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Analysis and prediction of printable bridge length in fused deposition modelling
based on back propagation neural network
Jingchao Jiang a, Guobiao Hu a, Xiao Lib, Xun Xu a, Pai Zheng a* and Jonathan Stringer a

aDepartment of Mechanical Engineering, University of Auckland, Auckland, New Zealand; bDepartment of Design, National Taiwan University of
Science and Technology, Taipei, Taiwan

ABSTRACT
In recent years, additive manufacturing has been developing rapidly mainly due to the ease of
fabricating complex components. However, complex structures with overhangs inevitably require
support materials to prevent collapse and reduce warping of the part. In this paper, the effects
of process parameters on printable bridge length (PBL) are investigated. An optimisation is
conducted to maximise the distance between support points, thus minimising the support
usage. The orthogonal design method is employed for designing the experiments. The samples
are then used to train a neural network for predicting the nonlinear relationships between PBL
and process parameters. The results show that the established neural network can correctly
predict the longest PBL which can be integrated into support generation process in additive
manufacturing for maximising the distance between support points, thus reducing support
usage. A framework for integrating the findings of this paper into support generation process is
proposed.
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1. Introduction

The technology of 3D printing which is also often
termed as additive manufacturing (AM) was first devel-
oped in 1987 by 3D Systems (Wohlers and Gornet
2014). Due to the rapid development, it has already
had a wide of applications in the fields of aerospace,
medical applications and personalised products (Li
et al. 2016; Zheng et al. 2017; Weng, Li, Tan, et al.
2018; Wang et al. 2018; Weng, Li, Liu, et al. 2018).
Different from traditional manufacturing technologies
by cutting material away from a solid block of material,
AM techniques construct 3D objects by successively
depositing material in layers such that it becomes the
predesigned shape. When there are substantial over-
hanging structures, the layer-by-layer depositing
nature of AM may result in a consequence that the
current layer cannot be deposited successfully if
without the assistance of some additional supports
underneath (Leary et al. 2014; Jiang, Stringer, and Xu
2018; Jiang, Xu, and Stringer 2018). For this reason,
support structures are often required to be generated
additionally for a large group of AM techniques
except some powder-based AM processes for which
the fully self-support can be realised by the powders.
Moreover, after manufacturing, objects have to be
post-processed by manually removing the support

structures. Therefore, it can be understood that the
existence of the support structures causes the waste
of materials, increases the time for production and
cost for post-processing.

In the past few years, immense interests have been
attracted to improve AM to become a more economi-
cal, sustainable and environmental-friendly technique.
David, Fu, and Yong (2018) analysed the potential
environmental implications of AM related to energy
consumption, occupational health, waste and lifecycle
impact. An approach for the design of experiments
was developed by Griffiths et al. (2016) for reducing
the waste and energy during the AM process. Improv-
ing or even developing new AM technologies for
reducing cost is also an attractive research field (McEl-
heny, Hayes, and Devireddy 2017). In terms of the
extrusion-based AM technology, the team of Jin has
carried out lots of research (Jin, Du, Ma, et al. 2017;
Jin, Du, and He 2017; Jin, He, et al. 2017; Jin, Du,
He, et al. 2017) to optimise the process planning for
the purpose of reducing production time, material
and energy.

