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Abstract 

The internal geometry of a 3D-printed product determines its mechanical properties. In Fused 

Filament Fabrication (FFF) the filaments that build up the internal geometry suffer from variations 

that have not been sufficiently studied. This research focused on identifying the parameters that 

most affect the filaments and finding the optimum values to reduce their variations. A fractional 

factorial design of experiments was used to detect the printing parameters of FFF that most affect 

the width of extruded filaments, these results were also statistically analyzed. A response 

optimization was done to obtain the values of the printing parameters that will give the closest 

width of extruded filaments to the nozzle of the 3D printer used. Results showed layer height has 

the largest impact on filament width variation. 

Keywords: additive manufacturing, fused filament fabrication, statistical analysis, 

fractional factorial design, internal geometry, thermoplastics.  

Introduction 

A modern manufacturing technique used to create structural, athletics, medical, and 

aeronautical devices is additive manufacturing (AM) [1–4]. AM can contribute to reduce 

production costs in low-volume lines or industries involved in new product development [2]. A 

process that is part of AM processes is Fused Filament Fabrication (FFF), also called Fused 

Deposition Modelling (FDM), a technology first developed by Stratasys® [5] to accomplish 3D-

printed products. The FFF process consists in heating up and extruding a thermoplastic filament 

through a nozzle that deposits it on specific zones and uses a layer-by-layer method upon finishing 

the desired geometry. 

During the FFF process, the G-code is the primary component and is in charge of modifying 

the printing parameters [6–8]. Some of the printing parameters that G-code can control are nozzle 

movement, extrusion temperature, feed rate, bed temperature, printing speed, fan, or layer thickness 

[9]. The printing parameters have a direct effect in the thermoplastics used in FFF, they can create 

defects, like weak bonding or porosity [10] on the structure due to the interaction of mechanical 

operation and thermal changes [11,12]. These structural defects will impact the mechanical 

response, diminishing mechanical properties on products made with thermoplastic filaments 

[11,13–17].  

The dimensional accuracy of FFF products is a critical point for the mechanical response 

of the FFF products, this accuracy can be affected by the printing parameter variations. The FFF 

products have lower dimensional accuracy (2.2% of volumetric variation) when compared to 
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foamed or injected thermoplastic products (1.3% of volumetric variation) [18]. Dimensional 

accuracy can be affected by infill density, extrusion rate, feed rate, nozzle diameter, the length of 

the extruder travel, layer accumulation, or by the tangential velocity of the printing path [19–22].  

One part of dimensional accuracy is the filament width, which can affect the mechanical 

response of FFF products because it is related to the infill geometry of them. The infill geometries 

are included in FFF products to have high strength and a relative low mass [23]. A variation in the 

infill pattern, layer thickness, or lack of uniformity will cause variating strength, quality, and 

behavior of FFF products [24,25]. It has been found that the filament can be affected by nozzle 

speed, the higher the nozzle speed, the smaller the filament diameter [26]. Also, the viscoelastic 

stresses produced in the 3D-printing process can affect the extruded filament dimensions [27]. 

Statistics have been used in FFF to analyze physical and mechanical responses, the most 

common methods used are response surface [28–31], Taguchi methodology [32,33], central 

composite design [31,34,35], and fractional factorial design [29,36]. These models have been used 

in the FFF process to make regression models that can help to optimize the printing process 

parameters and improve the properties of the final 3D-product [20,34,36–39]. Regression analyses 

like surface methodology, support vector regression, or multivariable linear regression have been 

used in FFF processes and products to make regression models that predict and optimize flexural 

properties [30], dynamic mechanical performance [39], tensile strength [40–42], creep rate [43], 

flexural properties [44], warpage [45,46], or surface roughness [28,47,48]. More modern 

techniques like artificial neural networks [22] or Gaussian process regression [48] can give more 

accurate results but require more factors that can be translated to time consumption [22]. 

