete demonstration of the effectiveness of ML for FDM and
manufacturing processes in general. Lastly, not only quick predictions can be made directly from the
available experimental or modelling data, but also, and more notably, indications on which material/part
geometry combination provides the best-desired outcome can lead to new solutions virtually achieving a
first-time-right manufacturing process.
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Figure 1

Approach overview.

Figure 2

Combination of P1-P2 values in the sampled design space.
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Figure 3

Warpage values based on the sampled P1-P2 data points.

Figure 4

P1-P2 data points resulting in printable/not printable parts according to the selected warpage threshold:
(a) 1.5 mm, (b) 2 mm, and (c) 2.5 mm.
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Figure 5

Analytic vs. predicted warpage for a 1.5 mm part height.

Figure 6

Analytic vs. predicted warpage for a 3.5 mm part height.
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Figure 7

Analytic vs. predicted warpage for a 5.5 mm part height.

Figure 8

Comparison between the analytic model from equation 2 and CSVM regression model for different part
heights for ABS material, part length 100 mm, layer thickness 0.254 mm, and TC 75° C.
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Figure 9

Warpage variation as a function of the chamber temperature.