In the AM process, support structure is another sig-
nificant source of waste as they only serve for manufac-
turing assistance and have to be removed after
fabrication. Studies for reducing supports have also
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been conducted by many researchers (Mumtaz, Vora,
and Hopkinson 2011; Strano et al. 2013; Barnett and
Gosselin 2015; Gaynor and Guest 2016; Li et al. 2017;
Jiang, Stringer, Xu, and Zheng 2018; Zhang et al.
2017). Generally speaking, all these works are based
on three methods: optimising build orientation to
avoid the requirements of support structures, using
cheaper material to generate support structures, and
seeking better support structures (e.g. cellular/lattice
structures). Besides the methods proposed above,
another potential way to reduce the support waste is
by adjusting the process parameters for increasing the
printable distance between support points, thus
decreasing the demand of support structures. For
example, on the premise of ensuring a satisfied
quality, a bridge may be printed without using any
support beneath it (see Figure 1(a)), or maybe at least
two support points (see Figure 1(b)), or maybe three
points (see Figure 1(c)). The number of the required
supporting points depends on the longest distance a
3D printer can print which is affected by various
process parameters. There are many studies (Chowdh-
ury, Mhapsekar, and Anand 2017; Armillotta, Bellotti,
and Cavallaro 2018; Dong et al. 2018) that investigated
the effects of process parameters on the printed surface
quality including roughness and deformation etc.
Mohamed, Masood, and Bhowmik (2016) optimised
the process parameters for dimensional accuracy using
I-optimality criterion in FDM processes. Jiang, Stringer,
Xu, and Zhong (2018) studied the effects of process par-
ameters on the threshold of the printable overhang
angle and determined the lowest angle that can be
printed through tuning the process parameters.

In this paper, the effects of process parameters
(including print speed, cooling fan speed and print temp-
erature) on the printable bridge length (PBL) are investi-
gated for an FDM printer. The orthogonal method is
employed for designing 32 tests of experiments with
different process parameters. Subsequently, a back
propagation neural network (BPNN) is trained based on

that set of experimental sample data to establish the
nonlinear relationship between PBL and process par-
ameters. After that, process parameters are optimised
for achieving the longest printable distance which
means the longest bridge a 3D printer can print (with
satisfied finish surface quality) without using any
additional support structure (see Figure 1(a)). The
feature and results of the longest PBL can be integrated
into slicers for slicing 3D models and generating sup-
ports, thus minimising support usage and production
cost in future printing processes. Then the longest PBL
can be predicted by the established BPNN. Finally, char-
acters ‘UOA’ and pane parts are fabricated vertically
according to the longest PBL predicted by BPNN for
validation.

2. Physical analysis

During an AM process, there are many factors (print
temperature, print speed, cooling fan speed, etc.) that
may influence PBL. Some works have been carried out
for achieving the longest PBL from a design perspective
(Rosen 2014; Lischke and Tovar 2016). In this section, the
effect of main factors (print speed, cooling fan speed and
print temperature) on PBL will be analysed in a physical
perspective.

2.1. Effect of print speed on PBL

Print speed is an important factor that can influence PBL.
Imaging a printing process as shown in Figure 2, once
the print speed (i.e. the moving speed of the nozzle) is
low enough, the extruded material (that beneath the
nozzle) is supposed to have enough time to be solidified
before the nozzle moves to next point of printing. The
higher the print speed is, the more the melted material
is out of the nozzle within a unit time and the more
time it takes to solidify the melted material, resulting in
larger collapse/deformation. In this case, theoretically
speaking, PBL could be in any length once the print

Figure 1. Concepts of support point and PBL (green struts are support structures); (a) Bridge does not need support for getting
qualified result; (b) Bridge needs two support points; (c) Bridge needs three support points.
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speed is low enough. However, the printed material may
still be in molten phase even the print speed is zero,
because the print nozzle keeps at a high temperature
and there must exist heat transfer between the nozzle
and the printed material. Therefore, in a real printing
process, PBL has a threshold influenced by print speed.
The exact relationship between PBL and print speed
will be studied by experiments and BPNN in the follow-
ing sections.

2.2. Effect of cooling fan speed on PBL

Cooling fan speed is closely related to the solidifica-
tion speed of printed material and thus is another
important factor of PBL. As can be seen in Figure 2,
when the cooling fan speed becomes higher, the
time for printed material to become solid will be
less, leading to smaller deformation. Theoretically
speaking, the faster the solidification speed is, the
longer the PBL could be. In a printing process,
cooling fan speed, environmental temperature and
air condition will all have influences on the solidifica-
tion process. Among these factors, cooling fan speed
is the primary factor as the others stay almost the
same and are not as influential as cooling fan speed.
The exact relationship between PBL and cooling fan
speed will be studied by experiments and BPNN in
the following sections.