Full factorial design has been used to analyze the physical responses of FFF products, for 

example Vyavahare et al., they used a factorial design to evaluate the effect of five parameters on 

surface roughness, dimensional accuracy, and time of fabrication on ABS 3D-printed products [28]. 

Sood et al. used a factorial design to analyze the sliding wear of FFF products, using the response 

of five parameters adjusted to a factorial design and train an artificial neural network [31]. Santana 

et al. used a Taguchi L8 orthogonal array and a full factorial design to study the effect of 8 

parameters on the dimensional quality of 3D-printed PLA products [20]. Armillotta et al. analyzed 

the warpage effect of ABS 3D-printed products using 4 printing parameters and a full factorial 

design [46]. García Plaza et al. used a full factorial design to study 3D-printed PLA geometric 

properties and the effect on them of 3 printing process parameters, also using the obtained data to 

feed an artificial neuronal network and make predictions [22]. 

Some authors have studied the extrusion process and the impact on filament width. Gleadall 

et al. made a model that simulates the extrusion process of FFF and reached an approximation of 

filament width with a 5% of error in the 3D-generated-models of engineering scaffolds [49]. Hebda 

et al. made a model that can predict the filament width, considering the deposition height equal to 

the nozzle set gap height [50]. Yousefi et al. analyzed the extrudate swell of polycaprolactone 

(PCL) scaffolds made on a 3D-bioplotter, using an I-optimal, split-plot experiment. In this 

experiment it has been analyzed the effect of needle diameter, temperature, pressure, and 

dispensing speed into swell, density, and modulus of the 3D-printed samples. With the results of 

the experiment, they made 3 regression models for the 3 responses, having percentage differences 

of 9.5% for swell, 19% for density, and 29% for modulus [51]. 

The products obtained from FFF suffer from dimensional inaccuracy and do not meet the 

requirements to be used as functional parts because of the high risk of failure due to variations in 
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the structure [52]. The aim of this research is to diminish the variation in the width of the individual 

filaments used to create the infill geometry found inside the products made by FFF, resulting in a 

homogeneous structure that can make functional 3D-printed products. To achieve this, there were 

selected the most common FFF printing parameters that can be modified in commercial slicer 

software, to obtain with their modifications the lower error in their width. Also, this research aims 

to obtaining the printing parameter values that can reduce the mentioned variation of filament width 

by obtain regression models that can be set depending on the materials and type of 3D printer used. 

Materials and Methods 

Materials 

The samples were fabricated by FFF, using three different thermoplastic filaments, Polylactic 

Acid (PLA), Acrylonitrile Butadiene Styrene (ABS), and Polycarbonate (PC). The filaments have 

a diameter of 1.75 mm and 2.85 mm, provided by Colorplus 3D (Mexico) and XinYuDa (XYD) 

Plastic Products Factory (China). All filaments were selected white to diminish the dimensional 

variation caused by the color of the filament [53]. 

3D Printing Process 

To fabricate the samples used in this research, two different printer types were used, a 

Cartesian printer, Ultimaker 2+ (Netherlands), and a Delta printer, RostockMax V3.2 (USA). The 

nozzles used to obtain the parts have a diameter of 400 𝜇𝑚, and 500 𝜇𝑚, for Cartesian and Delta 

printers, respectively. The samples were configured to have 4 alternated layers, 2 with horizontal 

printing direction and 2 with vertical printing direction, as presented in Figure 1A, to accomplish 

a 2D square lattice infill geometry. The separation between individual filaments was 1.5 mm, as 

presented in Figure 1B.

Figure 1. A. Scheme of fabricated samples and B. Separation between individual filaments.

To analyze the effect of the parameters on the extruded filament width, a fractional factorial 

design of experiments was made for each material and 3D-printer used in this research. Five 

printing parameters were selected to study their effect on extruded filament width, Extrusion 

Temperature (ET), Feed Rate (FR), Layer Height (LH), Fan Power (F), and Bed Temperature (BT). 
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A generic fractional factorial design is displayed in Table 1, where the sign (-) represents the 

low level and the sign (+) represents the high level of each printing parameter. The samples made 

for this research followed the runs presented in Table 1. Each printing run was done in the same 

place of the printing bed with 3 samples printed at a time, repeating this process 3 times, resulting 

in a total of 144 samples for each printer. 