2.3. Effect of print temperature on PBL

Print temperature is also a significant factor. In this study,
print temperature is seen the same as the temperature
inside the print nozzle (chamber) during a printing
process. Higher print temperature means higher temp-
erature of melted material, resulting in longer time for
a printed material to become solid and may lead to
larger deformation. The exact relationship between PBL
and print temperature will be studied by experiments
and BPNN in the following sections.

As analysed above, PBL can be theoretically
influenced by print speed, print temperature and
cooling fan speed. As shown in the literature, the
printed strength/solidity/quality can also be influenced
by all the process parameters (Decuir, Phelan, and
Hollins 2016; Pfeifer et al. 2016). For satisfying the
requirements of a product, the process parameters
have to be certain in a range. For example, if the strength
of a product is required to be high enough, the print
temperature needs to be higher than some threshold.
In this case, the longest PBL should be tested for
saving material, production time and cost. BPNN will
be trained and used for predicting the longest PBL and
providing an optimal process parameter combination.
Once the process parameters of a fabrication process
are set as required, the longest PBL will be able to be pre-
dicted and can be integrated into a slicing software for
generating less support, reducing production time and
prime cost.

3. Experimental study

The equipment used for manufacturing parts is a Kossel
Delta 3D printer. The effects of print temperature, print
speed and cooling fan speed on PBL were tested by
using this printer. The build area shape is circular with
a diameter of 180 mm and maximum height of
300 mm. The nozzle diameter of this equipment is
0.4 mm. The material used for fabrication is Polylactic
Acid (PLA).

3.1. Bridge design

The objective of this research is to achieve the longest
PBL under an optimal process parameter combination.
Hence, bridge with lengths of 1, 2, 3, 4, 5 and 6 mm
was designed by using the commercial CAD software
Solidworks to observe their corresponding defor-
mations. 2D and 3D views of the designed bridge
part are displayed in Figure 3 with dimensions, the
thickness of this bridge is 1 mm. In order to use the
characteristics of the longest PBL for reducing
support waste in the future, the print path pattern
has to be as shown in Figure 4(a). Print path in this
pattern can achieve the longest print distance
without any support, based on the longest PBL. This
is because of the nature of 3D printing. As shown in
Figure 4(c), if the print path is in a vertical pattern
rather than horizontal, there will be no support points
beneath the ends of each print path which will lead
to collapse because of the layer by layer nature of
AM (Jiang, Lou, and Hu 2019).

Figure 2. Illustration of effects of process parameters.
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3.2. Design of experiments (DOE)

The design of experiments (DOE) is a tool to obtain exper-
imental information by using statistical methods. The
principles of DOE include randomisation, blocking, repli-
cation and orthogonality. Based on those principles, fac-
torial experimental design has been proposed to obtain
extensive information from only a few sets of exper-
iments compared with the one factor at a time method
(OFAT). As a branch of factorial experimental design,
the orthogonal design has been extensively used in
various fields as a kind of multi-level, high-efficiency
and economical test method (Zurovac and Brown
2012). In the orthogonal design, the effect of many
factors and some of their interactions can be studied sim-
ultaneously in a single set of experiments with much
fewer experiment units. An orthogonal analysis (OA)

needs to be chosen in the first place. In this study, the
OA of L32 was chosen because it can be used to study
four factors (bridge length, print speed, print tempera-
ture and cooling fan speed), among them bridge length
has six levels and every remaining factor has four levels.

The L32 OA with four columns and 32 experimental
runs is shown in Table 1 with the same other process par-
ameters (0.2 mm of layer height, 0.8 mm of shell thick-
ness, 1 mm of bottom/top thickness and 20% of fill
density). Slicer software Cura 15.04 was used for slicing
digital models.

3.3. Results

After obtaining the printed parts, the image-based analy-
sis was carried out as the procedure shown in Figure 5(a).
Specifically, each photo of the printed geometry was

Figure 3. (a) 2D view of bridge (Unit: mm); (b) 3D view of bridge.

Figure 4. (a) Front view of print path; (b) top view of print path pattern; (c) no support points beneath the ends of each print path, this
is unprintable.
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analysed by NI vision assistant in conjunction with
Engauge Digitizer. In the analysis process, only the
largest deformation under each condition was measured
based on the bottom contour as shown in Figure 5(b).
The reason of taking the largest deformation for com-
parison is that the quality of a product is determined
by the largest deformation which should be within toler-
ance. All these 32 experiments were carried out 5 times.
For each experiment, the average value of five runs
under the same condition is chosen as the final data in
avoid of random error. The corresponding results are
shown in Table 2.

4. BP neural network for predicting PBL and
analysis

Relationships between PBL and various process par-
ameters are uncertain and may involve nonlinearities. It
is difficult to develop an analytical model which involves
the multidisciplinary parameters related to the compli-
cated process to predict the printed quality. Therefore,
an approximate model based on the data fitting tech-
nique is needed for addressing this issue. The fitting
quality of the conventional polynomial regression
method strongly depends on the selection of polynomial
form which often requires a quite good precognition of
the relationships between input and output parameters.
An artificial neural network (ANN) is a computational
model based on the biologically inspired structure and
functions. ANNs are well-known powerful tools for pre-
diction of nonlinearities and have wide applications in
various areas such as pattern recognition, system
identification, and nonlinear function fitting and intelli-
gent control. The BP model is applied widely because
of its simplicity and robustness (Wang et al. 2011; Jiang
et al. 2014; Dong, Lian, and Liu 2018). In the field of
AM, Noriega et al. (2013) investigated dimensional accu-
racy improvement of FDM square cross-section parts
using ANN. For enhancing surface roughness of FDM
parts, Vahabli and Rahmati (2016, 2017) used neural
network to predict the surface quality of printed parts.
Chowdhury, Mhapsekar, and Anand (2017) tried to
adopt neural network to make appropriate geometric
modifications in AM processes for improving printed
surface quality. Chowdhury and Anand (2016) also did
some research on thermal deformation in AM processes
via ANN. In addition, the effects of process parameters on
creep and recovery behaviour of FDMmanufactured part
were studied by Mohamed, Masood, and Bhowmik
(2017) based on ANN. In this paper, neural network will
also be applied for studying process parameters’ effects
on PBL and predicting the longest PBL.

Table 1. Orthogonal design matrix.

Runs
Bridge

length (mm)
Print speed
(mm/s)

Print
temperature (°C)

Cooling fan
speed (RPM)

1 1 65 205 0
2 1 35 205 85
3 1 5 220 0
4 1 65 190 170
5 1 5 175 170
6 1 95 220 85
7 1 35 190 255
8 1 95 175 255
9 2 35 175 85
10 2 5 205 170
11 2 65 175 0
12 2 95 205 255
13 2 65 220 170
14 2 5 190 0
15 2 95 190 85
16 2 35 220 255
17 3 65 175 255
18 3 35 220 0
19 3 5 205 85
20 3 95 190 170
21 4 95 220 170
22 4 65 205 255
23 4 35 190 0
24 4 5 175 85
25 5 95 205 0
26 5 65 220 85
27 5 5 190 255
28 5 35 175 170
29 6 35 205 170
30 6 95 175 0
31 6 65 190 85
32 6 5 220 255

Figure 5. (a) Analysis programme of bridges; (b) definition of largest deformation in these bridges.
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4.1. BPNN structure