Table 1. Fractional factorial design for FFF process parameters effect on the extruded filament width 

Run ET FR LH F BT 

1 + + + - - 
2 - - + + + 
3 + + + + + 
4 + - - - - 
5 + - + - + 
6 + - + + - 
7 - + + + - 
8 + + - - + 
9 - - + - - 
10 + + - + - 
11 - - - + - 
12 - + - + + 
13 - + + - + 
14 - + - - - 
15 + - - + + 
16 - - - - + 

 

The values of the factorial design vary depending on the material and printer used. For ET 

and BT, the values depend on the material, these are presented in Table 2. For FR, LH, and F, the 

values depend on the 3D printer and nozzle to be used in the manufacturing process, these are 

presented in Table 3. These parameters have an impact on the whole printing process and can be 

configured by the users of 3D printers in any open-source slicer software. 

Table 2. High and low-level values for ET and BT parameters for PLA, ABS, and PC filaments. 

 PLA ABS PC 

Parameter Low High Low High Low High 

ET 200°C 215°C 220°C 250°C 250°C 270°C 

BT 50°C 60°C 60°C 80°C 70°C 80°C 

 

Table 3. High and low-level values for FR, LH, and F parameters for Cartesian and Delta printers. 

 Cartesian Delta 

Parameter Low High Low High 

FR 1440 mm3/s 1800 mm3/s 720 mm3/s 900 mm3/s 

LH 0.1 mm 0.2 mm 0.2 mm 0.3 mm 

F OFF (0) ON (1) OFF (0) ON (1) 
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Optical microscopy 

After the printing process, the extruded filament width (W) of the printed samples was 

characterized using Optical Microscopy (OM). An AXIOCam ICc5 optical microscope, equipped 

with AxioVision SE64, was used to obtain the image and measurements of W. The top layer of the 

samples was the one analyzed to obtain the W measurements because it is not flat like the first 

layer that adheres to the printer bed.  

To allow a single filament to be observed under the microscope, it was used a magnification 

of 50x to analyze the W. 3 measurements were made along the length of the filament, as seen in 

Figure 2A, to measure the variation of W in the whole infill structure. The units of the 

measurements given by the microscope software were micrometers [𝜇𝑚], as represented in Figure 

2B. The results of the OM were analyzed using MINITAB® as a statistical software program to 

obtain the regression models and residual analysis presented next. 

 

Figure 2. Image of a single filament subjected to OM. 

Results and Discussion 

The W results from optical microscopy were plotted using the means of the samples 

measured in each run configuration, these results are presented in Figure 3. Two regression 

analyses were done to obtain the parameter effects and interactions on W. The first regression was 

done to detect the parameters and the interactions that have a significant effect on the response. 

The second regression was done using only the parameters and interactions with significant effects 

obtained in the first regression. This results in a reduced number of parameters used in the models 

but maintaining a 𝑅2 higher than 70%, meaning that at least 70% of the process can be described 

with the parameters used. 
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Figure 3. Filament width variation OM results of samples made in Delta printer and Cartesian printers with A. PLA, 

B. ABS, and C. PC.

PLA results 

Samples of PLA made in a Cartesian printer showed a range in W of 131.96𝜇𝑚 and an 

overall average in W of 359.13𝜇𝑚 as seen in Figure 3A as blue dots. The model, Equation (1), for 

PLA in Cartesian printer considers LH, LH-ET, LH-FR,FR-BT because they have the greatest 

impact on filament width response, obtaining a 𝑅2 = 96.89%, and the residuals accomplished 

normality, homoscedasticity and independency, as shown in Figure 4A. 