The structure of a general BP neural network is shown in
Figure 6, including three layers: input layer, hidden layer
and output layer. The input neurons are indirectly con-
nected to the output neurons through hidden neurons.
The connection between two neurons has a weight prop-
erty to represent the relation degree. The establishment of
a BPNN model includes determining the number of input
and output neurons, selecting the number of neurons to
be used in hidden layer and determining weight values
of connections. There are many different algorithms for
trainingneural networks. Theback-propagation (BP) algor-
ithm is currently the most widely used one. The mechan-
ism of BP algorithm can be briefly described as follows.
At the first stage, the inputs propagate forward and the
output is generated. At the second stage, the error
between the generated and actual outputs is calculated
and backward propagated to the input layer, then the
weights on connections are accordingly changed to
reduce the error. This process of adjusting the connection
weights is repeatedly performed until the resulting
network fits the training data well i.e. errors between the
predicted and actual outputs are sufficiently small.

4.2. Establishment of BPNN model

The implementation of a BPNN model consists of select-
ing the number neurons in input and output layers,

determining the number of neurons in hidden layer
and determining weight values of connections. The
number of input neurons is 4 and corresponding
inputs are print speed, cooling fan speed, print tempera-
ture and bridge length. There is only one output neuron
which corresponds to the deformation of bridge bottom
in different situations. Though there is no method to
accurately calculate the optimal number of hidden
layer neurons, based on experience, the following
formula can be referred in designing (Tian 2009).

h = �������

m+ n
√ + a (1)

in which h is the number of hidden layer neurons, m is
the number of input layer neurons, n is the number of
output layer neurons, a is the constant between 1 and
10. To achieve best-fitting performance, a is varied to
minimise the forecast error.

The weight values of connections are ceaselessly
adjusted during the process of training until the predic-
tion errors are reduced below a certain threshold. The
training samples are selected by using the orthogonal
experimental design method which features uniform dis-
persion and neat comparison. The sample value ranges
are listed in Table 3.

The training sample data has been given out in the
previous section. In order to ensure the convergence,
the sample data is normalised with a formula as follows:

yi = xi −min (xi)
max (xi)−min (xi)

(2)

where, xi and yi are the original and the normalised data
of the i-th input, respectively; max (xi) and min (xi) are the
maximum and minimum in the sample of the i-th input,
respectively. After the normalisation process, the data is
re-ranged between 0 and 1.

Table 2. Range of largest deformations in each experiment in different runs.
Runs 1 2 3 4 5 6 7 8
Largest deformation (mm) 0.138–0.142 0.105–0.111 0.106–0.113 0.101–0.109 0.059–0.065 0.148–0.154 0.075–0.078 0.102–0.106
Runs 9 10 11 12 13 14 15 16
Largest deformation (mm) 0.188–0.192 0.156–0.160 0.251–0.253 0.239–0.243 0.242–0.247 0.193–0.196 0.271–0.279 0.179–0.186
Runs 17 18 19 20 21 22 23 24
Largest deformation (mm) 0.349–0.353 0.521–0.524 0.366–0.371 0.499–0.506 1.398–1.415 1.027–1.033 1.155–1.160 0.770–0.778
Runs 25 26 27 28 29 30 31 32
Largest deformation (mm) 2.114–2.127 1.811–1.817 0.790–0.797 1.100–1.107 1.302–1.307 1.919–1.927 1.611–1.617 0.989–0.997

Table 3. Sample value ranges.
Factors Parameters Range

1 Bridge length (mm) 1∼6
2 Print speed (mm/s) 5∼95
3 Print temperature (°C) 175∼220
4 Cooling fan speed (RPM) 0∼255

Figure 6. Structure of a general BP neural network.
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4.3. Performance evaluation

The Neural Network Training toolbox built in the com-
mercial software Matlab is used for developing the
neural network. The Bayesian regularisation algorithm
is selected as the learning method, due to its robustness.
Figure 7(a) shows the mean squared error (MSE) during
the training process. It can be seen that after 54 iterations
the value of MSE reaches minimum and remains almost
constant. Figure 7(b) demonstrates the prediction per-
formance by comparing the targeted actual outputs
and the predicted outputs. It can be concluded that
the developed BPNN model shows a high accuracy for
predicting the relationships between the input and the
output parameters.

4.4. Factor analysis

Based on the trained BPNN model, effects of the four
input parameters on the output, i.e. deformation, are
investigated. For given two parameters and by varying
the other two parameters, Figure 8 shows the variations
of the largest deformations. Constant values are selected
for factor analysis as follows: bridge length is set at 2 mm;
print speed at 30 mm/s; print temperature at 205 °C and
cooling fan speed at 255 RPM.

From Figure 8(a,c,d), it can be seen that the largest
deformation increases as the increase of print speed.
This is because the higher the print speed is, the more
the melted material is out of the nozzle and there is
less time for the melted material to solidify, resulting in
a larger deformation. As can be seen from Figure 8(a–
c), the largest deformation increases significantly with
the increase of the bridge length. The main purpose of
this research is to predict the largest PBL under certain
conditions i.e. for given process parameters. From
Figure 8(b,d,f), it is noted that with the increase of print
temperature, the largest deformation increases. As illus-
trated in the section of the physical analysis, the increase
of print temperature leads to the increase of time
required for the melted material to be solidified. There-
fore, if all other process parameters are kept the same,
a larger deformation will be formed as print temperature
increases. From Figure 8(c,e,f), it is noted that with the
increase of cooling fan speed, the largest deformation
decreases. The fan is used to cool the melted material
and fasten its solidification speed. Reasonably, the
higher the cooling fan speed is, the faster the melted
material solidifies, resulting in a smaller deformation.

However, it is noteworthy that in some regions of
some figures, the relationships between the input and
the output parameters do not absolutely follow the ten-
dencies as concluded above. For example, in Figure 8(d),

when the print temperature is low, with the increase of
print speed, the deformation first increases (as expected)
then decreases against prediction. In Figure 8(f), when
the cooling fan speed is low, with the increase of print
temperature, the deformation is not monotonously
increasing as predicted. However, these errors only
rarely occur when the bridge length is small. The
bridge length for both cases in Figure 8(d,f) is 2 mm.
The reason of the prediction error is mainly due to the
initial measurement errors. When the bridge length is
small, the deformation itself is comparatively very small
regardless of other process parameters. Thus the vari-
ations between those deformations of bridges may be
too small to be accurately predicted by BPNN, as com-
pared with the counterparts with large bridge lengths.
While considering the aim of this research is to predict
the longest PBL rather than focusing on the small
bridge lengths, the BPNN is reasonably acceptable for
being used to predict the longest PBL.

Overall, the effects of process parameters on the
largest deformation are in good accordance with phys-
ical explanations. This also indicates that the developed
BPNN model can well predict the relationships
between the process parameters and the largest defor-
mation of printed bridges. To further intuitively verify
the above predictions of the relationships between the
input and output parameters, several comparative exper-
iments were carried out. The predicted effects of the four
parameters on the largest deformation of printed
bridges are confirmed as shown in Figure 9. Figure 9(g,
h) compares the actual and predicted largest defor-
mations of these samples. It can be observed that the
deformation trend predicted from the ANN model
matches the actual result: with the increase of the
bridge length, the bridge is more prone to deformation.
Both the actual and predicted results show that the
overall deformation of sample (a) is the smallest. This is
because that the print speed for sample (a) is the
lowest. Recalling that the print speed has a significant
effect on the printed quality: with the increase of the
print speed, the bridge is more easily to deform, this
result is physically expectable. Coincidently but also as
expected, both the actual and predicted results show
that the overall deformation of sample (e) is the
largest. This may be explained by the highest print temp-
erature for sample (e). Overall speaking, the actual values
and predicted values match well. However, some devi-
ations between Figure 9(g,h) can be observed. For
example, for sample (e), the prediction error is significant,
especially when the bridge length becomes larger than
5 mm. The reason for this significant prediction error is
that when the bridge length is larger than 5 mm, the
deformation becomes extremely large and already
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Figure 7. (a) Mean squared error during the training process; (b) prediction performance.
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Figure 8. Variations of the largest deformations in different conditions.
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Figure 9. Samples printed in different conditions; (a) Part printed in print speed of 5 mm/s, cooling fan speed of 250 RPM, print temperature of 190°C; (b) Part printed in print speed of 95
mm/s, cooling fan speed of 250 RPM, print temperature of 190°C; (c) Part printed in cooling fan speed of 0 RPM, print speed of 35 mm/s, print temperature of 190°C; (d) Part printed in
cooling fan speed of 250 RPM, print speed of 35 mm/s, print temperature of 190°C; (e) Part printed in print temperature of 220°C, cooling fan speed of 250 RPM, print speed of 35 mm/s; (f)
Part printed in print temperature of 175°C,cooling fan speed of 250 RPM, print speed of 35 mm/s. (g) Largest deformations of the samples shown in (a)–(f). (h) Corresponding predictions
from the developed ANN model for the samples shown in (a)–(f).
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exceeds the largest deformation of the training samples.
It implies that this sample is beyond the cognition scope
of the developed ANN model. Therefore, the developed
ANN model fails to provide an accurate prediction for
sample (e). Overall speaking, the developed ANN
model shows a good prediction ability.