𝑊𝑃𝐿𝐴𝐶𝑎𝑟𝑡𝑒𝑠𝑖𝑎𝑛
= 359.13 − 53.93 𝐿𝐻 + 3.29 𝐸𝑇 ∗ 𝐿𝐻 − 3.25 𝐹𝑅 ∗ 𝐿𝐻 + 3.09 𝐹𝑅 ∗ 𝐵𝑇 (1) 

 

Samples of PLA made in Delta printer showed a range in W of 96.73 𝜇𝑚 and an overall 

average in W of 519.33 𝜇𝑚, as seen in Figure 3A as black diamonds. The model for PLA in Delta 

printer, Equation (2), considers LH, FR, and LH-FR because they have the greatest impact on 

filament width response, obtaining a 𝑅2 = 94.61%, and residuals accomplished normality, 

homoscedasticity and independency, as shown in Figure 4B. 

𝑊𝑃𝐿𝐴𝐷𝑒𝑙𝑡𝑎
= 519.33 − 38.39𝐿𝐻 − 4.46 𝐿𝐻 ∗ 𝐹𝑅 (2) 
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Figure 4. Residual analyses of W results of PLA samples made in A. Delta printer and B. Cartesian printer.

ABS results 

Samples of ABS made in a Cartesian printer showed a range in W of 475𝜇𝑚 and an overall 

average in W of 659.7𝜇𝑚 as seen in Figure 3B as blue dots. The model for ABS in Cartesian 

printer, equation (3), considers LH, BT, ET-F, and FR-BT because they have the greatest impact 

on filament width response, obtaining a 𝑅2 = 95.54%, and the residuals accomplished normality,

homoscedasticity, and independency, as shown in Figure 5A.  

𝑊𝐴𝐵𝑆𝐶𝑎𝑟𝑡𝑒𝑠𝑖𝑎𝑛
= 659.66 − 195.45 𝐿𝐻 − 17.12 𝐵𝑇 + 18.41 𝐸𝑇 ∗ 𝐹 − 16.55 𝐹𝑅 ∗ 𝐵𝑇 (1) 

Samples of ABS made in Delta printer showed a range of 124.14𝜇𝑚 and an overall average 

of 520.65𝜇𝑚 as seen in Figure 3B as black diamonds. The model for ABS in Delta printer, 

Equation (4), considers LH, F, BT and F-BT because they have the greatest impact on filament 
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width response, obtaining a 𝑅2 = 81.77%, and residuals accomplished normality,

homoscedasticity, and independency, as shown in Figure 5B. 

𝑊𝐴𝐵𝑆𝐷𝑒𝑙𝑡𝑎
= 672.6 − 893.9 𝐿𝐻 + 69.4 𝐹 + 1.161 𝐵𝑇 − 1.223𝐹 ∗ 𝐵𝑇 (2) 

Figure 5 Residual analyses of W results of ABS samples made in A. Delta printer and B. Cartesian printer. 

PC results 

Samples of PC made in Cartesian printer showed a range of 606.11 𝜇𝑚 and an overall 

average of 684.5 𝜇𝑚 as seen in Figure 3C as blue dots. When the factorial analysis was done, the 

residual analysis states that the residuals do not have normal behavior. An outlier test was 

performed, and a single outlier was deleted from the data, then the residual analysis of the factorial 
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regression accomplishes normality, homoscedasticity, and independence. The model for PC in the 

Cartesian printer, equation (5), considers LH, FR, FR-F, FR-LH and FR-BT because they have the 

greatest impact on filament width response, obtaining a 𝑅2 = 84.2%, and residuals accomplished 

normality, homoscedasticity and independency, as shown in Figure 6E.  

𝑊𝑃𝐶𝐶𝑎𝑟𝑡𝑒𝑠𝑖𝑎𝑛
= 684.5 − 40.9 𝐹𝑅 − 191.5 𝐿𝐻 + 39 𝐹𝑅 ∗ 𝐿𝐻 + 45.2 𝐹𝑅 ∗ 𝐹 − 38 𝐹𝑅 ∗ 𝐵𝑇 (3) 

 

Figure 6 Residual analyses of W results of PC samples made in A. Delta printer and B. Cartesian printer. 

Samples of PC made in Delta printer showed a range of 155.88 𝜇𝑚 and an overall average 

of 543.6 𝜇𝑚 as seen in Figure 3C as black diamonds. The model for PC in Delta printer equation 

(6), considers LH, BT, FR-F, ET-F, and F-BT because they have the greatest impact on filament 

width response, obtaining a 𝑅2 = 72.74%, and residuals accomplished normality, 

homoscedasticity and independency, as shown in Figure 6F. 
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𝑊𝑃𝐶𝐷𝑒𝑙𝑡𝑎
= 546.17 − 36.7 𝐿𝐻 + 14.85 𝐵𝑇 − 26.62 𝐸𝑇 ∗ 𝐹 + 28.81 𝐹𝑅 ∗ 𝐹 − 22.24 𝐹 ∗ 𝐵𝑇 (4) 

Response optimization 

When regression models were obtained, they were summited to a response optimization. The 

optimization was specified to find the value of W closest to the diameter of the extruder used in 

each printer, 400 𝜇𝑚 for the Cartesian printer and 500 𝜇𝑚 for the Delta printer. Table 4 shows the 

results of the different printing parameters that were fitted on the response optimization process. 

Table 4. Printing parameter values approximating the predicted W to the diameter of the extruder 

used in each printer. 

Printer Material 
ET 

[°𝐶] 
FR 

[𝑚𝑚3/𝑠]
LH 

[𝑚𝑚] 
F 

BT 

[°𝐶] 
W prediction 

[𝜇𝑚] 

Delta 

PLA - 720 0.3 - - 556.89

ABS - - 0.3 0 80 517.7 

PC 250 720 0.3 1 80 501.88 

Cartesian 

PLA 215 1800 0.1 - 60 416.17 

ABS 230 1800 0.2 1 80 421.17 

PC - 1800 0.2 0 80 407.8 

In Delta printer, LH is the only parameter that is included in the regression models for PLA, 

ABS and PC. In Cartesian printers LH, FR and BT are included either as individual effect or as 

parameter interactions. All the regression analysis showed that LH has the largest impact on W, 

the lower LH, the higher W, as showed in Figure 7. As in Nuñez et al.[54], the higher LH selected 

gave the most accurate dimensional behavior.  

Figure 7. LH effect on extruded filament width. A. High LH decreases the W and B. Low LH increases the W. 

When the printers are compared, the Cartesian printer results showed higher standard 

deviations in W of ABS and PC, 206.7 and 229.4, respectively, in comparison with the Delta 

printer standard deviations, 49.10 and 69.8, for ABS and PC, respectively. Meaning that the 

dispersion of extruded filament width of ABS and PC is closer to the nozzle diameter in Delta 

printer than in Cartesian printer. 
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The Cartesian printer regression models have in common LH, BT, and FR as the printing 

parameters that most affect W. The regression models obtained for the Delta printer have in 

common LH as the printing parameter that affects W in all the thermoplastics used.  

Conclusions 

A fractional factorial design of experiments was used to find the effects of the parameters 

ET, LH, BT, F, and FR on filament width (W). It also helped to find predictive models for extruded 

filament width, using the least number of parameters and interactions between them, as well as the 

values of these parameters to have filaments with a thickness similar to the size of the extruder of 

the printers and thus obtain a homogeneous structure that has the same properties throughout the 

piece. Not having irregularities or variations will help to have a structure without stress 

concentrators that affect the result of any mechanical property at the time of performing mechanical 

tests on products made by FFF.  

The effect of layer height needs to be further analyzed to improve the control of FFF product 

dimensions. It is necessary to analyze the layer height at different levels to reach a higher control 

of extruded filament width. With the control of the filament width, the internal structures of FFF 

parts can be controlled, reaching higher physical and mechanical properties on these parts.  
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