5. Conceptual framework for practical
applications

As illustrated above, BPNN is able to correctly predict the
longest PBL which can then be integrated into support
generation process in additive manufacturing processes
for maximising the distance between support points and
subsequently minimising the support usage. In the
future, once the requirements of process parameters

are available, BPNN can then be used to get the
longest PBL for generating supports before fabricating
a targeted object. The framework for reducing future
support consumption based on process parameter
requirements and BPNN is shown in Figure 10.

Figure 11 shows some examples printed with very
clear bridge structures for clearly demonstrating defor-
mation results, according to the longest PBL predicted
by BPNN. The process parameters required are as
follows: print temperature of 190°C, print speed of
30 mm/s and cooling fan speed of 255RPM. The largest
deformation within tolerance is set as 0.2 mm. Based
on the above requirements, the longest PBL predicted
by BPNN is 2.8 mm. For ensuring the printed quality,
80% of the predicted length (i.e. 2.2 mm) of PBL is
designed in all the parts having bridge features in
Figure 11. All the bridge deformations are less than
0.2 mm, with satisfied finishes after printing.

6. Conclusions

In this paper, process parameters’ effects on PBL are
investigated for achieving the longest PBL, thus maximis-
ing the distance between support points and sub-
sequently minimising the support usage. Orthogonal
design is employed for setting 32 tests of experiments
in different process parameters as neural network train-
ing sample to establish the nonlinear relationship
between PBL and process parameters. The relationships
between process parameters and PBL are studied
based on BPNN. The findings and methods in this
paper can also be used for future high-precision additive
manufacturing. The main contributions of this paper can
be made as follows:

. The effects of process parameters on PBL are studied
for the first time for improving the printable distance.

Figure 10. Framework of using BPNN for reducing support waste
in additive manufacturing processes.

Figure 11. Printed ‘UOA’ and pane parts with satisfied bridge deformations (thickness of these parts is 2 mm).
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Based on the experiments, the longest PBL can be
increased as print temperature decreases, cooling
fan speed increases and print speed decreases.

. The results show that BPNN can correctly predict the
longest PBL which can be integrated into support
generation process in additive manufacturing pro-
cesses for maximising the distance between support
points, thus reducing support usage. The longest
PBL predicted by BPNN is 2.8 mm when setting the
largest deformation tolerance at 0.2 mm, print temp-
erature at 190°C, print speed at 30 mm/s and
cooling fan speed at 255 RPM. ‘UOA’ and pane parts
were fabricated with PBL of 2.2 mm and shows satis-
factory finfish quality.

. Artificial neural networks are used to analyse and
predict PBL for optimising the support waste in addi-
tive manufacturing processes. A framework for future
application on reducing support waste is proposed as
shown in Figure 10.
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